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Abstract

Embedding the original high dimensional data in a low dimensional space helps to overcome the

curse of dimensionality and removes noise. The aim of this work is to evaluate the performance of
three different linear dimensionality reduction techniques (DR) techniques namely principal

component analysis (PCA), multi dimensional scaling (MDS) and linear discriminant analysis (LDA)
on classification of cardiac arrhythmias using probabilistic neural network classifier (PNN). The

design phase of classification model comprises of the following stages: preprocessing of the car-

diac signal by eliminating detail coefficients that contain noise, feature extraction through daube-

chies wavelet transform, dimensionality reduction through linear DR techniques specified, and

arrhythmia classification using PNN. Linear dimensionality reduction techniques have simple

geometric representations and simple computational properties. Entire MIT-BIH arrhythmia da-

tabase is used for experimentation. The experimental results demonstrates that combination of
PNN classifier (spread parameter, ¢ = 0.08) and PCA DR technique exhibits highest sensitivity and

F score of 78.84% and 78.82% respectively with a minimum of 8 dimensions.
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1. Introduction

Electrocardiogram (ECG) is the most commonly used tool for analysis in the field of cardiology. Recording
ECG for a longer duration of time is simple whereas analyzing it every beat is a tedious process. ECG is a
non-stationary signal which means whenever the heart rate is abnormal, the wave form shows irregularities. But
the irregularities are non-periodic in nature and hence manual observation takes a longer time. Hence, there is a
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need to develop automation strategies for the identification of cardiac abnormalities and manage sudden cardiac
death [1].

Abnormality in the normal rhythm of heartbeat causes arrhythmia. Heart beats can be classified to five classes
namely class N (beats originating in the sinus node), class S (Supra ventricular ectopic beats), class V (Ventri-
cular ectopic beats), class F (Fusion beats) and class Q (unknown beats including paced beats). The important
requirements of an automated system are reduced complexity, fast decision making and less memory. This can
be accomplished with the usage of dimensionality reduction techniques. Dimensionality reduction is the map-
ping of data in higher dimensional space to meaningful representation in lower dimensional space such that di-
mensionality of data is reduced to manageable size. Dimensionality reduction is very important in a classifica-
tion system in order to mitigate the curse of dimensionality, computational complexity and memory requirement.
Curse of dimensionality means that for a given sample size, there is a maximum number of features above which
the performance of a classifier gets degraded. The objective of this work is to evaluate the performance of three
different linear dimensionality reduction techniques in classification of ECG arrhythmias.

In general, the algorithm used for automated classification includes (1) preprocessing, (2) feature extraction,
(3) dimensionality reduction and (4) classification. The preprocessing of recorded ECG signals is done in order
to eliminate the important noises that degrade the classifier performance, such as baseline wandering, motion ar-
tifact, power line interference and high frequency noise. Currently, researchers use many filtering techniques
like morphological filtering [2], integral coefficient band stop filtering [3], finite impulse response filtering [4],
5 - 20 Hz band pass filtering [5] [6], median filtering [7] and wavelet based denoising [7]-[9] for preprocessing.
Commonly extracted ECG features include (a) Temporal features, (b) Amplitude based features, (c) Wavelet
transform based features, (d) Stockwell transform based features.

Dimensionality reduction is applied in order to remove redundancy and extract useful information from cap-
tured features. The important advantages of linear technique are its simple geometric interpretations and attrac-
tive computational properties. Non linear dimensionality reduction techniques perform poorly compared to li-
near techniques on some natural data sets [10] [11]. Some of the commonly used non linear techniques are Ker-
nel PCA, locally linear embedding, diffusion map and sammon mapping.

Support vector machine (SVM) [5] [12]-[18], probabilistic neural network (PNN) [9] [15] [19] [20], back
propagation neural network [21], multilayer perceptron neural network (MLPNN) [6] [15] [22], linear discrimi-
nant classifier [7] [23] [24], mixture of experts [15] and unsupervised clustering [25] [26] are commonly used by
researchers for classification of ECG arrhythmia. The parameters like accuracy, sensitivity and specificity are
used in literature for evaluating the performance of a classifier. This work concentrates on evaluating the per-
formance of automated classification system when DR techniques such as principal component analysis (PCA),
multi dimensional scaling (MDS) and linear discriminant analysis (LDA) are used. The next section discusses
the materials and methods used in this work.

2. Materials and Method

The MIT_BIH arrhythmia database [6] is used in this work. It contains 48 half-hour excerpts of two channel
ambulatory ECG recordings, obtained from 47 subjects studied by the BIH arrhythmia laboratory. The record-
ings were digitized at 360 samples per second per channel with 11 bit resolution over 10 mV range. The refer-
ence annotations for each beat were included in the database. Four records containing paced beats (102, 104,
107 and 217) were removed from analysis as specified by AAMI. The total number of heart beats in each class
is given in Table 1.

Figure 1 shows the architecture of the proposed work. The entire experiments are carried out using Matlab
R2014a. The details of the methodology carried out are summarized below.

2.1. Data Preprocessing

The records contain continuous ECG recording for duration of 30 minutes. The raw ECG signals include

Table 1. Number of heartbeats in each class.

Heartbeat type N S \Y F Q
Full database 87643 2646 6792 794 15
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Figure 1. Architecture of the proposed work.

base-line wander, motion artifact and power line interference noise. The discrete wavelet transform (DWT) is
used for denoising the ECG signal and also for extracting the important features [18] [27] [28] from original
ECG signal. DWT captures both temporal and frequency information. The DWT of the original ECG signal is
computed by successive high pass and low pass filtering of that signal. This can be mathematically represented
in the following equations,

Yaign [K] =2, x[n] g[2k —n] o))
Yiou [K]= 22, X[n]h[2k - n] @)
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where, x [n] is the original ECG signal samples, g and h are the impulse response of high pass and low pass fil-
ters respectively, and y,.. [k], v, [k] arethe outputs of high pass and low pass filters after sub sampling by
2. This procedure is repeated until the required decomposition level is reached. The low frequency component is
called approximation and high frequency component is called detail.

In this work, the raw ECG signals are decomposed into approximation and detail sub bands up to level 9 us-
ing Daubechies (“db6”) wavelet basis function [29]. The detail coefficients contain most of the noise informa-
tion. Hence, soft thresholding is applied to the detail coefficient at each level. Denoised ECG signal is computed
based on the original approximation coefficient at 9" level and modified detail coefficient of levels from 1 to 9.
After denoising, the continuous ECG waveform is segmented into individual heartbeats. This segmentation is
done by identifying the R peaks using Pan Tompkins algorithm [11] and by considering 99 samples before R
peak and 100 samples after R Peak. This choice of 200 samples, including R peak for segmentation is taken
be-cause it constitutes one cardiac activity with P, QRS and T waves. Figure 2 shows a segment of the recorded
ECG waveform of patient identifier: 100 after preprocessing.

2.2. Feature Extraction

The database with 44 records (97,890 heartbeats) is divided into ten sets each containing 9789 heartbeats. Nine
sets are used for training (88,101 heartbeats) and one set for testing (9789 heartbeats). From each heartbeat,
wavelet based features are extracted by using daubechies wavelet (“db4™). Daubechies wavelet with level 4 de-
composition is selected in this work after making performance comparisons with discrete meyer wavelet and
other levels of daubechies wavelet including “db2”, “db6”. A total of 107 features are produced by the 4th level
approximation subband and another 107 features by the 4th level detail subband.

2.3. Dimensionality Reduction

Wavelet based features are obtained as a result of db4 wavelet transform. In order to extract useful information
from the features and to remove redundancy the following dimensionality reduction techniques are applied. Li-
near mapping of high dimensional data to low dimensional data is done by this technique. The important advan-
tages of linear technique are its simple geometric interpretations and attractive computational properties [11].

2.3.1. Principal Component Analysis (PCA)
PCA that maximizes the amount of variance in the data is used in this work. The steps followed for dimensio-
nality reduction of data matrix X consisting of n ECG samples X; (i< {1,2,---,n}) with D features from each
sample are given below,

1. Subtraction of the mean

1
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Figure 2. Segment of continuous ECG waveform after preprocessing.
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This step produces a data set whose mean (X ) is zero.

2. Calculation of covariance matrix C

C :(X—Y)(X—Y)T

3. Calculation of eigenvectors V and eigen values E

VCV =E

4. Sorting of eigen vectors

Eigen vector with highest eigen value is the principal component of the data. Eigen vectors are ordered by ei-
gen value, highest to lowest.

5. Projection of data

Projected data = [V T(x- Y)T T

Arrhythmia classification is done by varying the selection of components from 1 to 10 in the projected data
and the results are analyzed.

Arrhythmia classification is done by varying the selection of components from 1 to 10 in the projected data
and the results are analyzed.

2.3.2. Multi Dimensional Scaling (MDS)
MDS produce a geometric map of data matrix X with “n” ECG samples to Euclidean space with “n” samples.
The steps followed for dimensionality reduction are given as follows,
1. Assign samples to arbitrary coordinates in p-dimensional space.
2. Compute Euclidean distances d;; among all pairs of samples across all dimensions, to form the Dhat matrix.
3. Compare the input matrix X with the Dhat matrix by evaluating the stress function.
4. Adjust the coordinates of each sample in the direction that achieves maximal stress.
5. Repeat steps 2 to 4 till stress value won’t get any lower.
Based on significant eigen values, low dimensional mapping is obtained.

2.3.3. Linear Discriminant Analysis (LDA)
LDA technique provides highest possible discrimination between ECG classes so that samples can be classified
accurately. The steps followed are shown as follows,

1. Calculate the within class covariance matrix and is computed by,

W, = Zt:lwk
where, W, =3  (x,—m)(x,—m,) and “K” is the total number of arrhythmia classes, Ny is the total
number samples in arrhythmia class Cyand x, is the DWT coefficient vector of nth sample in class Cy.

2. Calculate the between class covariance matrix and is computed by,

B = S0 N (M~ m)(m —m) e m= <3N,
3. The total covariance matrix is obtained by,

S; =W, + B

4. The projection matrix is computed as,

W = arg,, max {(WWSWT )71 (wBsw’ )}

T

5. The LDA coefficients are obtained as, y =WTx
Arrhythmia classification is done by varying the selection of LDA components from 1 to 10 columns in “y”
and the results are analyzed (Table 2).

Table 2. Properties of DR techniques.

Technique Learning Computational complexity
PCA Unsupervised 0 (D%
MDS Unsupervised O ((D +d)n?)
LDA Supervised O (Ddt + t°)

D: Dimensionality of input sample; d: Number of top eigen values; n: Number of data points; t: min (D, d).
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2.4. Probabilistic Neural Network Classifier

Probabilistic neural network (PNN) is used for classification of ECG beats. It is a feed forward network with
input, hidden, summation and output layer. When an input is given, the hidden layer computes the distances
from the inputs and training input vectors to produce a vector whose elements indicate how close the input is to
a training input. Summation layer sums these contributions for each class of inputs to produce as its net output a
vector of probabilities. Output layer picks the maximum of these probabilities, and produces a 1 for that class
and a 0 for the other classes. Radial basis function (RBF) is used as the transfer function. PNN is trained with
88101 ECG beat samples which includes training examples from all five classes. Training and testing matrix is
computed such that each row represents an ECG heartbeat and features occupy columns.

The performance of the arrhythmia classifier system is evaluated using performance metrics such as accuracy,
sensitivity, specificity, false positive rate and F score. These metrics are computed by calculating TP (True Posi-
tive), TN (True Negative), FP (False Positive) and FN (False Negative) count and are defined as follows: Sensi-
tivity = TP/(TP + FN), Specificity = TN/(TN + FP), False positive rate = (FP/(TN + FP)*100, F score =
2TP/(2TP + FP + FN) and Accuracy = (TP + TN)/(TP + FP + FN + TN). The process is repeated ten times such
that each set is used once for testing. The overall performance of the classifier is computed by taking the average
of all ten folds.

3. Results and Discussions

The goodness of a classifier in accurately classifying the test heartbeat class is measured mainly by the sensitiv-
ity and F score. The reason for not considering accuracy is that even a poor classifier can show good accuracy in
favoring class with more training examples. Figure 3 shows the results of average accuracy of PNN classifier
for different DR techniques and dimensions taken from 10 fold cross validation. The result shows that PCA is
able to get highest accuracy of 99.41% even with eight dimensions. Sensitivity is an important classification pa-
rameter which indicates the number of correctly identified arrhythmias from patients. Figure 4 shows the results
of average sensitivity of PNN classifier for different DR techniques and dimensions taken from 10 fold cross va-
lidation. Experimental results show that PCA with eight dimensions is able to achieve 78.84% sensitivity with
only 8 dimensions. LDA is able to produce only a sensitivity of 55.27% even when 10 dimensions are used.
Specificity indicates the true negative rate and is shown in Figure 5. The result shows that PCA is able to get
highest specificity of 99.49% with ten dimensions. Average false positive rate for different DR techniques and
dimensions taken from 10 fold cross validation is shown in Figure 6. PCA produces the least false positive rate
of 0.5% with ten dimensions. F score is an important parameter that combines both precision and recall. The av-
erage F score result for various DR techniques and different dimensions are shown in Figure 7. Results show
that PCA gives highest F-score of 78.82% with 8 dimensions itself. Figures 8-10 show the variation of average
F-score with respect to different spread values during PNN classification using various dimensionality reduction
techniques. PNN with PCA coefficients yielded highest F-score of 78.82% at spread value 0.08. PNN with MDS
coefficients yielded highest F-score of 73.79% at spread value 0.08. PNN with LDA coefficients yielded highest
F-score of 51.73% at spread value 0.05. Time taken for dimensionality reduction by various DR techniques is
shown in Table 3.
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Figure 3. Results of average accuracy of PNN classifier
for different DR techniques and dimensions.
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Figure 4. Results of average sensitivity of PNN classifier
for different DR techniques and dimensions.
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Figure 5. Results of average specificity of PNN classifier
for different DR techniques and dimensions.
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Figure 6. Results of average false positive rate of PNN
classifier for different DR techniques and dimensions.
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Figure 8. Variation of average F score with respect to dif-
ferent spread values during PNN classification using PCA
coefficients.
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Figure 9. Variation of average F score with respect to dif-
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Figure 10. Variation of average F score with respect to dif-
ferent spread values during PNN classification using LDA
coefficients.

Table 3. Computation time required by various DR techniques for the input ECG data samples.

DR Technique Computation time (Seconds)
PCA 0.6
MDS 0.63
LDA 0.78

4. Conclusion

Classification of cardiac arrhythmias into five different classes as per AAMI standard is performed. Classifier
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performance is evaluated by using various linear dimensionality reduction techniques with different dimensions
of data representations. Experimental results revealed that conventional linear DR technique like PCA is easy to
apply but is not able to capture important information required for class discrimination from very lower dimen-
sional data representation. Hence, nonlinear DR techniques can be applied to capture significant information
from lower dimensional representation itself. At the same time, nonlinear techniques face the important draw-
back of tuning the parameters. Time required for computation is also high compared to linear DR techniques.
MDS and LDA require comparatively more time for low dimensional mapping than PCA. PCA in combination
with PNN classifier provides the highest sensitivity and F score with reduced computation time.
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