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1.1 Background

The congenital long-QT syndrome (LQTS) is an inherited cardiac syndrome in which ventricular
repolarisation is altered due to genetic mutations in genes encoding ion channels involved in the
repolarization phase of the action potential. Nowadays, mutations in at least 16 genes have been found
in patients with congenital LQTS'. The most common LQTS genes (KCNQ1, KCNH2 and SCN5A) account
for the vast majority of all LQTS genotype-positive cases??. Mutations in the KCNQ1 and KCNH2 genes
can lead to an altered K* current whereas mutations in the SCN5A gene can lead to an increased Na*
inward current. Both lead to a prolonged action potential duration which is typically characterized by an
increased QT-interval and/or an abnormal T-wave morphology on the electrocardiogram (ECG).

Diagnosing LQTS as soon as possible is crucial since 26% of untreated symptomatic LQTS patients will
have a lethal cardiac event within three years*. If recognized and treated early enough, mortality rate
drops to approximately 1% over a 15-year follow-up®. Since LQTS is an inherited syndrome, genetic
testing for known LQTS mutations might sound as the preferred diagnostic tool, however approximately
20% of clinically diagnosed LQTS patients remain genetically elusive?. Furthermore, the known pathogenic
variants seem to have a reduced penetrance and therefore do not always lead to symptoms and/or a
prolonged QT-interval®’. Since LQTS owes its name to a prolonged QT-interval, it seems obvious to
diagnose LQTS based on the QT-interval. However, diagnosing LQTS solely based on the QT-interval,
even if corrected for heart rate (QTc), comes with serious limitations.

First of all, most physicians seem to be unable to identify a prolonged QT-interval when they encounter
ones. Reasons for this could be erroneous QT-interval measurements, incorrect QTc calculations or
the use of wrong QTc thresholds. Thereafter, two often used methods to manually assess the QT-
interval (the threshold and the tangent method) lead to significantly different QT-intervals and resultin a
different sensitivity and specificity®. Thresholds should therefore differ for the used method. An accurate
computer algorithm which determines the QT-interval would be a solution for the measurement
problems and can put an end to the method-specific thresholds if the same algorithm is used world-
wide. Unfortunately, the accuracy of the existing algorithms is doubted by worldwide LQTS experts'®.

Secondly, the considerable overlap in QTc obtained from standard resting ECGs between affected and
unaffected individuals' hampers screening for LQTS based on standard ECGs. Therefore, instead of
studying QTc at rest, provocative tests have been introduced to study the capability of the QT-interval
to adjust to changes in heart rate accomplished by epinephrine’?'3, exercise' ' or brisk standing'®-'¢.
Though these studies report improved diagnosis of LQTS, the suspicion for LQTS has to be raised before
these tests will be used.

Finally, the QT-interval is effected by age, gender and hormones making it unstable over time™. LQTS
patients can show a prolonged QT-interval on one ECG and a normal on a repeated ECG?. Considering
all limitations mentioned above, Diagnosing Long-QT Syndrome: Simple but not so Easy.

1.2 General Aim

In this thesis, we aim to improve the diagnosis of congenital LQTS based on computational analysis of
the ECG. We hypothesize that the ECG contains more diagnostic information regarding LQTS than is
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used in clinical practice. Therefore, we developed, analyzed and applied various algorithms which might
improve the diagnosis of LQTS.

1.3 Outline of Thesis

To solve the problems with measuring the QT-interval, we introduce a fully automatic algorithm to
measure QT-intervals in Chapter 2 of this thesis. The algorithm is based on the tangent method to
measure the end of the T-wave?'. Apart from a detailed description, the algorithm is validated by a direct
comparison of QT-intervals measured by the algorithm and as measured by three observers.

Other genetic factors distinct from the LQTS mutation can influence the expression of the LQTS
mutation??4. Genetic testing of relatives in family screening only test for known LQTS mutations. A
genotype-negative family member can therefore still have an altered repolarization caused by other
mutations. Several studies used genotype-negative family members as controls whereas others use
healthy subjects as controls. Whether the definition of the control group influences the results of these
studies is unknown. Therefore, in Chapter 3 we investigate whether genotype-negative family members
have a prolonged QTc with respect to healthy controls.

In Chapter 4 we applied the automatic algorithm described in Chapter 2 to ECGs recorded during
supine-standing tests to study the dynamic behaviour of the QTc and QT-interval in LQTS patients and
genotype-negative family members. The so far promising results of the supine-standing test rely on
manually assessed QT-intervals of several predefined complexes'®'8. In this chapter we examine the
diagnostic value of the QT-intervals of these complexes as well as the dynamic behaviour of the QTc
and QT-intervals of all complexes in adult LQTS patients and controls. We furthermore investigate sex-
differences in the response to the supine-standing test.

Since children not only have a higher heart rate at rest but also have a more pronounced reflex
tachycardia®, the promising results of the supine-standing tests in adults can't be extrapolated to a
paediatric cohort. Therefore, in Chapter 5 we study the usefulness of the supine-standing test in a
paediatric cohort of healthy children and children with LQTS. Since this is the first supine-standing test
study on a paediatric cohort including LQTS patients, we also study the reproducibility of the test on this
cohort.

Apart from the prolonged QT-interval, altered T-wave morphologies have also been recognized in
LQTS patients?*?’. In Chapter 6 and Chapter 7 we study whether the T-wave in a standard 10-second
resting ECG can aid in the diagnosis of LQTS. In Chapter 6 we use various known T-wave morphology
parameters and combine these in a support vector machine model to improve LQTS diagnosis. In
Chapter 7 we introduce a new polynomial-based method to characterize the T-wave morphology and
study the additional value of this characterization in the diagnosis of LQTS.

A prolonged QT-interval is not only seen in LQTS patients. Other pathologies (e.g. ischemia, ionic
imbalance) or treatments (e.g. drug-induced LQTS) can also lead to a prolonged QT-interval. Acquired
prolonged QT-intervals are also associated with ventricular arrhythmias and therefore also need to be
diagnosed as soon as possible. In Chapter 8 and Chapter 9, we study two interventions that might
lead to a prolonged QT-interval. In Chapter 8 we study the effects of pulmonary vein isolation on the

General introduction | 11

QT-interval. As a consequence of a collateral damage occurring during isolation of the pulmonary veins,
ganglionated plexi located outside of the left atrium may be modulated?. Recent studies have shown
that this might also affect ventricular electrophysiology?3°. For example, an experimental study in canine
hearts showed that the ventricular action potential duration significantly increased after ablating the
ganglionated plexi. Therefore, in Chapter 8 we study whether the QT-interval (i.e. the ventricular action
potential duration) prolongs as a consequence of pulmonary vein isolation. In Chapter 9 we study
the effect of various calcium concentrations in dialysate on the QT-interval. Calcium is an important
electrolyte in the repolarization of cardiac myocytes. Different calcium concentrations in dialysates might
therefore affect the ventricular repolarization and lead to a prolonged QT-interval.

In the final chapter of this thesis, Chapter 10, the findings of the various chapters are put into broader
perspective in a general discussion.
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CHAPTER 2
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AN EASY TO USE AUTOMATIC QT-INTERVAL
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Wilde, Laurent Pison, Pieter G. Postema, Tammo Delhaas
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Abstract

Background

To evaluate QT-interval dynamics in patients and in drug safety analysis, beat-to-beat QT-interval
measurements are increasingly used. However, interobserver differences, aberrant T-wave
morphologies and changes in heart axis might hamper accurate QT-interval measurements.

Objective
To develop and validate a QT-interval algorithm robust to heart axis orientation and T-wave
morphology that can be applied on a beat-to-beat basis.

Methods

Additionally to standard ECG leads, the root mean square (ECG,),
vectorcardiogram were used. QRS-onset was defined from the ECG,,,.. T-wave end was defined per
individual lead and scalar ECG using an automated tangent method. A median of all T-wave ends
was used as the general T-wave end per beat.

standard deviation and

Supine-standing tests of 73 patients with Long-QT syndrome (LQTS) and 54 controls were used
because they have wide ranges of RR and QT-intervals as well as changes in T-wave morphology and
heart axis orientation. For each subject, QT-intervals in three random complexes chosen from the
low, middle and high RR range, were compared with manually measurements by three observers.

Results

After visual inspection of the randomly selected complexes, 21 complexes were excluded because
of evident noise, too flat T-waves or premature ventricular beats. Bland-Altman analyses of
automatically and manually determined QT-intervals showed a bias of <4ms and limits of agreement
of £25ms. Intra-class coefficient indicated excellent agreement (>0.9) between the algorithm and the
observers.

Conclusion
Our automated algorithm provides reliable beat-to-beat QT-interval assessment, robust to heart
axis and T-wave morphology.

Automatic QT-interval algorithm | 17

2.1 Introduction

Prolongation of the QT-interval on the electrocardiogram (ECG) has been associated with Torsade de
Pointes, a potentially lethal cardiac arrhythmia'2. A prolonged QT-interval can be caused by Long-QT
syndrome (LQTS), which can be either inherited or acquired due to an underlying medical condition or
medication?. The measurement of the QT-interval is used world-wide on a daily basis in the diagnosis of
LQTS or in the evaluation of possible effects of a new drug on the QT-interval®.

Although the value of a prolonged QT-interval for risk assessment of future malignant arrhythmias
is widely understood’, most physicians, including cardiologists, have difficulties to correctly identify a
prolonged QT-interval®. Additionally to measurement difficulties, diagnosing LQTS is challenging since
there is a considerable overlap of the QT-interval between LQTS patients and healthy controls.>® Because
of this overlap in QT-intervals, additional measurements like QT dispersion’® and QT variability’ were
introduced and assessed on their value to diagnose LQTS. Because these relatively new parameters
are used to study QT dynamics, they require evaluation of large numbers of RR- and QT-intervals. QT
variability, for example, is typically determined from 256-512 beats or 256-512 seconds duration ECG°.
Furthermore, supine-standing tests are introduced to study QT-interval adaptation'®" and changes in
T-wave morphologies' due to heart rate changes induced by brisk standing. In these tests, QT-interval
dynamics are assessed based on a small number of QT-intervals'®'". Beat-to-beat analysis of supine-
standing tests might give more insight in the dynamic behaviour of the QT-interval and therefore
improve its diagnostic value. Measuring these large numbers of RR- and QT-intervals manually is very
time consuming and therefore automated QT-interval algorithms are necessary.

Currently, automatic algorithms for measuring the QT-interval embedded in commercial ECG systems
measure the QT-interval on an average or median complex over time (cf. Appendix Kligfield et al.”3). As
a consequence, beat-to-beat detection algorithms which include the QT-interval dynamicity have been
published, but often use only a single ECG lead (mostly Il or V5), which makes the QT-interval susceptible
to heart axis orientation and electrode placement'. In this article we present and validate an automatic
QT-interval algorithm based on the tangent method' which is unaffected by heart axis orientation and
that can be applied on a beat-to-beat basis regardless of the T-wave morphology.

2.2 Methods

2.2.1 Population and ECG recordings

Five minutes long ECGs from supine-standing tests recorded between December 2008 and February
2016 of 73 LQTS patients and 54 controls were included in this study. These recordings were performed
in the initial evaluation of individuals referred to the department of Cardiology and Cardiogenetics of the
Academic Medical Centre in Amsterdam, The Netherlands, in the work-up during family screening for
LQTS (i.e. after a diagnosis was made in an index patient). LQTS patients had a confirmed pathogenic
mutation in either the KCNQ1, KCNH2 or SCN5A gene resulting in LQTS type 1 (LQT1), type 2 (LQT2) or
type 3 (LQT3) respectively. Controls were genotype-negative family members or healthy volunteers. We
obtained a waiver from the local ethical committee for ethical approval for the conduct of this study.
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/Data acquisition\ Figure 2-1 Schematic representation the algorithm'’s steps. A detailed description is given in the
main text. Fs = sample frequency, Hz = hertz, lIR= infinite impulse response, FFT = fast Fourier transform,
/ W |VCG| = magnitude of the vectorcardiogram, SD = standard deviation, RMS = root mean square, SecDer

0[25 = second derivative, T, =T wave end.

~2min ~3min

12 lead ECG ECG recordings during supine-standing tests were used to validate the algorithm since these recordings
\_ Fs=600Hz J consist of a wide range of RR- and QT-intervals as well as changes in T-wave morphology and heart axis
orientation'®"2,
Y
é : ) 2.2.2 Development of an automatic QT-interval detection algorithm
Pre-processing £ P Q g
2nd order Butterworth 2nd order IR notch filter D N d .
Bandpass 0.5-150Hz 50Hz -3dB bandwith: 0.33Hz ata acquisition and pre-processing
All individual (pre-)processing steps of the algorithm are shown in Figure 2-1. All ECGs were recorded
Baselilne deyiation remO\_/aI Upsampling tol1 kHz with a 600Hz sample frequency using Welch Allyn CardioPerfect (Welch Allyn, Skaneateles Falls, NY, USA).
Ba?.el'ne: residual after median 1D FFT interpolation Data analysis was performed offline using a custom-made Matlab (2015b, The MathWorks, Natick, MA,
ilter (window: 501 samples)
\_ Y, USA) program. After acquisition, ECG data were filtered using a 2nd order bidirectional Butterworth
, ) 6 e . , )
12 lead ECG 12 lead ECG band pass filter (0.5-100Hz'®) and a 2nd order infinite impulse response notch filter (50Hz) with a -3dB
Y bandwidth of 0.33Hz. For all individual leads, the residuals of a median filter with a 501 samples window

were regarded as baseline deviations and were subtracted from the individual ECG leads to correct for
baseline wander. The filtered ECGs were thereafter upsampled to 1000Hz to make the analysis sample
frequency independent so it can be applied to ECGs recorded with different sample frequencies as well.

Scalar ECG construction

See supplementary materials for equations

[VCG| ECGg, ECG.ys
[VCG| Scalar ECG construction
ECGg, ECGrus Three types of scalar ECGs are constructed to emulate ECG signals unaffected by heart axis orientation.
ECGrys A4

The root mean square (ECG and standard deviation (ECG,) are calculated as follows:

RMS)

Rpeaks | R peak detection
Pan Tompkins algorithm 18
ECG,,¢ ECGrums(t) = ) Z ECGZ(1) (1)
R peaks =1

QRS onset detection Lo
Peak of SecDer of ECGg,, ECGsp(t) = \j 9 (ECG,(t) — ECG(1))® 2)
Global QRS onset = o
where ECG,(t) is the ECG signal at time ¢ from lead ¢ and ECG(¢) is the mean ECG in time over the various
Y y v leads. Note that there are only nine leads used in this calculation. Ideally, one would use unipolar
Local Tend detection precordial leads and unipolar limb leads to reconstruct a scalar ECG from. Unfortunately, true unipolar
Automated tangent approach limb leads are not recorded (or saved) in a standard 12-lead ECG. Mathematically, augmented limb leads
¢Loca| Tow v are scaled true unipolar ECG leads. For example, the unipolar foot electrode (VF) would be calculated by:

H Remainin
Remove outliers |, pygreeINe}) ] VE oo bEO O 20 -0 -0 @)
outlier: deviation 2 2 SD from median T_, local T, en TR P = T 3 n 3

with @, ®_and @, the potential recorded at the foot, right arm and left arm respectively and ®_ the
Wilson central terminal.

¢ Remaining local T_ v

Global T_ RN G|obal QT

median from local T_

d
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The augmented limb lead aVF is calculated by:

(Dr+q)1 o 2@1‘7@1‘7@] (4)
2 2

aVF = &p —
So, VF can be calculated from aVF by scaling aVF with 2/3.

9 (2B~ @, —®) 20— D, — ©)

3 2 3

We used these calculated unipolar limb leads (2/3 aVR, 2/3 aVL, 2/3 aVF) and the unipolar precordial
leads (V1-V6) to construct the ECG,,,. and ECG,.

Lastly, a vectorcardiogram (VCG) was constructed using the method described by Kors et al."” The
magnitude of this VCG (] VCG|) was used as the third scalar ECG.

R peak and QRS onset detection

R peaks were detected from the ECG,, . signal using the Pan Tompkins algorithm'®. The largest peak in
the second derivative of ECG,, . (calculated using a simple numerical differentiation) within a window
of 100 to 20 milliseconds (ms) preceding the R peak was regarded to indicate the onset of the QRS

complex, see Figure 2-2.

T-wave landmarks

The peak of the T-wave (Tpeak) and the end of the T-wave (T_ ) are estimated for every individual ECG lead
as well as for the constructed scalar ECG signals. T-wave landmarks obtained from individual scalar ECG
signals or ECG leads are called local T-wave landmarks. Since individual ECG leads are affected by heart
axis orientation and scalar ECGs may blur information which is only present in one or two individual
ECG leads, local T-wave landmarks are determined from both the individual ECG leads and the scalar
ECGs. These effects are minimized by determining one global T-wave landmark from the local T-wave
landmarks obtained from ECG leads and scalar ECGs. To detect the local T-wave landmarks, all individual
ECG leads and the scalar ECG signals were smoothed using a 2nd order Savitzky Golay filter with a 50ms
window. First, the local peak of the T-wave (local Tpeak) was detected as the maximum or minimum peak
between the preceding R peak +50ms and the preceding R peak +70% RR of the smoothed signal (see
Figure 2-2). Second, the slope of the maximum deflection between local T andlocal T, +30% RR
was calculated. A tangent through the point with the maximal slope in the final limb of the T-wave was
estimated using a simple numerical differentiation within a ten ms window (dVdt(t)=(V(t+5)-V(t-5))/10).
The intersection of this tangent and the baseline was used to detect the local end of the T-wave (local
T..o- The baseline was defined as the median amplitude of the 30ms preceding the QRS onset of that
particular complex. Local QT-intervals were calculated from the global QRS onset and local T_ ; and can
be used for QT dispersion measures.

eak

Global T-wave landmarks

From the local T-wave landmarks, a median T, and T, location was calculated for every complex. Local

Tpeak and T_ ,landmarks that deviated more than two times the standard deviation (SD) from the median

Tpeak and T, , were considered to be outliers and excluded. Global Tpeak and T, , locations were calculated

as the median from the remaining local Teac@nd T locations. Finally, QT-intervals were calculated by

calculating the interval between QRS onset and global T, ;. Individual ECG leads with a local T-wave

Automatic QT-interval algorithm | 21

amplitude smaller than 50 pV were considered to be too small for accurate determination of local T_
and therefore were not taken into account for the determination of the global T_ , of that particular
complex. For example, if the T-wave amplitude is low in all limb leads, global T__, will be calculated from
the local T__, of the precordial leads and the scalar ECGs only.

RR

ECG

RMS

________________

-30ms
ECG Il————" "\ R P T . S
A L

Baseline 4

Baseline

window 4

500ms R+50ms R+0.7RR

QRS onset !

Figure 2-2 lllustration of global QRS onset and local T wave landmarks detection. Global R peak
is detected using a Pan-Tompkins algorithm on the ECG,, . signal. The global QRS onset is thereafter
detected as a peak in the second derivative of the ECG,, . within a certain window preceding the global
R peak. The local T peak (Tpk) is detected as the maximum or minimal peak between R+50ms and
R+0.7RR. Thereafter, the tangent trough the point of maximum deflection between Tpk and Tpk+0.3RR
is calculated from the first derivative. The intersection between this tangent and the baseline is detected
as the local end of the T wave (T, ). Tpk = T-wave peak, T, = T-wave end, RMS = root mean square,
SecDer = second derivative, ms = milliseconds.

end

2.2.3 Validation

From every ECG recording during a supine-standing test, one complex with an RR-interval below the
10th percentile, one complex with an RR-interval above the 90th percentile, and one complex with an
RR-interval within the interquartile range were randomly selected by the computer. This resulted in
three complexes with a wide range of RR-intervals per supine-standing test. From the randomly selected
complexes, QT-intervals were calculated both automatically using the algorithm described above and
manually by three independent observers (BH, FB, TD). The manual measurements of the QT-intervals
were done on paper using the tangent approach in a lead of choice'. All observers measured the QT-
interval with an accuracy of 0.5mm, which corresponded with 6ms. The observers were blinded for
patient characteristics, QT-intervals determined by the algorithm and the measurements of the other
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observers. The algorithm was validated by determining the inter-method variability between the QT-
interval measured by the algorithm (QTalg) and (1) the individual manual QT-interval measurements
(QTobs1, QTobs2 and QTobs3) and (Il) the mean QT-interval from all the individual measurements
(uQTobs). In addition, the QT-interval measurements of the three observers were compared in order to
assess the inter-observer variability.

2.2.4 Statistical analysis

Statistical analyses were performed in Matlab. Patient and ECG characteristics were presented in
frequencies (percentage) for categorical variables and mean (+ SD) for continuous variables with an
approximately symmetric distribution. The inter-method variability and the inter-observer variability
were expressed as correlation coefficients estimated by a Pearson correlation test, and the intra-class
correlation coefficient (ICC) for single and averaged measurements based on a two-way mixed absolute
agreement model'™. Sample uncertainty was expressed as 95% confidence intervals (95% Cl). Bland-
Altman analyses were performed to assess the systematic bias and the limits of agreement for both
the inter-method and the inter-observer variability?°. A p-value < 0.05 was considered to be statistically
significant.

2.3 Results
2.3.1 Population
The total study population of 127 subjects included 34 (26.8%) subjects with LQT1, 28 (22.0%) with LQT2,

11(8.7%) LQT3, and 54 (42.5%) controls. The characteristics of the study population are shown in Table
2-1.

at QTc at QTc at

Gender (M/F) Age (years) Number (-) %Ivc

RR mid RR high RR (ms
LQT1 13/21 33.9+139 34 486 + 44 460 + 37 439 + 33
LQT2 17 /11 40.5+15.1 28 498 + 49 449 + 35 427 + 34
LQT3 4/7 352+152 11 472 £ 45 439 + 35 422 +35
Control 31/23 40.8 +15.8 54 446 + 38 410 £ 26 392 + 25
Total 65/62 384 +152 127 469 + 47 435 + 39 415+ 36

Table 2-1 Characteristics of the study population. Data are given as mean + standard deviation. M =
male, F = female, RR = RR-interval, QTc = Corrected QT using Bazett's formula.

2.3.2 Validation

The randomly computer based selected complexes were visually inspected and eight complexes (2.1%)
had to be excluded based on the presence of artefacts, three complexes because of too flat T-waves in
all ECG leads (0.8%), and two (0.5%) because the randomly chosen complex was a premature ventricular
complex.
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In the remaining 358 complexes, the RR-intervals ranged from 470ms to 1419ms, with a mean RR of
849ms (+ 194ms). The mean heart axis was 420 (+ 429) and the 95% percentile confidence interval (PCl:
2.5 and 97.5" percentile of the data) ranged from -459 to 119°. The mean T-wave axis was 26° (+ 429)
with a 95% PCl ranging from -85° to 108°.

By visual inspection by one of the observers, 127 (35%) complexes had aberrant T-waves and/or
prominent U-waves. Figure 2-3 shows an example of one complex with the QRS onset and global T_
detected by the algorithm for an LQT1, LQT2 and LQT3 patient as well as for a control.

Control LQT1 LQT2 LQT3

RR [ms] 962 1085 771 1223
QTalg [ms] 412 534 421 436
uQTobs [ms] 410 525 420 428

i

1000ms

Figure 2-3 An example of the results of our algorithm. The QRS onset and global T, detected by the
algorithm is shown for a healthy control and patients with LQT-1, 2 and 3. QTalg = QT-interval determined
by the algorithm, uQTobs = mean QT-interval determined by three observers, ms = milliseconds.
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Pearson correlation

r(95% Cl) p
QTobs1  vs. QTobs2 0.947 (0.935 - 0.957) < 0.001
QTobs1 vs. QTobs3 0.964 (0.955-0.970) <0.001
QTobs2 vs. QTobs3 0.945 (0.934 - 0.956) <0.001

Intra-class coefficient

ICC (95% Cl) p
QTobs1  vs. QTobs2 0.939 (0.908 - 0.958) <0.001
QTobs1 vs. QTobs3 0.958 (0.932-0.972) <0.001
QTobs2 vs. QTobs3 0.946 (0.934 - 0.956) <0.001

Bland-Altman

Mean difference (ms)  Limits of agreement (ms)

QTobs1  vs. QTobs2 6.28 -24.67 :37.23
QTobs1 vs. QTobs3 5.54 -20.41:31.49
QTobs2 vs. QTobs3 -0.74 -31.06:29.58

Table 2-3 Inter-observer variability 95% Cl = 95% confidence interval, obs = observer(s), r = Pearson’s
r, p = p-value, ICC = intra-class coefficient, ms = milliseconds.

2.4 Discussion

We have developed and validated an automatic QT-interval algorithm based on the tangent method
which is unaffected by heart axis orientation and that can be applied on a beat-to-beat basis regardless
of the T-wave morphology. There is a high agreement between the automatic algorithm and manual
measurements of the QT-interval. Measuring errors between our algorithm and manual measurements
are similar or even smaller than inter-observer measuring errors. In contrast to manual measurements,
our algorithm enables users to study large amounts of complexes. Therefore, it can be used to study
novel QT-interval parameters that require beat-to-beat QT-interval analysis.

2.4.1 Measuring the QT-interval

Recognition of an abnormal QT-interval is an important element to gain an impression of the risk for
malignant arrhythmias and it guides treatment. However, determination of the QT-interval can be
challenging* and its result may frustrate treatment®. For manual QT assessment, the tangent method
in lead Il or V5 has been proposed. It has been suggested that with this method even inexperienced
ECG readers can, after minimal education, accurately diagnose prolonged and normal QT-intervals'?'.
However, manual assessment has considerable limitations. Proper manual QT-interval assessment is
time consuming. Therefore, most physicians pick one lead and one complex to measure. Whether the
QT-interval from the measured complex in the chosen lead is representative for the patient can be
questionable. Measuring QT-intervals of multiple complexes over all leads is too time-consuming for
daily clinical practice. Therefore, objective, standardized automated QT-interval algorithms unaffected
by heart axis orientation are desirable.
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2.4.2 Algorithms by manufacturers

All modern ECG machines provide users with automated measurements of ECG intervals. A general
downside of these algorithms is that the QT-interval is determined on an averaged complex over time
(cf. Appendix Kligfield et al.’®). Therefore, temporal fluctuations in QT-interval are lost and the dynamicity
and adaptation of the QT-interval to changes in heart rate cannot be studied using these algorithms.
Another downside of these algorithms is that the details about the algorithms are often unavailable
for their users. Despite the latter, many cardiologists do use and trust the QTc provided by the ECG
machine. Using a custom-made algorithm enables visualisation of the determined QRS-onset and
T-wave end, making it easier to distinguish between correct and erroneous measurements.

2.4.3 Custom-made QT-interval algorithms

Custom-made (semi-)automated QT-interval algorithms were developed in order to study QT dynamics.
Berger et al.™* for example, described a template matching algorithm to study QT dynamics. In his
algorithm, a template (which is selected by the user) is matched to all complexes in order to measure
individual QT-intervals. A disadvantage of his algorithm is that it only uses one ECG lead (I or Il) and is
therefore susceptible to heart axis orientation. For example, an algorithm that uses only lead Il will most
likely be unable to define T, in the ECG of the LQT2 patient as shown in Figure 2-3, due to the low
T-wave amplitude in ECG lead II. Since our algorithm takes all leads into account, it is still able to define
T..;aslong as the T-wave is large enough in at least one lead (see Figure 2-3).

More sophisticated single- and multilead algorithms have also been reported?2¢. However, a general
downside of those techniques is that they have not yet been validated for LQTS patients with various
T-wave morphologies. Therefore it remains unknown how well these algorithms perform in T-wave
morphologies alternated by LQTS. Almeida et al. proposed a multi-lead ECG delineation algorithm which
has been validated against multiple annotated databases®. Aimeida et al. report mean differences of
75+ 11.2ms and 7.9 + 21.7 ms for the QRS-onset and T-wave end detection, respectively?®. Although
the exact mean differences in QT-interval can't be perceived from these results, the mean differences
of QRS-onset and T-wave end detection suggest the differences in QT-interval to be similar to our
validation results.

2.4.4 Development

Our algorithm is an extensive automated version of the tangent method first described by Lepeschkin
and Surawicz.” The tangent method has been shown to be an accurate and reproducible method for
diagnosing prolonged QT-intervals, even by inexperienced ECG readers?'. We applied this method to
all 12 standard ECG leads as well as to the three constructed scalar ECGs (ECG,,,, ECG.,, |VCG]) to
make it unaffected by heart axis orientation and applicable regardless of the T-wave morphology. Since
prominent U-waves, notches, low T-waves and other altered T-wave morphologies often occur in only a
few ECG leads, morphology-induced erroneous local T, , detections will not affect the global T__ .

It is important to bear in mind that though our algorithm is applicable regardless of the T-wave
morphology, the T-wave morphology on its own can still be useful for the diagnosis of LQTS.
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The isoelectric baseline was defined as the median amplitude of the 30ms preceding a QRS onset. The
P-Q segment was chosen instead of the T(U)-P segment because the PQ segment is less affected by
heart rate changes since at high heartrates the P wave can coincide with the T-wave.

2.4.5 Validation

The results of our validation study show good agreements between observers and our algorithm. The
mean differences and limits of agreements between the observers and our algorithm are in the same
range as the inter-observers' differences in this study as well as in a previous study?’. The same holds
for the results from ICC. This suggests that our algorithm is as accurate in determining the QT-interval
as the observers.

The QT-intervals measured by the observers and the algorithm had an approximately normal
distribution. To be sure not to make mistakes by using parametric tests, Spearman’s correlation test
and the Kendal's W coefficient of concordance were also computed and the results were compared
with the Pearson'’s correlation test and the intra-class correlation coefficient. The differences between
the parametric and non-parametric tests were small and the results of the non-parametric tests did not
change the conclusion.

From our results we conclude that our algorithm is a good alternative for manual QT-interval
measurements. Moreover, because the algorithm is unaffected by heart axis orientation and can
provide beat-to-beat QT-intervals, it might have an additional value in diagnosing LQTS and evaluating
new drugs.

2.4.6 Advantages

Additional advantages of our algorithm are that we are the first to combine T-wave landmarks derived
from individual ECG leads with landmarks derived from scalar ECGs. By doing so, the algorithm combines
the better of two worlds. The scalar ECGs are independent to heart axis orientation but since they are a
mean (ECG,,.), standard deviation (ECG_,) or weighted mean (VCG) of individual ECG leads, information
which is only present in one or two ECG leads is blurred and would have been lost if our algorithm
wouldn't have used also the individual ECG leads. By calculating the median T, after outlier removal, the
global T, is based on both the scalar ECGs and individual ECG leads. Secondly, the ECG,,,; and ECG,,
are calculated from unipolar ECG leads only. By doing so, all ECG leads contribute equally to the scalar
ECGs. Another advantage is that our algorithm treats every complex individually and it does not require
a priori knowledge. Methods like the one described by Ritsema van Eck® might run into problems by
sudden changes in T-wave morphology because each individual complex is cross-correlated with the
average of the remainder complexes. Lastly, we described all necessary details to rebuild the algorithm
and kept it as simple as possible. By doing so, the algorithm is reproducible and understandable for
future users and clinicians.

2.4.7 Limitations

Although the algorithm had a high agreement with manual measurements, we acknowledge it has
some limitations. First, low T-wave amplitude will result in a smaller signal-to-noise ratio and therefore
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might resultin alarger errorin T, and T_; detection. This is partially dealt with by excluding individual
complexes on individual ECG leads if that particular complex has a T-wave amplitude smaller than 50pV.
However, by excluding individual complexes on certain ECG leads, the remaining ECG leads become
more important in those complexes. If respiration affects T-wave amplitude, a different number of
individual ECG signals might be used for every complex within one respiratory cycle. This might induce
detected QT variability.

Second, T, detection using the tangent approach is influenced by baseline deviations. Robust baseline
determination techniques are rare and although the validation of our algorithm was successful,
improving baseline determination might still improve the outcome.

Baumert et al.?® stated that conventional QT algorithms are not the best choice to measure beat-to-beat
QT-interval changes. However, the conventional QT algorithm that has been studied in this article is a
threshold method on the first derivative of a single lead ECG. Since our algorithm is based on the tangent
method and takes all leads into account, the statement from Baumert et al.?® can't be projected on
our algorithm. To find out whether our algorithm can be used for beat-to-beat QT-interval parameters
as described in the position paper from Baumert et al.?, a validation focused on these parameters is
required.

Lastly, the observers measured the QT-interval from one lead only, while the algorithm takes all leads
into account. However, since there is no true gold standard in the measurement of the QT-interval, we
chose to validate the algorithm against the most objective manual assessment available.

2.5 Conclusion

Our validation results show that the QT-interval detection algorithm is as accurate in determining QT-
intervals as instructed manual observers are. Since the algorithm is fast, objective, unaffected by heart
axis orientation, applicable regardless of the T-wave morphology and can provide beat-to-beat QT-
intervals, the algorithm might be useful to help improving the diagnosis of LQTS or the evaluation of
QT-interval prolonging effects of new drugs.
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Figure S.2-1 LQTS specific validation of pQTobs VS QTalg. Bland-Altman analysis shows the bias (solid
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Abstract

Background
Diagnosing long-QT syndrome (LQTS) is challenging due to a considerable overlap of the QTc-interval
between LQTS patients and healthy controls.

Objective

The aim of this study was to investigate the added value of T-wave morphology markers obtained
from 12-lead ECGs in diagnosing LQTS in a large cohort of gene-positive LQTS patients and gene-
negative family members using a support vector machine.

Methods

A retrospective study was performed including 688 digital 12-lead ECGs recorded from genotype-
positive LQTS patients and genotype-negative relatives at their first visit. Two models were trained
and tested equally: a baseline model with age, gender, RR-interval, QT-interval and QTc-intervals as
inputs and an extended model including morphology features as well.

Results

The best performing baseline model showed an area under the receiver operating characteristic
curve (AUC) of 0.821, whereas the extended model showed an AUC of 0.901. Sensitivity and
specificity at the maximal Youden's indexes changed from 0.694 and 0.829 with the baseline model
to 0.820 and 0.861 with the extended model. Compared to clinically used QTc-interval cut-off values
(>480ms), the extended model showed a major drop in false negative classifications of LQTS patients.

Conclusion

The support vector machine-based extended model with T-wave morphology markers resulted in a
major rise in sensitivity and specificity at the maximal Youden'’s index. From this, it can be concluded
that the T-wave morphology has an added value in the diagnosis of LQTS.
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6.1 Introduction

Long-QT syndrome (LQTS) is an inheritable disease entity associated with malignant arrhythmias
at young age. The diagnosis of congenital LQTS, once based on a scoring system of clinical and
electrocardiographic parameters, is nowadays aided by genetic testing. Despite the fact that genetic
testing is currently relatively easy to perform at relatively low costs, it remains of utmost importance
to preserve genetic testing to persons suspected for LQTS, since distinguishing pathogenic variants
from innocuous rare variants can be very complex'. To identify persons suspected for LQTS, gender-
based cut-off values for a prolonged QT-interval corrected for heart rate (QTc) are used. However, it is
known that there is a considerable overlap in QTc between LQTS patients and healthy controls?, which
hampers the accuracy of diagnosing LQTS based on QTc. Therefore, attempts have been made to take
advantage of the fact that LQTS patients often display abnormal responses to heart rate changes. This
led to diagnostic interventions in which the QT-interval adaptation to heart rate changes is studied in
for example the exercise recovery phase?, after epinephrine provocation* and the brisk-standing-test®.
Although these interventions are known to improve LQTS diagnosis, a clinician should have an LQTS
suspicion before such a test will be performed. LQTS patients with a normal QTc on the resting ECG are
likely to never be tested with such an interventional diagnostic test when they are not overt symptomatic
or become part of a family evaluation for LQTS and may therefore remain undiagnosed. Still, they may
have exaggerated risks for malignant arrhythmias under particular conditions such as the use of certain
drugs and they may have children who can become severely symptomatic when undiagnosed®.

Apart from a prolongation of QTc, variations in the morphological configuration of the T-wave are seen
in LQTS patients, especially in relation to the LQTS type”® Previous studies have indicated that using
T-wave morphologies during interventions as an additional marker to diagnose LQTS improves the
diagnosis®'®. These studies however not only require an intervention but their manually assessment of

T-wave morphologies makes the results clinician dependent.

The added value of T-wave morphology markers in standard 10-seconds 12-lead ECGs to identify
possibly LQTS genotype-positive patients of the three most common mutated genes has not yet been
investigated. In this study we use a machine-learning approach to investigate the added value of T-wave
morphology markers obtained from baseline 10-seconds 12-lead body surface ECGs to diagnose LQTS
in a large cohort of gene-positive LQTS patients and gene-negative family members.

6.2 Methods

6.2.1 Study population

A retrospective cohort study consisting of LQTS patients and their family was performed. LQTS patients
with LQTS type 1 (LQT1), type 2 (LQT2) and type 3 (LQT3) were confirmed by pathogenic variants in
KCNQ1, KCNH2 or SCN5A respectively. All genotype-negative family members were used as healthy
controls. All individuals were seen in the Academic Medical Centre in Amsterdam, The Netherlands,
between January 1996 and December 2016. Inclusion criteria for this study were an age >16 years,
known genetic testing results and digitally available ECG at first presentation. Exclusion criteria were
the presence of any comorbidity that might affect ventricular re- and/or depolarization. The study was
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approved by the Academic Medical Center Review Board and informed consent of the individuals was
waived as this study used retrospective data from regular care.

6.2.2 Electrocardiograms

Digital standard 10-seconds 12-leads body surface ECGs performed in the initial evaluation of individuals
in the work-up during (family) screening for LQTS were collected. ECGs were excluded when the ECG
contained too much noise and when all T-waves in all ECG leads were too flat (<40uV) to reliably assess
the QT-interval and T-wave morphology automatically. To avoid subjective evaluation of the T-wave
morphology, all ECG landmarks and T-wave morphology features were calculated automatically using
custom-made software in MATLAB (2017a, Mathworks, Natick, MA, USA).

6.2.3 Data acquisition and pre-processing

ECGs were stored in the MUSE Cardiology Information system (GE Healthcare, Little Chalfont, UK) and
recorded with a 250 or 500 Hz sample frequency. All further processing and analyses in this study were
done using custom-made software in MATLAB. ECGs were first filtered using a 2nd order bidirectional
Butterworth band pass filter (0.5-125Hz) and a 2nd order infinite impulse response notch filter (50Hz).
For all individual ECG leads, the residuals of a median filter with a 600ms window were regarded as
baseline deviations and were therefore subtracted from the individual leads to correct for baseline
wander. After filtering, a 1D Fourier up-sampling method was used to up-sample all ECG data to 1kHz to
assure sampling frequency independency of our analysis.

6.2.4 Average complex construction

To obtain the best signal-to-noise ratio, analysis was done on average complexes as constructed for
all individual ECG leads. To construct these average complexes, first all R-peaks were detected in the
ECG lead with the highest R-peak amplitude using a modified Pan-Tompkins algorithm.11 From these
R-peaks, a trimmed mean RR-interval was calculated after omitting 10% of the outermost RR-intervals.
The individual complexes were selected from the R-peak location minus 25% of the trimmed mean
RR-interval to the R-peak plus 70% of the trimmed mean RR-interval. All complexes were aligned on
the R-peak and an average complex was calculated. Thereafter, to guarantee averaging of only reliable
complexes, individual complexes with a correlation coefficient below 0.9 when correlated with the
average complex as well as complexes with an RR-interval deviating more than 20% from the mean RR
were excluded. If less than 60% of all complexes in the whole ECG were preserved after these exclusions,
the entire ECG was excluded for further analysis. Furthermore, if less than 60% of all complexes in an
individual lead were preserved, the entire lead was not taken into account since no reliable average
complex could be constructed for this lead. Finally, if a complex was excluded in more than 3 leads,
the complex was excluded for all leads to guarantee exclusion of e.g. ventricular extra systoles into the
average complex. A new and final average complex for all remaining ECGs and leads was constructed
from all remaining complexes. These final average complexes were used for further analysis.
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Features Short description Calculated for
Area Integral over time of T-wave amplitudes (can be negative and positive) VR, VL, VF, V1-V6
Absolute area Integral over time of absolute T-wave amplitudes VR, VL, VF, V1-V6
Length Interval between Tstart and Tend PCA1
Biphasicness 1-(|Area|)/(Absolute area) VR, VL, VF, V1-V6
(1 = biphasic, 0 = not biphasic)

Amplitude Height of the highest absolute value of the T-wave VR, VL, VF, V1-V6
Time to onset® Interval between R and Tstart ECG,,s and PCA,
Skewness' Degree of symmetry VR, VL, VF, V1-V6
Kurtosis™ Degree of peakedness VR, VL, VF, V1-V6
Notch score'™ Derived from Andersen et al. VR, VL, VF, V1-V6
Asymmetry score'# Derived from Andersen et al. VR, VL, VF, V1-V6
QRS amplitude™ Height of the highest absolute value of the QRS-complex VR, VL, VF, V1-V6
TRl g TRl ™ T-wave and R-peak heterogeneity = max(v(var(X))) V1-V3

RH,;ver RH, s in which X'is an n-by-3 matrix consisting of three ECG leads of length n. V4-V6

SP QRS-T angle'” Spatial peak QRS-T angle is the smallest angle between the vector at VCG

maximal T-wave magnitude and the vector at maximal QRS complex
magnitude in the VCG

SM QRS-T angle” Spatial mean QRS-T angle is the smallest angle between the mean vector of ~ VCG
the T-wave and the mean vector of the QRS-complex in the VCG

T .1, interval® Interval betweenT__ and T,

peak ' end peak end

PCA,

Table 6-1 T-wave morphology features summary. TH = T-wave heterogeneity, RH = R-peak
heterogeneity, SP = spatial peak, SM = spatial mean, VCG = vectorcardiogram, PCA. = the first component
of principal component analysis, ECGRMS = root mean square of the unipolar ECG leads.

6.2.5 Landmark detection

To detect a global R-peak and QRS-onset, a root mean square ECG (ECGRMS) was constructed from the
precordial leads and the reconstructed unipolar leads VR, VL, VF as described previously by our research
group.’? The first component of principal component analysis (PCA,) using singular value decomposition
on the unipolar ECG leads (VR, VL, VF and V1-V6) from R-peak + 95ms to R-peak + 0.7xRR was used for
global T-wave landmarks. The peak of the T-wave (T ) Was detected as the most prominent peak of
PCA,. The start and end of the T-wave (T__, and T_ ) were detected by means of an automated tangent
method as we described earlier. T__and T_ , were manually checked by one observer (TD) since

start
multiple T-wave morphology features rely on a proper determination of T__ and T__..

start

6.2.6 T-wave morphology features

All T-wave morphology features, apart from the T-wave heterogeneities, were computed within the
window T__ and T_ , for all unipolar ECG leads. Most of the features were calculated for all ECG leads
individually. For some features, the ECG,,,, PCA, or a vectorcardiogram (VCG) (reconstructed using the
Kors matrix'?) were used. All computed features are listed in Table 6-1. For a more detailed description

of the T-wave morphology features, see Supplementary materials.
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6.2.7 Support vector machine

Model inputs

Subjects were classified as gene-positive or gene-negative by a machine learning classification model
based on multiple inputs. Missing feature values were replaced by random values within mean +
standard deviation for the corresponding feature. Two models were created: a baseline model with age,
gender, RR-interval, QT-interval and QTc (QT corrected for heart rate by the correction formulas of Bazett,
Fridericia, Framingham and Hodges'®) as inputs and an extended model with all morphology features
as additional model inputs. The performance of the baseline model was used to determine the optimal
classification using commonly used clinical parameters. The difference between the baseline model and
the extended model demonstrates the added diagnostic value of T-wave morphology features.

Model training and testing

The model and training used in the current study are summarized in Figure 6-1. Both the baseline
and the extended model were support vector machine models with a linear kernel and were trained
and tested on the ECGs of the entire cohort using cross-validation. Therefore, the performance of
these models cannot be assessed directly. Hence, to investigate the performances of the baseline and
extended models, 100 similar models were trained and tested on different randomized training and
testing sets. This was done for both the baseline and extended model. Training sets consisted of a
randomly chosen subset of ECGs containing 90% of all individuals whereas testing sets consisted of
the ECGs of the remaining 10% of all individuals. The mean performance of these 100 models is the
expected performance of the final model.”

Model Mixing Featu.re Randomization Best
parameter selection Performance
1 2 3 4 5 e 96 97 98 99 100
@0000
1 Jazo02.1 | 32368 | M ) M 1) W ¥ ¥
ot | SESE @O @GR f m a=0s
00000
Q0000 ° [ ] o (] (]
: janoa. | S8 R @ i @ P @ i @ m T a=04
Q0000
Oe0eo
Q000 ° ° ° ° °
Q0000
100 |a=0,02..,1 Q0000 w @ w @ w ------ @ w [UQP m w a=04
olelTole}
00000
Best overall performance o = 0.4 Average
( performance
Expected of all models
o 1T 2 3 4 5 % 97 98 99 100  perormance < withaos
© T ° ° ° [ °
R T
i g =04 | 000@0 | W UL W oUu) o
° o]
© Selected feature Gene-negative Gene-positive Test set Training set
O Unselected feature

Figure 6-1 Schematic representation of the machine learning steps. A detailed description is given
in the main text. a = mixing parameter.
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For each of these 100 models, features with the highest discriminative performance were selected by
means of elastic net regularization, combined with maximum likelihood estimation in a logistic regression
model. For a detailed description of elastic net regularization, we refer to Zou and Hastie.?® In short, it
combines two feature selection methods (lasso and ridge regression). The mixing parameter (a) controls
the ratio of both feature selection methods to obtain an optimal combination. The tuning parameter (A)
controls the strength of this optimal combination. For each of the 100 models, during feature selection,
the value of awas varied from 0 to 1, with steps of 0.2. For each value of q, 100 values of A ranging from
A, (@t which all features were excluded) to 10*A__ were tested. ?' For each A, the cross-validated error
resulting from 10-fold cross-validation on the current training set was noted. Subsequently, for each q,
selected features resulting from the cross-validation were noted at A_._(at the minimal cross-validated

error)and A, (A, + 1 standard error).

min (

For each of the 100 models, the AUC was calculated with each aat A__and A ... The combination of a
and A with the highest mean AUC over all 100 models was selected as the optimal combination. This a

and A were used in the final model.
6.2.8 Statistical analysis

Values are expressed as mean + standard deviation. The differences between LQTS patients and
genotype-negative family members were analysed by independent samples T-test for parametric
data, and chi-square for non-parametric data. A p-value <0.05 was considered statistically significant.
Receiver-operating characteristic (ROC) analysis was used to determine the performance of the models.
Optimal performance was the point with the maximal Youden's index (Y| __ =sensitivity+specificity-1). The
area under the curve (AUQ), YI__, the sensitivity and specificity were used to quantify the ability of the
different models to diagnose LQTS.

6.3 Results
6.3.1 Study population

Of all 1087 individuals with digitally available ECGs in their work-up during (family) screening for LQTS, 284
were <16 years of age and for 48 individuals genetic testing results were unknown. From the remaining
755 individuals eligible for the study, 45 (6.0%) were excluded based on the presence of comorbidities
that might potentially affect ventricular re- and/or depolarization (varying from e.g. bundle branch
blocks, hypokalaemia, thalassemia, angina pectoris, an overlap syndrome with Brugada syndrome, to
severe post-anoxic encephalopathy). In 11 (1.5%) individuals the ECG registration contained too much
noise and in 6 (0.8%) individuals T-waves were too flat (<400V) to reliably calculate T__ and T_ . In 5
(0.7%) individuals a correct ECG export failed. The remaining 688 (91.1%) individuals were included in the
analyses. The baseline characteristics of the LQTS patients and the genotype-negative family members
are shown in Table 6-2. LQTS patients were statistically significant younger compared to controls (41+15
versus 45+15 years, p<0.001).
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Number [-] Gender (m/f) Age [years]
Control 348 163/185 45+15
LQTS 340 143 /197 4115
LQT1 129 52177 42415
LQT2 160 72 /88 42+15
LQT3 51 19732 40£15

Table 6-2 Study population characteristics. Age is given as mean + standard deviation. All others are
presented as counts. LQTS = long QT syndrome, LQT1, LQT2 and LQT3 = long QT syndrome type 1, 2
and 3.

6.3.2 Baseline model

The best performing support vector machine-based baseline model was reached with an a of 1 and an
elastic net tuning parameter of Amin. The selected features for the baseline model were: age, QT-interval
and QTc-Hodges. The ROC of the best performing baseline model is shown in Figure 6-2. ROC analysis
resulted in an AUC of 0.821 and a Yimax of 0.523 with a corresponding sensitivity and specificity of 0.694
and 0.829 respectively.

6.3.3 Extended model

The best performing support vector machine-based extended model with additional morphology inputs
was reached with an a of 0.2 and an elastic net tuning parameter of ATSE. ROC curves, shown in Figure
6 2, resulted in an AUC of 0.901 (95% Cl 0.893-0.909), a YImax of 0.681 and a sensitivity and specificity
0f 0.820 and 0.861 respectively. All selected features along with their coefficients are listed in Table 6-3.
Compared to the baseline model, AUC, sensitivity and specificity increased with 0.080, 0.126 and 0.032
respectively.

Sensitivity [-]

— Extended model
0.2+t

--- Baseline model

0 0.2 0.4 0.6 0.8 1.0
1-Specificity [-]

Figure 6-2 Average receiver operating characteristic curves with 95% confidence intervals of the
extended model (solid turquoise) and the baseline model (dashed red).
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Age

QT

QTc Bazett

QTc Fridericia

QTc Framingham

QTc Hodges

Areain VL, V2, V3

Absolute area in VL, V1, V2, V3
Biphasicness in VR, V1, V2, V6
Amplitude in VR, VF, V6

-0.010

0.002

0.0048

0.0044

0.0043

0.0048

3.57x10°%,1.69x107 and 1.96x10°
2.28x10°%, 1.35x10°, 1.45x10° and 4.13x10°
-0.51,-0.09, -0.08 and -0.35

5.49x104, -1.54x10° and -1.35x10*

Length 0.011

Time to onset 0.007

Skewness in VR, VL, VF, V4, V5, V6 -0.69; -0.24; -0.47; -0.07; -0.40; -0.21
Kurtosis in VL and V3 0.43; 0.30

Asymmetry in VR, VL VF, V2, V3 1;0.09; 0.07; 0.03; 0.21

Tpeak to T, interval 2

QRS amplitude VL, VF, V1 -1.40x10%, -2.99x104, 6.19x10°

SP QRS-T angle 0.0018

RH,,. e -3.00x10*

TH 0.0012

V4-Ve

Table 6-3 Selected features. Note that all features are unitless because all features are normalised
by subtracting the mean and dividing the result by the standard deviation (with mean and standard
deviation determined from the training set). TH = T-wave heterogeneity, RH = R-peak heterogeneity, SP
= spatial peak.

6.3.4 Clinical QTc cut-off value

Figure 6-3 shows the amount of correctly and incorrectly classified cases and controls based on the
clinically used QTc-Bazett thresholds (>480ms??) as well as the classification results based on the
extended model. As shown in Figure 6-3, the extended model resulted in a major drop of incorrectly
classified LQTS patients. It can also be seen that some controls with a QTc >480ms are correctly classified
as control by the extended model. This all comes at the cost of some controls (with QTc <480ms) being
incorrectly classified as LQTS patients.
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Figure 6-3 Graphic representation of the added value of the support vector machine with T-wave
morphology features on clinically used QTc thresholds. The amount of correctly and incorrectly
classified gene-negative subjects (left) and gene-positive subjects (right) based on QTc cut-off value of
480ms (top panel) and based on our final support vector machine (bottom panel). The classifications as
shown in this figure are the average classifications for each individual patient at YImax obtained from
1000 Monte Carlo cross-validations.

6.4 Discussion

In the current study, we compared a baseline model using age, gender, QTc and QT-interval as inputs with
a model extended with T-wave morphology inputs to investigate the added value of T-wave morphology
markers in the automated diagnosis of LQTS. Comparison of the ROC analyses of both models showed
that the model extended with T-wave morphology markers resulted in a better performance. Since both
models were trained and tested similarly, this improved performance can be attributed to the addition of
the T-wave morphology markers. In other words, it can be concluded that T-wave morphology markers
have an added value to age, gender, QTc and QT-interval in automatically distinguishing LQTS patients
from genotype-negative family members.

The sensitivity and specificity of respectively 0.820 and 0.861 from our extended model might seem
modest to previous studies, which have suggested higher performances when using T-wave markers
for the diagnosis of LQTS.%'42324 However, our study population consisted of LQTS patients and gene-
negative family members whereas other studies used healthy individuals as controls.%'42324 In our study,
QTc of the control group showed considerable more overlap with QTc of LQTS patients than in the
above-mentioned studies. Therefore, distinguishing gene-positive LQTS from gene-negative family
members is more challenging than distinguishing LQTS patients from healthy controls. This might
explain the higher performance of other studies on the added value of T-wave morphology markers
to identify LQTS patients. Beside the use of different control groups, the ECG recordings also differed
between our study and the studies by Immanuel et al.?* and Chorin et al.® who respectively studied
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24h Holter registrations and T-wave morphologies during the brisk-standing-test. The current study
only used standard 10-second 12-leads body surface ECGs but could nevertheless show that T-wave
morphology markers in these ECGs improve prediction results. Since these standard ECGs are widely
available and are part of clinical routine, the added value of being able to improve LQTS diagnosis from
these recordings is considerable.

In this study population, gene-negative family members were found to be significantly older than LQTS
patients. Not surprisingly, age was a selected feature in both the baseline and the extended model and
contributed to the performances of both models. However, since age was a selected feature in both
models, the effect of age on the performance of the models is expected to be the same. Therefore, the
comparison between both models is still valid.

Next to the support vector machine, a logistic regression model and a bagged random forest were used.
From these methods, the support vector machine resulted in the best mean discriminative performance
and was therefore used as the machine learning method in this study.

Although it has been shown that Hodges' QTc is less correlated with heart rate compared to the others,'®
still QTc Bazett is the most commonly used QTc correction method. However, the fact that the only QTc
method selected in our baseline model was QTc Hodges might be another argument that the clinical use
of QTc Hodges should be re-evaluated.

6.4.1 Limitations

Although the results of this study are promising, there is still room for improvement. First of all, no notch
scores are used in our models. Initially, we implemented the notch score as described by Andersen et al.™
However we found a very poor agreement between the implemented notch score and visual inspection
by two blinded observers. We therefore chose to exclude this feature from all models. Secondly, T__,
or T, have been manually adjusted for 30 out of 688 ECGs. Although the algorithm seems to work for
the majority of ECGs, improving these steps might be necessary before our algorithm can be used on a
larger scale. A third potentially important limitation of the methodology used in this study is that too flat
T-waves (<40puV) have to be excluded even though flat T-waves are a specific aberrant T-wave morphology
feature in LQTS patients.Next, the signal quality of these retrospectively collected ECGs was relatively
poor for the current study purpose in relatively many cases. Since all ECGs were recorded because of
clinical routine, no special care was taken to obtain very high-quality ECGs. Though the relatively poor
ECG quality might be an explanation for the two limitations described above, future directions should be
to increase the robustness of the model to deal with ECGs from daily clinical routine.
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6.5 Conclusion

In the current study, we compared a baseline and an extended model including T-wave morphology
inputs, both using support vector machines, to investigate the added value of T-wave morphology
markers in diagnosing LQTS. The performances of both models showed that the model extended with
T-wave morphology markers resulted in a better performance in the diagnosis of LQTS. Therefore, it
can be concluded that the use of T-wave morphology markers has an added value to distinguish LQTS
patients from genotype-negative family members.
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6.7 Supplementary materials
T-wave morphology feature calculations

Amplitude
To calculate the T-wave amplitude, both the most positive and the most negative peak in the signal were
detected. The peak with the largest absolute value was noted as the T-wave amplitude.

Area and absolute area
The area was calculated as the integral of the T-wave amplitudes (with regard to its sign) between T__
and T, . The absolute area is calculated as the integral of the absolute T-wave amplitudes.

Biphasicness score

The biphasicness score of a T-wave was calculated by dividing the absolute value of the T-wave area by
the absolute area of the T-wave and subtracting it from 1. For example, a negative T-wave with an area
of -2 and an absolute area of 2 will have a biphasicness score of 1-(|-2|/2)=0. A biphasic T-wave that is
60% positive and 40% negative with an area of 0.4 and an absolute area of 2 will have a biphasicness
score of 1-(]0.4]/22)=0.8. In biphasic T-waves (defined as T-waves with a biphasicness score of < 0.25) no
skewness, kurtosis, notch score and asymmetry score were calculated.

Skewness and kurtosis
For the calculation of the T-wave skewness and kurtosis, T-waves were treated as probability distribution
curves and normalized between 0 and 1 before calculating the skewness and kurtosis.

Notch and asymmetry scores
Notch and asymmetry scores were derived from Andersen et al.?® However, instead of calculating the
notch score only in the first principal component of the signal, a notch was sought for in every lead.

To calculate the asymmetry score, first the first derivative of the ECG was split into a segment from T__
toT ., and a segment fromT_ _ toT,_ . Both segments were scaled between 0 and 1. Segment 2 was
flipped over both the horizontal and vertical axis. Finally, the mean difference between the two segments

was calculated as the asymmetry score.

peak

Spatial and mean peak QRS-T angle

The spatial peak QRS-T angle is defined as the angle between the vector at maximal T-wave magnitude in
the VCG and the vector at maximal QRS complex magnitude in the VCG. The spatial mean QRS-T angle is
defined as the angle between the mean vector of the T-wave and the mean vector of the QRS-complex
in the VCG.

R-peak and T-wave interlead heterogeneity

R-peak and T-wave inter-lead heterogeneity were calculated as described by Tan et al. In summary: to
calculate R-peak and T-wave heterogeneity, the QRS-complex and T-wave were selected in two groups
of precordial leads (V1-V3 and V4-V6). The maximum value of the square root of the variance around the
average of the three leads was calculated and used as the interlead heterogeneity.
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Abstract

Background

Diagnosing long-QT syndrome (LQTS) remains challenging due to a considerable overlap in QT-
interval between LQTS and healthy subjects. Characterizing T-wave morphology might improve
LQTS diagnosis.

Objective
To improve LQTS diagnosis by combining new polynomial-based T-wave morphology parameters
with the corrected QT-interval (QTc), age and sex in a model.

Methods

A retrospective cohort consisting of 333 LQTS patients and 345 genotype-negative family members
was used in this study. For each patient, a linear combination of the first 2 Hermite-Gauss (HG)
polynomials was fitted to the STT-segments of an average complex of all precordial leads and limb
leads | and Il. The weight coefficients as well as the error of the best fit were used to characterize
T-wave morphology. Subjects were classified as LQTS or controls by clinical QTc cut-offs and three
support-vector-machine (SVM) models fed with different features. An external cohort consisting of
72 patients and 45 controls was finally used to check the robustness of the models.

Results

Baseline QTc cut-offs were specific but had low sensitivity in diagnosing LQTS. The model with T-wave
morphology features, QTc, age and sex had the best overall accuracy (84%) followed by a model with
QTc, age and sex (79%). The Extended model especially performed better in LQT-3 patients (69%).

Conclusion

T-wave morphologies can be characterized by fitting a linear combination of the first 2 HG-
polynomials. Adding T-wave morphology characterizations to age, gender and QTc in an SVM-model
improves LQTS diagnosis.
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7.1 Introduction

Early diagnosis of congenital long-QT syndrome (LQTS) is crucial since early treatment can prevent
malignant arrhythmias. Current guidelines recommend diagnosing LQTS based on either QT-interval
corrected for heart rate (HR) using Bazett's formula (QTc), DNA testing, or the Schwartz-score'=. These
methods have some clinical limitations. First of all, diagnosing LQTS solely based on (sex specific) QTc
cut-offs comes with some limitations. For example, the QT-interval seems hard to measure since the
95% interobserver limits of agreement ranges up to 30ms and even the interobserver variation between
LQTS experts can measure up to 70ms*°. Furthermore, LQTS diagnosis is troubled because there is a
considerable overlap in QTc between affected and unaffected subjects and QTc is variable over time*®”.
Secondly, DNA-testing for known LQTS mutations also has limitations as approximately 20% of clinically
diagnosed LQTS patients remain genetically elusive and known LQTS mutations seem to have a reduced
penetrance and therefore not always lead to clinical signs®®. Furthermore, classification and reporting
of potentially malign genetic variants might currently be incomplete and misleading'®. Lastly, though
a Schwartz-score of >3 has a higher specificity in the diagnosis of LQTS compared to a baseline QTc
cut-off of >430ms (99% vs 86%), this comes at the costs of a very low sensitivity (36% vs 72%) when
genetic testing results are used as the true LQTS diagnosis''. Apart from these traditional tests, more
sophisticated tests like individualized corrected QT-intervals'? and provocative tests that study QT-
interval adjustment to changes in HR have been suggested'*"°. A downside of these studies is that the
suspicion for LQTS has to be raised before these tests will be used. Improved LQTS diagnosis based on
standard ECGs would therefore still be useful.

Apart from a prolonged QTc, altered T-wave morphologies can be seen on LQTS patient’s standard
ECGs and could aid in diagnosing LQTS?*%2, LQT-1 patients often show an early-onset broad T-wave,
LQT-2 patients can have asymmetric, low voltage, biphasic and notched T-waves and LQT-3 patients
typically have a late-onset T-wave. Although it is not strictly mentioned in the guidelines, LQTS experts
will not only measure the QT-interval but also evaluate the T-wave morphology to diagnose LQTS*24,
Characterizing the T-wave morphology by eye-balling however is subjective and its diagnostic value
depends on cardiologist's experience. Previous studies have shown that algorithm-based automatic
assessment of the T-wave morphology can help in the diagnosis of LQTS?*?¢. Such algorithms might
furthermore be useful to monitor treatment efficiency in diagnosed LQTS patients and by doing so can
be useful in determining optimal patient specific treatments and drug doses.

The aim of this study was to improve diagnosis of LQTS based on standard ECGs by a machine-learning
model with a new polynomial-based T-wave morphology characterization. After training and testing our
approach on the cohort used in a previous report®* we pursued additional validation on an external
dataset. Lastly, the performance of our model was compared to the diagnostic accuracy of a QT-expert.

7.2 Methods

7.2.1 Study population

The same cohort (from now on called the Amsterdam data) as included in our earlier study was used in
this study. A detailed description can be found in our previous study ?°. In short, this retrospective cohort
from the Academic Medical Centre in Amsterdam (The Netherlands) consists of confirmed LQTS Type 1
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(LQT-1), Type 2 (LQT-2) and Type 3 (LQT-3) patients and their genotype-negative family members who
are used as controls. Exclusion criteria were age <16years, absence of genetic testing results, absence of
baseline data and all other pathologies or medications that affect T-wave morphology. According to the
Dutch Act on Medical Research involving Human Subjects, written informed consent was not necessary
to obtain for the present study, due to the observational design of the study.

A retrospective cohort from the University Hospital Leuven (Belgium) was used as an additional external
test set (from now on called the Leuven data). Similar to the Amsterdam data, the LQTS patient group
consists of LQT-1, LQT-2 and LQT-3 and the control group consists of genotype-negative family members.
Many patients from this cohort were included in a previous study'?. The research protocol was approved
by the local ethics committee. The same exclusion criteria were used for the Leuven data.

7.2.2 ECG analysis

Acquisition and pre-processing

All standard ECGs were recorded with a 250 or 500Hz sample frequency and stored in the MUSE
Cardiology Information system (GE Healthcare, Little Chalfont, UK). All analyses were performed offline
using custom-made software in Matlab (2018a, Mathworks, Natick, MA, USA). To improve signal-to-noise
ratio, a median complex was calculated for all individual ECG leads by aligning individual complexes on
the R-peak after filtering and up-sampling to 1000Hz.

Landmark detection

The R-peak, QRS-onset and T-wave end were detected by our previously described algorithms?’. In short,
the R-peak was detected on the root mean square ECG (ECGRMS) using the Pan-Tompkins algorithm.
The onset of the QRS-complex was defined as the largest positive peak in the second derivative of
the ECGRMS preceding the R-peak. The beginning of the window in which we performed our analysis
was defined as R-peak+70ms. The end of the T-wave was detected by means of an automated tangent
method. All ECG landmarks and median complexes were checked manually.

T-wave characterization

Hermite-Gauss polynomials (HG-polynomials) have been used to characterize the morphology of QRS-
complexes?®?°, A linear combination of the first two HG-polynomials were fit on the STT-segment of leads
I, Iland v1 to v6. The first-order HG-polynomial is symmetrical bell-shaped whereas the second order is
biphasic (Figure-1). The fitting was performed by first aligning the top of the first-order HG-polynomial
and the zero crossing of the second-order HG-polynomial on the T-peak (Figure 7-1 (1)). Thereafter, a
linear combination of weight coefficients of the first- (c,) and second-order (c,) HG-polynomial for a fixed
range of HG-polynomial widths (Figure 7-1 (2)) were fit using the least-squares method (c, and c,, Figure
7-1 (3)). The weight coefficients of the fit that resulted in the smallest fitting error (defined as the root
mean square of the difference between the reconstructed and original signal normalized to the signal's
maximum) was used as the T-wave characterization. Since a normal T-wave is positive and slightly
asymmetric, ¢, will be positive and since the first-order HG-polynomial is symmetric a small (negative) c,
is needed to capture the slightly asymmetric morphology of a normal T-wave. Abnormal morphologies
will lead to abnormal weight coefficients. For example, high/low amplitude T-waves will have high/low
coefficients; ¢, will be larger than ¢, in a biphasic T-wave since the second-order polynomial captures the
biphasic morphology; and a negative T-wave will result in a negative c1 (Figure 7-1). Complex T-waves
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(e.g. notched T-waves) cannot be fit accurately with only the first- and second-order HG-polynomials.
Therefore, the fitting error was also used in the characterization of the T-wave morphology. By doing so,
complex T-waves that cannot be fit properly using only the first two order HG-polynomials can still be
classified as an altered T-wave because of the high fitting error.
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Figure 7-1 T-wave characterization using Hermite-Gauss polynomials. (1) The T-peak and the peak
of the first order HG-polynomial were aligned. (2) A fixed range of HG-polynomial widths were fitted on
the STT-segment. (3) The weight coefficients (c1 and c2) obtained from the best fit were used as T-wave
characterization. LQT-n, long QT-syndrome subtype n; error was defined as the root mean square of the
difference between the fit and original signal.

7.2.3 QTc cut-offs

Two QTc cut-offs were used to classify subjects as LQTS patients or controls. First, following current HRS/
EHRA/APHRS Expert Consensus recommendations®, a QTc cut-off of >480ms was used. Secondly, the
99th-percentile from healthy males (450ms) and females (460ms) to classify LQTS patients was used as
the QTc cut-off.

7.2.4 Machine learning

Subjects were classified as LQTS patients or controls by three Support-Vector-Machine (SVM) models
trained on three different sets of features. The first model (Baseline model) contains age, sex and QTc
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as inputs and reflects the optimal classification based on these basic and clinically used parameters. The
second model (Morphology model) contains ¢, ¢, and the fitting error from the precordial ECG leads
and lead I and Il as well as age and sex and reflects the optimal classification based on the morphology
markers without QTc. The third model (Extended model) combines all inputs from the baseline and
the morphology model. A detailed description of the machine learning approach can be found in the
supplementary materials. In short, all models were trained and tested on the Amsterdam data using a
10-fold cross-validation. In a 10-fold cross-validation, the entire dataset is partitioned into 10 equally
sized subsets. A model is trained on 9 subsets and tested on the 10th subset. This is repeated 10
times until all subsets served once as the test set. The mean performance of these 10 validations was
considered the expected performance of the final model that was trained on the entire Amsterdam
data. In general, internal cross-validation is an adequate measure of external performance. However, to
further investigate the robustness of our final model on new data, it was externally tested on the Leuven
data. Model performances were quantified by sensitivity, specificity and the total number of correctly
classified individuals (accuracy).

7.2.5 QT-expert

To further validate the Extended model, a QT-expert (P.P.) classified all subjects from the Leuven data
as LQTS patient or control, based on the full ECG with knowledge of the subject's sex and age and
the corresponding QT-, RR-intervals and QTc which were provided by our algorithms. The agreement
between the Extended model and the QT-expert was evaluated.

7.2.6 Statistical analyses

All continuous variables are presented as mean + standard deviation, categorical variables are presented
as number and percentage. Receiver-operating characteristic (ROC) curve analysis was used to calculate
the area under the curve (AUC) as well as the sensitivity and specificity at the optimal cut-off determined
by the Youden-index. DelLong's method*' was used to compare ROC curves of the Baseline, Morphology
and Extended model. A P-value<0.05 was considered significant. All analyses were done in Matlab
(2018a, Mathworks, Natick, MA, USA).

7.3 Results
7.3.1 Study population

After exclusions, 678 subjects were included in the Amsterdam data and 117 subjects were included
in the Leuven data. Ten subjects were excluded from the Amsterdam data because at least one ECG
lead contained too much noise. The final Amsterdam data consisted of 345 genotype-negative family
members and 333 LQTS patients (126 LQT-1, 156 LQT-2, 51 LQT-3). No subjects were excluded from the
Leuven data which consisted of 45 genotype-negative family members and 72 LQTS patients (16 LQT-1,
51 LQT-2, 5 LQT-3). Study population characteristics for both datasets are shown in Table 7-1.
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Amsterdam Leuven

Age (years)  Sex (m/f) QTc (ms) Age (years)  Sex (m/f) QTc (ms)
Controls 45+15 160/185 410+28 42.8+16.6 18/27 402+27
LQTS 42415 137/196 457+38 37.5£14.0 32/40 456137
LQT-1 41415 49/77 455+34 44.3+9.4 4/12 467+44
LQT-2 42415 69/87 462436 35.7+15.0 28/23 455434
LQT-3 40415 19/32 446+50 34.8+10.2 0/5 421411

Table 7-1 Study population characteristics. Values are expressed as mean + standard deviation. m,
male; f, female; QTc, QTc Bazett; ms, milliseconds.

7.3.2 Classification results

A large overlap in QTc between patients and controls exists in both the Amsterdam (top left) and the
Leuven data (top right) as illustrated in Figure 7-2. Subjects incorrectly classified by our Extended model
are shown as dark blue dots. The majority of subjects (84%) are classified correctly by the Extended
model. Moreover, the Extended model was able to correctly classify LQTS patients with a QTc as low
as 400ms, while it was also capable of correctly classifying controls with a QTc up to 460ms. Aimost
all incorrectly classified patients are LQTS patients with a normal QTc while the majority of incorrectly
classified controls have a prolonged QTc. The ten parameters with the highest weight (most important)

in the Extended-model were QTc, error, ,, error,,, age, error, ¢, error,, error,, ¢, ., and ¢, .

Accuracies of respectively the Amsterdam and Leuven data for the Baseline (80% and 76%), Morphology
(76% and 1%) and Extended model (84% and 79%) as well as of the two clinically used QTc cut-offs
(62% and 52% for QTc=480ms and 72% and 65% for QTc=450/460ms) are shown in the lower half of
Figure 7-2. The chart shows that the Extended model has the best performance while the QTc cut-offs
have the poorest performance in both datasets. It can furthermore be noted that the performance of
the different classification methods used are similar between both datasets, indicating that the model
is robust. The accuracy was furthermore determined on a subset of the data in which all overt LQTS
subjects (QTc>450/460ms) were excluded. The Extended model had the highest performance (80.8%)
whereas the Baseline model had the lowest accuracy (75.7%).

Sensitivity and specificity for each model or QTc cut-off are shown in Table 7-2. The best sensitivity for
both datasets was achieved with the Extended model (83% and 75%) followed by the Baseline model
(75% and 69%). As expected from the QTc distributions, using only QTc cut-off to diagnose LQTS results
in the highest specificity (99% and 98%) with the lowest sensitivity for both datasets (24% and 24%
respectively). No AUC and confidence intervals were calculated for the Leuven data since the models
and cut-offs obtained from the Amsterdam data were applied on the Leuven data and therefore no ROC
curve was generated for the Leuven data.

The AUC of the Extended model was significantly higher compared to both Baseline and Morphology
model (p<0.001) using Delong's method to compare ROCs. The AUC of the Baseline model furthermore
was significantly higher compared to the Morphology model (p<0.001).
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Figure 7-2 Classification accuracies of the various models on the Amsterdam and Leuven dataset.
QTc, QTc Bazett; m, male; f, female; ms, milliseconds; LQT-n, long-QT syndrome subtype n.

Amsterdam Leuven

Sens.[%] Spec.[%] AUC Sens.[%] Spec.[%]

QTc > 480 24 99 24 98
(19-29) (97-100)

QTc > 450/ 460 50 95 - 46 96
(44-55) (92-97)

Baseline 75 84 0.87 69 87
(70-80) (80-88) (0.84-0.90)

Morphology 66 86 0.81 60 89
(60-71) (81-89) (0.77-0.84)

Extended 83 85 0.90 75 84
(78-86) (81-89) (0.88-0.93)

Table 7-2 ROC analyses of the various models on the Amsterdam and Leuven datasets. Sens,
sensitivity; spec, specificity; AUC, area under the curve; QTc, QT corrected for heart rate using Bazett's

formula.
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7.3.3 LQTS subtypes

The accuracy for LQTS subtypes and controls is furthermore shown in Figure 7-2. It can be appreciated
that the Extended model has the highest accuracy for all LQTS patients but especially in LQT-3 patients.
QTc=480ms has the highest accuracy in controls but the lowest accuracy in LQTS patients.

7.3.4 QT-expert

The QT-expert had a total accuracy of 79% (n=93) on the Leuven data with a sensitivity and specificity
of 75% and 86% respectively (see Table 7-3). The Extended model and the QT-expert agreed in 87%
(n=102) of all cases. In 17 subjects (13 LQTS, 4 controls) both the QT-expert and the Extended model
were wrong. The QT-expert indicated that he was not sure about his diagnosis in 24% of all cases (n=28).

Diagnosis
LQTS Control
- 54 7
& LQTS 54 6
2
b7 18 38 Model
a control 18 39 Expert

Table 7-3 Number of (in)correctly classified subjects by the Extended model and the QT-expert.
LQTS, long-QT syndrome.

7.4 Discussion

In this study, we evaluated the additional value for diagnosing LQTS of the T-wave morphology
characterized by HG-polynomials with respect to various diagnostic SVM-models/thresholds based on
QTc. The Extended model has the best accuracy on both the Amsterdam (84%) and the Leuven data
(79%) closely followed by the Baseline model (80% and 76% respectively). In contrast to the Baseline
model, the Extended model is even able to accurately diagnose LQTS patients with a QTc down to
400ms. ROC curve comparison by Delong's method showed that the AUC of the Extended model was
significantly higher compared to both the Baseline as well as the Morphology model. The predictions
by the Extended model moreover has a good agreement with the QT-expert. This indicates that the
Extended model cannot replace QT-experts but can be used by physicians less familiar/experienced
with diagnosing LQTS. We are willing to share our Matlab-code on request by e-mail. Future users should
however realise that the model was not trained and tested on other pathologies that affect the STT-
segment like ischemia, ion-disturbances or ventricular conduction problems.

When looking at the accuracy per LQTS subtype, it can be seen that although the Baseline model's
performance in controls, LQT-1 and LQT-2 patients, does not differ that much from the Extended model,
the Extended model as well as the Morphology model do increase the sensitivity for LQT-3 patients. An
improved diagnosis for LQT-3 patients itself is relevant since cardiac events are reported to be lethal
more frequently in LQT-3 patients®. Also, it is important to note that since the LQT-3 patients account for
only 7% and 4% of all subjects in the Amsterdam and Leuven data respectively, this improved sensitivity
is hardly reflected by the total number of correctly classified subjects. The low number of LQT-3 patients
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is indeed a limitation of this study and more LQT-3 patients are needed to investigate whether this
observation is true.

Strikingly, the QTc>480ms cut-off, recommended by the current Expert Consensus, has the poorest
performance with an accuracy of 62% and 52% on the Amsterdam and Leuven data respectively.
Based on these guidelines, in subjects with a QTc<480ms, LQTS can only be diagnosed with a Schwartz-
score>3.5 or an unequivocally pathogenic mutation in one of the LQTS genes?®. It has however been
shown that the Schwartz-score>3 has a high specificity (99%) but a low sensitivity (36%) in diagnosing
disease carriers'". Of note, subjects with a QTc<480ms might never reach a Schwartz-score of >3.5 since
Torsade de pointes, T-wave alternans, notched T-waves or a clinical history with syncope is needed to
reach 3.5 but are found very infrequently and/or are not specific>'".

Other studies also showed poor predictive performance of the >480ms QTc cut-off with similar
sensitivity and specificity (26% and 99% respectively)* or recommend lower cut-offs'’. Although lower
cut-offs will lead to a higher sensitivity, they will be accompanied by a decrease in specificity. The well-
known considerable overlap*® in QTc between patients and controls will hamper LQTS diagnosis no
matter which fixed QTc cut-off is used. Our Baseline model shows that LQTS diagnosis can already be
improved by using a sex- and age-dependent QTc cut-off. The advantage of the Baseline model is that it
can be used without sophisticated software. As shown by the improved accuracy of the Extended model
and the Morphology model for LQT-3 patients, introducing T-wave morphology markers in the diagnosis
of LQTS further solves the issue of the considerable overlap in QTc between patients and controls.

The morphology score developed by Andersen et al.* is frequently used to characterize the T-wave
morphology and has been shown to improve LQTS diagnosis?>?. One of its strengths is that the
interpretation of the parameters is easy to understand and can guide cardiologists in the manual
assessment of the T-wave morphology. A downside of the score is that it only describes altered LQTS
T-wave morphology characteristics known so far. Unrecognized altered LQTS T-wave morphology
characteristics might therefore not lead to an abnormal morphology score. In this study we therefore
developed an objective method in which the SVM-model decides which characteristics are important.
This makes our HG-polynomial based method unbiased by current knowledge. Sugrue et al. developed
a T-wave analysis program that is also not based on known LQTS T-wave morphology characteristics®.
Although the overall accuracy of their T-wave analysis program is comparable with ours (86%), it should
be noted that Sugrue et al. included age- and sex-matched controls with no history of cardiac diseases.
A head-to-head comparison between both algorithms should assess whether either algorithm has
improved accuracy over the other, or whether there are certain subgroups in which one performs
better. Combining T-wave morphology characterizations of Sugrue et al. with ours might even lead to a
new, improved model.

In this study we only used the first two orders of the HG-polynomials to reduce the number of features
used in our approach. The errors of the fit in lead |, II, v2, v3 and v6 were among the most important
parameters in the Extended model. This indicates that the complexity of the T-wave is an important
classification in the diagnosis of LQTS. Although adding more orders or fitting more parameters might
improve the fits and the diagnosis, more data is likely needed for these more complicated models and
parameters. Unfortunately, current datasets do notinclude follow-up ECGs. Therefore, the reproducibility
of our algorithm could not be addressed.
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The aim of this study was to improve the diagnosis of genotype-positive LQTS patients. DNA testing
was used as the gold standard for diagnosing LQTS. However, DNA testing might not (yet) be a proper
gold standard for diagnosing LQTS since it has been shown that approximately 20% of clinically
diagnosed LQTS patients remain genetically elusive®®. Vice versa, pathogenic variants seem to have a
reduced penetrance and therefore do not always lead to symptoms and/or a prolonged QT-interval®®.
Predicting phenotype-positive LQTS patients based on symptomaticity might therefore be more useful
than predicting genotype-positive LQTS patients. However, studying symptomaticity bears other clinical
challenges since patients should ideally be off-treatment and followed intensively. Therefore, DNA
testing is still the most objective diagnostic method currently available.

7.5 Conclusion

In this study we showed that T-wave morphology can be characterized by using an automatic algorithm
that fits the T-wave using the first two Hermite-Gauss polynomials. We furthermore showed that a
support-vector-machine model based on combining weight coefficients of Hermite-Gauss polynomials
and the error of the fit, with age, gender and QTc significantly improves the diagnosis of genotype-
positive LQTS patients and their genotype-negative family members based on standard ECGs.
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7.7 Supplementary materials
7.7.1 Machine learning methods

The total Amsterdam dataset was divided into 10 folds of equal size with an equal ratio of LQTS patients
to controls within each fold. Each fold served as a test set once, while the remaining nine folds served
as the training set. Within each training fold, all features were normalized to have a mean of zero and
a variance of one. The test set was normalized using the original mean and variance of the features
of the training set to avoid any influence of the test set. For every fold, support-vector-machine (SVM)
models with 30 configurations consisting of every possible combination of three kernels (linear, radial
and 2nd order polynomial kernel) and ten different box constraints were trained and tested. The
box constraint parameter (varied from 1e® to 1e® in multiplications of 10) indicates how strictly the
model separates between LQTS and controls, with higher box constraint values leading to a stricter
separation. The different kernels use different functions to transfer the originally possibly non-linear
data into a higher-dimensional space in which the data becomes separable. All 30 model configurations
calculated a score reflecting the probability of exhibiting LQTS for all subjects once. Receiver operator
characteristics curves were calculated based on these scores and the model configuration that resulted
in the highest area under the curve was considered as the optimal SYM model configuration. Since the
composition of the ten folds can have an effect on the optimal model configuration, the optimization
was repeated 100 times whilst varying the division of subjects over the folds. The model configuration
that had the highest area under the curve the most frequently was used as the optimal configuration
and was trained and tested using a final 10-fold cross-validation. All steps were repeated for the three
different feature sets (Baseline, Morphology and Extended model) and only the performances of the
optimized SYM model were reported for every feature set. Finally, one model was trained on the entire
dataset using the optimal configuration for the feature set. This final model was thereafter validated on
the external validation set.
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10.1 Introduction

In this final chapter, the results, limitations and clinical relevance of the studies presented in this thesis
are linked and put in broader perspective. To that end, this chapter is divided into paragraphs that
discuss topics that either hamper or could aid in the diagnosis of LQTS. The following two paragraphs
(Paragraph 10.2 and 10.3) of this chapter discuss what to keep in mind when measuring and interpreting
the QT-interval and also briefly touches upon more sophisticated parameters derived from QT-interval
measurements. The added value of the T-wave morphology in the diagnosis of LQTS will be discussed in
Paragraph 10.4. Paragraph 10.5 reviews current issues with gold standard for the diagnosis of LQTS.
Finally, future perspectives for the diagnosis of LQTS are discussed in the last paragraph of this chapter
(Paragraph 10.6).

10.2 Measuring the QT-interval
10.2.1 Manual assessment of the QT-interval

The assessment of the QT-interval on standard 10-second electrocardiograms (ECG) has been used
worldwide for decades to evaluate the risk of sudden cardiac death due to LQTS'2. Traditionally, lead Il is
often referred to as the best lead to measure the QT-interval from?3“. Although all modern ECG recording
systems provide users with a QT-interval and a QT-interval corrected for heart rate (QTc), cardiologists
are often trained not to rely on automatically assessed QT-intervals and therefore often measure the
interval by hand. Unfortunately, many physicians (including cardiologists) cannot accurately estimate QT
and/or calculate a QTc and can therefore not correctly identify a prolonged QT-interval or QTc®. Both
underestimation of the QTc of patients with LQTS and overestimation of the QTc of healthy patients
were common?®. Driven by this distressing finding, Postema et al. reintroduced the tangent approach to
correctly and reliably determine the end of the T-wave®’, since determining the end of the T-wave is the
hardest part of measuring a QT-interval. In another approach used to determine the end of the T-wave,
the end is defined as the intersection of the terminal limb of the T-wave with the isoelectric baseline®
Several studies compared the tangent and threshold approach head-to-head and concluded that both
methods are more or less equally reliable and reproducible in determining the end of the T-wave® '
Still, we would advise to use the tangent approach since even inexperienced ECG readers were able to measure
QT-intervals accurately when using the tangent approach’.

A general downside of a manual QT-interval assessment is that it is time consuming wherefore, many
physicians will measure one complex and use only one ECG lead to do so. Since QT-intervals can change
over time as well as between ECG leads, the chosen complex as well as the used ECG lead influence
the measured QT-interval. We therefore advise that if manual QT-interval assessment is needed, measure
QT-intervals in multiple leads and complexes, especially when dealing with a borderline prolonged QT-interval.

10.2.2 Automatic QT-interval measurement algorithms

QT experts still question the accuracy of automatic measurements and recommend to supplement
these measurements with manual reading®. This distrust might be fed by a limited number of extreme
cases. Moreover, the current use of automatic algorithms can be improved. First of all, the algorithms
embedded in the ECG recording systems often are a black box. Understanding why and in which cases




144 | Chapter 10

the determination of the QT-interval might be erroneous might improve users’ confidence. Secondly,
not only the algorithm is a black box, also the detected landmarks (QRS onset and T-wave end) are often
not provided with the ECG by the systems. Users can therefore not appreciate the performance in a
blink of the eye by checking whether landmarks are correctly placed but have to manually estimate the
QT-interval instead. The third unknown in many algorithms is the used complex. The QT-interval is often
determined on an averaged complex over time (cf. Appendix Kligfield et al.”?) which is not provided by
standard ECG exports. All manual reassessments therefore assess other complexes which might lead to
other QT-intervals and once more feeds the idea that algorithms are questionable. Manufacturers should
provide details of their algorithms and show the landmarks used to calculate the intervals from in standard
ECG exports.

Custom-made algorithms are widely available, but also have some general limitations. First of all, custom-
made algorithms are often published in technical journals not read by physicians and therefore these
algorithms do not make it to the clinics. Secondly, details are often not provided wherefore implementing
the algorithm by others Is not straightforward. Cardiology departments furthermore often lack technical
knowledge to implement custom-made algorithm. Finally, the most important limitation might be the
missing or poor validation of many custom-made algorithms. The community should invest in developing
and validating a reliable open-source algorithm that can easily been used by clinicians all over the world.

10.3 Diagnosing LQTS using the QT-interval
10.3.1 QT cut-offs

In genetically confirmed LQTS, genetic mutations might lead to malfunction of ion channels thereby
delaying ventricular repolarization?®. This delayed ventricular repolarisation is reflected by a prolonged
QT-interval on the body surface ECG. Unfortunately, a prolonged QT-interval is not always caused
by LQTS and a normal QT-interval does not always imply that the patient does not have LQTS'. The
considerable overlap in QTc between LQTS patients and healthy controls have been shown in multiple
studies®3including the studies shown in this thesis (Chapters 3 - 8). This considerable overlap is one
of the main reasons for the troublesome diagnosis of LQTS.

Currentinternational guidelines mainly focus on QTc cut-offs in the diagnosis of LQTS'™®. The latest EHRA
guidelines recommend a QTc cut-off of >480ms in repeated ECGs or an LQTS risk score'” >3 for clinical
diagnosis of LQTS in asymptomatic patients'. LQTS should further be considered in the presence of a
QTc >460ms in patients with an unexplained syncopal episode’®. Data from the cohort used in Chapters
3 - 7 of this thesis illustrates that a large number of LQTS patients with confirmed pathogenic variants
in KCNQ1, KCNH2, or SCN5A have QTc < 460ms. Apart from genetic testing, these patients can only be
diagnosed using the LQTS risk score according to the guidelines. However, since QTc is incorporated
in the LQTS risk score, reaching an LQTS risk score > 3 with a QTc < 460ms is difficult’®. Many LQTS
patients will therefore not be diagnosed if one applies the diagnostic criteria recommended in the latest EHRA
guidelines. The diagnostic criteria in the guidelines should therefore be updated. Furthermore, the guidelines
should elaborate on the issues with diagnosing LQTS solely based on QTc to warn physicians unfamiliar with
these limitations and the possible consequences.
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The guidelines furthermore do not elaborate on what method should be used to assess the QT-interval
nor do they elaborate on the heart rate correction method. A comprehensive analysis of a large cohort
of LQTS patients and controls showed that diagnostic cut-offs should be specified both for the method
used to determine the QT-interval as well as for the method used to calculate the QTc with®. The best
known and most frequently used QTc correction in both clinical practice and research is Bazett's formula:
QTc=QT/RR"?(with QT in milliseconds and RR in seconds)'®. However, Bazett's formula overestimates QTc
at high heart rates and underestimates QTc at low heart rates®. The QTc correction formula proposed
by Fridericia (QTc = QT/RR'3) has been shown to be superior to Bazett by several studies?>-?2. The result
from Chapter 8 is a clear example of possible clinical implications of using Bazett's correction method:
whereas the QTc calculated using Bazett's formula showed a significant increase after a pulmonary vein
isolation, the QTc using Fridericia’s formula did not show any significant difference in QTc. The significant
increase in QTc Bazett can be explained by the increase in heart rate in halve of the study cohort and
the fact that Bazett is known to overestimate QTc at high heart rates. If we wouldn't have used Fridericia’s
formula as well, the conclusion of this study would be completely different. Although we do encourage
the use of Fridericia’s formula to correct QT-intervals for heart rate, one should keep in mind that all QTc
cut-offs derived from studies using Bazett's formula cannot be applied on QTc calculated with the use
of Fridericia’s formula. In summary, consensus on what heart rate correction method should be used should
be reached. Since Fridericia has been shown to be superior to Bazett and is as easy to calculate as Bazett, we
suggest shifting to Fridericia as the standard heart rate correction method. As a consequence of that, QTc cut-
offs should be adjusted for Fridericia’s method.

The QTc furthermore is affected by other influences such as age, sex, and hormones?. Therefore, in
Chapter 7 we described a support vector machine model which is trained to identify LQTS patients
based on the inputs age, sex and QTc. We showed that this model improved the diagnosis of LQTS
tremendously when compared with two often mentioned QTc cut-offs from >480ms and >450/460ms
for males/females. Large clinical studies on the possible added value of sex and age-based QT-interval cut-offs
should be performed and depending on the results, QT-interval cut-offs might have to be age- and sex-specific.

10.3.2 QT dynamics

Cardiac events are often triggered by physical or emotional stress in LQTS genetic subtypes LQT-1
and LQT-2"%. Therefore, studying the QT-interval dynamic behaviour during circumstances that mimic
arrhythmogenic triggers instead of using a standard 10-second resting ECG might improve LQTS
diagnosis. Three provocation tests that improve LQTS diagnosis have been described: exercise tests®-%,
epinephrine infusion®-" and the brisk standing test*2. A general downside of these studies is that they
all (except one™®) rely on manually assessed QT-interval measurements and therefore only measure a
limited number of complexes with the inevitable consequence that information is lost. In Chapter 4, we
applied our QT-interval algorithm from Chapter 2 on ECGs obtained during brisk standing tests and
extracted the same parameters as the initial studies did®>*. Although we were unable to reproduce the
diagnostic accuracy of this initial studies, a remarkable difference between male and female subjects as
well as between LQTS subtypes was found in our study (Chapter 4). Female LQTS patients were found
to have a more pronounced QT-interval prolongation initiated by the brief tachycardia provoked by
standing. Furthermore, the QT-interval prolongation was most pronounced in LQT-2 patients whereas
LQT-3 patients, on average, did not show any prolongation of the QT-interval. We encourage the use of
QT-interval algorithms to study the QT-interval dynamics in provocation tests since a manual assessment of the
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QT-intervals of a provocation tests offers a restrictive view of the dynamic behaviour. However, the landmarks
of QRS onset and T-wave end as detected by the algorithms should be manually checked to ensure reliable
QT-intervals. This is especially important for exercise and brisk standing tests since these are associated with
muscle noise and baseline wander.

10.3.3 Other QT measures

Two more sophisticated QT measures are QT variability**3¢ and QT dispersion®-. QT variability
reflects subtle temporal variations in ventricular repolarization duration and is repeatedly reported
to be increased in LQTS patients®-“2. The underlying physiological mechanism is not yet completely
understood. At rest, variations in heart rate might be the underlying cause of QT-interval variations*.
Other explanations and theories for QT-interval variations are: spontaneous sarcoplasmic reticulum
calcium release; fluctuations in ion channel gating properties; and changes in sympathetic tonus*. It
could very well be that all these explanations are entangled and therefore hamper the interpretation of
QT variability. Besides this, the interpretation of QT variability is furthermore hampered by the diverse
methods being used to determine QT variability. These methods range from the standard deviation or
variance of QT-intervals over time to sophisticated measures that require frequency domain analysis
of QT-intervals*. Furthermore, since QT variabilities are very small and require a lot of complexes to
be measured, proper use of reliable QT-interval algorithms as well as high quality ECGs are needed to
acquire a reliable QT variability. To conclude, QT variability could in future be a measure that improves LQTS
diagnosis but requires more research on the mechanistic as well as the technical aspects of this measure.

Whereas QT variability is a measure for QT variations in time, QT dispersion measures the difference in
QT-interval of one complex between ECG leads. The rationale behind QT dispersions is straight forward.
Experimental mapping studies showed that heterogenic ventricular repolarization times were associated
with ventricular arrhythmias*-” and ECGs were believed to be capable of recording regional differences
in de- and repolarization. However, the interpretation, measurement and cut-offs for QT dispersions are
not as straight forward as the idea itself. Malik et al. showed that reported normal values of QT dispersion
range from 10 to 71 milliseconds®. This is supported by the broad range of QT dispersions within
patients and between patients with atrial fibrillation undergoing a pulmonary vein isolation as shown in
this thesis (Chapter 8). A reason for this broad range of QT dispersion might be the measurement error
which, according to Malik et al., is about the size of the differences between patient groups®. Since QT
dispersion is calculated as the difference between the longest and the shortest QT-interval, only one
erroneous QT-interval calculation is enough for a false increased QT dispersion. However, even after
manually checking all QRS onset and T-wave end landmarks in the QT dispersions mentioned in Chapter
8, the range of QT dispersions found within and between patients with atrial fibrillation was still broad.
Lastly, a large QT dispersion most likely is a result of an altered T-wave morphology in at least one ECG
lead. It might therefore be more useful to study the T-wave morphology itself instead of a measure that
is affected by the morphology. In conclusion, though a ventricular heterogenic repolarization might lead
to different QT-intervals between ECG leads, the accuracy and reliability of current QT dispersion algorithms
should be investigated intensively before it can be used in the diagnosis of LQTS. Since an aberrant T-wave
morphology most likely is the cause of a large QT dispersion, an intensively study to the possible added value
of the T-wave morphology might be more useful than an intensive in QT dispersion.
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10.4 T-wave morphology

Apart from a prolonged QT-interval, altered T-wave morphologies have been described in LQTS
patients*-2. Many years ago, Peter Schwartz therefore already said: '‘Don’t (only) measure the QT-interval
- look at it!** The T-wave morphology might thus contain additional diagnostic information that is not
reflected by only the QT-interval. However, the interpretation of the T-wave morphology is subjective and
relies on experience. Therefore some groups developed algorithms to characterize T-wave morphology
and showed an improved diagnosis when using these algorithms>®-5¢. Despite these promising results,
none of these T-wave morphology characterizations are mentioned in current international guidelines
yet. In Chapters 6 and 7 we showed that two different T-wave morphology characterization methods
combined with age, sex and QTc improved LQTS diagnosis in a cohort consisting of LQTS patients and
LQTS family members. Though, the fact that T-wave morphology can aid in the diagnosis of LQTS is
proven by now, what algorithm has the best performance is still unknown and requires a head-to-head
comparison between available algorithms. Apart from the T-wave morphology at rest, Chorin et al.
showed that changes in T-wave morphology increased the diagnostic value of the brisk standing test®’.
Therefore, apart from standard 10-second ECGs, T-wave morphology characterization algorithms should
also be applied to ECGs obtained during provocation tests to study T-wave morphology dynamics. For
example, applying the Hermite-Gauss polynomial T-wave morphology characterization we've described
in Chapter 7 to quantify changes in T-wave morphology provoked by standing might further improve
the diagnostic value of the brisk standing test. Altogether, the question to be answered is not if the T-wave
morphology can aid in the diagnosis of LQTS, the question is how we can get the best out of the T-wave
morphology in the diagnosis of LQTS.

10.5 What do we want to diagnose?

Although many efforts are made to improve LQTS diagnosis, what should be diagnosed is still not
completely understood. In many studies (including Chapters 4-7 of this thesis), genetic testing results
were used as the gold standard for diagnosing LQTS. Although interpreting genetic testing results
seems relatively simple and straight forward, studies have shown differently. First of all, no known LQTS
mutations can be found in approximately 20% of clinically diagnosed LQTS patients®**°. Furthermore,
known pathogenic variants seem to have a reduced penetrance and therefore do not always lead to
symptoms and/or a prolonged QT-interval®'. To use genetic testing results as gold standard is therefore
debatable. In Chapters 6 and 7 a sensitivity of respectively 0.82 and 0.83 was reached by combining
QTc, age, sex with T-wave morphology parameters in support vector machine models. In Chapter 7,
the model was validated on an external cohort and reached a sensitivity of 0.79. Figure 7-2 shows that
all LQTS patients that were classified incorrectly by our model have a QTc within or slightly above the
normal range. Knowing that the penetrance of LQTS gene mutations are low, these ‘LQTS patients’ could
be patients without any phenotypic sign of LQTS and therefore classified as healthy controls by our
model. The other way around, some genotype-negative family members that were incorrectly classified
by our model, have prolonged QTc. These subjects might be LQTS phenotypic subjects without any
known LQTS mutation. Whether this is true remains unknown but it clearly illustrates the fact that we
don't know what should be diagnosed.

One could also say we should predict symptoms (for example syncope and cardiac arrest) since the
reason we want to diagnose LQTS after all is to prevent symptoms regardless of genetic mutations.
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However, conducting good clinical studies to predict symptoms is very complicated because of several
reasons. First of all, an asymptomatic patient can become symptomatic because of ageing or other
external influences?. Therefore, susceptibility for ventricular arrhythmias might change within months,
weeks, days or even within one day. How much time before the onset of symptoms should a method
therefore be able to predict symptomaticity is unknown. For example, if a patient becomes symptomatic
one month after it was predicted to be an asymptomatic patient, it is not clear whether the prediction
was wrong or whether external influences changed and subsequently caused the symptoms. Not only
does this hamper a future implication of such a model, it also hampers its development. Secondly,
though preventive treatments could blur the first recognizable effects of, for example, a patient's ECG,
they cannot be withheld from LQTS patients since the consequences might be devastating. Lastly,
symptoms very likely occur in an unmonitored setting through which the precise underlying mechanism
of the symptoms remains unclear. An incidental syncope in a patient suspect for LQTS can still be a
vasovagal syncope and therefore does not proof LQTS. For instance, Hofman et al. reported that 50
out of 87 subjects that experienced a syncope in a large cohort of LQTS relatives were non-carriers's. It
remains unclear whether these patients should be treated as phenotype-positive or genotype-negative
LQTS patients. To conclude, predicting symptoms and the susceptibility to ventricular arrhythmias could be
very useful but is still far away from reality. Therefore, in this thesis, genetic testing results were used as the gold
standard method to diagnose LQTS.

10.6 Future Perspectives

The diagnosis of LQTS is hampered by many known and probably also by many unknown factors. First
of all, the lack of consensus on the QT-interval measurement method and correction for heart rate
methods probably are the easiest to address. What method should be the gold standard for measuring
the QT-interval and correcting it for heart rate should be included in the international guidelines. We
recommend using Fridericia’s formula to correct QT-intervals for heart rates. The same holds for QT-
interval algorithms. Currently, all ECG system manufacturers and many researchers use their own
algorithm to measure the QT-interval. The community should invest in developing and validating an open
source QT-interval algorithm. Secondly, QT-interval cut-offs should be lowered and should be adjusted
for sex and age. Furthermore, automatic assessment of the T-wave morphology can guide in the aid of
diagnosing LQTS and should therefore be widely available. The diagnostic value of T-wave morphology
dynamics during provocation tests is an undiscovered field of research and should furthermore be
studied. Lastly, intensive cooperation between large LQTS centers is required to address the issues
of whether symptoms or LQTS mutations should be diagnosed. A large international structured
registry of all individuals suspect for LQTS containing at least standard 10-second ECGs, 24-hour Holter
measurements, symptoms, genetic mutations and medication use should be performed to unravel
factors that might affect LQTS diagnosis. Not only should data from more patients be gathered, studies
should also focus on gathering data of individual patients more frequently. Furthermore, the use of non-
invasive mapping with electrocardiographic imaging (ECGi) is a new and promising field that could aid in
the diagnosis of LQTS and should be explorer further®?. The use of wearables and home monitoring is
currently an unexplored field of research that could aid in understanding the mechanisms behind and
the temporal fluctuations in LQTS. If all this data is combined and studied carefully, hopefully, someday
a PhD student will defend his/her thesis entitled ‘Diagnosing LQTS, Simple’.
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The congenital long-QT syndrome (LQTS) is an inherited condition in which the ventricular cardiac action
potential can be prolonged due to an altered repolarization. The underlying mechanism of the altered
repolarization is a mutation in genes encoding ventricular ion channels involved in the repolarization
phase of the action potential. The prolonged action potential duration and altered repolarization is
typically characterized by an increased QT-interval and/or an abnormal T-wave morphology on
the electrocardiogram (ECG). LQTS patients have an increased risk on potentially lethal ventricular
arrhythmias such as Torsades de Pointes. An early diagnosis is crucial since current treatments are well
able to reduce the risk on a cardiac event.

Since LQTS owes its name to a prolonged QT-interval, it seems obvious to diagnose LQTS based on the
QT-interval. However, diagnosing LQTS solely based on the QT-interval comes with serious limitations.
First of all, manual assessment of the QT-interval is subjective and may lead to erroneous measurements.
Besides that, two often used methods to manually measure the QT-interval (the threshold and tangent
method) result in different QT-intervals while all maintaining the same cut-off for a prolonged QT-interval.
The sensitivity and specificity for the currently used cut-offs therefore differ per method. Secondly, an
existing considerable overlap in QT-intervals at rest between LQTS patients and healthy individuals
hampers the diagnosis of LQTS. Therefore, the diagnostic accuracy of a QT-interval driven diagnosis is
poor.

Apart from the diagnostic limitations of the QT-interval, DNA testing for known LQTS mutations also has
limitations. Other (unknown) genetic factors like mutations or variants distinct from the LQTS mutation
can influence the expression of the LQTS mutation or affect the repolarization via other pathways. As a
result, approximately 20% of phenotype-positive LQTS patients remain genetically elusive whereas on
the other hand, genotype-positive LQTS patients can be phenotype-negative. Therefore, classification
and reporting of potentially malign genetic variants might currently be incomplete and misleading.

In this thesis we addressed several of the above-mentioned limitations to improve the diagnosis of LQTS.

In Chapter 2, we developed and validated a QT-interval algorithm robust to heart axis orientation and
T-wave morphology that can be applied on a beat-to-beat basis. The algorithm not only uses the standard
12 ECG leads, but also a root mean square, standard deviation and vectorcardiogram to measure the
QT-interval from. Whereas the QRS-onset is taken from the root mean square, the end of the T-wave is
defined per individual lead and per reconstructed scalar ECG leads by an automated tangent approach.
The median of all T-wave ends is finally used as the general T-wave end for the particular complex.
To validate the algorithm, QT-intervals measured using the algorithm were compared with the QT-
intervals manually measured by three observers. Measuring errors between our algorithm and manual
measurements were similar or even smaller than inter-observer measuring errors and therefore we
concluded that the algorithm was a good objective alternative for manual QT-interval measurements.

In Chapter 3 we investigated whether genotype-negative individuals from LQTS families have a prolonged
QT-interval with respect to healthy controls. We hypothesized that, due to modifier genes, there would
be a graded increase in QTc from shortest in healthy non-family members, intermediate in genotype-
negative individuals from LQTS families and finally longest in genotype-positive LQTS patients. To study
this hypothesis, we applied our QT-interval algorithm as described in chapter 2 to standard 10-second
twelve-lead ECGs obtained from healthy subjects, genotype-negative individuals from LQTS families
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and genotype-positive LQTS patients. A multilevel linear regression analysis with QTc as the dependent
variable and sex, age, and LQTS-family vs no-family and LQTS vs no-LQTS as independent variables
showed that there was no difference between genotype-negative individuals from LQTS families and
healthy control subjects.

In Chapters 4 and 5 we studied the brisk standing test that has been presented as a promising bed-
side provocation test that could aid in the diagnosis of LQTS. The so far promising results of the brisk
standing test rely on manually assessed QT-intervals of several predefined complexes. In Chapters 4
and 5 we examine the diagnostic value of the QT-intervals of these complexes as well as the dynamic
behaviour of the QT-intervals of all complexes in adult (Chapter 4) and paediatric (Chapter 5) LQTS
patients and controls. For both the adult and the paediatric cohort, the brisk standing provocation did
not result in a better classification of LQTS patients. The diagnostic accuracy of QT-intervals measured
during provocation did not significantly improve compared to the diagnostic accuracy of QT-intervals
during baseline (i.e. QT-intervals at rest). The reasons why our results differ from previous studies
remain unknown. Assuming that the analysis protocol and the use of our QT-interval instead of manual
assessment of the QT-interval did not cause these differences, inequalities in our cohort compared
with the previously used cohorts might explain the differences. The data used in our study is more
a reflection of a ‘real-world-population’ than the data used in the previous studies. For example, the
control groups of the previous studies largely consisted of healthy volunteers whereas we included
patients suspect for LQTS as controls.

Apart from a prolongation of the QT-interval, T-wave morphology variations are also seen in LQTS
patients. In Chapters 6 and 7 we investigate the added value of T-wave morphology markers obtained
from standard 10-second 12-lead ECGs in the diagnosis of LQTS. In Chapter 6 we trained and tested two
models: a baseline model with age, sex, heart rate, QT-interval and QT-interval corrected for heart rate
(QT0) as inputs and an extended model including several known T-wave morphology-features next to
the baseline model parameters. The extended model resulted in a major rise in sensitivity and specificity
compared to the baseline model. From this, we concluded that T-wave morphology does have an
added value in the diagnosis of LQTS. Although the model described in Chapter 6 already increased the
diagnostic accuracy, a downside of the morphology features used in this chapter is that they describe
altered LQTS T-wave morphology characteristics known so far. Unrecognized altered LQTS T-wave
morphology characteristics might therefore not lead to an abnormal morphology characterisation.
Therefore, in Chapter 7 we developed an objective method to characterize T-wave morphology based
on Hermite-Gauss polynomials. The diagnostic accuracy was again compared with a baseline model
containing age, sex and QT-intervals. The extended model again had a better overall accuracy compared
to the baseline model and could, based on the T-wave morphology characterization and in contrast to
the baseline model, also accurately diagnose LQTS patients with a QTc down to 400ms.

Other pathologies or treatments can also lead to a prolonged QT-interval. In Chapters 8 and 9 we
studied two interventions that might lead to a prolonged QT-interval. In Chapter 8 we studied the effect
of a pulmonary veinisolation (PVI) on QTc. PVI has become the cornerstone treatment for atrial fibrillation
but unintentional modulation of the ganglionated plexi by PVI might affect ventricular electrophysiology.
Recently, an experimental study in canine hearts showed an increased ventricular action potential
duration after ablating the ganglionated plexi. To investigate whether PVI induces a prolongation of
QTc, we compared QTc's obtained one day before, one day after and three months after PVI in 279

Summary | 157

patients. No statistically significant within-subject difference in QTc was found between the recordings
indicating that PVI on average does not prolong QTc. Whether this is because a standard PVI does
not modulate the ganglionated plexi (enough) or whether the gaglionated plexi modulation does not
prolong QTc cannot be concluded from this study. In Chapter 9 we study the effect of various calcium
concentrations in dialysates on the QT-interval. A low dialysate calcium concentration may positively
affect the calcification tendency in serum of haemodialysis patients. However, calcium is an important
electrolyte in the repolarization of cardiac myocytes and a lower calcium concentration in the dialysate,
and subsequently in the blood, might lead to a prolonged cardiac action potential and thus a prolonged
QT-interval. In Chapter 9 we analysed ECGs recorded in a four-week multicentre randomized cross-
over trial in which 13 patients received different dialysates during their thrice weekly haemodialysis
sessions. The results of this study showed that QTc significantly increases during haemodialysis session
with an acetic-acid dialysate with calcium concentration of 1.25mmol/L and a citric-acid dialysate with
a calcium concentration of 1.50mmol/L whereas the QTc did not significantly increase during sessions
with an acetic-acid dialysate with a calcium concentration of 1.50mmol/L. Benefits of the lower calcium
concentration might therefore not be worthy in all haemodialysis patients and, hence, dialysate
concentrations should be personalized for each patient.

In Chapter 10, all findings of the various chapters as well as all currently known limitations of the
diagnosis of LQTS were put into broader perspective. The main conclusions of this thesis that could
improve LQTS diagnostics are:

The automatic QT-interval algorithm described in Chapter 2 is as accurate as instructed manual
observers are.

QT-intervals at rest do not differ between healthy subjects and genotype-negative individuals from
LQTS families (Chapter 3).

Contradictory with earlier studies, we could not replicate earlier documented added diagnostic
value of brisk standing tests for the diagnosis of LQTS in an adult and paediatric cohort (Chapter
4 and 5)

T-wave morphology contains additional diagnostic information that can be useful to diagnose
LQTS. (Chapter 6 and 7)

Pulmonary vein isolation, on average, does not induce a prolongation of QTc (Chapter 8)
QTc significantly increases during haemodialysis with an acetic-acid dialysate with calcium

concentration of 1.25mmol/L as well as with a citric-acid dialysate with a calcium concentration of
1.50mmol/L (Chapter 9)
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B.1 Introduction

Diagnosingthelong-QTsyndrome (LQTS)assoon as possibleis crucial since 26% of untreated symptomatic
LQTS patients will have a lethal cardiac event within three years'. If recognized and treated early enough,
mortality rate drops to approximately 1% over a 15-year follow-up?. Unfortunately, as the title of this
thesis already highlights, diagnosing LQTS is simple but not easy. One reason for this is the complex
underlying genetic origin of LQTS that is not yet completely understood. For example, approximately
20% of phenotype-positive LQTS patients remain genetically elusive, i.e. none of the currently known
pathogenic mutations are found in these patients®. A phenotype-based diagnosis of LQTS can also be
complicated since known pathogenic mutations do not always lead to symptoms or other phenotypic
signs of LQTS*. A considerable overlap in QT-intervals obtained from electrocardiograms (ECG) between
affected and unaffected individualsé hampers screening for LQTS based on standard ECGs.

Research into the field of diagnosing LQTS is very relevant for two reasons. First of all, new studies might
directly lead to better diagnosis of LQTS because of new diagnostic tools. Secondly, studies into the
field of diagnosing LQTS might lead to an enhanced understanding of the disease and the link between
genotype and phenotype. In this thesis, we aimed to improve the diagnosis of genotype-positive LQTS
based on computational analysis of the electrocardiogram and therefore contribute to both fields.

B.2 New diagnostic tools

In Chapter 2 we present a fully automated algorithm to measure QT-intervals. This could lead to a
better diagnosis of LQTS since it has been shown that most physicians seem to be unable to identify a
prolonged QT-interval when they encounter one’. One of the reasons for this is erroneous QT-interval
measurements. Therefore, diagnosis would be easier for physicians if they would have access to a
reliable, objective and automated method to measure the QT-interval. Our algorithm is widely applicable
and formed the basis of this thesis as it is applied in all follow chapters.

Apart from a prolonged QT-interval, altered T-wave morphologies can often be seen on ECG from LQTS
patients and could therefore aid in the diagnosis of LQTS®'°. Many LQTS experts do not only measure
the QT-interval but also evaluate the T-wave morphology in an ECG suspect for LQTS'"'2. This subjective
method, however, requires training and experience causing it to be more or less reserved for LQTS
experts. In Chapter 6 and Chapter 7 we therefore developed two algorithm-based automatic T-wave
morphology characterization methods that can help in the diagnosis of LQTS. Both algorithms had an
increased accuracy in the diagnosis of LQTS compared to QT-interval driven diagnosis.

Both the automated algorithm to measure QT-intervals (Chapter 2) as well as the T-wave morphology
characterizations (Chapters 6 and 7) are applicable on standard 10-second 12-lead ECGs. Since it is
very cheap to record these ECGs and since they are already being recorded in all LQTS suspects, both
methods can be applied without any additional costs. Especially because the algorithms are easy to
reproduce or are made freely available on request by e-mail. Thereafter, since the algorithms are fully
automatic, using the algorithms does not require any additional effort and physicians’ experience does
not affect the result. The diagnostic accuracy of LQTS could also be increased in non-specialized centres
when using the algorithms presented in this thesis. Fewer patients should thereafter be referred to
specialized centres for diagnosis. Apart from an improved diagnosis, the ‘time-to-diagnosis’' can also be
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significantly reduced by these algorithms meaning that therapies can be started earlier and patients
will be kept shorter in uncertainty. The algorithms might furthermore be useful in the follow-up of LQTS
patients. Changes in lifestyle, ageing or other (new) health conditions might change the expression
of LQTS wherefore treatments could be reduced or should be enhanced to prevent cardiac events.
The algorithms might be a useful tool to assess the expression of LQTS and therefore might lead to
personalized treatments. However, this has not been investigated within this thesis, new research on
this topic is needed.

B.3 Enhanced understanding

In2010, a new elegant bed-side provocation test that could aid in the diagnosis of LQTS was introduced'=.
The QT-interval of LQTS patients was thought to adapt less to a short episode of tachycardia provoked
by standing in comparison with healthy subjects'. In Chapter 4, we examine the diagnostic value of this
test and study the dynamic behaviour of the QT-interval in a beat-to-beat manner. Up until now, the
diagnostic value of the supine-standing test was promising. However, all studies were performed on an
adult cohort. In Chapter 5 we examined the diagnostic value of the supine-standing test on a paediatric
cohort. For both the adult (chapter 4) and the paediatric cohort (chapter 5), we remarkedly found that
the QT-intervals measured during the test did not have an additional value to the QT-interval measured
during baseline (which is similar to a QT-interval measured on a standard ECG). Since we were unable
to reproduce the diagnostic value of the supine-standing test in adult patients and found no additional
value in a paediatric cohort, the usefulness of the test suddenly is unclear. These new insights revealed
that the test might lead to false positive or even worse, false negative diagnosis. As a result, healthy
subjects might receive unnecessary treatment and LQTS subjects might remain untreated with all the
associated consequences.
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