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Abstract 

Ventricular tachycardia (VT) and ventricular fibrillation (VF) are potentially life-threatening forms of cardiac 
arrhythmia. Fast and accurate detection of these conditions can save lives. We used semantic mining to 
characterize VT and VF episodes by extracting three significant parameters (frequency, damping coefficient and 
input signal) from electrocardiogram (ECG) signal. This method was used to analyze four-second ECG signals 
from a widely recognized database at the Massachusetts Institute of Technology (MIT). The method achieved a 
high sensitivity and specificity of 96.7% and 98.3%, respectively, and was capable of detecting normal sinus 
rhythm (N) from VT and VF signals without false detection, with a sensitivity of 100%. VT and VF signals were 
recognized from each other, with a recognition sensitivity of 96% and 94%, respectively. This newly proposed 
method using semantic mining shows strong potential for clinical applications because it is able to recognize VT 
and VF signals with higher accuracy and faster recognition times compare to existing methods.  

Keywords: ventricular fibrillation, ventricular tachycardia, ecg, ventiruclar arrhythmias, life threatening 
arrhythmias, semantic mining 

1. Introduction 

Ventricular fibrillation (VF) is a fatal form of arrhythmia that is considered to be life threatening. VF is potrayed 
by irregular contractions of the heart’s ventricles, resulting in a failure to pump blood and death within minutes 
unless corrective measures are taken promptly. An electric defibrillator can be used to return the heart to the 
normal sinus rhythm (N). However, if the combination of a normal sinus rhythm and ventricular tachycardia (VT) 
is misinterpreted as a false positive (FP) for VF, the patient receives a needless shock that could deteriorate the 
heart function and cause serious consequences to the patient. Conversely, an incorrect diagnosis for VF can result 
in a false negative (FN) and is life threatening. Therefore, the accurate and early detection of VT or VF is 
extremely important. 

Automated systems for the detection of VF using various detection methods, such as time- and 
frequency-domain analysis, neural networks, wavelet and nonlinear analysis, have been described previously by 
other researchers. These automated systems can recognize the VF signal from either a NSR or a VT signal. Most 
of these methods used a time-domain analysis approach because of the advantage of using simple algorithms and 
real-time analysis via a computer. The time-domain analysis includes an autocorrelation function (AFC) (Chen et 
al., 1987; Clayton et al., 1993), a threshold-crossing interval (TCI) (Clayton et al., 1993), time-delay methods 
(Amann et al., 2007), and threshold-crossing sample counts (TCSC) (Arafat et al., 2009). Frequency-domain 
analysis is usually performed using power spectrum analysis, whereby the VF signal is characterized by 
observing the power spectrum of the signal (the VF power signal is reported to vary from 4 to 7 Hz) (Clayton et 
al., 1993). Other methods using frequency-domain analysis include modified amplitude distribution analysis 
(MADA) (Fokkenrood et al., 2007) and multifractal singularity spectrum analysis (Wang et al., 2007). 

When artifial neural network (ANN) techniques have been proliferated in late 1990’s, most researchers opt for 
this technique because it has the ability to deal with nonlinear discrimination between classes (Clayton et al., 
1994; Minami et al., 1999). In addition, wavelet transforms (Khadra et al., 1997; Abbas et al., 2004; Nawarvar et 
al., 2004) and nonlinear analysis (Jekova et al., 2002; Sun et al., 2005; Daoming et al., 2007) were proposed as 
detection techniques for the classification of VF signals. 
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Despite the previous proposed methods shown promising results in terms of sensitivity and specificity, a few 
drawbacks have been identified to improve the accuracy of detection. Some of the proposed techniques are too 
complicated to be materialized in real time. For the discrimination of VT and VF signals, the detection time 
becomes the key factor to determine the patient’s fate. According to Minami et al. 1999, the time delay due to the 
detection of VT/VF signals must be as short as possible; otherwise, the patient is at risk of death. If the proposed 
technique is too complex, the processing time will be too long to be effective. Additionally, some of the previous 
methods only discriminate between N and VF signals, without testing for VT (Amann et al., 2007; Clayton et al., 
1994; Jekova et al., 2002; Arafat et al., 2009). As mentioned above, VF must be accurately identified and 
discriminated from VT and N signals to prevent any unnecessary shock to the patient that could damage the heart. 
The accuracy of the detection technique must be as high as possible to prevent misinterpretation or a false 
negative, which would have fatal consequences for the patient. 

Previously, we have proposed a semantic mining technique that can characterize ventricular arrhythmia (V) from 
normal sinus rhythm (Othman et al., 2010; Othman et al., 2012). However, the previous study only concentrated 
on discriminating between N and V. Because of this reason, in this study, we expand the technique instead of 
only characterize V, we try to characterize VT and VF as well. This method is essentially different from other 
approaches because this algorithm can portray the heart’s oscillatory behavior by classifying behavior patterns 
using a semantic concept. This algorithm extracts the significant characteristics of the ECG signal (the frequency, 
damping coefficient and input signal) and classifies them into three types of rhythms: normal sinus rhythm (N), 
ventricular tachycardia (VT) and ventricular fibrillation (VF). 

 

 
Figure 1. Examples of the ECG signals used: (a) Typical normal sinus rhythm (N) waveform; (b) typical 

ventricular tachycardia (VT) waveform; (c) typical ventricular fibrillation (VF) waveform 

 
2. Method 

2.1 ECG Data 

The ECG data were acquired from the PhysioBank database (Goldbeger et al., 2000), which is a large and 
growing online database of well-characterized digital physiological signals and related data for use by the 
biomedical research community. In this study, the MIT ‘nsrdb’ (normal sinus rhythm database) with ECG 
recordings of people that only contains recordings of normal sinus rhythms and the MIT ‘cudb’ (The Creighton 
University ventricular tachyarrhythmia database) with ECG recordings of patients with sustained ventricular 
tachycardia and ventricular fibrillation were used. Figure 1 shows an example of the signal epochs used. The 
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ECG signal for a normal sinus rhythm consists of identical PQRST waves. Typically, in a normal sinus rhythm 
ECG (Figure 1a), each P wave is followed by a QRS complex and then a T wave, and the rhythm is regular. In a 
ventricular tachycardia ECG (Figure 1b), no P waves are found, and the QRS complexes are wide and abnormal, 
with a rhythm that is sometimes regular and sometimes irregular. In Figure 1c, an ECG of ventricular fibrillation 
is shown; P waves and QRS complexes are absent, and the rhythm is chaotic. 

2.2 ECG Filtering and Processing 

Usually, a raw ECG signal contains noise, which affects the ability of certain ECG recognition systems to 
recognize patterns in ECG signals (Arafat et al., 2009; Jekova et al., 2002; Pan & Tomkins, 1985). Examples of 
noise includes electrode motion artifacts, baseline wander and power line interference. Thus, a bandpass 
Butterworth was applied to ECG signals in order to reduce noise. A pass band from 1–30 Hz was chosen because 
the power spectrum of N, VT and VF signals are reported to be within this range (Chen et al., 1987; Clayton et 
al., 1993; Minamin et al., 1999). 

The transfer function of second order Butterworth bandpass filter is 

ሻݖሺܪ  ൌ
଴.଴ଶ଻ା଴.ଵ଴ଽ௭షభା଴.ଵ଺ସ௭షమା଴.ଵ଴ଽ௭షయା଴.଴ଶ଻௭షర

ଵିଶ.଻ଽଵ௭షభାସ.ଷଶ଻௭షమିଶ.଻ଽଵ௭షయା௭షర  (1) 

After filtering, the resulting ECG signals were Fourier transformed using fast Fourier transform (FFT).  

2.3 Semantic Miniing 

A reduce-order agent model called semantic mining is used to portray the system’s oscillatory behavior by 
monitoring it behavior pattern. It allows us to determine the nature of their behavior by determining the exact 
parameters that influences such behavior by only analysis its output (Al-Dabbas et al., 2004). Figure 2 illustrates 
the overall diagram of semantic mining system. In this study, the semantic mining algorithm was employed to 
extract significant parameters from ECG. These parameters (frequency, damping coffiecient and input signal) 
represent the oscillation behavior of the cardiovascular system. Equation 2 shows their interrelationships 

 ߱ିଶ. ᇱᇱݔ ൅ 2. ζ. ߱ିଵ. ᇱݔ ൅ ݔ ൌ ሺ0ሻݔ              ݑ ൌ Ԣሺ0ሻݔ                ଴ݔ ൌ  Ԣ଴ (2)ݔ

where ω is the natural frequency, ζ is the damping coefficient, u the input and x is the output of the ECG signal. 
The three syntax parameters ω, ζ and u may be constants, variables or may vary with dynamical behavior 
(Al-Dabbas et al., 2004). Three algorithms have been proposed by David Al-Dabass et al., 2004 for pattern 
recognition architecture. In this study, we opted to use algorithm three because it better predicted ω and u when 
the extracted parameters were variable and when the system has second-order dynamics. 

 

 
Figure 2. Overview of the semantic mining system 

 

The algorithm uses fourth time derivatives at single point, denoted as x’, x’’, x’’’ and x’’’’. The second-order 
system as follows; 

 ߱ିଶ. ᇱᇱݔ ൅ 2. ζ. ߱ିଵ. ᇱݔ ൅ ݔ ൌ  (3) ݑ

Differentiate with respect to t; 

 ߱ିଶ. ᇱᇱᇱݔ ൅ 2. ζ. ߱ିଵ. ᇱᇱݔ ൅ Ԣݔ ൌ 0 (4) 

divided by x’’; 

 
ఠషమ.௫ᇲᇲᇲ

௫ᇲᇲ ൅ 2. ζ. ߱ିଵ ൅
௫ᇱ

௫ᇲᇲ ൌ 0 (5) 

differentiate with respect to t again; 
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ఠషమ.ሺ௫ᇲᇲ.௫ᇲᇲᇲᇲି௫ᇲᇲᇲ.௫ᇲᇲᇲሻ

௫ᇲᇲమ ൅ 0 ൅
௫ᇲᇲ.௫ᇲᇲି௫ᇲ.௫ᇲᇲᇲ

௫ᇲᇲమ ൌ 0 (6) 

Therefore the expression for ω, ζ using equation (3), and u are:   

 ߱ିଶ ൌ
௫ᇲᇲ.௫ᇲᇲᇲᇲି௫ᇲᇲᇲమ

௫ᇲ.௫ᇲᇲᇲି௫ᇲᇲమ  (7) 

 ζ ൌ െ ቀ
߱െ2.ݔԢԢԢ൅ݔԢ

2.߱െ1.ݔԢԢ ቁ (8) 

ݑ  ൌ ߱ିଶ. ᇱᇱݔ ൅ 2. ζ. ߱ିଵ. ᇱݔ ൅  (9) ݔ

These three parameters-ω, ζ and u-were extracted from the Fourier-transformed ECG signals and are required for 
further analysis. By using these extracted parameters (obtained from equations 7-9), the mean amplitude from 
each parameter is calculated. These mean amplitude can be analyzed and compared and is consequently useful in 
the detection of VT and VF signals. 

 

 
Figure 3. Illustration of the steps involved in the semantic mining algorithm for the analysis of N episodes: (a) 

Original ECG signal; (b) ECG signal after noise filtering; (c) Fourier-transformed ECG signal 

 
3. Results 

3.1 Data Analysis 

Ten different ECG recordings of normal sinus rhythm, of ventricular tachycardia and of ventricular fibrillation 
were selected from the MIT nsrdb and MIT cudb. All records were from different person. For each of ECG 
record, we took five episodes to make a total of fifty ECG episodes per ECG type, i.e., fifty episodes of normal 
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sinus rhythms (N) were taken from the MIT nsrdb, while fifty episodes of ventricular tachycardia signals (VT) 
and fifty episodes of ventricular fibrillation signals (VF) were taken from the MIT cudb. Selection of these 
episodes was performed using annotations from a cardiologist provided in the database. Each episode was four 
seconds long.  

Semantic mining was performed, and the three significant parameters (ω, ζ and u) were extracted with equations 
7-9. The mean amplitude extracted from each parameter was analyzed to find significant differences among N, 
VT and VF episodes. Figures 3-5 show the process flow for each type of ECG episode. The raw ECG signal was 
sent to a preprocessing stage to reduce noise. After filtering noise, the resulting ECG signals were Fourier 
transformed, and these Fourier transform of ECG signals were used with the semantic mining technique to obtain 
the three significant parameters ω, ζ and u. Then, the mean amplitude for each parameter was calculated. 

 

 
Figure 4. Illustration of the steps involved in the semantic mining algorithm for the analysis of VT episodes: (a) 

Original ECG signal; (b) ECG signal after noise filtering; (c) Fourier-transformed ECG signal 

 
An ANOVA with a single-factor model was adopted to preform the significance between the parameters 
extracted for N, VT and VF episodes. The ANOVA revealed that the mean amplitude and standard deviation for 
the natural frequency (ω) parameter and the input (u) parameter showed extremely significant differences 
between N, VT and VF episodes with F2,149 = 1388.11 and P < 0.001 and F2,149 = 39.82 and P < 0.001. However, 
ANOVA revealed no significant difference in the damping coefficient (ζ) for N, VT and VF episodes (F2,149 = 
0.71, P = 0.494). 

Based on ANOVA, we considered only ω and u for a T-test analysis to assess which two types of ECG episodes 
were statistically different from each other. It is apparent from Figure 6 that the ω values for N, VT and VF are 
distributed around the mean amplitude. The mean amplitude for N episodes has tendancy to be greater than the 
mean amplitudes for VT and VF episodes. With an upper threshold (t1) set at 0.75, as presented in Figure 6, it is 
clear that the data from the N episodes are distinct from the data from the VT and VF episodes and that the mean 
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amplitude of episodes larger than t1 can be categorized as N. At the same time, the data from the VT and VF 
episodes show that these two groups are separate from one another. In this case, a lower threshold (t2) was set at 
0.58, and episodes with a mean amplitude greater than t2 but lower than t1 fall into the VT group, while episodes 
with a mean amplitude smaller than t2 fall into the VF group. This distinction is validated by a statistical analysis 
using a T-test in which the ω parameters from all three types of ECG episodes were shown to be statistically 
different from each other, as seen in Table 1. 

 

 
Figure 5. Illustration of the steps involved in the semantic mining algorithm for the analysis of VF episodes: (a) 

Original ECG signal; (b) ECG signal after noise filtering; (c) Fourier-transformed ECG signal 

 
Table 1. Mean amplitude distribution of ECG signal types 

Extracted Parameters 
Mean amplitude distribution of ECG types 

N VT VF 

Natural Frequency (ω) 0.905±0.006 0.617±0.005 0.553±0.004 

Damping Coefficient (ζ) -0.003±0.003 -0.004±0.002 0±0 

Input Signal (u) 3.748±0.319 5.66±0.307 2.444±0.121 

Note: Data are presented as the mean ± SEM. 

 
The T-test with a two-tailed distribution and unpaired samples was used. The difference in the mean amplitude of 
ω between N and VT episodes was found to be significant (P < 0.001), by means of the mean amplitude of N 
episodes (0.905±0.006) significantly higher than that the mean amplitude of VT episodes (0.617±0.005). The 
difference in mean amplitude between N and VF episodes using the T-test was also found to be very significant 
(P < 0.001), by means of the mean amplitude of N episodes (0.905±0.006) significantly higher than that the 
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mean amplitude of VF episodes (0.553±0.004). In addition, a significant difference between VT and VF episodes 
was found (P < 0.001) using a T-test analysis for the mean amplitude of VT and VF episodes of 0.617±0.005 and 
0.553±0.004, respectively. 

 

 
Figure 6. Mean amplitude distribution of the natural frequency (ω) parameter for N, VT and VF episodes 

The solid horizontal lines are the upper (t1= 0.75) or lower (t2= 0.58) thresholds. 

 

 
Figure 7. T-test analysis of the mean ± SEM of the input (u) parameter 

 
According to the bar chart in Figure 7, we can concludes that, a significant difference in the mean u value was 
found between VT and VF episodes (P < 0.001), by means of the mean amplitude of the VT episodes 
(5.66±0.307) notably higher than the mean amplitude of the VF episodes (2.444±0.121). Although statistically 
significant differences were found between N and VT episodes and between N and VF episodes, the significance 
was smaller (P < 0.01). It is apparent that some of the amplitudes of N episodes (3.748±0.319) overlap with the 
mean amplitude of either VT or VF episodes. Table 1 summarizes the mean amplitude distribution for all types 
of ECG signal episodes. 

3.2 Data Comparison and Discussion 
To evaluate the performance of proposed algorithm, we calculate the specificity (Sp), sensitivity (Se) and 
positive predictive values (Pp) based on N, VT and VF detection. The Se, Sp and Pp were define as follows: 

(r
ad

/s
) 
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ݕݐ݅ݒ݅ݐ݅ݏ݊݁ݏ  ൌ
்௉

்௉ାிே
 (10) 

ݕݐ݂݅ܿ݅݅ܿ݁݌ݏ  ൌ
்ே

ி௉ା்ே
 (11) 

݁ݒ݅ݐܿ݅݀݁ݎ݌݁ݒ݅ݐ݅ݏ݋݌  ൌ
்௉

்௉ାி௉
 (12) 

where TP is true positive (the signal detected and characterized correctly tested positive), TN is true negative (the 
signal detected and characterized correctly tested negative) and FP is false positive (the signal detected and 
characterized wrongly tested positive).  

 
Table 2. Classification performance for different types of ECG signals 

ECG type No. of episodes TP FP FN Se (%) Pp (%) 

N 50 50 0 0 100 100 

VT 50 48 3 2 96 94.1 

VF 50 47 2 3 94 95.9 

Total 150 145 5 5 96.7 96.7 

 

Table 2 summarizes the performance of the semantic mining (SM) technique for the detection of N, VT and VF 
episodes from ECG signal data. A total of 150 episodes were tested to evaluate the performance of the technique, 
50 episodes of which were type N, 50 episodes were type VT and 50 episodes were of type VF. There were no 
false positives for the detection of N type ECG episodes, with a sensitivity of 100%. This means the VT and VF 
episodes can be distinguished completely from N episodes. For detection of VT and VF, two VT episodes were 
wrongly detected as VF episodes, while three VF episodes were wrongly detected as VT episodes. Thus it results 
the sensitivity of VT detection is 96% while VF detection is 94%. However, the overall performance of the 
proposed algorithm is quite high, with a total sensitivity of 96.7%.  

Further investigation has been made to evaluate the performance of SM technique with other previously existing 
algorithms. We selected five existing techniques for comparison: phase-space reconstruction (PSR) (Amann et 
al., 2007), threshold-crossing sample counts (TCSC) (Arafat et al., 2009), modified amplitude distribution 
spectrum (MADA) (Fokkenrood et al., 2007), K-nearest neighbours rule (Jekova et al., 2002) and multifractal 
singularity spectrum (MSS) (Wang et al., 2007). These techniques yield promising results in their own right in 
terms of specificity and sensitivity. 

 
Table 3. Comparison of the semantic mining algorithm with other methods 

Technique PSR TCSC K-nearest MADA MSS SM* 

Sensitivity, % 83.8 92.9 95.2 97 99 96.7 

Specificity, % 95 95 95.7 98 99 98.3 

*: Proposed method. 

 
Table 3 shows the sensitivity and specificity of the SM compared with other five that proposed by previous 
researcher. In this case, the sensitivity is defined as the ability to classify the ECG episodes correctly, and the 
specificity is defined as the ability to detect the absence of a characteristic in a signal without the characteristic. 
In other words, the specificity describes whether a VF episode was classified as being neither N nor VT. Among 
these methods, the MSS technique gave the highest sensitivity and specificity of 99%, while the proposed SM 
technique and the MADA technique had only slightly lower sensitivity and specificity values. Although the 
sensitivity and specify of MSS was the highest, the duration of the ECG episodes used for MSS analysis were 
five seconds long compared with the analysis using the SM technique in which the ECG duration was only four 
seconds long. The analysis of data of longer duration can improve the accuracy of detection. However, because 
VF is considered a life-threatening arrhythmia and must be detected quickly, it is not always possible to take 
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longer signals, and the analysis must be able to work efficiently with data from a short period of time.  

As for analysis using the MADA technique, VF and VT episodes were not properly classified, which means that 
this technique cannot distinguish between the two. This is discouraging because implantable cardioverter 
defibrillators (ICDs) and automatic external defibrillators (AEDs) should be able to discriminate between VT 
and VF signals precisely. If VT is misread as VF, an unnecessary shock would be delivered, which could harm 
the heart; however, if VF is misread as VT, the low-energy cardioversion may not be sufficient to restore the 
heart to a normal sinus rhythm, which could be life threatening. 

Our proposed method using semantic mining has a high sensitivity and specificity, which are close to those seen 
with the MSS method. Moreover, the episode duration used was only four seconds long, which is the shortest 
time period analyzed among the six tested methods (MSS was five seconds long, MADA was six seconds long, 
while PSR, TCSC and K-nearest were eight seconds long). Thus, the proposed SM algorithm has a shorter 
response time and higher accuracy in addition to good sensitivity and specificity. 

4. Conclusions 

A novel method for the detection of ventricular tachycardia and ventricular fibrillation has been presented in this 
paper. This method uses semantic mining to extract the significant characteristics of the ECG signal and classify 
them as N, VT or VF. The results show that the semantic mining method is capable of recognizing ECG patterns 
and can distinguish between N, VT and VF accurately. Moreover, the proposed method is superior in terms of 
detection time because the duration of the ECG episodes analyzed was shorter than those analyzed using existing 
methods. Taken together, the results show that the semantic mining algorithm is computationally efficient and 
well suited for real-time implementation. 
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