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A B S T R A C T

Whole electrocardiogram (ECG) waveform analysis is a technique for evaluating aggregate arrhythmic risks of
drugs. In this paper, we propose methods for exploring changes to ECG morphology due to drug effects using
Gaussian model parameters, and predict patient specific post-drug ECG based on pre-drug ECG. We evaluate the
proposed methods using clinical ECG recordings from subjects under the effect of anti-arrhythmic drugs
Dofetilide, Quinidine, Ranolazine, and Verapamil, from the ECGRVDQ database on PhysioNet. Paired-sample t-
test p-values (>0.05) suggest the proposed method can achieve similar results when compared to expert anno-
tated J to Tpeak and Tpeak to Tend intervals for all four drug states. We employed a leave-one-out cross validation
strategy to train the prediction model and produce the results. Mean Pearson correlations between all predicted
and recorded post-drug waveform morphologies for all drug states across both the vector magnitude lead and
Lead II is ±0.94 0.05, with p-values <0.01 for all predictions; indicating significant predictions. Parameters from
ECG models with Gaussian basis can be used to calculate clinically useful information and to capture or predict
changes in cardiac signals due to drug effects.

1. Introduction

The electrocardiogram (ECG) is an important non-invasively re-
corded electrophysiological signal which is commonly used by clin-
icians to diagnose and monitor adverse heart conditions. To assess the
aggregate arrhythmic risk for new drugs, a consortium of drug reg-
ulators (U.S. Food and Drug Administration, European Medicines
Agency, Health Canada, Japan Pharmaceutical and Medical Devices
Agency) and researchers have proposed the Comprehensive in vitro
Proarrhythmia Assay, which includes ECG analysis as an integrated
component alongside Phase 1 studies [1]. Such ECG analysis is often
carried out under computer-aided expert attention and is limited to
timing interval comparisons [2,3].

Parametric models of ECG signals have been proposed to effectively
represent the complete ECG waveform morphology using basis func-
tions, such as orthonormal exponentials [4], spline [5], and Gaussian
[6] functions. In general, the basis function representations of ECGs can
be expressed as Eq (1) [4], where f t( ) is a time-series of the recorded
ECG, t( )i is the i-th basis function component, ci is the coefficient or
parameter of the i-th basis function, N is the number of basis functions
used, and t( ) is the time domain error between the basis representation
and the clinically recorded ECG. In essence, given two ECG recordings
from different cardiac states (normal, disease or drug) represented with

the same basis function set ϕ, then the difference in morphology can be
encoded as changes in the coefficients or parameter values ci.

= +
=

f t c t t( ) ( ) ( )
i

N

i i
1 (1)

Model parameter values of recorded ECGs are useful for delineation
of morphological features [7] and classification of disease states [8].
More recently, automated parameter identification for such models
through bound constrained global optimization has been shown to be
effective at capturing ECG in multiple disease states [9]. As an alter-
native ECG analysis method, such models offer feature extraction for
representing and comparing changes in whole ECG waveform mor-
phology in a reduced basis function parameter space.

In Ref. [10], the authors explored the efficacy of a variety of para-
metric ECG models with different basis functions and found that those
with a Gaussian basis, such as [6,9], offered parameters with physio-
logical interpretation relative to the standard P, Q, R, S, and T com-
plexes of the ECG. This suggests that the parameters encode clinically
useful timing and morphological information. Furthermore, the Gaus-
sian basis set achieved the best signal compression error at low numbers
of model basis functions.

Related Gaussian basis models, using Gaussian mesa functions [11],
have been used to capture and analyze the change in repolarization
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morphology of ECGs due to drug effects [12]. However, to the best of
our knowledge, the ability of Gaussian model parameters to predict
whole waveform morphologies due to drug effects is unexplored. In this
paper, we extend the model parameterization framework outlined in
Ref. [9] to: ➀ quantify the aggregate changes due to drug effects for
clinically recorded ECGs from the PhysioNet ECGRVDQ database [3,13]
and ➁ predict post-drug ECG waveform morphologies using the reduced
model parameter space. We validate the proposed prediction frame-
work using a leave-one-out cross validation strategy, where recordings
from all-but-one of the subjects is the training set, and the recordings
from the remaining subject is the testing set. This process is repeated
such that each subject is the testing set exactly once. The proposed
method can predict changes to patient ECGs, which have high corre-
lation with those found in the training set.

2. Methods

The overall methodology used in this paper is summarized in Fig. 1.
The clinical ECG recordings from the ECGRVDQ database on PhysioNet
[3,13] are preprocessed into individual drug datasets and Gaussian
basis function parameters are identified through global optimization.
Overlapping basis function sets, which represent the same ECG com-
plexes are identified. Finally, these basis function sets are used to
identify J to Tpeak intervals, Tpeak to Tend intervals, and predict patient
specific post-medication ECGs.

2.1. Data preprocessing (Step 1)

Median ECG recordings, calculated with sample-by-sample syn-
chronization of the QRS complex, were obtained from the ECGRVDQ
database at PhysioNet [3,13]. The database contains ECG recordings
from healthy subjects administered antiarrhythmic drugs in a rando-
mized double-blind, 5-period crossover clinical trial conducted over 24-
h periods for comparing the effects of the drugs. Pharmacokinetic
measurements and expert annotated ECG timing intervals are also
provided for each ECG recording. For the purposes of validating the
framework proposed in this paper, the first 850 samples of vector
magnitude lead (VM) and Lead II (LII) recordings under the influence of
four drugs, Dofetilide (subject count 22), Quinidine (subject count 19),
Ranolazine (subject count 20), and Verapamil (subject count 19), were
processed into pre-drug and post-drug datasets in MATLAB®. The pre-
drug state was the median recording made before administering the
drug. The post-drug state median ECG recordings were taken from the
first time the pharmacokinetic test showed 2000–2500 pg/mL for Do-
fetilide, 1000–1500 ng/mL for Quinidine, 1000–1500 ng/mL for Ra-
nolazine, and 70–500 ng/mL for Verapamil. Paired recordings from
subjects with both pre-drug and post-drug median recordings were

extracted. The specific identification numbers for each ECG recording
can be found in the Supplementary Materials.

2.2. ECG model and parameter identification (Step 2)

The ECG model used in this paper is inspired by the popular
ECGSYN [6] parametric model with a Gaussian basis. Our model is a
modified waveform morphology-only implementation from Ref. [9]
with a varying number of Gaussian basis functions. The individual basis
functions are mathematically described as Eq (2), and the full ECG
waveform morphology can be produced through Eq (3). Here, w t( )i is
the i-th basis component of the model. Each basis component is de-
scribed by ampi, widthi and shifti, which parametrizes the amplitude,
component width, and peak timing from the start of the median clinical
waveform recording, respectively. The final ECG waveform g t x( , ) can
be found using Eq (3) where x is the vector of amp, width, and shift for
all N basis components and bs is a baseline value intended to model
isoelectric shift.

The recording specific parameter identification problem is framed
as a bound constrained global optimization problem and solved using
Particle Swarm Optimization (PSO), similar to methods described in
Ref. [9]. The minimization problem can be summarized as Eq (4),
where RD is the root mean squared difference (defined in Eq (5)),
g t x( , ) is the Gaussian model time-domain signal and r is the clinically
recorded reference signal. Each parameter set x has upper bounds set
u and lower bounds set l , which are point-wise compared in Eq (4).
The optimization problem was solved using an implementation of PSO
from MATLAB® Global Optimization Toolbox. The PSO options were,
MaxIterations 5000, MaxStallIterations 50, and FunctionTolerance 10 5.
At the point of PSO termination, local minimization function fmincon
was called from the MATLA ® Global Optimization Toolbox to identify
the local minima. As PSO is a population-based global optimization
framework, there is a degree of randomness in the final termination
point, therefore we ran five PSO iterations for each individual re-
cording, and the final fitted parameter values were those that resulted
in the lowest RD amongst the five PSO iterations.

RD g t x l x umin ( ( , ), ),
x r (4)

=RD g t x
g t x g t x

( , ( , ))
( ( , )) ( ( , ))

r
r r

r r (5)

The bounds l and u used for the global optimization problem are
summarized in Table 1. To model both the positive amplitudes of the R-
wave and the often negative amplitudes of the Q, S waves, amp can vary
between values of 1 and 0.2 times the maximum potential found in
the median ECG recording. As median ECG recordings from different

Fig. 1. Summary of methodology. Each step indicates the relevant section where it is described. The grey boxes are results and the orange box is the input clinical
recordings.
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subjects may be different in length, in order to provide unified bounds
for all recordings, the time parameter t for the Gaussian basis, as well as
the bounds for parameters width and shift are expressed in normalized
heartbeat time. The normalized heartbeat time is defined to be the sample
number divided by the total number of samples in a median ECG re-
cording, resulting in 0 and 1 being the start and end of the median ECG
recording, respectively. The total number of samples in the median ECG
recording is saved for scaling normalized heartbeat time into samples.

The bounds for width found in Table 1, limit any single Gaussian
basis component to be between 0.001 and 0.1 of normalized heartbeat
time, which is consistent with reference recordings from healthy sub-
jects not having any single complex exceeding 25% of the normalized
heartbeat time. The parameter shift have bounds between 0 and 1 in
normalized heartbeat time, as peaks for ECG complexes may happen any
time during the beat. Finally, bs, intended to model isoelectric baseline
shift, can vary between 0.1 and 0.1, as the median recordings from
the ECGRDVQ database are preprocessed with minimal isoelectric shift.

2.3. Identifying overlapping basis function groupings which represents the
same P, Q, R, S or T-wave (Step 3)

Gaussian bases are generally viable for representing the individual
P, Q, R, S, T-wave of an ECG. However, in an error minimizing global
optimization framework, its symmetrical nature often forces multiple
overlapping Gaussian functions to be summed to represent the same
complex in cases where the individual waves are skewed or otherwise
asymmetrical in morphology. Therefore, fitted Gaussians w wj i which
significantly overlap to represent the same complex must be considered
together as a grouping. In this paper, we consider any two or more basis
functions to be overlapping if the shift of one basis function lies within
two standard deviations, or width2

2
, of the shift of the other basis func-

tions. Intuitively, each grouping can be thought of as a subset of fitted
basis functions which represent a particular complex of the ECG mor-
phology. Fig. 2 shows the identification of overlapping basis function
groupings from fitted Gaussian basis functions.

2.4. Automated identification of J, Tpeak and Tend (Step 4)

There exists many automated algorithms for delineation of ECG
complexes [14,15]. The method proposed here aims to identify similar
timing intervals compared to clinical experts. We focus on the J, Tpeak,
and Tend timings as the four drugs used in this work have been clinically
noted to have different effects on repolarization. It is well known that
the inflection points at the point of maximum descending gradient for
the Gaussian basis function can be found one standard deviation from
the mean. In the case of the ECG model basis functions found as in Eq
(2), the maximum gradient for each basis component is dependent on
the amp and width parameters and can be analytically solved as in Eq
(6) (see Appendix B). With this gradient, each of the Gaussian basis can
be approximated into a triangle and the individual triangle waves can
be summed to form a whole ECG triangular approximation of the
Gaussian basis fit.

=maxgradient
e amp

width
2

i
i

i

0.5

(6)

As ECG complexes are often asymmetric in shape, multiple over-
lapping basis functions may be fitted to represent the actual complex
morphology. Therefore, the identification of the J,Tpeak andTend timings

must be considered in terms of overlapping basis function groupings.
The peak of any overlapping basis function grouping is the point of
largest positive deviation of basis function grouping from the baseline bs.
The start and end of any overlapping basis function grouping are the
points at which the triangle approximation first and last deviate from
the baseline bs, respectively. The amplitude of the isoelectric line is
identified automatically as the bs parameter during the parameter
identification step (Section 2.2). Identification of J from LII and Tpeak
and Tend from lead VM uses similar criteria to expert annotation [3]:

1. The R-wave is defined to be the basis function grouping with the
largest positive amp. This is found with the LII triangle approx-
imation, and marked with a black star in Fig. 3.

2. The J point is defined to be the point of transition between the end
of the QRS complex and the start of the ST segment. However, this
transition is not sharply demarcated, and therefore the J point is
difficult to measure, with discrepancies of up to 40ms in repeated
measurements [16,17]. The whole ECG LII triangle approximation
to algorithmically search for a J point within 100ms after the R
peak.
(a) If there is an overlapping basis function grouping which re-

presents a trough and ends within a 100ms window, as in
Fig. 3a, take the end of this trough as the search start point.

(b) If no such overlapping basis function grouping with a trough
exists within this window, as in Fig. 3b, the search start point is
the last point at which the gradient of the whole triangle wave is
negative within this 100ms window.

This search start point has been marked as the right pointing triangle
in Fig. 3. Calculate the moving sum of the previous 3 samples for the
absolute value of the triangle wave gradient from the search start point
to the end of the 100ms window, the minimum point of this moving
sum is the J point.

3. For the fitted lead VM, any overlapping basis function grouping that
has at least 0.8 times the largest positive amplitude of all basis
function groupings with peak occurring after the J point is a T-wave
candidate. The T-wave candidate, which peaks first is defined to be
the T-wave. This definition detects the first peak of any notched T-
wave as the Tpeak. Fig. 3a identifies the notched T-wave timings,
while Fig. 3b identifies timings for a normal T-wave.

Table 1
Summary of model bounds for healthy subjects.

Parameter amp width shift bs

upperbound (u) × max pot1 . 0.1 1 0.1
lowerbound (l) × max pot0.2 . 0.001 0 −0.1

Fig. 2. An example of Gaussian basis function descriptions of ECG. a) A clinical
ECG recording (black) decomposed into Gaussian basis functions (dotted) using
methods described in Section 2.2. b) The individual functions in overlapping
basis function groups. Peaks are identified by diamonds. There are 3 basis
functions (blue) representing the T-wave. The group identification is described
in Section 2.3.
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4. For the fitted lead VM, from the last occurring overlapping basis
function grouping T-wave candidate, identify the point at which the
triangle approximation of this T-wave candidate crosses the iso-
electric line (bs), which has been marked as the green line in Fig. 3;
this is the Tend.

2.5. Prediction of post-drug waveform morphology (Step 5)

A benefit of decomposing clinical ECG recordings to a parametric
Gaussian basis function model is that the fitted parameters represent
the clinical recording in a reduced parameter space of Gaussian wave-
forms. We leverage this to quantify signal morphology changes between
the pre-drug and post-drug states. The parameter changes are applied to
the fitted parameters from pre-drug recordings to predict corresponding
post-drug parameters and signals. The data for all four drugs, as pre-
processed from Section 2.1, were split into training and testing sets. We
quantitatively assessed our proposed prediction strategy using a leave-
one-out cross validation strategy. For each of the four drug states, in
each cross validation iteration, pre-drug and post-drug ECGs from all-
but-one subject serve as the training set, and the pre-drug and post-drug
ECGs from the left-out subject serve as the testing set. The cross vali-
dation iterations stop when each subject has been in the testing set
once. Fig. 4 provides an overall summary for one cross validation
iteration of the proposed approach. The individual Gaussian functions
shown in Fig. 4 are visual representations, in reality each Gaussian is
characterized by and compared through amp, width, and shift para-
meters.

Observing the changes in fitted ECG model parameter values due to

drug effects, Step 5a from Fig. 1 and the first dashed box of Fig. 4, can
be described as follows.

1. Gather pre-drug and post-drug median ECG recordings from the
same subject, and identify Gaussian basis function model parameter
values using methods from Section 2.2. In Fig. 4, the fitted Gaussians
have been labelled to be easily identified throughout the process,
with I, II, III, IV, and V corresponding to the pre-drug fitted Gaus-
sians, and i, ii, iii, iv, and v corresponding to the post-drug fitted
Gaussians.

2. Use methods from Section 2.3 to identify the basis function

Fig. 3. Approximated triangle wave of reference ECGs and the identified J,
Tpeak , search start point and Tend timings. The triangle wave is the linear combi-
nation of the triangle approximation of the individual fitted Gaussian basis
functions. The vertical lines extending from the marked timings aid to identify
the points on the clinically recorded reference median ECG wave. The iso-
electric baseline (bs) is marked by the green line.

Fig. 4. Training and testing methodology for predicting post-drug waveform
morphology.
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groupings for both pre-drug (bfgpre) and post-drug (bfgpost) parameter
sets, these have been separated using dotted boxes in Fig. 4. Also
calculate the mean representative parameter values: Ramp and Rshift ,
for each basis function grouping, by taking the arithmetic mean of
the amp, width, shift parameters in that grouping.

3. For each grouping in bfgpre, identify the paired grouping in bfgpost
with the smallest Euclidean distance, not exceeding a threshold of
0.2, using the arithmetic mean of amp and shift for both groupings.
This threshold value is based on 10% of the maximum available
change within the parameter bounds for shift and amp, as seen in
Table 1; width was not used, as the length of waveforms, especially
the T-wave, can vary greatly between pre-drug and post-drug states.
Note in Fig. 4, some groupings with multiple Gaussians may be
matched to that with single Gaussians (e.g. IV and V matched with
v) and some groupings may not be within distance threshold of any
other grouping (e.g. iv).

4. For each Gaussian from a given bfgpre grouping, find the similar
Gaussian in the paired bfgpost with the smallest Euclidean distance
between parameter values not exceeding a distance threshold of
0.1418. This threshold was chosen as it is 10% of the total Euclidean
distance between minimum and maximum bounds, not accounting
for baseline shift bs, for the parameter values found in Table 1.
Calculate the differences in parameter values x of pre-drug amp,
width, and shift values subtracted from post-drug values, between
the similar basis function pairs.

5. Store the observed differences in parameter values x along with
parameter values from the pre-drug basis function.

Applying the training set parameter changes to predict the post-drug
ECG morphology, Step 5b from Fig. 1 and the second dashed box in
Fig. 4, can be described as follows.

1. For the test subject, identify the Gaussian basis function for the pre-
drug median recording using the methodology in Section 2.2. In
Fig. 4 the identified Gaussians are labelled as a, b, c, d, and e. For
each of the testing Gaussian basis functions, find all pre-drug
training basis functions with parameters that are within the
threshold 0.0709 Euclidian distance of the testing basis parameters.
This threshold was chosen as it is 5% of the total Euclidean distance
between minimum and maximum bounds, not accounting for
baseline shift bs. The corresponding parameter differences from the
training set are D. In Fig. 4, three waves from the training set were
found to be within threshold for Gaussian wave a (indicated by the
dashed arrows), therefore, three x are a part of Da. The similar
waves for b, c, d, and e were not shown for clarity.

2. Find the arithmetic mean differences of amp, width, and shift values
within D from the training set. Add the mean differences to the
testing amp, width, and shift values to get predicted post drug
parameter values for the testing Gaussian basis functions.

3. Calculate the predicted post-drug ECG waveform by using the
parametric model with the predicted parameters.

3. Results

In this section, clinical data from the ECGRVDQ database [3,13], is
used to show the efficacy of the proposed methodology.

3.1. Gaussian basis model representation of clinical ECGs

This subsection presents results after Step 2 from Fig. 1. To de-
monstrate the Gaussian basis parametric model, the LII median ECG
from the post-drug record of subject number 1 from the Dofetilide da-
taset was parametrized using a varying number, N, of Gaussian basis
functions (Eq (3)). Fig. 5 shows the mean value of the objective function
and the mean PSO computational time across all five iterations of PSO
fits as a function of N. As expected, the mean objective function value

decreases and the mean computational time for PSO fit increases as N
increases.

To help illustrate the temporal efficacy of the Gaussian basis to re-
present ECGs, Fig. 6 demonstrates the raw reference wave relative to a
set of fitted representations at different N, and the error between the
representation and clinical recording in the time-domain. At =N 2,
only the R and T-wave are represented, at =N 5, the R, T, P, and S
waves are represented, and at =N 20 characteristic P, Q, R, S, and T-
waves of the normal sinus rhythm ECG are all represented. As N in-
creases, the time-domain error also decreases, but this may also lead to
over-fitting.

3.2. Identification of J, Tpeak and Tend intervals

This subsection presents results after Step 4b in Fig. 1. Fig. 7 shows
the proposed method of determining J, Tpeak, and Tend on all pre-
processed 22 recordings in the Dofetilide pre-drug state. All waves
shown here were fitted using =N 7. Fig. 7 overlays the J timings found
using the Lead II and the T-wave timings found using the vector

Fig. 5. The mean RD objective function value (PRD
100
) in solid line, y-axis left; and

the mean PSO computational time (seconds) in dotted line, y-axis right, as
functions of the number of Gaussians fit. The plotted value is from the mean of
the 5 different PSO fits conducted at each number of Gaussians fit.

Fig. 6. Waveform and error comparisons. a) Clinical ECG (red) compared to
Gaussian representations with varying numbers of waveforms N. b) The error
between the clinical ECG and the Gaussian representations.
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magnitude lead on the Lead II reference ECG recordings.
We quantitatively assess the ability for the proposed method to

capture the J toTpeak andTpeak toTend ECG intervals. Fig. 8 are the swarm
plots of the detected times for the two intervals in both the pre-drug and
post-drug states for all 4 drug states. Table 2 and Table 3 shows the
mean detected interval lengths and the standard deviations for both the
proposed method and the expert annotated times. The paired sample t-
test p-values from both tables suggest that we cannot reject the null
hypothesis that the difference between intervals detected via expert
annotated timings and proposed method have zero mean at a sig-
nificance level of 0.05 ( >p 0.05). The exception is the Tpeak to Tend in-
terval in the Dofetilide pre-drug state. Therefore, we conclude that the
proposed method is able to assess the timing intervals correctly.

With =N 7, the mean change in Tpeak to Tend intervals and J to Tpeak
intervals between pre-drug and post-drug states calculated from expert
annotated intervals reported in Ref. [3] and those calculated using the

proposed method in Section 2.4 can be found in Table 4 and Table 5,
respectively. Paired-sample t-test p-values ( >p 0.05) suggest that the
mean change in Tpeak to Tend and J to Tpeak intervals between pre-drug
and post-drug states detected by our method are not significantly dif-
ferent to expert annotated [3], for any of the four drugs. Note here that
the J point is found with Lead II (LII), while the Tpeak and Tend times are
found using the vector magnitude lead (VM).

3.3. Prediction of post-drug ECG

This subsection presents results after Step 5b of Fig. 1. Predicted
post-drug ECG were determined for varying numbers, N, of Gaussian
basis functions. Fig. 9 shows the Pearson correlation coefficient (PCC)
values between the predicted post-drug waveform and the clinically
recorded post-drug waveform for individual subjects across all N. Note
here that at =N 20, the mean PCC decreases from that found in lower N
for all four drug cases, suggesting larger N leads to over-fitting. In this
section, we show fits of =N 7 throughout the prediction process for all
four drug states, as the average PCC across all prediction cases (black
circles and black triangles in Fig. 9) is close to maximum levels for all 4
drug states while having minimal chance of over-fitting.

Fig. 10 shows the changes in T-wave model parameters from the
vector magnitude lead. Fig. 10a and b show that for Dofetilide and
Quinidine, the T-wave is almost always longer (increase in width) in the
post-drug case. However, increases in T-wave length (width) are not
found in Fig. 10c or 10d for Ranolazine and Verapamil, respectively.

Fig. 11 and Fig. 12 show the time-domain representation of pre-
dicted LII and VM lead post-drug ECG waveforms for =N 7 compared
to the clinically recorded post-drug ECG, respectively. The time-domain
morphologies were calculated from pre-drug fitted Gaussian basis
model parameters using the framework outlined in Section 2.5. The
mean PCC between predicted and recorded full waveform morphologies
can be found in Table 6. Note here that the mean PCCs are all above 0.9,
and approaching the ideal value of 1. The mean PCC for all predictions
across all drug states and both VM and LII is ±0.94 0.05. The recorded
and predicted post-drug ECG are significantly correlated for all pre-
diction cases ( <p 0.01) using PCC.

4. Discussion

We have shown that modeling clinical ECG signals using Gaussian
basis sets and a global optimization framework [9] effectively captures
temporal and morphological features of the signals. Here we have
comprehensively tested and analyzed the approach.

The Gaussian bases are not orthonormal. However, we have shown
that an increasing number of basis functions decreases the error be-
tween model and recorded morphology [10]. With an increasing
number of basis functions the computational cost increases. Fig. 5
shows that the mean computational time for each PSO run is between 5
and 200 seconds. With algorithm refinement and parallelization [18]
this will be significantly improved. Our current procedure using five
PSO fits followed by a local gradient descent has proved effective.
However, ongoing work includes deeper investigation of how fitted
Gaussian model parameters vary with scaling and bounds, objective
function scaling and selection and the PSO algorithm parameters.

Other basis models, such as Fourier functions, have been used to
accurately reconstruct ECG using a larger number of basis functions
that we have required with Gaussian bases [10]. The non-compact
nature of Fourier bases means they cannot be directly linked to parti-
cular ECG complexes. Previous work has segmented the ECG first into
multiple complexes and then modeled each complex with Fourier har-
monics [19]. In this paper we have shown that the Gaussian bases ap-
proach naturally segments the ECG complexes during the parameter
identification process.

The Gaussian basis function (Eq. (2)) is symmetric and cannot di-
rectly represent the asymmetric complexes often found in ECG

Fig. 7. The detected J, Tpeak , and Tend times for all 22 recordings from the
Dofetilide post-drug dataset using the fitted Gaussian model parameters
(N=7). The values calculated using the method from Section 2.4 are marked as
the black diamonds. The ECG timing annotations from Ref. [3] are marked as
the red stars. Note here that the J timing is found using LII, while Tpeak and Tend

are found using the VM lead.
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recordings. Fig. 2 demonstrates that our method represents asymme-
trical complexes by fitting overlapping basis functions to create a group
of bases for that complex. This is an advantage of the global optimi-
zation method of Section 2.2 and improves on the one-wave-per-com-
plex local optimization with pre-processed initial parameter points
[20]. Alternative approaches have used Gaussian mesa functions for
ECG modeling [11] and analysis of repolarization morphology [12].
These are piecewise continuous functions with an initial and end

Gaussian segment and a flat mesa between them. This enables asym-
metric and flattened complexes to be modeled without using over-
lapping basis function groups. In some instances a basis with a flat top
may not be the most appropriate and future investigation of alternative
piecewise functions with more flexibility will be made.

An important finding in this work is that the mean J toTpeak andTpeak
to Tend intervals calculated by our Gaussian decomposition of the ECG
are statistically similar to expert annotations [3] in both control and
drug states. The triangle based method we have used is a robust ap-
proach for determining timing measure, including identifying the J
point. This is beneficial for objectively identifying these measures over
large databases of many ECG signals. A caveat is that while we found
that =N 7 Gaussians basis functions have been adequate to represent
all the complexes in the signals we have tested, too few will under-
represent the signal and affect determination of timing measures.

The pre- and post-drug changes in parameter values in Fig. 10 show
that they encode ECG morphology changes due to drug effects. It

Fig. 8. Swarm plot of the timing intervals detected using the proposed method (dots) and the expert annotated timing intervals (astrisks).

Table 2
Summary of detected Tpeak to Tend intervals.

Drug State Dofetilide Quinidine Ranolazine Verapamil

Expert Pre-drug [3] ± ms72.5 5.12 ± ms73.8 7.89 ± ms74.0 8.14 ± ms72.2 6.87
Our Pre-drug ± ms84.0 21.5 ± ms78.7 19.0 ± ms83.8 24.0 ± ms75.3 19.7
Paired Sample T-test p-value Pre-drug 0.0219 0.2218 0.0878 0.1910
Expert Post-drug [3] ± ms97.6 21.4 ± ms108.2 35.4 ± ms77.4 7.86 ± ms73.5 7.70
Our Post-drug ± ms98.0 24.2 ± ms110.5 29.3 ± ms77.5 12.1 ± ms83.0 32.3
Paired Sample T-test p-value Post-drug 0.9130 0.6450 0.9857 0.1910

Table 3
Summary of detected J to Tpeak intervals.

Drug State Dofetilide Quinidine Ranolazine Verapamil

Expert Pre-drug [3] ± ms234.5 22.0 ± ms233.3 22.7 ± ms231.8 18.3 ± ms232.8 24.2
Our Pre-drug ± ms237.5 34.6 ± ms237.5 25.0 ± ms235.8 25.9 ± ms232.7 32.9
Paired Sample T-test p-value Pre-drug 0.6119 0.3171 0.3865 0.9763
Expert Post-drug [3] ± ms254.5 36.9 ± ms232.8 36.1 ± ms215.0 18.3 ± ms209.3 26.9
Our Post-drug ± ms258.9 40.8 ± ms232.5 43.8 ± ms217.9 24.1 ± ms208.8 34.9
Paired Sample T-test p-value Post-drug 0.3309 0.9618 0.5975 0.9471

Table 4
Summary of detected change in Tpeak to Tend intervals.

Drug State Dofetilide Quinidine Ranolazine Verapamil

Expert [3] ± ms25.0 19.6 ± ms34.4 31.2 ± ms3.4 6.26 ± ms1.26 5.46
Proposed ± ms14.0 36.4 ± ms31.8 32.8 ± ms6.30 23.9 ± ms7.68 32.1
T-test p-value 0.0945 0.6433 0.0705 0.4026
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demonstrates that in general there is an increase in T-wave length
(width) from pre-to post-drug states for both Dofetilide and Quinidine
and little change for Ranolozine and Verapamil. These observations are
physiologically sound as Dofetilide and Quinidine block the hERG po-
tassium channels which results in prolonged repolarization times and
longer T-waves [3]. Ranolazine and Verapamil facilitate late sodium
current block and strong calcium block, respectively. This opposes
hERG channel effects on early repolarization and causes little to no
change in the Tpeak and Tend interval [3].

Good predictions of post-drug ECG waveform morphology is found
by applying observed changes in the Gaussian basis function parameter
space (Section 2.5) using a leave-one-out cross validation strategy. The
prediction method applies observed changes in parameter values from
the training set to fitted parameters from a never-seen-before pre-drug
ECG in the testing set. This efficacy of this strategy is demonstrated
using both the VM and the LII leads. The mean PCC for all waveform
predictions across VM and LII for all four drug states was very high at

±0.94 0.05 and shows that in general the ECG morphologies of the post-
drug state were well predicted. The number of Gaussian basis functions
used for prediction in all four drug cases was =N 7. When N is large the
complexes are overfit and there are redundant basis functions [10],
each of which has to be accounted for when applying parameter shifts.
Overfit complexes are unsuitable for predicting waveform morpholo-
gies. Prediction of whole ECG morphology corresponds with the com-
prehensive waveform analysis explored in Ref. [21], from which the
CiPA suggested J to Tpeak timing interval is derived. The comprehen-
sive analysis includes T-wave biomarkers such as notching, asymmetry,
and flatness that can only be captured through morphology and not
timing intervals alone [21]. This is further supported for post-drug ECG
signal morphology analysis.

The Gaussian basis approach to predicting drug effects on a patient's
ECG, relies on there being similar ECG examples in the training dataset.
The range of conditions, e.g. patho-physiological state, gender, drug-
combinations, etc., in the training data must be carefully considered
prior to using the Gaussian basis parameter space for prediction. This is
particularly the case for Dofetilide and Quinidine, for example, as there
are potential distortions in the T-wave, such as inverted, notched,

Table 5
Summary of detected change in J to Tpeak intervals.

Drug State Dofetilide Quinidine Ranolazine Verapamil

Expert [3] ± ms20.0 24.4 ± ms0.57 28.2 ± ms16.8 14.4 ± ms23.6 14.9
Proposed ± ms21.4 37.6 ± ms5.05 39.6 ± ms17.9 30.2 ± ms23.8 31.5
T-test p-value 0.8096 0.4201 0.8577 0.9688

Fig. 9. The PCC between the predicted and the clinically recorded post-drug
ECG for both Lead II (LII) and vector magnitude lead (VM) as a function of
number of Gaussians fit (N). The training set used during the prediction of each
individual ECG recording is composed of all other recordings of the same lead
under the same drug effect (leave-one-out cross validation). PCC for individual
recordings are marked in colored dots, Lead II (blue) and VM lead (red). The
mean PCC of all recordings at each N is the marked as black circle (Lead II) and
black triangle (VM lead).

Fig. 10. The changes in T-wave parameter values detected in the training set
from the vector magnitude lead. Vector magnitude lead is used to calculate the
Tpeak and Tend times. The parameter changes here are detected using =N 7. The
black solid line indicates the point of zero parameter change.
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Fig. 11. Time-domain representation of predicted full post-drug waveform morphology at =N 7 (blue solid line) and the clinical median post-drug recording (red
dotted line) for Lead II. The PCC between the two time-series is also shown. The PCC associated p-values are <0.01 for all predictions, suggesting that the PCC are
statistically significant.
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Fig. 12. Time-domain representation of predicted full post-drug waveform morphology at =N 7 (blue solid line) and the clinical median post-drug recording (red
dotted line) for vector magnitude lead. The PCC between the two time-series is also shown. The PCC associated p-values are <0.01 for all predictions, suggesting that
the PCC are statistically significant.
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biphasic or flattened waves, and these are often highly interesting and
important features. The extracted dataset used in this work (Section
2.1) does not contain many examples of these features in the post-drug
state. Future work will broaden the number of datasets with pro-
nounced distortions in the T-wave to ensure more examples of these
features in the training data.

The J to Tpeak intervals have been considered in more detail in the
Supplementary Material. Comparisons in these measures pre- and post-
drug, and with expert annotations, are given and there is good corre-
spondence at the individual data point level. The statistical population
comparison was shown in Table 5. We note that uncertainty in expert
annotations has previously been estimated at 40ms [16,17] and our J
time point can be up to 50ms in error in the worst case scenario. These
uncertainties have been accounted for in the Supplementary Material.
We also note that the standard deviation in the expert annotated pre-to
post-drug intervals are large (Tables 4 and 5). In the Supplementary
Material Fig S8 we show that our prediction technique predicts changes
in individual data point J to Tpeak intervals within the 95% confidence
interval from the expert annotated data. This arises because our pre-
diction technique has captured the population trend in the timing in-
tervals (see Table 5).

The prediction of ECG morphology using Gaussian basis function
parameters is a potentially powerful tool for assisting drug adminis-
tration decisions, enabling phenomenological descriptions of post-drug
signals based on pre-drug ECGs. The Gaussian basis function model is
an effective dimensional reduction tool for complex ECG signals. While
the post-drug ECG prediction strategy presented in this paper is effec-
tive, as more signals become available for training alternative machine-
learning based prediction strategies may become useful to understand
the increasing complexity. Furthermore, in future work the ECG para-
meterization methods can be extended for classification of different
ECG complexes [22], compression or filtering of signals [23], the pre-
diction of safe or unsafe post-drug Gaussian parameter states, and

prediction of ECG morphologies in the context of multiple concurrent
drugs.

5. Conclusion

Parametric ECG model with Gaussian basis functions is an approach
for studying drug effects on ECG waveform morphology. We took a
bound constrained global optimization approach for model parameter
identification. We showed that model parameter values could be used
to calculate clinically useful information such as change in J toTpeak and
Tpeak to Tend intervals, similar to those found under the computer aided
attention of an expert (paired-sample t-test >p 0.05). Furthermore,
model parameters can characterize changes in ECG morphology due to
drug effects and predict post-drug ECG morphologies from pre-drug
states (Pearson correlation <p 0.01 for all cases). Models of changes in
Gaussian parameter values for single drugs could potentially be com-
bined to form ECG morphology predictions of multiple drug states. Our
work provides an objective measure of ECG morphological information
for future clinical studies and can be extended towards characterization
and prediction of diseased cardiac states.

Authors’ Contributions

T.P.: designed and carried out the study, analysis and interpretation
and data, drafting and revising of the article, and final approval of the
version to be submitted; M.L.T.: provided insight on study design, data
analysis and interpretation, revising of the article critically for im-
portant intellectual content, and final approval of the version to be
submitted; A. M.: provided insight on study design, data analysis and
interpretation, revising of the article critically for important intellectual
content, and final approval of the version to be submitted.

Conflict of Interest

All authors have no conflict of interest to report.

Acknowledgements

This work was funded by the National Science Challenges, Science
for Technological Innovation, NZ, grant 3713917. M. L. Trew was
supported by a grant from the Fondation Leducq.

Appendix A. Spread of Fitted Parameter Values

The meta-heuristic population-based optimization strategy of Particle Swarm Optimization (PSO) does not guarantee a global optimum. In our
method we repeat PSO from different starting points five times for each ECG and then do a local gradient minimization search. The solution with the
lowest objective function over these five samples is the final parameter set. Fig A1 shows the scatter in final parameter and objective function value
when the number of PSO iterations is varied from 1 to 50 in one subject from the post-drug Dofetilide dataset. Five Gaussian basis functions were
used in all cases. The objective function values ( fval) and the isoelectric line (bs) show very little variation over 1 to 50 PSO iterations. Gaussian basis
functions 1–3 correspond to the R, T and P complexes respectively and show minimal parameter variation. The Gaussian basis functions 4 and 5 are
grouped with the other basis functions to capture low amplitude asymmetries in the complexes and, hence, the objective function is less sensitive to
their variation.

Figure A.1. The box-and-whisker plot of best objective function values ( fval) and model parameters values from the iteration with the best fval for all number of PSO
iterations (npso from 1 to 50). The black star marks the parameter values from 5 PSO iterations ( =n 5pso ). The parameters were fitted to the post-drug recording of

Table 6
Summary of PCC between predicted and clinically recorded ECGs for lead II
(LII) and vector magnitude lead (VM) ( =N 7).

Drug State Dofetilide Quinidine Ranolazine Verapamil

LII PCC ±0.9444 0.0368 ±0.9479 0.0367 ±0.9472 0.0333 ±0.9438 0.0671
VM PCC ±0.9105 0.0798 ±0.9449 0.0318 ±0.9570 0.0352 ±0.9570 0.0342
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subject number 1 from the Dofetilide dataset. The Gaussian model parameters here were sorted by amp after they have been identified.

Appendix B. Point of Maximum Gradient

Figure B.1. Representation of point of greatest descent for a Gaussian function.
The parameter width in Eq (2) is related to the standard deviation σ of the standard Gaussian probability density function as shown in Eq (B.1). It

is well known that the inflection point corresponding to the maximum descending gradient of the Gaussian probability density function is one
standard deviation from the mean. The derivative of Eq (2) with respect to t regardless of shift , as it simply changes the position of the peak of the
function, is shown in Eq (B.2). Substituting Eq (B.1) as t in Eq (B.2) gives Eq (B.3), which simplifies to Eq (6). Fig B1 demonstrates this point of
greatest gradient descent on a Gaussian function.
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Appendix C. Predicted J to Tpeak and Tpeak to Tend Intervals

Fig C1 shows the difference between detected (Section 2.2) and predicted (Section 2.5) timing intervals compared to expert annotations [3] for
all post-drug stages. Tables C1 and C2 show the means and standard deviations for the comparative data. The paired sample t-test p-values indicate
that the detected and predicted intervals are similar to the expert annotations ( >p 0.05). The exception to this is the Tpeak to Tend interval in the
Dofetilide post-drug stage.

Table C.1
Summary of Difference in Tpeak to Tend Intervals Compared to Expert Annotations from Ref. [3].

Drug State Dofetilide Quinidine Ranolazine Verapamil

Detected ± ms0.41 17.3 ± ms2.29 22.4 ± ms0.050 12.3 ± ms9.53 30.6
Predicted ± ms16.5 26.7 ± ms12.1 41.8 ± ms14.5 36.0 ± ms12.0 21.7
T-test p-value 0.0445 0.1178 0.0713 0.7652

Table C.2
Summary of Detected Change in J to Tpeak Intervals

Drug State Dofetilide Quinidine Ranolazine Verapamil

Expert [3] ± ms4.32 20.4 ± ms0.29 27.0 ± ms7.25 19.2 ± ms0.42 27.3
Proposed ± ms18.1 53.8 ± ms3.24 41.0 ± ms8.50 40.2 ± ms3.84 34.2
T-test p-value 0.0533 0.7370 0.505 0.7085
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Figure C.1. Swarm plot of the difference in timing intervals compared to expert annotations [3]. Differences calculated using the intervals detected from fitted gaussian
parameters ( =N 7) from clinically recorded ECGs after Section 2.2 are marked as red astrisks; differences calculated from intervals detected after waveform morphology
prediction after section 2.5 are marked as blue dots. The cyan dotted line indicates the line of zero difference in interval timing when compared to expert timings.

Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.compbiomed.2019.03.027.
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