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Introduction

A model for predicting heart disease risk level of a patient using Rule-based Naive Bayesian Classifier and recommend the
necessary therapy is presented. A set of classification rules were constructed on top of Naive Bayes classifier. Learned model
using Naive Bayes Classification is represented as a set of IF-THEN rules, in Rule-based Naive Bayesian Classifier, rules are
a very good way of representing information or bits of knowledge [1]. Classification algorithm was applied on patients’ records

collected from hospital. The diagnosis of heart disease is a significant and tedious task in medicine the detection of heart disease

Citation: Adebayo OT, Rule-based Naive Bayes Classifier for Heart Disease Risk Prediction and Therapy Recommendation. Int J Clin
Med Info 2019: 2(2) 51-59.

2582-2268/©2019 The Authors. Published by TRIDHA Scholars.
51


mailto:adebayoot@futa.edu.ng

www.tridhascholars.org | December-2019

from various factors or symptoms is a multi-layered issue which is not free from false presumptions often accompanied by
unpredictable effects, thus the effort to utilize knowledge and experience of numerous specialists and clinical screening data of
patients collected in databases to facilitate the diagnosis process is considered a valuable option [2]. The healthcare industry
gathers enormous amounts of heart disease data that regrettably, are not “mined” to determine concealed information for

effective decision making by healthcare practitioners [3].

In medical data mining, Naive Bayes classification has played an indispensable role it is one of the most effective and efficient
classification algorithms which has been successfully applied to many medical problems [4] , such as in diagnosis and treatment
of breast and lungs cancer, in prediction of dementia, and so on. Naive Bayes is a simple probabilistic classifier based on
applying Bayes theorem with strong (naive) independence assumptions [5]. In simple terms, a naive Bayes classifier assumes
that the presence (or absence) of a particular feature of a class is unrelated to the presence (or absence) of any other feature,
given the class variable [6]. Depending on the precise nature of the probabilistic model, naive Bayes classifiers can be trained
very efficiently in a supervised learning setting, in many practical applications, parameter estimation for naive Bayes models
uses the method of maximum likelihood; in other words, one can work with the naive Bayes model without believing in

Bayesian probability or using any Bayesian methods [7].

Related Works

Tremendous works in literature related with heart disease diagnosis using data mining techniques have motivated the research.
The researchers in the medical field diagnose and predict the diseases in addition to providing effective care for patients [8] by
employing the data mining techniques. The data mining techniques have been employed by numerous works in the literature
to diagnose diverse diseases, for instance: Diabetes, Hypertension, Heart diseases and more [4]. A Prototype Knowledge based
System for Anxiety and Mental Disorder Diagnosis with the aid of data mining techniques such as rule-based technique and
back ward chaining mechanism was proposed in [7]. The study recommended full implementation of the functionality of the
prototype system and integration of rule-based system with case-based techniques for a better result [9]. Presented heart disease
diagnosis system using classification trees, the performance was compared with classification of different types of heart failures
such as preserved ejection fraction and reduced ejection fraction. Comparative analysis was done using WEKA tool. [10]
Presented an intelligent and effective heart attack prediction system. For the extraction of significant patterns from Cleveland
dataset repository for heart attack prediction. In the work, K-means clustering algorithm was adopted. Afterwards, the Maximal
Frequent Items et. (MAFIA) algorithm was used to mine the frequent patterns applicable to heart disease [9]. Presented a
prototype Naive Bayes algorithm to find the chances of occurrence of eight skin diseases such as chicken pox, Kawasaki
disease, measles, acne, rosacea, groin rash and callus on the basis of input variables. Analysis of data from different surveys
was used to decide whether it is suitable to be analyzed with the use of the data mining methods [11]. Proposed feature selection
in ischemic heart disease. The proposed method was to develop a system with efficiency in terms of improved cost, time and
accuracy. It used an Artificial Neural Network to select important features from the input layer of the network and to select
important features from an Ischemic Heart Disease (IHD) data base with 712 patients, the Multi-Layer Perception Neural

Network was used.
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Heart Disease and Risk Factors
The term Heart disease encompasses the diverse diseases that affect the heart. Coronary heart disease, Cardiomyopathy and
Cardiovascular disease are some categories of heart diseases. The term “cardiovascular disease” includes a wide range of

conditions that affect the heart and the blood Cardiovascular disease (CVD) results in severe illness, disability, and death [12].

No matter what kind of heart disease a patient may have, there are risk factors that can cause or exacerbate it. Risk factors for
developing heart disease include; age which increases patient’s risk of damaged and narrowed arteries and weakened or
thickened heart muscle, sex or gender; men are generally at greater risk of heart disease [4]. However, women's risk increases
after menopause, family history of heart disease also increases patient risk of heart disease, especially if a parent developed it
at an early age (before age 55 for a male relative, such as your brother or father, and 65 for a female relative, such as mother
or sister), smoking nicotine constricts blood vessels, and carbon monoxide can damage the inner lining, making them more
susceptible to atherosclerosis [13]. Heart attacks are more common in smokers than in non-smokers, poor diet also contributes
to risk of heart disease; a diet that’s high in fat, salt, sugar and cholesterol can contribute to the development of heart disease,
Uncontrolled high blood pressure can result in hardening and thickening of the arteries, narrowing the vessels through which
blood flows, high levels of cholesterol in the blood can increase the risk of formation of plaques and atherosclerosis, diabetes
increases risk of heart disease [14]. Both conditions share similar risk factors, such as obesity and high blood pressure, obesity
and excess weight typically worsens other risk factors, physical inactivity also is associated with many forms of heart disease
and some of its other risk factors, as well, unrelieved stress may damage the arteries and worsen other risk factors for heart
disease, poor hygiene; not regularly washing hands and not establishing other habits that can help prevent viral or bacterial
infections that can put a patient at risk of heart infections, especially if the patients already have an underlying heart condition.
Poor dental health also may contribute to heart disease [12].

Research Methodology

MySQL a relational database that stands as the data store for the whole application [15]. Java programming language is suitable
for this application because it can hold huge amount of data and seamlessly integrates its framework. The proposed models for
prediction and recommendation identify three main heart diseases: Ischemic, cerebrovascular, and inflammatory heart diseases.
Ischemic heart disease is caused by narrowing of the coronary arteries and therefore a decreased blood supply to the heart;
cerebrovascular heart disease, caused by cerebrovascular accident or stroke is the result of an impeded blood supply to the heart
and some part of the brain and inflammatory heart disease is caused by inflammation of the heart muscle (myocarditis), the
membrane sac (pericarditis) which surrounds the heart, the inner lining of the heart (endocarditis) or the myocardium (heart
muscle) [16]. Inflammation may be caused by known toxic infectious agents or by an unknown origin [17]. Java programming

language was used to develop the model and the processing operation of the model.

Naive Bayes Classifier for Heart Disease Risk Prediction and Recommendation
Naive Bayesian classification is based on Bayesian Theorem. If a new record D is to be classified, Bayesian Theorem can be used
to find the probability that it belongs to class Ci by using Equation. Naive Bayes model was adopted for the heart disease risks
prediction and therapy recommendation. The Naive Bayes model is given as:
p(q) p(dn | )

pgldn) = p (dy)

1
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p(cj|dn) represents the conditional probability of C given that D has occurred. Ci is one of a set of classes {C1, C2, C3 ...} that

are used to classify the data. The class whose P (Ci |D) is highest is selected as the record’s class. When computing P (C; |D) for

every C; to determine the class with the highest probability, the denominator P (D) is constant across all classes. Therefore, it can

be removed from the computations. Therefore Equation (2) below can be used to find the class with the highest probability.
p(c;|D)~p(D|¢;) (<)) 2

where the symbol “~” indicates that the LHS is proportional to the RHS. Further, Naive Bayesian classification assumes class-

conditional independence (that is why it is called “naive”). This assumption basically states that attribute values of the record D

are independent of each other. In other words, if D is the n-record<ds, dz... d»>, then

P (D | Cj) in Equation (2) can be computed as:

n
pOle) =[] _p(ale) =p(@il6) = p(@6) + . p(d]G) ©)
This is because, from Probability Theory, the probability of the conjunction of independent events can be obtained by

multiplying the probabilities of the individual events. In summary, to compute P (Ci | D) based on Equation (2), P(D|cj) is

computed based on Equation (3) and compute P(Cj) then multiply the two results, this is repeated for each class Cj.
Rule-Based Naive Bayes Classifier for Heart Disease Risk Prediction and Therapy Recommendation

A three-step methodology for building a rule-based classification system based on Bayesian classification is descried. In this
approach, there is a learning phase in which the system follows the three steps to extract classification rules. In this approach
and in classification in general, the attributes are assumed to be discretized (or categorized). If the values in these attributes are
continuous, a pre-processing phase is performed to discretize them. The steps of the methodology used in RNBC are outlined

below:

Step 1: Generate all possible combinations of attribute values that exist in the dataset.

Step 2: For each combination of attribute values found in step 1, compute the probability of each class
Step 3: Generate the classification rules, one rule for each combination of attribute values found in Step 1.

Learned model using Naive Bayes Classification is represented as a set of IF-THEN rules. Rules are a very good way of

representing information or bits of knowledge. An IF-THEN rule is an expression of the form:
IF condition THEN conclusion (4)

Set of classification rules constructed on top of Naive Bayes classifier has shown great performance in terms of accuracy
because it takes only some time to calculate the accuracy than other algorithms such as k-NN (k-Nearest Neighbor*s algorithm)

and decision list so if attributes are independent with each other we can use it in medical fields [1].

Experimental Results and Discussion

This section introduces the data sets and methods used in designing the experiment.
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Data Description: Experimental evaluation of the system was done with data of 1600 patients alongside attributes (twenty-
one risk factors), data preprocessing was done by transforming the heart disease data into an understandable format. The data
collected was checked for the presence of error in data entry including misspellings and missing data. Following this process,
there was no error in misspellings but there were missing data in the cells describing some records for the attributes chest
discomfort type and exercise induced angina (ten cells), data reduction of the original twenty-one attribute was carried out to
select the most important feature of attributes for heart disease risk prediction (ten most important feature were selected). The
data was transformed into the attribute file format (.csv) for the purpose of the development of the predictive model for heart
disease risk. The dataset collected for the purpose of the development of the predictive model for the diagnosis of heart disease
risk was stored in (.csv) in the name heart disease Data (.csv). Rule-based Naive Bayes model was used for heart disease risk
and therapy recommendation. Rule-Based Naive Bayes model was adopted for the heart disease risks prediction. The set of

rules was constructed on top of Naive Bayes Classifier.

Heart disease risk levels which can either be severe, high average or low. The system presented recommendation based on two
therapies: life style therapy, which has to do with life style changes and pharmacology therapy which has to do with drug

prescription.

A test set is used to determine the accuracy precision and recall of the model. The resulting model applied to the condition and

testing instances, after completing the training.

The True Positive Rate, False Positive Rate, True Negative Rate and False Negative Rate determine the predictive data mining
efficiency [18]. In this study, we used two predictive and recommender model performance evaluation metrics; precision and

recall for the models.

SIN | Age | Gen Chest Distype Blood_sugar Resting Max Exang | IHB BP1 BP2
der electrographic heartrate
result
1 >40 f typical typel angina >120 mg/d| normal >125m/s yes yes >120mg/dl | >80 mg/di
2 >40 f typical type2 angina >120 mg/d| normal >125m/s yes yes >120mg/dI >80 mg/dl
3 >40 f non angina pain >120 mg/d| normal >125m/s yes yes >120mg/dl | >80 mg/di
4 >40 f asymptomatic >120 mg/dl normal >125m/s yes yes >120mg/dI >80 mg/dl
5 >40 f typical typel angina <120 mg/dl normal >125m/s yes yes >120mg/dl | >80 mg/di

Table 1: Sample dataset showing attribute value.
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Figure 1: Result of precision and recall of Rule-based Naive Bayesian Classifier.

55



www.tridhascholars.org | December-2019

L X

File Tasks Help Analysis

M Heart Disease Risks Prediction and Therapy Recommendation System

Testing Datasst

# ‘Age ‘ Sex. | chest . ‘ blood. | res_el ‘ max_h. | exang ‘ defexecl patient ‘ ihb | bp2 ‘ bp1 ‘ dark_. | skin_c. | bleedi ‘ swelli |vamn ‘Iaugue ‘ diabet | heart_. | Indige. ‘ hd_1
1 & | fmde |ypical. 13 having .. | 135 no e no Jes 05 20 yes yes yes Jes e yes yes yes yes sevel
- 2 W kmde | ypial. 126 normal 160 yes Jes yes ne 62 112 yes yes o ne e yes yes yes o medi
3. B mee |symp. 124 ventric.. | 160 yes e no Jes 802 95 |no yes yes Jes e yes yes yes yes figh
/|\ Home 4 4 |mase |nonsn. T2 normal | 146 no ne no ne &5 8 no yes yes ne ne yes yee yes yes high
a
o Regster 555 male |typesl.. T8 ventric.. | 130 no yes no ne 721 30 yes yes yes e o yes yes yes yes el
Upload 6 34 | femse |nonsn. 108 normal 135 no o no yes 825 835  yes yes o yes o o no o yes figh
RENDE S (7. 20 | femde |typical. 14 having .. | 118 o e o yes 655 ol yes yes no yes yes no no o yes e
& 3 make | nonen. M ventric.. | 142 yes ne no ne 395 589 yes yes yes ne Jes o e no o medi
Train Dataset 8. T2 meke |typiedl. 100 \entric.. | 125 no Jes no e 612 112 yes yes yes e e yes ne o o low
ﬁ’i Users 0 20 | fmse | nonen. 127 having .. 122 yes Jes yes ne 02 |95y no yes ne e yes yes yes yes low
T 3 | fmde |symp. 128 normel | 70 no e yes e & 59 yes o o Jes e yes yes yes yes med
0 Probabiities

R =R AW f S et

[ — e Heodsa neys ola ol luesf dose?
aailsbasrmoss goes T
16 il ot epul gl ol

[ p— ritsxeeeod 1o oagasl) oooh  sumens bookd Loy ledoT
arju-d et T L Ga ST s

el crmeonkd sm B sebrmrnaetoon BMES wink GmES .aE- R

Figure 3: Interface for therapy.

System Evaluation

To compare the performance of the system of Rule-based Naive Bayesian Classifier, and ruled based recommendation, Heart
Disease Dataset is divided into two parts for example, training data 70% and testing data 30%. The evaluation of the system
was carried out using Precision, Recall, F-measure, Overall Precision, Average Precision, Overall Recall, and Average Recall.
Precision shown in equation (4) (also called positive predictive value) is the fraction of relevant instances among the retrieved
instances, while recall (also known as sensitivity) is the fraction of relevant instances that have been retrieved over the total

amount of relevant instances [16].

Both Precision and Recall are therefore based on an understanding and measure of relevance [20]. Overall and Average

Precision are shown in equation (8) and (9) respectively. Overall and Average Recall are shown in equation (10) and (11).
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TP

Precision=
TP+FP
TP
Recall=
TP+FN

2 * Precision x Recall

F — measure =

Precision x Recall

n
i=1 F — measure;

Average F — measure =
n

. TP;

Overall Precision = W

Average Precision = "
Overall Recall = <=t 0
verall Recall = SUTP, + FN,

™1 Recall;
Average Recall = ——

n .
Yo, Precision;

TP = (True Positive): Number of correct predictions of an instance that is relevant.

FP = (False Positive): Numbers of incorrect predictions of an instance that is relevant.

FN = (False Negative): Number of incorrect predictions of an instance that is irrelevant.

(4)
®)

(6)

@

®)

®)

(10)

¢8))

The model gives average precision of 91% and recall of 83% and average F-measure of 69% the precision and recall values

for the classes are given in (Figure 1). The interface for heart disease risks prediction ad therapy is shown in (Figure 2 and

Figure 3). Experimental tests were conducted based on the two models: Rule-Based Naive Bayes and the conventional Naive

Bayes model. The Rule-based Naive model was tested against 480 data point after being trained with 1,120 data points. This

exact same sample was also executed by the conventional Naive Bayes model. The results from the two model were compared.

Model AP AR AF
Naive Bayes 086 | 0.79 | 0.50
RBNC 091 | 0.83 | 0.69

Table 4: Result of Comparison of current work using conventional naive bayes model in terms of average precision, recall
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Figure 4: Comparison of current work using conventional naive bayes model in terms of average precision, recall and f-

measure.
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The Rule-based Naive Bayes model achieved higher Average Recall (91%), Precision (83%) and F-Measure (69%) as against
the conventional Naive Bayes model with Average Recall (86%), Precision (79%) and F-Measure (50%). (Table 4) and (Figure
4) shows the result of comparison. The result show that the Rule-Based Naive Bayes model have higher precision, recall and

f-measure than the conventional Naive Bayes model, hence, higher performance.

Conclusion

Machine Learning techniques are widely used in various fields and primarily health care industry has benefitted a lot from
machine learning prediction techniques. It offers a variety of decision support tools targeted at improving patients’ healthcare
quality. Most of the existing systems make predictions without recommending therapies. Hence, in this thesis, the possibility
of adopting a model that can serve the purpose of risk prediction and therapy recommendation was explored. A Rule-based
Naive Bayes model is proposed for heart disease risks and therapy recommendation. The system allows record entry of new
patient which provides categories of heart disease risks and give lifestyle ad pharmacology therapy. In the conventional Naive
Bayes model, whenever a new data record is to be classified, the entire dataset must be scanned in order to apply a set of
equations that perform classification. This is time consuming especially for big data. The proposed Rule-Based Naive Bayes
model in this work helps to solve this problem.

Furthermore, the system was evaluated by twenty-five users consisting of ten experts and fifteen patients from hospital. The
users rated the proposed system in terms of ease of usage, satisfaction, acceptability, user friendliness and speed. From the two
test groups; 87% users were overall satisfied with the recommendation. They were pleased with the application's ability to give
drugs and lifestyle therapy recommendation, 93% users indicated that the system is quite easy to use, 98% users indicated that
the system is user friendly, 90% of the users love the system, and 98% of the users indicated that it has decent speed in
recommendation. Therefore, the proposed system classifies the given data into different categories and also predicts the risk of

the heart disease if unknown sample is given as an input thereafter gives therapy recommendations.

Future research work could incorporate other classification techniques, such as decision tree, KNN, and many other
classification techniques can be conducted and compared to find the most valid one. Data associated with cardiovascular disease
analysis, such as ECG, echocardiography or coronary angiography can be used for further research. In addition, improvement

can be done in this area by involving a large number of experts through crowdsourcing or health social network.
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