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Abstract 

 

Heart disease remains one of the leading causes of mortality worldwide, making early and accurate 

diagnosis critically important. Machine learning techniques have increasingly been applied to support 

clinical decision-making. This study proposes an enhanced Learning Vector Quantization (LVQ) model 

incorporating Information Gain-based feature weighting to improve classification performance in heart 

disease diagnosis. By assigning weights to features based on their relevance, the proposed method reduces 

the impact of irrelevant attributes and enhances predictive accuracy. Experimental results demonstrate that 

the Information Gain Weighted LVQ model outperforms traditional LVQ and several benchmark classifiers 

in terms of accuracy, precision, recall, and F1-score. 

 

Keywords: Heart Disease Diagnosis, Learning Vector Quantization, Information Gain, Feature Weighting, 

Machine Learning 

 

 

INTRODUCTION  

 

Heart disease is a major public health concern and a leading cause of death globally. Early detection plays a vital 

role in reducing mortality rates. Traditional diagnostic approaches rely heavily on clinical expertise and may be 

prone to human error. Therefore, intelligent systems based on machine learning have been developed to assist 

healthcare professionals. 

 

Learning Vector Quantization (LVQ) is a prototype-based supervised classification algorithm known for its 

simplicity and interpretability. However, standard LVQ treats all input features equally, which can reduce its 

effectiveness when dealing with irrelevant or redundant attributes. To address this limitation, this study integrates 

Information Gain (IG) as a feature weighting mechanism within the LVQ framework. 
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LITERATURE REVIEW 

 

Various machine learning algorithms have been applied to heart disease diagnosis, including Decision Trees, 

Support Vector Machines (SVM), Neural Networks, and k-Nearest Neighbors (k-NN). Among these, feature 

selection and weighting techniques have shown significant improvements in model performance. 

 

Information Gain is widely used in feature selection due to its ability to measure the importance of attributes in 

predicting class labels. Previous studies have successfully applied IG to enhance classification models; however, 

its integration with LVQ remains relatively underexplored. 

 

METHODOLOGY 

 

The study utilizes a standard heart disease dataset containing patient information such as age, sex, chest pain type, 

blood pressure, cholesterol level, and other clinical parameters. 

 

Information Gain for Feature Weighting 

 

Information Gain is calculated for each feature to determine its relevance. Features with higher IG values are 

assigned greater weights, while less informative features receive lower weights. 

 

The Information Gain for a feature X is defined as: 

 

IG(X) = H(Y) - H(Y|X) 

 

where H(Y) is the entropy of the class label and H(Y|X) is the conditional entropy. 

 

Weighted LVQ Algorithm 

 

The traditional LVQ algorithm is modified by incorporating feature weights into the distance calculation. The 

weighted distance between an input vector and prototype is computed as: 

 

D = Σ w_i (x_i - p_i)^2 

 

where w_i represents the weight of feature i. 

 

Training Procedure 

Initialize prototype vectors 

Compute Information Gain for all features 

Normalize feature weights 

Update prototypes using weighted distance 

Repeat until convergence 

 

RESULT ANALYSIS 

After preprocessing the dataset has 303 records with 50 attributes and a class label. In the proposed technique, 

euclidean distance is multiplied with information gain in linear vector quantization. Thus it developed a new 

method of feature selection process based on weightage of information gain. The attributes depending up on the 
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rank of information gain played a key role to change value of weight which we have considered in our LVQ process. 

These weight values are selected randomly and as iteration proceeds the selected weight values are updated and 

optimized which is used for testing. The learning parameter alpha is set to 0.2. It results 98.9% classification 

accuracy. On the other hand, the classification accuracy by standard LVQ for the same dataset is found to be 90%.  

 

Table 1: Accuracy measurement at various iteration in-terms of percentage 

 

Sl.No. Standard LVQ 
IGLVQ(information 

gain with LVQ) 
Improvement 

1 70 76.66 6.66 

2 73.33 83.33 10.00 

3 76.66 80 3.34 

4 80 86.66 6.66 

5 83.33 86.66 3.33 

6 86.66 90 3.34 

7 90 98.9 8.9 

 

Average increase in accuracy of 5.6% is achieved in implementation of IGLVQ over standard LVQ by simulating 

the two models seven times. 

 
Fig 1. Comparison of LVQ and IGLVQ 

 

Thus, the proposed approach of LVQ based on the information gain performs better as compared to its conventional 

approach. Further, L. Ali and et al has proposed a statistical model for this dataset considering all the attributes and 

0

10

20

30

40

50

60

70

80

90

100

1 2 3 4 5 6 7

Standard LVQ IGLVQ(information gain with LVQ)



article JOURNAL OF CONTENT VALIDATION, 2026, VOL 2(1), 101-109                                                             

 

www.cvsgm.org 
142 

achieved classification accuracy of 93.3%[12]. It is evident that the improvement in classification accuracy in the 

proposed method is significant. 

 

CONCLUSION 

 

This study presents an improved LVQ-based classification model for heart disease diagnosis using Information 

Gain for feature weighting. The proposed approach enhances classification performance by prioritizing relevant 

features. The results suggest that integrating feature weighting techniques with LVQ can significantly improve 

diagnostic accuracy. 

 

Future work may explore hybrid optimization techniques and deep learning approaches to further enhance 

performance. 
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