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Abstract

Increased spatio-temporal heterogeneity in ventricular
repolarization is related to cardiac instabilities. Slowed
adaptation of the QT interval to sudden abrupt changes in
heart rate (HR), measured by the time constant of a first-
order-like step response, has been identified as a marker
of arrhythmic risk. Since abrupt HR changes are difficult
to induce in patients, ramp-like HR variations observed
in exercise stress test are considered in this work. The
first-order-system time constant is estimated as the delay
between the QT series response and the series of memo-
ryless expected QT series from the instantaneous HR, ob-
tained from a fitted hyperbolic regression model. The delay
was estimated by minimizing the mean square error sepa-
rately in the exercise and recovery phases. We applied this
procedure to a subset of 251 patients of Tampere univer-
sity hospital with different risk levels for Coronary Artery
Disease (110 nonCAD, 39 low-risk, 12 mild-risk, 90 high-
risk). The time constant values ranged from 17s to 49s,
which are comparable with the time lags reported in other
studies in response to step-like HR changes. The delays in
exercise and recovery phases and the difference between
these delays are markers with capacity for CAD risk strat-
ification.

1. Introduction

In recent years, different biomarkers for stratification
of patients according to their risk of suffering from ven-
tricular arrhythmias and Sudden Cardiac Death (SCD)
have been proposed. Concretely, those reflecting spatio-
temporal repolarization dispersion are pivotal for SCD pre-
diction [1]. Intrinsic electrophysiological heterogeneities
in the ventricular myocardium lead to ventricular repolar-
ization dispersion, which can be exacerbated in response
to changes in heart rate (HR) due to the fact that differ-
ent ventricular cells present distinct patterns of repolariza-
tion adaptation to the HR changes. During these transient

situations in which there is an increase in ventricular re-
polarization dispersion, the vulnerability to the appearance
of ventricular arrhythmias can be enhanced in some pa-
tients. The adaptation time of the QT interval to sudden
changes in HR has been identified as a biomarker for ar-
rhythmic risk [2], with the underlying mechanisms sub-
sequently elucidated by experimental and simulated elec-
trophysiological studies [3]. This phenomenon occurs on
top of beat-to-beat variability, commonly quantified under
stationary conditions, and can provide complementary in-
formation [4]. Previous studies have highlighted the im-
portance of determining normal and abnormal ranges of
QT adaptation dynamics in response to sudden changes in
HR as a possible way to characterize the risk for cardiac
arrhythmias and SCD [5].

However, achieving adaptation time lags from abrupt
HR changes are not always easily observed in Holter
recordings. Alternatively, ramp-like HR changes can be
more feasibly obtained from stress test recordings. The
ramp-response of a first-order system is characterized by
the same time constant as the step-response. Its character-
ization would hypothetically provide the same clinical in-
formation [6]. The advantage is ramp-like inputs are typ-
ically observed in exercise stress tests, where the cardiac
system is subject to an approximately linear HR input both
during the exercise and recovery phases of the test.

2. Methods

2.1. Database

This study evaluated stress test 500 Hz-sampled ECG
recordings from 251 patients of Tampere university hospi-
tal using a bicycle ergometer, targeted to characterize pa-
tients with high risk of cardiovascular morbidity and mor-
tality The patients were divided into four groups. The first
group, nonCAD, was based on clinical history information
and ECG, and the others also were based on coronary an-
giography results, according to their likelihood for Coro-
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nary Artery Disease (CAD): low-, mild- and high-risk.

2.2. Signal Preprocessing

First, a spatially transformed lead derived from Princi-
pal Component Analysis (PCA) [8] over the 8 indepen-
dent standard leads was obtained. Subsequently, a wavelet-
based algorithm [9] was used to extract both QT (i) and
RR(i) intervals series from each ith beat, combined with
a spline interpolation to account for missing T end val-
ues. Outlier values of both RR(i) and QT (i) series, iden-
tified as those deviating more than ±5% from the run-
ning median of each series, computed over 50 beats, were
replaced with the corresponding median value. Subse-
quently,RR(i) andQT (i) series were interpolated to 4 Hz
to have uniformly sampledRR(n) andQT (n) time series.

2.3. Expected HR-dependent QT series

The first step consists in estimating the Q̂T (n) series
containing the QT values that would correspond to each
RR(n) value if the HR was stationary. This series will be
the reference to estimate the delay of the observed QT se-
ries. To estimate this memoryless expected HR-dependent
QT interval series, Q̂T (n), the values of the parameters α
and β of different regression models were obtained by fit-
ting [QT (n), RR(n)] data pairs from three windows: at
onset (40 seconds), at the stress peak (20 seconds) and
at end (40 seconds) of the stress test, which are marked
in Fig.1a and assumed to be stationary and representative
of the subject QT-to-RR dependency. The window at the
stress peak was replicated twice to have equal weight from
each area. The four considered regression models were
parabolic, linear, hyperbolic and logarithmic.

The assumption of stationarity at the stress peak is ques-
tionable, but it is included to account for the whole ex-
cursion of RR when evaluating the RR-to-QT dependency.
Given that this window is symmetric around the peak, in-
cluding ascending and descending HR phases, a compen-
sation for the dynamics is expected, so the mean QT-to-RR
relationship should not be far from the stationary one.

2.4. Time lag estimation

The time lag between estimated Q̂T (n) and real QT (n)
time series (example in Fig.1b) was estimated by a Mean
Square Error (MSE) fit between the QT (n) ramp and the
Q̂T (n − τ∗) ramp, being τ∗ the delay providing the min-
imum MSE. This fitting was performed separately in two
phases: τe estimated in exercise, and τr in recovery, us-
ing the marked intervals in Fig.1b (from exercise onset,
n = ne,o, to exercise end, n = ne,e, and from recovery
onset, n = nr,o, to recovery end, n = nr,e).

2.4.1. Delimitation of exercise and recovery
ramps

The exercise onset, ne,o (and the recovery end, nr,e), are
defined as the points with lower significant differences be-
tween their preceding linearly adjusted plateau (incline),
and the subsequent linearly adjusted incline (plateau) of
Q̂T (n) series, respectively. This search for ne,o is imple-
mented by minimizing the following residual sum [10]:

n{e,o} = arg min
k

(J(k)) + 60

where

J(k) =

k−1∑
n=m

(Q̂T (n)− fp(n))2 +

N∑
n=k

(Q̂T (n)− fs(n))2.

Both, fp(n) = ap + bpn and fs(n) = as + bsn, are the
linear estimates of the Q̂T (n) series preceding and subse-
quent to point k, respectively, being m = 1 and N equal
to the sample at series stress peak. Analogously, for nr,e
the same minimization is performed, but now m is equal
to the stress peak value and N is the final Q̂T (n) sample.
The ne,o point is delayed (and the nr,e point is advanced)
by 60 samples to avoid an error in to estimate the delay due
to unpredictable artefacts.

To mark the end of exercise ramp, ne,e, firstly the data
of both Q̂T (n) and QT (n) series from ne,o and the sam-
ple n when QT (n) = Q̂T (ne,o), respectively, to the stress
peak sample are adjusted by a linear regression model,
since their tendency follows a ramp. Then, ne,e is de-
fined as ne,o + 0.65(ne,c − ne,o), being ne,c the point
where these adjusted lines get closer. In a similar way,
the onset sample of recovery ramp, nr,o, was calculated as
nr,c + 0.45(nr,e − nr,c), being nr,c the point where the
adjusted lines get closer in the recovery phase (Fig.1b).
The threshold values 0.65 and 0.45 are chosen as those
which maximize the significance in separation of CAD risk
groups.

3. Results

The lowest root mean square error (εrms), used to eval-
uate the goodness of fit the of the QT-to-RR relationship
in all groups, was obtained with the hyperbolic model.
Therefore, we only analyzed results for this model. Table
1 shows mean and standard deviation of α and β values
estimated to generate the expected Q̂T (n) series. A mod-
erate degree of inter-individual variability can be observed
in the values of the parameter α across the subjects of each
group. Moreover, the mean of the HR values selected for
each windows are also given in Table 1. The maximum
HR mean value (HRW2 ) increases considerably as the risk
of suffering CAD decreases.
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Figure 1. a) The three windows (W1,W2,W3) were used by estimate the hyperbolic model parameters to calculate the
expected HR-dependent QT time series. b) An example of ramps onsets and ends during exercise (ne,o,ne,e) and recovery
(nr,o,nr,e), and their corresponding delay obtained by the MSE criteria between QT (n) and Q̂T (n− τ∗).

The estimated delay values from the Q̂T (n) and QT (n)
time series are represented in Fig.2. The τe delay was
clearly shorter in the nonCAD and low-risk groups com-
pared to mild- (p = 0.01, p < 0.01) and high-risk
(p < 0.01, p < 0.01), being in agreement with the hy-
pothesis that slowed adaptation relates to increased cardiac
risk, although the mean exercise delay value of low-risk
group is lightly smaller than this value for nonCAD group.
In addition, the difference in adaptation time between ex-
ercise and recovery was larger in nonCAD and low-risk
patients than in mild- (p < 0.01, p = 0.01) and high-risk
(p < 0.01, p < 0.01), suggesting ∆τ = τr − τe could be
a risk biomarker. A slight shortening was noted during the
recovery in mild-risk group, behaving contrary to exercise.

4. Discussion

When we analyzed the Q̂T (n) and QT (n) series, we
realized they became overlapped, with no significant de-
lay time when approaching the stress peak in the exercise
phase (Fig.1b). This phenomenon is in agreement with
recent findings [11] showing that the time for ventricular
repolarization adaptation to sympathetic provocation be-
comes progressively reduced for increasingly higher lev-
els of beta-adrenoceptors’ stimulation, as occurs when ap-
proaching the stress peak. Electrophysiological simula-
tions including changes in Autonomic Nervous System
(ANS) and in HR as those studied here could shed light on
this observed behavior. To avoid including this area with
marked overlap, where the system is clearly different to the
case with regular ANS action, the exercise and recovery
delays were computed considering only parts of exercise
and recovery phases distant to the stress peak. The time
delays in exercise and in recovery seem to be very sim-
ilar for nonCAD and low-risk groups, and for mild- and
high-risk groups. So these biomarkers might only work to

indicate minor or elevated risk of suffering CAD.
The mean time lag values (Fig.2) are of the same order

of magnitude as those reported in [2], where the time con-
stants estimated from selected step-like response reached
values ranging from 36 to 58 seconds, depending on the
studied patient subgroup. This is compatible with the
hypothesis that time lag, measured as proposed here, at
the exercise and recovery ramps or in a sudden step-like
HR change protocol can be equivalent. Moreover, pa-
tients of [2] were survivors of acute myocardial infarction
while the common characteristic in this study is that pa-
tients are at a certain risk of suffering CAD, which corre-
spond to different substrates. Focusing on nonCAD group,
τe = 20.96 ± 22.86s and τ r = 49.05 ± 23.64s, where τ
denotes the mean values. This is in agreement with [12],
where the mean time delays of QT interval adaptation for
HR step-like accelerations and deceleration reached values
of τe = 34.79± 13.63s and τ r = 48.40± 25.70s, respec-
tively, in control subjects performing postural changes.

5. Conclusion

QT hysteresis can be modeled as the time constant of
the response of a HR step-like input to a first order sys-
tem, and this study shows that it is possible to estimate
this delay from a ramp-like HR manoeuver as stress test
too, where QT responds with a delayed ramp-like to grad-
ual HR changes. The time delay has been studied in ex-
ercise and recovery ramps independently, using a hyper-
bolic regression model to fit stationary RR(n) to QT (n)
dependency and obtaining a memoryless expected HR-
dependent QT series to be compared to the actual QT (n)
series. The delay at the exercise ramp shows potential as
marker for CAD risk, given its increase for higher risk pa-
tients. Interestingly, in a reverted behaviour, significant
decreased delay τr is observed at the recovery phase. Fi-
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Table 1. Mean ± standard error for HR (bpm) and QT(ms) of each window, and α, β and εrms (ms) for hyperbolic model.

HRW1
QTW1

HRW2
QTW2

HRW3
QTW3

α β εrms

nonCAD 77.5± 13.3 0.36± 0.03 159.9± 14.5 0.25± 0.02 94.0± 13.6 0.34± 0.03 −0.08± 0.01 0.47± 0.03 4.6± 3.1
Low-risk 71.2± 14.9 0.38± 0.03 142.6± 23.2 0.27± 0.03 83.9± 15.8 0.36± 0.03 −0.09± 0.02 0.48± 0.04 5.8± 4.4
Mild-risk 74.1± 11.4 0.37± 0.03 128.1± 19.7 0.29± 0.03 81.7± 14.7 0.37± 0.03 −0.10± 0.02 0.50± 0.04 5.6± 5.2
High-risk 65.5± 11.1 0.38± 0.03 115.8± 18.6 0.30± 0.03 72.7± 12.0 0.38± 0.03 −0.10± 0.02 0.50± 0.04 5.4± 4.1

Figure 2. Box plots of the delay between estimated Q̂T (n) and real QT (n) time series in exercise, τe, and in recovery, τr.
∆τ is the difference between recovery and exercise delays. The broken lines correspond to the mean values.

nally, the difference between delays at exercise and recov-
ery shows well marked differences with CAD risk, being
remarkably larger for nonCAD and low-risk patients and
being much reduced when CAD risk increases.
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