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Abstract though extensively studied during the last decades, re-
mains an open problem. A wide variety of detec-
Early detection oventricular fibrillation (VF) and fast  tion algorithms have been developed based on tempo-
ventricular tachycardia (VT) is crucial for the success of ral/morphological [4-8], spectral [9,10], or complexity pa-
the defibrillation therapy. A wide variety of detection al- rameters [11-14] extracted from the ECG. For each detec-
gorithms have been proposed based on temporal, spector different separation scenarios have been considered [7],
tral, or complexity parameters extracted from the ECG. such as VF vs nonVF rhythms, VF plus VT vs nonVTVF,
However, these algorithms are constructed by consideringor VF vs VT, making it difficult to asses the real perfor-
each parameter individually. This study aimed to analyze mance of the proposed algorithms. When compared in a
the performance of combining previously defined ECG pa- standardized way [6], their performance is reduced from
rameters for the detection of life-threatening arrhythmias the claimed values presented in the original studies. Be-
using support vector machines (SVM). A totallafpa- sides, the arrhythmia detection algorithms are constructed
rameters have been computed, namely, TCI, STE, MEADby considering each parameter individually, however the
CM, VFleak, M, A2, FM, MAV, PSR and HILB. We studied combination of ECG parameters have been suggested as a
two different binary detection scenarios: shockable (FV useful approach to improve detection efficiency [15, 16].
plus TV) vs nonshockable arrhythmias, and VF vs nonVF  This study aimed to analyze the performance of com-
rhythms. We used the MITDB, the CUDB, and the VFDB bining previously defined ECG parameters for the detec-
to evaluate our algorithms. Sensitivity and specificity anal- tion of life-threatening arrhythmias using support vector
ysis show that the combination of parameters with SVM machines (SVM). SVM are statistical learning algorithms
outperforms individual detection algorithms. that have demonstrated an excellent performance in a num-
ber of classification problems [17]. We studied two differ-
ent binary detection scenarios: shockable (FV plus TV)
vs nonshockable arrhythmias, and VF vs nonVF rhythms.
. ) ) We used the MIT-BIH Arrhythmia Database (MITDB)
Sudden cardiac arre8CA) is a major health problem 1 g1 “yhe Creighton University Ventricular Tachycardia
which accounts approximately for six millions deaths in Database (CUDB) [19], and the MIT-BIH Malignant Ven-

Europe and in the United States [1]. SCA is a sudden, y;o ar Arrhythmia Database (VFDB) [20] to evaluate our
abrupt loss of heart function, most often caused by a rapid algorithms

ventricular tachycardia (VT) that quickly degenerates into

ventricular fibrillation (VF). Prompt detection of VT and .

VF episodes is crucial to deliver an electric shock therapy 2- Materials and methods

and in this way increase the probability of survival from

a SCA incident. This has impelled the development au- 2.1. ECG collection

tomated external defibrillators (AED) which analyzes the

surface electrocardiogram (ECG) signal and advise/deliver We used theeomplete ECG signal recording files from

and electric shock if either fast VT or VF are detected. Al- the MITDB, the CUDB and the VFDB. The MITDB con-

though commercial AEDs have been extensively tested in-tains4s files of slightly over30 min length,2 channels per

silico and in clinical trials [2], their real detection capabil- file, sampled aB60 Hz. The MITDB includesl5 rhythm

ities are still controversial [3]. labels differentiating between VT, ventricular fluter (VFL),
Reliable detection of life-threatening arrhythmias, normal sinus rhythm (NSR), among other rhythms. The

1. Introduction
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CUDB contains35 records of§ min length from patients  2.4.  SVM classifiers

who experienced episodes of sustained VT, VFL and VF.

Each record is sampled a50 Hz and includes only two In recent years,SVM classification algorithms have
rhythm annotations: VF and nonVF. The VFDB contains been used in a wide number of practical applications
22 files of 30 min length,2 channels per file, sampled at [17]. SVM binary classifiers are sampled-based sta-
250Hz. As the CUDB, the VFDB includes patients who tistical learning algorithms which construct a maximum
experienced episodes of sustained VT, VFL and VF. In this margin separating hyperplane. Given a training dataset

database, annotation labels containdifferent rhythms  {(x1,%1),..., (xn,yn)}, Wherex;, € R* andy; €
such as VT, VF, VFL, and NSR. {-1,+1}, SVM solves a quadratic optimization problem:
. N
2.2. Preprocessin 1
P g min gllw|” +C )¢ )
All ECG signalswere preprocessed using the filtering =t
process proposed in [6] which works in four successive s.10 yi ({0(x:), w) +0) =1 +& >0,
steps: i) mean subtraction, ii) five-order moving average §i=>0,i=1,...,N,

filtering, iii) high pass filtering withf. = 1Hz (drift ) ) _ )
suppression), ani¥) low-pass Butterworth filtering with yvheregb(xi) is alnonllngatran'sformanon that maps train-
f. = 30 Hz. Then, noiseasystole and low-quality episode N9 data to a higher dimensional spacg represent the
segments were removed according to the corresponding©SSes, and’ is a regularization parameter that represents
annotation labels. Finally, only the first channel of the @ trade-off between margin and losses. By using Lagrange
MITDB and the VFDB has been considered to avoid de- Multipliers, (1) can be rewritten into its dual form, and

pendency of samples during the learning process. then, the problem consists of solving
N N
1
2.3. ECG parameters H}yg}xzai - Y amiayK(xix;),  (2)
C =1 i,j=1

Each preprocessed ECGignal is divided in non-

overlapping 8-seconds segments. This window length hasynstrained t@ < a; < C andZ{l aiy; = 0, wherea;
demonstrated to give the best performance in a number ofyy¢ the |agrangeultipliers corresponding to primal con-
investigated detection algorithms [6]. For each 8-s se€g- giraints. K(x:,%;) = (¢(x;), (x;)) is the lermel func-

ment, a set of 11 parameters were computed from thetjon \which allows us to calculate the dot product of pairs

following existing methods: Thr_eshold Crossing I_nter- of vectors transformed by(-) without explicitly knowing
val (TCI) [4], Standard Exponential (STE) [6], Modified either the nonlinear mapping nor the higher dimensional

Exponential (MEA) [6], Complexity Measurement (CM)  gnace \We used the Gaussian kernel in our experiments:
[11], VF filter (VFleak) [10], Spectral Algorithm (M and

A2 parameters) [9], Median Frequency (FM) [21], Mean K(xi,%;) = exp (_'7||Xi — XjH2)- (3)
Absolute Value (MAV) [7], Phase Space Reconstruction

(PSR) [12] and Hilbert Transform (HILB) [13]. A detailed After obtaining thd_agrange multipliers, the SVM clas-
description of each parameter can be found in the original sification for a new sample is simply given by
manuscripts. For an 8-s segment we assigned the labels VF

(including VFL), VT, or other rhythm (O) according to the N

mode of the annotation samples within the analyzed seg- Y =sgn Z aiyiK (xi,x) +b ).
ment. Note that we used rhythm annotations, and therefore =1

all samples contained in a VT/VF episode are considered The free parametersf the SVM modely and C' have

as VT/VF respectively. to be settled a priori. Methods such as cross-validation or
The parameterization of ECG sighal segments resu|tedbootstrap resampling can be used for this purpose.

in a dataset of binary labeled ddta1, v1), . . ., (Xn, yn) }s

wherex; € R? with d = 11 the numbeof computed pa- 3, Results

rameters,N = 17857 the number of 8-s segments, and

labelsy; € {—1,4+1}. Two binary detection scenarios First, we testhe discrimination ability of the computed

were considered: VF episodes vs nonVF, and shockableparameters by analyzing the receiver operating characteris-

(VF plus VT) vs nonshockable rhythms. Both constitute tics (ROC) curve. Figure 1 shows the ROC curves obtained

unbalanced datasets with the following prior probabilities: using the complete database. The performance of the de-

VF vs nonVF, o1 = 95.2%, p_1 = 4.8%); shockablerss tection parameters were assessed in terms of the area under

nonshockable(p, 1 = 91.5%, p_1 = 8.5%). the ROC curve (AUC) and evaluating the sensitivity (SE),
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Figure 1. ROC curves for the (a) VF vs nonVF problem, and (b) shockable vs nonshockable scenario.

i.e the proportion of correctly detected VF/Shockable ob- of the SVM detector was assessed using the ROC analysis
servations, and the specificity (SP), i.e the proportion of in terms of SE, SP and AUC, and benchmarked against the
correctly identified nonFV/nonShockable samples. The re- VFleak parameter, as presented in Figure 2 and Table 2. In
sults of the ROC analysis are presented in Table 1. In allboth scenarios under analysis, the SVM detector outper-
cases, the best performance corresponds to VFleak paramforms individual parameters in terms in SE and SP. This
eter, which is consistent with previous studies [2, 6]. The difference is enhanced in the case of shockable rhythms.

performance of PSR and HILB differs from the original )
investigations [12, 13], but it is similar to other studies [5].  Table 2. ROC analysis of the SVM detector (test se)

Table 1. ROC analysis for the computed parameters using VF vs nonVF Shock vs nonShock
the complete dataset AUC SE® SP AUC SE® SP
SVM 0.96 81 85 0.99 96 99
VF vs nonVF Shock vs nhonShock VFleak 0.95 73 89 0.97 82 93
Param AUC SE' SP AUC SE' SP @ Sensitivity(%) for a95% specificity.
TCl 0.89 49 68 0.92 65 76 b Specificity(%) for a90% sensitivity.
STE 0.83 48 47 0.88 62 58
MEA 092 70 83 095 8 91 4. Discussion anctonclusions
CM 0.80 23 47 0.78 25 37
VFleak 0.95 73 89 097 8 93 The owrall performance of the computed parameters
A2 088 34 T 090 51 72 are in accordance with previous studies [5, 6], in which
M 091 71 72 095 81 82 VFleak, HILB and PSR provide the best detection results.
FM 084 56 41 085 56 53 Differences in SE and SP values can be attributed to the
MAV 072 24 18 079 43 26 ECG databases. Here we included the VFDB whereas the
PSR 092 7 8 095 8 92 American Heart Association database is not used.
HILB 092 75 80 094 76 86 In this work, a novel detection detection algorithm has
@ Sensitivity(%) for a95% specificity. been presented that combines ECG parameters with SVM
b Specificity(%) for a90% sensitivity. to identify VF/shockable arrhythmias, thus showing that
the use of machine-learning technigques can improve the
3.1. SVM performance efficiency for the detection of life-threatening arrhythmias.

In these detection schemes, where the number of ECG pa-
The parametrization datasatthe ECG signal was used rameters can be easily increased, it would be of interest
as the input to the SVM detector. A random subset of the to incorporate efficient feature selection techniques for as-
input space{0%) was used for training while the remain- sessing the discriminatory properties of the selected vari-
ing data was used as test set. Given that the datasets werables. This, besides of improving the accuracy of VF de-
unbalanced, we used the balanced error rate (BER) [22] agectors, might help researchers to provide a better under-
metric to set the free parameters{Lof the SVM by fol- standing of the underlaying mechanisms responsible for
lowing a 5-fold cross validation strategy. The performance the generation of life-threatening arrhythmias.

387



decision making in the frequency domain for life threaten-
ing centricular arrhythmias and aimitative artifacts: a diag-
nostic system. J Biomed Eng 1989;11(4):320-8.

0.9

S

o8 1 [10] Kuo S, Dillman R. Computer detection of ventricular fib-
07 1 rillation. In IEEE Computers in Cardiology. 1978; 2747—
06 1 2750.
I [11] Zhang XS, Zhu YS, Thakor NV, Wang ZZ. Detecting ven-

tricular tachycardia and fibrillation by complexity measure.

IEEE Trans Biomed Eng 1999;46(5):548-55.
[12] Amann A, Tratnig R, Unterkofler K. Detecting ventricu-

, , , 1 lar fibrillation by time-delay methods. IEEE Trans Biomed

01 :;I(;(“k* ‘;‘;““:;““) ] Eng 2007;54(1):174 -177.
B [13] Amann A, Tratnig R, Unterkofler K. A new ventricular fib-
rillation detection algorithm for automated external defib-
rillators. In Computers in Cardiology. 2005; 559 —562.
Li H, Han W, Hu C, Meng MH. Detecting ventricular fib-
rillation by fast algorithm of dynamic sample entropy. In
IEEE International Conference on Robotics and Biomimet-
ics. 2009; 1105 -1110.
Neurauter A, Eftestol T, Kramer-Johansen J, Abella B,
Sunde K, Wenzel V, Lindner K, Eilevstjonn J, Myklebust
H, Steen P, Strohmenger H. Prediction of countershock suc-
cess using single features from multiple ventricular fibrilla-
tion frequency bands and feature combinations using neural
networks. Resuscitation 2007 May;73(2):253—-263.
Pardey J. Detection of ventricular fibrillation by sequential
hypothesis testing of binary sequences. In IEEE Computers
in Cardiology. 2007; 573-6.

0.4

03 VFLeak (VF vs nonVF)

02 SVM (VF vs nonVF)

. . . . T T T T
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
1-Specificity
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