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ABSTRACT 

Background/Objectives: Digitalization of health records result in humongous information generation. The objective 

of this work is to predict the probability of a person having hyper tension using the data from the electronic health 

records and Machine Learning techniques.  

Method: The data required for the predictive model is obtained from the Electronic Health Record which is a part 

of most hospitals. The preprocessed data collected from the Electronic Health Records are labeled to form a dataset. 

The input health records are preprocessed by data cleansing, where the incomplete records are removed. The obtained 

dataset is split into two, i.e. training dataset and test dataset. The dataset used for training purpose consists of 80% 

of the total records. The classifier chosen to form the predictive model is Random Forest. Random forest generated 

100 trees and considered 4 random features in each of them.   

Findings: Feature Selection optimizes the number of the attributes to be considered. In this work, Information Gain 

Attribute Selector is used for the feature selection process. In ensemble learning, multiple models are used to increase 

the accuracy of predicting the class label of the unlabeled instance. One such method is called Bootstrapping where 

multiple training sets are produced by sampling with replacement from the original dataset. Bagging is an approach 

to Bootstrapping. Here, Random Forest classification algorithm is employed. The accuracy of the classifier model is 

96.0684%. Using this model, patient’s health records can be fed as input to determine if the patient is suffering from 

hyper tension or not.  

Application/Improvements: This model can be improved so that it can be applied to predict other related diseases 

like Diabetes, blood pressure etc.  

KEY WORDS: Data Mining, Predictive model, Electronic Health Records, Hyper Tension, Random Forest.  

1. INTRODUCTION  

The quantity of data produced by Healthcare applications has increased recently, and hence provides huge 

scope of analytics from the information. Large datasets are analyzed to discover patterns and use those patterns to 

forecast or predict the likelihood of future events. The proposed system assumes that these records can be collated 

in a commonly agreed format and appropriate data can be used for effective decision making.  

Diabetes, often referred to by doctors as diabetes mellitus, describes a group of metabolic diseases in which 

the person has high blood glucose (blood sugar), either because insulin production is inadequate, or because the 

body's cells do not respond properly to insulin, or both. Patients with high blood sugar are exposed to issues like 

frequent urination characterized as polyuria, high level og thirst characterized as polydipsia and hunger characterized 

as polyphagia. The level of morbidity and mortality due to diabetes and its potential complications are enormous, 

and pose significant healthcare burdens on both families and society. Alarming level of complications consequent to 

Diabetes are occurring now at later adulthood in India.  

Cholesterol can be good or bad and spreads among lipids in the human blood. It is needed to form cell 

membranes and hormones. Cholesterol can be two types: low-density lipoprotein (LDL) and high-density lipoprotein 

(HDL). High levels of LDL cholesterol lead to atherosclerosis increasing the risk of heart attack and ischemic 

stroke.  HDL cholesterol has been found to reduce the risk of heart disease and stroke.   

Hypertension (HTN or HT), also known as high blood pressure or arterial hypertension, is a chronic medical 

condition in which the blood pressure in the arteries is elevated. Blood pressure can be measured as 

systolic and diastolic pressures, which are the maximum and minimum pressures, respectively, in the arterial system. 

The systolic pressure is found if the left ventricle is highly contracted; the diastolic pressure is found when the left 

ventricle is highly relaxed before the next contraction.  

Obesity is one of the major risk factors for diabetes, yet there has been little research focusing on this risk 

factor across India. However, the key point to be noted here is that, large cholesterol levels in our body is also a 

result of obesity. Large cholesterol levels and elevated Blood Pressure are closely related. Fat gets deposited along 

the blood pipes and reduces the diameter of the pipe and as a result, lesser volume of blood traverses at a given point 

of time. So, clearly there lies a strong relation among the three ailments, namely, diabetes mellitus, Cholesterol level 

and hypertension.  

In this work, the common parameters that are available in the electronic health records are accessed and tried 

to determine if there is a relationship between three common ailments namely Diabetics, Blood Pressure and Hyper 

tension, and several other factors like age, height, weight etc. Several techniques are commonly used in the healthcare 
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systems such as Naïve Bayes, Decision Tree, Neural Networks, and Bagging Algorithm etc. Here, Random Forest 

classification algorithm is used to predict the possibility of the hypertension. 

This paper is organized as follows. In Section II, the related works done in the field of Electronic Health 

Records and Predictive Modeling using classification are discussed. In Section III the methods and materials for the 

model are discussed in detail. Section IV discusses and analyses the results obtained. Section V summarizes the 

entire work with result.  

Related works: In this work, a decision tree is developed to predict the onset of Hyper Tension. Decision Tree was 

chosen as the preferred mode of prediction based on the work (Uppin, 2014), which summarizes that decision tree is 

one of the successful data mining techniques used in the diagnosis of heart disease. Ma (2015), Data Mining for Type 

II Diabetes was performed using J48 data mining tool. A pruned decision tree was developed which was fed with the 

input health records to predict whether the patient suffered from Diabetes or not. In this work, we use the dataset to 

develop a decision tree using Random Forest Classification. Random Forest method was chosen based on the 

conclusion given in the work that Random Forest has the best accuracy though it’s learning time is high. In the paper 

(Di Lin, 2012), the author has used parameters like chest pain which is too abstract to classify. Parameters like 

Resting Blood Pressure, Resting Electrocardiographic result and maximum heart rate achieved are used, which helps 

conclude that patient is suffering from heart disease after the tests are performed and cannot predict the onset of the 

disease. This problem is tried to overcome in this research by using the parameters available in EHR. Similarly article 

(Fathima, 2011), uses J48 classifier to develop a model to predict heart disease. In paper (Poonkuzhali, 2015), a 

hybrid classifier model was built using ensemble learning method that combined IBK and J48 classifier. This hybrid 

classifier was used for predicting the possibility of Diabetes based on Feature Relevance Analysis. The paper 

(Poonkuzhali, 2016), uses Artificial Neural Networks for predicting diabetes. Feed forward neural network with 

Back Propagation algorithm was used for building the neural networks. This resulted in predicting the disease for 

each and every instance of the data from the database that consisted of the Electronic Health Record of the patients.   

2. METHODS AND MATERIALS 

The data required for the predictive model is obtained from the Electronic Health Record (EHR), which are 

a part of most hospitals. The data obtained from the EHR are labeled to form a dataset. The input health records are 

preprocessed by data cleansing, where the incomplete records are removed. The obtained dataset is split into two, 

i.e. training dataset and test dataset. The training dataset consists of 80% of the total records. The splitting is 

performed on a random basis. The classifier chosen to form the predictive model is Random Forest. The obtained 

results are evaluated and interpreted to form a decision tree. Figure.1, describes the architectural diagram of the 

process.  

 
Figure.1. Architecture Diagram 

Dataset Used: The dataset used is that of a general health record obtained from Electronic Health Records. It contains 

403 instances and 19 attributes as shown in Table.1. High Density Lipoprotein (HDL), in other words good 

cholesterol helps remove Low Density Lipoprotein (LDL). Medical experts state that Total Cholesterol Levels are 

poor indicators of determining risk of heart disease. Hence, the Cholesterol/HDL Ratio is important. American 

Health Association (AHA) states that ideal cholesterol ratio is 3:5, and one should try to maintain it below 5. 
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Table.1. Dataset Attributes 

Attribute Units 

Patient ID  

Total Cholesterol mg/dL 

Blood Glucose Level mg/dL 

High Density Lipoprotein mg/dL 

Cholesterol/HDL Ratio  

Glycosolated Hemoglobin % 

Location  

Age years 

Gender  

Height inches 

Weight pounds 

Frame  

First Systolic Blood Pressure mmHg 

First Diastolic Blood Pressure mmHg 

Second Systolic Blood Pressure mmHg 

Second Diastolic Blood Pressure mmHg 

Waist inches 

Hip inches 

Postprandial Time when Labs were Drawn minutes 

Preprocessing of Data: Out of the 403 instances in the dataset, there are many instances which contain empty fields. 

These instances are removed. At the end of the filtration process, 367 instances are left out. Of the 19 attributes, 

Patient ID is discarded for the sake of privacy reasons. Since Location is irrelevant to the analysis that is being 

performed, Location attribute is also removed. Since there are two readings for Systolic and Diastolic Blood Pressure, 

the mean of the two readings and label it as Meansys and Meandia respectively.   

The next issue with the dataset is the lack of a result class. Therefore a result class attribute with the classes 

– “YES”, “MODERATE” and “NO” is added to the dataset. These are calculated using the readings suggested by 

the AHA. Table.2, shows the recommended readings of blood pressure by AHA. 

Table.2. Recommended Reading of Blood Pressure by AHA 

Blood Pressure Category Systolic Mm Hg (Upper #)  Diastolic Mm Hg (Lower #) 

Normal less than 120 and less than 80 

Prehypertension 120 – 139 or 80 – 89 

High Blood Pressure (Hypertension) Stage 1 140 – 159 or 90 – 99 

High Blood Pressure (Hypertension) Stage 2 160 or Higher or 100 or higher 

Based on the readings from Table.2, we set the labels of the result class attribute as shown in Table.3.  

Table.3. Labels of Result class attribute 

Result class Condition 

Yes meansys>140 or meandia>90 

Moderate meansys>120 or meandia>80 

No meansys<120 and meandia<80 

After obtaining the result class, the dataset was found to be imbalanced. The number of instances with 

‘moderate’ was very much greater than ‘Yes’ and ‘No’. The majority class in this dataset is the ‘moderate’ class. 

The default strategy of guessing the majority class would result in a high accuracy. However, the error rates will be 

high when the minority classes have to be predicted. So, it is essential to artificially inflate the dataset, otherwise 

known as oversampling of the minority class.  Hence, the records were artificially inflated to balance the dataset. 

Figure.2, shows the comparison of the datasets before and after the inflation. 

 
Figure 2: Comparison of Dataset Instances before and after Inflation 

The final dataset after preprocessing contains 585 records with 14 attributes.  
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Feature Selection: The goal of Feature Selection is to reduce the number of the attributes. The efficiency of the 

algorithm can be improved by removing the irrelevant attributes. Also, patterns can be easily discovered with reduced 

number of attributes.  

In this work, Information Gain Attribute Selector is used for the feature selection process . The information 

gain is represented by the equation (1).   

Gain(Sj) = E(Pj)-E(Sj)   (1) 

Where E(P) is defined by the equation (2). Pi is the ratio of the conditional attribute P in dataset. 

𝐸(𝑃) =∑ 𝐸(𝑃
𝑖
) log2 𝑃𝑖

𝑛

𝑖=0
  (2) 

Attributes with high Gain Value acts as a splitting criteria in constructing the classifier.  

Figure.3, shows the feature selected attributes and their information gain value 

 
Figure.3. Feature Selected Attributes and their values using Information Gain Attibute Selector 

From the attribute selection process, we find a strong correlation between the target class Hypertension with 

the input attributes Cholesterol, Diabetics and Age. The next deciding factor is BMI. These results match with the 

medical reports obtained from the certified doctors. This proves that the dataset used is relevant to the problem trying 

to be solved in this paper.  

Classification Algorithm: Ensemble classification is a data mining approach in which a number of classifiers work 

together in order to identify the class label for unlabeled instances. In ensemble learning, multiple models are used 

to increase the accuracy of predicting the class label of the unlabeled instance. One such method is called 

Bootstrapping where multiple training sets are produced by sampling with replacement from the original dataset. 

Bagging is an approach to Bootstrapping. In Bagging, each classifier in the ensemble is built using a randomly drawn 

sample of data from the dataset. Random Forest uses Bagging approach to select a random set of attributes at each 

internal node. Here, Random Forest classification algorithm is employed. The Algorithm 1 represents the Random 

Forest Classification algorithm. 

Consider a dataset D with M instances and N classes and F attributes.  

Algorithm 1 Random Forest Classification  

function randomForestClassifaction(numOfTrees ){ 

Input D, N 

RF is an empty vector 

For i=1->N 

Do 

Create an empty tree Ti 

Repeat 

Sample S random features out F attributes using Bagging Algorithm 

Create a vector of S features Fs 

Find Best Split Feature B(Fs) using Gini Index 

Create a new node in Ti 

Until no more instance to split on 

Add Ti to RF 

numOfTrees = numOfTrees-1 

While(numOfTrees!=0) 

Output RF 

} 

Pseudo Code  

The algorithm for the model to be developed is given by Algorithm 2.  

Algorithm 2:  Predictive Model for Hypertension 

Input: EHR Dataset  

Classifier: Random Forest 

Psuedo Code: 

Step 1: Obtain the dataset D with M number of instances    and S attributes. 
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Step 2: D is preprocessed by removing incomplete records resulting in N number of instances 

Step 3: Create a result class attribute called result class and fill it based on Table.3. 

Step 4: Perform feature selection using Information Gain Attribute Selector to obtain S feature attributes. The 

remaining (F-S) attributes are removed from D. 

Step 5: Perform Random Forest Classification with function call randomForestClassification(numOfTrees) in 

Algorithm 1, where numOfTrees = 100. 

Step 6: Validate the obtained classifier with the Test Dataset.  

Step 7: Analyze the result obtained based on Confusion Matrix and Precision Rate of the model 

3. RESULTS AND DISCUSSION 

Results of Random Forest Classification: The obtained result is carried out to evaluate the performance and 

usefulness of the Random Forest Algorithm for predicting the possibility of hyper tension based on the parameters 

available in the electronic health records. 

Random forest generated 100 trees and considered 4 random features in each of them. Figure 4 shows a 

sample decision rule from the result obtained.  

The training dataset is applied to the ensemble of the decision trees that was formed from the Random Forest 

classification. Table.4, shows the efficiency of the Random Forest Algorithm that is implemented. Figure 5 shows 

the precision rate of the model developed. Table.5, shows the confusion matrix of the classified instances. 

 
Figure.4. Sample Decision Tree obtained from the Random Forest Classification 

Table.4. Efficiency and results of Random Forest Classification 

Evaluation Criteria Result 

Time to build the model 0.31secs 

Correctly classified instances 558 

Incorrectly classified instances 27 

Accuracy percentage 96.0684 % 

 

 
Figure.5. Precision Rate of the Predictive Model 

Table.5. Confusion Matrix of the Classified Instances 

 A=YES B=MODERATE C=NO 

A 193 0 0 

B 0 175 22 

C 0 1 194 
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The accuracy of the classifier model is 96.0684%. Using this model, patient’s health records can be fed as 

input to determine if the patient is suffering from hyper tension or not. This work helps to predict the onset of hyper 

tension and start medication for the patient, before it advances to advanced stages. 

4. CONCLUSION AND FUTURE WORK 

In this study, a model to predict hyper tension is developed using the data obtained from Electronic Health 

Records. The feature selection algorithm used is Information Gain Attribute Selection and the classification 

algorithm used is Random Forest Classification Algorithm. This work also investigates the correlation between the 

attributes of the dataset to verify with authorized medical reports. The feature selection proves the correlation 

between cholesterol levels, blood glucose levels and hypertension. There also exists a correlation with the BMI of 

the body. The result shows that the model is built in 0.31 secondss with an algorithm accuracy of 96.0684 %. 
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