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A B S T R A C T

This paper introduces a novel method for classifying and predicting cardiac arrhythmia events via a special type
of deterministic probabilistic finite-state automata (DPFA). The proposed method constructs the underlying
state space and transition probabilities of the DPFA model directly from the input data. The algorithm was
employed in the prediction of two types of cardiac events, supraventricular tachycardia (SVT) and atrial
high-rate episodes (AHRE), with its performance compared to five other well-established methods. In all
experiments, the proposed method achieved over 0.8 AUC for both SVT and AHRE prediction.
1. Introduction

The electrocardiogram (ECG) is a type of physiological signal with
many clinical applications in cardiac arrhythmia, including diagnosis
confirmation, monitoring drug effects, and rate control [1]. Despite its
great value, it is often challenging to extract relevant information from
ECG signals, even for a well-trained medical expert, due to variability
in signal morphology. Such variability is ubiquitous and manifests itself
in different ways: via the ECG signals themselves, the measurements
derived from said signals, and the diagnostic interpretations based on
such measurements [2].

Most traditional methods for physiological signal analysis depend
heavily on pre-processing to identify peaks with specific morphology.
As a result, these methods tend to be less effective on noisy data.
In recent years, with the advent of portable arrhythmia monitoring
devices, it has become possible to collect ECG data in real time, albeit
with more noise. Therefore, in order to enable automated clinical
decision making using such ECG sources, it is desirable to introduce
new methods that require minimal pre-processing prior to analysis.

In this paper, we introduce a novel deterministic probabilistic finite-
state automata (DPFA)-based approach for classifying and predicting
cardiac events using ECG signals. The method transforms ECG signals

∗ Corresponding author.

into probabilistic strings over an alphabet which, in this study, con-
tains only three symbols. Each of the three symbols corresponds to a
broad morphology type which is present in ECG signals. Using these
symbolized ECGs, the algorithm seeks to extract information related to
the patterns and sequences of the symbols contained in the probabilistic
string. This is achieved by constructing a DPFA from the probabilistic
string, after which the DPFA serves as the primary means of classifi-
cation. This approach frees the resultant classification algorithm from
relying on the identification of specific ECG morphological such as
peaks.

In order to test its performance, the algorithm was used to predict
atrial high-rate episodes (AHRE), a surrogate for atrial fibrillation
(AFib), and supraventricular tachycardia (SVT) events by analyzing
ECG data several minutes prior to the onset of the cardiac event. In most
cases the algorithm outperforms five other more traditional and well-
established approaches, including a heart rate variability (HRV) based
method using support vector machine (SVM), a method combining
discrete wavelet transform (DWT) and principal component analysis
(PCA), a deep neural network (DNN), a convolutional neural network
(CNN), and a CNN with long-short term memory (LSTM).
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2. Historical perspectives and current trends

Arrhythmia classification using ECG signals typically involves three
major tasks: signal pre-processing in order to remove noise and baseline
wandering, feature extraction in time and/or frequency domains, and
classification of the signals into different arrhythmia types according
to the features extracted, often through the training of classifiers via
machine learning algorithms.

In the literature, numerous feature extraction techniques have been
proposed to analyze and classify ECG signals. These techniques include:
heart rate variability (HRV) [3,4], independent component analysis
(ICA) [5–7], PCA [8,9], wavelet transform [10–12], and 1-D con-
volutional neural network (CNN) [13,14]. These feature extraction
techniques are used together with learning algorithms for arrhythmia
detection and classification. Each feature extraction technique focuses
on different aspects of the signal, e.g., HRV features put emphasis on
the features of heart beats, while ICA, PCA, and wavelet transform focus
on the morphology of the signal. All of these methods have their unique
strengths and drawbacks.

The machine learning algorithms used for arrhythmia classifica-
tion include: support vector machine (SVM) [15–19], auto-regressive
modeling [20], hidden Markov model (HMM) [21–23], a set of rules
as determined by cardiologists [24,25], optimal path forest [26], and
artificial neural networks [8,27–29]. In the past two years, many
studies have adopted recurrent neural network (RNN) or long short-
term memory (LSTM) as the learning algorithms of choice [30–34].
A number of studies have also applied deep learning methods for the
classification of ECG signals [13,35,36]. In general these algorithms
do not require specific signal pre-processing, QRS detection, or feature
extraction steps. However, this advantage comes with the cost of re-
quiring larger training datasets. This can be challenging as arrhythmia
cases are relatively rare in comparison to healthy control cases.

Contrary to the above, to the best of our knowledge few studies have
applied DPFA-based methods in the analysis of physiological signals,
and especially not in arrhythmia detection and prediction using ECG
signals. Deterministic probabilistic finite-state automata (DPFA) are
finite-state automata in which every state is assigned a probability to
each distinct letter in a fixed finite alphabet, which then determines a
unique new state. More generally, in probabilistic finite-state automata
(PFA), given a letter and current state, multiple transitions are allowed
to other states with potentially different probabilities [37]. PFA have
the same expressive power as HMM [37], despite the fact that only the
latter has found wide application in ECG signal analysis.

Due to its deterministic assignment of transitions to the alphabet
for a given state, DPFA have less expressive power than PFA. On
the other hand, it is much easier to estimate the parameter values
of DPFA than PFA [37]. As a result, DPFA will likely perform better
when running the algorithm in real-time. Some well-developed special
cases of DPFA include: 𝑛-grams with smoothing [38], Markov chains
uilt by aggregating or mixing 𝑛-grams [39], and probabilistic suffix
rees (PST) [40]. These algorithms have found applications in natural
anguage processing [41,42] as well as in biomedical research such as
rotein structural analysis and sequence analysis [43,44].

.1. Arrhythmia prediction

As detailed above, many algorithms and methods exist for the
etection or classification of cardiac arrhythmias. A more challenging
pplication of machine learning in this context is the prediction of
ardiac events or arrhythmias before they occur. A reliable cardiac
vent prediction system could alert patients and clinicians alike of
n impending event, thereby enabling timely intervention. However,
rediction of arrhythmic events well before their onset is still an open
esearch problem [45].

Therefore in this study we aim to construct a reliable prediction sys-
2

em for cardiac arrhythmias, specifically AHRE as a surrogate of AFib,
nd SVT, as they are the two most prevalent types of arrhythmia. AFib
s the most common sustained cardiac arrhythmia. As of 2014, between
.7 million and 6.1 million American adults were affected by AFib [46].
Fib is associated with a 5-fold increased risk of stroke [47], a 3-

old increased risk of heart failure, and a 2-fold increased risk of both
ementia and mortality [48]. SVT is another common arrhythmia with
echanistic origin in the upper chambers of the heart, occurring with
prevalence of 2.25 cases per 1000 in the general population [49]. An

lgorithm focusing on AFib and SVT prediction, such as the proposed
PFA-based method, would greatly advance clinical decision making
nd provide better patient care.

. Method

The proposed method not only classifies, but more importantly,
llows us to predict heart rhythms by first generating two DPFA (ar-
hythmia versus non-arrhythmia) from the training datasets containing
CG signals, and then comparing the goodness-of-fit (as defined in
ection 3.4.2) between each DPFA and the testing data.

.1. Training method

A schematic diagram of the proposed method is illustrated in Fig. 1.
he training dataset consists of annotated ECG signals. From these the
lgorithm extracts windows that are indicative of future arrhythmia
vents and others that are not. The positive ECG signals (i.e., pre-
rrhythmia) are symbolized into probabilistic strings, which are then
ed into the ‘‘DPFA Generation’’ module that constructs the positive
PFA 𝑀+. The same is done for the negative ECG windows (i.e., regions

hat are neither arrhythmia nor pre-arrhythmia), producing the nega-
ive DPFA 𝑀−. The ‘‘Symbolization’’ module is detailed in Section 3.2
nd the ‘‘DPFA Generation’’ module is described in Section 3.3.

.2. Symbolization

In this study, ECG signals are symbolized into strings of ternary
ords, but the method can be extended to larger alphabets. Let 𝑔(𝑡)
e the input ECG signal, where 𝑡 is time in seconds, 0 ≤ 𝑡 ≤ 𝐿,

and 𝐿 is the length of the ECG recording. 𝑔(𝑡) can be thought of as a
continuous signal, but in implementation it is generally discrete with a
high frequency (typically ≥ 200 Hz) depending on the ECG source. The
symbolization process for a sample ECG signal is illustrated in Fig. 2.

A brief description of the main steps of the symbolization process is
below, with pseudocode provided in Algorithm 1:

(a) The first step is to capture morphological features of width less
than the duration of a typical QRS-complex: this is achieved
by first subtracting the moving average 1

2ℎ0
∫ 𝑡+ℎ0𝑡−ℎ0

𝑔(𝑟)𝑑𝑟 over
intervals of width 2ℎ0. The signal is then smoothed by con-
volving with the triangle function 𝛬ℎ0 (𝑡) = max{ℎ0 − |𝑡|, 0} and
normalized by dividing by the local 𝐿2 norm

|

|

|

|

|

∫

𝑡+ℎ1

𝑡−ℎ1
𝑔2 ∗ 𝛬ℎ1 (𝑟)𝑑𝑟

|

|

|

|

|

1
2

over intervals of width 2ℎ1.
The parameter ℎ0 controls the window size for baseline removal,
while ℎ1 controls the length of the filter whose purpose is to cap-
ture the variability of magnitudes among adjacent heartbeats,
while ensuring comparable average magnitudes over longer in-
tervals. Therefore ℎ0 should be approximately the duration of a
heart beat. Since a normal heart rate is around 60–100 beats per
minute, so ℎ0 was chosen to be 2 s. ℎ1 needs to be longer than
the duration of two or three heartbeats, but not too large as to
reduce the local nature of normalization, so ℎ1 was chosen to be
5 s. Both parameters can also be tuned during the training steps

for the purpose of facilitating the capture of local information
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Fig. 1. A schematic diagram depicting the training and testing steps for the proposed method.
Fig. 2. An example of ECG signal symbolization into a ternary alphabet: {𝑝1, 𝑝2, 𝑞}.
for use by the DPFA algorithm. For different applications these
parameters may need to be modified.
Finally a piecewise linear filter is applied by forming the convo-
lution

𝑔 ∗ 𝜙(𝑡) = 𝑔(−2) ∗ 𝜙(2)(𝑡),

where 𝑔(−2) denotes the second antiderivative of the signal 𝑔(𝑡)
and 𝜙(2)(𝑡) denotes the second derivative of the piecewise linear
function 𝜙(𝑡). The expression on the right hand side has the
advantage that 𝜙(2) is a sum of delta functions, which is better
behaved when working with discrete signals.

(b) The second step is to apply downsampling to discretize the signal
into 𝑥1𝑥2 … 𝑥𝑛 by

𝑥𝑖 = max
{

𝑔(𝑡) ||
|

(𝑖 − 1)𝑤 ≤ 𝑡 ≤ 𝑖𝑤
}

,

where 𝑤 is the downsampling window size tuned during the
training step and 𝑛 = ⌊𝐿∕𝑤⌋.
3

(c) The next step is to locally normalize the discrete signal by
dividing 𝑥𝑖 by the local maximum max{𝑥𝑖−⌊ℎ2∕𝑤⌋,… , 𝑥𝑖+⌊ℎ2∕𝑤⌋}
over intervals of width 2ℎ2, where ℎ2 = 1 second. ℎ2 was chosen
to be long enough to cover several QRS complexes.

(d) In the final step, the probabilities 𝑝𝑖1, 𝑝𝑖2 and 𝑞𝑖 are obtained
from the normalized signal �̃�1�̃�2 … �̃�𝑛 via soft-thresholding

⎧

⎪

⎨

⎪

⎩

𝑝𝑖1 = 𝜓1(�̃�𝑖)
𝑝𝑖2 =

(

1 − 𝜓1(�̃�𝑖)
)

⋅ 𝜓2(�̃�𝑖)
𝑞𝑖 = 1 − 𝑝𝑖1 − 𝑝𝑖2,

where the soft-thresholding functions are chosen to be piecewise
linear functions 𝜓1, 𝜓2 ∶ [0, 1] → [0, 1] of the form

𝜓𝑗 (𝑥) =

⎧

⎪

⎨

⎪

1 if 𝑥 > 𝑏𝑗
𝑥−𝑎𝑗
𝑏𝑗−𝑎𝑗

if 𝑎𝑗 ≤ 𝑥 ≤ 𝑏𝑗
⎩0 if 𝑥 < 𝑎𝑗
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The parameters 𝑎1, 𝑏1, 𝑎2, 𝑏2 are all tuned in the training step. A
grid search was performed for 𝑎1 and 𝑏1 with 𝑎1 < 𝑏1 from 0.1
through 0.9 with 0.1 increment. A grid search for 𝑎2 and 𝑏2 was
performed in a similar manner. The parameter values used in
this study were 𝑎1 = .6, 𝑏1 = .8, 𝑎2 = .025 and 𝑏2 = .05 for AHRE
prediction and 𝑎1 = .4, 𝑏1 = .8, 𝑎2 = .04 and 𝑏2 = .06 for SVT
prediction.

In summary, 𝑝𝑖1, 𝑝𝑖2, and 𝑞𝑖 represent the probability of dominant
patterns and local shapes depending on values of 𝑎1, 𝑏1, 𝑎2, and 𝑏2.

Algorithm 1 ECG Symbolization
Input: 𝑔(𝑡), 0 ≤ 𝑡 ≤ 𝐿 ⊳ ECG

ℎ0, ℎ1, ℎ2 > 0 ⊳ time parameters
𝜙(𝑡), supported locally near 𝑡 = 0 ⊳ piecewise linear filter
𝑤 > 0 ⊳ downsampling window size
𝜓1, 𝜓2 ∶ [0, 1] → [0, 1] ⊳ soft-thresholding functions

utput: 𝐏 = 𝐩1𝐩2 …𝐩𝑛 =
⎡

⎢

⎢

⎣

𝑝11
𝑝12
𝑞1

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝑝21
𝑝22
𝑞2

⎤

⎥

⎥

⎦

⋯
⎡

⎢

⎢

⎣

𝑝𝑛1
𝑝𝑛2
𝑞𝑛

⎤

⎥

⎥

⎦

⊳ probabilistic string

for all 𝑡 ∈ [0, 𝐿] do
𝑔(𝑡) ← 𝑔(𝑡) − 1

2ℎ0
∫ 𝑡+ℎ0𝑡−ℎ0

𝑔(𝑟)𝑑𝑟 ⊳ subtract moving average
𝑔(𝑡) ← 𝑔 ∗ 𝛬ℎ0 (𝑡) ⊳ triangular smoothing

𝑔(𝑡) ← | ∫ 𝑡+ℎ1𝑡−ℎ1
𝑔2 ∗ 𝛬ℎ1 (𝑟)𝑑𝑟|

− 1
2 𝑔(𝑡) ⊳ normalization

𝑔(𝑡) ← 𝑔(−2) ∗ 𝜙(2)(𝑡) ⊳ piecewise linear filter
end for
𝑛← ⌊𝐿∕𝑤⌋ ⊳ length of 𝐏
for 𝑖← 1, 𝑛 do

𝑥𝑖 ← max{𝑔(𝑡) ∣ (𝑖 − 1)𝑤 ≤ 𝑡 ≤ 𝑖𝑤} ⊳ downsampling
end for
for 𝑖← 1, 𝑛 do

�̃�𝑖 ← 𝑥𝑖∕max{𝑥𝑗 ∣ 𝑖 − ⌊ℎ2∕𝑤⌋ ≤ 𝑗 ≤ 𝑖 + ⌊ℎ2∕𝑤⌋} ∈ [0, 1]
⊳ local normalization

𝑝𝑖1 ← 𝜓1(�̃�𝑖)
𝑝𝑖2 ← (1 − 𝜓1(�̃�𝑖))𝜓2(�̃�𝑖)
𝑞𝑖 ← 1 − 𝑝𝑖1 − 𝑝𝑖2 ⊳ soft-thresholding

end for

3.3. DPFA generation

The output of the symbolization module is a probabilistic string over
the alphabet 𝛴. Such a probabilistic string defines a word distribution,
for which the DPFA generation module produces a DPFA that best
approximates this distribution. The DPFA is constructed in two steps:
first by building a frequency prefix tree (FPT) and then performing state
merging within the FPT.

3.3.1. The word distribution defined by a probabilistic string
Given the alphabet 𝛴 = {𝑎1,… , 𝑎𝑑} consisting of 𝑑 symbols, let

𝛴∗ denote the set of all words 𝑎𝑗1𝑎𝑗2 … 𝑎𝑗𝑚 of finite length, with 𝜀
representing the empty word. A word distribution is defined to be a
function 𝑓 ∶ 𝛴∗ → R such that

(a) 𝑓 (𝑤) ≥ 0, and
(b) 𝑓 (𝑤) = ∑𝑑

𝑗=1 𝑓 (𝑤𝑎𝑗 )

for all 𝑤 ∈ 𝛴∗.
Let 𝐏 = 𝐩1𝐩2 …𝐩𝑛 be a probabilistic string of length 𝑛 consisting of

𝑑-dimensional probability vectors

𝐩𝑖 =
⎡

⎢

⎢

⎣

𝑝𝑖1
⋮
𝑝𝑖𝑑

⎤

⎥

⎥

⎦

, 𝑝𝑖𝑗 ≥ 0 and
𝑑
∑

𝑗=1
𝑝𝑖𝑗 = 1;

where 𝑝𝑖𝑗 denotes the probability that the 𝑖th letter of the probabilistic
4

string is equal to 𝑎𝑗 ∈ 𝛴. Then the probabilistic string defines a word
distribution 𝑓𝐏 by

𝑓𝐏(𝑎𝑗1𝑎𝑗2 … 𝑎𝑗𝑚 ) =
𝑛−𝑚+1
∑

𝑖=1

𝑖+𝑚−1
∏

𝑘=𝑖
𝑝𝑖𝑗𝑘 (1)

for all non-empty 𝑎𝑗1𝑎𝑗2 … 𝑎𝑗𝑚 ∈ 𝛴∗ and 𝑓𝐏(𝜀) = 𝑛 (see Algorithm 2).

Algorithm 2 Word Distribution of a Probabilistic String
Input: 𝐏 = 𝐩1𝐩2 …𝐩𝑛 ⊳ probabilistic string
Output: 𝑓𝐏(𝑤) ∈ R ⊳ 𝑤 = 𝑎𝑗1𝑎𝑗2 … 𝑎𝑗𝑚 ∈ 𝛴∗

𝑤 ← 𝜀
𝑝𝑛+1(𝑤) ← 0
for 𝑖 ← 1 to 𝑛 do

𝑝𝑖(𝑤) ← 1
end for
for 𝑘 ← 0 to 𝑚 − 1 do

𝑤 ← 𝑎𝑗𝑚−𝑘𝑤
𝑝𝑖(𝑤) ← 𝑝𝑖𝑗𝑚−𝑘𝑝𝑖+1(𝑤)

end for ⊳ 𝑝𝑖(𝑤) = P(𝑤 occurs at the 𝑖th position of 𝐏)
𝑓𝐏(𝑤) ←

∑𝑛
𝑖=1 𝑝𝑖(𝑤)

3.3.2. Constructing the FPT
A frequency prefix tree (FPT) is a tree-like automaton 𝑇 = ⟨𝑄0, 𝛴, 𝜀,

Freq⟩ with alphabet 𝛴, state space 𝑄0 ⊂ 𝛴∗, and initial state 𝜀 ∈ 𝑄0,
hich is also equipped with a frequency function Freq ∶ 𝑄0 → R.
ere the transition function is given by concatenation of words, which
ssigns 𝑞𝑎𝑗 ∈ 𝛴∗ to (𝑞, 𝑎𝑗 ) ∈ 𝑄0 × 𝛴 whenever 𝑞𝑎𝑗 ∈ 𝑄0.

In particular, a word distribution 𝑓 ∶ 𝛴∗ → R on the alphabet 𝛴
efines an FPT with full state space 𝑄0 = 𝛴∗ and frequency function
req = 𝑓 . In general, such FPTs have infinite state spaces. However, in
he special case when Freq(𝑤) = 0 for all but finitely many 𝑤 ∈ 𝛴∗, the
PT can be restricted to the finite state space

0 = {𝑤 ∈ 𝛴∗ ∣ Freq(𝑤) ≠ 0}

ithout losing any information.
One such special case is when the word distribution 𝑓 arises from

probabilistic string 𝐏 over the alphabet 𝛴 with finite length. This is
ecause 𝑓𝐏(𝑤) = 0 for all words 𝑤 ∈ 𝛴∗ whose length exceeds the
ength of 𝐏.

.3.3. Cutoff and state merging
A deterministic probabilistic finite-state automaton (DPFA) is an

utomaton 𝑀 = ⟨𝑄,𝛴, 𝜀, 𝑃 , 𝑇 ⟩ with state space 𝑄, alphabet 𝛴, initial
tate 𝜀 ∈ 𝑄 and transition function 𝑇 ∶ 𝑄 × 𝛴 → 𝑄, which is also
quipped with a probability function 𝑃 ∶ 𝑄 × 𝛴 → R such that

(a) 𝑃 (𝑞, 𝑎𝑗 ) ≥ 0, and
(b) ∑𝑑

𝑗=1 𝑃 (𝑞, 𝑎𝑗 ) = 1

or all 𝑞 ∈ 𝑄.
Given an FPT 𝑇 = ⟨𝑄0, 𝛴, 𝜀, Freq⟩, one can construct a DPFA 𝑀 =

𝑄,𝛴, 𝜀, 𝑃 , 𝑇 ⟩ by the largest suffix merging (LSM) algorithm (Algorithm
); a brief description of which is provided below:

(a) the algorithm requires a cutoff parameter 𝐶 such that 0 < 𝐶 <
Freq(𝜀);

(b) the state space 𝑄 of the DPFA consists of all 𝑞 ∈ 𝑄0 which have
frequency Freq(𝑞) > 𝐶;

(c) the alphabet 𝛴 and initial state 𝜀 ∈ 𝑄 are the same as the FPT;
(d) the probability function is defined to be

𝑃 (𝑞, 𝑎𝑗 ) =
Freq(𝑞𝑎𝑗 )
Freq(𝑞)

for all 𝑞 ∈ 𝑄, which is well-defined since Freq(𝑞) > 𝐶 > 0;
(e) if Freq(𝑞𝑎𝑗 ) > 𝐶, then the transition function is defined to be

𝑇 (𝑞, 𝑎 ) = 𝑞𝑎 ∈ 𝑄;
𝑗 𝑗
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(f) otherwise 𝑇 (𝑞, 𝑎𝑗 ) = 𝑠 ∈ 𝑄 is defined to be the largest suffix 𝑠 of
𝑞𝑎𝑗 with Freq(𝑠) > 𝐶.

In summary, the LSM algorithm selects those states 𝑞 ∈ 𝑄0 of 𝑇 with
sufficiently high frequency to be in the state space 𝑀 , and then defines
the transition state 𝑇 (𝑞, 𝑎𝑗 ) to be the largest suffix of 𝑞𝑎𝑗 that is itself
contained in the state space of 𝑀 .

Fig. 3 provides an example of an FPT, while Fig. 4 depicts the DPFA
constructed by the LSM algorithm. For example, in Fig. 4 the transition
state 𝑇 (𝑎, 𝑎𝑏𝑎) is the largest suffix of 𝑎𝑏𝑎𝑎 contained in the state space.
Since 𝑎𝑏𝑎𝑎 and 𝑎𝑏𝑎 are not in the state space, 𝑇 (𝑎, 𝑎𝑏𝑎) = 𝑎𝑎.

The mechanism for state merging in the LSM algorithm reflects the
time-dependent nature of the underlying data (i.e., ECG signals). In
particular, the transition state 𝑇 (𝑞, 𝑎𝑗 ) is found by repeatedly deleting
the left-most letter from the string 𝑞𝑎𝑗 , which represents the process of
forgetting information from the most distant past, in order to update
the system to the current state.

Algorithm 3 Largest Suffix Merging
Input: 𝑇 = ⟨𝑄0, 𝛴, 𝜀, Freq⟩ ⊳ FPT

0 < 𝐶 < Freq(𝜀) ⊳ cutoff parameter
Output: 𝑀 = ⟨𝑄,𝛴, 𝜀, 𝑃 , 𝑇 ⟩ ⊳ DPFA
𝑄 ← {𝜀} ⊳ initial state
for all 𝑞 ∈ 𝑄0 do

while Freq(𝑞) > 𝐶 do
for 𝑗 ← 1, 𝑑 do

𝑃 (𝑞, 𝑎𝑗 ) ←
Freq(𝑞𝑎𝑗 )
Freq(𝑞)

⊳ probability function
𝑇 (𝑞, 𝑎𝑗 ) ← 𝑞𝑎𝑗
while Freq

(

𝑇 (𝑞, 𝑎𝑗 )
)

≤ 𝐶 do
𝑇 (𝑞, 𝑎𝑗 ) ← largest suffix of 𝑇 (𝑞, 𝑎𝑗 )

end while ⊳ transition function
𝑄 ← 𝑄 ∪ {𝑇 (𝑞, 𝑎𝑗 )} ⊳ state space

end for
end while

end for

3.3.4. Implementation
When training the DPFA 𝑀𝐏 from the input probabilistic string 𝐏,

there is no need to construct the states of the FPT 𝑇𝐏 with frequency
less than 𝐶, and the LSM algorithm is executed to merge the states of
𝑇𝐏 immediately after they are constructed.

The combined algorithm has computational complexity 𝑂(𝑑𝑛𝑠) and
needs total memory 𝑂(𝑛𝑙), where 𝑑 is the size of the alphabet 𝛴, 𝑛 is
the length of the probabilistic string 𝐏, 𝑠 is the size of the state space
𝑄, and 𝑙 is the length of the longest word in the state space 𝑄. Both 𝑠
and 𝑙 depend on the cutoff parameter 𝐶.

3.4. Classification method

The classification scheme contains the training phase and the testing
phase. By the end of the training phase, the algorithm has already
learned the DPFA 𝑀+ and 𝑀− for the ‘‘positive ECG signals’’ and
‘‘negative ECG signals’’ classes respectively. Then to classify a given
ECG signal 𝑔(𝑡) from the testing dataset, we first symbolize the signal
into a probabilistic string 𝐏𝑔 , and then compare the goodness-of-fit
between 𝐏𝑔 and 𝑀+ versus 𝐏𝑔 and 𝑀−. The goodness-of-fit is measured
using the expected likelihood between word distributions.

3.4.1. The word distribution defined by a DPFA
Let 𝑀 = ⟨𝑄,𝛴, 𝜀, 𝑃 , 𝑇 ⟩ be a DPFA, then 𝑀 defines a word distribu-

tion 𝑓𝑀 ∶ 𝛴∗ → R on the alphabet 𝛴 by

𝑓𝑀 (𝑎𝑗1𝑎𝑗2 … 𝑎𝑗𝑚 ) =
𝑚
∏

𝑃 (𝑞𝑘−1, 𝑎𝑗𝑘 ) (2)
5

𝑘=1
Fig. 3. FPT - The ‘‘DPFA generation’’ module searches through the tree. The yellow
words have frequency at least 𝐶, while the red words have frequency less than 𝐶. This
example will generate a DPFA with 8 states.

Fig. 4. The DPFA generated from the previous figure. The transition state 𝑇 (𝑎, 𝑎𝑏𝑎) is
the largest suffix of 𝑎𝑏𝑎𝑎 contained in the state space. Since 𝑎𝑏𝑎𝑎 and 𝑎𝑏𝑎 are not in
the state space, 𝑇 (𝑎, 𝑎𝑏𝑎) = 𝑎𝑎.

for all non-empty 𝑎𝑗1𝑎𝑗2 … 𝑎𝑗𝑚 ∈ 𝛴∗ and 𝑓𝑀 (𝜀) = 1, where the state
𝑞𝑘 ∈ 𝑄 is defined recursively by 𝑞0 = 𝜀 and 𝑞𝑘 = 𝑇 (𝑞𝑘−1, 𝑎𝑗𝑘 ) (see
Algorithm 4).

Algorithm 4 Word Distribution of a DPFA
Input: 𝑀 = ⟨𝑄,𝛴, 𝜀, 𝑃 , 𝑇 ⟩ ⊳ DPFA
Output: 𝑓𝑀 (𝑤) ∈ R ⊳ 𝑤 = 𝑎𝑗1𝑎𝑗2 … 𝑎𝑗𝑚 ∈ 𝛴∗

𝑤 ← 𝜀
𝑞 ← 𝜀
𝑓𝑀 (𝑤) ← 1
for 𝑘 ← 1, 𝑚 do

𝑓𝑀 (𝑤) ← 𝑓𝑀 (𝑤)𝑃 (𝑞, 𝑎𝑗𝑘 )
𝑤 ← 𝑤𝑎𝑗𝑘
𝑞 ← 𝑇 (𝑞, 𝑎𝑗𝑘 )

end for

3.4.2. Compute expected likelihood
The expected likelihood EL(𝑓𝐏, 𝑓𝑀 ) is defined as the expected value

E𝑓𝐏 [(𝑓𝑀 )] of the likelihood function (𝑓𝑀 |𝑤) over all words 𝑤 ∈ 𝛴∗:

EL(𝑓𝐏, 𝑓𝑀 ) =
∑

𝑤∈𝛴∗ ,𝑓𝐏(𝑤)≠0
(𝑓𝑀 ∣ 𝑤)𝑓𝐏(𝑤) =

∑

𝑤∈𝛴∗ ,𝑓𝐏(𝑤)≠0
𝑓𝑀 (𝑤)𝑓𝐏(𝑤),

(3)

which is computed with respect to the word distribution 𝑓𝐏(𝑤).
The summation in (3) is well-defined as there are only finitely many

words 𝑤 ∈ 𝛴∗ with 𝑓𝐏(𝑤) ≠ 0 since 𝐏 is a probabilistic string of finite
length. As a measure of goodness-of-fit, a greater value of expected
likelihood implies a better fit between the word distributions.
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3.4.3. Classification
If EL(𝑓𝐏𝑔 , 𝑓𝑀+

) > EL(𝑓𝐏𝑔 , 𝑓𝑀−
), then the ECG signal 𝑔(𝑡) is classified

as ‘‘positive ECG signal’’, otherwise it is classified as ‘‘negative ECG
signal’’.

3.4.4. Implementation
The likelihood values (𝑓𝑀±

|𝑤) can be calculated simultaneously
with the word distribution 𝑓𝐏𝑔 (𝑤) as the algorithm searches through
all the words 𝑤 ∈ 𝛴∗ until 𝑓𝐏𝑔 (𝑤) = 0. Once the values (𝑓𝑀±

|𝑤) and
𝑓𝐏𝑔 (𝑤) are found for all relevant 𝑤 ∈ 𝛴∗, one then applies formula (3)
to compute the expected likelihoods EL(𝑓𝐏𝑔 , 𝑓𝑀±

).
The values EL(𝑓𝐏𝑔 , 𝑓𝑀±

) can be extremely small, which can lead to
rounding errors. Thus, log EL(𝑓𝐏𝑔 , 𝑓𝑀±

) is used instead of EL(𝑓𝐏𝑔 , 𝑓𝑀±
).

4. Preliminary analysis on Arrhythmia detection

To validate the performance of the algorithm, a preliminary anal-
ysis on arrhythmia detection was performed using publicly available
benchmark databases. The databases include the MIT-BIH Arrhythmia
Database (mitdb) [50] and the Creighton University Ventricular Tachy-
cardia Database (cudb) [51]. For ventricular arrhythmia detection, the
proposed algorithm achieved an AUC of 0.96 and F1-score of 0.91 for
5-second long signals and an AUC of 0.97 and F1-score of 0.93 for
2-second long signals [52]. However, the algorithm’s performance on
arrhythmia prediction was not examined, as most of the recordings in
the publicly available databases were of insufficient duration.

5. Data sources

Experiments on two different types of arrhythmia prediction, AHRE
and SVT, were performed in this study.

A retrospective database with ECG signals from Michigan Medicine
cardiac patients with SVT or AFib was used in this study. After exclud-
ing recordings with pacemakers, implantable cardioverter defibrillators
(ICD), or ventricular assist devices (VAD), there were 181 lead II ECG
recordings for patients with SVT and 1210 lead II ECG recordings for
patients with AFib. The recordings were sampled at 240 Hz.

6. Pre-processing and Arrhythmia event extraction

The aim of pre-processing is to remove noise from ECG signals.
Methods focusing on heartbeat segmentation within the ECG signal
tend to require pre-processing [53]. Automated annotation algorithms
were used for both SVT and AFib to annotate the arrhythmia events.
Pre-processing, noise removal, and arrhythmia event extraction were
performed in the same fashion for both types of arrhythmia. The same
pre-processing was applied to all methods in order to make the results
commensurable. In order to demonstrate that the proposed algorithm
does not rely on extensive pre-processing, a set of analysis using raw
ECG data without any processing was also performed.

The following section describes the pre-processing and noise re-
moval steps, followed by the arrhythmia annotations method used for
each type of arrhythmia.

6.1. Pre-processing

During the signal pre-processing step, a fourth-order Butterworth
band-pass filter with cutoff frequencies of 0.5 and 40 Hz is first applied
to the raw ECG signal to remove noise, after which a double median
filter with orders equal to 0.2 and 0.6 times the sampling frequency is
applied to remove baseline wandering. To calculate heart rate and beat
duration, the Pan–Tompkins algorithm for QRS detection is used [54,
6

55].
6.2. Noise removal

After R peak detection, a stepwise noise detection method is per-
formed. There are 3 criteria for noise detection. First, the method
calculates the percentage of missing signal in a defined time window
(300 s) and checks if the missing signal percentage is above a certain
threshold (15%). If the percentage of the missing signal is above the
threshold, the signal is classified as being noisy by the first criteria.
Secondly, if the signal passes the first criterion then non-linear filter
analysis is used to determine missing peaks. If the signal passes both the
first and the second criteria, the third step determines if the percentage
of missing R peaks is above a certain threshold (15%) in the current
window. The window of signal will be classified as noisy if it fails any
of these three criteria. Noisy signals will not be used for subsequent
annotation. Signals that occur too close to the noisy signal will also be
excluded from the analysis.

6.3. Pre-event signal extraction

The aim of this study is to predict the onset of an arrhythmia
event using pre-event signals. In order to assess the predictive power
of the method, events that occurred too close to previous events were
excluded, as the prediction interval should not overlap with arrhythmia
events. Events that occurred within 8 min of a noisy signal were also
excluded, with the aim to ensure that the prediction interval is out of
the noisy signal range. Fig. 5 shows an example of an annotated ECG
signal. After annotation, there is an annotated event A and attendant
prediction interval B, which is located 𝑡𝑔𝑎𝑝 minutes before the annotated
event A with a length of 𝑡𝑠𝑖𝑔𝑛𝑎𝑙 minutes. The interval C classified as noise
will be excluded from the analysis, along with the neighboring intervals
of 8 min.

In the prediction experiments, different combinations of 𝑡𝑔𝑎𝑝 and
𝑡𝑠𝑖𝑔𝑛𝑎𝑙 for both SVT and AFib were tested.

7. Comparison with other methods

Automatic detection of types of arrhythmia or cardiac conditions en-
compasses several basic steps, including pre-processing/segmentation,
feature extraction, followed by a classifier [56]. Machine learning (ML)
approaches for arrhythmia detection can be grouped into two main
categories based on feature extraction strategies [45]. The first group
uses features extracted from the raw ECG as input followed by classical
ML algorithms such as SVM, KNN, and decision trees as classifiers.
Such ML algorithms require dimensionality reduction after feature
extraction from the ECG signals. The second group uses raw ECG data
as input and does not require feature extraction. Information from the
original physiological signals can be directly processed by algorithms
in this group [57]. ML algorithms like neural networks, including their
basic and advanced versions, use the raw data for model training and
detection of arrhythmia types. Compared to the first group, algorithms
in this group generally have higher computational cost and require
larger datasets to achieve equal or greater performance. Our method
belongs to the second group, even though it is not based on neural
networks.

In medical applications, datasets that are both sufficiently large and
well-annotated are not always available due to nature of the various
diseases. Thus both groups have their advantages and drawbacks. In
this study we selected five methods from both groups for comparison.

The first method is an SVM based arrhythmia classification algo-
rithm with features extracted from heart rate variability (HRV with
SVM) by Asl et al. [3]. Following [3], time and frequency domain
features were extracted from the signals. However, generalized discrim-
inant analysis (GDA) for feature reduction was not utilized in this study
since GDA would reduce the number of features, and there are only two
classes to begin with. The SVM model with radial basis function (RBF)

kernel was used for classification. The cost was set to 1:5 for the SVT
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Fig. 5. Intervals of signal are extracted for use in prediction that are 𝑡𝑔𝑎𝑝 minutes prior from the arrhythmia event and 8 or more minutes away from detected noise.
prediction experiment and 1:11 for the AFib prediction experiment.
Parameters for SVM were tuned using the training datasets.

The second method for comparison uses the principal components
of the Discrete Wavelet Transform (DWT) coefficients as features and
SVM as the classifier [9].

The third comparison method is a deep neural network (DNN)
created for arrhythmia prediction by Hannun et al. [58]. The authors
used a convolutional neural network to detect types of arrhythmia.
The network architecture has 34 layers, takes ECG signals as input and
outputs arrhythmia classes. The same experimental setup was used as
in [58]. The network was trained de novo with random initialization
and the Adam optimizer with default parameters.

The fourth and the fifth comparison methods are both based on CNN
techniques. The fourth method, due to Acharya et al. [13], utilized a
CNN algorithm to automatically detect different ECG segments. The
algorithm consists of an eleven-layer deep CNN. The fifth method, due
to Tan et al. [59], employed a long short-term memory (LSTM) network
(CNN with LSTM) to classify ECG signals.

To compare the performance of the five alternative algorithms, the
same training, cross validation, and testing data sets were used.

8. Case study I: SVT prediction

8.1. SVT event annotation

After pre-processing and noise removal as described in Section 6,
an automated annotation algorithm was applied to determine SVT
episodes with the ECG signal. Time windows consisting of three R-R
intervals were annotated as SVT if they satisfied all of the following
four SVT annotation criteria. First, an automated annotation algorithm
based on the heart rate-duration criteria line was used to annotate high
heart rate events. Portions of signals with extremely high heart rate
𝑦2 that last for a short time period 𝑥1, and a relatively lower heart
rate 𝑦1 that last for a longer time period 𝑥2, are both considered to
be indicative of high heart rate events. Using a straight line passing
through the points (𝑥1, 𝑦2) and (𝑥2, 𝑦1), the lower bound for heart rates
in the criteria region between duration 𝑥1 and 𝑥2 are determined. If
any of the heart rates on the duration grid are above the heart rate-
duration criteria line, then that portion of the signal lies in the criteria
region and will be classified as high heart rate. In the case of SVT, the
episodes lie above the heart rate-duration criterion line passing through
the points (30, 150) and (180, 100). Secondly, the difference between
three consecutive R-R intervals should be less than 50 ms. Thirdly, there
should be fewer than 4 P/T like waves within the window. Finally,
the cross-correlations with the 500 P-wave templates extracted from
the MIT-BIH P-wave database should be less than 0.85. A portion of
the annotated SVT episodes were randomly selected and reviewed by
a cardiologist to confirm the sensitivity of the annotation algorithm.
7

8.2. Data partition

A total of 149 SVT events were annotated by the algorithm and a
total of 755 non-SVT intervals were randomly selected from the non-
SVT regions of the signals. A total of 119 (80%) of the SVT intervals
were used in training with the remaining 30 intervals being held out
for testing. Within the training data set, 5-fold cross validation was
performed for parameter tuning (Fig. 6). Training, cross validation, and
testing sets/folds were partitioned on a participant level, meaning that
signals from the same participant were only included in one set/fold so
as to prevent overfitting.

The five models (each with four folds of training data) with the
best parameters tuned during cross validation were then applied to the
testing set.

8.3. SVT prediction results

Different combinations of signal intervals (i.e., 𝑡𝑠𝑖𝑔𝑛𝑎𝑙 = 0.5, 1.0, 2.0
minutes) and gap intervals (i.e., 𝑡𝑔𝑎𝑝 = 0.5, 1.0, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5
minutes) up to 5 min before the event were used for prediction. These
prediction intervals were tested using the DPFA algorithm. Fig. 7 shows
a summary of the performance. The AUC is above 0.75 for all prediction
intervals. As the time to the SVT event increases, the mean prediction
performance gradually declines while variance increases. For the SVT
DPFA, an average of 114 × 3 transition states were generated for the
models using 0.5-min long signals, 97 × 3 transitions states for the 1.0-
min long signal models, and 60 × 3 transition states for the 2.0-min
long signal models. For the non-SVT DPFA, an average of 114 × 3
transition states were generated for the models using 0.5-min long
signals, 95 × 3 transitions states for the 1.0-min long signal models,
and 56 × 3 transition states for the 2.0-min long signal models.

The performance of the DPFA on raw ECG data was compared
with its performance on pre-processed data (Fig. 7). The AUC for all
prediction intervals are almost the same with or without pre-processing
and there is no statistically significant difference between these re-
sults. These results indicate that pre-processing does not impact the
performance of the DPFA algorithm.

The proposed DPFA algorithm has on average a 10.2% higher AUC
than the deep learning method, 32.9% higher than DWT with PCA,
33.3% higher than CNN and 26.4% higher than CNN with LSTM for
various prediction intervals. The HRV with SVM algorithm has com-
parable performance on SVT prediction, with a slightly lower average
AUC compared to DPFA. Fig. 8 summarizes the performance of DPFA
together with the 5 alternative methods. The McNemar test was also
performed to evaluate the performance of the alternative methods
against the proposed DPFA algorithm. The McNemar test used the chi-
squared test and a 1:5 ratio for the cost for the imbalance of data.

The results are shown in Tables 1, 2, and 3. 𝑝-values representing the
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Fig. 6. Data partitioning scheme used for arrhythmia prediction.
Fig. 7. A comparison of AUC for SVT prediction using the DPFA method with and without pre-processing for various signal lengths and gap intervals.
statistical significance of the different performances in terms of AUC
(< .05) are shown in bold font in the referenced tables. There is no
statistically significant difference between DPFA and the HRV method.
DPFA is significantly better than the deep learning algorithm for 1-min
long prediction signals. DPFA is significantly better than the DWT, CNN
and CNN with LSTM method for most of the prediction intervals. It is
also worth noting that the performance of the DPFA algorithm with
raw ECG as input is also higher than the deep learning, DWT, CNN,
and CNN with LSTM methods.

9. Case study II: AFib/AHRE prediction

AFib is defined to be a cardiac arrhythmia with three characteristics:
‘‘absolutely’’ irregular RR intervals, no distinct P waves, and variable
atrial cycles of length <200 ms (> 300 bpm). However, the qualitative
8

nature of these characteristics implies that AFib detection and diagnosis
relies heavily on human input, which impedes the development of
automated decision support systems that utilize ECG data. To mitigate
this, a heart rate-duration criteria line was used to annotate AFib events
with relatively high heart rate (AHRE).

9.1. AFib/AHRE event annotation

Heart rate is calculated based on the R peaks within a time interval,
which were detected previously during test interval extraction. Dura-
tion is calculated by counting the number of consecutive intervals that
a particular heart rate spans. For this study, the time interval was set
to 30 s and counted up to 6 intervals, which allows for the duration to
range from 30 to 180 s.

The automated annotation algorithm based on the heart rate-
duration criteria region as described in Section 8.1 in SVT annotation
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Fig. 8. A comparison of AUC for SVT prediction for all models using various signal lengths and gap intervals.
Table 1
A comparison of AUC for SVT prediction with different gap intervals for half-minute long signals.

Gap length
(min)

DPFA Deep learning HRV + SVM DWT + PCA CNN CNN + LSTM

Mean
(STD)

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

0.5 0.751
(0.008)

0.744
(0.040)

0.090 0.818
(0.004)

0.101 0.634
(0.068)

0.812 0.634
(0.059)

0.897 0.616
(0.069)

0.084

1.0 0.807
(0.026)

0.763
(0.041)

0.542 0.709
(0.012)

0.126 0.631
(0.075)

0.122 0.664
(0.069)

0.019 0.646
(0.093)

0.024

1.5 0.802
(0.019)

0.746
(0.045)

0.679 0.827
(0.005)

0.869 0.590
(0.068)

0.117 0.664
(0.069)

0.035 0.608
(0.070)

0.027

2.0 0.804
(0.022)

0.729
(0.036)

0.404 0.816
(0.025)

0.858 0.640
(0.070)

0.407 0.653
(0.050)

0.172 0.644
(0.076)

0.013

2.5 0.775
(0.020)

0.717
(0.052)

0.130 0.808
(0.006)

0.805 0.569
(0.075)

0.119 0.630
(0.079)

0.022 0.615
(0.106)

0.022

3.0 0.796
(0.021)

0.716
(0.035)

0.227 0.796
(0.004)

0.686 0.604
(0.064)

0.038 0.646
(0.087)

0.082 0.603
(0.067)

0.017

3.5 0.782
(0.022)

0.738
(0.063)

0.364 0.775
(0.009)

0.789 0.583
(0.058)

0.041 0.650
(0.066)

0.113 0.585
(0.055)

0.014

4.0 0.780
(0.019)

0.749
(0.048)

0.718 0.791
(0.006)

0.591 0.584
(0.068)

0.005 0.653
(0.072)

0.126 0.618
(0.064)

0.014

4.5 0.800
(0.023)

0.774
(0.029)

0.716 0.814
(0.005)

0.353 0.581
(0.076)

0.039 0.684
(0.053)

0.124 0.643
(0.094)

0.026
was also used to annotate AHRE events with different heart rate and
duration limits. The lower duration limit of 30 s is chosen in accordance
with the definition of an AFib event provided by the 2014 AHA
guideline [46]. The lower heart rate limit is set to 110 bpm, as this
rate has proven to be an effective treatment target for AFib [60]. The
9

higher heart rate limit is set at 160 bpm since a rapid heart rate is more
likely to cause symptoms.

Rapid heart rate in AFib may also have an untoward effect on car-
diac function, resulting in tachycardia-induced cardiomyopathy [61].
Using this annotation method, it becomes possible to capture the
portions of the signal that correspond to AHRE with sufficiently high
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Table 2
A comparison of AUC for SVT prediction with different gap intervals for 1 min long signals.

Gap length
(min)

DPFA Deep learning HRV + SVM DWT + PCA CNN CNN + LSTM

Mean
(STD)

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

0.5 0.806
(0.008)

0.735
(0.031)

0.066 0.840
(0.004)

0.342 0.654
(0.072)

1.000 0.680
(0.068)

0.098 0.693
(0.094)

0.566

1.0 0.843
(0.006)

0.737
(0.037)

0.232 0.838
(0.004)

0.519 0.617
(0.061)

0.010 0.680
(0.069)

0.005 0.671
(0.090)

0.004

1.5 0.830
(0.005)

0.734
(0.039)

0.030 0.837
(0.002)

0.629 0.643
(0.054)

0.020 0.644
(0.076)

0.007 0.631
(0.077)

0.002

2.0 0.813
(0.003)

0.721
(0.044)

0.038 0.833
(0.003)

1.000 0.651
(0.070)

0.079 0.639
(0.075)

0.005 0.676
(0.074)

0.074

2.5 0.811
(0.008)

0.728
(0.069)

0.015 0.818
(0.002)

0.925 0.633
(0.072)

0.065 0.677
(0.098)

0.002 0.684
(0.084)

0.053

3.0 0.798
(0.011)

0.706
(0.043)

0.041 0.798
(0.003)

0.858 0.612
(0.060)

0.060 0.663
(0.069)

0.024 0.663
(0.088)

0.017

3.5 0.807
(0.007)

0.730
(0.035)

0.286 0.791
(0.007)

0.831 0.622
(0.066)

0.093 0.644
(0.064)

0.009 0.663
(0.084)

0.022

4.0 0.811
(0.008)

0.747
(0.022)

0.334 0.825
(0.002)

0.276 0.629
(0.065)

0.334 0.666
(0.086)

0.049 0.668
(0.090)

0.016
Table 3
A comparison of AUC for SVT prediction with different gap intervals for 2 min long signals.

Gap length
(min)

DPFA Deep learning HRV + SVM DWT + PCA CNN CNN + LSTM

Mean
(STD)

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

0.5 0.845
(0.009)

0.733
(0.069)

0.924 0.832
(0.004)

0.917 0.630
(0.029)

0.012 0.663
(0.076)

0.003 0.640
(0.083)

0.002

1.0 0.836
(0.008)

0.743
(0.057)

0.916 0.831
(0.004)

0.575 0.581
(0.024)

0.007 0.664
(0.073)

0.019 0.639
(0.083)

0.007

1.5 0.831
(0.009)

0.736
(0.060)

0.925 0.828
(0.003)

0.812 0.582
(0.024)

0.004 0.659
(0.070)

0.004 0.630
(0.076)

0.001

2.0 0.832
(0.013)

0.730
(0.040)

0.276 0.803
(0.004)

0.644 0.582
(0.033)

0.029 0.673
(0.086)

0.016 0.643
(0.083)

0.006

2.5 0.826
(0.005)

0.721
(0.062)

0.753 0.801
(0.005)

0.680 0.569
(0.029)

0.001 0.654
(0.102)

0.004 0.636
(0.077)

0.004

3.0 0.830
(0.007)

0.731
(0.050)

0.488 0.804
(0.003)

0.741 0.612
(0.031)

0.024 0.668
(0.092)

0.034 0.626
(0.069)

0.013
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severity, either in the form of extremely high heart rate over a span
of 30 s, or moderately high heart rate stretching over 180 s. A heart
rate-duration criteria region that lies above the line passing through
the points (30, 160) and (180, 110) is used. These AHRE events were
nnotated as surrogate for AFib.

.2. Data partition

A total of 417 AFib events were labeled by these criteria and a
otal of 7319 non-AFib intervals were randomly selected from non-AFib
egions of the signals. A total of 353 of the AFib intervals were used
n training with the remaining 64 intervals being held out for testing.

ithin the training data set, 5-fold cross validation was performed for
arameter tuning (Fig. 6). Similar to the SVT experiment, training, cross
alidation, and testing sets/folds were partitioned at the participant
evel.

.3. AHRE prediction results

Different combinations of signal intervals (i.e., 𝑡𝑠𝑖𝑔𝑛𝑎𝑙 = 0.5, 1.0, 2.0
minutes) and gap intervals (i.e., 𝑡𝑔𝑎𝑝 = 0.5, 1.0, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5

inutes) up to 5 min prior to the event were used for prediction.
hese prediction intervals were tested using the DPFA algorithm. Fig. 9
epicts a summary of the performance. For the AHRE DPFA, around
10

58 × 3, 683 × 3, and 582 × 3 transition states were generated for 0.5, o
.0 and 2.0-min long AHRE prediction intervals based on the training
ata set. For the non-AHRE, an average of 626 × 3 transition states were
enerated for the models using 0.5-min long signals, 642 × 3 transitions
tates for the 1.0-min long signal models, and 459 × 3 transition states
or the 2.0-min long signal models.

The AUC is above 0.80 for all prediction intervals. Performance is
early steady when gap length increases and the prediction interval
oves further away from the AHRE events. Prediction performances
ith 2-min long signals are slightly better than 1-min long and 0.5-
in long signals (Fig. 9). Longer signals contain more local and global
atterns and these information may have contributed to the better
erformances.

The performance of DPFA on raw ECG data was compared with
ts performance on data with pre-processing (Fig. 9). Similar to the
esults for SVT prediction, the AUCs for prediction intervals are almost
he same with or without pre-processing. Nor is there any statistically
ignificant difference between these results.

For AHRE prediction, the DPFA algorithm has a comparable per-
ormance to deep learning with on average a 2% higher AUC. For the
ther comparison algorithms, DPFA has a 17.9% higher AUC than HRV,
6.1% higher AUC than DWT, 15.4% higher AUC than CNN and 10.3%
igher AUC than CNN with LSTM. The results for these experiments are
hown in Fig. 10.

The McNemar test was also performed to evaluate the performance

f the alternative methods against the proposed DPFA algorithm. The
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Fig. 9. A comparison of AUC for AHRE prediction using the DPFA with and without pre-processing method for various signal lengths and gap intervals.
McNemar test used the chi-squared test and a 1:11 ratio for the cost
for the imbalance of data. Tables 4, 5, and 6 depict the results for
half-minute, 1-min, and 2-min long signals with various gap sizes,
respectively. 𝑝-values representing the statistical significance of the
different performance in terms of AUC (< .05) are shown in bold font in
the referenced tables. The deep learning algorithm has no statistically
significant difference in performance with respect to the McNemar
test. However, the DPFA algorithm has 40.1% lower variance than
deep learning. On the other hand, HRV, CNN and DWT have much
lower AUC. The results for HRV with SVM were obtained after further
excluding certain cases. Two AHRE cases and 20 of control cases were
excluded from the test dataset because peak annotation could not be
correctly applied to the signals. Although CNN with LSTM has lower
AUC than the DPFA model, there is no significant difference in the
McNemar test results for 1-min and 2-min long signals. CNN with LSTM
performs better than the CNN model.

10. Discussion

Many studies have focused on arrhythmia classification, but very
few studies have attempted to predict the onset of an arrhythmia
event. This paper proposes an algorithm that is not only useful for
classification but also for prediction. As compared to other methods
such as HRV, DWT, and deep learning, the method based on the DPFA
algorithm has achieved around 0.8 AUC for all prediction intervals for
11
both SVT, which is a small dataset, and AHRE, which is a relatively
large dataset.

Remarkably, the proposed novel DPFA algorithm utilizes minimal
pre-processing and does not require specific peak identification. The
prediction results with raw ECG signals are almost the same as the re-
sults with pre-processing. This method represents a valuable alternative
to traditional methods that require heavy pre-processing and feature
extraction.

We have compared the DPFA algorithms with five other algorithms.
The HRV with SVM method has good performance on SVT prediction
when the dataset is relatively small. The performance drops when
applied to AHRE prediction. Moreover, the automated annotation al-
gorithm for both methods are directly related to the HRV features,
which might have unknowingly affected the results. Several cases in
AHRE prediction were excluded as a result of difficulties in peak
annotation for the HRV with SVM method. The proposed DPFA method,
on the other hand, does not require a peak annotation algorithm. As a
consequence, the DPFA algorithm is more likely to perform better on
other classification problems, where peak locations are not among the
primary features.

Neural network based algorithms such as deep learning, CNN, and
CNN with LSTM are similar to the DPFA algorithm in that no specific
pre-processing is required. However, as shown in the experiments, they
require a larger dataset for better performance. The performances of
these three algorithms are worse than DPFA and HRV in SVT prediction
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Fig. 10. A comparison of AUC for AHRE prediction for all models using various signal lengths and gap intervals.
Table 4
A comparison of AUC for AHRE Prediction with different gap lengths for half-minute long signals.

Gap length
(min)

DPFA Deep learning HRV + SVM DWT + PCA CNN CNN + LSTM

Mean
(STD)

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

0.5 0.842
(0.007)

0.802
(0.015)

0.852 0.651
(0.028)

0.004 0.626
(0.015)

0.001 0.718
(0.044)

0.335 0.749
(0.004)

0.000

1.0 0.821
(0.006)

0.816
(0.012)

0.202 0.681
(0.027)

0.240 0.631
(0.008)

0.236 0.701
(0.020)

0.001 0.746
(0.005)

0.000

1.5 0.836
(0.009)

0.819
(0.017)

0.419 0.661
(0.016)

0.002 0.645
(0.025)

0.023 0.692
(0.020)

0.000 0.737
(0.006)

0.000

2.0 0.840
(0.007)

0.829
(0.020)

0.701 0.738
(0.015)

0.007 0.679
(0.018)

0.000 0.723
(0.019)

0.015 0.754
(0.007)

0.000

2.5 0.837
(0.010)

0.822
(0.020)

0.469 0.759
(0.011)

0.001 0.630
(0.038)

0.156 0.739
(0.013)

0.027 0.760
(0.004)

0.000

3.0 0.838
(0.006)

0.820
(0.012)

0.719 0.791
(0.019)

0.003 0.633
(0.014)

0.353 0.700
(0.029)

0.020 0.754
(0.011)

0.000

3.5 0.840
(0.009)

0.808
(0.024)

0.151 0.683
(0.021)

0.000 0.640
(0.011)

0.000 0.721
(0.048)

0.028 0.757
(0.008)

0.000

4.0 0.828
(0.007)

0.814
(0.015)

0.855 0.702
(0.037)

0.010 0.584
(0.023)

0.757 0.681
(0.034)

0.133 0.740
(0.007)

0.003

4.5 0.833
(0.008)

0.801
(0.009)

0.461 0.718
(0.009)

0.006 0.629
(0.009)

0.061 0.686
(0.051)

0.005 0.750
(0.007)

0.000
due to the limited sample size. The prediction performances are better
for AHRE when the size of datasets are larger, especially with longer
signals. However, the variances of the deep learning and CNN with
LSTM methods are higher than the DPFA model. CNN with LSTM has
better performance overall compared to CNN. Although the required
12
training time is longer than CNN, LSTM improves the performance

of the CNN model. Overall, the proposed DPFA algorithm has consis-

tently good performance on both SVT predictions and AHRE prediction,

regardless of the size of the datasets.
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Table 5
A comparison of AUC for AHRE Prediction with different gap intervals for 1 min long signals.

Gap length
(min)

DPFA Deep learning HRV + SVM DWT + PCA CNN CNN + LSTM

Mean
(STD)

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

0.5 0.827
(0.014)

0.810
(0.020)

0.751 0.749
(0.017)

0.000 0.713
(0.025)

0.005 0.739
(0.009)

0.056 0.759
(0.019)

0.780

1.0 0.825
(0.010)

0.830
(0.029)

0.104 0.664
(0.017)

0.004 0.701
(0.024)

0.232 0.732
(0.015)

0.345 0.763
(0.034)

0.803

1.5 0.837
(0.008)

0.832
(0.008)

0.105 0.671
(0.034)

0.083 0.724
(0.021)

0.080 0.730
(0.023)

0.081 0.768
(0.024)

0.830

2.0 0.847
(0.011)

0.841
(0.018)

0.265 0.736
(0.021)

0.000 0.694
(0.025)

0.000 0.750
(0.013)

0.101 0.777
(0.022)

0.822

2.5 0.845
(0.013)

0.837
(0.016)

0.297 0.771
(0.026)

0.190 0.701
(0.024)

0.080 0.738
(0.018)

0.562 0.771
(0.026)

0.902

3.0 0.850
(0.008)

0.828
(0.024)

0.385 0.707
(0.023)

0.062 0.705
(0.036)

0.176 0.742
(0.031)

0.023 0.769
(0.035)

0.377

3.5 0.848
(0.007)

0.808
(0.019)

0.720 0.727
(0.018)

0.007 0.647
(0.033)

0.000 0.750
(0.013)

0.217 0.775
(0.022)

0.620

4.0 0.841
(0.008)

0.819
(0.003)

0.294 0.724
(0.015)

0.000 0.715
(0.025)

0.005 0.729
(0.019)

0.007 0.763
(0.021)

0.366
Table 6
A comparison of AUC for AHRE Prediction with different gap intervals for 2 min long signals.

Gap length
(min)

DPFA Deep learning HRV + SVM DWT + PCA CNN CNN + LSTM

Mean
(STD)

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

Mean
(STD)

p
value

0.5 0.851
(0.005)

0.841
(0.014)

0.219 0.670
(0.033)

0.174 0.695
(0.020)

0.001 0.746
(0.034)

0.071 0.772
(0.017)

0.658

1.0 0.852
(0.006)

0.850
(0.012)

0.102 0.727
(0.028)

0.000 0.700
(0.014)

0.000 0.745
(0.015)

0.096 0.778
(0.015)

0.812

1.5 0.855
(0.005)

0.846
(0.017)

0.961 0.696
(0.011)

0.001 0.684
(0.012)

0.000 0.764
(0.020)

0.602 0.777
(0.017)

0.949

2.0 0.858
(0.005)

0.847
(0.014)

0.208 0.750
(0.011)

0.006 0.686
(0.014)

0.001 0.760
(0.014)

0.175 0.784
(0.019)

0.828

2.5 0.856
(0.004)

0.846
(0.017)

0.449 0.747
(0.014)

0.005 0.668
(0.021)

0.005 0.761
(0.018)

0.211 0.776
(0.015)

0.715

3.0 0.855
(0.005)

0.840
(0.015)

0.434 0.756
(0.021)

0.006 0.666
(0.009)

0.000 0.755
(0.014)

0.190 0.779
(0.014)

0.957
There are several limitations of the study. The first limitation is
he use of the automated annotation algorithm. To validate the per-
ormance of the algorithm, the positive cases were verified by a cardi-
logist, but not the negative cases. In a future study, we aim to have
he dataset annotated by clinicians, which is the gold standard for
nnotations. The proposed DPFA model can be easily trained on other
abeled datasets. The performance of the DPFA algorithm has been
ested on the MIT-BIH database using clinician-labeled annotations
or SVT and AFib vs. all other rhythms. For both experiments, the
UC is above 0.95. Secondly, extremely noisy sections of the ECG
ignals have been removed from the beginning. These sections have
een randomly checked by the clinicians and most of them are not
uitable for classifications. For the purpose of annotations that rely on
eak detection the signals were pre-processed and noisy sections were
xcluded. In the future, using events manually annotated by clinicians,
hese noisy sections can be included as an additional class for prediction
nstead of removing them. Thirdly, the database used in this study is
mbalanced, with many more negative cases than arrhythmia cases. As

result, the costs and weights in the deep learning and SVM models
ere adjusted accordingly to make the prediction more balanced. In the

uture it is possible to employ additional data augmentation algorithms
o increase the positive cases, which may benefit both the deep learning
nd DPFA methods. Lastly, the performance of the DPFA algorithm is
till limited by the number of cases. Some participants had substantially
13

ore cases than others, thus inter-patient ECG signal variability may
limit the performance of our algorithm as well as the other alternative
algorithms.

11. Conclusion

In this paper a novel DPFA based method is presented to classify and
predict arrhythmia events. The proposed method takes a probabilistic
string extracted from ECG signals in the training set as input, and via
frequency analysis, constructs the underlying state space and transition
probabilities of the DPFA model, directly from the input data. When
applying the DPFA algorithm to classification and prediction problems,
the decisions are based on comparing goodness-of-fit between the test
signal and various DPFA. The proposed method achieved over 0.8 AUC
for both SVT and AHRE prediction experiments. Compared with other
5 well-established methods, the proposed DPFA algorithm has achieved
better classification results, even though in some cases the advantage
might not be statistically significant. In addition, the performance of
the proposed DPFA algorithm is almost identical with or without any
pre-processing on the data. With additional validation, the proposed
method could be deployed as a cardiac event prediction system, alert-
ing patients and clinicians alike of an impending event and thereby
enabling timely intervention.
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