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Abstract

Introduction: Antiarrhythmic drugs therapies are currently going through a turning point. The high risk
that exists during the treatments has led to an ongoing search for new non-invasive toxicity risk biomarkers.
Methods: We propose the use of spatial biomarkers obtained through the quaternion algebra, evaluating
the dynamics of the cardiac electrical vector in a non-invasive way in order to detect abnormal changes in
ventricular heterogeneity. In groups of patients with and without history of Torsade de Pointes undergoing
a Sotalol challenge, we compute the radius and the linear and angular velocities of QRS complex and T-
wave loops. From these signals we extract significant features in order to compute a risk patient classifier.
Results: Using machine learning techniques and statistical analysis, the combinations of few indices reach
a pair of sensitivity/specificity of 100%/100% when separating patients with arrhythmogenic substrate.
Several biomarkers not only measure drug-induced changes significantly but also observe differences in
at-risk patients outperforming current standards.Discussion: Alternative biomarkers were able to describe
pre-existing risk of patients. Given the high levels of significance and performance, these results could
contribute to a better understanding of the torsadogenic substrate and to the safe development of drug
therapies.
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1. Introduction

Cardiovascular diseases account for more than 30% of the causes of deaths in the world [1], among them
the most important are the malignant ventricular arrhythmias (MVA). In recent decades, a large amount of
antiarrhythmic drugs (ADs) have been developed. ADs act on permeability of the myocyte ion channels,
preventing MVA and/or sudden cardiac death. However, thesetherapies are currently at a turning point.
Recently, it has been highlighted the high risk that exists in ADs with reported adverse effects of Torsade de
Pointes (TdP) [2]. Also, a compilation of hundreds of drugs that produce these effects have been constructed
considering different risk categories [3].

TdP is a polymorphic ventricular tachyarrhythmia with a high risk of ventricular fibrillation. Although
the mechanisms that trigger it, in non-congenital conditions, have not yet been elucidated, it has been
mostly associated with the supply of different ADs such as: sotalol, amiodarone, dofetilide, quinidine sul-
fate, ranolazine and verapamil hydrochloride. Moreover, many commonly used non-cardiac drugs such as
diuretics, antibiotics, antidepressants, among others, also have pro-arrhythmic side effects of TdP [4].

Different international agencies in favor of the development of therapies with ADs [5] propose the search
for new non-invasive toxicity risk biomarkers with an efficacy that improves current biomarkers. Modern
regulatory methods of cardiotoxicity assessment are basedon the measurement of electrocardiogram (ECG)
indices. One of the most observed characteristics of drug-induced TdP is the prolongation of the QT inter-
val, a measure of the total time of ventricular depolarization and repolarization on the ECG. In 2005, the
International Committee for Harmonization issued the S7B /E14 guidelines, requiring to date, studies of
duration of the QT interval for all drugs before regulatory approval [6,7]. While this measure prevented the
sale of many drugs with proarrhythmic effects, it also discouraged the development of potentially effective
drugs. It is important to note that the QT interval measures have insufficient specificity. There are two key
factors to explain this fact: First, this measure depends strongly on an accurate determination of the end of
the T-wave, which is often not possible [8]; and second, information on morphological changes and veloc-
ities of the cardiac electrical vector is not taken into account by concentrating all valid information for the
diagnosis of proarrhythmic risk only in the duration of the QT interval.

In this work, we propose as a paradigm shift the use of vectorcardiogram (VCG) biomarkers obtained
from the quaternion algebra, evaluating the dynamics of thecardiac electrical vector in order to detect
abnormal changes in ventricular heterogeneity. Recently,we have shown the advantages of these methods
based on quaternion theory in the diagnosis of early acute coronary syndrome [9]. Biomarkers of this type
are completely independent of the determination of the fiducial points of the ECG and have a significant
degree of reproducibility in different contexts of the ECG recordings, such as resting, stress or Holter. These
biomarkers could be very useful in the early detection of TdPrisk during treatment with ADs or other drugs.
We are confident that this can be a useful contribution to the optimization of therapeutic strategies and to
the improvement in the design of studies for pharmacological treatments.

2. Materials and Methods

2.1. Dataset

The ECG recordings were obtained from “Sotalol IV and History of TdPs” database through a project
with Telemetric and ECG Holter Warehouse (THEW) [10]. The population consisted of two groups: 16 sub-
jects without history of TdP (−TdP ) and 16 patients with documented TdP in the context of a drug with
QT-prolonging potential: sotalol, sumatriptan, amiodarone, bisacodyl, cipramil, furosemide, clarithromycin,
erythromycin, roxithromycin (+TdP ). The protocol utilized in this database was detail described in [11].
In resume, dl-sotalol was supplied intravenously at a constant rate during 20 minute in two group of indi-
viduals, with (+TdP ) and without history of drug-induced TdPs (−TdPs), respectively. The dose was of
2mg/kg body weight in 50ml of 0.9% saline solution at a dose of2mg/kg body weight in 50ml of 0.9%
saline solution. The protocol was carried out in the morning. Following the sotalol was injected patients
were closely and continuously monitored in the intensive care unit.
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Group Age Gender AFh CAD MIh HTh EF Hk

+TdP 58± 12 y.o. F 70% M 30% 62.5% 18.7% 18.7% 43.7% 25% 31.2%

−TdP 61± 12 y.o. F 56% M 44% 93.7% 18.7% 6.2% 56.2% 0% 0%

Table 1
Clinical information for each group: History of Atrial Fibrillation (AFh), Coronary Artery Disease (CAD), History of Myocardial
Infarction (MIh), History of Hypertension (HTh), Ejection Fraction below normal< 55% (EF), Hypokalemia (HK).

The age and gender of the subjects are reported in Table 1 together with the relevant information concern-
ing the clinical characteristics. All the patients have normal heart rate. Presence of history of hypertension,
coronary artery disease and myocardial infarction were similar between the two groups. There were sev-
eral patients with history of atrial fibrillation in both of them. None of the subjects were carrying mutation
linked to the major congenital forms of the LQTS. Baseline ECG measurements shows one control and five
patients slightly above the gender-specific thresholds forLQTS. T-wave and QRS complex widths present
normal values. Four patients in+TdP group have reduced values of left ventricular ejection fraction. Each
individual record includes two dataset of continuous 3 to 4-minute 12-lead ECG at 1kHz of sampling fre-
quency (Fs) and 5µV resolution. The former is acquired at rest in supine position before (baseline) the drug
supply and the later at 20-min steady state phase (peak concentration) after Sotalol injection. None of the
subjects experienced episodes of TdP during the challenge.

2.1.1. Drug selection criterion
As mentioned above, the mechanisms behind drug-induced TdPhave not been elucidated. There is some

consensus that it is mainly originated in repolarization impairments, such as: changes in ventricular hetero-
geneity, reduced repolarization reserve, and cardiac electrical instability. Sotalol is a well-known medication
with torsadogenic side effects. In consequence, a protocolwhich exposed patients to this drug, is very useful
to the assessment of spatial biomarkers during repolarization changes.

Almost every drug that have been linked with TdPs modify the same ion current, i.e. the rapid components
of the delayed rectifier potassium current (IKr) of the cardiomyocites [12]. In this sense, some studies
have experimentally shown repolarization impairments provoked by Class III antiarrhythmic agents just
like by other non-antiarrhythmic medications [13]. We havealso observed similar impairments in spatial
electrocardiographic signals [14], which were obtained from an artificial thorax from In-Vitro rabbit hearts
during d-sotalol supply.

Lastly, the database used in this work [10] was proper to obtain provocative drug testing to unmask latent
abnormalities in cardiac repolarization, as was the case ofthe Sotalol described in [11].

2.2. Preprocessing of spatial signals

The study of the dynamics of cardiac vector needs to be approached from a spatial perspective. For this
purpose, ECG signals are transformed to XYZ using the inverse Kors matrix. All the fiducial points of each
ECG and XYZ signals have been obtained through a Wavelet-transform based method. A 5TH order But-
terworth high-pass filter (0.5Hz, bidirectional) has been applied for baseline wander correction. Likewise,
high frequency noise has been removed using a 5TH order Butterworth low-pass filter (40Hz, bidirectional).
Cut-off frequencies were selected according current standards in this kind of algorithm [15,16].

2.3. Dynamic biomarkers

The ECG is a measure of the projection on the chest of all the action potentials of the heart. The potential
of cardiac cells is determined by the concentrations of ions(Na+, K+, Ca2+, Cl−) on either side of the
membrane. Ions require aqueous channels to move across cellmembranes at specific times during cardiac
cycle. These movements produce currents that define the basis of the cardiac action potential.

Antiarrhythmic drugs act on these channels in order to prolong refractory period or reduce reentry cir-
cuits. It has been shown that the measure of JTp interval (time between J point and the peak of the T-wave)
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can distinguish QT prolonging drugs that mainly blockIKr currents from those affecting multiple channels
[17]. In addition, the relationship between Tpe (time between peak and end of the T-wave) and ventricular
heterogeneity has been extensively studied [18,8,19].

In this sense, we observe that all these biomarkers evaluateonly durations, overlooking all the spatial
information contained in the dynamics of the cardiac electrical vector. Drug supply involves ion channels
blockage causing conductivity alterations that consequently alter the velocity and magnitude of the vector
during both the QRS complex and the T-wave. Also, considering current biomarkers JTp, Tpe and QT, it is
clear that the halves of the T-wave reflect differences between class III drugs (blockage of potassium cur-
rents) and miscellaneous drugs. For this reason, we proposenew biomarkers based on the dynamics of the
cardiac electrical vector during the QRS complex, the T-wave and during the first half (early repolarization,
ER) and the second half (late repolarization, LR) of the latter. These biomarkers are studied in the stage
prior to drug supply and in the peak concentration of sotalol.

2.3.1. Velocities and magnitude vector
Using the Kors transformation, XYZ signals of vectorcardiogram have been obtained. The three dimen-

sional movement of the tip of cardiac vector, computed from these signals, is described through the radius
and the linear and angular velocities. The radius is merely the 2-norm of XYZ vectors, ie a nTH point
Pn(x, y, z) of a beat, considering a given sampling frequencyFs, has a radius defined by‖Pn‖2. On the
other hand, while linear velocity can be computed by direct differenciation of the prior vectors (Eq. 1), the
angular velocity is quite hard to be computed.

vn = (Pn+1(x, y, z)− Pn(x, y, z)) · Fs (1)

We have previously shown that by means of a quaternion transformation of 3D-space it is possible to
obtain the expression of the instantaneous angular velocity of the cardiac electrical vector [9]. Quaternions
are hypercomplex numbers that constitute a non-commutative field. They are very useful in the study of
rotations and it has been shown that they are very efficient interms of uncertainty propagation and comput-
ing time by comparison with traditional methods such as Euler matrices [20]. Every quaternion (Eq. 2) has
a real part (associated with an amount of rotation) and threeimaginary parts (associated with the rotation
axis) that satisfy the Hamilton rule (i2 = j2 = k2 = ijk = −1).

qn = a1 + a2i + a3j + a4k , a1...4 ∈ R (2)

Similarly, qn can be written in terms of a rotation angleα from a XYZ pointPn to its consecutive point
Pn+1:

qn = cos
(α

2

)

+ u.sin
(α

2

)

(3)

whereu represents the rotation axis. Both trigonometric functions are easily obtained from dot and cross
products betweenPn andPn+1.

Then, if we take every point of XYZ signals, we have a sequenceof quaternions and thereby we can
compute the instantaneous angular velocity by solving the Poisson (Eq. 4) equation [21]. Quaternion inverse
can be expressed in terms of its conjugate and its norm:q−1 = q/‖q‖2.

q̇n =
1

2
.ωn.qn → wn = (qn+1 − qn) · Fs · q̄n

‖qn‖
2

(4)

2.3.2. Spatial features
For the two velocities and the magnitude vector (ω, v andE) the maxima and areas are computed. As

explained previously, this procedure is performed for the QRS complex, for the T-wave, and for the two
halves of the latter: early and late repolarization. An explanatory graph is shown in Figure 1. Herein, 3-D
velocity signals are obtained from a T-wave loop and from these, the maxima and area indices. Superscript
indicates the corresponding wave (QRS, T, ER, LR) and the subscript indicates the signal (E, ω andv). The
maxima are computed as,
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Figure 1. Description of spatial biomarkers. Magnitude vector (E), angular (ω) and linear (v) velocities are obtained from XYZ signals
using a quaternion method. From these, some of the area and maxima indices are shown. Superscript indicates the corresponding wave
(QRS, T, ER, LR) and the subscript indicates the signal.

Mb
S = max(‖Sb‖2) (5)

where S is the signalE, ω or v, and b is the wave QRS, T, ER or LR. On the other hand, the areas are
obtained as,

Ab
Si

=
‖Si

b‖1
‖(‖Sb‖2)‖1

, i = x, y, z (6)

It is important to mention that in order to make valid comparisons, the areas have been normalized. The
energy of the projection of a vector wave on each axis is obtained as a relationship with the total energy of
the vector. Also, for the early and late repolarization waves, their energy is normalized by the total energy
of the T-wave. Finally, the area of the QRS complex is normalized by the maximum amplitude.

Additionally, the QT interval is obtained with the aim of comparing with the current standard. The QRS
complex onset to T-wave end (QT) interval, quantifies the full time of depolarization and repolarization
of ventricles and it is currently the major ECG marker used for decision on drug cardiotoxicity [5]. It is
computed as Eq. 7, where the interval is corrected with RR interval (the cardiac cycle).

QTc = (TEND −QRSON)/
√
RR (7)

On the other hand, using the maxima obtained in the angular velocity of both T and QRS vectors, we
determine an alternative computation of this time. We have called it “QTω” and it is computed as Eq. 8,
also corrected with RR interval. This cardiomarker improves the sensitivity of QT interval measurement,
since it does not depend on the T-wave end point.

QTω =
(LASTmax(‖ωn‖2)T − FIRSTmax(‖ωn‖2)Q)√

RR
(8)
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2.3.3. PCA features
Principal Component Analysis (PCA) is a widely used technique in ECG and VCG studies [22]. This

technique usually seeks to obtain a triad of orthogonal axesthat lie along the direction of maximum vari-
ation in the data. This is useful for assessing spatial dispersion alterations and in some cases reducing
dimensions with redundant information. In this case, the blocking of the ion channels produces morpho-
logical alterations in the dynamics of the currents, which we seek to capture with the linear and angular
velocities, and the magnitude of the cardiac electrical vector. Since these signals are three-dimensional,
the aim of applying PCA is based on the possibility of studying dispersion that arises in the signals when
supplying the drug.

In this work, we apply PCA through a singular value decomposition [22]. We hypothesize that the in-
crease in velocity dispersion should involve an increase inthe energy of the second eigenvalue as a balancing
response to the decrease in the first. We denote the eigenvalues asλ1 ≥ λ2 ≥ λ3 and the sum of these three
quantify the total energy of the corresponding signal (ω, v, E). Then, we define the fraction of energy that
each principal component represents as:

λiS =
λi

∑3

j=1
λj

· 100 , i = 1, 2, 3 (9)

where S is the corresponding signal (ω, v, E).

2.4. Population analysis

We seek to differentiate two populations: subjects withouthistory of TdP (−TdP ) and patients with
documented TdP in the context of a drug with QT-prolonging potential (+TdP ). In consequence, we have
analyzed three instances using the biomarkers described above. The first represents the baseline-value of the
features before the drug supply (baseline dataset); the second represents the value of the features during
the peak concentration of blood sotalol (sotalol-peak dataset); and the third represents the induced changes
in the features computed as the differences between the previous two instances (drug-effect dataset). The
latter represents the most important part of this study because it provides information about changes in
ventricular depolarization and repolarization caused by sotalol supply.

Since we have a large number of features which may be potential candidates for becoming part of a
classifier, first we need to select the more representative ones. Then, we can try to use a linear classifier
combining some of them. However, if it is not possible to reach the classification objective with a straight
line, more complex methods should be used. We applied the following procedure.

(1) A statistical significance study is carried out using a two-sided Wilcoxon signed rank test for the three
datasets. If a certain parameter reaches a valuep < 0.05 there are significant differences between−TdP
and+TdP populations.

(2) Additionally, for drug-effect dataset, a single-column sign test is computed in order to evaluate
significant drug effects in each group.

(3) By means of a combination of the significant features, a linear classifier is sought that allows the
separation of+TdP and−TdP populations with the best possible accuracy.

(4) If the accuracy is less than90% we apply various methods of attribute selection for lookingcandidates
for non-linear classifiers. Attribute or feature selectionis an effective way to reduce high dimensionality of
problems in machine learning which can further reduce computation time, improve learning accuracy, and
facilitate a better understanding of learning [23]. We utilized 13 methods implemented in Weka [24], some
of which can be evaluated in two ways: as a full training set and as a 10 fold cross-validation and the others
evaluated only one way. Then, 19 attribute rankings were obtained. From each ranking we selected 10 best
ranked attributes and we counted how many times each attribute was ranked as first, as second, and so on.
We assigned 10 points to each attribute for each ranking as first, 9 points for each ranking as second and
so on to 1 point for each 10 placement. If an attribute within acertain ranking was not among 10 best no
points were assigned. Finally, we counted all points for each attribute and determine final ranks forbaseline,
sotalol-peak anddrug-effect datasets.
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(5) Finally, we performed non-linear classifications usingthe best classifier considering separately every
attribute among the 10 best from step 1 and also all combinations of the highest three ranked attributes. The
best classifier is selected applying the Auto-Weka mechanism which treats many of the of Weka classifica-
tion algorithms as a single, highly parametric machine learning framework, and using Bayesian optimization
to find a strong instantiation for a given dataset [25].

3. Results

The dynamic study of the cardiac electrical vector has been carried out by analyzing its radius and the
linear and angular velocities. Additionally, the relativeareas and maximums of each signal has been studied
along with the energies of the loops obtained by PCA. Finally, this task has been done for the T-wave loop
as well as for each of its halves, which were identified as early and late repolarization. The loop of the QRS
complex has also been studied from its areas and absolute maxima. This resulted in a total of 43 dynamic
features which can be candidates for use in a classifier of−TdP and+TdP populations. TheQTc standard
has been computed too and an alternative indexQTω has been proposed for computation from the maxima
angular velocities of the T-wave and QRS complex loops. Bothwere corrected by the Bazzet formula as
well as the classicTpe index.

We have done the assessment of the indices in the ECG data coming from the instance prior to the drug
supply (Baseline dataset) and during the peak concentration of blood sotalol(Sotalol dataset). Also, we
have studied the sotalol-induced changes in the indices (Drug-effects dataset). The results observed in the
statistical analysis (see Sec. 2.4) are shown in Table 2. Herein, we show two tests. The first is the cross
Wilcoxon test between+TdP and−TdP . A p < 0.05 indicates significant differences and the mean and
standard deviation of the index in each population appear bolded. The second test evaluates if the data in
the index come from a distribution whose median is zero or not. A significant levelp < 0.05 implies that
the induced effect of the drug increases or decreases the index values.

We have observed that in baseline dataset only three indicesshown significant differences. TheQTω

index includes both depolarization and repolarization times; however, parametersAT
ωx andAER

Ex suggest
that differences occur in the T-wave, particularly in earlyrepolarization. Since these alterations are found
prior to conducting the study, they may be useful for finding signs of latent repolarization abnormalities.

Regarding the indices during the peak concentration of blood sotalol,QTω andQTc shown significant
differences between+TdP and−TdP . Additionally, significant alterations appeared in the angular veloc-
ity indices during the early repolarization phase. The changes of the main componentsλ1

ER
ω andλ3

ER
ω

suggest an increase in the roundness of the angular velocityloop in at-risk patients, which is accompanied
by a reduction in the maximum of the early repolarization vectorMER

ω . This may be linked to drug-induced
alterations in the conductivity of myocardial tissue by blockingK+ ion channels.

Significant sotalol-induced changes are shown in the Drug-effect column of the Table 2. Here, changes
has been detected in bothQTω andQTc. However, onlyQTω shows significance in the discrimination
between+TdP and−TdP groups. Moreover, several dynamic features shown differential effects both in
the T-wave and in the QRS complex. These indices are promising features for classification.

In the next step, considering the attribute candidates fromTable 3, we have studied the possible linear
classifications in the three datasets in order to differentiate the at-risk patients. High accuracy has been
achieved only for Drug-effect data. The result is shown in Fig. 2. As can be seen, a pair sensitivity/specificity
of 100%/100% is achieved with a simple linear division.

Continuing with the procedure, we have then address a different approach from the statistical study by
assessing several attribute selection methods as it was explained above. This gives possibility of evaluate
from a different perspective the significance of the features and so to extend the results in order to obtain
highly sensitive biomarkers in the datasets where no linearclassifier could be found. The results of the best
ten candidates in each instance is shown in the Table 3a. Also, the indices obtained from early repolariza-
tion signal (first half of the T-wave) were best qualified thanthose from late repolarization (second half)
excepting theALR

ωy index.
Finally, with these results we then applied the mechanisms described in Section 2.4 in order to find an

optimal classification. Considering the best candidates from Table 3a we have tested classification perfor-
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Index
Baseline Sotalol-peak Drug-effect

+TdP −TdP +TdP −TdP +TdP −TdP

QTω 432.8± 27.4 410.8± 18.8 498.1± 31.5 453.9± 44.2 ‡ 65.4± 20.6 ‡ 43.0± 31.5

AT
ωx 53.7± 17.3 42.2± 15.6 - - - -

AER
Ex

56.9± 15.2 68.1± 13.3 - - - -

λ2
ER
ω - - 10.8± 12.4 2.5± 4.0 ∗ 4.4± 10.4 −1.6± 8.3

MER
ω - - 3.9± 10.1 16.5± 26.6 - -

A
QRS

E
- - 46.1± 4.5 44.9± 11.2 ∗ 2.2± 2.8 ∗ 1.3± 2.2

λ1
ER
ω - - 87.2± 13.3 96.8± 4.7 ∗ −5.3± 11.7 1.5± 9.2

λ3
ER
ω - - 1.9± 1.7 0.7± 0.9 - -

QTc - - 536.6± 29.0 501.2± 48.2 ‡ 55.7± 16.7 ∗ 37.4 ± 45.6

AT
ωy - - - - ∗ −15.6± 28.6 6.5± 12.3

AT
ωz - - - - † 16.6± 19.1 −5.6± 21.8

AER
ωy - - - - −3.6± 20.9 9.1± 21.7

ALR
ωy - - - - −15.7± 28.7 2.3± 8.3

M
QRS

E
- - - - † −59.2± 64.7 ∗ 24.2± 34.1

M
QRS
v - - - - * −2.07± 25.5 0.13± 30.2

Tpe - - - - ∗ 15.5± 35.1 ∗ 13.5 ± 32.6

MT
v - - - - † −3.11± 6.59 −0.96± 3.91

MT
ω - - - - −9.0± 30.4 ∗ 18.2 ± 35.6

λ1
T
ω - - - - 1.7± 17.1 ∗ 4.2± 8.3

λ2
T
ω - - - - −1.9± 16.2 ∗ −4.2± 6.7

AER
E

- - - - −0.6± 8.9 ∗ −2.3± 5.3

AER
Ez

- - - - −0.5± 15.6 ∗ 5.8± 9.1

ALR
E

- - - - −0.5± 9.0 ∗ 2.3± 5.4

Table 2
Features with statistical significance in either of the two tests. (1) Cross test between+TdP and−TdP (bolded). (2) Single test for
drug-effect dataset:‡ for p < 0.0005, † for p < 0.005 and∗ for p < 0.05.

mance of each one and different combinations as well as different classifiers. As expected, a variety of
combinations were obtained for each instance. In Table 3b, we show the results of the best positioned clas-
sifier, AdaBoost M1, which reached 100% accuracy in Baselinedata (combiningMER

ω , AER
ωy andAER

ωx )
and 91% accuracy in Sotalol-peak data (combiningMER

ω andAER
Ex ). AdaBoost M1 is a boosting algorithm

used to improve the performance of decision trees on binary classification problems [25]. Here it can be
seen that althoughQTω is the best positioned in the attribute selection step, the combination of the second
and the third achieves better accuracy.

4. Discussion

It becomes clear that ion channels blocking in the membrane of myocytes modifies the global conduction
of the heart and thus the cardiac electrical gradient. In hearts with a certain risk substrate it is possible that
the alterations of this gradient are modified differently toa healthy heart. In this sense, we proposed a study
of the dynamics of the cardiac electrical vector in order to detect the latent depolarization and repolarization
abnormalities that differentiate at-risk patients from subjects without a cardiac history. These abnormalities
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Figure 2. Territorial map showing both groups in drug-effect dataset bounded by dotted line. Centroids are marked alongwith a
standard deviation ellipse. Unfilled circles indicate at-risk patients (+TdP ) and filled ones indicate subjects without history of Torsade
de Pointes (−TdP ). Herein, classification using four indices achieves an accuracy of 100%

could be associated to arrhythmogenic factors, particularly, risk of TdP.
Because of his high sensitivity, theQTc interval is currently the major index used in decision of drug-

induced TdP risk. However, its low specificity is still inadequate. Alternatively, we proposed to use a quater-
nion method [9] to obtain a different biomarker associated with the angular velocity maxima, so-calledQTω,
which measures the same time interval thanQTc. Since this measurement is independent of the waves onset
and offset, the accuracy would increase. Its effectivenesscan be seen in Table 2, whereQTω shows signifi-
cant differences between+TdP and−TdP groups in the three instances whileQTc only in Sotalol-peak
dataset. On the other hand, althoughQTc andQTω could be of great help in the task of making a deci-
sion on drug-induced TdP risk, both of them show drug-induced changes at−TdP and+TdP , as it can
be noted in Table 2. This suggests the need to use alternativeparameters that evaluate dispersion changes
beyond temporal phenomena as it was highlighted previously[2].

In this sense, we shown a set of indices extracted from the dynamics of the cardiac electrical vector,
particularly associated with the radius and the linear and angular velocities. Table 2 provides a variety of
features with significant drug-induced changes and high statistical significance between−TdP and+TdP .
TheBaseline features of+TdP patients have shown more extendedQTω. The three features which shown
significant differences between the two groups suggest thatthere are latent abnormalities hidden in the early
repolarization phase. Also, inSotalol-peak dataset,+TdP subjects show even more prolongedQTω as it
was expected considering the Class III effects of Sotalol. Furthermore, most of the features are linked to
first half of the T-wave and no significance is found in late repolarization phase. These results are consistent
with [4]. Furthermore, the features associated with the linear velocity were only found inDrug-effect
dataset. These results agree with a recent study that suggests that linear T-wave velocity may be useful in
discrimination of cardiac drug effects [26]. However, we found greater sensitivity in the features obtained
from the angular velocity. In this latter dataset, it was possible to separate+TdP from −TdP population
with a linear classifier achieving 100% accuracy (see Fig. 2).

Regarding classification inBaseline andSotalol-peak datasets, more complex algorithms were needed
to explore some solutions to at-risk patients separation task. Table 3a shows that many features are better
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(a)

Rank
Baseline Sotalol-peak

Feature Points Feature Points

1 MER
ω 93 QTω 136

2 AER
ωy 72 MER

ω 108

3 AER
ωx 64 AER

Ex
79

4 AER
ωz 58 λ1

ER
ω 71

5 AT
ωx 54 A

QRS

E
66

6 QTω 53 QTc 58

7 QTc 44 AER
ωx 46

8 λ1
ER
ω 36 λ3

ER
ω 43

9 AT
ωz 32 λ3

LR
ω 40

10 AER
ω 24 AER

ωy 36

(b)

Instance Feature Acc RMSE

Baseline

MER
ω

100% 0.0684AER
ωy

AER
ωx

Sotalol-peak
MER

ω
92% 0.2804

AER
Ex

Table 3
(a) Feature ranking obtained from the algorithm that considers the score of 19 attribute selection methods. (b) Best combination
obtained for the best classifier selected: AdaboostM1.

positioned thanQTc. Herein, PCA biomarkers shown high accuracy and also for both instances the early
repolarization biomarkers seem to be more efficient. In fact, only with the combination of features of the
first half of the T-wave, very high accuracy values were achieved. It is important to highlight that these
models trained to classify the combinations of the featuresare not linear, so we can not define a simple
linear split between the+TdP and−TdP populations unlike the case ofDrug-effect dataset.

It should be noted that we have exploited the potential of a three-dimensional study of the cardiac elec-
trical vector. Consequently, this work requires the use of VCG signals. Despite all the advantages of VCG
that are nowadays known [27], it is not so widely used in clinical practice unlike ECG which is the most
common method for initial cardiac diagnosis. On the other hand, there are several possible ways to recon-
struct this orthogonal system from ECG leads. One of these isthe Kors regression transformation, which
is used herein and that it is being extensively used in many others ongoing lines of research, including
myocardial infarction diagnosis [28], hypertrophy [29] and ischaemic heart diseases [9,30]. Furthermore,
the Kors matrix is the one with the best accuracy compared to alternative methods [27]. Holter studies are
also turning to three-dimensional perspectives through the use of the EASI lead system [31]. This 5-lead
configuration provides a three-dimensional portrayal of the electrical activity of heart, rather than inde-
pendent channels of unipolar and bipolar energy. Transferring these ideas to the everyday clinical practice
could offer substantial improvements in the detection of patients with a predisposition to TdP. Likewise, for
the pharmaceutical industry, it would represent a promising proposal to replace current regulatory indices,
which have insufficient specificity.

Finally, this study provides relevant information regarding the features that are affected by the drug
supply and which explain the latent abnormalities in patients with torsadogenic risk. Although these results
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are highly promising, these outcomes should be evaluated inthe future with more patients and with drugs
that block different ion channels.

5. Conclusion

Through an in-depth study of the dynamics of the cardiac electrical vector during a sotalol challenge,
alternative biomarkers were obtained that were able to describe pre-existing risk of patients with a history
of Torsade de Pointes. By means of a suitable combination of these ones a sensitivity/specificity pair of
100%/100% was reached inDrug-effect dataset using a simple linear classifier. These results could con-
tribute to a better understanding of the torsadogenic substrate and to the safe development of drug therapies.
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