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Tracking Repolarization Dynamics in
Real-Life Data

Vladimir Shusterman, MD, PhD, and Anna Goldberg, BS

Abstract: Ambulatory (Holter) electrocardiographic recordings provide the
tools for tracking temporal instabilities of repolarization during various daily
activities. However, analysis of low-amplitude repolarization changes in this
setting is challenging due to the presence of multiple artifacts, variable activity
levels, and other uncontrolled factors. Here we compare performance of
different methods for continuous analysis of repolarization dynamics using
simulated signals and real-life Holter recordings. Selection of relatively stable
segments with a low baseline drift and accurate correction of baseline wander
constitute the first step in repolarization analysis. We describe application of
adaptive filtering, which yields more accurate results than non-adaptive
techniques. Because small (microvolt-level) residual baseline drifts can be a
source of error in tracking repolarization changes, stability of isoelectrical
segment has to be controlled. To compare robustness of spectral and time-
domain techniques for tracking temporal repolarization instabilities (T-wave
alternans, TWA), we used simulated signals with changing heart rate, variable
levels of TWA, noise, phase shifts, spurious artifacts, and period-four oscilla-
tions. In addition, we compared performances of the inter-beat and intra-beat
averaging techniques for tracking dynamics of T-wave alternans. Using the
simulated signals and real-life Holter data, we showed that analysis of
information both in time and frequency domains combined with control of
baseline drifts (surrogate analysis) gives a more reliable estimate of the
low-amplitude repolarization dynamics than each of these techniques alone.
To summarize, dynamic tracking of low-amplitude repolarization changes in
ambulatory recordings is possible during most of the recording time but
requires accurate control of baseline wander and stability of isoelectrical
segments. Analysis of time-frequency distributions embedded in repolarization
dynamics facilitates detection of abrupt and transient repolarization instabili-
ties, including changes in the level of T-wave alternans and slower periodici-
ties. Key words: Cardiac repolarization, dynamic analysis, T-wave alternans.
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Tracking cardiac repolarization instabilities has
roved useful for identification of subjects at a high
isk of arrhythmic events (1). Analysis of beat-to-
eat alterations in the T-wave morphology (T-wave
lternans, TWA) has become a clinical test of ar-
hythmia vulnerability and a predictor of future
rrhythmic events in some patient populations (2).
n increase in repolarization instability has also
een reported prior to the initiation of ventricular
brillation in an ischemic dog model (3). These
linical and experimental data, although obtained
n a controlled setting, suggested that dynamic
epolarization analysis could be extended to real-
ife conditions, which include regular daily activities
nd sleep, to uncover the instabilities and transients
hat precede and, possibly, facilitate the initiation of
pontaneous events. However, analysis of small
microvolt-level) changes in electrocardiographic
ECG) signals in an ambulatory setting represents a
ajor challenge due to the presence of multiple
ncontrolled factors, including physical activity,
ariable respiration frequency, motion artifacts,
oise, and changes in body position. Since repolar-

zation instability is a dynamic phenomenon, which
ould be elicited or aggravated by changes in auto-
omic nervous system activity, physical exercises or
ental stress, an ideal analytical approach has to be

ynamic as well (4,5).
The signal processing methods that have been

eveloped for analysis of repolarization instabilities
nclude both frequency and time-domain tech-
iques. The frequency-domain approach has an
dvantage of representing the entire spectrum of
requency elements, so that the impact of each
lement on repolarization instability can be as-
essed. This approach, however, has several limita-
ions. Because of the requirements of signal station-
rity during each time interval, this method is not
ppropriate for quantifying transients and abrupt
hanges; it is usually applied to signals obtained in
ontrolled conditions (2). The time-domain tech-
iques have lesser sensitivity to non-stationarities
ut cannot discriminate between T-wave alternans
nd slower periodicities (6).
Thus, uncertainty exists regarding whether and

ow repolarization instability can be analyzed in
eal-life ambulatory (Holter) recordings. The goal of
his study was to compare the performance of
ifferent methods for analysis of repolarization dy-
amics using simulated signals with various noises
nd artifacts as well as real-life Holter data. We
how that analysis of information both in time and
requency domains (time-frequency distributions)

s well as the surrogate analysis (baseline control) is

o
s

seful for quantification of transient changes in the
evel of T-wave alternans and slower periodicities.

Materials and Methods

nalysis of Simulated Data

To probe the accuracy of different methods in
etecting repolarization instabilities, we used the
ethodology described by Nearing and Verrier (7).
simulated ECG signal was constructed by concat-

nating a single normal cardiac complex to produce
signal with a zero-level TWA and 1 sec-long RR

ntervals. Next, we simulated consecutively: 1) in-
reasing levels of TWA (10,20,50, 100, 200, 500,
nd 1000 �V); 2) increasing (as above) levels of
olitary spikes during T-waves (representing mo-
ion artifacts); 3) heart rate increasing from 60 to
80 bpm in 10-bpm increments with the length of
ardiac complexes adjusted to the change in heart
ate according to the following formula N�S�60/
R; Lx� Lx-1(1 : where S is the sampling frequency,
R denotes heart rate, and N is the length of the
urrent cardiac complex, and 4) multiple phase-
eversals in TWA (frequency: 5 phase-shifts/min)*.
n addition, performance of the methods was tested
n simulated period-four oscillations in the T-wave
orphology. Oscillations at this frequency can be

enerated by respiratory movements and can rep-
esent a confounding source of variations in the
epolarization segment. Importantly, these oscilla-
ions can interfere with the detection of other
eriodicities, such as period-three oscillations,
hich can herald an imminent onset of chaos (8).
inally, to examine robustness of each method to
ifferent levels of random noise, the above-de-
cribed simulations were repeated after addition of
, 10, 25, 50, 100, 200, and 300 �V random noise.

nter-Beat and Intra-Beat Averaging

We applied 2 time-domain approaches to the
nalysis of repolarization instabilities: the inter-beat
veraging (the modified moving average, MMA) as
escribed by Nearing and Verrier (7) and the intra-
eat averaging (IBA) approach. In the MMA ap-
roach, TWA is first determined for each point in
he JT-segment and then averaged over all points in

*A phase reversal in the sequence of alternating (larger-smaller-
arger-smaller) T-waves occurs when some T-waves in the sequence are

ut of phase with the previous beats, for example: larger-smaller-
maller-larger-smaller T-waves.
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he entire JT-segment. In the IBA, the intra-beat
veraging is applied first by calculating the mean
-wave amplitudes (between the onset and offset of
he T wave) in each beat, and then TWA is calcu-
ated by serial subtraction of these mean T-wave
mplitudes for all consecutive cardiac complexes in
he 5-min segment.

Real-Life Data Analysis

aseline Correction

Removal of the low-frequency elements of base-
ine drift is difficult in the context of repolarization
nalysis, because the frequency of repolarization
aveforms lies in the low-frequency range. Since

ny filtering of the ECG signal causes certain dis-
ortion of the cardiac complexes in general, and
epolarization waveforms in particular, an ideal
lter for baseline correction must identify the peri-
ds that have minimal or no baseline artifacts and
void filtering of those segments.
A number of filters and correction techniques

ave been developed, but due to the changing
requency of baseline wander, adaptive filtering can
e advantageous compared to non-adaptive ap-
roaches. One can estimate the magnitude of base-
ine drift using an RMS error of fitting a straight line
o a cumulative squared signal (9). Using this
ethod, Holter recordings were shown to have a

ow RMS error (corresponding to a low-amplitude
aseline drift) during approximately 75% of the
ecording time. Since the lowest frequency compo-
ents of the cardiac complexes in more than 99% of
dults, 99% of the time are greater than 0.67 Hz,
he spectral energy in the range 0-0.67 Hz can be
ssumed to represent total energy of baseline wan-
er (10). Therefore, the cutoff frequency for the
aseline filter can be taken as the higher border of
he frequency range that contains 99% of the total
nergy in the 0-0.67 Hz range. Compared to high-
ass filtering, these adaptive procedures allow two-
old reduction in the error of the T-wave amplitude
stimation (9). The filtering, however, cannot re-
ove the baseline completely, and a piece-wise

inear correction of residual wander is required
fterwards locally (in the vicinity of each cardiac
omplex) (9).
Although the above-described filtering approach
akes the baseline substantially more stable, a

mall (5–20 �V) residual baseline drift can still exist
n the signal after the filtering (9). This residual

aseline variation can introduce significant errors b
nto the analysis of low-amplitude (microVolt level)
hanges in repolarization and requires additional
ontrol (surrogate analysis) as described below.

election of Fiducial Points

Fiducial points were detected as previously de-
cribed (11). In short, the algorithm selected the
argest number of QRS complexes with a �.85
orrelation in each 5-min interval. Then, the se-
ected QRS complexes were averaged over the 5

inutes to construct an average template, on which
he algorithm determines the onset, peak, and the
ffset of P, Q, R, S, and T-waves using adaptively
djusted thresholds that depend on the local ampli-
ude and derivative of the corresponding waveform
nd the local baseline. If the points were not found,
he program requested a manual input from an
perator.
To exclude spurious (motion) artifacts, which
ay contaminate analysis of repolarization, the

lgorithm also required that the amplitudes of the
ndividual T-waves are within the range of mean �
tandard deviation of the average template.

esting the Quality of Local Baseline

To separate low-amplitude repolarization changes
rom residual baseline wander and motion artifacts,
e used the approach described by Nearing and
errier (7). In particular, the algorithm determined

he maximum displacement from the zero-level and
he standard deviation of the TP segment in each beat.
f the maximum displacement or the standard devia-
ion of the TP segment was greater than the pre-
efined thresholds (50 �V), the corresponding beats
ere excluded from the analysis.
In addition, temporal stability of isoelectric seg-
ent was tested by applying the beat-to-beat T-
ave alternans analysis to the isoelectric part of the
P-segment. (This method was referred to as the
urrogate TWA.) The time series of the surrogate
WA were compared to those of the “true” TWA.

nalysis of Repolarization Instability

The MMA and IBA methods described above
ere applied to Holter ECG data. In addition, spec-

ral analysis of the time series comprised from the
ean T-wave amplitudes was performed to test for

he presence of slower periodicities in the signal.
he integrated power between 0.15–0.4 cycles/

eat, the peak frequency, and the peak magnitude
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n this frequency range were analyzed in each
-min interval.

election of the Time Window

Choice of an appropriate time window for repolar-
zation analysis is not simple. Selection of a long scale

ay obscure detection of short transients, whereas
election of a short scale would increase the impact of
ocal artifacts and noise. The 5-min intervals that we
sed for analysis have also been previously used in a
umber of studies, because 1) autonomic activity is
elatively stable over this period, which makes the

ig. 1. Simulated ECG signals (see Materials and Method
ithout noise (black) were analyzed using the (A) Modifi

epresents the magnitude of TWA in a 15-sec interval; th
ote that the MMA is more robust to the spurious artifac

n (A) compared to the (B)]. On the other hand, during
MA inaccurately shows that the level of TWA is changi

C) Estimation of T-wave alternans in the presence of peri
t 0 and 0.1 mV). See text for details.
ignal more stationary and simplifies the analysis, and t
) this time window provides enough data for aver-
ging and filtering out of spurious artifacts (11).

Results

epolarization Dynamics in the Simulated
ignals

Figure 1 shows application of MMA (top panel)
nd IBA (middle panel) to the simulated signals
ith added 25-�V random noise and without noise.
ote that because MMA limits the impact of varia-

etails) with added 25-�V random noise (light-gray) and
oving Average and (B) Intra-Beat Averaging. Each point
length of the simulated signal is approximately 4 hours.
spread of the light-gray area along the y-axis is smaller

st period of a constant-level TWA with phase-reversals,
h in the noisy (light-grey) and clean (black) ECG signal.
scillations using MMA (dotted lines) and IBA (solid lines
s for d
ed M

e total
ts [the
the la
ng bot
od-4 o
ions in the data points, the effect of spurious
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rtifacts on the estimated TWA is smaller with
MA than with IBA. However, due to the slower

time-response” of MMA, it leads to inaccurate
stimation of the TWA during the last section of the
ignal, when phase-reversals in the sequence of
lternating T waves occur. Although the 2 methods
how similar trends in the level of TWA, the output
alues (y-scales) are different. Since MMA shows
he maximum amplitude difference, a 1000-�V
WA in the test signal would yield a 1000-�V
utput value. However, the same test signal would
ive an almost two-times smaller output with the
BA, which estimates differences between the mean
mplitudes of the T waves. Note also that both
MA and IBA methods may erroneously represent

he period-four oscillations as the period-two TWA
Fig. 1, bottom panel). The IBA shows two co-
xisting levels of TWA (at 0 and 0.1 mV), which
uggest the presence of slower periodicities. With
MA, the period-four oscillations are more difficult

o detect because of the time-smoothing properties
f this method.
Figure 2, top panel, shows the RMS error of TWA

stimation using MMA and IBA in the presence of
ifferent levels of random noise. Although the 2
ethods produce similar trends of the RMS curves,
MA gives a smaller error due to the restricted

mpact of variations in the data points as discussed
arlier (7).The greater robustness to noise of the
MA is of particular importance when low-ampli-

ude TWA is studied.

epolarization Changes in Real-Life
olter ECG Signals

Figure 2, bottom panel, shows changes in the
-wave alternans (measured by IBA), surrogate
baseline) TWA, and the spectral energy (range:
.15–0.4 cycles/beat) in a Holter ECG during 4
ours before the onset of spontaneous sustained
�30 sec) monomorphic ventricular tachycardia.
ote that all 3 indices mirror each other most of the

ecording time because: 1) the baseline drift is
ncluded in the estimated amplitude of the T wave,
nd 2) the time series of TWA and the spectral
ower computed over the 5-min intervals are cor-
elated. However, approximately 15 minutes before
he event, the dynamics of these indices become
issociated. A surge in the magnitude of the T-wave
lternans is greater than that of the spectral power
r the surrogate (baseline) TWA. This dissociation
hows the predominant rise in the level of T-wave
lternans before the onset of arrhythmia. Further-

ore, the increase in the spectral power concomi- s
ant with the increase in TWA indicates that the
emporal repolarization instabilities include a num-
er of frequency elements in addition to TWA. A
odest increase in the level of surrogate (baseline)

WA could be related to greater physical or psycho-
ogical activity, which is usually associated with
nhanced motion and respiratory artifacts as well as
hanges in the skin resistance (under the elec-
rodes) due to the enhanced perspiration. Further

ig. 2. (A) RMS error of the T-wave alternans estimation
sing the Modified Moving Average (solid line) and the

ntra-Beat Average (dashed line) analysis for different
evels of random noise. The trends of the RMS curves are
imilar for the 2 methods, however, the MMA gives a
maller error due to the limited impact of variations in the
ata points. (B) Dynamics of T-wave alternans (TWA),
pectral power (range: 0.15-0.4 cycles/beat), and surro-
ate (baseline) TWA in a subject during 4 hours before
he onset of spontaneous sustained ventricular tachyar-
hythmia (VTA). VTA starts at the end of the 4-hour
eriod. Note that most of the time, the dynamics of the
hree indices are similar, because the baseline drift (sur-
ogate TWA) is included in the estimated “true” TWA and
ecause the dynamics of the spectral energy and that of
WA obtained over 5-min intervals are correlated. How-
ver, approximately 15 min before the arrhythmia, the 3
ndices become dissociated because of the predominant
ise in TWA. See text for details.
upport for this hypothesis comes from an observa-
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ion of increased heart rate (from 80 to 100 bpm)
uring the same period of time.

ime-frequency Representation of
epolarization Dynamics

To further investigate the patterns of repolariza-
ion dynamics in the time-frequency plane, we
pplied time-frequency analysis based on the short-
ime Fourier Transform to the series of T-wave
mplitudes recorded over 2 minutes before the
nset of ventricular tachyarrhythmia in the subject
hose 4-hour dynamics was shown in Figure 2.
he corresponding time series of the T-wave ampli-
udes is shown in Figure 3 (above the time-fre-
uency distribution). Note that most of the energy

ig. 3. Dynamics of the mean amplitudes of the T waves
n a subject whose 4-hour dynamics was shown in Figur
-wave amplitudes is shown at the top. The time-freque
ransform. Note the predominant energy concentration in
t the frequency of the T-wave alternans (0.5 cycles/bea
antly concentrated in the low-frequency parts of the sp
s concentrated in the higher frequency part of the S
pectrum with the greatest peak at the frequency of
-wave alternans (0.5 cycles/beat). This energy
oncentration in the high-frequency part of the
pectrum before the onset of arrhythmia was dif-
erent from the predominantly low-frequency en-
rgy concentration during arrhythmia-free periods.

Discussion

Dynamic analysis of repolarization instability and
ts role in arrhythmogenesis has become an area of
ntensive experimental and clinical research. A
rowing number of studies is exploring various
nalytical approaches to real-life ECG recordings.

g 2 min before the onset of ventricular tachyarrhythmia
ottom panel. The corresponding time series of the mean
presentation was obtained using the short-time Fourier
igh-frequency part of the spectrum with the highest peak
ring arrhythmia-free periods, the energy was predomi-
.

durin
e 2, b
ncy re
the h
t). Du
ince the spectral and time-domain techniques that
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ave been applied to the analysis of repolarization
ynamics have a number of limitations, analysis of
nformation both in time and frequency domains
ould be useful for examining the time course and
tructure of abrupt changes and transients in the
evel of T-wave alternans and slower periodicities.
n addition, controlling residual baseline drift by
pplying surrogate analysis to the isoelectric seg-
ent and comparing time series of the surrogate

ata with the “true” repolarization dynamics is
eeded to ensure reliable control of the low-ampli-
ude baseline drift.

We compared performance of different time-
omain and spectral methods for tracking temporal
nstability of cardiac repolarization using simulated
ignals and real-life Holter recordings. The inter-
eat (Modified Moving Average) analysis (7) and
he intra-beat averaging showed similar accuracy
ith respect to detection and quantification of
-wave alternans and robustness to various levels
f random noise. This result is not in disagreement
ith the previous reports of successful application
f these techniques to analysis of the T-wave alter-
ans during various functional tests (5,6,12). The
dvantage of the Modified Moving Average analysis
as its lower sensitivity to random noise and spu-

ious artifacts at the expense of a slower time
esponse. The inter-beat averaging may lead to
naccurate estimation of TWA when the number of
hase shifts is increased (Fig. 1). On the other hand,
he intra-beat averaging showed higher sensitivity
o random noise and abrupt solitary artifacts but a
aster response time and a greater sensitivity to the
mplitude modulation, which can occur during
hanges in the autonomic nervous system activity
r functional tests (5,6).
Analysis of information in the time and frequency

omains (or in the time-frequency plane) may also
rovide insights into the cascade of instabilities that
ltimately leads to the initiation of arrhythmia. In
xperimental studies, an increase in complexity of the
-wave oscillations preceded the onset of imminent
entricular fibrillation (6). Theoretical studies in non-
inear dynamics suggested that the increased com-
lexity of oscillations might represent a route to chaos
hrough a chain of period-doubling bifurcations (8).
racking repolarization dynamics in real-life data
ight help to reveal the patterns of destabilization

hat are related to the mechanisms of initiation of
pontaneous arrhythmias.

Perspectives. Risk of cardiovascular events,
uch as arrhythmias or sudden cardiac death, is a
ynamic factor, which varies over time. Informa-

ion about the temporal and spatial evolution of
epolarization patterns, heart rate, and other phys-
ological data, tracked continuously, is necessary for
ynamic assessment of the individual patient’s risk
rofile. Recent advancements in wireless commu-
ication technology and portable computing de-
ices provide the platform for the implementation
f this information exchange. This information, in
urn, will allow timely optimization of diagnostic
nd treatment strategy, early detection of high-risk
eriods, and initiation of preventive therapies.

References

1. El-Sherif N, Turitto G, Pedalino RP, et al: T-wave
alternans and arrhythmia risk stratification. Ann
Noninvas Electrocardiol 6:323, 2001

2. Rosenbaum DS, Jackson LE, Smith JM, et al: Electri-
cal alternans and vulnerability to ventricular arrhyth-
mia. N Engl J Med 330:235, 1994

3. Nearing BD, Huang AH, Verrier RL: Dynamic track-
ing of cardiac vulnerability by complex demodulation
of the T wave. Science 252:437, 1991

4. Verrier RL, Nearing BD: Ambulatory ECG monitoring
of T-wave alternans for arrhythmia risk assessment. J
Electrocardiol 36:193, 2003

5. Lampert R, Shusterman V, Burg M, et al: Psycholog-
ical Stress Increases Heterogeneity of Repolarization
in Patients with Structural Heart Disease and Ventric-
ular Arrhythmias JACC 43:140A, 2004

6. Nearing BD, Verrier RL: Progressive increases in com-
plexity of T-wave oscillations herald ischemia-induced
ventricular fibrillation. Circ Res 91:727, 2002

7. Nearing BD, Verrier RL: Modified moving average
analysis of T-wave alternans to predict ventricular
fibrillation with high accuracy. J Appl Physiol 92:541,
2002

8. Li TY, Yorke JA: Period three implies chaos. Ameri-
can Math Monthly 82:985, 1975

9. Shusterman V, Shah SI, Beigel A, et al: Enhancing
the precision of ECG baseline correction: Selective
filtering and removal of residual error. Comput
Biomed Res 33:144, 2000

0. Bailey JJ, Berson AS, Garson A Jr, et al: Recommen-
dations for standardization and specifications in au-
tomated electrocardiography: Bandwidth and digital
signal processing: A report for health professionals by
ad hoc writing group of the committee on electrocar-
diography and cardiac electrophysiology of the coun-
cil on clinical cardiology, American Heart Associa-
tion. Circulation 81:730, 1990

1. Shusterman V, Beigel A, Shah SI, et al: Changes in
autonomic activity and ventricular repolarization. J
Electrocardiol 32:185, 1999

2. Kop WJ, Krantz DS, Nearing BD, et al: Effects of
acute mental stress and exercise on T-wave alternans
in patients with implantable cardioverter defibrilla-

tors and controls. Circulation 20:1864, 2004


	Tracking Repolarization Dynamics in Real-Life Data
	Materials and Methods
	Analysis of Simulated Data
	Inter-Beat and Intra-Beat Averaging

	Real-Life Data Analysis
	Baseline Correction
	Selection of Fiducial Points
	Testing the Quality of Local Baseline
	Analysis of Repolarization Instability
	Selection of the Time Window

	Results
	Repolarization Dynamics in the Simulated Signals
	Repolarization Changes in Real-Life Holter ECG Signals
	Time-frequency Representation of Repolarization Dynamics

	Discussion
	Perspectives

	References


