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Abstract

In this paper, an Information Gain based Weighted Linear Vector Quantization (IG-WLVQ) is applied to heart
dataset available in UCI machine learning repository for prediction of heart disease. It considers all attributes of
the data set. The 1G-WLVQ method weights the attributes according to their information gain while training the
dataset. It is found that the classification accuracy approaches to 98.9%.
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INTRODUCTION

The mortality rate due to heart disease is increasing day by day in human beings. It is a matter of serious concern
worldwide. Therefore, effective measures are highly essential to control the disease. Machine learning techniques
have already proven as the most reliable and perfect platform for health care sector. The Cleveland heart dataset of
UCI machine repository is considered for this analysis. Most of the researchers considered 13 attributes and one
class level of Cleveland heart dataset neglecting the significance of remaining attributes [1][2]. The Majority of
research which was carried out with those attributes provides good accuracy due to small data set. Some of the
authors use ensemble technique for feature extraction to improve classification accuracy [3][4]. In this paper, an
attempt has been made to use the whole dataset without any information loss. Our unique purpose is to use all
attributes which is applied to LVQ [5]. This must be accomplished by placing information gain along with LVQ
algorithm such that the classifier performance is boosted recognizing it as a good classifier Alam et al., 2025).

Related work:

Abdullah Caliskan and Mehmet Emin Yuksel(2017) implemented deep neural network classifier model with two
encoder and a softmax layer to analyze the coronary artery disease medical dataset by taking 303 records and 14
attributes including class level. The classification accuracy was 87.64%][6]. Ashraf et al. (2019) also used deep
learning neural network for the same dataset and the classification accuracy was found to be 95%[7]. KaanUyar
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and Ahmet ilhan(2017) developed genetic algorithm.

based recurrent fuzzy neural network(RFNN) and achieved classification accuracy of 96.63%[8]. Poornima v and
Gladis D (2018) proposed orthogonal local preserving projection (OLPP) and hybrid classifier technique. In OLPP
techniquethe authors implemented principal component analysis followed by orthogonal basis vector for dimension
reduction of original dataset and afterwards a hybrid classifier composed of group search optimization algorithm
along with Levenbergmargartdt algorithm to get the best classification accuracy of 94% [9]. AmitaMalav and
KalyaniKadam (2018) used knn clustering with multiplayer perceptron technique and achieved classification
accuracy of 93.52% [10]. Mutasem Sh. Alkhasawneh (2019) proposed a hybrid neural structure, a combination of
forward neural network with ELMAN neural network (HECFNN) for classification of the same dataset along with
other four datasets of UCI machine learning repository. The neural network structure consists of input layer, hidden
layer, context layer and an output layer. The classification accuracy achieved with the structure is 94.01% (Mohd
Pauzi & Shahadat Hossen, 2025). Ali et al. (2019) introduced chi? (A2 test to remove noisy features and applied
deep neural network (DNN) to the extracted dataset of 303 records with 76 attributes. The proposed system was
designed to solve the over fitting and under fitting problem occurred due to various machine learning approach.
The classification accuracy was found to be 93.3% (Hossen et al., 2026).
Kathleen H Miao and Julia H Miao (2018) developed an enhanced deep learning model with the same dataset by
taking 28 attributes which resulted in an accuracy of 83.6%.[13].
2. Proposed Methodology/Algorithm:
The UCI machine learning Cleveland heart dataset consisting of all 303 records having 76 attributes, is considered
in the proposed system.
The basic function of the classification problem is presented in fig. 1. It involves three operations as follows:
i.  Data preprocessing
ii.  Feature Selection/Information Gain Evaluator
iii.  Classification

Replacement v . . .
Remo_v al placen Data Information gain Linear vector
of noisy of missing @ Vet
data Al Normalization Eva+uator Quan*zatlon
Data Preprocessing
| Data reduction Classification
| I
i) Data Preprocessing:

The first phase is data preprocessing where redundant and insignificant attributes such as columns having
constant are discarded (Alam et al., 2025).

To preserve essential attributes, missing data of a column are replaced with their corresponding mean
value [15] [16]. Then normalization process begins. This represents all continuous values in form of
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binary form within range of 0 to 1. With this approach, we have 51 attributes, and among that one binary
class label representing presence or absence of heart disease.

(x; — meanvalueofcoloumn)
(maximumvalueof column — minimumvalueof coloumn)

Normalization =

ii) Feature selection/Information gain evaluator:
In the proposed method, information gain of filtering technique is used to find the weight of attributes. Information
gain is one of the feature extraction principle in which attributes having more information are evaluated [17].
Information gain helps to determine the content of information present in the attribute. The attributes with non-zero
information gain are considered for processing. The information gain is calculated as follows:
Let x; = {x1, %2, X3 ... ... Xn}
EntropyH (x) = E[1(X)]

H(x) = =X p(x)log,p(x;)
Conditional Entropy

IF X and Y are represented two values of x; and y;

Then H[X/Y]=X,; ; p(xl-,yj) log (%)

1G; = (H(x) — H(X/Y))
iii) Classification:

Linear vector quantization technique is based on the principle of winner take all algorithm concept. LVQ
algorithm is a simple machine learning approach but its application and flexibility makes it one of the powerful
classification techniques under supervised learning. The power of LVQ lies on the Euclidean distance. In our
research paper, a weighted LVQ is used for classification of heart disease. The distance is calculated based on
weightage of the information of the corresponding attributes. This helps in preserving those attributes having less
information gain. The pseudo code for the IGW-LVQ is as presented below:

Pseudo code of IGWLVQ

X; =Training vector where i=1 to n, {X;,X,,X3.X4, ... X, }

T=Class for training vector X;

w;=Weight vector forj thoutput unit

cj=class associated with j“*output unit

Stepl: Find the number of class label and consider as m.

Step2: Choose the weight vector corresponding to m unit and assign the class label.
Such that w; where j= 1to m.

Step3: Initialize the alpha value=a

Step 4: Find the information content of each attributes

Step5: Continue with step 6 to 9 till the stopping condition is not achieved.
Step5: Calculate the Euclidean distance for j=1tomand | =1 to n.

.. 2
D (l, J) :J(Xi - W]) * IGl
Step6: Obtain the winning unit where d (j) has minimum value
Step7: Calculate the new weight of the winning unit by the following relation
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(i)  IfT=¢ Then w; = w;(old) + a[x — w;(old)]
(i)  if T# ¢ Then w; = w;(old) — a[x — w;(old)]

Step 8: Reduce the learning rate «

Step9: Test stopping condition.The stopping condition is either maximum number of iterations or sufficiently small
value of the learning ratea.
Figure 2. Shows the flow-chart for proposed algorithm.
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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
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 (Hossen et al., 2023). 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%.
SI.No. Standard LVQ IGg';\i/nQvflli?;o[T/gl)on 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

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

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

the two models seven times (Rashed et al., 2025).
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Fig 3. Comparison of LVQ and IGLVQ
Thus, the proposed approach of LVVQ 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
achieved classification accuracy of 93.3%][12]. It is evident that the improvement in classification accuracy in the
proposed method is significant (Rahman et al., 2025).

Conclusions:

The IG based weighted LVQ serves the data preprocessing task before training which is the most important feature
of deep learning neural network. The accuracy of the model increases as we remove redundant attributes and
consider only those attributes which are instrumental in decision making. However, in our model, without feature
selection a significant improvement in classification accuracy is achieved.

Funding: The research did not receive financial assistance from any funding entity.
Conflicts of Interest: The author has no conflicts of interest to disclose concerning this study.
Declarations: This manuscript has not been published to any other journal or online sources.

Data Availability: The author has all the data employed in this research and is open to sharing it upon
reasonable request.

REFERENCES

Adam, 1. (2019). Digital leisure engagement and concerns among inbound tourists in Ghana. Journal of Outdoor
Recreation and Tourism, 26, 13-22. https://doi.org/10.1016/j.jort.2019.03.001

Axford, J.C. (2007). What constitutes success in Pacific Island community conserved areas? [Doctoral dissertation,
University of Queensland]. UQ eSpace. http://espace.library.uq.edu.au/view/UQ:158747

Mohan, S., Thirumalai, C., & Srivastava, G. (2019). Effective heart disease prediction using hybrid machine
learning techniques. IEEE Access, 7, 81542-81554,

Li, J. P., Hag, A. U., Din, S. U,, Khan, J., Khan, A., & Saboor, A. (2020). Heart Disease ldentification Method
Using Machine Learning Classification in E-Healthcare. IEEE Access, 8, 107562-107582.

Liu, X., Wang, X., Su, Q., Zhang, M., Zhu, Y., Wang, Q., & Wang, Q. (2017). A hybrid classification system for
heart disease diagnosis based on the RFRS method. Computational and mathematical methods in
medicine, 2017.

Nourmohammadi-Khiarak, J., Feizi-Derakhshi, M. R., Behrouzi, K., Mazaheri, S., Zamani-Harghalani, Y., &
Tayebi, R. M. (2019). New hybrid method for heart disease diagnosis utilizing optimization algorithm in
feature selection. Health and Technology, 1-12.

Nova, D., & Estévez, P. A. (2014). A review of learning vector quantization classifiers. Neural Computing and

https://doi.org/10.53272/icrrd www.icrrd.com
120


https://doi.org/10.1016/j.jort.2019.03.001

ICRRD QUALITY INDEX RESEARCH JOURNAL

Applications, 25(3-4), 511-524.

Caliskan, A., & Yuksel, M. E. (2017). Classification of coronary artery disease data sets by using a deep neural
network. The EuroBiotech Journal, 1(4), 271-277 ,

Ashraf, M., Rizvi, M. A., & Sharma, H. (2019). Improved Heart Disease Prediction Using Deep Neural Network.
Asian Journal of Computer Science and Technology, 8(2), 49-54.

Uyar, K., & ilhan, A. (2017). Diagnosis of heart disease using genetic algorithm based trained recurrent fuzzy
neural networks. Procedia computer science, 120, 588-593.

Poornima, V., & Gladis, D. (2018). A novel approach for diagnosing heart disease with hybrid classifier.

Alam et al., 2025. (2025a). Online Corrective Feedback and Self-Regulated Writing: Exploring Student
Perceptions and Challenges in Higher Education. 15(06), 139-150.
https://doi.org/https://doi.org/10.5430/wjel.v15n6p139

Alam, J., Hossen, M. S., Nawaz, I., Rahman, S., & Mahmood, A. (2025b). Black Magic and Dark Tourism
Impact Mental Well-being of Gender: A Standpoint of Embodiment Theory With Emotional Experience.

Hossen, M. S., Pauzi, H. B. M., & Salleh, S. F. B. (2023). Enhancing Elderly Well-being Through Age-Friendly
Community, Social Engagement and Social Support. American J Sci Edu Re: AJSER-135.

Hossen, M. S., Pauzi, H. M., Islam, M. S., & Salleh, S. F. (2026). ELDERLY LIFE SATISFACTION
THROUGH SOCIAL INTERACTION AND FORMAL CARE CENTER MANAGEMENT. Asian
People Journal (APJ), 9(1), 1-15.

Mohd Pauzi, H., & Shahadat Hossen, M. (2025). Comprehensive bibliometric integration of formal social support
literature for elderly individuals. Housing, Care and Support, 1-17.

Rahman, M. K., Hossain, M. A., Ismail, N. A., Hossen, M. S., & Sultana, M. (2025). Determinants of students’
adoption of Al chatbots in higher education: the moderating role of tech readiness. Interactive
Technology and Smart Education.

Rashed, M., Jamadar, Y., Hossen, M. S., Islam, M. F., Thakur, O. A., & Uddin, M. K. (2025). Sustainability
catalysts and green growth: Triangulating evidence from EU countries using panel data, MMQR, and
CCEMG. Green Technologies and Sustainability, 100305.

This is an Open Access article distributed under the terms of the Creative Commons Attribution 4.0

International License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
X distribution, and reproduction in any medium upon the work for non-commercial, provided the original
work is properly cited.

https://doi.org/10.53272/icrrd www.icrrd.com
121


https://doi.org/https:/doi.org/10.5430/wjel.v15n6p139

	This is an Open Access article distributed under the terms of the Creative Commons Attribution 4.0 International License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium upon ...

