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An explainable algorithm for detecting drug-induced QT-prolongation at risk of torsades de
pointes (TdP) regardless of heart rate and T-wave morphology
Alaa Alahmadi, Alan Davies, Jennifer Royle, Leanna Goodwin, Katharine Cresswell, Zahra Arain, Markel Vigo, Caroline
Jay

• We develop an explainable algorithm to detect drug-induced QT-prolongation at risk of torsades de pointes (TdP)
regardless of heart rate and robust to T-wave morphology changes using a ‘human-like’ approach, where human
perception of the ECG signal is used to determine features, and diagnostic rules are determined according to the
clinical literature.

• Testing the algorithm on a large number of ECGs (n = 5050) with variable QT-intervals at varying heart rates
yields a Matthews correlation coe�cient (MCC), balanced accuracy, sensitivity and speci�city of 0.88, 0.97, 0.94, 0.99
respectively.

• We explore whether we can improve the algorithm by automating the rule-generation with a decision tree. We �nd
that we can, but the rule-based decision tree algorithm over�ts and generalises less well than the ‘expert’ evidence-
based rule algorithm, and that whilst the decision tree rule algorithm is technically explainable, it is not clinically
explainable.

• A focus group evaluation con�rms the explainability of the algorithm is important, supporting an ‘expert’ rule-based
approach, rather than a fully automated approach.

• De�ning features according to human interpretation heuristics provides a promising route to automating ECG inter-
pretation, and has the bene�t of being explainable to patients and clinicians. Automating rule generation based on
these features has potential, but here it is not su�cient to produce a reliable, trustable algorithm. A human-in-the-
loop approach, where machine learning is a tool used to surface potential rules, but these are validated empirically
before being implemented, may be the best approach to use in clinical practice.
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A B S T R A C T

Torsade de points (TdP), a life-threatening arrhythmia that can increase the risk of sudden cardiac
death, is associated with drug-induced QT-interval prolongation on the electrocardiogram (ECG).
While many modern ECG machines provide automated measurements of the QT-interval, these
automated QT values are usually correct only for a noise-free normal sinus rhythm, in which the
T-wave morphology is well de�ned. As QT-prolonging drugs often a�ect the morphology of the
T-wave, automated QT measurements taken under these circumstances are easily invalidated. An
additional challenge is that the QT-value at risk of TdP varies with heart rate, with the slower the
heart rate, the greater the risk of TdP. This paper presents an explainable algorithm that uses an un-
derstanding of human visual perception and expert ECG interpretation to automate the detection
of QT-prolongation at risk of TdP regardless of heart rate and T-wave morphology. It was tested
on a large number of ECGs (n = 5050) with variable QT-intervals at varying heart rates, acquired
from a clinical trial that assessed the e�ect of four known QT-prolonging drugs versus placebo on
healthy subjects. The algorithm yielded a balanced accuracy of 0.97, sensitivity of 0.94, speci�city of
0.99, F1-score of 0.88, ROC (AUC) of 0.98, precision-recall (AUC) of 0.88, and Matthews correlation
coe�cient (MCC) of 0.88. The results indicate that a prolonged ventricular repolarisation area can
be a signi�cant risk predictor of TdP, and detection of this is potentially easier and more reliable
to automate than measuring the QT-interval distance directly. The proposed algorithm can be vi-
sualised using pseudo-colour on the ECG trace, thus intuitively ‘explaining’ how its decision was
made, which results of a focus group show may help people to self-monitor QT-prolongation, as
well as ensuring clinicians can validate its results.

1. Introduction
This paper provides a new perspective on the challeng-
ing topic of electrocardiogram (ECG) interpretation. ECGs,
which represent the electrical activity of the human heart,
are powerful and widely used diagnostic instruments. The
data they contain is rich and extremely complex, however,
and learning how to accurately interpret them can take
many years. Automated systems can identify a normal si-
nus rhythm with reasonable accuracy, but are much poorer
at reliably detecting abnormalities [22, 62, 67]. A clini-
cally signi�cant cardiac abnormality that automated meth-
ods have been shown to be particularly unreliable at de-
tecting is QT-interval prolongation [22, 26, 48, 62, 73, 75].
This can be congenital, or acquired, resulting from the clin-
ical administration of certain pharmacological drugs, and
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is associated with a life-threatening arrhythmia known as
Torsade de Pointes (TdP) [12, 85].

In this work, we combine knowledge of human per-
ception with clinical expertise to develop an automated
algorithm that can reliably detect patients with QT-
prolongation at risk of Torsade de Points (TdP). We take
as our starting point a visualisation technique that dis-
plays the ECG signal such that a lay person can detect QT-
interval prolongation quickly and accurately. The infor-
mation encoded in the visualisation is mapped to a set of
features, which form the basis of two interpretation algo-
rithms: an ‘expert’ set of rules, which are formed according
to clinical practice; and a decision tree, which automates
the generation of rules from the same set of features. Whilst
the decision tree appears more accurate when trained and
tested with cross-validation, the expert algorithm is more
accurate when tested on unseen data.

2. Background and signi�cance
2.1. Identifying patients at risk of TdP
Torsades de pointes (TdP), or ‘twisting of the points’, was
a term �rst used in 1966 by Francois Dessertenne to de-

Alahmadi et al.: Preprint submitted to Elsevier Page 1 of 25



An explainable algorithm to detect QT-prolongation at risk of TdP

scribe a form of polymorphic ventricular tachycardia, in
which the continuously changing polarity and amplitude
of the QRS complexes appear to twist around the isoelec-
tric line of the electrocardiogram (ECG) [18]. It is a po-
tentially lethal arrhythmia that can degenerate into ven-
tricular �brillation, the leading cause of sudden cardiac
death in young individuals with structurally normal hearts
[21, 58, 82, 85]. It is often precipitated by triggers such as
emotional stress or exercise, especially swimming [9, 78].
Since the time of its original description by Dessertenne, it
has been well-established that TdP is frequently associated
with QT-interval prolongation on the ECG, and is caused by
a cardiac ion channelopathy known as ‘long QT syndrome’
(LQTS)[18, 21, 82, 85].

Whilst TdP can result from both congenital and ac-
quired long QT syndrome, acquired LQTS caused by phar-
macological drugs is by far the most common cause of TdP
[12, 21, 82, 85]. A steadily increasing number of med-
ications have been reported to cause drug-induced QT-
prolongation, TdP and sudden cardiac death [12, 21, 46].
This, in turn, has troubled clinicians, the pharmaceuti-
cal industry and regulatory authorities, particularly be-
cause many of these QT-prolonging drugs, including an-
tihistamines, psychotropics, antibiotics and antiarrhythmic
agents, are widely prescribed, often for self-limited diseases
[82, 85].

The QT-interval represents the duration of the ventric-
ular depolarisation and repolarisation cycle; it is measured
on the ECG from the beginning of the QRS complex (re-
�ecting ventricular depolarisation) to the end of the T-wave
(representing subsequent repolarisation) [30]. In LQTS, a
delay occurs in ventricular repolarisation, which increases
the risk of premature ventricular contraction (PVC) occur-
ring during the relative refractory period of repolarisation,
re�ected on the ECG by a unique pattern known as the R-
on-T phenomenon that initiates TdP [6, 85] (see Figure 1).
Dividing the ventricular repolarisation period into early
and late repolarisation, shown on the ECG as the J–T peak

and T peak-T end intervals respectively (Figure 1), is recom-
mended for assessing the risk of drug-induced TdP; many
TdP episodes are reported following a prolonged T peak-
T end interval in particular [7, 15, 40, 42].

Measuring the QT-interval, however, is known to be
a challenging task [12, 25, 56, 57], making drug-induced
QT-prolongation detection di�cult, even for clinicians who
routinely read ECGs [70, 77]. Whilst it is relatively easy to
determine the beginning of the QRS complex (or RS com-
plex if there is no Q-wave), identifying the end of the T-
wave is recognized as being the most di�cult aspect of
measuring the QT-interval [12, 25, 30, 56]. Numerous meth-
ods have been proposed [25, 30, 38, 45, 53, 54, 59, 60, 66],
among which the tangent method is the most popular [60],
but all techniques have been shown to be associated with
potential inaccuracies [12, 56]. A major challenge lies in
the fact that the morphology (shape) of the T-wave itself
can be very variable, and QT-prolonging drugs may cause
abnormal changes in it [12, 45, 76, 56]. Variability in T-

wave amplitude [52], a prolonged, �at T-wave, and fused
T-U waves (also known as T-U complexes) can easily in-
validate QT-interval measurement [12, 37, 49, 45]. This is-
sue complicates both manual and automated QT-interval
measurement, and the best method to use remains a sub-
ject of debate [12, 43, 67]. At present, despite numerous
e�orts [35, 36, 43, 53, 54, 59], no automated QT-interval
measurement method is considered reliable enough to be
used in the clinical assessment of the cardiac safety of a
QT-prolonging drug [12, 22, 26, 48, 55, 62, 67, 73, 75]. Auto-
mated methods in the literature fall into two categories ac-
cording to how the end of the T-wave is de�ned: threshold-
based methods and slope-based methods [12, 53, 54, 59].
Threshold-based methods identify the end of the T-wave
based on threshold levels, de�ned as a fraction ranging
from 5% to 15% of the amplitude or di�erential of the T-
wave [12, 36]. In slope-based methods, the end of the T-
wave is de�ned as the interception of the maximum T-wave
slope with the isoelectric line [12, 36]. As the steepest part
of the descending portion of the T-wave is a�ected by T-
wave morphology, di�erent methods have been proposed
to identify the maximum T-wave slope, including the tan-
gent method, peak slope method, and least-square �tting
method [12, 36, 53, 54, 79]. Generally, slope-based meth-
ods provide a better estimation of the QT-interval than
threshold-based methods, as the results of the latter vary
according to the threshold level and the T-wave morphol-
ogy [12, 35, 83]. However, the accuracy of slope-based
methods can be signi�cantly reduced when the T-wave has
a slow-moving de�ection that fails to return to the ECG
baseline, making the steepest slope hard to de�ne [12]. In
addition, these methods depend on an accurate identi�-
cation of the isoelectric line, which is known to be in�u-
enced by noise and ECG baseline wander (a type of arte-
fact) [12, 67]. Bizarre automated QT measurements are also
sometimes reported, even for normal, noise-free ECGs [12].

Assessing the risk of drug-induced TdP also bene�ts
from consideration of the ventricular repolarisation mor-
phology more generally [31, 74]. Augmented U-waves,
or partial/complete T-U wave fusion, where the T and U
waves cannot be distinguished, are signi�cant risk predic-
tors of TdP [47, 49]. In most cases, this is shown to be,
in fact, a prolonged biphasic, or notched T-wave [84, 76].
For certain T-U morphologies commonly reported in drug-
induced long QT syndrome, measuring the QT-interval as
a simple time period may lack diagnostic validity, and the
presence of prolonged fused T-U waves should be viewed
as a more accurate predictor of TdP [12, 31].

2.2. A human-like approach to automated ECG
interpretation

We have shown in previous work that superimposing
pseudo-colouring, a technique that represents continu-
ously varying values using a sequence of colours [80], on
the ECG signi�cantly improves people’s ability to detect
QT-prolongation at risk of TdP, regardless of heart rate
[4]. Our technique draws from the �eld of pre-attentive
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Figure 1: An illustration of drug-induced QT-interval prolongation and the R-on-T phenomenon that initiates torsades de pointes (TdP)
arrhythmia on the electrocardiogram (ECG).

processing theory in human vision, which outlines a set
of visual properties including colour that can be detected
rapidly and accurately by the human eye [32, 33, 81]. This
form of data presentation helps to overcome the problem
of identifying the end of the T-wave, directing the ob-
server instead to inspect repolarisation morphology. The
technique was designed to support ‘intuitive’ visual per-
ception of drug-induced LQTS, both for patients on a QT-
prolonging drug, and clinicians with less training in ECG
interpretation. The technique colours the area under the
curve of the ECG signal within the ventricular repolarisa-
tion period relative to the R-peak, with a gradient of cool
colours (purple to blue to green) indicating normal QT-
interval ranges, and warm colours (yellow to orange to red)
showing abnormal QT-interval ranges. As the ventricular
repolarisation period is represented by the T-wave on the
ECG [12], the pseudo-colour highlights its position in rela-
tion to the inter-heartbeat time dimension, without need-
ing to identify either the peak or end of the T-wave. The
pseudo-colouring was adjusted for heart rate using the ‘QT
nomogram’, which is a risk assessment method designed
speci�cally for identifying patients at risk of drug-induced
TdP according to heart rate [13, 24]. Figure 2 shows ex-
amples of ECGs with pseudo-colouring that have di�erent
heart rates, but similar levels of TdP risk according to QT-
interval; the dashed lines represent the QT nomogram line
value at risk of TdP for a given heart rate. More details
about the pseudo-colouring technique and its evaluation
can be found in [3, 4].

Here, we exploit an understanding of how humans use
pseudo-colouring to determine QT-interval length to in-
form a new approach to the automated detection of QT-
prolongation. We term this approach human-like, as the
knowledge representation and reasoning processes used
within the algorithm are inspired by the way in which hu-
mans interpret ECGs.

Long QT syndrome refers to a prolongation of the ven-
tricular repolarisation period, represented by the T-wave

on the ECG [12]. Although the interval of interest starts
at the Q-wave, it is the prolongation of the T-wave in par-
ticular that is the ECG marker for LQTS, rather than the
QRS complex that represents the ventricular depolarisa-
tion period [12]. As the T-wave generally has the largest
area under the curve (AUC) of the ECG signal, the pseudo-
colouring provides a way to approximate QT prolongation,
alleviating the need to measure the QT-interval distance
precisely.

Although using AUC to assess the risk of drug-induced
LQTS has yet to appear in the automated ECG interpreta-
tion literature, it has been theoretically suggested by Bon-
ate et al. (1999), who proposed a univariate summary mea-
sure that calculated the total area under the QT interval for
both the ECG baseline and the post-dose ECG [10]. How-
ever, this method still required identi�cation of the begin-
ning of the Q-wave and the end of the T-wave to locate the
QT-interval for comparison, and lacked clarity on whether
both positive and negative values from the ECG isoelectric
line be used in the calculation, or only positive values.

Our proposed algorithm avoids the necessity of locating
the start and end of the QT-interval by considering the AUC
in reference to the easily detectable R-peak, as described in
Section 3.2.1. In a pilot study, we took the ECG signal with
superimposed pseudo-colour as a starting point, and cal-
culated the AUC for each colour in the sequence using the
trapezoidal rule [2]. The QT-interval was considered ‘pro-
longed’ if the warm pseudo-colours (yellow to orange to
red) occupied more than 50% of the AUC of the ECG sig-
nal, i.e. when the T-wave contained more warm than cool
colours; otherwise it was considered ‘normal’. When tested
on a clinical dataset of 40 ECGs, the algorithm was more
accurate in detecting QT-prolongation at risk of TdP than
current signal processing techniques, including threshold-
based and slope-based QT-interval measurement methods.

However, this pilot version of the algorithm has two
signi�cant limitations. Firstly, as it relies on the ra-
tio of warm to cool pseudo-colour under the T-wave, it
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Figure 2: Pseudo-coloured ECGs that have di�erent heart rates, but similar QT-interval TdP risk levels. The dashed lines represent the
QT nomogram line value at risk of TdP. (A) QT-intervals are below the nomogram line by 120ms for both ECGs (no risk of TdP). The top
stimulus has a low heart rate (HR = 55, QT = 361) and the bo�om has a high heart rate (HR = 83, QT = 329). (B) QT-intervals are above
the nomogram line in both ECGs (risk of TdP). The top stimulus has a low heart rate (HR = 52, QT = 579) and the bo�om has a high
heart rate (HR = 85, QT = 470).

may inaccurately classify the QT-interval as normal where
drugs prolong both early and late ventricular repolarisa-
tion, shown on the ECG as prolonged J–T peak and T peak-
T end intervals, or when a patient has an electrolyte abnor-
mality such as hypercalcemia alongside QT-prolongation.
In these cases, the width of the T-wave may increase, and
thus contain proportionally more cool colours than warm.
Figure 3 shows an example of this issue, where the pseudo-
coloured ECG has wide T-waves with clinically prolonged
J–T peak and T peak-T end intervals, and the percentage of
warm colours area is therefore only 28.67%—considerably

below the 50% threshold required for a ‘prolonged’ result
from the algorithm. Secondly, calculating the AUC alone,
without inspecting the shape of the curve, makes it di�cult
to distinguish between T and U waves, particularly where
there are signi�cant T-wave morphology changes.

In this paper, we combine the information about QT-
interval length provided by the pseudo-colour with addi-
tional knowledge about T-wave morphology to generate a
set of visual features that form the basis of an automated al-
gorithm that can determine risk of TdP across a wide range
of cases. We empirically compare two approaches to build-
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Figure 3: A pseudo-coloured ECG that has wide T-waves with prolonged J–T peak and T peak-T end intervals but only 28.67% warm colours.
The dashed lines represent the QT nomogram line value at risk of TdP.

ing the algorithm: a manually-curated ‘expert’ algorithm
that incorporates knowledge from the clinical literature;
and a decision tree, which automates the generation of the
rules from the data. In addition, we report the results of
two focus groups—one consisting of patients, the other of
clinicians—which explored the relevance of our approach
to clinical practice.

3. Materials and methods
In this section, we provide a detailed description of how the
algorithm was developed in 3.2 and explain the evaluation
process in 3.3. The source code for the algorithm can be
found in [5].

3.1. ECG data acquisition
The ECG datasets (n = 5050) were acquired from a clinical
trial that assessed the e�ect of four known QT-prolonging
drugs versus placebo on healthy subjects [40]. The 10-
second lead-II recording was selected from each 12-lead
ECG, as this is typically used to measure the QT-interval
[12]. The heart rates of the ECGs ranged from 40 to 96
beats per minute (bpm), and the QT-interval values ranged
from 300 to 579 ms. The ECGs were from 22 subjects who
received a single dose of a pure hERG potassium chan-
nel blocker (‘Dofetilide’), and three drugs that block hERG
and either calcium or late sodium currents (‘Quinidine’,
‘Ranolazine’, and ‘Verapamil’), during a placebo-controlled
cross-over trial.

As part of the clinical study methodology, QT-intervals
and heart rates were calculated for all ECGs, and it is these
QT/HR values that were used as ground truth for our subse-
quent evaluation of the algorithm. According to the QT/HR
pair plots of all ECGs on the nomogram [13], 180 ECGs
were on or above the nomogram line, showing risk of TdP,
while the other ECGs (n = 4870) were below the nomo-
gram line, as shown in Figure 4. The open ECG datasets
are available online from the PhysioNet database [29].

3.2. Algorithm development
3.2.1. Pseudo-colouring application
The R-peaks in the ECG signal were detected using an au-
tomated math function that �nds the greatest peaks (max-
ima), according to regular pattern in the signal [11]. The

average RR-interval and heart rate were calculated. The
TdP risk threshold was calculated for each heart rate using
the nomogram line [13].

In clinical practice, the QT-interval is measured by
counting the small squares (each representing 40 ms) on the
standard ECG background grid from the beginning of the
Q-wave to the end of the T-wave [12]. An approximate time
for the ventricular depolarisation and repolarisation cycle
was calculated for each heartbeat from the R-peak minus
20 ms (which served as a proxy for the beginning of the Q-
wave) to the maximum potential QT-prolongation at risk of
TdP, which was estimated as the QT-nomogram line value
at risk of TdP plus two small squares (80 ms). This formed
an additional inter-heartbeat time dimension, to which the
pseudo-colour could be mapped.

As the time period of interest is the duration of ven-
tricular repolarisation, the pseudo-colouring sequence was
applied to the area between the isoelectric line (where am-
plitude is zero) and the ECG signal, starting at the time of
the QT-nomogram line value at risk of TdP plus two small
squares (80 ms) to six small squares (240 ms) below the
nomogram line. The time of the QT-nomogram line value
at risk of TdP was mapped to dark orange, and values 40
ms and 80 ms above the nomogram line were mapped to
red and dark red respectively, showing the higher risk of
TdP. Time values below the nomogram line were mapped
to progressively cooler colours, showing no risk of TdP.
This resulted in nine indices on the pseudo-colouring scale,
where each index was mapped to a colour code and repre-
sented a small square on the ECG. Figure 5 illustrates how
the pseudo-colouring technique was applied according to
the QT nomogram line and the standard ECG background
grid.

3.2.2. Calculating the pseudo-coloured area under
the curve (AUC) of the ECG signal

The pseudo-coloured area under the curve (AUC) of the
ECG signal was calculated using the trapezoidal rule. In
mathematics, and more speci�cally in integral calculus, the
trapezoidal rule is a common method for approximating the
area under the curve of a linear function, which works by
dividing it into a number of intervals of equal width [86].
That is, given a linear function f (x) of a real variable x
and an interval [a, b], the rule estimates the area under the
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Figure 4: Assessment of the TdP risk for all ECGs (n = 5050) using the QT-nomogram. According to the acquired QT/HR pair values
from the clinical trial study: (A) A total of 180 ECGs were on or above the nomogram line, showing risk of TdP. (B) The other ECGs
(n = 4870) were below the nomogram line, showing no risk of TdP.

Figure 5: An illustration of how the pseudo-colouring technique was applied according to the QT nomogram line and the standard
ECG background grid. A small square on the grid is equal to 40 ms.

graph of the function f (x) as a trapezoid, calculating its
area as follows:

b

∫
a

f (x)dx ≈
(f (a) + f (b))

2
(b − a) (1)

The time dimension of the raw ECG signal is repre-
sented by integer numbers ranging from 1 to 10000 mil-

liseconds for a 10-second ECG recording. To maximise the
precision of the calculation, we considered [a, b] to be the
interval of two successive timestamps in the ECG signal,
where the di�erence between them is equal to one mil-
lisecond. If we consider the ECG time interval of x1 and
x2, the trapezoidal rule was applied by taking the average
amplitude of the ECG signal on the Y-axis of this interval
as f (x1) and f (x2), and multiplying it by the di�erence in
time between x1 and x2, which is always equal to one. The
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Figure 6: Pseudo-coloured ECGs with normal QT-intervals (no risk of TdP), and their global representation graph, showing the calcu-
lated

∑

AUC for each pseudo-colour across the whole ECG signal. (A) The ECG has a low heart rate (HR = 55, QT = 361), and displays
a greater area of cool pseudo-colours. It also has a negative small red area below the EGC baseline, which was included in the AUC
calculation. (B) The ECG has a high heart rate (HR = 83, QT = 329), with a cool pseudo-coloured T-wave and warm pseudo-coloured
U-wave.

trapezoidal rule was thus applied to each one millisecond
subinterval, and the results were then summed for every 40
ms colour index on the pseudo-colouring scale to produce
a total AUC value for each small square on the standard
ECG background grid. The negative area below the ECG
baseline was treated in the same way as the positive area,
as the baseline is not usually �xed, and in some abnormal
cases the T-wave can be negative in Lead-II, a condition
known as ‘T wave inversion’. As such, the absolute AUC
was calculated.

As a spectrum-approximation pseudo-colouring se-
quence was used, the indices from 1 to 4 (purple, blue,
green, lime) were considered to be cool spectral colours,
while the indices from 5 to 9 (yellow, orange, dark or-
ange, red, dark red) were considered warm spectral colours.
By plotting the calculated AUC as a function of pseudo-
colouring sequence, we obtain a global representation of
the pseudo-coloured repolarisation morphology across the
whole 10-second ECG signal. Figures 6 and 7 show exam-
ples of pseudo-coloured ECGs with normal (no risk of TdP)
and prolonged (at risk of TdP) QT-intervals, and their global
representation plot, showing an approximation of the total
pseudo-coloured AUC.

3.2.3. Locating intervals of concavity and
inflection points

As T-wave morphology can change substantially and other
ECG waves may present during ventricular repolarisation,
including an augmented U-wave, a simple comparison of
the relative amounts of cool to warm pseudo-colour in the
AUC may not be su�cient for recognising a prolonged QT-
interval. We therefore also consider the T-wave morphol-
ogy by inspecting the shape of the ECG signal curve.

In di�erential calculus, the second derivative f ′′(x) of
a linear function f (x) is the derivative of the derivative of
f (x), i.e. the derivative of the �rst derivative f ′(x). While
the �rst derivative measures the rate of change of a quan-
tity, e.g. the slope or gradient of a line that is tangential
to the f (x) curve at a particular point, the second deriva-
tive measures how the rate of change of a quantity is itself
changing. The tangent method commonly used to identify
the end of the T-wave is equal to the �rst derivative of the
ECG signal function at the T-peak point; the second deriva-
tive will measure the concavity of the T-wave at the same
T-peak point, showing the rate at which the T-wave signal
is increasing or decreasing over time. This provides a new
approach to estimating the end of the T-wave, which builds
on the widely utilised tangent method [60].

The second derivative measures the concavity of the
graph of f (x), and identi�es in�ection points at which the
shape of the function changes from concave down to con-
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Figure 7: Pseudo-coloured ECGs with prolonged QT-intervals (at risk of TdP), and their global representation graph, showing the
calculated

∑

AUC for each pseudo-colour across the whole ECG signal. (A) The ECG has a low heart rate (HR = 52, QT = 579), and
displays a greater area of warm pseudo-colours. (B) The ECG has a high heart rate (HR = 85, QT = 470), with a notched T-wave that
contains a greater area of warm pseudo-colours.

cave up (or vice versa). If the second derivative of a func-
tion is positive, then the shape of this function is concave
up (convex), and if it is negative, then its shape is concave
down (concave).

We thus determined the second derivative of the graph
representing the global pseudo-coloured AUC, to estimate
the location of the maximum concavity downward within
the ECG signal and its subsequent in�ection point, at which
the shape of the signal changes to convex. This helps with
identifying the location of the maximum rate of change of
the maximum T-wave down slope on the pseudo-colouring
scale, and the subsequent pseudo-colour index at which the
T-wave signal starts to rise again, indicating its end.

When using Leibniz’s notation for derivatives, the �rst
and second derivatives of the graph representing the global
pseudo-coloured AUC, considering the AUC as a depen-
dent variable y with respect to an independent variable x
representing the pseudo-colouring index, are written as fol-
lows:

f ′(x) =
dy
dx

andf ′′(x) =
d2y
dx2

(2)

The di�erence between any two successive indices dx
on the pseudo-colouring scale is always equal to one. That
is, the �rst derivative is measured by calculating the di�er-
ence in the AUC between each two successive indices on
the pseudo-colouring scale. This produced 8 derivatives.
The second derivative was calculated by taking the deriva-

tive of these 8 derivatives, which produced further 7 deriva-
tives. Then, the maximum concave down and its subse-
quent in�ection point (if any) were identi�ed with respect
to the pseudo-colouring index. Figure 8 shows an illustra-
tion of this process.

As the QT nomogram line represents the QT value at
risk of TdP, only the �rst �ve second derivatives were used
as predictors of at risk QT-prolongation, shown by the grey
blocks in Figure 8. In addition, the in�ection point index,
de�ned as the index between any two pseudo-colour in-
dices at which the maximum concave down changes to con-
vex, was also used as a predictor. As such, six predictors
were calculated for each ECG.

3.2.4. Generating the expert rules
A rule-based algorithm was developed to classify the QT-
interval as ‘normal’ (no TdP risk) or ‘abnormal’ (at risk of
TdP), and rate the con�dence of the classi�cation on a 6-
point scale of ‘very likely normal’ (1), ‘probably normal’
(2), ‘possibly normal’ (3), ‘possibly abnormal’ (4), ‘probably
abnormal’ (5), and ‘very likely abnormal’ (6).

As the in�ection point is a potential proxy for the end
of the T-wave, we hypothesised that the probability of QT-
prolongation at risk of TdP increases as the in�ection point
index increases. If the in�ection point index is located
within the cool pseudo-colours, i.e., an index of 3.5 or less,
this indicates a normal QT-interval (no TdP risk). Con-
versely, if the in�ection point index is located within the
warm pseudo-colours, i.e., an index 5.5 or more, this indi-
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Figure 8: An illustration of how the second derivative of the pseudo-coloured AUC was measured and how the inflection point index
was determined.

cates an abnormal QT-interval at risk of TdP.
An in�ection point index of 4.5 is considered borderline,

as the maximum concave down, representing the T-wave,
is located between the cool and warm pseudo-colours of
green, lime, yellow and orange. As the QT-interval may
be very close to or on the nomogram line at this point,
it is di�cult to determine the risk of TdP precisely using
the in�ection point alone. In this situation, we thus also
used the pseudo colouring index of the maximum concave
down. If most of the maximum concave down colours are
cool pseudo-colours, i.e. 50% or more of the concave is lo-
cated within green, lime and yellow, then the QT-interval is
not considered at risk of TdP; if 50% or more of the concave
is located within lime, yellow, and orange, it is considered
at risk. The expert algorithm’s inference process is shown
in Figure 9, and Figure 10 shows a �owchart of the expert
rules. The con�dence rating is also determined based on
the in�ection point index and the maximum concave lo-
cation on the pseudo-colouring index. As the location of
the maximum concavity on the pseudo-colouring scale in-
creases, the likelihood of QT-prolongation at risk of TdP
also increases, as illustrated in Figure 10.

The in�ection point index can also help estimate the
range in which the numerical value of the QT-interval is
likely to be. This can support an ECG reader measuring
the QT-interval, by providing an estimated 40 ms time win-

dow (representing a small square on the ECG grid) at which
the T-wave probably ended. Figure 8 shows how the sec-
ond derivative was calculated by examining the shape of
the ECG curve within three successive pseudo-colours, and
then moving one pseudo-colour at a time (i.e. inspecting
the shape of the ECG curve again within the two backward
pseudo-colours and one forward pseudo-colour). The in-
�ection point index is located between the maximum con-
cave down (corresponding to a negative second deriva-
tive that decreases within the three successive pseudo-
colours) and the subsequent convex, which has a positive
second derivative that is increasing within the previous two
pseudo-colours and one subsequent pseudo-colour, repre-
senting an increasing curve, at which point the T-wave
probably ended. If the maximum concave down in Figure
8 was located in the �rst grey block of the second deriva-
tive (i.e. within the purple, blue and green pseudo-colours),
and the in�ection point was 1.5, the T-wave was decreasing
within the blue and green pseudo-colours, but increasing
within the lime pseudo-colour. As each colour represents
a 40 ms time scale, then the QT range can be estimated ac-
cordingly. Table 1 illustrates how the QT range relative to
the pseudo-colouring index and the QT-nomogram was es-
timated.

Alahmadi et al.: Preprint submitted to Elsevier Page 9 of 25



An explainable algorithm to detect QT-prolongation at risk of TdP

Figure 9: The expert algorithm’s inference process.

Table 1
The confidence rating and the corresponding maximum concave pseudo-colours, inflection point index and the QT range relative to
the pseudo-colouring index and the QT-nomogram.

Rating Likelihood Maximum concave Inflection QT range QT range
pseudo-colours point index (Pseudo-colouring index) (Nomogram Line = NL)

1 Very likely normal Purple,Blue,Green 1.5 3 (Green) to 4 (Lime) NL - 160ms to NL - 120ms
2 Probably normal Blue,Green,Lime 2.5 4 (Lime) to 5 (Yellow) NL - 120ms to NL - 80ms
3 Possibly normal Green,Lime,Yellow 3.5 5 (Yellow) to 6 (Orange) NL - 80ms to NL - 40ms

4 Possibly abnormal Lime,Yellow,Orange 4.5 6 (Orange) to 7 (Dark Orange) NL - 40ms to NL
5 Probably abnormal Yellow,Orange,Dark Orange 5.5 7 (Dark Orange) to 8 (Red) NL to NL + 40ms
6 Very likely abnormal Yellow,Orange,Dark Orange 6.5 8 (Red) to 9 (Dark Red) NL + 40ms to NL + 80ms

3.2.5. ‘Explaining’ the algorithm
A textual interpretation explaining the output of the al-
gorithm was provided with the classi�cation. It described
what is visualised in the pseudo-coloured ECG signal and
how the algorithm reached its decision. In some cases, the
ECG may have an ST-elevation, a sign of myocardial infarc-
tion (heart attack), represented by the shape of the ECG sig-
nal as a concave (representing the ST-elevation), followed
by a convex (representing the beginning of the T-wave, i.e.
the J–T peak interval), then a maximum concave down rep-
resenting the T-wave. This information was included in
the result text report if the ECG had this pattern. Below,
we show examples of how the algorithm results were ex-
plained for four ECGs with di�erent QT-intervals and heart
rates. Figure 11 shows normal QT-intervals, and Figure 12
shows at risk QT-prolongation, where the ECG (A) also has
an ST-elevation.

“ The QT-interval of this ECG is very likely nor-
mal, and the patient is not considered at risk
for TdP. This decision has been made based on
the assumption that the QT-interval is consid-
ered normal when the area under the T-wave
contains cool pseudo-colours (purple to blue to
green) and prolonged with risk of TdP when it
contains warm pseudo-colours (yellow to or-
ange to red). The maximum concave down
in the pseudo-coloured area was considered
to be the T-wave, and most of its colours are
cool (purple to blue to green), with a greater
amount of blue than green, indicating a nor-
mal QT-interval. The T-wave probably ends
within the green colour region, which indi-
cates that the QT/HR falls below the nomo-
gram line by approximately 120 ms or more,

showing no risk of TdP. Based on the pseudo-
colouring scale, the estimated value of the QT-
interval ranges from 310 to 350 ms, and the HR
is 71.
[Figure 11A] ”
“ The QT-interval of this ECG is probably nor-

mal, and the patient is not considered at risk
of TdP. This decision has been made based on
the assumption that the QT-interval is consid-
ered normal when the area under the T-wave
contains cool pseudo-colours (purple to blue to
green) and prolonged with risk of TdP when it
contains warm pseudo-colours (yellow to or-
ange to red). The maximum concave down in
the pseudo-coloured area was considered to be
the T-wave, and most of its colours are cool
colours (purple to blue to green), with a greater
amount of green than blue, indicating a nor-
mal QT-interval. The T-wave is probably ends
within the green region, which indicates that
the QT/HR falls below the nomogram line by
approximately 80 ms or more, showing no risk
of TdP. Based on the pseudo-colouring scale,
the estimated value of the QT-interval ranges
from 343 to 383 ms, and the HR is 75.
[Figure 11B] ”
“ The QT-interval of this ECG is possibly ab-

normal, and the patient is considered at risk
of TdP. This decision has been made based on
the assumption that the QT-interval is con-
sidered normal when the area under the T-
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Figure 10: A flowchart of the expert IF-THEN rules. The number in round brackets represents the confidence rating of the algorithm.
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Figure 11: The pseudo-coloured ECG examples with normal QT-intervals showing no risk of TdP interpreted by the expert algorithm.
Based on the actual QT/HR acquired from the clinical trial study: (A) The ECG has a normal QT-interval (QT = 345, HR = 71, Di�erence
from the nomogram line = -125 , Drug = Ranolazine). (B) The ECG has a normal QT-interval (QT = 378, HR = 75, Di�erence from the
nomogram line = -85 , Drug = Placebo).

Figure 12: The pseudo-coloured ECG examples with prolonged QT-intervals at risk of TdP interpreted by the expert algorithm. Based
on the actual QT/HR acquired from the clinical trial study: (A) The ECG has at risk QT-prolongation and ST-elevation (QT = 532, HR
= 52, Di�erence from the nomogram line = + 48 , Drug = Dofetilide). (B) The ECG has at risk QT-prolongation (QT = 518, HR = 77,
Di�erence from the nomogram line = + 62 , Drug = �inidine).

wave contains cool pseudo-colours (purple to
blue to green) and prolonged with risk of TdP
when it contains warm pseudo-colours (yel-
low to orange to red). The maximum con-
cave down in the pseudo-coloured area was
considered to be the T-wave, and most of its
colours are warm colours (green to yellow to
orange), with a greater amount of yellow than

green, indicating an abnormal QT-interval. It
looks like there is an ST-elevation as there is
a purple-blue wave before the T-wave. The T-
wave probably ends within the yellow-orange
region, which indicates that the QT/HR falls
on or very close to the nomogram line, show-
ing risk of TdP. Based on the pseudo-colouring
scale, the estimated value of the QT-interval
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ranges from 444 to 484 ms, and the HR is 53.
[Figure 12A] ”
“ The QT-interval of this ECG is very likely ab-

normal, and the patient is considered at risk
of TdP. This decision has been made based on
the assumption that the QT-interval is consid-
ered normal when the area under the T-wave
contains cool pseudo-colours (purple to blue to
green), and prolonged with risk of TdP when it
contains warm pseudo-colours (yellow to or-
ange to red). The maximum concave down in
the pseudo-coloured area was considered to be
the T-wave, and most of its colours are warm
colours (orange to red), indicating an abnormal
QT-interval. The T-wave probably ends within
the orange-red region, which indicates that the
QT/HR falls above the nomogram line, show-
ing risk of TdP. Based on the pseudo-colouring
scale, the estimated value of the QT-interval
ranges from 496 to 536 ms, and the HR is 77.
[Figure 12B] ”

3.3. Evaluation design
The algorithm was evaluated in four ways. Firstly, we eval-
uated the diagnostic accuracy of the algorithm for detect-
ing QT-prolongation at risk of TdP on all ECG datasets
(n = 5050). Secondly, as di�erent types of QT-prolonging
drug can a�ect the T-wave morphology in di�erent ways,
we systematically evaluated the e�ect of drug type on the
algorithm’s sensitivity to increases in the QT-interval using
psychophysical methods. In vision science, psychophys-
ical experiments investigate the relationship between the
intensity of a physical stimulus and human perception, by
systematically varying the properties of the stimulus along
one or more physical dimensions [72]. They are widely
used in computer vision research to evaluate an algorithm’s
behaviour by measuring the exemplar by exemplar di�-
culty and modeling the algorithm’s pattern of errors over
di�erent levels of object visibility and saliency, making the
algorithm’s classi�cation inference more explainable (see
examples in [19, 27, 28, 34, 63]). In addition, we assessed
how the drug type a�ected the algorithm’s classi�cation
con�dence score.

Thirdly, we compared the human expert-generated
rules with a set of rules automatically generated through
statistical machine learning. In this case the same six pre-
dictors used for the expert algorithm were used as inputs
to train a C4.5 decision tree classi�er. The comparison was
performed under two conditions: 1) generating the deci-
sion tree model with imbalanced class datasets, i.e. us-
ing all 5050 ECGs, and 2) with balanced class datasets us-
ing down-sampling, which involves randomly removing
datasets from the majority class. A 5-fold cross-validation
with 20% holdout procedure was used to evaluate the rule-
based decision tree performance under both conditions.

That is, 80% of the data was used to train the model and this
was tested using 5-fold cross-validation withholding 20% of
the data, as shown in Figure 13. The source code of the de-
cision tree classi�cation model can be found in [5]. Finally,
we compared the classi�cation accuracy of the expert algo-
rithm with the results of a previous study conducted with
humans [4].

3.4. Statistical analysis
The diagnostic accuracy of the algorithm was measured by
calculating the area under the receiver operating character-
istic (ROC) curve (AUC), sensitivity, speci�city, precision,
accuracy, F1-score and error rate. QT-intervals below the
nomogram line were classi�ed as negative (i.e. ‘normal’, no
risk of TdP), and QT-intervals on or above the nomogram
line as positive (i.e. ‘abnormal’, at risk of TdP). As the ECG
dataset has a class imbalance issue, i.e. the number of sam-
ples in the negative class (n = 4870) is much larger than the
number of samples in the positive class (n = 180), we used
the additional statistical measures of the balanced accuracy
(i.e. the average of the sensitivity and speci�city), area un-
der the precision-recall curve (PR-AUC) and Matthews cor-
relation coe�cient (MCC), which have been shown to be
particularly useful for evaluating imbalanced binary classi-
�cation [14, 65].

The e�ect of drug type on the algorithm’s sensitivity to
increases in the QT-interval was modeled using the psycho-
metric function and just noticeable di�erence (JND) thresh-
old [50]. The psychometric function is an inferential model
used in psychophysical detection and discrimination tasks,
here used to model the proportion of the ECGs classi�ed as
‘QT-prolongation at risk of TdP’ by the expert algorithm,
as a function of QT-interval increase across the four QT-
prolonging drugs and placebo. The just noticeable di�er-
ence (JND) threshold is de�ned in psychophysics as the
minimum amount of a change in a stimulus required for
it to be ‘just noticeable’ [61]. In this study, we de�ned it as
the minimum di�erence in the QT-interval from the nomo-
gram line required for the TdP risk to be detectable. The
JND threshold was determined by �tting the psychomet-
ric function using a logistic function with maximum like-
lihood estimation (MLE). The correlation between the QT-
interval di�erence from the nomogram line and the algo-
rithm’s con�dence score for each drug type and across all
drugs was calculated using a Spearman’s rank correlation.

The comparison with the rule-based decision tree
model involved testing the expert algorithm on the same
testing data used for each fold (then averaged across
the �ve folds), and on the �nal 20% holdout testing
datasets, under both conditions (imbalanced and balanced
class datasets). Evaluation metrics included sensitivity,
speci�city, precision, balanced accuracy, F1-score, and
Matthews correlation coe�cient (MCC).

The comparison with human interpretation was con-
ducted by testing the expert algorithm on ECGs (n = 40)
used in a previous study conducted with humans to evalu-
ate the pseudo-colouring technique [4]. The ECGs were
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Figure 13: An illustration of the 5-fold cross-validation with 20% holdout procedure used to develop a rule-based decision tree classi-
fication model for pseudo-coloured ECGs.

acquired from the same clinical trial study used in the
current paper, and were selected from multiple patients
with di�erent values of the QT-interval and heart rate; 20
ECGs were below the nomogram line (no TdP risk), and 20
ECGs were on or above the nomogram line, showing QT-
prolongation at risk of TdP. Evaluation metrics included
sensitivity, speci�city and accuracy.

4. Results
All pseudo-coloured ECGs and related metadata underpin-
ning the �ndings reported in this article can be found in
[5].

4.1. Diagnostic accuracy
The results show that the expert algorithm is reliable and
accurate in detecting QT-prolongation at risk of the TdP re-
gardless of heart rate. The algorithm was tested on the 5050
ECGs (TdP risk n = 180, no risk n = 4870), with various
values of QT-interval and heart rate across di�erent QT-
prolonging drugs, and a placebo. It achieved an accuracy
of 0.99, balanced accuracy of 0.97, sensitivity of 0.94, speci-
�city of 0.99, precision of 0.83, F1-score of 0.88, ROC (AUC)
of 0.98, precision-recall (AUC) of 0.88, Matthews correla-
tion coe�cient (MCC) of 0.88, and error rate of 0.01. The
full results are shown in Table 2. Figure 14 shows the algo-
rithm’s ROC and precision-recall curves.

The expert algorithm provides an estimated 40 ms
range of the QT-interval value, and we found that 74%

Table 2
The diagnostic accuracy results of the expert algorithm.

Evaluation Metric Proportion

Accuracy 0.99
Balanced Accuracy 0.97
Recall/sensitivity 0.94
Specificity 0.99
Precision/positive predictive value (PPV) 0.83
F1-score 0.88
ROC (AUC) 0.98
Precision-recall (AUC) 0.88
Ma�hews correlation coe�icient (MCC) 0.88
Error rate 0.01

of the ECGs were within the algorithm’s estimated range.
In addition, the expert algorithm showed superior perfor-
mance to the pilot version, which considered a QT-interval
to be prolonged with risk of TdP if the warm pseudo-
colours (yellow to orange to red) occupied more than 50% of
the area under the ECG signal. Figure 15 shows a compari-
son of sensitivity, speci�city and balanced accuracy, when
classifying all ECGs (n = 5050), between the pilot version
and the modi�ed version reported in this paper. This indi-
cates that locating concavity and in�ection points with re-
spect to the pseudo-colouring scale signi�cantly increased
sensitivity to detecting QT-prolongation.
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Figure 14: The algorithm’s ROC and precision-recall curves when tested on all ECGs (Positive cases (P) n = 180, Negative cases (N)
n = 4870). ROC (AUC) = 0.98 and precision-recall (AUC) = 0.88.

Figure 15: A comparison of the sensitivity, specificity and bal-
anced accuracy, when classifying all ECGs (n = 5050), between
the pilot version and the modified version of the expert algorithm.

4.2. Modeling the e�ect of drug type on
QT-prolongation detection

The clinical trial study from which the ECGs were acquired
assessed the e�ect of QT-prolonging drug type on T-wave
morphology [76]. The results showed that patients on a
pure hERG blocker (Dofetilide) developed �at, asymmet-
ric, and notched T-waves, whilst patients on multi-channel
blocking drugs (Quinidine and Ranolazine) had equal or
greater T-wave morphology changes including distorted
and bizarre T-waves. In particular, ‘Dofetilide’ and ‘Quini-
dine’ were shown to cause signi�cant T-wave morphology
changes, while substantially prolonging the QT-interval.
No signi�cant T-wave changes were observed for patients
on ‘Verapamil’, or the placebo.

In this study, we examined the robustness of the expert
algorithm to T-wave morphology changes by evaluating
its sensitivity in detecting at risk QT-prolongation across
drug types. The psychometric function was plotted as

the proportion of the ECGs classi�ed as ‘QT-prolongation
at risk of TdP’ by the expert algorithm, as a function of
the QT-interval di�erence from the nomogram line. The
results show that the sensitivity of the expert algorithm
in detecting at risk QT-prolongation increased as the QT-
interval di�erence from the nomogram decreased, regard-
less of T-wave morphology changes (Figure 16). We esti-
mated the 75% just noticeable di�erence (JND) threshold
as the value of the QT-interval with respect to the nomo-
gram line at which the proportion of the ECGs classi�ed
as ‘QT-prolongation at risk of TdP’ by the expert algorithm
is equal to 0.75. It was estimated for the drugs that caused
a QT-prolongation at risk of TdP, which were ‘Dofetilide’
and ‘Quinidine’. Figure 17 shows the JND threshold re-
sults, which show that the expert algorithm was sensitive
in detecting TdP risk for 75% of the ECGs at which the
QT-interval value is below the nomogram line by approx-
imately -9 and -3 milliseconds for ‘Dofetilide’ and ‘Quini-
dine’ respectively.

A Spearman’s rank correlation was used to determine
the relationship between the algorithm’s con�dence rating
and the QT-interval di�erence from the nomogram line.
The results show that there was a strong, positive corre-
lation between the algorithm’s con�dence rating and the
QT di�erence from the nomogram, which was statistically
signi�cant (R = 0.828, p < 0.001) across all drug types, and
per drug (Table 3). Figure 18 shows how the algorithm’s
con�dence rating score of TdP risk increased as the QT-
interval di�erence from the nomogram line decreased (i.e
as the QT-value gets closer to the nomogram line). The re-
sults demonstrate the reliability of the algorithm as high
risk scores (5 and 6) were given only for ‘Dofetilide’ and
‘Quinidine’ drugs, where the QT-values were above the
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Figure 16: The psychometric function plot shows the proportion of the ECGs classified as ‘QT-prolongation at risk of TdP’ by the expert
algorithm, as a function of the QT-interval di�erence from the nomogram line for each drug type. The QT value of the nomogram line
is equal to 0 on the X-axis.

Figure 17: Psychophysical detection measures of the expert algorithm’s sensitivity. (A) The fi�ed psychometric function plot shows
the proportion of the ECGs classified as ‘QT-prolongation at risk of TdP’ by the expert algorithm, as a function of the QT-interval
di�erence from the nomogram line for ‘Dofetilide’ and ‘�inidine’. The QT value of the nomogram line is equal to 0 on the X-axis. (B)
The just noticeable di�erence (JND) thresholds plot. The error bars represent bootstrap confidence intervals.

nomogram line showing risk of TdP (Figure 18).

4.3. Comparison with rule-based decision tree
classi�cation model

Imbalanced classes are a common issue in machine learn-
ing, particularly with medical data, where rare conditions
have a limited number of representative cases. Imbalance
may introduce bias into the training data, but there is
no one-size-�ts-all solution, as in some cases using more

data, even if not balanced, may improve the model perfor-
mance [1, 44, 51]. As such, we examined whether class bal-
ance a�ected the decision tree’s rule generation and perfor-
mance. We used the down-sampling technique as we have
a very large number of inputs in the negative class. The re-
sampled datasets have various values of QT-interval and
heart rate, and were for multiple patients on multiple QT-
prolonging drugs/placebo.

Under both the imbalanced and balanced class condi-
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Figure 18: A boxplot shows the distribution of the ECG cases grouped by their confidence rating (1-6) as classified by the expert
algorithm. The QT value of the nomogram line is equal to 0 on the Y-axis. The confidence ratings are ‘very likely normal’ (1), ‘probably
normal’ (2), ‘possibly normal’ (3), ‘possibly abnormal’ (4), ‘probably abnormal’ (5), and ‘very likely abnormal’ (6).

Table 3
The results of the Spearman’s rank correlation between the
algorithm’s confidence rating and the QT-interval di�er-
ence from the nomogram line for each drug type and all.

Drug type Spearman’s rho (R) P-value

Dofetilide 0.867 <0.001
�inidine 0.824 <0.001
Ranolazine 0.768 <0.001
Verapamil 0.750 <0.001
Placebo 0.810 <0.001
All 0.828 <0.001

tions, the results show that the expert algorithm was more
accurate and generalisable to new ECG data than the de-
cision tree model (Figure 19). The decision tree model
was over-�tted to the training data under both conditions,
showing higher average accuracy during cross-validation
than the expert algorithm, but lower accuracy when tested
on new data. Tables 4 and 5 show the evaluation results for
the imbalanced and balanced class conditions respectively.

More rules were generated under the balanced class
condition, which was expected given that the training
dataset is smaller and thus the classi�cation rules may be
more di�cult to infer. Figure 20 illustrates a �owchart of
the decision tree IF-THEN classi�cation rules for the imbal-
anced and balanced class conditions.

4.4. Comparison with human interpretation
A comparison with human interpretation shows that the
expert algorithm was more accurate at classifying the 40
ECGs than the averaged human participants (n = 43). Fig-
ure 21 and Table 6 show the performance results of the ex-
pert algorithm and human interpretation in terms of sen-
sitivity, speci�city, balanced accuracy, and area under the
ROC curve.

5. Focus group evaluation
We conducted two focus group discussions, one with pa-
tients and one with clinicians, to gather feedback about the
potential usage of the pseudo-coloured ECG and automated
algorithm within clinical practice. The focus groups were
conducted as patient and public involvement/stakeholder
engagement events, which are less formal than an inter-
view study, and designed to gather feedback to direct an
approach, rather than provide empirical evidence for it.

The patient focus group involved seven cancer patients
(4 male and 3 female), who were recruited via the Patient
and Public Involvement and Engagement (PPIE) coordina-
tors of the Cancer Precision Medicine themes, within the
NIHR Manchester Biomedical Research Centre (BRC), UK.
Table 7 shows the patients’ demographic information and
Table 8 summarises the focus group discussion with pa-
tients using the short form of GRIPP2 (Guidance for Re-
porting Involvement of Patients and Public)[71].

All patients had been regularly monitored for drug-
induced ECG changes. Some patients (n = 3) had at-
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Figure 19: A comparison of the expert algorithm and the rule-based decision tree model, under imbalanced and balanced class condi-
tions, when tested on 20% holdout datasets. Evaluation metrics include sensitivity, specificity, Ma�hews correlation coe�icient (MCC)
and precision, also known as positive predictive value (PPV).

Table 4
A comparison of the rule-based decision tree model and the expert algorithm, under the imbalanced class condition, showing the
evaluation metrics on each fold (K), averaged across the 5 folds, and on 20% holdout datasets. MCC = Ma�hews correlation coe�icient.

MCC Precision Recall/Sensitivity Specificity Balanced Accuracy F1-score

K1 Expert algorithm 0.882 0.837 0.939 0.992 0.965 0.885
Decision tree model 0.919 0.937 0.909 0.997 0.953 0.923

K2 Expert algorithm 0.961 0.925 0.967 0.997 0.998 00.961
Decision tree model 0.979 0.961 1 0.998 0.999 0.980

K3 Expert algorithm 0.828 0.730 0.950 0.991 0.970 0.826
Decision tree model 0.903 0.863 0.950 0.996 0.973 0.904

K4 Expert algorithm 0.876 0.822 0.948 0.989 0.969 0.880
Decision tree model 0.859 0.914 0.820 0.996 0.908 0.864

K5 Expert algorithm 0.839 0.774 0.923 0.991 0.957 0.842
Decision tree model 0.943 0.928 0.962 0.997 0.980 0.945

Averaged across 5 folds Expert algorithm 0.877 0.818 0.952 0.992 0.972 0.879
Decision tree model 0.921 0.921 0.928 0.997 0.962 0.923

20% holdout datasets Expert algorithm 0.888 0.868 0.917 0.995 0.956 0.892
Decision tree model 0.793 0.769 0.833 0.991 0.912 0.800

tempted to interpret their ECG signal results before, but
they found them di�cult to understand. The investigator
gave a short introduction explaining drug-induced LQTS
and how to detect it on both standard and pseudo-coloured
ECGs.

All patients found the pseudo-colouring technique to be
e�ective in distinguishing between normal and prolonged

QT-intervals, and preferred the coloured ECG over the non-
coloured one.

Most patients (n = 5) agreed that empowering peo-
ple to self-monitor for drug-induced LQTS had the poten-
tial to save lives, provide a cost-e�ective healthcare solu-
tion, and support more informed shared decision-making
between patients and clinicians. Three patients agreed a
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Table 5
A comparison of the rule-based decision tree model and the expert algorithm, under the balanced class condition, showing the evaluation
metrics on each fold (K), averaged across the 5 folds, and on 20% holdout datasets. MCC = Ma�hews correlation coe�icient.

MCC Precision Recall/Sensitivity Specificity Balanced Accuracy F1-score

K1 Expert algorithm 0.889 0.972 0.945 0.952 0.949 0.958
Decision tree model 0.887 0.947 0.972 0.904 0.938 0.960

K2 Expert algorithm 0.734 0.800 0.965 0.750 0.857 0.875
Decision tree model 0.806 0.828 1 0.785 0.892 0.906

K3 Expert algorithm 0.893 0.956 0.916 0.970 0.943 0.936
Decision tree model 0.928 0.958 0.958 0.970 0.964 0.958

K4 Expert algorithm 0.894 0.960 0.923 0.967 0.945 0.941
Decision tree model 0.894 0.960 0.923 0.967 0.945 0.941

K5 Expert algorithm 0.861 0.928 0.928 0.933 0.930 0.928
Decision tree model 0.896 0.962 0.928 0.966 0.947 0.945

Averaged across 5 folds Expert algorithm 0.854 0.923 0.935 0.914 0.925 0.927
Decision tree model 0.882 0.931 0.956 0.919 0.937 0.942

20% holdout datasets Expert algorithm 0.839 0.875 0.972 0.861 0.917 0.921
Decision tree model 0.732 0.810 0.944 0.778 0.861 0.872

Figure 20: A flowchart of the decision tree IF-THEN rules when trained on imbalanced and balanced class data.

verbal/text-based explanation feature would support them
in interpreting the pseudo-coloured ECG, and felt that this
would be particularly helpful for elderly patients. Two pa-
tients believed that having a risk assessment feature that
showed the severity of warm colours relative to the QT-
prolongation level could help people with anxiety, so they
know when not to worry, and when to seek medical advice.

While two patients raised concerns about trusting au-
tomated ECG interpretation, the other patients welcomed

the idea of the expert rule-based ECG interpretation algo-
rithm as a supportive tool that may help to overcome the
potential challenges associated with human interpretation.
Most patients (n = 5) wanted to understand why the algo-
rithm made a certain decision, particularly if it suggested
the QT-interval to be abnormal.

The focus group with clinicians involved two female
nurses and one male doctor, who are working on early
phase clinical trials of new experimental cancer drugs,
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Table 6
The sensitivity, specificity, balanced accuracy, and area un-
der the ROC curve of the expert algorithm and human par-
ticipants (mean values) when classifying the 40 ECGs (TdP
risk n = 20, no risk n = 20).

Expert Human Di�erence
algorithm

Sensitivity 1 0.83 0.17
Specificity 0.95 0.90 0.05
Balanced accuracy 0.98 0.87 0.11
ROC (AUC) 0.98 0.93 0.05

Figure 21: The sensitivity, specificity, balanced accuracy, and
area under the ROC curve of the expert algorithm and human
participants (mean values) when classifying the 40 ECGs (TdP risk
n = 20, no risk n = 20).

Table 7
Patients’ demographic information.

ID Sex Age Education Occupation

1 Female 50-59 years Bachelors Disabled, not working
2 Male < 30 years Diploma Working full time
3 Male < 30 years Diploma Working full time
4 Female 30-39 years Masters Unemployed
5 Male 50-59 years Bachelors Working part time
6 Female 50-59 years Masters Working full time
7 Male 50-59 years Masters Working full time

within the Experimental Cancer Medicine Team (ECMT) at
The Christie NHS Foundation Trust, Manchester, UK. They
were recruited via our research collaborators within the
digital ECMT. Table 9 shows the clinicians’ demographic
information.

As a part of their routine clinical practice, the nurses
record patients’ ECGs, but they do not interpret them,
while the doctor interprets the ECGs and monitors QT-
interval changes. The doctor stated that the standard ap-
proach to assessing the QT-interval in clinical trials is by
using a rigid manual QT-interval measurement, and they
do not rely on any kind of automated QT measurements at

present. The clinicians identi�ed the potential bene�ts of
using the pseudo-colouring technique within clinical prac-
tice as speeding up the process of interpreting ECGs, and
supporting QT-interval monitoring out of hours. All clini-
cians perceived the pseudo-colouring technique to be par-
ticularly useful for clinicians who have less training in ECG
interpretation, as it can assist them in visually detecting
drug-induced QT-prolongation.

The doctor, who frequently interprets ECGs, recom-
mended having an automated expert algorithm that pro-
vided an alert about QT-prolongation, while showing the
visualised pseudo-coloured ECG at the same time. He com-
mented this would be particularly useful in reducing com-
mon errors associated with manual QT-interval measure-
ment, and in resolving issues with inter-observer variabil-
ity, particularly in clinical trial settings testing a new drug
where accurate QT-monitoring is crucial. He said that well-
known di�culties with measuring the QT-interval in clin-
ical practice included slow and fast heart rates and T-wave
morphology changes (e.g. the fused T-U complex). He felt
that the expert algorithm would be very useful in clini-
cal practice if it could detect QT-prolongation regardless of
these issues. All clinicians believed that an expert, explain-
able automated algorithm would have a greater potential of
being trusted and adopted in clinical practice than a fully
automated algorithm where the basis for decisions was less
clear.

6. Discussion
Many pharmacological drugs have been shown to prolong
the QT-interval on the ECG and reported to cause drug-
induced TdP and/or sudden cardiac death [12, 21, 46]. De-
spite its clinical importance, predicting the TdP risk for
most of these drugs is di�cult, even for clinicians who
routinely read ECGs [70, 77]. Major challenges include
measuring the QT-interval and determining the TdP risk
at varying heart rates [12, 85]. While many modern ECG
machines provide automated measurements of the QT-
interval, these are usually correct only in noise-free normal
sinus rhythm, in which the T-wave morphology is well de-
�ned [12, 67]. As QT-prolonging drugs often a�ect the mor-
phology of the T-wave, this can easily invalidate automated
QT measurement [22, 26, 48, 62, 73, 75].

This study demonstrates that an automated ECG algo-
rithm, developed with a human-like approach—using hu-
man perceptual heuristics to determine features, and exper-
tise from the clinical literature to determine rules—is highly
e�ective in detecting drug-induced QT-prolongation at risk
of TdP regardless of heart rate (Table 2; Figure 14). The
psychophysical detection measures show that the sensitiv-
ity of the expert algorithm in detecting TdP risk increased
as the QT-interval approached the nomogram risk line, re-
gardless of drug type (Figures 16 and 17). The JND thresh-
old results indicate that although multi-channel blocking
drugs are known to a�ect T-wave morphology to a greater
extent than pure hERG blocking drugs [76], the algorithm
was in fact more sensitive with ‘Quinidine’ than ‘Dofetilide’
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Table 8
The short form of GRIPP2 (Guidance for Reporting Involvement of Patients and Public) for the focus group discussion with patients.

Section and topic Extra detail

Aim To gather feedback and opinions about the potential usage of the pseudo-coloured ECG, and the automated
algorithm that interprets it, within clinical practice.

Methods An online focus group meeting with patients was held in May 2020. Seven patients who were under
frequent ECG monitoring were approached by the PPIE coordinators for the Cancer Precision Medicine
themes. A semi-structured focus group guide was followed, seeking views on 1) self-monitoring
drug-induced LQTS using the pseudo-colouring technique, and 2) automated ECG interpretation.
The meeting was led by one of the research team, facilitated by two members of the Manchester BRC’s sta�.

Study results All patients perceived pseudo-colouring as an e�ective way of distinguishing between normal and prolonged
QT-intervals, and preferred the coloured ECG over the non-coloured one. They said that empowering
people to self-monitor ECGs is going to save lives, be cost-e�ective, and improve patient-clinician
communication, supporting more informed shared decision-making. While two patients raised concerns
about trusting automated ECG interpretation, other patients welcomed the idea of an automated algorithm
that used the same process of reading the pseudo-colours as expert humans.

Discussion and All patients had a positive a�itude towards using the pseudo-colouring technique, and perceived the expert
conclusions automated algorithm as a supportive tool that may help to overcome the potential challenges associated

with human interpretation of the pseudo-colours.

Reflections and critical Involving patients demonstrated the potential of the expert algorithm as a risk assessment tool that
perspective could help to quantify the severity of QT-interval prolongation through the area of warm colours displayed,

and highlighted the advantage of producing explainable results in a way that could support and guide the lay
interpreter of the pseudo-coloured ECG.

Table 9
Clinicians’ demographic information.

ID Sex Age Education Job title

1 Female < 30 years Diploma Clinical Research Nurse
2 Female 30-39 years BNurs Clinical Research Nurse
3 Male 30-39 years MRes Clinical Fellow

(Figure 17). Research has estimated that 2.0% to 8.8% of
patients treated with ‘Quinidine’ will develop TdP, which
is a high number [8, 12, 16, 64, 68]. Although the di�er-
ence in the JND thresholds between the two drugs is very
small (≈ 6ms), one possible reason behind it could be that
‘Dofetilide’ can cause greater T-U fusion/complexes, which
are known to precede the development of TdP [17, 39, 87].
In fact, in this case measurement of the QU-interval is rec-
ommended [20, 30, 69]. This, in turn, will prolong the maxi-
mum concave and in�ection point in the ECG signal, which
potentially increases the sensitivity of the algorithm to TdP
risk, whilst the QT-value is below, but very close, to the
nomogram line. In addition, a Spearman’s rank correla-
tion shows a strong, positive relationship between the al-
gorithm’s con�dence rating and the QT di�erence relative
to the nomogram line regardless of drug type, demonstrat-
ing the reliability of the expert algorithm (Table 3; Figure
18).

The comparison with the rule-based decision tree
model showed the value of using expert knowledge in the
development of the algorithm. Both the expert and de-
cision tree algorithms were highly e�ective, demonstrat-

ing the promise of using perceptual heuristics as features;
whilst the decision tree was more e�ective under cross-
validation, however, it was poorer at generalising than the
expert algorithm. The decision tree inference mechanism
depends on the ‘value’ of certain features to separate the
two classes, which cannot be standardised across all ECGs.
For example, under the imbalanced class condition in Fig-
ure 20, the second decision point separated the two classes
based on the in�ection point index and the value of the
‘Lime_Yellow_Orange’ feature. If the value of this feature is
convex greater than 25.585, and the in�ection point index
is less than 4.5, then the QT-interval is classi�ed as normal.
However, the rate of change of a convex/concave depends
on the amplitude of the ECG wave, which is known to di�er
substantially across individuals, and is a�ected by factors
including age, race, sex and health status, body mass and
electrode position [12, 30]. The decision of the expert algo-
rithm is not based on inferred feature values, but rather on
the relationships between features acquired from the medi-
cal knowledge used to detect risk of TdP. For instance, at the
fourth decision point in Figure 10 the expert algorithm sep-
arates a normal from an abnormal QT-interval, despite the
fact that they have the same in�ection point index, based
on the location of the maximum concave. As shown in Fig-
ure 8, if the in�ection point index is equal to 4.5 and the
maximum concave is located at ‘Green_Lime_Yellow’ and
not ‘Lime_Yellow_Orange’, then this means the T-wave is
farther from the nomogram line, and there is thus no TdP
risk. Furthermore, we encountered the issue of cognitive
and technical bias in selecting good, representative train-
ing datasets. Research has shown that this issue is rel-
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atively common when selecting training medical datasets
[1, 44, 51]. Despite numerous statistical re-sampling meth-
ods including up/downsampling and k-fold cross valida-
tion techniques, acquiring representative datasets that sup-
port the generalisability of machine learning algorithms,
remains a challenging problem.

An additional bene�t of the human-like approach is
its inherent explainability. The expert algorithm is able
to both precisely specify the reasons for a decision, and—
due to the algorithm and human interpreter sharing the
same, pseudo-coloured representation of the data—the rea-
sons for the decision are straightforward for someone to
perceive. The shared representation of the ECG data, and
the shared model of how to interpret it, are also important
when considering the application of this approach within
clinical practice. All new regulations for adopting arti-
�cial intelligence (AI)- and machine learning (ML)-based
technologies in healthcare emphasise the importance of ex-
plainability [41, 23]. Results from the focus groups with
clinicians and patients also provided evidence for the value
of the expert algorithm. The explanations it provides (Fig-
ures 11 and 12) may be helpful in training lay people to read
pseudo-coloured ECGs to self-monitor QT-prolongation, as
well as supporting clinicians in supervising and validating
its automated results in clinical practice, using a human-
in-the-loop approach. Clinicians commented that our ap-
proach would be particularly useful in reducing common
errors associated with manual QT-interval measurement,
and in resolving issues with inter-observer variability, par-
ticularly in clinical trial settings testing a new drug where
accurate, frequent QT-monitoring is crucial. Whilst the
decision tree algorithm is also technically explainable, its
decisions cannot be mapped directly to the medical evi-
dence, and are therefore harder to understand, and poten-
tially spurious, if inferred from a biased dataset. Neverthe-
less, machine learning has been shown to have promise in
many areas of medical decision making, and we highlight in
particular its potential for e�ciently inferring new knowl-
edge, which, once validated, could be used in future expert
algorithms.

6.1. Limitations and future work
In this study we only examined the detection of QT-
prolongation at risk of TdP, and it is not clear whether
the pseudo-colour heuristics would support ECG interpre-
tation of other abnormalities that may increase the risk of
TdP, including electrolyte imbalance (e.g. hypokalemia and
hypocalcemia) and changes in ST-segment elevation.

This study showed the preliminary results of using
human-like perceptual pre-processing of the ECG signal
data to facilitate a single decision-tree machine learning al-
gorithm, and future work should explore whether this can
aid other machine learning techniques, including computer
vision, where pseudo-colouring could be used to improve
ECG information segmentation in a pre-processing step.
Only a small number of people participated in the focus
groups, and further usability evaluations are necessary to

determine the utility of the technique in clinical practice
and with more diverse clinical populations.

7. Conclusion
This study demonstrates that combining a data representa-
tion based on human perceptual heuristics with expert clin-
ical knowledge results in accurate, reliable and explainable
automated detection of drug-induced QT-prolongation at
risk of TdP regardless of heart rate, and robust to T-wave
morphology changes. The results indicate that a prolonged
ventricular repolarisation area can be a signi�cant risk pre-
dictor of TdP, and it is potentially easier and more reliable
to automate detection of this than automating the measure-
ment of the QT-interval distance per se.
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