Ann. Inst. Statist. Math.
Vol. 52, No. 1, 1-18 (2001)

ANALYSIS OF ELECTROCARDIOGRAM SIGNALS VIA WAVELET BASED
BAYESIAN MODELS

RAQUEL PrRADO! AND IRENE GARCIAZ

1 Departamento de Cémputo Cientifico y Estadistica and CESMa, Universidad Simén Bolivar,
Apartado 89000, Caracas, Venezuela
2 Departamento de Ciencias Bdsicas and CESMa, Universidad Simén Bolivar, Nicleo Litoral,
Venezuela

(Received November 15, 2000)

Abstract. The study of high resolution electrocardiogram signals (HRECGs) has
proven useful in assessing the risk of arrhythmic events in patients suffering chagasic
myocarditis. We present a wavelet based Bayesian modelling approach to the analysis
and classification of multiple single-channel HRECG signals recorded on patients clas-
sified into different groups according to their level of cardiac damage. We compute a
wavelet transform of each signal and propose a probability model that decomposes the
expected value of each wavelet coefficient in two terms: a mean component common
to all signals and a dispersion term capturing features that characterise each group.
We use hierarchical mixture priors on the components associated to each wavelet
coefficient. This prior structure has a level dependent positive probability mass at
zero for vanishing terms and normal priors for non-zero terms. Model parameters are
estimated using Markov chain Monte Carlo methods.

Key words and phrases: Wavelet based models; Bayesian hierarchical models; ECG;
Chagasic myocarditis.

1. Introduction

The problem of classifying multiple signals has been studied by several authors from
different perspectives. Motivated by the study of the high resolution electrocardiogram
(HRECG) and its capabilities in predicting the risk of abnormal cardiac events in patients
with chagasic myocarditis, we propose a wavelet based Bayesian modelling approach to
the analysis and classification of multiple signals recorded in patients under various
clinical conditions.

Chagasic myocarditis is characterised by a progressive inflammation of the cardiac
muscle produced by lymphocytic infiltration of a parasite, the Trypanosoma cruzi. The
inflammation process gradually leads to bundle branch block (BBB), hypertrophy and
local disruption of ventricular conduction. A common endpoint is sudden cardiac death
due to electric instability in myocardial contraction, which generally occurs after ventric-
ular tachycardia (VT). Understanding the natural progression of chagasic myocarditis
and exploring techniques for diagnosis of myocardial and electrical conduction damage in
patients at the early stage of the disease is a key issue. Abnormal intra-QRS potentials
(AIQP) and late potential (LP) measurements in the HRECG have been used as non-
invasive markers of ventricular arrhythmia in patients with chagasic myocarditis (Gomis
et al., 1996). Late potentials indicate slow or delayed conduction in the myocardium and
are usually defined as abnormal signals that outlast the normal QRS period during sinus
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rhythm. Time domain criteria have been widely used to quantify LPs, however, such
criteria are not suitable in patients with prolongated QRS periods due to conduction
abnormalities as BBB. Frequency domain and spectro-temporal analysis have also been
used to identify abnormal potentials within the QRS of chagasic patients (Zareba et al.,
1991) however, these techniques have implicit limitations due to spectral resolution and
induced artifacts.

Time-frequency measurements have also been used to evaluate abnormal potentials
in HRECG signals. Morlet et al. (1993) describes a method for discriminating patients
with ventricular tachycardia based on detecting local maxima of the wavelet transform
magnitude vectors of HRECG signals. In the context of chagasic myocarditis, Sudrez et
al. (1998) identify different stages of the disease using time-frequency indexes computed
from short-time Fourier transforms, Wigner-Ville and wavelet representations of HRECG
signals. Differences among some of the clinically different groups of chagasic patients are
assessed by these indexes, however their predictive performance is not fully satisfactory
(Sudrez, 1997).

We aim to extend the previous developments using a wavelet based Bayesian mod-
elling approach to the analysis and classification of unfiltered HRECG signals recorded
in 44 subjects of which 11 were healthy subjects and 33 were seropositive patients with
no evidence of cardiac damage, 25 chagasic patients with evidence of cardiac involvement
including BBB and 11 patients in conditions similar to the previous group but with doc-
umented episodes of ventricular tachycardia. We compute a wavelet transform of each
HRECG signal and propose a probability model that decomposes the expected value of
each wavelet coefficient in two terms: a term common to all the traces and a component
that characterises each group. In addition, following Miiller and Vidakovic (1998), we
use a hierarchical mixture of priors on the components associated to each wavelet coeffi-
cient. Such prior structure includes a level-dependent positive prior probability mass at
zero for vanishing coefficients, implementing wavelet coefficient thresholding as a formal
Bayes rule (Vidakovic, 1998). For non-zero coefficients shrinkage is introduced through
Gaussian priors with different variances at each level of detail.

At this point it is worth emphasizing that our objective is not compression or noise
reduction in ECG curves. We aim to detect abnormalities in the QRS complex in terms
of a reduced number of wavelet coefficients that are useful for diagnosis purposes. In
this sense, the work presented here is similar to the work of Morlet et al. (1993) in the
ECG framework and to the work of Brown et al. (2001) in the context of spectroscopic
calibration problems, to mention just a couple of references. Once a model with the
structure summarised above is fitted to a particular dataset and posterior distributions
for the model parameters are obtained, the focus relies on prediction. We evaluate the
predictive capabilities of the proposed models through a Bayesian classification proce-
dure. The method is based on computing the posterior odds or probability that a “new”
ECG signal belongs to one particular group.

The paper is organised as follows. In Section 2, we give some preliminaries on
wavelet transformations and describe the probability model and the simulation scheme
to obtain posterior inference. Section 3 describes a Bayesian approach for classification of
the HRECG signals based on the models developed in Section 2. Section 4 describes the
analysis of the HRECG signals and evaluates the predictive performance of the models
in a cross-validation study. Finally, conclusions and future developments are presented
in Section 5.
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2. The Model

2.1 Modelling multiple HRECG signals via wavelet transformations

We begin with some preliminaries on wavelet transforms. References on general
wavelet theory include Daubechies (1993) and Meyer (1992) among others. For a com-
prehensive introduction to wavelets in statistics see Vidakovic (1999).

Let {¢;x(z)}, with j, k € Z, be an orthonormal basis in Ls(R) obtained as transla-
tions and dilations of a mother wavelet function function 1 as ;1 (x) = 2//2¢(27z — k).
Then, a function f can be represented as

fl@) = > dixtik(e),

J,kE€EZ

with wavelet coefficients djr, = [ f(2)v;kx(x)dz describing the function f at location
277k and frequency proportional to 27. In a discrete framework the data can be mapped
from the time domain to the wavelet domain via a fast algorithm known as the discrete
wavelet transformation (DWT). Let y = (y1,...,¥n)’, with n = 27 and J € Z, be the
vector of observations usually corresponding to a sample of n equally spaced points in
time. The data vector y can be decomposed into an n-dimensional vector of wavelet
coefficients d via d = Wy, with W an orthogonal matrix uniquely determined by the
choice of the wavelet basis. The DWT algorithm is based on the application of recursive
linear filters, so the matrix W is not explicitly computed in practice. An algorithm to
reconstruct y from d, known as the inverse discrete wavelet transformation (IDWT), is
also available. Wavelets are localised in time and frequency, usually providing a good
description of a variety of functions in terms of very few coefficients.

In our HRECG scenario we have M signals corresponding to high resolution signals
obtained from patients originally classified into p different groups, each group formed by
m; patients with i = 1,...,p. Let y;(t) be the HRECG trace for patient [ in group 4 at
time t. Then, we assume the following model

ya(t) = fi(t) +ea(t) = f(t) + ai(t) + ea(?),

with €;(t) ~ N(0,0?) for all ¢t and 0? unknown. In words, f(t) represents the form of
an average signal at time ¢, while a;(¢) accounts for group effect. Applying a DWT to
the data vector y; = (yau(1),...,ya(n))’, we obtain

diy =Wy, = Wi+ Wa; + €,
(2.1) =0+ T1; + €},

where d;;, @ = Wf and 7;, = Way are the vectors of wavelet coefficients of y,;, f
and «; respectively, and €}; is an n-dimensional vector of i.i.d. innovations normally
distributed with zero mean and variance o2, N(€};|0,0%I). The IDWT algorithm allows
for the reconstruction of the signals from the coeflicients, therefore, inferences on 8 and
T; translate into inferences on f and ;. Model (2.1) is completed by specifying a prior
probability model on 8, 7; and o2.

2.2 The prior structure
In order to allow thresholding of the wavelet coefficients we use a mixture prior model
on the components @ and 7;. Following Vidakovic (1998) and Miiller and Vidakovic
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(1998), we take a prior structure that includes a positive probability mass at zero for
vanishing coefficients and a Gaussian distribution for non-vanishing coefficients.

Let 6(j,k) be the wavelet coefficient of f at level j, for j = 1,...,J and shift k
within the level with & = 20— 4+ 1,...,2/. We assume the following prior model,

0(j,k) ~ (1 =) Io(6(j, k) + 7] N (8(j, k)|0, ur;),

with 7f = o the prior probability of 6(j,k) # 0 and a € (0,1]. IL(-) denotes the
indicator function, that is, Io(6(j,%k)) = 1 if (4, k) = 0 and I4(6(j, k)) = 0 otherwise. If
a coefficient is set to zero the corresponding column of the wavelet transformation matrix
W is not used in the description of f. Note that the choice of 77? = oJ implies that the
model sets smaller prior probabilities at non-zero wavelet coefficients for higher levels of
details. Given that 6(j, k) is not vanishing, a normal zero mean prior distribution with
level-dependent variance ur;, with r; = 1/27, is assumed. The scaling factors r; are used
to compensate for the factor 2//2 in the definition of 4, x(-) (see Miiller and Vidakovic
(1998) for a detailed discussion on this). Other choices for 7 and r; are possible (see
for instance Chipman et al. 1997).

Similarly, if 7;(j, k) denotes the wavelet coefficient of c; at level j and scale k, we
assume

Ti(4, k) ~ (1 — 7)o (7i(4, k) + 75" N (7:(4, k)|0, vir;),

with 77 = B/ and 8; € (0,1].

In addition, we set 7;,(j, k) = 0 for all j, k and some group iy to guarantee parameter
identifiability. We complete the model with hyperpriors for o2, a, 8;, u and v;. We take
beta prior distributions on « and ;, that is @ ~ Beta(aq, by) and 3; ~ Beta(ag, bs), and
inverse-gamma priors on 02, u and v;, 1/0? ~ Gamma(a,,b,), 1/u ~ Gamma(a,,b,)
and 1/v; ~ Gamma(ay,by) for all i # 4.

2.3 Estimation of the parameters via Markov chain Monte Carlo

We briefly describe a Markov chain Monte Carlo (MCMC) simulation scheme to
implement posterior inference in the proposed model. Details on the algorithm appear
in Garcia (1999). We are interested in making inferences on the set of model parameters
A= {H,T,az,a,ﬂ,v} with @ = {0(j, k); Vj, k}, 7 = {7:(4, k); Vi # i0, J, k}, B = {Bi; Vi #
io} and v = {’U“VZ 75 Zo}

Starting at some initial parameter values A, the MCMC scheme iterates through
the steps described below, generating samples from the desired joint posterior distribu-
tion once convergence is achieved.

(i) Update (0|7, ,u). This reduces to updating (6(j, k)| (j, k), ..., 7 (J, k), o, u) in-
dependently for each j, k which is done through Gibbs steps as follows.
For each j,k, define 2;(j,k) = du(j, k) — 7:(j, k) and z(4,k) = {za(j, k), Vi, 1}.
Then, sample 6(j, k) ~ N (u(z(j, k)|0, p~ 1) with probability (1—po) and 6(j,k) = 0
with probability pg, where

P n;
Ur M 1
(i b)) = j Gk e R
w(z (4, k)) Mur; + 02 ;lzzlzl('j’ ) p o2 + ur;
and
(]. — Oéj) le 7:11 N(zzl(Ja k)|0702)
(L= o) T 1T N Ga G k)10,0%) + a7 [T, 1 N Ga Gy B0, % + ury)’

Po =
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(ii) Update (7|0,8,v). This reduces to update (7;(j, k)|0(4, k), B:,v;) independently
for each j,k and each i # io. For each i define 2};(j,k) = diu(j, k) — 6(j,k) and
2} (j, k) = {z:(4,k),l = 1,...,n;}. Then, for each group ¢ and each j, k
Ti(ja k) ~ ngO(Ti(ja k)) + (1 _pé)p(Ti(ja k)|z:(.73 k)aﬁia“i);

with p(7:(4, k) |2} (j, k), Bi,vi) and p} computed as follows
p(ri(G, k)25 (4, k), B, vi) = N (74, k) | (25 (4, k), p§ )

with
Tiv; nirv; + o2
% (s k v * g
,u(zz (.75 )) nr;; +o_2 Zzzl .77 Pi 027‘]"Uz'
and
o = (1-4) N( ,1(97 k)|0,0°)
(1-p7) N(z;(J, )|0,<72) + BITIE, N (2535, k)[0, 0 + viry)

Then, we sample Gi(J,k) ~ N(u(z:(j, k), pr~ 1) with probability (1 — p§) and
7:(4,k) = 0 with probability p}.
(iii) Update («|@). This is done through a Metropolis step. Generate a proposal & ~
go(@|a) and compute a(a, @) = min{1, h(a,ad)} with
h(a, &) = (&/a)* ™" x (1—a)/(1—a))™ ™" x
H[@j/aj](lflo(f’(j,k)))[(1 —&@)/(1 — o))l 0G:R),
jok
Then, with probability a(a, &) replace a by @&, otherwise keep a unchanged. We
take g (@a) = N(a,w) and (0.01)? < w < (0.1)%
(iv) Update (B|7). This is done through a collection of Metropolis steps, one for each
B;. For each i, generate a proposal 3; ~ gs,(6;8;) and compute

~ . ag— _ bs—
a(B.B) = minf1, (G/8)" x (W=B)/-59)" x
1157 /880G (1 = §7) /(1 = gy,
jok
With probability a(6;, f;) replace 3; by f3;. Otherwise keep 3; unchanged. Again,

we use gg, (0i|6i) = N(Bi,w) with (0.01)? < w < (0.1)2.
(v) Update (u|a, ). Sample 1/u ~ Gamma(a},b}) with

o [1—Io(6(7, k i k)21 = I i
ot = Z],k[ 0(0(4, k)] Yag, b= Z 035, k)°[ 0(0(4, k))] + by
2 X 21"]'
7.k
(vi) Update (v|B, ). For each i, sample 1/v; ~ Gamma(a},bk) with
o 2l = Io(7(G, k)] . 7i(J, k)?[1 — Io(7:(j, k)]
al = 5 +tay, bj=> o, + by

ik
(vii) Update (02|6,7). Sample 1/0? ~ Gamma(a’,b’) with

p . P n; (A _ . o 2
@ =a + 3, b =b, Yy BN D 2R B
=1

i=1 =1
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3. Classification of a set of HRECG signals

Let D = {dy,i = 1,...,p;l = 1,...,n]} be a set of M* HRECG 51gnals repre-
sented in the wavelet domam and D = {da,a =1,...,q} aset of ¢ “new” signals also
represented in the wavelet domain. Suppose that we want to determine what is the
probability that each signal in D belongs to one of the p groups.

Let p(d,|D,M;) be the predictive density of d, € D given model M; and the
available data D, where model M; is defined by the parameters A; = {6,7;,0°} for
i=1,...,p. Then, p(da|D, M;) is computed as

(3.1) p(d,|D, M) = / p(d,|D, A;, M,)p(A;|D)dA,

The posterior probability that d, belongs to group j is then given by

g;p(da|D, M;)
E?:l Qip(dalD: Mj)

(3-2) P(M;|d,, D) =

where ¢; is the prior probability that d, belongs to group i. At this point we have an
assessment of the probability that d, belongs to group i. We may choose to assign d,
to the group for which p(M;|d,, D) is a maximum or we may choose to withhold the
classification unless the maximum is greater than some specified value.

If g; = 1/p for all 4, equation (3.2) can be written as

(3.3) P(M;|d,,D) = (Zpd"'lgl\l\:;) :(ZB;‘j(&a)) ,

with B (d,) the predictive Bayes factor for M; versus M;. A log Bayes factor of 1 (-1)
indicates evidence in favour of model i (j), a value of 2 or more (-2 or less) indicates
strong evidence in favour of model i (j), while the value 0 indicates no evidence either
way.

In our case, the expression (3.2) is not available in closed form so we use the ap-
proximation,

(3.4) P(d.|M;,D) ~ Zp d,/D, A M),

where each Ags) is a sample from the joint posterior distribution of A; = {0, T;,02}.
4. Analysis of the HRECG data

Three groups of signals were studied. Group I was formed by 44 subjects of which
11 were healthy subjects and 33 were and blood seropositive patients with no echocar-
diographic or standard ECG evidence of cardiac damage. Group II was formed by 25
chagasic patients with evidence of cardiac involvement including either abnormal Holter,
left ventricular ejection fraction or BBB. Finally, group III consisted of 11 patients with
evidence of cardiac damage - similar to Group II - and documented episodes of ventric-
ular tachycardia. The HRECGs were obtained using orthogonal XYZ leads, sampled at
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1,000 Hz with signal-averaged techniques implemented in the Predictor system (Cora-
zonix Corp., Oklahoma City). A preliminary analysis of some of the HRECG traces that
are part of this dataset is described in Garcia et al. (2000). Here, we extend the analysis
and consider classification issues. As in Garcia et al. (2000) we only consider signals
from the X leads.

We applied a wavelet transform to each HRECG signal, obtaining a set of 256
wavelet coefficients. The MATLAB library for wavelet analysis WaveLab v.701 (Wavelab
Reference Manual, 1999) was used for this. Various wavelet bases, including minimum
phase Daubechies wavelets, Coiflet and Symmlet families were considered, leading to
similar results in terms of posterior inference and classification. The results presented
here correspond to Daubechies wavelets with 5 vanishing moments. Following the no-
tation of Section 2, the indexes i = 1,2,3 identify the groups I, IT and IIT respectively.
We set 71(j, k) = 0 for all j, k to guarantee parameter identifiability. This restriction
implies that @ characterises the wavelet coefficients of group I while 75 and 73 model
effects of the wavelet coefficients of groups IT and IIT over group I. Different values of the
hyperparameters were considered for the hyperpriors on a, 3;, u and v; and no significant
impact in terms of posterior estimation. Table 1 shows the estimated posterior means
for the parameters o, /u, /v,,/v3, @, B2 and (3 using the complete data. The results
are based on 2,000 posterior samples taken from 15,000 MCMC iterations after a burn
in of 3,000 iterations. The posterior means and probability intervals obtained for «, B2
and (3 indicates that the level of thresholding is higher for the 72 and 73 coefficients
(groups IT and IIT) than for the @ coefficients (group I).

Table 1. Estimated posterior means for o, /4, /v,,+/v3,, 32 and 83 and corresponding 95% proba-
bility intervals.

Mean | 95% probability interval

o | 01381 (0.1371 , 0.1392)
Ju | 4.9021 (3.9493 , 6.4400)
v, | 1.3454 (0.9945 , 1.8140)
v, | 3.3796 (2.4402 , 4.8838)
o | 09137 (0.9033 , 0.9240)
B> | 0.6037 (0.5491 , 0.6593)
Bs | 05713 (0.4997 , 0.6346)

Figure 1 displays the posterior estimated mean signals of the X leads for the 3
groups, f = E[fly] (solid line), £, = E[f + a2|y] (dashed line) and f3 = E[f + asly]
(dotted line) and 95% posterior intervals. The posterior estimated mean signals for
groups IT and IIT show more extended S waves in comparison to the S waves of group
I. Group differences are also evident in terms of the amplitudes of the R waves. This
is consistent with the results obtained in Sudrez et al. (1998). Of all the coefficients at
the 8 levels from coarsest to finest scales, only (100%, 100%, 75%, 37.5%, 25%, 0%, 0%,
0%) were used, respectively for each level, in computing the posterior estimates of 6.
The corresponding percentages of coefficients for 71 and 75 at the 8 levels were (100%,
100%, 100%, 62.5%, 256%, 0%, 0%, 0%) and (100%, 100%, 75%, 50%, 12.5%, 0%, 0%,
0%).
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Fig. 1. Estimated posterior mean signals and 95% posterior intervals of the X leads for groups I (solid
lines), IT (dashed lines) and III (dotted lines).

4.1 Predictive performance

In order to assess the predictive performance of the models described in Section
2, we compare our results with those of late potential indexes based on time-frequency
representations of the HRECG signals developed in Sudrez (1997) and Sudrez et al.
(1998). For this purpose, we only discriminate among two groups of data at a time.
We begin fitting model (2.1) to traces in groups I and II and evaluate the predictive
performance of our model based methods in discriminating subjects in these two groups.
Then, we fitted model (2.1) to traces in groups I and IIT and followed an analogous
classification procedure.

We split the 69 signals of groups I and IT randomly into 10 groups for cross-validation
purposes, obtaining 9 groups with 7 signals each and a group with 6 signals. Each one of
the first 9 groups contains 4 signals of group I and 3 signals of group II. We then used 9
of the 10 groups as training data and classified the traces in the 10th group. We repeated
this procedure 10 times by using each group as a prediction dataset and the remaining
9 groups to fit the model. Similarly, for discrimination of signals of groups I and III, we
split the 55 signals randomly into 10 groups obtaining 8 groups with 4 signals of group I
and one signal of group III, one group with 6 signals of group I and one signal of group
IT and finally, one more group with 6 signals of group I and 2 signals of group III. Again,
we repeatedly used 9 of the 10 groups to fit the model and one group for prediction.

Table 2 shows a comparison between the specificity, sensitivity and accuracy rates
obtained using the wavelet based Bayesian models described in Section 2 and the rates
obtained using late potential indexes based on short-time Fourier representations (LPST)
described in Sudrez (1997) and Sudrez et al. (1998). Sensitivity and specificity are defined



FRONTIER OF TIME SERIES MODELING 9

Table 2. Specificity, sensitivity and accuracy rates.

Specificity (%)  Sensitivity (%) Accuracy (%)

Wayvelet based Bayesian models (I, II) 81.82 60.00 73.91
LPST indexes (I, II) 24.24 65.38 42.37
Wavelet based Bayesian models (I, III) 90.91 90.91 90.91
LPST indexes (I, III) 45.45 15.15 22.72

as the percentage of abnormal and normal signals, respectively, correctly identified by
the classification procedure. Accuracy is defined as the percentage of subjects correctly
identified. Our classification criterium was to assign each particular signal to the group
with the maximum posterior probability, as defined in equation (3.2). Classification in
Sudrez (1997) was performed via linear discriminant functions (Fisher, 1936). Wavelet
based Bayesian methods provide considerably higher specificity, sensibility and accuracy
rates when discriminating HRECG signals of groups I and III. LPST indexes show a
higher sensitivity rate in the discrimination of groups I and II than the wavelet based
Bayesian methods (65.30% vs 60%), however, the specificity and accuracy rates for the
wavelet based Bayesian methods are considerably higher.

5. Closing remarks and future developments

We fitted wavelet based Bayesian models to three groups of clinically different
HRECG signals. The models are able to capture group features in terms of a very re-
duced number of significant wavelet coefficients. Differences among groups are evident in
the number, level and shift location and posterior distributions of non-vanishing wavelet
coefficients. Such differences translate into different “average” group patterns, charac-
terising common aspects of the morphology of the signals in each group. Our Bayesian
model based classification approach shows, in general, a much better predictive perfor-
mance than classification schemes based on short-time frequency late potential indexes.
In addition, the proposed model based method provides a probabilistic assessment of the
uncertainties involved in classifying the signals.

In order to improve the predictive performance, further developments should include
extensions to multivariate models that account for the information provided by the XYZ
channels simultaneously. Also, different prior structures should be considered.
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