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Background: Cardiac repolarization adaptation to cycle length change is patient dependent and
results in complex QT-RR hysteresis. We hypothesize that accurate patient-specific QT-RR curves
and rate corrected QT values (QTc) can be derived through patient-specific modeling of hysteresis.

Method and Results: Model development was supported by QT-RR observations from 1959 tread-
mill tests, allowing extensive exploration of the influences of autonomic function on QT adaptation
to rate changes. The methodology quantifies and then removes patient-specific repolarization adap-
tation rates. The estimated average 95% QT confidence limit was approximately 1 msec for the
studied population. The model was validated by comparing QT-RR curves derived from a submax-
imal exercise protocol with rapid exercise and recovery phases, characterized by high hysteresis,
with QT-RR values derived from an incremental stepped protocol that held heart rate constant for
5 minutes at each stage of exercise and recovery.

Conclusions: The underlying physiologic changes affecting QT dynamics during the transitions
from rest to exercise to recovery are quite complex. Nevertheless, a simple patient-specific model,
comprising only three parameters and based solely on the preceding history of RR intervals and trend,
is sufficient to accurately model QT hysteresis over an entire exercise test for a diverse population. A
brief recording of a resting ECG, combined with a short period of submaximal exercise and recovery,
provides sufficient information to derive an accurate patient-specific QT-RR curve, eliminating QTc
bias inherent in population-based correction formulas.
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Numerous studies have quantified QT versus RR
behavior in various populations.1–9 The cumula-
tive effect of these studies has been to highlight
the tremendous variability in the QT-RR relation-
ship. More recent studies10,11 have shown that the
QT-RR relationship is patient-specific; application
of generalized population trends to correct QT to
a standard heart rate, QTc, can produce erroneous
results when applied to a specific subject.12–15

The patient-specific nature of the QT-RR rela-
tionship calls into question the validity of char-
acterization by a single parameter (i.e., QTc).
The QT-RR relationship is further complicated by
the effects of delayed repolarization adaptation to
changes in heart rate. While not widely recognized,
changes in cycle length are not instantaneously re-
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flected in changes in QT interval. During exercise
QT lags behind as cycle length shortens, and during
recovery QT remains short relative to the increas-
ing cycle length. The lag in the heart’s adaptation to
changes in cycle length results in QT-RR hystere-
sis. QT duration reflects the cumulative effects of
the preceding beat history and the patient-specific
adaptation rate to change in heart rate.

Pueyo et al.16 have modeled the effective cycle
length associated with each QT observation,
derived from 24-hour ambulatory ECG (Holter)
records, as a sum of weighted RR intervals for the
preceding approximately 150 beats. The method
solves a system of equations where each preceding
RR interval weight is an unknown—essentially
a system of equations with approximately 150
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unknowns. This complex methodology is success-
ful in modeling patient-specific QT-RR hysteresis.

Guided by the principle of Ockham’s razor, sur-
mising that the relationship between QT and the
preceding intervals may be much less complex than
Pueyo et al.’s model, we hypothesized that repolar-
ization adapts at a patient-specific rate with each
beat. This simple assumption leads to a model that
captures much of the observed patient-specific QT-
RR hysteresis. However, systematic residual error
associated with this simple model occurs when the
heart rate trend is rapidly changing (e.g., the transi-
tion from exercise to recovery), leading to an “over-
shoot” of the predicted QT. This observation led us
to add model complexity that utilizes the trend or
rate of change of cycle length, a characteristic not
captured in models based only on a weighted sum
of previous RR values.

This model of QT-RR hysteresis corrects for the
influence of the cycle length history and trend on
the QT observations and derives accurate patient-
specific QT-RR curves that extend over a wide
range of heart rates. We anticipate that such a
simple approach for developing QT corrections
for both heart rate and hysteresis will likely lead
to significant improvements in studies of cardiac
repolarization.15

METHODS

Study Population

Electrocardiogram (ECG) recordings were drawn
from a study population of 1959 subjects referred
for clinical treadmill testing in the Palo Alto Veter-
ans Affairs Health Care System between 1997 and
2004. These represented approximately half of the
initial tests referred to our Cardiology Service dur-
ing this time period, with the choice of devices for
testing made only by availability and convenience.
Subjects were tested on a device (QUEST, Burdick
Corp., Deerfield, WI) that permitted continuous 12-
lead digital recording at 500 samples per second.
The demographic profile of this population has
been described in previous studies.17 Fifteen addi-
tional ECG recordings in support of study-specific
exercise profiles were obtained from five healthy
volunteers from our lab using both the treadmill
system and a 12-lead Holter recorder operating
at 1024 samples per second (DL1200 by Braemar
Inc., Eagan, MN). This study was approved by the
Stanford University Institutional Review Board and
each patient gave informed written consent.

QT and RR Estimation

About 760 QT-RR observations, distributed uni-
formly over the exercise and recovery phases, were
derived from each ECG treadmill recording, re-
sulting in about 1.5 million QT-RR observations.
The large volume of observations required use of
an automated method of measurement. Beat av-
eraging was used to improve the signal-to-noise
ratio. Each QT-RR estimate was derived from a
continuous 15-beat ECG segment, using only the
dominant beats in the segment and the eight in-
dependent leads I, II, V1–V6. The end of T was
determined by a method similar to the steepest
slope approach.18 Each ECG lead was baseline-
corrected, beat-averaged, and the waveform en-
velopes for the eight traces were summed to form
a global estimate of the declining T-wave ampli-
tude. The end of T was defined as the intersection
of a line, fitted to a suite of points selected around
the vicinity of the steepest descent, and the isoelec-
tric baseline. The corresponding RR interval asso-
ciated with the QT measurement was the simple
RR average from the 15-beat segment. Beat averag-
ing of exercise-derived data is necessary to improve
signal quality and QT measurement accuracy but
does preclude analysis of QT dynamics over beat
intervals that are shorter than the averaging inter-
val. The QT observations for each patient record
were visually examined for consistency and accu-
racy and errors were deleted. Thirty-one tests from
the 1959 population were excluded on the basis
of unreliable estimates of QT associated with high
noise, low T-wave amplitudes or ambiguous end
of T.

Effective Heart Rate

Figure 1, modeled from clinical pacing observa-
tions,19 conceptually illustrates QT adaptation to
changes in pacing rate for a range of rate adapta-
tion parameters. Initially the patient was paced at
a constant rate and then the pacing was abruptly
increased to a higher rate. The observed QT did
not instantaneously adjust to the shortened RR in-
terval; rather, it slowly adapted to the new rate.
The QT behavior reflected an effective RR interval
influenced both by the most recent RR interval and
by the rate history.

Our simple model that captures this heart-
rate adaptation process assumes that the effec-
tive RR interval for the most recent beat is a
rolling weighted average between the effective RR
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Figure 1. Model QT adaptation to a step change in heart rate. The effective RR
interval is computed recursively from a rolling weighted average of the next RR
interval and the last effective RR value. The parameter C, ranging from zero to
one, controls the adaptation rate, with larger values of C associated with slower
adaptation.

interval from the preceding beat and the most re-
cent RR interval. With each new beat (i) the ef-
fective RR value is updated as a weighted average
of the last computed effective RR value, associated
with the previous beat (i − 1), and the RR value
associated with the most recent beat (i)

EffectiveRRi = C × EffectiveRRi−1 + (1 − C)

×RRi [0 ≤ C ≤ 1]
(1)

The parameter C controls how fast the effective RR
value adapts to changes in heart rate. In Figure 1,
for C = 0 the effective RR value updates with each
new beat to the most recent RR value, and QT
fully adapts to each new RR interval; there is no
weighted averaging. As C increases the associated
effective RR curve adapts to the rate change over
a progressively greater number of beats, and QT
adapts more slowly. For the extreme case of C = 1,
the effective RR value never adapts to change.

Recursively substituting EffectiveRRn in Equation
1 for n preceding RR intervals (n = 0 is the most
recent RR interval, n = 1 is the preceding RR, etc.)
leads to

EffectiveRRi =
∑

n
{Cn × [(1 − C) × RRi ]} (2)

As beats progress each new RR value contributes
to the effective RR value by the weighted average

term

[(1 − C) × RRi ] (3)

The influence of each beat diminishes as beats
progress, following the series C1, C2, C3, . . . Cn.
Note that as n increases Cn approaches zero (C < 1)
and the effects of beats older than n have negligible
influence on the current effective RR value; that
is, the heart has “forgotten” the influence of beats
older than n. It is useful to define a beat half-life
(HL) as being the number of beats that must occur
before the influence of a particular beat has fallen
by 50%, that is,

CHL = 0.5 or HL = Log(0.5)/Log(C) (4)

As an example, C = 0.98 implies a half-life of 34
beats; that is, after 34 beats the influence of one RR
interval is half of its initial contribution.

Given a continuous RR interval time series, in-
cluding ectopy if present, and a trial value of C,
recursive application of Equation 1 to the RR time
series results in an associated effective RR inter-
val time series. The initial value for the first ef-
fective RR interval is set to the first RR interval,
and the effective RR interval time series is con-
sidered valid after n beats have passed, where n is
large relative to the half-life for the associated value
of C—i.e., the influence of unknown beats that
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Figure 2. Example of observed QT-RR hysteresis associated with a standard treadmill stress test
(A). Examples B–F show progressively greater effective RR corrections associated with increasing C
and beat half-life. The complex multivalued hysteresis exhibited in (A) resolves into a simple QT-
RR curve in (D). Further increases in beat half-life (F) result in overcorrection and overmigration of
the exercise and recovery QT values. A key strength of the method derives from the simultaneous
migration of the exercise and recovery QT values to a common curve.

occurred before the onset of the ECG recording
has faded. In practice, for ECG records that begin
with low and stable heart rates, the effective RR
series is valid after about 100 beats. Finally, for
each QT-RR measurement pair, the RR value is re-
placed by the effective RR value associated with
the measurement (i.e., the effective RR value asso-
ciated with the beat in the middle of the 15-beat

segment associated with the measured QT value).
Figure 2 shows a suite of QT versus effective RR
plots for an exercise test for various values of C.
Plot A is the raw uncorrected QT-RR data, showing
substantial hysteresis. The red and green QT values
represent the exercise and recovery phases respec-
tively. As C and the associated half-life increase,
the hysteresis and scatter collapse (plots B, C)
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until plot D, where the exercise phase QT values
comingle with the recovery phase values. In plots
E and F the effective RR intervals have been over-
corrected and the exercise and recovery data have
migrated through each other; the red exercise QT
values are systematically less than the green recov-
ery values.

Curve Fitting—QT versus RR

The optimal value for the parameter C is chosen
as the value that minimizes the scatter between the
QT values for the exercise and recovery phases.
Quantifying the degree of scatter is aided by fit-
ting a curve that is representative of the QT-RR
relationship to the corrected data and computing
the associated standard deviation. Previous inves-
tigators have proposed many different functional
forms.16 We have found that a simple second-order
polynomial [QT = a × RR2 + b × RR + c] provides
sufficient flexibility to encompass both the char-
acteristics of previously reported functional forms
over the RR range of interest and the substantial
patient-specific diversity reflected in this study’s
population. Testing with a third order polynomial

Figure 3. QT sensitivity associated with RR trends. The best-fitting effective RR model (blue line in
A) systematically fails to capture QT trends in the presence of rapid RR trend changes. Addition of a
linear RR trend term to the effective RR model reduces systematic error and standard deviation (C).

did not improve the statistical fit and was rejected
as adding unwarranted complexity. For each value
of C the polynomial is fitted to the QT versus ef-
fective RR data. Equal weight is given to the exer-
cise and recovery sides of the QT data, eliminating
potential bias associated with disparate numbers
of QT measurements from the two phases. The C
value that minimizes the standard deviation of the
fitted curve is chosen as the patient-specific best
average value for the test, and the associated curve
is identified as the optimal patient-specific QT-RR
relationship. Uncertainty in the model’s predicted
QT value for any RR value along the derived poly-
nomial curve (e.g., QT at 1000 msec, a patient-
specific QTc) can be estimated using a bootstrap
procedure with 100% replacement.20

Heart Rate Trending

The above-described method has been found
to model much of the observed hysteresis in
the diverse study population. However, observed
systematic discrepancies between the model and
the data suggest a model extension. Figure 3A
provides a good representative example from one
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test that characterizes the systematic discrepan-
cies observed in tests from about half of the pop-
ulation. The observed QT values are plotted as
black squares. The QT-RR polynomial relationship
from the best-fitting model is used to transform
both the raw and effective RR time histories into
equivalent QT units, red and blue curves, respec-
tively. Note that the effective RR curve always
lags the actual RR observation, reflecting the run-
ning weighted average of the previous beat history.
If the model were perfect then the effective RR
blue curve would pass through all of the QT black
square values. The observed QT and raw RR pairs
are also plotted in Figure 3B, showing the hystere-
sis between the exercise (red) and recovery (green)
phases. The best-fitting value of C, associated with
the fitted QT-RR curve (blue line), reduces the stan-
dard deviation to 6 msec, Figure 3C. However, dur-
ing the start of recovery, following peak heart rate
(minimum RR, Fig. 3A and C), the observed QT
values overshoot the best-fitting model and remain
depressed, relative to the model, for several min-
utes; the effective RR values are under-corrected.
Then, several minutes into recovery, as the RR re-
covery curve rapidly flattens, the QT values ap-
pear to overshoot the model again; the effective
RR values are overcorrected. The weighted averag-
ing method is not capable of modeling the observed
transitions from under to overcorrected.

This systematic QT behavior over the course of
the treadmill test suggests that the heart adapts to
a heart rate trend and adapts QT in anticipation
of a continuation of the trend. To accommodate
this observation a trending term is added to Equa-
tion 1. For each beat the preceding effective RR
values are fitted to a trend line, with the contribu-
tion or weight of each preceding value decreasing
with RR age as Ln, with 0 < L < 1, and n is the
associated RR interval number before the current
interval. The derived weighted trend line is used to
predict the next effective RR value, and a weighted
average between the observed RR interval and the
predicted effective RR interval is computed

(RRi + W × PredictedRRi )/(1 + W)
where W ≥ 0.

(5)

This term is used to replace the term [RRi] in
Equation 1, forming

EffectiveRRi = C × EffectiveRRi−1 + (1 − C)
×[(RRi + W × PredictedRRi )/(1 + W)] (6)

Thus, the primary model parameters are as fol-
lows

• C (Decay rate of an RR interval, 0 ≤ C ≤ 1)
• L (Decay rate of previous EffectiveRR values in

linear trend prediction, 0 < L < 1)
• W (relative averaging weight between the ob-

served RR and PredictedRR values, W ≥ 0. Note:
W = 0 reverts to Equation 1)

The optimal model for the patient-specific QT-
RR data is found by searching the three-parameter
model space for the values that minimize the
standard deviation of the best-fit QT-RR curve.
Figure 3D illustrates the improvement in the model
obtained by adding the heart rate trending term.
The systematic bias is nearly eliminated and the
standard deviation is reduced by almost 50%.

The algorithm is readily implemented on a stan-
dard desktop computer and executes in 10–15 sec-
onds for a treadmill test that includes 9 minutes
of exercise and 5 minutes of recovery, comprising
roughly 1500 heart beats (i.e., 500–1000 QT-RR ob-
servations).

Model Testing

The model development was driven by the goal
of accounting for and removing hysteresis in ob-
served ECG records associated with increasing and
decreasing heart rate, and thus recovering patient-
specific QT-RR curves. The study population was
analyzed extensively both to gain insights into QT
dynamics for a wide range of patient conditions
and to drive the model development. However, the
possibility remains that the derived patient-specific
QT-RR curve is contaminated by unknown or in-
adequately modeled phenomena and does not truly
reflect the patient QT-RR curve that would be ob-
served if hysteresis were not present. To investi-
gate this potential issue a new test protocol was
developed. Starting from a resting stage, the pro-
tocol next exercised each subject over a 5-minute
period at a constant speed and grade to achieve
approximately 80% of the age-predicted maximum
heart rate, followed by about 10 minutes of stand-
ing recovery. This element of the protocol was de-
signed to maximize the observed hysteresis over
the initial exercise and recovery phases. The sub-
ject then continued on the treadmill with speed
and grade designed to stair-step heart rate in about
20 beats/minute increments to 80% of predicted
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maximum heart rate, and returned in similar stair-
steps to standing recovery. Each stage was main-
tained for about 5 minutes, allowing the heart rate
and QT values to stabilize. Measurements of the
stable QT values for each stable heart rate define
the patient-specific QT curve and should be equiv-
alent to the model-derived QT-RR curve from the
short five-minute test exhibiting high hysteresis.
This protocol was repeated 15 times with the assis-
tance of 5 volunteers from our lab, ranging in age
from 16 to 59, and included ECGs with numerous
premature atrial and ventricular beats. To assess
consistency one of the volunteers performed the
protocol 7 times over the course of 2 weeks; model
parameters derived from the first test were used to
assess model stability in the subsequent tests.

A statistical comparison between the observed
QT-RR data and the computed model results for
the 1959 treadmill tests was also conducted in a
search for systematic error or bias. Model error
(observation – model-predicted QT) was examined
for heart rate ranges in 15 beats/minute bins (e.g.,
45–60, 60–75, etc) and for tertile ranges of heart-
rate (i.e., the model error for the lower, mid, and
upper thirds of the heart rate range associated with
each test). The standard deviation of the model fit
for each test was examined for correlations with
observed T-wave amplitude, heart rate range, peak
heart rate, ST depression, age, and ectopy rates.

RESULTS

The 1959 Study Population: The developed dy-
namic QT model was applied to the patient pop-
ulation data from 1959 treadmill tests, comprising
approximately 1.5 million QT-RR pairs. The me-
dian model error (the median of the standard de-
viation of the hysteresis corrected QT-RR values
relative to the best-fitting patient-specific curve)
for the population was 3.9 ± 2.4 msec, reflect-
ing good model performance over a broad range
of ages, heart-rates, and patient health. The esti-
mated average 95% QT confidence limit, derived
using a bootstrap method with 100% replacement,
was approximately 1 msec for the studied popula-
tion.

Table 1 examines the model error as a func-
tion of heart rate ranges. Overall, the model er-
rors appear to be small. For heart rates lower than
150 beats/minute, the average model errors are less
than 1 msec, growing to approximately 3 msec at
the highest heart rate. The model error standard de-

Table 1. Model Performance over a Range of Heart
Rate Bins

Ave Error StDev
HR Range # Tests (msec) (msec)

45–60 93 0.73 2.56
60–75 563 0.16 2.95
75–90 1276 0.11 3.28
90–105 1760 −0.01 3.81
105–120 1790 −0.04 4.24
120–135 1580 0.29 4.13
135–150 1231 0.09 3.99
150–165 811 −1.14 4.02
165–180 381 −1.70 3.88
180–195 75 −3.21 3.58
Lower tertile 0.05 3.62
Middle tertile −0.03 4.05
High tertile 0.00 4.62

viation trends to larger values at higher heart rates
(∼2.5 msec growing to ∼4.5 msec), probably due
to increased noise at higher levels of physical ex-
ertion that decreases the reliability of picking the
end of T. The correlation coefficients between the
standard deviation of the model fit for each test and
observed heart rate range, peak heart rate, ST de-
pression, age, and ectopy rates are all less than 0.1,
suggesting that the model efficacy is not biased by
normal clinical variations in these characteristics.
However, the correlation with T-wave amplitude
is somewhat larger and inversely correlated with
the standard deviation (r = −0.44), consistent with
greater uncertainty in picking end of T in lower
amplitude signals.

The model appears to be insensitive to the pres-
ence of premature atrial and ventricular contrac-
tions. The effective RR interval computation aver-
ages the short RR interval associated with the pre-
mature beat with the longer RR interval associated
with the following compensating pause, resulting
in a model prediction for little net change in QT.
Figure 4 compares the effective RR (blue line) with
the observed RR (red line) intervals; the abrupt
jumps in RR associated with rhythm disturbances
are smoothed in the predicted curve. The QT ob-
servations, which reflect 15-beat averages, do not
show any systematic jumps associated with rhythm
disturbance. If QT duration is changed by rhythm
disturbances, the duration of the impact is short
relative to the 15-beat QT averaging used in this
study. Low noise, high-resolution ECG recordings,
where beat-by-beat analysis could be conducted,
might provide insights into very short-term QT
dynamics.
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Figure 4. Model testing—rapid and staged heart rate protocol. The raw QT-RR observations for
the entire record are shown in A and B. Selected subsets of the record are highlighted: (C) five
minute exercise followed by 10 minutes of recovery; (D) QT-RR values derived from the end of the
approximately 5 minute stable heart rate segments; and (E) QT-RR values from the rapidly changing
heart rate segments.

The determined beat half-life of both the individ-
ual RR intervals and the trend continuation of the
effective RR rate, corresponding to the parameters
C and L, ranged from near zero to well over 100
beats, confirming previous observations that QT
dynamics are highly variable among subjects.20

Model Testing Protocol: An example of data de-
rived from the 5-minute and incrementally stepped
exercise protocol is shown in Figure 4. Figure 4A
shows the time history of the protocol and is for-
matted the same as Figure 3A described above.
Note the close correspondence between the model
(blue line) and the observed QT values (black
squares). The RR “spikes” in this test are associated
with premature atrial contractions. Figures 4B–E
show the raw QT-RR data collected over the proto-
col, where 4B shows the entire protocol, 4C shows
the 5-minute exercise phase, 4D shows raw QT-RR
values from the end of each stable heart rate phase
of the protocol, and 4E shows the QR-RR values
while heart rate is rapidly changing during stage
changes. The stable raw QT-RR values, shown with
the associated best-fit QT-RR curve in Figure 4D,

should be good estimates of the true QT-RR rela-
tionship. There does not appear to be any system-
atic bias between the QT values obtained during
the increasing heart rate phase of the stepped pro-
tocol and those from the decreasing phase; data
from both phases cluster around a single QT curve
in Figure 4D. Figure 5 illustrates the QT-RR curves
derived from application of the dynamic QT model
to the various data groupings shown in Figure 4,
along with the stable raw QT-RR values, marked
Stable HR (Raw). The average scatter (maximum–
minimum) across all the derived QT-RR curves is
less than 4 msec and is very consistent with the sta-
ble raw QT values. Similar results were obtained
from all 15 tests. The dynamic QT model appears to
do a good job of removing hysteresis and recovering
a patient-specific QT-RR curve in agreement with
values derived from measurements at stable heart-
rates. The first part of this protocol, composed of
an initial resting period, followed by submaximal
exercise lasting about 5 minutes, plus the recovery
period, is sufficient to define an accurate subject-
specific QT-RR curve.
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Figure 5. QT-RR curves derived using the dynamic QT model compared with
the stable heart rate QT-RR values from the raw data presented in Figure 5. The
Stable HR (Raw) curve reflects the observed QT-RR values obtained following
approximately 5 minutes of stable heart rate at different RR values. Note that
the model-derived curves are in good agreement with the stable heart rate QT
values.

To gain some insight into model stability and pre-
dictability, one test subject performed the protocol
7 times over the course of 2 weeks. Each test av-
eraged nearly 2 hours in ECG recording duration
and resulted in approximately 6,700 QT-RR obser-
vations. The optimal model parameters C, L, and
W , and the associated standard deviation between
the observed and predicted QT values, were com-
puted for each test. The average standard deviation
for all seven tests was 4.44 ± 0.43 msec. The opti-
mal model parameters from the first test were then
used to analyze the subsequent 6 tests. The aver-
age standard deviation increased by 3.0 ± 2.4% , or
about 0.13 msec, relative to the test-specific opti-
mal model solutions. The average difference in the
derived QT-RR curves was 0.06 ± 0.26 msec.

DISCUSSION

The underlying physiologic changes affecting
QT-RR dynamics that occur over the transitions
from rest to exercise to recovery are quite complex.
The behavior is further complicated by disease

state, sex, and age. Nevertheless, this study has
found that a simple patient-specific model, com-
prising only three parameters and based solely on
the preceding history of RR intervals and trend, is
sufficient to accurately model QT hysteresis over
an entire exercise test for a diverse population.
The observed hysteresis can be routinely mod-
eled to within a few milliseconds, comparable to
the underlying QT measurement uncertainty. The
strength of the model derives from its joint analysis
of the exercise and recovery phases, which simul-
taneously corrects both phases to a single QT-RR
curve. The QT-RR data collected from an incre-
mentally stepped heart rate protocol, providing QT
measurements associated with stable heart rates,
are in agreement with the QT-RR curves derived
from a brief exercise protocol exhibiting significant
hysteresis. We believe the method is recovering
true patient-specific QT-RR curves.

We speculate that the linear trend component of
the model may be related to the buildup and subse-
quent metabolism of catecholamines. Future stud-
ies that measure catecholamines over the course of
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the test may help develop insights into the under-
lying physiology. Alternatively, comparing QT dy-
namics for the same patient between exercise and
pacing protocols may help improve the connection
between model elements and autonomic function.

Analysis of the study population confirms that
QT corrections for heart rate are highly individ-
ual. The degree of observed hysteresis is depen-
dent upon both patient physiology and the details
of heart rate history over the course of the test. Cur-
rent standard methods for correcting QT for heart-
rate, QTc, introduce noise, and contribute to the
observed scatter. Our experience with the model
testing protocol suggests that a brief ECG record-
ing that includes modest exercise and recovery is
sufficient to determine an accurate patient-specific
QT-RR curve and an associated QTc value. An ap-
propriate protocol would include 10–15 minutes of
initial rest followed by 4–5 minutes of modest ex-
ercise and continued recording of 10–15 minutes of
recovery.

The model is based upon the assumption that the
inherent patient-specific QT-RR curve and the asso-
ciated model parameters are approximately stable
over the duration of the test. As noted by previ-
ous investigators, many other physiologic changes
impact QT, and the hysteresis model parameters
may well follow longer-term changing conditions.21

Comparing repeated exercise protocols for a sin-
gle patient, as well as their 24-hour ambulatory
records—although typified by limited heart rate
range—would be helpful in assessing the stability
over time of the patient-specific hysteresis model.
Our limited experience with repeat testing with the
stair-stepped protocol is encouraging; the model de-
rived from the first test adequately explained the
subsequent tests.

Improved resolution of patient-specific QTc and
QT-RR curves may be helpful in future studies
of adverse repolarization dynamics, potentially in-
cluding patients with long QT syndrome, exercise-
induced ischemia, or in studies assessing the im-
pact of new therapeutic agents on QT dynamics
over a broad range of heart rates.
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