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Abstract— Machine learning is considered a tool for 

solving several problems in many disciplines such as 

health domain (cardiovascular diseases). Cardiac 

catheterization can be exploited for diagnosis and 

treatment of cardiovascular diseases. Catheterization has 

hazardous effects and consequences to individual’s life. 

Therefore, the research aims to build a classifier, which 

can be used to predict whether a patient needs to be 

followed up by the doctor after a cardiac catheterization 

procedure, or not. Logistic regression is the supervised 

learning algorithm, which is interested in constructing a 

model.  Classifier can be utilized in for predicting in 

unseen cases. The principal component analysis is utilized 

to minimize the number of features. It was discovered that 

the Logistic regression algorithm has great results when 

the number of the features smaller comparing to larger 

number of the features.     

 
Key Words— Machine learning (ML), Cardiac 

Catheterization, Logistic regression, principal component analysis 

(PCA),  Cardiovascular Diseases (CVD).. 

I. INTRODUCTION 

HE cardiovascular disease is any disorder of the heart and 

blood vessels. Cardiovascular disease is responsible for 

raising death rate in several countries [1], [2] because it 

has no CVD early symptoms in life. The appearance of the 

fatal complexity of CVD has in middle-aged or adults [3]. In 

2015, The World Health Organization (WHO) estimated that 

cardiovascular diseases were the third reason of death all over 

the world [4]. In Benghazi Heart Diseases Center, eighteen 

percent of the patients undergo cardiac catheterization 

procedure [5]. The study presents a logistic regression with 

binary classes. It is based on two factors, which are the size of 

the dataset and the number of features.    

 
 

¹ Department of Computer Science, University of Benghazi, Benghazi, 
Libya. 

² Department of Computer Science, University of Bright Star, El-
Brega, Libya. 

tahani.kasih@uob.edu.ly¹ 

Emad.Rabeh@bsu.edu.ly² 

II. RELATED WORKS 

Alizadehsani, Abdar, Roshanzamir, Khosravi, and Kebria, 

have the studied ML-based diagnosis of coronary artery 

disease. The impact of some components of the study are the 

size of the dataset, geographical location, dataset features, and 

stenosis of the coronary artery, applying some ML techniques 

like feature selection, performance matrices, and artificial 

neural network (ANN), support vector machine (SVM), and 

decision trees (DTs). The best performance of classifiers is 

ANN and SVM because these classifiers can apply to the 

nonlinear kernel function [6]. 

 Kutrani and Eltalhi conducted a research to know whether 

a procedure of catheter is useful. Weka software applied in 

this experimental evaluation study for prediction process with 

five supervised learning algorithms, namely Naïve Bayes, 

SVM, k-Nearest Neighbour (KNN), J48, and ANN. The 

performance’s evaluation of the supervised learning 

algorithms depended on the prediction accuracy and ROC 

area. This research found that Naïve Bayes, Neural Network, 

and J48 algorithms had the highest scores; besides, using the 

J48 algorithm without smoker feature is the best classifier for 

catheter procedure with a score of 89% [5].   

Alonso-Betanzos, Bolón-Canedo, Heyndrickx, and 

Kerkhof introduce a study that exploits the support vector 

machine to predict heart failure; besides, heart failure has two 

classes. The result of the study clarifies that the selected 

model has a role of guidance for classifying heart failure 

subtypes [7].  

  

III. MATERIAL AND METHODS 

Please notice that in your Author Center you may check the 
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decision. If you find that your manuscript is not moving in the 

process for a month or more please contact the Editor-in-

Chief. 

A. Methodology 

The proposed model submits the notion of stages for 

building and selecting a perfect classifier as shown in Fig. 1. 

In the beginning, we divide the catheter data set into a training 

set and testing dataset. Training set is divided into the training 
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set and validation set (Val. set). The training set is to train a 

classifier, while the validation set is interested in repetitively 

tuning different parameters to enhance the performance of 

classifiers for making predictions of the testing set and 

validation set is for classifier selection.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

B. Dataset  

The dataset is real data that has been gathered from 

Benghazi Heart Disease Center in Benghazi, where that the 

actual patients underwent cardiac catheterization from 2004 to 

2007. The total numbers of the data are 814 and 975 and the 

numbers of features are 21. After preparing the dataset, the 

sizes of the dataset were 772 and 947 instances. In addition, 

some features were generated during the study to realize the 

effect on the classifier. The numbers of generated feature 

were 351 and 356.  

1) Data wrangling 
According to [8], selecting a good dataset set for ML was 

the biggest matter. Some faults of the dataset can figure out as 

shown in Table I.  

TABLE I.  PROCESSES OF WRANGLING DATASET 

Issue Process 

Identical rows   Dropping down duplicates. 

Some continuous data in the dataset 

require separating into bins like age 

[9]. 

Discretization and Binning 

Most ML algorithms prefer to deal 

with numerical values. Nominal 

features should convert into 
numerical values [8]. Transformation 

is an additional task concerned in 

transform existing features or 
generate new features depended on 

the data itself [10]. On the other 

words, another type of 
transformation for a ML program is 

converting a categorical variable into 

Transforming Data: Computing 

Indicator/Dummy Variables 

a “dummy” [11]. 

One of the most important 

transformations we need to apply to 

our data is feature scaling. With few 
exceptions, ML algorithms do not 

perform well when the input 

numerical attributes have very 
different scales. Min-max scaling 

(so-called normalization) is quite 

simple: values are rescaled within 
scale 0 -1 [8]. 

Feature Scaling 

This approach discovers our data. It 

can assist us in understanding the 

dataset [11]. 

Data Visualization 

            

The split of the dataset into a training set (70% or 80% of 

total data) and a test set (30% or 20% of the rest data) is a 

suitable method. This split has to be completely random [9], 

[12]. Table II summarizes the dataset after omitting duplicated 

rows and missing values. There were four samples of the 

dataset divided according to two factors. These factors, size of 

dataset and number of features. 

TABLE II.  THE DATASET AFTER THE PROCESS OF WRANGLING 

Datasets  
Dataset 

(a) 

Dataset 
(b) 

Dataset 
(c) 

Datas
et (d) 

Raw data 814 814 975 975 

Without duplicated data 794 794 950  950 

Without missing data 772 772 947 947 

The number of features 21 21 351 356 

The size of the training dataset 
(80%) 

651 651 710 710 

The size of the testing dataset 

(20%) 

163 163 237 237 

 

Table III provides features, their types, and their domain 

that can interpret actual data. It contains 3 numerical features 

and 11 nominal features. 

TABLE III.  FEATURES AND THIER TYPES AND DOMAINS. 

Feature  Type  Domain  

Age  Numerical  [5, 88] 

Latitude Numerical  [23.3112, 32.8872] 

Longitude Numerical  [13.1913, 24.5168] 

Gender Nominal  [F, M] 

Stages  of age Nominal  [Adult, Child, Pediatric] 

Myocardial Infarction (MI) Nominal  [+,-] 

Hypertension (HTN) Nominal [+,-] 

Diabetes (DM) Nominal [+,-] 

Chest Pain (Angina) Nominal [+,-] 

Smoker Nominal [+,-] 

Ischemic Heart Disease 

(IHD) 

Nominal [+,-] 

Procedure Nominal [Atrial Septal Defect 
(ASD), Balloon Diltitio,  

Left Heart 

Catheter(LHC), 
Permanent Pacemaker 

(P.Pacemaker),  Patent 

Ductus Arteriosus (PDA),   
Percutaneous 

Transvenous Mitral 

Commissurotomy 

Training set 

Dataset 

Testing set 

Wrangling dataset 

Training optimal 
parameters 

 

Tuning parameters 

 

 Logistic Regression Algorithm Classifier 

Training set 

 
Validation set 

Figure 1. The proposal model 
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Figure 2. Importance of features using logistic regression 

(PTMC),  Right Heart 
Catheter(RHC), Stent] 

ANA system Nominal [General, Local] 

Recommendation [following 

up] 

Nominal Labeled classes [yes, no] 

When the logistic regression classifier fits with the dataset. 

There is the coeff_ property that consists of coefficients. The 

coefficient of each input feature identifies the important of 

features score. For the binary classification problem with 

classes 0 and 1, the positive scores designate a feature, which 

predicts label class 1 whereas the negative scores designate a 

feature that predicts label class 0. The important scores 

provide insight into the dataset and a classifier [13].  Fig. 2 

describes the important scores of the features based on 

coefficients that have discovered through the fitting process of 

the classifier. The bins of ages and procedures support the 

labeled class 1, while ANA is the most one to support the 

labeled class 0 as well as IM and HTN. 

As mentioned above in Table I, data require certain 

processing, which can be applied to dataset for ML. When 

ML deals with a huge number of features, the computing 

process and analysis will be more complicated. In addition, it 

is difficult to identify patterns by the performance tasks of 

ML. The principal component analysis (PCA) finds out the 

features of maximum variance in high-dimensional data and 

also preserves and displays this information in a smaller 

dimensional space [14]. Occasionally, the feature space 

includes an enormous number of features. Therefore, 

analyzing and visualizing the dataset represents a challenge 

with the massive number of features. The purpose of PCA is 

to decrease the number of features by determining a set of 

principal features. Consequently, the reduced subset of 

features includes newly created features that were not a piece 

of the actual feature set [10].  

Fig. 3 portrays the dataset with labeled classes. To sum up, 

everything that has been stated so far and data visualization 

make us understand better dataset. Fig. 3 reflects that insight 

into of the dataset by using the PCA. The training set with the 

labeled classes, where the yellow dots show these patients 

who do not require following up, while the purple dots denote 

the patients needing it.  

 

C. Logistic regression 

Logistic regression is one of the most famous optimization 

algorithms [10], [15] because it is a straightforward and 

powerful method for linear and binary classification issues 

[15]. It estimates the probability of example belongingness to 

a specific class. When the estimated probability is greater than 

0.5 then the classifier predicts that the example belongs to 

class 1 otherwise 0 for a binary classifier [8], [10]. The 

logistic regression is the extension of linear regression, where, 

the logistic regression given by applying the Logistic function 

to the linear regression model representation [8].   
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Where θ denotes parameters and X denotes the input 

vector [10], [15]. The output of the logistic function (between 

a number 0 and 1) [10].  As shown in Fig. 4, the logistic 

regression model predicts 1 if 𝑋𝑇  is positive, and zero if 𝑋  is 

negative [8].  

D. Under-fitting and Over-fitting 

The main challenges of ML are under-fitting and over-

fitting. These challenges can be figured out as follows: 

 The classifier has very high training accuracy and low 

validation accuracy, which means that neglects to 

generalize to the validation set. This issue refers to over-

fitting [16]. A complex classifier with large features 

leads to over-fitting which is recognized by high 

variance and low bias [15], [16], [17].  

 In contrast, the classifier is fitting the training set poorly 

with low accuracy on the training set and the validation 

 Figure 3. Training set with labeled classes 

 Figure 4. Logistic Function 
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set. This classifier has affected by high bias and low 

variance. It suffers from under-fitting. A too 

straightforward classifier with insufficient features leads 

to under-fitting [15], [16], [17].   

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

According to [15], [16], Table IV illustrates the issues of 

under-fitting and over-fitting issues, and how to fix both of 

them. In some cases, over-fitting, and under-fitting can be 

fixed by the same process. 

 Therefore, to find a perfect classifier, it needs to balance 

between variance and bias. For enhancing the classifier’s 

performance, we should reduce the high bias by making some 

changes to a classifier. On the other hand, to get better 

generalization from a training set to a validation set, we need 

to treat some components [16].  

1) Learning curve 
Before delving into the Learning curve details, we should 

first recognize how to determine avoidable bias, variance, and 

unavoidable bias. The Avoidable bias can be computed via 

the difference between training error and optimal error rate 

(unavoidable bias). Variance has estimated by the difference 

between validation error and training error. An optimal error 

rate is an unavoidable bias, which means that the error rate 

should be acceptable. Besides, it has specified as a part of the 

learning algorithm [16]. The learning curve is commonly used 

to diagnosis whether the classifier has under-fitting and over-

fitting [15].  

Fig. 5 shows the changes in the accuracy of several training 

samples. Fig. (a) demonstrates that the training curve was 

steadily reduced relative to the validation curve rises. At 

exactly on the specific sample, these accuracy curves 

gradually converge and remain constant. This is exactly what 

happened in Fig. 5 (c), but both curves rise slowly to the large 

point and remain stable.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE IV.  UNDERFITTING AND OVERFITTING, REASONS AND FIXS 

 

(a) (b) 

(c) 
(d) 

Figure 5.  Learning curves for diagnosis bias and variance 



 

82 
 

 Libyan Journal of Engineering Science and Technology (LJEST)   Vol. 1, N0. 2,   2021 

Thus, the bias and variance are slight. This case is the 

most interesting for business. Therefore, we can add much 

more new data without changing the complexity of the 

classifier. Fig. (b) points out that the training accuracy 

decreased slowly from just 100% to around 95% as well as 

the size of the training set increased, validation accuracy 

decreased slowly and remained around 85% along with the 

training set size. Corresponding to the accuracy curves flatten 

out and there is no converged, which means the classifier has 

high variance and suffers from over-fitting. In Fig. (d), we can 

notice that the classifier has also high variance and tolerates 

over-fitting as Fig. (b). To overcome over-fitting, adding 

more new instances probably help to be these curves 

converge.  

2) Validation curve 
A validation curve is appropriate means for enhancing the 

performance of a classifier by addressing issues such as over-

fitting or under-fitting. Validation curves are associated with 

learning curves, but instead of plotting the training and testing 

accuracies as functions of the sample size, we vary the values 

of the classifier’s parameters, for example, the inverse 

regularization parameter "C=1/λ" in logistic regression [15]. 

The validation curve reflects the impact of classifier 

complexity on the accuracy when both training and validation 

curves are close to each other at lower accuracy, it denotes the 

classifier has under-fitting. On the other hand, if there is a gap 

between these curves, then it indicates to over-fitting [16], 

[17].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6, exemplifies that the accuracy varies along with the 

inverse regularization rate referred to as C. In Fig. 6 (a) and 

Fig. 6 (c), the training accuracy and validation accuracy 

curves are both steady, but in Fig. 6 (a), these curves remain 

stable at 87.5%. In Fig. 6 (c), these curves stay constant at 

90%. Thus, the classifier motivates business sector. On the 

contrary, Fig. 6 (b), and Fig. 6 (d), point out that the accuracy 

curves of both training and validation sets rise considerably, 

but in Fig. 6 (b) both these curves separate proximately at 

87%, where training accuracy curve ascends gradually, while 

validation accuracy curve descends slightly along with 

increasing of the inverse regularization parameter. Fig. 6 (d), 

demonstrates that both the accuracy curves are converged at 

the beginning, and then increase dramatically until they reach 

90%, then, both of them are separated, where,  the validation 

accuracy curve drops down, at the same time, the training 

accuracy curve is a slight rise.  

E. Tuning classifier with the Alpha parameter 

In ML, gradient descent is a procedure to minimize the 

cost function. Stochastic gradient descent is one of the 

techniques used to evaluate and update the coefficients every 

iteration . The coefficients of the classifier were learned by an 

optimization method called stochastic gradient descent. It is a 

logistic cost function partial derivatives. Learning rate is an 

important parameter for tuning the classifier’s weights [18]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) (b) 

(c) 
(d) 

Figure 6. Validation curve for diagnosis bias and variance. 
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1) Stochastic Gradient Descent  
Stochastic Gradient Descent (SGD) makes the algorithm 

faster when it deals with large data. It picks a random 

example in the training set for each step and calculates the 

gradients depending only on a single example. The significant 

parameter in SGD is the size of the step determined by the 

learning rate, which refers to alpha; the small alpha is the 

better. When the learning rate is extremely low, it makes the 

algorithm make many iterations and a time-consuming to 

converge. At the opposite extreme, if the learning rate is 

extremely high, then it may make the algorithm diverges and 

fails to resolve [8], [18]. The small learning rate is better, 

which can be a range between 0 to 1 [8], [14], [15], [18]. 

Fig. 7 clarifies the tuning process of the classifier by 

selecting the learning rate for four classifiers namely (a), (b), 

(c), and (d). Fig. 7 (a) and (c) display good trends. The 

training and validation curves converge steadily when these 

curves move the right side with more data. The quality of the 

classifier had enhanced on the validation set. However, Figs. 

7 (b) and (d), illustrate that there is a gap between the training 

and validation. These curves diverge, but adding more data 

may make them converge.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

a) Regularization against classifier complexity 

A regularization rate is a method for decreasing the 

classifier’s complexity by penalizing considerable individual 

weights, where the L2 norm represents the weight vector [15]. 

It is as follows:  

   ‖ ‖ 
  ∑  

  

 

   

 (3) 

 

The alternative method is used to reduce the complexity of 

the classifier, where the L1 norm represents the weight vector 

[14]. It is as follows:  

    ‖ ‖  ∑|  |

 

   

 (4) 

b) Tuning the classifier with grid search 

There are two types of parameters in ML. These parameters 

are weights and parameters of the learning algorithm, where 

the weights have learned from the training set. The parameters 

of the learning algorithm enhanced them separately [15]. The 

tuning parameters referred to as hyperparameters such as the 

regularization parameter in logistic regression. For improving 

the performance of the classifier, a popular tuning 

optimization technique called grid search was used. This 

technique is helpful in upgrading the performance of the 

classifier by locating the optimal parameter values [15]. 

(a) (b) 

(c) (d) 

Figure 7. Tuning classifiers with the alpha parameter. 
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Table V illustrates the best classifiers with the best 

hyperparameters in the validation set (Val. set). According to 

the grid search, the classifier (d) is the best one at all with all 

penalties and Cs, where the performance of the classifier (d) 

on the validation set was around 90%, while the performance 

of the classifiers (a) has the converged validation accuracy 

around 87% with the different hyperparameters. The classifier 

performance (c) rises along with increase of the dataset size 

more than the classifier performance (a), which was with the 

different hyper-parameters. Besides, the classifier 

performance (d) is higher than the classifier performance (b) 

along with increase of the dataset size and the number of the 

features with the most hyperparameters. The classifier (d) has 

the greatest validation accuracy of 90% at penalty=L2. 

TABLE V.  THE BEST PARAMETERS SET FOUND ON VAL. SET 

Penalty  
C  Classifier  

(a) 

Classifier 

(b) 

Classifier 

(c) 

Classifier 

(d) 

L1 1.00 87.682% 87.844% 89.564% 89.859% 

L1 0.1 87.034% 88.655% 88.771% 89.577% 

L2 1.00 87.682% 87.520% 89.3% 90% 

F. Binary classification performance metrics  

There are several measures evaluate the performance of a 

binary classifier such as accuracy, precision, recall, F1 

measure, and ROC AUC score. These measures are based on 

the notions of true positive, true negative, false positive, false 

negative. Positive and negative represent the classes while 

false and true indicate whether the predicted class matches 

with the true class [19].  

1) Confusion matrices 
The confusion matrix is a satisfying manner for evaluating 

a classifier’s performance. Common sense is to compute the 

total of instances of a positive class such as 1, some others are 

classified as a negative class such as 0. We can calculate the 

confusion matrix by using instances of prediction from the 

testing set comparing to actual classes [8]. The main 

diametrical items of the confusion matrix related to correct 

classifications, while the rest of items in the confusion matrix 

are incorrectly classified as another class [15]. When false 

negative and false positive are both equal to zero and true 

positive and true negative are not equal to zero that means we 

have a perfect classifier [8]. Table VI illustrates the confusion 

matrix.  

TABLE VI.  CONFUSION MATRIX. 

True class True negative (TN) False positive (FP) 

False class False negative  (FN) True positive (TP) 

 Predicted negative Predicted positive 

 

According to [14], we can summarize these measures as 

follows:   

 Accuracy is the percentage of correct predictions.    

         
𝑇  𝑇 

(𝑇  𝑇       )
 (5) 

 

 Precision is the percentage of positive predictions that 
were correct. 

          
𝑇 

𝑇    
 (6) 

 

 The recall is the percentage of positive predictions 
captured.      

       
𝑇 

𝑇    
 (7) 

 

 Fall-out rate is the percentage of negative predictions 
captured as false positives. 

         
  

   𝑇 
 (8) 

 

 F1 score is the weighted average of precision and recall. 

               (
                

                
) (9) 

Fig. 8 elucidates that the confusion matrix that gives us a 

large amount of information. However, we would rather have 

a more concise metric. The first row in the Fig. 8 represents a 

negative class. Fig. 8 (a), (b), (c), and (d) are clarifies show 

that 89, 89, 127,125 patients were correctly predicted as the 

true negative class respectively, while the remaining ones (1, 

1, 0, 2) were wrongly predicted as false positive. Notice that 

in Fig. (c) the false positive is zero. This sounds good. The 

second row denotes the positive class. In Fig. 8 (a), (b), (c), 

and (d), 51, 49, 46, and 47 of patients were properly predicted 

as a true positive, whereas the rest of them (14, 15, 17, and 

16) were wrongly predicted as a false negative respectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A trade-off between optimizing recall and optimizing 

precision exists. If false, negatives or true negatives do not 

belong to the positive class, then we get a perfect recall. 

Conversely, predicting all testing examples especially false 

(a) (b) 

(c) (d) 

Figure 8.  Confusion matrices for classifiers 
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positives and true positives as positive class will lead us to 

very low precision. On the other hand, if you get a classifier 

that predicts only all positive ones as true positive and the rest 

as negative, that means that the precision of the classifier is 

perfect then recall is poorly bad. F1 evaluates whether the 

fitness of our classifier [20].  

2) Precision and recall curve 
When a curve keeps on the upper-right corner that means 

that the classifier is perfect, and then precision and recall will 

be high at the same threshold. Generally, an essential aim is to 

determine the same appropriate threshold for a class with high 

precision and high recall [20]. The alternative approach used 

to pick a good precision/recall tradeoff is to plot precision 

precisely comparing to recall. However, it is depend on the 

type of business [8].    

 Fig. 9 introduces the trade-off between recall and 

precision to pick up the optimal performance of the classifier 

at the default threshold. Fig. 9 (a), (b), (c), and (d) show that 

recall exactly starts to drop down partially around 80%. We 

also need to pick a precision and a recall tradeoff of around 

80%. The red circle sign indicates the threshold of zero that 

represents the default threshold for the decision function. 

From the comparison plot, we can notice that the performance 

of classifiers (a) and (d) are the best ones with high recall at 

high precision around the approximate precision equal to 98% 

as shown in Fig. 9 (a) and (d). On the other side, the worst 

one is the classifier (c) with high precision and low recall. It 

means that may need to add new data, or/and change features. 

Fig. 9 (b) represents the precision-recall curve for the 

classifier (b), which is like the one in Fig. 9 (c).               

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3) Receiver Operating Characteristic (ROC) 
A ROC is the most essential matrix that visualizes the 

performance of a binary classifier. The area under curve 

(AUC) deems the pretty manner to extract a binary classifier’s 

performance in a specific value [14], [15]. A great classifier 

would rise sharply into the top left corner of the graph with a 

true positive rate (TPR) equal to one and a false positive rate 

(FPR) equal to zero. We can have an insight into the 

classifier’s performance by The ROC AUC [15]. AUC is the 

area under the ROC curve, which represents the expected 

performance of the classifier [19].   

Fig. 10 depicts the area under the classifier’s ROC curve. 

Depended on the ROC AUC (area), we can compare four 

classifiers. A perfect classifier has ROC AUC score equal to 

one. We can see the classifier (b) looks much better than the 

others do. On contrary, Fig 10 (d) displays the lowest one is 

classifier (d) with ROC AUC score equal to 0.87. The ROC 

AUC score for the classifier (a) is equal to 0.89 as well as the 

ROC AUC score of the classifier (c) as shown in Fig 10 (a) 

and (c), besides, the classifier (b) has the ROC AUC score 

that is the closest to1.    

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

I. RESULT & DISCUSSION  

Table VII presents the comparison between four classifiers 

built by logistic regression based on two factors. These factors 

are the size of the dataset and the number of features. The 

classifier (d) has the highest accuracy about 91.561%. 

Besides, classifier (c) has a great accuracy of about 91.053% 

and classifier (a) has an accuracy of about 90.323%. 89.677% 

is the lowest accuracy of the classifier (b).Although the 

percentage of precision of the classifier (d) was excellent, the 

recall percentage of the classifier (d) is low comparing to the 

recall percentage of the classifiers (a), which means several 

patients had predicted as false negative (do not require follow 

up). Nevertheless, the highest recall percentage of the 

classifier (a) is about 78.462% at a precision percentage equal 

to 98.077%. On the contrary, the lowest recall percentage of 

the classifier (c) is about 73.016% at precision percentage of 

(d) 

(b) 

(c) 

(a) 

Figure 9.  Precision-recall curves. 

(a) (b) 

(c) (d) 

Figure 10.  ROC curves for classifiers 
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Figure 11.  The decision boundary for classifier (a). 

100%. Therefore, classifier (a) is the best for picking up the 

optimal performance using a good precision/recall tradeoff 

TABLE VII.  THE CLASSIFIERS WITH METRIC MEASURES. 

 

To recap the overall performance, the F1-score prefers the 

classifier with high precision at high recall, but this is not 

exactly what we require, it depends on the business. We 

desire the classifier that can be able to predict patients need 

follow up by the regardless the patients had classified as 

needing to be followed, but they do not need it as false 

positive. In addition, we are interested in some patients who 

need to be followed by the doctor, but these instances had 

been predicted as a false negative. Therefore, we firstly 

should focus on the classifier with the highest recall 

percentage. Depending on the result in Table VII, the best 

classifier among these classifiers is the classifier (a) that has a 

recall percentage of 78.462% at the precision percentage of 

98.077%.   

The performance score of the classifier (a) on the testing 

set is about 90% and the training score of the classifier is 

87%. It is a good trend. Fig. 11 shows the gray decision area 

and yellow decision area. The gray decision region presents 

the patients who have an estimated probability of greater than 

0.5 of being “follow up”, otherwise, these patients do not 

require to be followed by the doctor. We can notice that the 

linear decision boundary splits the gray and yellow regions by 

applying logistic regression.  

II. CONCLUSION 

Logistic regression algorithm is a great tool for discovering 

what is behind our data and building classifiers. It can make 

predictions on new data like diagnosis. The logistic regression 

as the ML algorithm is the classification algorithm. This study 

uses logistic regression to build four classifiers, which are to 

predict patients require follow up. The building process of 

these four classifiers was based on the size of the dataset and 

the number of features. The preferred classifier is classifier (a) 

that has been selected based on the percentage of performance 

accuracy (90.323%), precision percentage (98.077%) at recall 

percentage (78.462%), and the F1-score percentage 

(87.180%) that is less than the F1-score for the classifier (d), 

which is about 87.342%. However, according to the heart 

disease discipline, we focus on recall percentage more than 

other percentages. 

The recommended approaches are artificial neural 

networks (ANN), support vector machines (SVM), and 

decision trees (DTs), Bayesian probability, and deep  neural 

networks (DNN), which can be used in the future for 

classification problems.   
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