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V. CONCLUSION Study of Features Based on Nonlinear Dynamical Modeling

In this paper, we proposed a heart rate indication system using sound in ECG Arrhythmia Detection and Classification

with pItCh ant_j interval Qemded correspondlr_lg to instantaneous heagylohamed I. Owis, Ahmed H. Abou-Zied, Abou-Bakr M. Youssef,
rates in real-time. We discussed the evaluation results of the biofeed- *
) S . and Yasser M. Kadah
back effects during work as an application example of this system.
This system uses an ECG which can be measured easily. Because it
can be converted to sound in real-time and presented via a sound SoUrc@pstract—We present a study of the nonlinear dynamics of electrocar-

it is expected to be applied for biofeedback to monitor and improwiogram (ECG) signals for arrhythmia characterization. The correlation
biological conditions. dimension and largest Lyapunov exponent are used to model the chaotic

We compared the case where sound was presented using the %qre of five different classes of ECG signals. The model parameters are
valuated for a large number of real ECG signals within each class and

posed system with the case where work was performed without SOUgl resuits are reported. The presented algorithms allow automatic cal-
Subjective effects differed among subjects. But even when a subjeglation of the features. The statistical analysis of the calculated features
felt subjective workload, the physiological workload measured froindicates that they differ significantly between normal heart rhythm and
the heart rate variability turned out to be rather smaller than when H§ differentarrhythmia types and, hence, can be rather useful in ECG ar-

. . thythmia detection. On the other hand, the results indicate that the discrim-
sound was presented. On the other hand, the subjects who did not #% on between different arrhythmia types is difficult using such features.

subjective workload because of the sound improved work performangge results of this work are supported by statistical analysis that provides

This result indicates the possibility of the biofeedback effect of thisclear outline for the potential uses and limitations of these features.

system. Index Terms—Arrhythmia detection, chaos theory, ECG, statistical clas-

sifiers.
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Conventional methods of monitoring and diagnosing arrhythmia rely
on detecting the presence of particular signal features by a human ob-
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to a few sample ECG signals that did not allow the extraction of a TABLE |
general statistical description of the dynamics of different arrhythmia COMPUTED V'GLUES;?S? DYNAM'%AL SYSTEM FEATURES
types. Moreover, the details of implementation of feature extraction (MEAN & STANDARD DEVIATION)

techniques were not discussed. Given that such techniques are particu- T -
e o o . ' . ype Parameter

larly sensitive to parameter variations, it is not possible to directly uti-
lize these results or attempt to draw conclusions based on these studies Dy 4
about the robustness of their implementations. Therefore, a study that NR 3.27£042 8.18 +3.63
involves the analysis of ECG chaotic behavior based on a large number v 2.54£0.39 17.36 + 3.68
of signals using a more-detailed implementation of the feature extrac- VT 3.07+0.52 13.55+£7.24
tion steps would be rather useful to show the advantages and the limi- VB 2.71 £0.40 12.11 £5.08
tations of such class of nonlinear analysis. VF 2.93+0.71 13.20 £ 4.45

In this paper , we address the problem of characterizing the nonlinear
dynamics of the ECG signal and its variation with different arrhythmia TABLE I

. ; . . . P- - D
types. The implementation details to automatically compute two impor- VALUES OF POOLED T-TEST FORD

tant chaotic system parameters namely, the correlation dimension and

. . Type 48 VT VB VF
largest Lyapunov exponent, are discussed. The proposed implementa-

: . NR | <1.0e-16 | 0.0071 1.7e-14 0.0006
tions were used to compute these features for a large number ofindepen- 7C 19609 0.0148 0.0002
dent ECG signals belonging to five different ECG signal types from the 700" 3 '01 5 0'2201
MIT-BIH Arrhythmia Database [13]. The results are studied to detect 45 2 -
statistically significant differences among different arrhythmia types. VB 0.0309
Finally, statistical classification techniques are used to assess the pos- TABLE Il

sibility of detecting and classifying arrhythmia using such parameters. P-VALUES OF POOLED T-TEST FORA,

Il. CORRELATION DIMENSION ESTIMATION Type VC VT VB VF
. - . . NR <1.0e-16 4.7e-7 1.16e-6 1.38e-10
The mathematical description of a dynamical system consists of two 7C 2 Tod 6.00-10 3 8708
parts: thestatewhich is a snapshot of the process at a given instant - - -
o . L ) VT 0.1929 0.7396
in time and thelynamicswhich is the set of rules by which the states VB - 0.1976

evolve over time. In the case of the heart as a dynamical system, the
available information about the system is a set of ECG measurements

from skin-mounted sensors. There is no mathematical descriptiongfind to have the same length, the one that yields the maxifum

the underlying dynamics of the heart. Thatis, we deal only with obseryy|ye (j.e., smaller values ofas perD- definition) is chosen.

ables whose mathematical formulation and total number of state vari-tg estimate a suitable value for the embedding timellagrevious

ables is not known. Therefore, to study the dynamics of such systegbrk suggested selecting the value at which the autocorrelation func-

we first need to reconstruct the state space trajectory. The most COmm@R reaches 01/e, 0.5, or 0.1 [14], or as the value at which the first

method to do this is using delay time embedding theorem to creatgnimum of the mutual information function occurs [9]. Here, we fol-

larger dimensional geometric object by embedding into a largeli-  |owed another approach where the time window length is used to cal-

mensional embedding space [14]. The embedding dimensionust culate I [15]. In particular, the time window lengthi() is defined

be large enough for delay time embedding to work. When a suitablepy the time spanned by each embedding vectdias= (m —1)L.

value is used, the orbits of the system do not cross each other. This cafter determiningm using FFN, we select the optimal time window

dition is tested using the false nearest neighbor (FNN) algorithm [9&ngth (1) as the window length that maximizes the plateau length in

The dimensionn in which false neighbors disappear is the smalleshe aboveD- estimation scheme [15]. In this paper, the first zero of

dimension that can be used for the given data. the FNN criterion suggested a valuerof= 8 and the optimal window
The simplest way to think about the dimensifnof an object is length was found to be around 583 ms (i.e., 210 samples at 360 sam-

that it represents the exponent that scales the bolkan object with  ples/s). Consequently, the time lafj)(was estimated to be 83 ms.

linear distance: (i.e., b« r”). The Grassberger—Procaccia algorithm

uses a correlation integrél(r) to represent the bulk, which is defined IIl. L YAPUNOV EXPONENTS

as the average number of neighbors each point has within a given dis- iy th itivity of th initial
tancer [14]. The correlation dimensio®, is defined as the slope Lyapunov exponents quantify the sensitivity of the system to initial

of the linear region of the plot dbg(C (1)) versuslog(r) for small conditions, which is an important feature of chaotic systems and de-

values ofr. In practice, the determination of the linear scaling regioﬁCribes how small changesin the state of a system grow at an exponential

is not an easy task because of the presence of noise, which makes i{%t&and eventually dominate the behavior. Lyapunov exponents are de-

practical to compute the slope for very small values- oMoreover ined as the long time average exponential rates of divergence of nearby

this determination was found to be not repeatable using manual gtéa_tes. Ifa system has at least one positive Lyapunov exponent, then the

. . . . ) : .8ystem is chaotic. The larger the positive exponent, the more chaotic
lection. In our implementation, we tried this approach combined wi ) ;
) - : e system becomes (i.e., the shorter the time scale of system pre-
computerized regression and the results were not satisfactory. Then, ~°.. .
. . . . : ictability). Lyapunov exponents will be arranged such that> A, >
we improved our implementation using a second-order regression

or . .
. . . --- > A,,where)l; andA,, correspond to the most rapidly expandin
the whole curve. The linear regression was then obtained for the p El_contracting pl)rincipal axes [:espectively Thereadrg maﬁl be 9

of this curve that appeared linear by vision. More consistent values rgarded as an estimator of the dominant chaotic behavior of a system.

D, were obtained. Finally, we developed an automatic algorithm to de-In this paper, the largest Lyapunov exponent, is calculated as

tehr_mlnle th.ehllnear region tr? eliminate tht_e n(_eed fﬂor h’uman interactio,aasure of the chaotic behavior of the system using the Wolf al-
This algorithm computes the second derivative o ﬂ%Q_C(U) VEISUS  gorithm? We used the provided software implementation of Wolf's
log(r) curve and searches for the longest plateau with values below a

certain threshold (used here as 0.1). If more than one linear region arkHttp://www.users.iterport.net/~wolf
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RESULTS FORCLASSIFICATION PROBLEM USING DlFFERETNATBCI:_LEsleFlERs(INCONCLUSNE DECISION RATES IN PARENTHESEY
Classifier Specificity | Sensitivity | Sensitivity | Sensitivity Sensitivity
for VC for VT for VB for VF

Min. Distance | 81.25% 9.38% 6.25% 15.63% 6.25%

Bayes 65.63% 25.00% 0% 31.25% 28.13%
k-NN (k=1) 34.38% 18.75% 25.00% 40.63% 34.38%
k-NN (k=2) 33.33% (63%) | 27.27% (66%) | 0% (78%) 41.67% (63%) | 18.18% (66%)
k-NN (k=3) 42.86% (34%) | 20.00% (38%) | 0% (31%) 42.11% (41%) | 25.00% (25%)
k-NN (k=4) 52.00% (22%) | 20.00% (22%) | 0% (22%) 34.62% (19%) | 20.00% (22%)
k-NN (k=5) 53.85% (19%) | 19.23% (19%) | 0% (13%) 40.00% (22%) | 21.74% (28%)
k-NN (k=6) 59.26% (16%) | 26.32% (41%) | 0% (28%) 27.27% (31%) | 13.64% (31%)
k-NN (k=12) | 62.96% (16%) | 18.52% (16%) | 6.67% (6%) 32.14% (13%) | 14.82% (16%)

algorithm. This software is divided into two programs: database gener- TABLE V

ator (BASGEN) and fixed evolution time (FET) BASGENis a prepro- RESULTS FORDETECTION PROBLEM USING DIFFERENT CLASSIFIERS

cessing step that generates a database that is used by FET to determine
the closest points to any specific point. FET does the main job of cal

(INCONCLUSIVE DECISION RATES IN PARENTHESES

culating the average exponential rate of divergence of short segment Classifier Specificity Sensitivity

of the reconstructed orbit. There are a lot of parameters that need t

be defined for the two programs. The parameters for BASGEN were Min. Distance | 81.25% 50.78%

taken as: embedding dimension = 4, time delayL. = 60, and grid ) ”
resolution ires= 20. It should be noted that for Lyapunov exponent Bayes 63.63% 67.97%
calculations, the embedding dimensienwas chosen a®- rounded k-NN (k=1) 34.38% 75.00%

to the next highest integer [10]. Also, the grid resolution refers to the — o ) o o
fact that BASGEN places the reconstructed data into a grid of dimen- NN (k=2) 20.00% (38%) 86.67% (30%)
sionsm, with a resolution of ires cells/side. This grid will be used later &-NN (k=3) 28.13% 78.91%

by FET to efficiently find nearest neighbors (NNs) to any point. The 7 (k=4) 26.32% (41%) 83.96% (17%)
parameters for FET were set as follows. The time step was chosen a -

the sampling period. The evolution timevplvg was chosen as 25. The k-NN (k=5) 40.63% 80.45%
minimum separation at replacemedisinir) was selected to be 0.01. "¢ Ay (k=6) 36.36% (31%) 85.05% (16%)
When a replacement is decided, points whose distance from the keg

point is less thamlisminare rejected. The maximum separation at re- &-NN (k=12) | 34.62% (19%) 85.84% (12%)

placementdismay was chosen as 15% of the data range. Finally, the
maximum orientation errottimay is selected to be 30.
discriminating between different abnormal signals. In particular, when
usingDs, there is a statistically significant difference between all pairs
at the 5% level except between VB and VF, which are significant at the

The proposed techniques were implemented and applied to ECG gi§% level. Moreover, there was no statistically significant difference be-
nals from the MIT-BIH Arrhythmia Database [13]. The data set usdween VT and VF. This may somewhat be explained by the presence of
for this paper was composed of five different types including normalmilarities in dynamics between these types. Given the common na-
(NR), ventricular couplet (VC), ventricular tachycardia (VT), ventricture of VT and VF of producing higher heart rate, this might explain
ular bigeminy (VB), and ventricular fibrillation (VF). Each type wasthe similarity between them in their underlying dynamics. This is par-
represented by 64 independent signals for the design set and anothdicBarly apparent in theik; values. Similarly, for\; itis not possible
signals for the test with each signal 3 s long. The VF signals were satafind statistically significant difference between VT, VF, and VB. The
pled at 250 samples/s, while the others were sampled at 360 samplda¢k of separation between VB and both VT and VF in theivalues

The results for computingy, and) for different ECG signal classes may be explained by the clinical observation that VB can lead to VT in
are shown in Table I. We observe noninteger correlation dimergion some conditions [17]. Given that values describe the sensitivity to
values and positive sign af for all types. The results generally supporthe initial condition, this explains the observed similarity in this domain
the hypothesis that cardiac electrical activity reflects a low-dimensionahere VB eventually leads to the same chaotic behavior as VT and VF.
dynamic system behavior [10]. Thevalues of the pooled t-test basedThese statistically insignificant differences represent fundamental limi-
on D- are shown in Table Il. Thg-values of the pooled t-test basedtations of these dynamical features in differentiating between abnormal
on\; are shown in Table Ill. The results confirm that normal ECG sigarrhythmia types.
nals can be statistically differentiated from abnormal by both dynamicalUsing the calculated, and A, values as feature vector for each
system features. On the other hand, these features are not successtidse in the test set, the results of classifying the five different ECG

IV. RESULTS AND DISCUSSION
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types are listed in Table IV using three different classifiers [16]. The [9] H. D. I. Abarbanel, R. Brown, J. J. Sidorowich, and L. S. Tsimiring,
results for detecting the presence of abnormality are shown in Table V. “The analysis of observed chaotic data in physical systeRey: Mod
In Tables IV and V, the inconclusive decision rates usually encountereg . PNys. vol. 65, pp. 13311392, 1993. _ . .
ith k-NN classifiers appear within parentheses. Even though the EC 0] R-B. Govindan, K. Narayanan, and M. S. Gopinathan, "On the evidence
Wi pPp p o= . 9 ; of deterministic chaos in ECG: Surrogate and predictability analysis,”
signal classes have been shown to be statistically different (with the  chaos vol. 8, no. 2, pp. 495-502, 1998.
exception of VT and VF), the observed poor classification results indi{11] H. Kantz and T. Schreiber, “Human ECG: Nonlinear deterministic
cate that their distributions have significant overlap. This suggests the VBIFSEZSSIOChZSUC agr;gcgg’it-ggg- Eng. Proc. Sci. Meas., Technol.
only possibility of using the proposed features in detecting the pres- _ YO 149, N0. 9, pp. £/5-254, L
y pf b y lit t% thp tp ify the t fab 9 lit pThélz] A. Casaleggio and S. Braiotta, “Estimation of Lyapunov exponents of
enceora r,",)rma," y rather than O,Specl'fy e ypeq a norma}' Y- ECG time series—The influence of paramete@iaos, Solitons Frac-
three classifiers implemented provide different receiver operating char-  tals, vol. 8, no. 10, pp. 1591-1599, 1997.
acteristics. Nevertheless, the results of these classifiers provide a gan3] The MIT-BIH Arrhythmia Databas@rd ed., Harvard-MIT Div. Health
eral conclusion about the classification accuracy and the upper limitsin _ Sci. Technol., Cambridge, MA, 1997. _ _
the sensitivity and specificity values obtainable using the proposed fedt# W- S. Pritchard and D. W. Duke, *Measuring chaos in the brain: A tuto-
L . o . rial review of EEG dimension estimationBrain Cogn, vol. 27, no. 3,
tures. For example, the minimum distance classifier appears to provide pp. 353-397, 1995.
the best specificity in both the detection and classification problemsas) A, m. Albano', J. Munech, and C. Schwartz, “Singular-value decompo-
This comes at the price of lowest sensitivity. On the other extreme, the  sition and the Grassberger-Procaccia algorithhys. Rev. Avol. 38,
k-NN results generally indicate the highest detection rate among the  no. 6, pp. 3017-3026, Sept. 1988. _
three classifiers at the price of lowest specificity. The Bayes minimuni16l Y. M. Kadah, A. A. Farag, J. M. Zurada, A. M. Badawi, and A. M.

|assifi ¢ id Its in th iddle. A the dif Youssef, “Classification algorithms for quantitative tissue characteriza-
error classinier seems 1o provide resufts in the miadle. Among the dir- tion of diffuse liver disease from ultrasound imagd&EE Trans. Med.

ferent values of: of the k-NN classifier, the value ok = 1 in the Imag, vol. 15, pp. 466-478, Aug. 1996.
classification problem ankl = 5 in the detection problem seemto pro- [17] G. S. Wagner, Marriott's Practical Electrocardiography 10th
vide better results (observing the inconclusive decision rates). ed. Philadelphia, PA: Lippincott Williams & Wilkins, 2001, pp.

The signal window length for this analysis was chosen such that it 274-279.

is less than 10 s. This is to satisfy the ANSI/AAMI EC13-1992 stan-
dard, which requires alarms for abnormal ECG signals to be activated
within 10 s of their onset. The variation of the number of points within
this duration was not found to be crucial as long as the ECG signal is

sufficiently sampled. N .
A Wavelet-Based Heart Rate Variability Analysis for the

V. CONCLUSION Study of Nonsustained Ventricular Tachycardia

The use of ECG signal features from nonlinear dynamical modeling Szi-Wen Chen
was studied. The results from a large data set of actual ECG signals

from five different classes were presented. The statistical analysis of

stract—t has been reported that the sympathovagal balance (SB) can
the results suggests that the use of such features can be advantaggedod%antiﬁed by heart rate (HR) via the low-frequency (LF) to high-fre-

to ECG arrhythmia detection. They also illustrate the limitations Q{uency (HF) spectral power ratio LF/HF. In this paper, an investigation
such features in classifying the type of ECG abnormality. Future woskthe relationship between the autonomic nervous system (ANS) and non-
should address the use of such features among other classical statistitg#ined ventricular tachycardia (NSVT) is presented. A wavelet trans-
ECG features as well as more sophisticated classification technique®fs (WT)-based approach for short-time heart rate variability (HRV) as-
improve the results. sessments is proposed for this aspect of analysis. The stgdy was condu_cted
on an RR-interval database consisting of 87 NSVT, 61 ischemic and five
normal episodes. First, instantaneous SB estimates were generated by the
REFERENCES proposed method. Then, waveforms of the WT-based SB evolutions were
quantitatively examined. Numerical results showed that while a majority of
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