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Abstract 

Recently, Electrocardiography (𝐸𝐶𝐺) signals are commonly used in diagnosing the cardiac arrhythmia 

that shows up with the loss of the regular movement of the heart. Approximately 5% of the world 

population have cardio motor disorders. Therefore, usage of the 𝐸𝐶𝐺 signals in biomedical signal 

processing algorithms and machine learning methods for automated diagnosis of this widespread 

health problem is a popular research topic. In this paper, the Particle Swarm Optimization (𝑃𝑆𝑂) 

technique is implemented to tune the parameters of Tunable 𝑄-Factor Wavelet Transform (𝑇𝑄𝑊𝑇) 

and the new generation feature generator Hamsi Hash Function (Hamsi-Pat) is used to obtain the 

characteristics of the signal. Sub-signals of 10 s obtained from the original 𝐸𝐶𝐺 signal are divided into 

their sub-bands of 25 levels with PSO and 𝑇𝑄𝑊𝑇. Each of these low pass filters generates 536 

dimensional features by applying Hamsi-Pat and statistical methods. Then, all these features are 

combined and 536 × 25 = 13400-dimensional feature set is obtained. The features in the set are 

reduced and the best of them are selected by using the Iterative Neighborhood Component Analysis 

(𝐼𝑁𝐶𝐴) method. Finally, the 𝑘-Nearest Neighbors (𝑘𝑁𝑁) classification method is applied to the best 

features according to the City Block measurement criterion. All studies cited to compare the results in 

this paper also use the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 Arrhythmia 𝐸𝐶𝐺 database. Hence, the difference could be 

observed in the used techniques. In contrast to the existing studies, this study shows its superior 

performance by classifying all 17 classes simultaneously by applying a “fused” approach. The method 

in the paper reached 98.5% classification accuracy on the 17 classes of the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 Arrhythmia 

𝐸𝐶𝐺 database. The results indicate that the proposed method showed better rates from the existing 

studies related to arrhythmia diagnosis using 𝐸𝐶𝐺 signals in the literature. 
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1 Introduction 

1.1 Background 

Arrhythmia is known as the disorder in a heartbeat. A healthy heart rate is between 60 and 100 pulses 

per minute. An arrhythmia can change the heart rate to be lower or higher of these values. The low 

heart rate case is called bradycardia and the high heart rate case is called tachycardia. Arrhythmia is 

not only diagnosed with the heart rate. Irregularities or hesitations in the beat are also called 

arrhythmia. Difficulty in breathing, chest pain and tightness, dizziness and loss of consciousness are in 

the symptoms of the disorder. Cardiac or cardiovascular diseases, cigarettes, alcohol or drugs, anemia, 

vitamin deficiency and stress can be the causes. An arrhythmia can also be diagnosed in healthy 

individuals. It can be innocuous in some cases; however, it can be life-threatening serious. Due to the 

insufficient bloodstream during the rhythm disorder, a sudden death could be seen. Therefore, early 

diagnosis of the arrhythmia is considerably important and has recently been a research topic for 

machine learning, data science and biomedical engineering [1, 2]. 

 

1.2 Motivation 

Main motivation of this study comes from overcoming the classification of the challenging dataset, 

𝑀𝐼𝑇 − 𝐵𝐼𝐻 [3]. The dataset is created with 17 classes of cardiac arrhythmias collected from 45 

individuals. Due to the difficulties, majority of the existing studies prefer to propose methods to classify 

a few numbers of classes out of 17. This surely gives successful results; however, the whole dataset 

could not be represented. Hence, the main motivation of this study is to develop a method to have 

high success in the classification of all 17 classes at the same time. Also, development of a new point 

of view that could be used for different datasets was another motivation. With this motivation, the 

innovation and contributions that the study brought are given in the following sections of the paper. 

 

1.3 Related studies 

There can be found numerous studies based on the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 Arrhythmia database in the literature. 

Table 1 lists some of these valuable studies. The table gives brief information about the classifier used 

in the study and the number of classes studied on. 

It would be useful to pick some of the above studies to give brief information. Yildirim et al. considered 

all classes using deep convolutional neural network and reached a 91.33% accuracy in [4]. Similarly, 

𝐸𝐶𝐺 signals were used in cardiac health recognition in [5] and reached an accuracy of 91.4%. An 

accuracy of approximately 95% was achieved by Tuncer et al. in [6] and by Plawiak and Acharya in [7]. 

Sahoo et al. in [14] studied on 4 classes with 𝑆𝑉𝑀 and reached the accuracy of 96.67%. Gothwal et al. 

studied on neural networks classification of 6 classes of the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 arrhythmia database and 

obtained 98.48% accuracy rate in [20]. Benmessaoud et al. classified the 5 classes with the 𝐶𝑁𝑁 and 

found the accuracy of 99.24% in [26]. Their aim was to create a new high-quality heartbeat dataset 

from the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 recordings. They showed that downsampling the dataset has improved the 

classification accuracy and reduced the computation time. In [27], Mi and his colleagues studied on 

classifying the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 database samples with the 𝐵𝑃 algorithm. They claim that the 𝐵𝑃 network 

showed better performance than the SVM and 𝐾𝑁𝑁 algorithm in the study. Another artificial 

intelligence-based detection and classification of cardiac arrhythmia is done by Bhukya et al. in [28]. 

 



Table 1 Summary of related studies in the literature 

 

 

Table 1 (continued) 

 

The study implements deep learning, Naive Bayes algorithms and 𝐸𝐶𝐺 signal analysis throughout the 

paper. Mohanta, Motin and Kumar used the wavelet transform with deep learning model for the 

classification of 𝐸𝐶𝐺 signals in [29]. The deep learning approach developed with continuous wavelet 

transform has been trained and tested to identify five types of heartbeats and reached an accuracy of 

99.65%. The Novel convolutional neural network and convolutional long short-term deep learning 

models are presented for automatic detection of arrhythmia for IoT applications in [30]. Alqudah et al. 



studied on deep learning for single-lead 𝐸𝐶𝐺 beat arrhythmia-type detection using novel iris 

spectrogram representation in [31]. They aimed to classify all the 17 classes and reached an accuracy 

of 97.494% and Yan and Zhang used 𝑆𝑉𝑀 and KNN for the classification of 6 classes of the database 

[32]. As mentioned before, a common property of most previous studies is that, all 17 classes have not 

been considered to be classified at the same time. By contrast with these studies, the study in this 

paper aims to successfully classify all classes simultaneously. 

 

1.4 Proposed method 

The proposed method is a multi-level 𝐸𝐶𝐺 signal classification method based on the hash function 

feature generator. The flow diagram of the approach is illustrated in Fig. 1. 

Although this information is detailly given in Section 5, let us step by step investigate the classification 

process. 𝑇𝑄𝑊𝑇 is applied to the raw signal to generate features and disband the signal to low pass 

filters. The three decision variables, 𝑄 (factor), 𝑟 (redundancy) and 𝐽 (number of levels) of 𝑇𝑄𝑊𝑇 are 

optimized by 𝑃𝑆𝑂. Hence, the number of the levels of low pass filters is determined by taking the 

advantages of the 𝑃𝑆𝑂. Lower and upper limits of the decision variables are determined as 𝑄 ∈ [1,5], 

𝑟 ∈ [2,8] and 𝐽 ∈ [1,32] . The parameters of the 𝑃𝑆𝑂 are set in the following way. The maximum number 

of iterations is 200, the population size is 50, the inertia coefficient is 1, damping ratio of the inertia 

coefficient is 0.99 and the personal and social acceleration coefficients are set to be 2. After the 

optimization process of 𝑃𝑆𝑂, three parameters of 𝑇𝑄𝑊𝑇 are found as 𝑄 = 1, 𝑟 = 6.3948 and 𝐽 = 23 

thus, the signal is reduced into 23 levels of sub-signals using 𝑇𝑄𝑊𝑇. According to 𝑄 and 𝑟, the 

maximum number of levels is found as 𝐽𝑚𝑎𝑥 = 35. 

The feature generator consists of 2 stages. These are the Hamsi-Pat feature extraction and statistical 

feature generation. Hamsi-Pat is a previously proposed feature generator used for the fast and reliable 

generation of signal’s characteristics [33]. During the first stage, 512 features are extracted from the 

sub-bands of the signal. In the second stage, 24 features are extracted. Twelve of these are statistics 

of the features obtained from the sub-bands and the remaining 12 are the statistical features obtained 

from the Hash function and Hamsi-Pat. A total of 536 features are generated using both stages. 

Therefore, 536 × 25 = 13,400 features are being extracted in the whole dataset. Then, the dataset is 

cleaned from the columns of zero and the size of the dataset is reduced to include 13,314 features. 

Normalization is applied to the dataset. 

In order to select the most important features, 𝐼𝑁𝐶𝐴 has been used [33]. 240 of the total features are 

resolved as the most valuable ones by dynamic threshold intensity calculation criterion Feature 

Weights > 0.0005 * max(1, max(Feature Weights))). 240 features are processed by the 1NN classifier 

and 𝐾-Fold loss value is calculated by determining the cross-validation parameter to 𝐾-Fold = 5. 

Finally, 127 features with minimum loss are selected. In the last step, best 127 features are used by 

1NN in 1000 iterations considering 𝐾-Fold = 10. As a result, minimum, maximum, mean, standard and 

best accuracy values are obtained. These values are used as the input of k-Nearest Neighbors (𝑘𝑁𝑁). 

As known, 𝑘𝑁𝑁 is one of the most used classifiers in the literature [34]. 

  



Fig. 1 Flow diagram of the proposed approach 

 

1.5 Contributions 

From the motivation to classify all 17 classes at the same time, a multi-level hash feature extraction 

model is proposed in this paper. Main aim of the model is to extract the best features from an 𝐸𝐶𝐺 

signal to reach the best classification accuracy. For this purpose, statistical and textural feature 

extraction strategies are implemented together to obtain the signal features comprehensively. This is 

where the term “fused” comes from. It would be useful to briefly expand this concept. The signal is 

decomposed into its sub bands with the 𝑇𝑄𝑊𝑇 technique. The optimal number of sub bands is 

determined with the 𝑃𝑆𝑂 technique. Thus, the most useful features could be extracted. For the next 

step, each of these sub bands are applied on the Hamsi-Pat [33]. Simultaneously, the statistical 

features of the same signals are found. These statistics can be seen in Algorithm 2 in Section 5.1. 

Finally, all these features are combined to form the feature matrix. The method in this paper takes the 

advantages of both feature extraction techniques and combines them to form a superior approach. 

Hence, this method is a “fused” and also a consolidated point of view. 



𝑇𝑄𝑊𝑇 is used as a decomposition technique. To achieve the best decomposition parameters, 𝑃𝑆𝑂 is 

deployed on 𝑇𝑄𝑊𝑇 decomposition. The model is inspired from deep feature generation models as it 

uses multi-level feature generation method to generate both low-level and high-level features. Also, a 

new threshold based iterative 𝑁𝐶𝐴 feature selection method is applied in this paper. As stated from 

the literature, 𝑁𝐶𝐴 is a widely used feature selector. However, it cannot select the best feature vector 

automatically. To overcome this problem, Tuncer et al. [35] presented an iterative solution named as 

𝐼𝑁𝐶𝐴 however, the computational complexity of the 𝐼𝑁𝐶𝐴 is considerably high. A threshold value is 

defined to decrease this complexity and take the advantage of 𝐼𝑁𝐶𝐴. Here, the threshold value is 

selected as 5 × 10-4. By using this value and NCA weights, the redundant features are eliminated. After 

that, 𝐼𝑁𝐶𝐴 is processed. In this way, maximum number of iterations of the 𝐼𝑁𝐶𝐴 is decreased. With 

the above motivation, a high-performance 𝐸𝐶𝐺 signal classification model combined with the Hamsi-

Pat feature generator, 𝐼𝑁𝐶𝐴 selector and 𝑘𝑁𝑁 classifier is proposed. The model is tested on 17 classes 

of the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 database and the average accuracy value for all classes is obtained as 98.5%. This 

value is higher than the results of the related studies. 

When Table 1 is investigated, it can be seen that majority of the studies dealing with the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 

dataset use classical machine learning algorithms to classify a couple of classes. If the number of the 

classes to be classified is somewhat increased, the deep learning algorithms were used. The approach 

in this paper differs from the existing works by the usage of the deep learning algorithms in that this 

paper uses the advantages of the algorithms by combining them and applying a “fused” approach. 

To be the summary for the above information, the contributions of this study can be listed as given 

follows. 

 

 𝑇𝑄𝑊𝑇 is a widely preferred and a new generation decomposition method for onedimensional 

signals. However, it is a parametric method. Tuning the optimum parameters of the 𝑇𝑄𝑊𝑇 is 

a challenging issue. To solve this problem, 𝑃𝑆𝑂 is deployed to tune the TQWT parameters and 

a new optimized 𝑇𝑄𝑊𝑇 decomposition method is presented. 

 By employing the optimized 𝑇𝑄𝑊𝑇, Hamsi-Pat and statistical feature generator, a new multi-

level feature generation model is proposed to extract both low- and high-level features. This 

is the fused part. 

 A new threshold-based 𝐼𝑁𝐶𝐴 feature selector is presented. 

 

2 Background 

This section gives the background information of the method in this paper. In this direction, 𝑇𝑄𝑊𝑇, 

𝑃𝑆𝑂 and 𝐼𝑁𝐶𝐴 are briefly reminded. 

𝑻𝑸𝑾𝑻 The tunable 𝑄-Factor Wavelet Transform is an advanced form of the single 𝑄-Factor Wavelet. 

Its structure comes from the tunable decision variables, 𝑄, 𝑟 and 𝐽. Reminding the fact that 𝛼 and 𝛽 

represent the filter scaling factors and 0 < 𝛽 ≤ 1,0 < 𝛽 <  1, 𝛼 + 𝛽 >  1 , redundancy and 𝑄-factor 

parameters respectively are defined in the following way [36]. 

 

 

 



 

 

 

In other words, the Q-factor of an oscillatory pulse is the ratio of its center frequency to its bandwidth 

[37]. 

 

 

 

𝑃𝑆𝑂 The Particle Swarm Optimization is built on two major disciplines, social science and computer 

science [38]. With the help of the swarm intelligence concept, the algorithm searches for the best 

solution in a previously specified search space [39]. Each candidate solution is called a “particle” and 

represents a point in a D-dimensional space [40]. D is the number of the parameters to be optimized. 

Population of the particles forms the following swarm 

 

 

 

Here, 𝑁 is the number of the particles. Position of the 𝑖th particle is described by the following 

vector. 

 

 

 

Based on the following equation, the particles iteratively update their position to find the 

optimal solution for the problem. 

 

 

 

where, 𝑡 and 𝑡 +  1 stand for the two iterations and 𝒗𝒊 is the velocity components vector of 

the 𝑖th particle [40]. 

 

NCA The Neighborhood Component Analysis is a commonly used feature selector based on 

the weights of the feature columns. Let the weight of each edge between any two data points 

denoted as 𝑝𝑖𝑗. According to the 𝑁𝐶𝐴 calculates the probability that that data point 𝒙𝒊 selects 

𝒙𝒋 to be its neighbor with the following formula [41]. 

 



 

 

 

where, 𝑵𝒊 is the set of neighbors of 𝑥𝑖  and 𝑑𝐴𝑖𝑗
2  = (𝑥𝑖— 𝑋𝑗)𝑇 A (𝑥𝑖— 𝑋𝑗). A is a positive 

semidefinite matrix. The iterative version of 𝑁𝐶𝐴 in this paper is an advanced point of view. 

 

Fig. 2. 17 Classes of the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 arrhythmia database 

 

Fig. 3 Illustration of an 𝐸𝐶𝐺 signal 

 



3 Material 

3.1 Dataset 

The 𝑀𝐼𝑇 − 𝐵𝐼𝐻 Arrhythmia Database includes 48 half-hour excerpts of two-channel ambulatory 𝐸𝐶𝐺 

signal records acquired from 47 subjects. The record is built by BIH Arrhythmia Laboratory between 

1975 and 1979. More information about the dataset can be found in [3]. There are 17 classes in the 

database and these classes are illustrated in Fig. 2. 

A general illustration of an 𝐸𝐶𝐺 signal is given in Fig. 3. The signal consists of 𝑃, 𝑄, R, 𝑆 and 𝑇 points. 

Changes in the waves, intervals and in the shape of the signal give clues about the health of the heart. 

Brief information about Fig. 3 can be expressed in the following way. 

𝑃 Wave indicates the electrical force created by atrial activation. 𝑃𝑅 interval is the time from the 

beginning of atrial depolarization to the beginning of ventricular depolarization. 𝑃𝑅 time is measured 

from the beginning of 𝑃 wave to the first deflection of the 𝑄𝑅𝑆 complex. Ventricular activation time is 

indicated by the 𝑄𝑅𝑆 complex in seconds. 𝑄𝑇 interval is the total duration of ventricular systole. 𝑆𝑇 

segment is the interval beginning from the end of ventricular depolarization to the beginning of 

repolarization (𝑇 Wave) and 𝑇 Wave represents the electrical force created by ventricular 

repolarization. 

 

3.2 Classes 

Seventeen classes of the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 Arrhythmia database are listed in Table 2. 

 

4 Hamsi-Pat feature generator 

This study implements Hamsi-Pat, the previously proposed nonlinear local feature generator [33]. The 

pattern of the Hamsi-Pat is shown in Fig. 4. 

The pseudo code of the feature generator is given in Algorithm 1. 

 

 



Algorithm 1 Pseudo code of the Hamsi-Pat feature generation function 

 

Table 2 The number of 𝐸𝐶𝐺 signal fragments used for the various 𝐸𝐶𝐺 classes 

 

Fig. 4 Pattern of the Hamsi-Pat 

 

The sign function in the 5th step of Algorithm 1 is written as follows. 

 



 

 

 

According to the model, the raw signal is divided into 16 segments. A sign function is calculated for 

each segment. The 16-bit binary vector is divided into 8-bit vectors of left and right. Hence, low and 

high features are obtained. After finding the histogram distributions of these 8-bit vectors, the feature 

vector of the signal is obtained by combining left and right histogram distributions. A graphical 

illustration of the index matching of the sign function is given in Fig. 5. The nonlinear feature extraction 

structure and the feature vectors are calculated by the index matching. 

 

 

5 Fused features and 𝑰𝑵𝑪𝑨 based 𝑬𝑬𝑮 signal classification model 

This section describes the method used in this paper. Steps of the classification process are given in 

the following way. 

 

 Step 1. Load 𝐸𝐶𝐺 signals 

Step 2. Apply 𝑇𝑄𝑊𝑇 to 𝐸𝐶𝐺 signals with, and. 23 levels of wavelet coefficients are generated 

by using these parameters. 

 Step 3. Extract features and wavelet coefficients from 𝐸𝐶𝐺 signals. 

 Step 4. Eliminate the zero columns. 

Step 5. Normalize the feature vector. The 𝐼𝑁𝐶𝐴 is a distance-based feature selector. For the 

efficiency, each feature is normalized individually. 

Step 6. Use the concatenation operator to obtain the final feature vector. The size of the 

extracted final feature vector is calculated as 25 × 536 = 13,400. 

Step 7. Apply 𝐼𝑁𝐶𝐴 to the final feature vector. 

Step 8. Determine the threshold value by using maximum feature weights and the threshold 

multiplier. 

 

 

where, 𝑁 is the threshold value and 𝑊𝑒𝑖𝑔ℎtmax is the maximum weight value. By applying the 

calculated threshold value, the most informative features are selected. In this research, 240 features 

of the generated 13,400 features are selected. 

 

Step 9. Apply 𝐼𝑁𝐶𝐴 to the selected features. In this work, the most informative 127 features 

are selected. 

 



Fig. 5 Pattern of the proposed feature generator 

 

Step 10. Forward the selected features to 𝑘𝑁𝑁 classifier to obtain results. 

 

The flow diagram of the method was given in Fig. 1. The following sub-sections express the operation 

of the method in detail. 

 

5.1 Fused feature generator 

The main property of the presented feature generation model is that this model is a combination of 

various feature generators with high classification capability. For this purpose, the nonlinear model, 

Hamsi-Pat and the statistical feature generation functions are used. The steps of the presented model 

can be written as follows. 

 

Step 1. Load 𝐸𝐶𝐺 signal. 

Step 2. Apply 𝑇𝑄𝑊𝑇 to 𝐸𝐶𝐺 signal. 

 

 

Step 3. Extract fused features from 𝐸𝐶𝐺 signal and sub-bands of the 𝐸𝐶𝐺 signal. 

 

 

 



In Eq. 11 and Eq. 12, hamsi_pat(.) and statistical(.) methods stand for binary model feature generation 

and statistical feature generation, respectively. concatenate(.,.) represent the feature concatenation 

function. The hamsi_pat(.) method generates 512 features and the statistical(.) method generates 12 

statistical features. Pseudo code of statistical(.) method can be seen in algorithm 2. 

Algorithm 2 Pseudo code of the statistical feature function 

 

Step 4. Apply concatenation operator to features extracted from each layer and obtain the final 

fused vector with the size of 13400 

 

The general work-flow of the proposed multi-level feature generation scheme is demonstrated in Fig. 

6. 

 

5.2 Feature selection 

The second step is the selection of the most informative features. The iterative 𝑁𝐶𝐴 (𝐼𝑁𝐶𝐴) feature 

selector is used for this purpose. NCA is a weight-based feature selector and all the weights are 

assigned to be positive. Therefore, finding the most informative features requires the definition of a 

threshold value and this is a challenging optimization problem. The pseudo code of the 𝐼𝑁𝐶𝐴 is given 

in Algorithm 3. 

 



Algorithm 3 Pseudo code of the iterative neighborhood component analysis function 

 

At the end of this process, as illustrated in Fig. 7, INCA selects 127 informative features out of 13,400. 

According to the figure, features with a weight of less than 0.001089 are eliminated from the dataset. 

Here, there may be a confusion on where the value 0.001089 is obtained. In the 6th step of Algorithm 

3, N is the threshold value found with multiplying the feature having the maximum weight with the 

constant 0.0005. This operation gives us the threshold value as 𝑁 = 0.001089 for this dataset. 

Fig. 6 Block diagram of the presented fused feature generation method 

 



5.3 Classification 

The last step of the proposed model is classification. 𝑘𝑁𝑁 as one of the most popular classifiers is used 

in this stage. 𝑘𝑁𝑁 is implemented as the error value generator for the 𝐼𝑁𝐶𝐴 selector and the classifier. 

The following parameters of 𝑘𝑁𝑁 are used in this study. 

 k value: 1 

 Distance: City block (Manhattan) 

 Distance weight: Equal 

 Standardize: True 

 K-Fold: 10-Fold CV 

 

As mentioned in the previous section, 127 features were generated with 𝐼𝑁𝐶𝐴. With the K-Fold value 

of 5-Fold 𝐶𝑉, an error of 0.018 is calculated. In this case, the accuracy is calculated as 1-0.018 = 0.982. 

The error value is found as 0.015 after 1000 iterations using the K-Fold value 10-Fold 𝐶𝑉 and this 

increases the accuracy to 1-0.015 = 0.985. 

Figure 8 demonstrates the error value according to the number of features. It is clearly seen in the 

figure that the number of features is 127 in the point where the error is minimum. This proves the 

effectiveness of the method. 

Fig. 7 Schematic diagram of feature values obtained after using 𝑁𝐶𝐴 

 

  



6 Experimental results 

Using a host computer, the proposed method is tested on MATLAB R2019b. The specifications of the 

computer are listed as follows. 

 

 Microprocessor: Intel(R) Xeon(R) CPU @2.7 GHz (16 cores, 32 threads) 

 Main Memory: 96 GB RAM 

 Hard disk: 200 GB SATA 

 Operating System: Windows Server 2012 R2 

 

Unweighted Average Recall (𝑈𝐴𝑅), Average Precision (𝐴𝑃), F1-Score (𝐹1), Geometric Mean (𝐺𝑀) and 

accuracy evaluation measurements are used. The method is tested on 7 cases including the 17 classes. 

Results are shown in a confusion matrix in Table 3. 

As shown in Table 3, 7 cases are considered to determine the success of the method. This is proved 

especially with the last case that all 17 classes of the dataset are included in the test and an accuracy 

of 98.5% is achieved. This is the highest accuracy value when compared with the related studies in the 

literature in Table 1. Also, results of the remaining 6 cases are among the best. The Accuracy column 

in the Table indicates the minimum, maximum, mean, standard and best values of the accuracy vector 

for the selected 127 features. Similarly, the Statistics column shows the minimum, maximum, mean, 

standard and best values of accuracy recall, precision, geometric mean and 𝑓-measure values of the 

127 features obtained with 1000 × 𝑘𝑁𝑁 cross-validation process. Figure 9 shows the confusion matrix 

values of class 17 in detail and the 𝑅𝑂𝐶 curve of case 17 is given in Fig. 10 to show the performance of 

the classification. 

Fig. 8 The error values and number of features  



Table 3 The calculated confusion matrix for Class 17 

 

 

Table 3. Continued 

 



Fig. 9 The calculated confusion matrix for Class 17 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 10 The calculated 𝑅𝑂𝐶 

 



According to Fig. 10, the calculated Area Under Curve (𝐴𝑈𝐶) value is 0.9937. 

Fig. 11 Accuracy rates (%) graph for various 𝑘𝑁𝑁 classifier values obtained for 127 features 

 

7 Discussions 

The 𝑀𝐼𝑇 − 𝐵𝐼𝐻 Arrhythmia database consists of 17 classes. Most of the studies based on the 

classification of the database deal with some of these classes, not all of them. With this point of view, 

the classification accuracy is increased, however, the whole dataset is not represented. In this paper, 

the highest classification accuracy is achieved for the classification of all 17 classes when compared 

with the studies in a similar direction in the literature. Besides, successful results are obtained by 

changing the neighborhood parameters of the classifier. The success of the method is also proved in 

various classes. 

Accuracy rates for various 𝑘𝑁𝑁 classifier values obtained for 127 features are graphically shown in Fig. 

11. It is clear in the figure that the best accuracy is obtained when the neighborhood value is 𝑘 = 1. 

Table 4 lists the classification accuracy rates of 17 classes for the kNN when 𝑘 = 1, 2, 3,..., 10. When 

compared with similar studies, the results in Table 4 are the highest rates. 

As can be seen in Table 4, the presented model is tested on 10 𝑘𝑁𝑁 variations. In these variations, k 

values are changed iteratively to show the performance. Also, accuracy, precision, recall, geometric 

mean and 𝑓-measure results are shown in the table. According to Table 4, the best results are observed 

in the 1NN row and these results are obtained by the proposed feature generation and selection 

method. A box-plot is used to show the discriminative attributes of the generated and selected 

features. The boxplots of the 127 best features for all classes are illustrated in Fig. 12, 13, 14, 15, 16, 



17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27 and 28. The boxplots show the first quartile (𝑄1), median (𝑄2), 

third quartile (𝑄3) and the maximum values of the feature ranges. 

 

Table 4 Accuracy, Recall, Precision, Geometric Mean and F-Measure results according to Class 4, 5, 6, 12, 13, 15, 17 

 

Table 4 (continued) 

 

 



 Fig. 12 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 1 

 

Fig. 13 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 2 

 

Fig. 14 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 3 

 

These boxplots clearly demonstrate the discriminative attributes of the extracted and the selected 127 

features. To show the success of the presented optimized 𝑇𝑄𝑊𝑇 and Hamsi-Pat based model, 

comparatively results with the existing studies are shown in Table 5. 



Fig. 15 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 4 

 

Fig. 16 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 5 

Fig. 17 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 6 

 

We can say from Table 5 that the existing studies in the literature consider up to 4 cases to evaluate 

their methods. The proposed method in this paper is utilized on 7 cases which include 4, 5, 6, 12, 13, 

15 and 17 classes and the highest accuracy rates are reached. More specifically, the presented model 

reached an accuracy of 98.50% on the classification of 17 classes. 



Fig. 18 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 7 

Fig. 19 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 8 

Fig. 20 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 9 

 

If we have used the 𝑇𝑄𝑊𝑇 as the single method, we would surely gain high classification accuracy on 

classifying 4 or 5 classes of the dataset. But unfortunately, we could not get such success in classifying 

all 17 classes. To overcome this problem, different methods such as 𝑇𝑄𝑊𝑇, 𝑃𝑆𝑂, Hamsi-Pat and 

statistical features are United to take their advantages. 

 



Fig. 21 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 10 

Fig. 22 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 11 

Fig. 23 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 12 

 

Combining different methods and developing a “fused” approach could be seen disadvantageous in 

causing complexity, however, this combination brought us high accuracy in the aim of this paper. 

As mentioned before, all the above studies implement their method on the 𝑀𝐼𝑇 − 𝐵𝐼𝐻 dataset. Thus, 

the differences come from the used technique and the advantages could be observed from the 

classification accuracies. 



Fig. 24 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 13 

 

Fig. 26 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 15 

 

Although the majority of the above studies use their approach to classify a number of classes less than 

10, this paper’s main aim was to classify 17 classes at the same time. Taking the advantages of the 

successful methods and combining them made the method in this paper be superior in performance 

comparing to the similar studies. 

 



Fig. 27 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 16 

Fig. 28 Boxplot of features obtained after 𝐼𝑁𝐶𝐴 for Class 17 

 

8 Conclusions 

In this paper, a new point of view on the automated diagnosis of arrhythmia is proposed. The method 

uses 𝑃𝑆𝑂 to tune the appropriate parameters for 𝑇𝑄𝑊𝑇. Statistical and histogram pattern-based 

features of the sub-bands of the signal are extracted. Obtained features are concatenated to compose 

the feature set. For varying number of classes, accuracies of the rhythm disorder diagnosis realized by 

classical classification methods are listed in Table 6 in the following way. 

The study in this paper implements the proposed technique on 7 different cases as can be seen in 

Table 6. The method is applied to classify 4, 5, 6, 12, 13, 15 and 17 classes separately. To be clearer, 

the accuracies obtained for each case are given in the table. The information in Table 6 can be 

summarized that the proposed method in this study showed superior performance in the generality of 

the cases and especially in classifying all 17 classes at the same time. 

According to the results, the optimized 𝑇𝑄𝑊𝑇 and Hamsi-Pat based fused feature generation method 

produced the most meaningful features and 𝐼𝑁𝐶𝐴 selected the most informative ones. Therefore, a 

basic classifier (1NN) reached a high performance on the classification of this dataset. The results are 

also compared with existing state-of-the-art methods and the success of the proposed method is 

shown. 

 



Table 5 Accuracies of the prior presented state-of-art methods and our method 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 6 Classification accuracies of the proposed method for varying number of classes 

 

In future works, we are planning to present a new fused feature generation based nonparametric deep 

learning model to solve biomedical signal classification and processing problems. Also, the proposed 

method is thought to be improved to develop a decisionmaking system for medical diagnosis based on 

iterative nearest component analysis and optimized learning. 
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