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Abstract—A detection–theoretic approach to quantify heart
rate turbulence (HRT) following a ventricular premature
beat is proposed and validated using an extended integral
pulse frequency modulation (IPFM) model which accounts
for HRT. The modulating signal of the extended IPFM
model is projected into a three-dimensional subspace
spanned by the Karhunen–Loève basis functions, character-
izing HRT shape. The presence or absence of HRT is decided
by means of a likelihood ratio test, the Neyman–Pearson
detector, resulting in a quadratic detection statistic. Using a
labeled dataset built from different interbeat interval series,
detection performance is assessed and found to outperform
the two widely used indices: turbulence onset (TO) and
turbulence slope (TS). The ability of the proposed method to
predict the risk of cardiac death is evaluated in a population
of patients (n= 90) with ischemic cardiomyopathy and mild-
to-moderate congestive heart failure. While both TS and the
novel HRT index differ significantly in survivors and cardiac
death patients, mortality analysis shows that the latter index
exhibits much stronger association with risk of cardiac death
(hazard ratio = 2.8, CI = 1.32–5.97, p = 0.008). It is also
shown that the model-based shape indices, but not TO and
TS, remain predictive of cardiac death in our population
when computed from 4-h instead of 24-h ambulatory ECGs.

Keywords—Heart rate turbulence, Neyman–Pearson detec-

tion, Likelihood ratio test, Karhunen–Loève transform,

Detection theory, Mortality analysis, Risk stratification,

Ischemic cardiomyopathy, Congestive heart failure.

INTRODUCTION

Heart rate turbulence (HRT) is the name given to the
typical response in heart rate due to a ventricular pre-
mature beat (VPB). This response consists of an early
heart rate acceleration followed by a deceleration.3,14

The mechanism behind this phenomenon is not com-
pletely understood, but it is considered as a baroreflex
response triggered by the blood pressure drop induced
by the VPB. Pharmacological studies have shown that
the main role in HRT is played by the parasympathetic
branch of the autonomic nervous system,10,11,20 though
a significant correlation between sympathetic burst
activity and HRT parameters was recently found.16

HRT is commonly assessed by two parameters:
turbulence onset (TO) and turbulence slope (TS), both
computed from the sequence of beat-to-beat intervals
(RR intervals) following VPBs. TO measures the
change in RR interval length immediately after the
VPB, whereas TS quantifies the speed of RR interval
increase following the initial shortening.3,14 Absence of
HRT, identified by a non-negative TO or a low TS, has
been shown to be a powerful risk predictor in different
populations, mainly in postinfarction1,5,6,12 and con-
gestive heart failure (CHF) patients.4,13

Besides TO and TS, several other HRT indices have
been presented such as turbulence timing, turbulence
jump, and correlation coefficient of TS.19 Other TS-
related indices include those being adjusted with the
number of averaged beats7 and turbulence dynamics,
which quantifies the correlation between TS and heart
rate.2 All these indices are empirical as they do not
result from data modeling.
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We have recently introduced a model-based, statis-
tical approach to HRT characterization.17,18 An
extended integral pulse frequency modulation (IPFM)
model was proposed in which the modulating signal
was assumed to be the sum of the background heart
rate variability (HRV) and the specific response to the
VPB, i.e., the possible HRT. This response was linearly
modeled with the Karhunen–Loève (KL) expansion.
With this model as the starting point, the statistical
detection problem of deciding whether HRT is present
or not was addressed, leading to detectors which are
based on the generalized likelihood ratio test (GLRT);
the difference between the detectors being whether
a priori information on mean HRT shape is employed
or not. Both detectors were found to outperform TS
and TO on simulated signals.

In this study, we will use the same description of
HRT shape, but will explore and evaluate a different
statistical approach for HRT detection, accounting for
second-order statistics of the observations. The ability
of the proposed HRT shape index to discriminate
observations with HRT from observations without
HRT is assessed on a labeled dataset made from real
series of RR intervals. The new index is also validated in
terms of risk stratification on patients with ischemic
cardiomyopathy and mild-to-moderate CHF. The per-
formance is compared to that obtained with TO and TS.

DATASETS

Dataset for Assessment of Detection Performance

To assess HRT detection performance, an anno-
tated dataset is needed which includes a significant
number of signals with and without HRT. Since it is
not possible to annotate the RR interval series fol-
lowing a single VPB with respect to the presence of
HRT, we have created an evaluation dataset with RR
interval series obtained from Holter recordings which
is described next.

The Long-Term ST Database

The Long-Term ST database8 contains 68 two-lead
and 18 three-lead 24-h sinus rhythm ambulatory records
with significant ST events annotated by expert cardiol-
ogists. These records have a sampling rate of 250 Hz
and 12-bit resolution. The database also provides indi-
vidual QRS annotations, including automatic beat
classification revised by an expert Holter technician.

Dataset Construction

Our approach relies on the assumption that Holter
recordings with enough VPBs, and a clear HRT pat-
tern as quantified by TS in the averaged tachogram,

present an HRT response after every individual VPB.
Thus, the RR intervals adjacent to all the VPBs in such
records are included in the HRT class ðS1Þ: On the
other hand, records with few VPBs (£15) or with an
impaired HRT in the averaged tachogram were dis-
carded due to the uncertain presence of HRT following
a VPB. To avoid this uncertainty, the class of non-
HRT series ðS0Þ was created by including tachograms
extracted from periods without any premature or
ectopic beat, i.e., only containing spontaneous HRV.

The VPBs in all records were selected according to
the annotations provided in the database. To avoid the
effect of neighboring non-sinus beats, artifacts, and
false classifications, VPBs were discarded if any of the
following criteria was fulfilled15,17: (1) the coupling
interval is ‡80% of the average RR in the ten sinus
beats prior to the VPB, (2) the compensatory pause is
<120% of the average RR, (3) any beat in the
neighborhood is annotated as non-normal, (4) any RR
interval in the neighborhood is <300 or >2000 ms, or
has a difference >20% with respect to the reference
interval defined as the average of the five intervals
preceding the VPB, and (5) the difference between any
two adjacent RR intervals in the neighborhood is
>200 ms. For these criteria, the neighborhood is
defined as 10 RR intervals before the coupling interval
and 20 RR intervals after the compensatory pause.

After applying these criteria, 64 records remained
with suitable VPBs, with only 38 records having more
than 15 suitable VPBs. Out of those 38 records, only 26
showed TS > 2.5 ms/beat in the averaged tachogram.
All the tachograms for the 5764 individual VPBs in those
26 records were included in class S1: To build class S0;
we extracted consecutive 32-beat tachograms with nor-
mal beats from the 10 patients who lacked VPBs and
treated these as tachograms without HRT since they
contained ‘‘background’’ HRV. A total of 26,577 tach-
ograms without HRT were obtained in this way. One
hundred tachograms, randomly selected from each class,
are shown in Fig. 1 together with the mean tachogram.

Study Population for Risk Stratification
of Heart Failure Patients

The clinical population consists of 96 patients with
ischemic cardiomyopathy and mild-to-moderate CHF
(II–III NYHA class) enrolled into the MUSIC (Muerte
Súbita en Insuficiencia Cardiaca = Sudden Death in
Heart Failure) study by one of the participating cen-
ters. Only patients with sinus rhythm were included in
the study. The study protocol was approved by insti-
tutional investigation committees, and all patients
signed informed consent.

A 24-h Holter recording (3 orthogonal leads,
200 Hz sampling rate) was performed at enrollment by
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means of a SpiderView recorder (ELA Medical, Sorin
Group) and analyzed by accompanying software; the
results were manually verified to assure proper beat
labeling. Data on RR intervals and beat class anno-
tations were exported for analysis of HRT. VPBs
unsuitable for HRT analysis were discarded, according
to the criteria described in the section ‘‘Dataset for
assessment of detection performance.’’ Six patients did
not have any suitable VPB and were therefore excluded
from subsequent analysis.

The final study population consisted of 90 patients
with mean age 64 ± 9 years, 80 males (mean age
64 ± 9 years) and 10 females (mean age 64 ± 8 years).
The mean LVEF was 36 ± 10%, 72 patients belonged
to NYHA class II (80%), and 45 patients were suf-
fering from diabetes (50%). Patients were followed for
a median of 44 months with endpoints defined as total
mortality, cardiac mortality, and sudden death.

METHODS

The Extended IPFM Model

The extended model includes an additional feedback
path which accounts for HRT as an additive signal s(t),
triggered by a VPB, so that the modulating signal x(t)
of the extended model is the sum of the background
HRV m(t) and the feedback signal s(t), i.e., x(t) = s(t)
+ m(t). The feedback signal was modeled as a linear
combination of several basis functions, obtained from
the truncated basis of the KLT learned on a training
set. The modulating signal x(t) following a VPB was
considered as an observation of the response to the
VPB. The background modulating signal m(t) was
treated as observation noise.

Thus, the first processing step is to estimate the
modulating signal x(t) from each individual post-VPB

tachogram.18 Then, the first 15 s of the estimated x(t)
after each VPB was evenly resampled at 2 Hz to pro-
duce an N 9 1 vector x (N = 31). This vector is the
sum of the turbulence and background HRV compo-
nents: x = s + m. The modulating signals, corre-
sponding to the tachograms shown in Fig. 1, are
displayed in Fig. 2 together with the corresponding
mean signals of S1 and S0: The shape of the mean
HRT is evident from Fig. 2a.

The HRT term s is modeled as a linear combination
of r basis functions

s ¼ Bhs; ð1Þ

where B = [b1, b2,…, br] contains the r basis functions
in its columns and hs is the r 9 1 coefficient vector
describing HRT.

The basis functions bi were obtained as the KLT
basis for the set of vectors xl belonging to the HRT
class, S1: The percentage of each class’ energy explained
by the subspace, defined by the first r KLT basis func-
tions, is shown in Fig. 3a. Figure 3b shows the distri-
bution of the two classes in the most important KL
coefficients. The three first basis functions, displayed in
Fig. 4, account for 95% of the energy in the HRT class
S1: Therefore, we will use r = 3 as the linear model
dimension. Note that this linear model also accounts
for 90% of the energy in the non-HRT class S0:

HRT Detection Using Mean Shape Information

Based on the extended IPFM model, the detection
problem was previously formulated as one where HRT
is either present (hypothesis H1Þ or absent (hypothesis
H0Þ in the observed vector x17:

H0 : x ¼ m

H1 : x ¼ Bhs þm:
ð2Þ
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FIGURE 1. Tachograms for (a) HRT class S1 and (b) non-HRT class S0: The mean tachogram is displayed with a thick line, and the
mean HRT shape can be observed in (a). Intervals 11 and 12 correspond to the coupling interval and compensatory pause in (a),
and have been blanked in (b) since there are no VPBs in S0.
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The GLRT detector for the hypothesis test in
Eq. (2) was derived under the assumption that hs is an
unknown deterministic vector and m is a random

vector distributed as white multivariate Gaussian
m � Nð0; r2IÞ; with r2 unknown.18 Since the resulting
detector turned out to be invariant to the sign of the
response to the VPB, it was subsequently improved by
also taking into account a priori information on the
mean HRT shape.17 For the improved GLRT detector,
the noise model remains the same, but hs is assumed to
be a known constant vector hs ¼ l; with l being a
mean HRT shape vector estimated from a training
dataset. The test statistic is then17:

TlðxÞ ¼
xTx

ðx� BlÞTðx� BlÞ
: ð3Þ

HRT Detection Using Covariance Information

In this paper, we reformulate the model in Eq. (2) to
become one which instead treats the coefficients
hx ¼ BTx as observations, being related to the reduced
subspace defined by the first three KLT basis func-
tions. This model offers detailed characterization of
the observations as not only the mean l is included, as
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FIGURE 2. IPFM modulating signals (a) following the VPB for the HRT dataset (S1) and (b) the non-HRT (S0) dataset. The mean
modulating signal is displayed with a thick line.

1 3 5 7 9 11 13 15 17 19 21
60

65

70

75

80

85

90

95

100

basis dimension r

%
 o

f e
xp

la
in

ed
 e

ne
rg

y

 

 

S
0
 (no HRT)

S
1
 (HRT)

(a)

1 2 3 4 5 6 7 8 9 10

-0.2

-0.1

0

0.1

0.2

KL coefficient index

va
lu

e 
(m

ea
n 

± 
 s

t. 
de

v.
) 

 

 

S0 (no HRT)
S1 (HRT)

(b)

FIGURE 3. (a) Percentage of energy in S0 and S1 explained by the turbulence KLT basis as a function of basis dimension r.
(b) Mean 6 1 standard deviation of the most important KL coefficients for vectors in S0 and S1.
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in Smith et al.,17 but also the covariance of the three
coefficients in hx: Hence, the detection problem can be
formulated in the coefficient space as

H0 : hx ¼ BTm ¼ hm

H1 : hx ¼ hs þ BTm ¼ hs þ hm:
ð4Þ

Modeling both the HRT and background HRV com-
ponents as correlated multivariate Gaussian random
vectors with means l and 0, respectively, we have a
detection problem of the form

H0 : hx � Nð0;R0Þ
H1 : hx � Nðl;R1Þ;

ð5Þ

where l; and the covariance matrices R0 and R1 can be
estimated from a labeled training set.

Applying the Neyman–Pearson (NP) criterion to the
hypothesis problem, defined by Eqs. (4) and (5), it can
be shown that the detection statistic maximizing the
probability of detection PD for a given probability of
false alarm PFA is given by the likelihood ratio9:

LðxÞ ¼ pðx;H1Þ
pðx;H0Þ

¼
jR0j

1
2exp �1

2ðhx � lÞTR�11 ðhx � lÞ
� �

jR1j
1
2exp �1

2h
T
xR�10 hx

� � :

ð6Þ

Taking the logarithm of Eq. (6) and discarding
constant terms, we obtain the equivalent detection
statistic,

TRðxÞ ¼ hTxR�10 hx � ðhx � lÞTR�11 ðhx � lÞ: ð7Þ

It must be noted that R0 and R1 are not explicitly
related to each other in Eqs. (5) and (7), and therefore
the model, and, consequently, the detection statistic
Eq. (7) is general and does not necessarily assume
additivity of HRT and HRV.

Assessment of Detection Performance

We evaluated the ability of the proposed NP
detector TRðxÞ (Eq. 7), the GLRT detector TlðxÞ
(Eq. 3), and the standard indices TS and TO to dis-
criminate between the presence or absence of HRT.

Each of the two datasets S0 and S1 was divided into
two halves: the first half ðS0ts and S1tsÞ was used as test
set, whereas the second half ðS0tr and S1trÞ was used as
training set. The model parameters l; needed in both
TRðxÞ and TlðxÞ; and R0;R1; needed for TRðxÞ; were
estimated as the sample mean vector and sample
covariance matrices of vectors hx ¼ BTx in datasets
S0tr and S1tr: Their respective values are given in the
Appendix.

Usually the tachograms following different VPBs
are averaged in order to improve the poor SNR of a

single response.14 To assess the detection performance
of the HRT indices computed from averaged
responses, we built average-response datasets by
averaging the responses of M consecutive VPBs
belonging to the same patient. In this way, we built
datasets for M = {10, 50, 100} averaged responses in
addition to the original single-VPB dataset (M = 1).

Detection performance is given in terms of ROC
curves for different values of M. The performance was
quantified by computing the area under the ROC curve
(AUC) and the probability of detection (PD

0.1) for a
given probability of false alarm PFA = 0.1.

Statistical Methods for Evaluation
of Risk Stratification Ability

The different HRT indices were computed from the
averaged responses using all VPBs suitable according
to the criteria stated in the section‘‘Dataset for
assessment of detection performance.’’ The indices
were also computed using only the suitable VPBs of
the first 4 h of the Holter recording. The cut-off points
for dichotomization were the commonly used values of
0% and 2.5 ms/beat for TO and TS, respectively, and
the lower tertile of the population for the model-based
indices.

The KLT basis B and the statistical parameters l;R0;
and R1; used to compute the statistics TRðxÞ and TlðxÞ
for risk stratification, were identical to those used for
assessing detection performance, and were thus esti-
mated independently from the MUSIC dataset.

The two-tailed non-parametric Mann–Whitney
U-test was used to test differences in parameters
between patients in the different outcome groups.
Kaplan–Meier mortality curves were calculated to test
the association of the HRT indices with the endpoints
of the study, and compared using the log-rank test.
Cox’s univariate regression models were used for the
mortality analysis, expressing results as hazard ratios.
Statistical significance was defined as p < 0.05.

RESULTS

HRT Detection Performance

Figure 5a shows the scatter plot of a selection of
vectors x 2 S0;S1 represented in the subspace defined
by the first three KL basis functions. Each point rep-
resents the shape of the turbulence after a single VPB.
A substantial overlap can be observed between the two
datasets. It should be recalled that TRðxÞ in Eq. (7)
provides a quadratic separation surface between the
two groups. Figure 6a shows the ROC curves in the
test set for the four different indices.

Detection Performance and Risk Stratification



Figures 5b and 5c show that the groups become
more separable when the responses to 10 or 100 con-
secutive VPBs are averaged. The ROC curves for dif-
ferent numbers of VPBs used for averaging are shown
in Figs. 6b–6d. Note that the values of l;R0; and R1

have not been re-estimated for averaged VPBs, but
were first computed for individual VPBs in the training
set and then used in the test set regardless of averaging.

The detection performance is summarized in
Table 1 in terms of AUC and PD

0.1.

Risk Stratification

During the follow-up, 29 patients (32%) died, of
which 27 were from cardiovascular causes (13 of sud-
den cardiac death and 14 of heart failure progression).
Table 2 summarizes the distribution of age, LVEF,
and HRT indices in the studied population. Using the
cut-off points of 0% and 2.5 ms/beat for TO and TS,
21 patients (23%) had abnormal TO and 42 patients
(47%) had abnormal TS. With the above-mentioned
lower tertile as cut-off point, 30 patients had abnormal
TRðxÞ and TlðxÞ:

Table 3 shows the differences in HRT indices and
other clinical variables between patients with cardiac
death and survivors. Patients who died had lower
LVEF (median 33% vs. 39%, p = 0.004) and more
frequently exhibited higher NYHA functional class
(NYHA III 44% vs. 10%, p < 0.001).

As for indices characterizing HRT, cardiac death
victims had significantly lower values of TS and
TRðxÞ; whereas differences in the values of TO and
TlðxÞ did not attain significance. Once categorized
according to the cut-off points, only the number of
patients with abnormal TRðxÞ was significantly dif-
ferent between the two groups (44 vs. 21%, p =
0.030). The rest of dichotomized indices did not
achieve significance in the study group. When com-
bining TO and TS, the share of patients with abnor-
mal combined TO/TS, defined as presenting abnormal
values in at least one of the parameters TO and TS
(HRT category 1 or 2 according to the HRT litera-
ture), differed significantly between the two groups (74
vs. 48%, p = 0.021).

Kaplan–Meier mortality curves, indicating proba-
bility of cardiac death during follow-up using the
respective dichotomized values, are shown in Figs. 7
and 8. Patients with abnormal TRðxÞ were character-
ized by a more than 2.5-fold higher cardiac mortality
estimated at third year of follow-up (45 vs. 18%, p =
0.005). The mortality was nearly twofold higher for
patients stratified by TS and TO; however, statistical
significance was only observed for TS (p = 0.043). It is
noteworthy that the Kaplan–Meier curves diverged
already at the first year of follow-up for TRðxÞ; (32 vs.
5%), whereas abnormal TS was related with gradual
increase in mortality risk during long-term observa-
tion. Sudden cardiac death risk was also higher in
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FIGURE 5. Scatter plot of hx for (a) single post-VPB responses, and averages of (b) 10 and (c) 100 consecutive post-VPB
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patients with abnormal Tl(x) (20 vs. 12%), but did not
reach statistical significance.

The results of Cox’s univariate regression analysis
are summarized in Table 4. Abnormal TRðxÞ exhibited
the strongest association with cardiac death of all the

HRT indices (hazard ratio = 2.8, CI = 1.32–5.97, p=
0.008), the other index with significant but weaker
association being TS £ 2.5 (hazard ratio = 2.2, CI =
1.01–4.80, p = 0.048). Interestingly, abnormal TRðxÞ
also exhibited stronger hazard ratio than abnormal
combined TO/TS, indicating impaired HRT reaction
according to classical approach.

When computing the HRT indices using only
the first 4 h of the Holter recording, only 79 patients
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FIGURE 6. ROC curves of detection performance for the test set S1 using (a) single post-VPB responses, and averages of (b) 10,
(c) 50, and (d) 100 responses.

TABLE 1. Detection performance of TS, TO, TRðxÞ; and TlðxÞ
according to the number of averaged responses N.

Index N = 1 N = 10 N = 50 N = 100

TS

AUC 0.61 0.81 0.94 0.978

PD
0.1 0.24 0.55 0.76 0.92

TO

AUC 0.69 0.84 0.91 0.989

PD
0.1 0.30 0.66 0.89 0.96

TRðxÞ
AUC 0.76 0.92 0.99 0.999

PD
0.1 0.35 0.77 0.98 1.0

TlðxÞ
AUC 0.75 0.92 0.99 0.997

PD
0.1 0.35 0.80 0.97 1.0

TABLE 2. Clinical and HRT characteristics in the study
population.

Mean ± SD Median Lower tertile

Higher

tertile

Age 64 ± 9 64.5 59 68

LVEF (%) 36 ± 10 35.5 33.3 39.0

TS (ms/beat) 4.26 ± 4.3 2.82 1.93 5.49

TO (%) 21.02 ± 1.56 20.81 21.65 20.30

TlðxÞ 0.72 ± 1.03 0.43 0.22 0.70

TRðxÞ 2.87 ± 8.71 0.37 20.75 2.24
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remained with at least 1 suitable VPB. In this sub-
population only abnormal TlðxÞ and TRðxÞ indicated
patients with significantly higher risk of cardiac death
(3-year cardiac mortality 49 vs. 19%, p = 0.004, and
44 vs. 20%, p = 0.013 for TlðxÞ and TRðxÞ; respec-
tively). In these shorter recordings TlðxÞ had the
strongest predictive value when assessed by Cox’s
analysis (hazard ratio = 2.96, CI = 1.37–6.39, p =
0.006), followed by TRðxÞ (hazard ratio = 2.56, CI =
1.18–5.54, p = 0.017). Abnormal TS and TO were
non-significant.

DISCUSSION

Models and Methods

To characterize an HR signal when HRT is present
or absent, we have created a labeled dataset of RR
interval series from Holter ECG signals as described in
the section ‘‘Datasets,’’ thus circumventing the need
for simulation. The training part of this dataset has
also been used to estimate l; R0; and R1 of the model-
based indices. It is particularly interesting to note that
these estimates produced excellent results on risk
stratification when TRðxÞ was employed, despite the
fact that the estimates were based on a population
completely unrelated to the patients with ischemic
cardiomyopathy and mild-to-moderate CHF.

Figure 3 shows that the background HRV, which
can be understood as the noise term in the model of
Eq. (2), is also quite well represented in the signal sub-
space. Due to this overlap, a subspace energy detector
will perform poorly. Therefore, we have focused on the
signal subspace (as a good representation for both

groups of signals) and have designed an NP detector by
modeling both datasets as multivariate Gaussian with
different covariance matrices (Eq. 4). Note that the
signal model in Eq. (4), put forward in this study, is
more general than the one in Eq. (2) as the interaction
between background HRV and HRT does not have to
be additive.

While TO and TS quantify certain parts of the
turbulence response, i.e., the initial acceleration and
the velocity of the posterior recovery, respectively,
TRðxÞ and TlðxÞ characterize the whole shape of HRT
and are therefore referred to as HRT shape indices.

As for the conceptual differences between TRðxÞ and
TlðxÞ; the NP statistic (7) disregards any part of the
response orthogonal to the three-dimensional KLT
subspace. This can be interpreted as linear, time-vari-
ant filtering of the data prior to detection. From
Eqs. (3) and (7) it is obvious that both statistics can be
interpreted in terms of the distances from the observed
data to the origin and to the average turbulence shape
l; the main difference being that TRðxÞ normalizes the
distances with the covariances of the two types of
responses (with and without turbulence), while TlðxÞ
tacitly assumes that all three dimensions are uncorre-
lated and have equal variance.

HRT Detection Performance

The two shape indices achieved a given detection
performance with less averaging than did TO and TS
as shown in Fig. 6 and Table 1; this result was already
noted for the GLRT.17 This improved performance
can be interpreted as a gain in signal-to-noise ratio.
On the other hand, the detection performance in our

TABLE 3. Differences in clinical variables and HRT indices between risk groups.

Variable Survivors (N = 61) Cardiac death (N = 27) p-Value

Age (years) 63(63) ± 8 65(68) ± 12 0.154

Age >65 years 24 (39%) 16 (59%) 0.084

Gender (male) 52 (85%) 26 (96%) 0.132

LVEF (%) 38 (39) ± 10 32 (33) ± 10 0.004

LVEF £ 35% 24 (39%) 20 (74%) 0.003

NYHA class III 6 (10%) 12 (44%) <0.001

Diabetes 31 (51%) 19 (70%) 0.088

TO (%) 21.23 (21.01) ± 1.48 20.62 (20.43) ± 1.68 0.060

TO ‡ 0% 11 (18%) 9 (33%) 0.114

TS (ms/beat) 4.61 (3.18) ± 4.35 3.44 (1.80) 6 4.30 0.025

TS £ 2.5 25 (41%) 17 (63%) 0.057

Combined TO/TSa 29 (48%) 20 (74%) 0.021

TRðxÞ 2.77 (0.93) ± 5.80 3.26 (20.78) 6 13.47 0.048

TRðxÞ � �0:75 13 (21%) 12 (44%) 0.030

TlðxÞ 0.87 (0.57) ± 1.20 0.42 (0.31) ± 0.39 0.058

TlðxÞ � 0:22 18 (30%) 11 (41%) 0.301

Data are given as mean (median) ± SD, or # (%). Boldface indicates significant differences.
aAbnormal combined TO/TS refers to patients with at least one abnormal parameter (TO ‡ 0% and/or

TS £ 2.5 ms/beat).
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labeled dataset is virtually identical for both TRðxÞ and
TlðxÞ in all cases.

When dealing with single VPBs, the detection per-
formance is poor for all methods, although consider-
ably better for TRðxÞ and TlðxÞ: Thus, fixing PFA =
0.1 (10% of series without turbulence, i.e., with

abnormal response, would be considered to have a
normal response), PD is 0.35 for TRðxÞ and 0.35 for
TlðxÞ; but 0.25 for TO and 0.15 for TS. When applied
to averages of ten responses, detection performance
improved, with PD

0.1 values of 0.76 and 0.80 for TRðxÞ
and TlðxÞ; respectively, and 0.66 and 0.40 for TO and

FIGURE 7. Kaplan–Meier mortality curves for (a) TO, (b) TS, (c) combined TO/TS. p-Values are given for long-rank tests. Numbers
in parenthesis below the graph represent the probability of cardiac death in the first, second, and third year of the follow-up.
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TS, respectively. Almost perfect discrimination was
obtained when computing the parameters on averages
of 100 responses. Similar conclusions are obtained
from the comparison of the AUC results.

It is indeed surprising that TO detects HRT
better than TS, while most clinical studies have
found TS to be more powerful than TO for risk

stratification.4,6,12,14 It should be emphasized that the
evaluation of the detection performance does not
necessarily foretell the power of an index for risk
stratification. Under the hypothesis that there is a
connection between HRT and risk, a useful clinical
index must have good detection performance; other-
wise, it would be impossible to determine when the
clinically useful phenomenon appears. However, it is
not clear which specific HRT features are related to
risk.

Risk Stratification

The concept of abnormal HRT as a risk marker of
mortality was introduced in 1999.14 Over the last
decade several smaller and large-scale clinical trials
have documented that impaired response of the sinus
node to VPB predicts increased risk of all-cause mor-
tality, as well as sudden death.1,3–6,12–14 Prognostic
value of HRT has been evaluated mainly in large

FIGURE 8. Kaplan–Meier mortality curves for (a) TR(x), (b) Tl(x). p-Values are given for long-rank tests. Numbers in parenthesis
below the graph represent the probability of cardiac death in the first, second, and third year of the follow-up.

TABLE 4. Univariate association of HRT risk variables with
total mortality.

Variable Hazards ratio 95% CI p-Value

TO ‡ 0% 1.79 0.81–3.99 0.152

TS £ 2.5 2.20 1.01–4.80 0.048

Combined TO/TSa 2.63 1.11–6.22 0.028

T RðxÞ � �0:75� 2.80 1.32–5.97 0.008

TlðxÞ � 0:22 1.52 0.71–3.28 0.289

Boldface indicates significant differences.
aAbnormal combined TO/TS refers to patients with at least one

abnormal parameter (TO ‡ 0% and/or TS £ 2.5 ms/beat).
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cohorts of postinfarction patients.1,5,6,12,14 All these
studies documented that HRT category 2 (both TO
and TS abnormal) is the strongest risk predictor of
mortality, followed by HRT category 1 (one of the
parameters abnormal). Although TO and TS exhibit
additive value in risk stratification, TS is usually found
to provide more powerful information on risk.

In our study, risk stratification was assessed on a
dataset of patients with ischemic cardiomyopathy and
mild-to-moderate heart failure. Impaired HRT quan-
tified by the newly proposed statistic TRðxÞ identified
patients at high risk of cardiac death during a median
of 44 months of follow-up. Patients with TRðxÞ<0:75
were characterized by nearly a threefold higher risk of
unfavorable outcome. This is the first time when
model-based HRT indices were evaluated on a clinical
setting for predicting cardiac death, and were proven
to provide significant prognostic information. Our
data showed that TRðxÞ is a stronger risk predictor
than TS and TO. It is worth emphasizing that abnor-
mal TRðxÞ was able to define high-risk patients very
early in the follow-up, identifying patients with over
sixfold higher mortality rate (32 vs. 5%) at the first
year of follow-up. This result is of special significance
since early initiation of more aggressive pharmaco-
logical and device treatment is important for high-risk
patients.

While the exact reason is unclear to why TRðxÞ is
better for risk stratification than TlðxÞ; it is obvious
that the covariance information plays an important
role to achieve these results. For example, it may be
noted from l; given in the Appendix, that the KL
coefficients associated with the first and second basis
functions have opposite signs in the average turbu-
lence, whereas R0 shows that the noise (HRV) KL
coefficients have positive correlation: this fact is not
taken into account in TlðxÞ: Also, while TlðxÞ treats
all the three KL coefficients identically regardless
of their different variances, TRðxÞ is related to the
Mahalanobis distance in the HRT subspace.

Another interesting finding is related to the fact that
TRðxÞ and TlðxÞ; contrary to TO and TS, were found
to be significant risk predictors when assessed from
short-term recordings. Due to methodological issues
related to the averaging process and the number of
VPBs, current guidelines recommended HRT-based
risk stratification to be limited to 24-h recordings with
sinus rhythm and at least five VPBs eligible for anal-
ysis.3 In 24-h Holters HRT can be calculated in
60–90% of patients if recordings with at least one
VPB are considered as suitable for the analysis.
Requiring instead at least five VPBs, a significant
number of patients are no longer eligible for risk
stratification. Furthermore, long-term Holter moni-
toring is frequently considered as costly, and therefore

it is discarded as additional procedure. Use of the
shape indices based on short recordings with few VPBs
would overcome these limitations.

CONCLUSIONS

In this article, we have derived and evaluated a
model-based HRT detector on the IPFM modulating
signal using a second-order statistics approach within
the signal subspace defined by the most relevant KLT
functions. This detector, which involves an index that
characterizes HRT shape, offers better performance
than the commonly used TO and TS, and it attains
similar performance with less averaging.

The proposed HRT index TRðxÞ was predictive for
cardiac death in ischemic heart failure patients, with
higher predictive value than TO and TS, either ana-
lyzed separately or together. The index proved to be
useful for early risk stratification, as it identified
patients with sixfold higher mortality at first year of
follow-up, in contrast to a much more gradual increase
in risk as identified by TO and TS. As documented by
analysis of shorter recordings, TRðxÞ may be of special
interest in patients with few VPBs. These promising
results encourage further investigation in larger cohorts
of patients in order to ascertain the predictive value of
TRðxÞ and its relation to other clinical variables.

APPENDIX

The model parameters l;R0; and R1; estimated from
datasets S0tr and S1tr; and used for computing TlðxÞ
and TRðxÞ have the following values:

l ¼ 10�3 �34:699 107:246 0:112½ �T ð8Þ

R0 ¼ 10�3
8:061 0:932 �0:368
0:932 1:442 0:330
�0:368 0:330 1:103

2
4

3
5 ð9Þ

R1 ¼ 10�3
32:262 3:726 0:004
3:726 6:603 �0:012
0:004 �0:012 5:454

2
4

3
5 ð10Þ
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