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Hypertension was a global health problem, including Indonesia, that increases 

mortality, morbidity, and cost. In Indonesia, hypertension kept on increasing due 

to change in lifestyle, consumptions of food with a high level of fat, cholesterol, 

less physical activity, and a high level of stress, etc. One of the classifications of 

hypertension used in some country were European Society of Hypertension 

(ESH) guideline. Learning Vector Quantization (LVQ) was a method in machine 

learning for classifying data. LVQ were often used in pattern recognition 

processes such as images, sounds, etc. The purpose of this study was to see an 

increase in accuracy of hypertension classification based on ESH guideline as 

weight data. In this study, hypertension classification based on ESH guideline 

was used as weight data with LVQ method and the parameters used were 2 

features, 100 epochs, 0.05 learning rate, 0.01 reducing factor, train data 70%, 

validation data 30%, and test data 30% from total data used. The result obtained 

in this study were 94.6667% in the hypertension classification process based on 

ESH guideline using LVQ method. The conclusion of this study, there was an 

increase in the accuracy of hypertension classification based on ESH guideline 

using the LVQ method. 
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1. Introduction 

 

Blood pressure diseases is one of the main factors that threatening human health [1]. And as we know, 

high blood pressure could be referred to as hypertension, which is a global health problem that increases 

mortality, morbidity, and cost, including in Indonesia. Hypertension is also causing damage to essential 

organs such as the brain, heart, kidneys, retina, aortic blood vessels, and peripheral blood vessels. According 

to Basic Health Research (Riskesdas), in 2018, Indonesia's hypertension has been increased by 34.1%, with a 

population size of 260 million compared to 2013 [2]. 

In Indonesia, hypertension keeps increasing due to lifestyle changes, food consumption with a high 

level of fat, cholesterol, less physical activity, high stress levels, and more [3][4]. Hypertension is a form of 

cardiovascular disease which can be diagnosed positive when the systolic blood pressure ≥ 140 mmHg and/or 

the diastolic blood pressure ≥ 90 mmHg when measured at the clinic or health facility [2][5]. Usually, 

hypertension does not have any symptoms like other diseases, so it is challenging to detect hypertension. 

Patients usually do not know that they have hypertension, they notice it when there is an association with 

other conditions such as diabetes or stroke, so this disease is often called the silent killer [2][3]. 

There are several classifications of hypertension types used in each country, The Seventh Joint National 

Committee (JNC7) on Prevention, Detection, Evaluation and Treatment of High Blood Pressure is used 

generally, and this study used one of the hypertension classification that is European Society of Hypertension 

(ESH) guideline because this guide is used by Indonesian Society of Hypertension in 2019 Hypertension 

Management Consensus [2]. Classification of blood pressure for ESH guideline is divided into 7 types, either 

for the systolic or diastolic blood pressure, and shown in Table 1 [2].  
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Table 1.  

Classification of Blood Pressure Based on ESH Guideline 

Category 

Systolic 

Blood Pressure 

(mmHg) 

 Diastolic  

Blood Pressure 

(mmHg) 

Optimal < 120 and < 80 

Normal 120 – 129 and/or 80 – 84 

Normal-high 130 – 139 and/or 85 – 89 

Hypertension grade-1 140 – 159 and/or 90 – 99 

Hypertension grade-2 160 – 179 and/or 100 – 109 

Hypertension grade-3 ≥ 180 and/or ≥ 110 

Isolated systolic 

hypertension 
≥ 140 and < 90 

 

LVQ is a single layer network that includes an input and output layer where there is a value between 

layers. It was introduced by Kohonen in 1982[3]. LVQ is an algorithm that is carried out at the competitive 

layer by supervised training. Usually, the competitive layer of LVQ will learn automatically in classifying the 

input data. If several vectors are close together, the input data will be grouped in the same class [6][7]. LVQ 

is different from Self-Organizing Map because LVQ classifies data using data that has been decided for 

learning in the supervised layer [8]. 

LVQ is often used for feature extraction at the beginning of pattern recognition processes such as 

images, sounds, and many more. In the learning process, the value will be arranged in a range depending on 

the input value. The learning objective is to make a group with a similar unit in one place, so it is very 

suitable for pattern classifications [9]. While in the learning process, a vector will be inserted based on the 

output unit that has the smallest range between the weight vector and the input vector [10]. The LVQ 

network architecture shown in Figure 1 [3][11].  

 
Fig 1. LVQ network architecture 

Explanation: 

X1…X6  = Input/input data 

X.W1  = Value that connecting each neuron to the input layer for the first neuron in output layer 

X.W2  = Value that connecting each neuron to the input layer for the first neuron in output layer  

F1, F2  = Function of linear transfer used as an artificial neural network is trained using LVQ and has a   

    value range from 0 to 1 

Y = Output/output value 

Compared to others algorithms in classification LVQ can increase the category numbers that caused by 

a change in the model, this algorithms is very flexible when there is a changes in the number of the categories 

so it is relatively more simple and easy to adjust [12]. LVQ network does not have an outer layer, that maps 

the typical Artificial Neural Network (ANN) response for the output layer. LVQ operate differently and work 

to move the nodes, for representing the underlying data through an iterative training [13]. One of the 

advantages of using LVQ is the ability that is giving the training to the competitive layers so that it can 

classify the given input automatically [14]. 

Previous study using LVQ method to identify eyes diseases gain the average accuracy of 82.80% [15]. 

Another study using LVQ method for classify the status of the volcano obtained the average accuracy of 88% 

[10]. The other study that use LVQ method to classify the quality of river obtain the average accuracy of 

81.13% [14]. In a previous study for classify hypertension types based on JNC7 using LVQ gain the accuracy 

93.841% [3]. So in this study the method is still using LVQ to classify the hypertension types based on ESH 



Jurnal Mantik, Vol. 4 , No. 3, Nov 2020, pp. 1772-1778     E-ISSN 2685-4236  

1774 

Accredited “Rank 4”(Sinta 4), DIKTI, No. 36/E/KPT/2019, December 13th 2019. 
 

 Jurnal Mantik is licensed under a Creative Commons Attribution-NonCommercial 4.0 International License (CC BY-NC 4.0). 

guideline, things that differentiate it from previous study is the hypertension classification based on JNC7 as 

weight data. One of the differences between JNC7 and ESH guideline is the classification of the hypertension 

types where JNC7 has 4 types of hypertension: normal, pre-hypertension, hypertension grade-1, and 

hypertension grade-2 [16][17]. And ESH guideline has 7 types of hypertension [2]. This study purpose was 

to see if there was an increase in accuracy of hypertension classification based on ESH guideline as weight 

data. 

 

2. Research Methodology 

 

The algorithm used in this study is LVQ, hypertension classification based on ESH guideline was used 

as weight data, and the parameters that used were 2 features, 100 epochs, learning rate 0.05, reducing factor 

0.01, training data 70%, validation data 30% and testing data 30% from the total data.  

The methodology is consisting of data preprocessing and machine learning modelling. It will be 

visualized in Figure 2 as the flowchart in this study. Furthermore, this study is conducted with the Python 

programming language. 

Start

Collecting 

Data

Preprocessing Data

Split Data

Data Train

Split Data

Data Train
Data 

Validation

Data Test

Classification 

Result

Finish

Train Model

 
Fig 2. The flowchart in this study 

 

2.1 Preprocessing 

This study uses one public dataset obtained from Kaggle, the data used in this study are 250 data from 

70000 data that have been provided, and two features used out of 12 features. The dataset shared by Svetlana 

Ulianova about cardiovascular disease and retrieved from https://www.kaggle.com/sulianova/cardiovascular-

disease-dataset 

Preprocessing data is a process that is converting the raw data to useable data in the machine learning 

model [18]. Preprocessing is done before the data inserting it into the algorithm. This process has been 

carried out on the dataset to be researched and imported to Jupyter Notebook. 

Dataset normalization is done manually because the features used in this study are 2 features, and the 

given features from the dataset are 12, so it must be normalized first. This study used 2 features because the 

weight data used in this study only require data about systolic and diastolic blood pressure. Also, adding 

https://www.kaggle.com/sulianova/cardiovascular-disease-dataset
https://www.kaggle.com/sulianova/cardiovascular-disease-dataset
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seven labels because the classification uses weight data from hypertension classification based on ESH 

guideline. 

2.2 Machine Learning Modelling 

After the data that have been processed, then the next is machine learning modelling, starting with split 

the data. Train data and test data will be divided by splitting the data, where 70% is the train data, and 30% is 

the test data. After dividing the train data and test data, the data will be divided once more that produce train 

data and validation data. Then insert the weight data as the comparison for the train data, validation data, and 

the test data. After that insert, the weight data and then the algorithm will calculate the distance using 

Euclidean distance that can be formulated as [3][15]: 

       (1) 

Euclidean distance is the most used algorithms in calculating distance in machine learning 

classifications such as LVQ or K-means algorithm. Euclidean distance can be explained as a distance 

between data points that belong to a set or two sets of data points [19]. And to get the accuracy can be 

formulated as: 

               (2) 

After the distance calculation process is complete, the next step is to use cross-validation to find the 

result from the train data, validation data, and test data. Cross-validation is a method that resampling data that 

has an ability to generalization for predicting the model and prevents overfitting [20].  To find out the model 

that has been created is a good model, a graph is made to see the accuracy of the train data and test data. 

After the results come out, to know how accurate the data with this modelling, a confusion matrix is created, 

which is a package from pyplot. 

 

3. Results and Discussion 

 

To find the best parameters to produce better accuracy, testing the epoch and the learning rate is needed. 

And the parameters for testing in this study are the learning rate, epoch, train data, validation data, test data, 

and reducing factor of 0.01. 

3.1 Testing 

In this process, parameters such as epoch, learning rate, and reducing factor will be tested first on the 

training data and validation data. The accuracy obtained from this test is 94.2623% for the training data and 

96.2264% for validation data. To determining whether the model is a good model, a graph is made to show 

the accuracy obtained from all the epochs on the training data and the validation data, as in Figure 3. The 

graph below shows that the model is a good one because there is no overfit or underfit in the model. 

 

 
Fig 3. Graph accuracy on training data and validation data 
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3.2 Model Testing on The Test Data 

This test aims to find the final result of the model's accuracy using the parameters obtained from the test 

on the training data and the validation data, namely 100 epochs, 0.05 learning rate, and 0.01 reducing factor. 

And the accuracy results obtained in this test are 94.6667%. 

3.3 Confusion Matrix 

A table that aims at describing the classification model in the test data to determine the amount of the 

correct and incorrect data is the confusion matrix. Confusion matrix is the most classical decision-measure 

methods in supervised machine learning [21]. Figure 4 is an example of the confusion matrix. From the 

example, we can understand how to read a confusion matrix. And Figure 5 is the confusion matrix of the 

model. 

 

 
Fig 4. Confusion matrix example 

 
Fig 5. Model confusion matrix 

 
In the confusion matrix, there are only four incorrect classifications on the model from the 75 data used 

in the test data. 

3.4 Discussion 

The average accuracy obtained from this study is 94.6667% with 2 features, 100 epochs, 0.05 learning 

rate, 0.01 reducing factor, and 250 data where this is an improvement from the previous study.  

In previous studies using the same method, the average accuracy is 93.841%, with the amount of data 

100, 6 epochs, 0.1 learning rate, 0.001 reducing factor, and 50% train data [3]. The study using the Fuzzy 

Decision Tree Iterative Dichotomiser 3 (ID3) method, the accuracy was 80% because of the Mamdani 

Inference was used as the classification [5]. In a study using the Naïve Bayes method, the accuracy was 

83.67%, and the decision tree is 77.55% this was because the data used in this study contains information of 

52 patients along with their hypertension diagnosis [22]. While in a study using an ANN, the accuracy was 

82% this was due to the usage of the classical ANN alongside with the real time predictive systems [23]. 

Study that using Decision Tree method obtain the accuracy of 92.6573% while having error 7.3427% this 
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was because of the decision tree making rules in the data mining algorithms that are C4. 5 for creating the 

category of hypertension factors [24]. 

LVQ is less efficient when a lot of data was used. After all, it only has one hidden layer, and also, the 

way these algorithms works is to collect the data first then calculate the distance between data, which results 

in the accuracy [25]. 

 

4. Conclusion 

 

This study concludes, there was an increase in the accuracy of classifying hypertension based on ESH 

guideline using LVQ model. The more data we insert into the model, the less efficient it will be because of 

one hidden layer. And the accuracy depends on the initialization of the model and the parameters used, and 

the data distribution of each class in the training data. 

For future study there are various things that can be considered: 1) add more features to classify 

hypertension, such as age, blood sugar, cholesterol, etc.; 2) add a new algorithm to classify hypertension to 

increase the accuracy, such as Random Forest, K-Nearest Neighbor, and Logistic Regression. 
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