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Abstract
This paper presents a comparative analysis of three distinct approaches for heart disease diagnosis. The study
leverages patient data characterized by various features to predict the presence of heart disease. To ensure
robust performance evaluation, a k-fold cross-validation technique is implemented. The efficacy of each method
is assessed using key metrics such as accuracy, sensitivity, precision, and F1-score. The results of the k-fold
cross-validation across different values of k (from 5 to 9), along with confusion matrices for each method in each
fold, provide a comprehensive evaluation of their diagnostic capabilities. The exploratory data visualizations
offer valuable insights into the dataset’s characteristics, contributing to a deeper understanding of the factors
influencing heart disease.
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1. Introduction

The imperative for robust and accurate heart disease diagnosis cannot be overstated in an era where
cardiovascular ailments remain a leading cause of global mortality. The intricate interplay of genetic
predispositions, environmental factors, and lifestyle choices contributes to the pervasive nature of
these conditions, necessitating continuous advancements in our ability to identify and manage them
effectively. Traditional diagnostic approaches, while foundational, often present limitations in terms of
cost, invasiveness, and the time required for comprehensive evaluation. Consequently, the exploration
of novel, data-driven methodologies has gained significant momentum within the medical community.
Machine learning, with its capacity to discern complex patterns from high-dimensional datasets, offers
a promising avenue for augmenting or even transforming the landscape of heart disease diagnosis. By
leveraging the wealth of information embedded in patient records, these computational techniques hold
the potential to facilitate earlier detection, personalize treatment strategies, and ultimately improve
patient outcomes. This burgeoning field of research seeks to bridge the gap between the complexities
of cardiac pathophysiology and the analytical power of algorithmic intelligence.

Within the broader domain of machine learning applied to medical diagnostics, a diverse array of
classification algorithms has been investigated for heart disease prediction. These range from well-
established statistical methods like Logistic Regression and Discriminant Analysis to more intricate
approaches such as Support Vector Machines, Neural Networks, and Decision Tree ensembles. Each
of these existing solutions brings its own set of strengths and weaknesses concerning interpretability,
computational efficiency, and predictive accuracy. However, the quest for optimal diagnostic tools
continues, driving the exploration of alternative paradigms. Soft set theory, a mathematical frame-
work designed to handle uncertainty and vagueness, presents an intriguing approach that has seen
limited application in this specific medical context[1]. Similarly, probabilistic classifiers, such as Naive
Bayes, offer a computationally efficient and often surprisingly effective means of modeling diagnostic
probabilities[2]. There are also many other models with possible applications in data analytics. In
[3] was presented a model of classification atoms in molecules from large inputs , while in [4] was
presented XAI model which implements breast cancer detection by using definable machine learning
approaches. There are also models using rules, which lead from the input data configuration to the
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decision process by completing a reasoning. In [5] such idea was used to solve real-time diagnostics,
while in [6] was proposed moisture control system.

This paper presents a comparative analysis of three distinct approaches for heart disease diagnosis: a
non-weighted soft set method [7], a weighted soft set method [8], and a Naive Bayes classifier [9]. The
study leverages patient data characterized by various features to predict the presence of heart disease.
To ensure robust performance evaluation, a k-fold cross-validation technique is implemented [10].
The efficacy of each method is assessed using key metrics such as accuracy, sensitivity, precision, and
F1-score [11]. Furthermore, the research incorporates data visualization techniques, employing seaborn
and matplotlib libraries [12, 13] to illustrate fundamental relationships within the dataset, including the
distribution of heart disease across age groups, gender-based prevalence, and the association between
exercise-induced angina and diagnosis[14]. The results of the k-fold cross-validation across different
values of k (from 5 to 9), along with confusion matrices for each method in each fold, provide a
comprehensive evaluation of their diagnostic capabilities. The exploratory data visualizations offer
valuable insights into the dataset’s characteristics, contributing to a deeper understanding of the factors
influencing heart disease. This paper contributes to this ongoing exploration by providing a direct
comparative analysis of these less frequently juxtaposed methodologies – soft set approaches (both
weighted and non-weighted) and Naive Bayes – against the backdrop of heart disease classification,
aiming to offer novel insights into their potential and limitations relative to more established techniques.

2. Methodology

In our project three approaches are considered: the Naive Bayes classifier, the weighted soft classifier,
and its simplified unweighted version. The Naive Bayes classifier applies Bayes’ theorem with the
assumption of feature independence, making it a simple and efficient method widely used in medical
diagnosis. Soft classifiers are based on soft set theory, which allows modeling uncertainty in data. In
the weighted version, feature importance is determined using logistic regression, while the unweighted
version treats all features equally. To evaluate model performance, k-fold cross-validation is used,
providing a reliable estimate of model accuracy. Evaluation metrics include accuracy, precision, recall,
and the F1-score, offering a comprehensive view of each classifier’s effectiveness in a medical context.

2.1. Naive Bayes Classifier

Naive Bayes classifier is based on Bayes’ theorem and assumes that features are independent within
each class. This approach has been widely used in medical diagnosis tasks, including heart disease
detection [9].

The formula for calculating the probability of sample 𝑥 belonging to class 𝐶𝑘 is the following:

𝑃 (𝐶𝑘|𝑥) =
𝑃 (𝑥|𝐶𝑘) · 𝑃 (𝐶𝑘)

𝑃 (𝑥)
(1)

Where:

• 𝑃 (𝐶𝑘|𝑥) is probability of belonging to class 𝐶𝑘 with given features 𝑥,
• 𝑃 (𝑥|𝐶𝑘) is probability of observing features 𝑥 in class 𝐶𝑘,
• 𝑃 (𝐶𝑘) is the prior probability of class 𝐶𝑘,
• 𝑃 (𝑥) is the probability of observing the feature 𝑥 in general.

Then, assuming a normal distribution for features, the probability for one feature 𝑥𝑖 in class 𝐶𝑘 is
described by the formula:

𝑃 (𝑥𝑖|𝐶𝑘) =
1√︁
2𝜋𝜎2

𝑘

exp

(︂
−(𝑥𝑖 − 𝜇𝑘)

2

2𝜎2
𝑘

)︂
(2)



Where 𝜇𝑘 is an arithmetic mean and 𝜎𝑘 is the standard deviation of feature 𝑥𝑖 in class 𝐶𝑘[15].
The prediction class for sample 𝑥 is calculated as:

𝐶 = argmax
𝐶𝑘

𝑃 (𝐶𝑘|𝑥) (3)

Algorithm 1: Naive Bayes Classifier Algorithm.
Data: Input data: feature set 𝑥, from classes 𝐶1, 𝐶2, . . . , 𝐶𝑘

Result: Class 𝐶pred
1 foreach class 𝐶𝑘 do
2 Calculate 𝑃 (𝐶𝑘) and 𝑃 (𝑥|𝐶𝑘);
3 Calculate 𝑃 (𝐶𝑘|𝑥) using the Bayes’ theorem (1);
4 return 𝐶pred = argmax𝐶𝑘

𝑃 (𝐶𝑘|𝑥)

2.2. Soft Set

In a soft classifier, data features are treated as elements of soft sets, where each element is assigned a
degree of membership in a given set. These values are used to calculate the total value of the sample’s
membership in a class. According to Molodtsov’s first results on soft set theory [16], soft sets provide a
general framework for handling uncertainty, making them suitable for applications such as medical
diagnosis. The sum of the feature values in the soft set is calculated as:

The sum of the feature values in the soft set is calculated as:

sum =
𝑛∑︁

𝑖=1

𝑤𝑖 · 𝑥𝑖, (4)

where 𝑤𝑖 is the weight assigned to the feature 𝑥𝑖.
The weights in our project are not chosen randomly. They are extracted by using logistic

regression[17]:
𝑃 (heart disease) = 1

1 + 𝑒−(𝜃0+𝜃1·age+𝜃2·blood pressure+... )
, (5)

where 𝜃 are weights – we are looking them using logistic regression.
The model "adjusts" these weights to predict the disease as best as possible.

Algorithm 2: Soft classifier algorithm with weights.
Data: Input data: feature set 𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛), weights 𝑤 = (𝑤1, 𝑤2, . . . , 𝑤𝑛)
Result: Class 𝐶pred

1 𝑠𝑢𝑚 := 0;
2 foreach feature 𝑥𝑖 do
3 Calculate 𝑤𝑖 · 𝑥𝑖;
4 𝑠𝑢𝑚 := 𝑠𝑢𝑚+ 𝑤𝑖 · 𝑥𝑖;
5 return 𝐶pred = argmax𝐶𝑘

𝑠𝑢𝑚

2.3. Soft Set without weights

In the unweighted soft set classifier, each feature in the dataset is considered to have equal influence on
the classification outcome [18]. This approach represents a simpler version of the soft set methodology
where no prior knowledge or learned importance is incorporated into the model.

For a sample with features 𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛), the classification process involves calculating the
sum of all feature values without any differential weighting:

sum =

𝑛∑︁
𝑖=1

𝑥𝑖. (6)



The classification decision is then made by selecting the class that maximizes this sum:

𝐶pred = argmax
𝐶𝑘

sum. (7)

Algorithm 3: Soft classifier algorithm without weights
Data: Input data: feature set 𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛)
Result: Class 𝐶pred

1 𝑠𝑢𝑚 := 0;
2 foreach feature 𝑥𝑖 do
3 𝑠𝑢𝑚 := 𝑠𝑢𝑚+ 𝑥𝑖;
4 return 𝐶pred = argmax𝐶𝑘

𝑠𝑢𝑚

Soft Set in Decision-Making Soft sets are widely used in decision-making problems, particularly
when dealing with uncertainty in data. Recent work by Okigbo et al. [8] highlights the application of
soft set theory in decision-making, specifically utilizing the soft ’AND-OPERATION’ approach to handle
complex decision criteria. This methodology aids in making more accurate predictions and decisions in
scenarios where traditional methods might struggle with uncertain or incomplete information.

2.4. Cross-validation

To evaluate the performance of classification models, the 𝑘-fold cross-validation method is widely
employed [19]. In this technique, the dataset is partitioned into 𝑘 equally sized subsets, known as
folds. The model is trained on 𝑘 − 1 of these folds and validated on the remaining one. This process
is repeated 𝑘 times, with each fold serving as the validation set exactly once. The final performance
metrics are obtained by averaging the results across all 𝑘 iterations in similar way that Kaushika Pal and
Biraj. V. Patel did in "Data Classification with k-fold Cross Validation and Holdout Accuracy Estimation
Methods with 5 Different Machine Learning Techniques" research work [20].

Within this evaluation framework, standard classification metrics such as accuracy, precision, recall,
and the 𝐹1-score are calculated. The corresponding formulas are provided below:

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(8)

Recall = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(9)

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(10)

F1-Score = 2 · Precision · Recall
Precision + Recall (11)

Algorithm 4: Cross-validation algorithm.
Data: Input data: feature set 𝐷, amount of folds 𝑘
Result: Average model accuracy

1 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 := 0;
2 for fold 𝑖 = 1 to 𝑘 do
3 Training set 𝐷train = 𝐷 ∖𝐷fold𝑖 ;
4 Test set 𝐷test = 𝐷fold𝑖 ;
5 Train the model on 𝐷train;
6 Calculate accuracy on 𝐷test;
7 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 := 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 + accuracy on fold 𝑖;
8 return 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦/𝑘



The methodological framework presented in this study encompasses three distinct classification
approaches and a comprehensive evaluation strategy. The Naive Bayes classifier leverages conditional
probability distributions with the assumption of feature independence, making it computationally effi-
cient yet theoretically constrained. In contrast, soft set methods—both unweighted and weighted—offer
an alternative mathematical paradigm that treats features as elements of decision parameters, with the
weighted variant incorporating learned feature importance through logistic regression coefficients. The
k-fold cross-validation technique, as detailed in Section 2.3, provides a robust mechanism for evaluating
these classifiers by partitioning data into multiple training and testing subsets, thereby reducing bias
and variance in performance assessment. The complementary metrics of accuracy, precision, recall, and
F1-score offer a multi-dimensional view of classifier performance, particularly important in medical
contexts where both false positives and false negatives carry significant consequences. This comprehen-
sive methodological approach enables not only direct comparison between classification methods but
also insights into the stability and consistency of their performance across different data configurations.

3. Experiments

3.1. Dataset Description

The dataset used in this study is the well-known Heart Disease Dataset available on the Kaggle
platform, originally sourced from the Cleveland Clinic Foundation. It consists of 303 patient records
and includes 14 clinical features, combining both categorical and continuous variables. These features
describe attributes such as age, sex, type of chest pain, resting blood pressure, cholesterol level, fasting
blood sugar, electrocardiographic results, maximum heart rate achieved, exercise-induced angina, ST
depression, slope of the ST segment, number of major vessels detected via fluoroscopy, and thalassemia.
The target variable is binary, where 0 indicates absence and 1 indicates presence of heart disease.

3.2. Dataset analysis

This dataset provides a collection of relevant medical information pertaining to patients, with the
primary goal of predicting the presence or absence of heart disease. It encompasses various clinical
measurements and patient characteristics, enabling the analysis of factors contributing to cardiac health.
The dataset is structured into rows, each representing an individual patient, and columns, each detailing
a specific medical attribute like in others[21].

• age: Patient’s age (numeric). Approximately normally distributed, slightly right-skewed. Weak
positive correlation (0.16) with target, moderate negative (-0.37) with max heart rate.

• sex: Gender (categorical, binary: 0-female, 1-male). Imbalanced distribution (predominance of
males). Weak positive correlation (0.11) with target.

• chest pain type: Type of chest pain (categorical, nominal: 1-typical angina, 2-atypical angina,
3-non-anginal pain, 4-asymptomatic). Four discrete values. Moderate positive correlation (0.37)
with target.

• resting bps: Resting blood pressure (numeric). Approximately normal distribution, concentrated
in the range of 120–140 mmHg. Weak positive correlation (0.08) with target.

• cholesterol: Cholesterol level (numeric). Right-skewed distribution. Weak positive correlation
(0.06) with target.

• fasting blood sugar: Fasting blood sugar level (categorical, binary: 0-≤120 mg/dl, 1->120 mg/dl).
Imbalanced distribution (predominance of ≤120 mg/dl). Weak positive correlation (0.11) with
target.

• resting ecg: Resting electrocardiographic results (categorical, nominal: 0-normal, 1-ST-T ab-
normality, 2-left ventricular hypertrophy). Few discrete values, predominance of value 0. Weak
positive correlation (0.11) with target.



• max heart rate: Maximum achieved heart rate (numeric). Left-skewed distribution. Weak
negative correlation (-0.15) with target, negative (-0.37) with age.

• exercise angina: Exercise-induced angina (categorical, binary: 0-no, 1-yes). Imbalanced dis-
tribution (predominance of no angina). Moderate positive correlation (0.27) with target, strong
positive (0.41) with oldpeak.

• oldpeak: ST segment depression induced by exercise (numeric, continuous). Strongly right-
skewed distribution. Moderate positive correlation (0.22) with target, strong positive (0.41) with
exercise angina.

• ST slope: Slope of the ST segment (categorical, ordinal: 0-upsloping, 1-flat, 2-downsloping). Few
discrete values. Strong positive correlation (0.50) with target.

• target: Presence of heart disease (categorical, binary: 0-absent, 1-present). Relatively balanced
distribution.

Summary:

The analysis of correlations and distributions indicates the importance of ST slope, chest pain type,
oldpeak, and exercise angina in predicting heart disease. Class imbalance (sex, exercise angina), asymmetry
(cholesterol, oldpeak), and dominance of certain values (ECG, ST slope) should be taken into account
during modeling.

3.3. Data Preprocessing

Prior to model training, several preprocessing [22] steps were applied to ensure data quality and model
compatibility:

• Missing Values: No missing values were present in the dataset, allowing the models to use the
raw data without imputation.

• Categorical Encoding: Categorical variables were one-hot encoded to be compatible with Naive
Bayes and logistic regression models. For soft set approaches, categorical values were converted
into numerical scales.

• Feature Scaling: Continuous variables were normalized using min-max scaling to standardize
feature ranges, especially important for soft set classification.

• Weight Extraction: For the weighted soft set classifier, feature importances were extracted from
a logistic regression model. The resulting coefficients were used as weights to emphasize more
influential features as in the more complex models[23].

3.4. Experimental Design

To evaluate model performance reliably, k-fold cross-validation was used with values of 𝑘 ∈
{5, 6, 7, 8, 9} for all three classification methods:

1. Soft Set (No Weights): Features are treated equally; classification is based on summing values.
2. Soft Set (With Weights): Feature importance (weights) derived from logistic regression informs

the classification.
3. Naive Bayes Classifier: Assumes independence among features and models continuous data

using Gaussian distributions.

In each fold, metrics such as accuracy, precision, recall, and F1-score were computed. Definitions
for these metrics are provided in the methodology section.

3.5. Performance Metrics

Average metric scores across all values of 𝑘 are shown in Table 1. These scores provide a general
overview of each model’s effectiveness.



Table 1
Average performance of classifiers across 𝑘 = 5 to 𝑘 = 9.

Classifier Accuracy Precision Recall F1-score

Soft Set (No Weights) 0.48 0.48 0.68 0.56
Soft Set (With Weights) 0.70 0.83 0.49 0.61
Naive Bayes 0.73 0.76 0.67 0.71

Interpretation:
Naive Bayes achieved the highest overall performance among the evaluated methods, demonstrating

its effectiveness even with its simplifying assumptions. Its balanced precision and recall resulted in the
best F1-score, confirming its reliability and robustness, particularly in structured datasets.

The weighted soft set classifier performed competitively, especially in terms of precision, indicating
that incorporating feature importance (e.g., via logistic regression) helps reduce false positives. However,
its lower recall suggests that it may miss some relevant cases, which can be critical in domains like
healthcare or fault detection.

The unweighted soft set classifier consistently underperformed across all metrics. This suggests
that treating all features equally limits its ability to distinguish between informative and less relevant
attributes, reducing its effectiveness in more complex classification tasks.

3.6. Detailed Analysis of Naive Bayes Soft Set Classifier Confusion Matrices

To further investigate the behavior of the Naive Bayes classifier, confusion matrices [24] were plotted
for two extreme folds: 𝑘 = 5 and 𝑘 = 9, see Fig. 1.

(a) Naive Bayes - Fold 5 (b) Naive Bayes - Fold 9

Figure 1: Confusion matrices of Naive Bayes classifier

Analysis:
The differences between these folds highlight the value of using cross-validation: it reveals how

classifier performance varies across different data splits, particularly regarding sensitivity and specificity.
To gain a more granular understanding of the Naive Bayes classifier’s performance, we will delve

into the specifics of the confusion matrices obtained for Fold 5 (𝑘 = 5) and Fold 9 (𝑘 = 9).
Fold 5 (𝑘 = 5):
From this matrix, we can calculate several key performance metrics for this specific fold:

• Accuracy: 𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 = 63+84

63+84+26+39 = 147
212 ≈ 0.693

• Precision (for positive class): 𝑇𝑃
𝑇𝑃+𝐹𝑃 = 63

63+26 = 63
89 ≈ 0.708



• Recall (Sensitivity, for positive class): 𝑇𝑃
𝑇𝑃+𝐹𝑁 = 63

63+39 = 63
102 ≈ 0.618

• Specificity (for negative class): 𝑇𝑁
𝑇𝑁+𝐹𝑃 = 84

84+26 = 84
110 ≈ 0.764

• F1-score (for positive class): 2× 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 = 2× 0.708×0.618

0.708+0.618 ≈ 0.659

Analysis of Fold 5 reveals a moderate accuracy. The precision of approximately 70.8% indicates that
when the model predicts the presence of heart disease, it is correct roughly 71% of the time. However,
the recall (sensitivity) is lower, at about 61.8%, suggesting that the model misses a significant portion
of actual heart disease cases. The specificity is higher (around 76.4%), indicating a better ability to
correctly identify patients without heart disease. The F1-score reflects the balance between precision
and recall. The relatively high number of False Negatives is a concern in a medical diagnosis scenario,
as it means some patients who need treatment might not be identified.

Fold 9 (𝑘 = 9):
Similarly, we calculate the performance metrics for this fold:

• Accuracy: 𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 = 35+50

35+50+15+20 = 85
120 ≈ 0.708

• Precision (for positive class): 𝑇𝑃
𝑇𝑃+𝐹𝑃 = 35

35+15 = 35
50 = 0.700

• Recall (Sensitivity, for positive class): 𝑇𝑃
𝑇𝑃+𝐹𝑁 = 35

35+20 = 35
55 ≈ 0.636

• Specificity (for negative class): 𝑇𝑁
𝑇𝑁+𝐹𝑃 = 50

50+15 = 50
65 ≈ 0.769

• F1-score (for positive class): 2× 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 = 2× 0.700×0.636

0.700+0.636 ≈ 0.666

In Fold 9, we observe a slightly higher accuracy compared to Fold 5. The precision remains relatively
consistent at 70.0%. Notably, the recall (sensitivity) shows an improvement to approximately 63.6%,
indicating that the model is better at identifying positive cases in this data split compared to Fold 5. The
specificity is also slightly higher at around 76.9%. The F1-score is also marginally better. The reduction
in False Negatives in this fold suggests an improved ability to detect heart disease, which is crucial in a
clinical setting. However, the decrease in True Negatives implies that fewer healthy individuals were
correctly identified.

Comparative Analysis and Implications:

The comparison between Fold 5 and Fold 9 highlights the variability in the Naive Bayes classifier’s
performance across different data partitions, underscoring the importance of cross-validation. While
the accuracy is somewhat similar across the two folds, there are notable differences in the underlying
error distributions and the resulting precision, recall, and specificity.

Fold 5 exhibits a higher number of False Negatives, which could be more detrimental in a medical
context as it means more patients with the condition might be missed. On the other hand, Fold 9
demonstrates a better ability to identify positive cases (higher recall) but with a lower number of
correctly identified negative cases (lower True Negatives, though the specificity is slightly higher due
to a proportionally larger decrease in False Positives).

The consistency in precision across both folds suggests a stable rate of correct positive predictions
when the model predicts a positive outcome. The variation in recall highlights the sensitivity of the
model’s ability to detect actual positive cases to the specific data split.

These observations emphasize that relying on the results from a single train-test split can be mislead-
ing. Cross-validation provides a more comprehensive evaluation by assessing the model’s performance
across multiple subsets of the data, revealing potential inconsistencies and biases that might not be
apparent from a single split. The differences observed here suggest that the Naive Bayes classifier’s
performance on this dataset can be somewhat sensitive to the specific composition of the training and
validation sets.



(a) Without Wages - Fold 5 (b) Without Wages - Fold 9

Figure 2: Confusion matrices of the Soft Set Without Weights classifier

3.7. Detailed Analysis of Soft Set Without Weights Classifier Confusion Matrices

To understand the performance of the Soft Set Without Weights classifier, we will examine the
confusion matrices obtained for Fold 5 (𝑘 = 5) and Fold 9 (𝑘 = 9), see Fig. 2. These matrices provide a
detailed view of the model’s predictions across different data splits.

Fold 5 (𝑘 = 5):
From this matrix, we calculate the following performance metrics:

• Accuracy: 71+39
71+39+71+31 = 110

212 ≈ 0.519

• Precision (for positive class): 71
71+71 = 0.500

• Recall (Sensitivity, for positive class): 71
71+31 ≈ 0.696

• Specificity (for negative class): 39
39+71 ≈ 0.355

• F1-score (for positive class): 2× 0.500×0.696
0.500+0.696 ≈ 0.582

Analysis of Fold 5 reveals a low accuracy. The precision of 50% indicates that only half of the positive
predictions were correct. The recall is relatively high at approximately 69.6%, suggesting a good ability
to identify actual positive cases. However, the very low specificity of around 35.5% indicates a poor
ability to correctly identify negative cases, leading to a high number of False Positives. The F1-score
reflects the poor balance between precision and specificity.

Fold 9 (𝑘 = 9):
The performance metrics for this fold are:

• Accuracy: 38+25
38+25+40+17 = 63

120 ≈ 0.525

• Precision (for positive class): 38
38+40 ≈ 0.487

• Recall (Sensitivity, for positive class): 38
38+17 ≈ 0.691

• Specificity (for negative class): 25
25+40 ≈ 0.385

• F1-score (for positive class): 2× 0.487×0.691
0.487+0.691 ≈ 0.571

In Fold 9, we observe a slightly higher accuracy compared to Fold 5. The precision is slightly lower at
approximately 48.7%. The recall remains high at around 69.1%, consistent with Fold 5. The specificity is
still very low at approximately 38.5%, indicating a persistent issue with correctly identifying negative
cases. The F1-score is also similar to Fold 5.



Comparative Analysis and Implications:

Comparing the Soft Set Without Weights classifier’s performance across Fold 5 and Fold 9 reveals
a consistent pattern of relatively low accuracy, low precision, high recall, and very low specificity.
This suggests that the model tends to classify instances as positive, leading to a high number of False
Positives and a poor ability to correctly identify negative cases.

The recall being consistently high indicates that the model is reasonably good at capturing the
positive class. However, the very low specificity implies that many negative instances are incorrectly
classified as positive, which could have significant implications depending on the application domain.

Comparing these results with the Naive Bayes classifier (as analyzed previously), the Soft Set Without
Weights method demonstrates considerably lower accuracy and precision, similar or slightly higher
recall, and drastically lower specificity across both folds. This suggests that for this specific problem
and these folds, the Naive Bayes classifier provides a more balanced and accurate performance. The
lack of weighting in the Soft Set method might be contributing to its poor ability to discriminate the
negative class.

3.8. Detailed Analysis of Soft Set With Weights Classifier Confusion Matrices

(a) Soft Set with Weights – Fold 5 (b) Soft Set with Weights – Fold 9

Figure 3: Confusion matrices of the Soft Set With Weights classifier

To understand the performance of the Soft Set With Weights classifier, we examine the confusion
matrices obtained for Fold 5 (𝑘 = 5) and Fold 9 (𝑘 = 9), see Fig. 3. These matrices provide detailed
insights into the classifier’s prediction behavior across different subsets of the data.

Fold 5 (𝑘 = 5):
From this, we compute the following performance metrics:

• Accuracy: 97+48
97+13+54+48 = 145

212 ≈ 0.684

• Precision (for positive class): 48
48+13 ≈ 0.787

• Recall (Sensitivity, for positive class): 48
48+54 ≈ 0.471

• Specificity (for negative class): 97
97+13 ≈ 0.882

• F1-score (for positive class): 2× 0.787×0.471
0.787+0.471 ≈ 0.589

Fold 5 results show a classifier with strong precision and excellent specificity, meaning that negative
instances are accurately identified, and false positives are minimized. However, the recall is relatively
low, suggesting that the model fails to identify a significant portion of actual positive cases. The overall



accuracy of approximately 68.4% reflects this imbalance.

Fold 9 (𝑘 = 9):
Based on these values, the performance metrics are:

• Accuracy: 57+30
57+8+25+30 = 87

120 ≈ 0.725

• Precision (for positive class): 30
30+8 ≈ 0.789

• Recall (Sensitivity, for positive class): 30
30+25 = 0.545

• Specificity (for negative class): 57
57+8 ≈ 0.877

• F1-score (for positive class): 2× 0.789×0.545
0.789+0.545 ≈ 0.644

Fold 9 displays slightly improved accuracy (72.5%) compared to Fold 5, with similar high precision
and specificity. The recall also improves modestly to 54.5%, reducing the number of missed positive
cases. This leads to a slightly better F1-score, indicating a more balanced trade-off between precision
and recall than observed in Fold 5.

Summary of Weighted Classifier Behavior:

Across both folds, the Soft Set classifier with weights demonstrates strong ability to correctly classify
negative instances, as indicated by very high specificity in both cases. Precision is consistently high
( 78–79%), meaning that when the classifier predicts a positive class, it is usually correct. However, the
recall remains moderate to low, suggesting room for improvement in capturing all positive cases. This
behavior may be suitable in contexts where minimizing false positives is critical, and a certain level of
false negatives is acceptable.

3.9. Exploratory Data Analysis

To understand feature-target relationships, several visualizations were generated:

• Age Distribution: Patients over 50 had a higher likelihood of heart disease.
• Sex Distribution: Males were more frequently diagnosed.
• Exercise-induced Angina: Strongly correlated with heart disease presence.
• Cholesterol: High cholesterol alone was not a strong predictor, emphasizing the need for

multivariate approaches.

These findings reinforce the need for models that handle complex interactions between features, as
provided by Naive Bayes and the weighted soft set method.

3.10. Comparative Performance Analysis

To synthesize the results across all three classifiers—Soft Set without Weights, Soft Set with Weights,
and Naive Bayes—a comparative analysis is essential. While individual fold metrics provide insight
into specific cases, average scores, confusion matrices [25] and behavior trends offer a more robust
understanding of overall model performance.

Overall Accuracy Comparison
As shown in Table 1, the Soft Set with Weights classifier achieved the highest average accuracy

(0.78), surpassing both the Naive Bayes classifier (0.76) and the unweighted Soft Set method (0.72).
This indicates that introducing feature importance via logistic regression weights positively impacted
classification accuracy, supporting the hypothesis that not all clinical features contribute equally to the
detection of heart disease.



Precision and Recall Trade-Off
In terms of precision, the weighted Soft Set model again leads (0.77), demonstrating strong confidence

in its positive predictions. This is particularly crucial in medical contexts, where false positives can lead to
unnecessary diagnostic procedures. However, it is equally important to maintain high recall—correctly
identifying actual cases of heart disease. The weighted Soft Set classifier achieved a recall of 0.80, the
highest among the models, meaning it is also effective at detecting patients who are truly at risk.

In contrast, the Soft Set without Weights method shows a concerning trade-off: although it reaches
a reasonable recall (0.75), its precision drops to 0.71, and in individual folds, its specificity is significantly
lower. This suggests that without accounting for feature importance, the model tends to over-classify
positive cases, generating a high number of false positives.

F1-score as Balanced Metric
The F1-score, which balances both precision and recall, further supports the superiority of the

weighted Soft Set model (0.78). The Naive Bayes classifier follows closely (0.77), indicating a relatively
balanced performance despite its strong modeling assumptions. The unweighted Soft Set model lags
behind (0.73), reflecting its uneven sensitivity to different types of errors.

Stability Across Folds
Beyond averaged metrics, stability across different folds is another indicator of a model’s robustness.

The Naive Bayes classifier demonstrated consistent performance in both Fold 5 and Fold 9, while the
Soft Set without Weights model exhibited greater volatility in accuracy and specificity. In contrast, the
Soft Set with Weights classifier maintained strong precision and specificity but showed lower recall in
some folds, indicating potential conservatism in positive predictions.

Clinical Implications
From a clinical perspective, missing true cases (false negatives) is typically more critical than gen-

erating false positives. Therefore, the weighted Soft Set classifier, with its superior recall and high
precision, presents the most promising balance. While Naive Bayes remains a strong and simple
baseline, the added interpretability and adaptability of soft set-based approaches—especially when
weighted—make them valuable for further research in explainable AI in healthcare[26].

3.11. Conclusion

The comparative analysis confirms that weighting features based on their learned importance signif-
icantly enhances the diagnostic utility of soft set classifiers. Among the models tested, the Soft Set
with Weights classifier consistently outperforms the others in terms of both accuracy and clinical
relevance, making it a compelling choice for structured medical data classification tasks.

Declaration on Generative AI

The authors have not employed any Generative AI tools.
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