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Abstract
Background and Purpose  Arrhythmia, which presents with irregular and/or fast/slow heartbeats, is associated with morbid-
ity and mortality risks. Photoplethysmography (PPG) provides information on volume changes of blood flow and can be 
used to diagnose arrhythmia. In this work, we have proposed a novel, accurate, self-organized feature engineering model for 
arrhythmia detection using simple, cost-effective PPG signals.
Method  We have drawn inspiration from quantum circuits and employed a quantum-inspired feature extraction function /
named the Tree Quantum Circuit Pattern (TQCPat). The proposed system consists of four main stages: (i) multilevel fea-
ture extraction using discrete wavelet transform (MDWT) and TQCPat, (ii) feature selection using Chi-squared (Chi2) and 
neighborhood component analysis (NCA), (iii) classification using k-nearest neighbors (kNN) and support vector machine 
(SVM) and (iv) information fusion.
Results  Our proposed TQCPat-based feature engineering model has yielded a classification accuracy of 91.30% using 46,827 
PPG signals in classifying six classes with ten-fold cross-validation.
Conclusion  Our results show that the proposed TQCPat-based model is accurate for arrhythmia classification using PPG 
signals and can be tested with a large database and more arrhythmia classes.

Keywords  TQCPat · Multiple feature selection · PPG signals · Arrhythmia classification · Self-organized feature 
engineering · Biomedical signal analyses
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Introduction

Background

Photoplethysmography (PPG)―an electro-optical tech-
nique that measures the amount of light transmitted to, or 
reflected unto, a photodiode while the exposed skin ((such 
as the fingertip) is being illuminated with an external light 
source [1]―provides information on volume changes 
of blood flowing in the superficial issues just beneath the 
skin surface [2–4]. While ECG and PPG capture different 
physiological signals, they are intrinsically related. ECG 
records the heart's electrical activity, providing detailed 
morphological waveforms of each cardiac cycle, while 
PPG measures blood volume changes in peripheral circu-
lation, which are influenced by cardiac contractions [5]. 
The relationship between these two signals is evident in 
the pulse transit time (PTT), which represents the delay 
between the R-peak of the ECG waveform and the arrival 
of the corresponding pulse wave in the PPG signal [6]. 
A shorter PTT typically correlates with increased arterial 
stiffness and higher blood pressure, whereas a longer PTT 
suggests lower vascular resistance [7]. Given this strong 
physiological correlation, PPG signals can serve as a viable 
alternative for arrhythmia detection, especially in wearable 
and non-invasive monitoring systems [8]. While ECG pro-
vides more detailed morphological information, PPG offers 
practical advantages such as ease of acquisition, lower cost, 
and suitability for continuous monitoring. With portable 
hardware capable of providing continuous readouts that 
reflect pulsatile blood flow volume, PPG offers a feasible 
non-invasive approach for remote ambulatory heart rate 
and rhythm monitoring [9, 10]. Normally, the heart beats in 
a predominantly regular manner. Arrhythmia is any devia-
tion from this typical regular pulse wave pattern [11] the 
heartbeat becomes irregular and/or inordinately fast or slow 
[12], which can be directly observed on the PPG readout 
[13–15]. A common clinical problem, arrhythmia can be 
asymptomatic or manifest with symptoms like palpitations, 
shortness of breath, chest pressure, fatigue, and weakness 
[16]. Often a consequence of diverse cardiovascular disor-
ders, arrhythmia per se can also result in heart complica-
tions like heart failure, stroke and cardiac arrest [17, 18], 
underscoring the need for early detection [19]. Despite 
lacking the ability of electrocardiography (ECG) for mor-
phological characterization of individual heartbeats [20], 
PPG holds promise as a pragmatic and low-cost adjunctive 
screening tool for arrhythmia detection and monitoring, 
especially in asymptomatic and/or paroxysmal arrhythmia 
presentations [21]. However, ECG-based arrhythmia detec-
tion is often challenged by various signal artifacts, which 
can reduce classification accuracy and complicate real-time 

monitoring [22]. Common ECG artifacts include baseline 
wander (caused by respiration and electrode movement), 
power line interference (from electrical sources), motion 
artifacts (due to patient movement), and electromyographic 
(EMG) noise (originating from muscle contractions) [23]. 
These artifacts necessitate complex preprocessing tech-
niques to ensure reliable feature extraction. In contrast, 
PPG signals, while not free from motion artifacts, are less 
affected by baseline drift and muscle noise, making them a 
viable alternative for continuous, wearable heart monitor-
ing applications [24]. Given these advantages, we propose 
a novel PPG-based machine learning model that addresses 
signal noise using multilevel wavelet transformation and 
dynamic feature extraction.

In this work, we have developed a novel tree quantum 
circuit pattern (TQCPat)-based feature engineering model 
for automated arrhythmia detection using PPG signals. The 
model was trained and tested on a PPG dataset comprising 
sinus rhythm (normal) and five distinct arrhythmia types: 
premature ventricular contraction, premature atrial contrac-
tion, ventricular tachycardia, supraventricular tachycardia, 
and atrial fibrillation (AF).

Literature Review

Some studies on arrhythmia detection in the literature are 
given as follows. Wu et al. [25] proposed Res-BiANet, a 
hybrid deep learning model, for detecting arrhythmias 
using PPG signals from 91 patients, totaling 46,827 signal 
segments. By combining ResNet and BiLSTM for spatial 
and temporal feature extraction, their model achieved an 
F1 score of 86.88% and an accuracy of 92.38%. Neha et al. 
[26] presented a method for arrhythmia detection using 
PPG signals. They used the MIMIC II dataset, which con-
tained 13 PPG samples for training and 2 for testing, each 
sampled at 125 Hz over a 24-s period. Their results showed 
that the support vector machine (SVM) classifier achieved 
an accuracy of 97.67% with normal pulse and abnormal 
pulse. Paradkar et al. [27] proposed an approach for detect-
ing cardiac arrhythmias using PPG signals, leveraging the 
PhysioNet Challenge 2015 dataset, which included 628 PPG 
recordings from bedside monitors. Their used dataset con-
tained five types of arrhythmias: tachycardia, bradycardia, 
asystole, ventricular tachycardia, and ventricular fibrilla-
tion. Their approach achieved a 93% true positive rate and a 
53.78% true negative rate by applying pulse quality index-
ing and Gaussian curve fitting to improve heart rate estima-
tion. Neha et al. [28] used dynamic time warping (DTW) 
with PPG signals from the PhysioNet MIMIC-II database 
to detect arrhythmias. Their model achieved 95.97% accu-
racy, with 97% sensitivity and specificity, classifying nor-
mal, PVC, atrial flutter, and tachycardia signals. Han et al. 
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[29] proposed a peak detection algorithm for smartwatch 
PPG signals to improve heart rate estimation across various 
arrhythmias. Using data from 16 participants, the method 
reduced beat-to-beat RMSE by over 40% and significantly 
lowered undetected beats. Liu et al. [30] developed a deep 
CNN model for multiclass arrhythmia detection using PPG 
signals. They used data from 228 patients, totaling 118,217 
10-s PPG segments, to classify six types of rhythms, includ-
ing sinus rhythm, premature ventricular contraction, pre-
mature atrial contraction, ventricular tachycardia, supraven-
tricular tachycardia, atrial fibrillation. Their model achieved 
an overall accuracy of 85%, with a sensitivity of 75.8% and a 
specificity of 96.9%, demonstrating the feasibility of detect-
ing multiple arrhythmia types through PPG signals.

Motivation and our Model

To overcome the inherent limitations of manual screening 
in medical diagnostics, artificial intelligence (AI) has been 
increasingly utilized for various classification tasks, offering 
enhanced efficiency and accuracy in automated decision-
making processes [31–33]. Among AI methodologies, deep 
learning techniques have demonstrated remarkable classifi-
cation performance, particularly in biomedical applications. 
However, these methods often require large amounts of 
labeled data, extensive computational resources, and suffer 
from a lack of interpretability, making them less practical for 
real-time and resource-constrained healthcare environments 
[34]. Consequently, there is a pressing need for more light-
weight yet highly accurate machine learning-based diag-
nostic models that can bridge the gap between performance 
and computational efficiency [35]. These models not only 
contribute to real-world medical applications but also sup-
port the progression toward Artificial General Intelligence 
(AGI) and Artificial Super Intelligence (ASI) by fostering 
more adaptable and generalizable AI-driven healthcare solu-
tions [36].

In the context of arrhythmia detection, ECG-based 
models remain the predominant approach due to their rich 
morphological information and established clinical utility. 
However, the widespread adoption of PPG-based arrhythmia 
classification models is still limited, despite PPG being a 
more cost-effective and convenient alternative for continu-
ous heart rhythm monitoring [37]. The lack of sufficiently 
optimized PPG-based machine learning models necessitates 
the development of novel approaches that can fully lever-
age the diagnostic potential of PPG signals. To address this 
challenge, we propose a TQCPat-based feature engineering 
model, which introduces a novel dynamic feature extraction 
methodology tailored for multi-class arrhythmia classifica-
tion. Traditional feature engineering models often rely on 
static feature extraction techniques, limiting their adaptabil-
ity and overall classification performance when compared 

to deep learning-based systems. To overcome this issue, our 
proposed TQCPat methodology incorporates dynamic lat-
tice graph-based local feature extraction, drawing inspiration 
from quantum computing principles, specifically the varia-
ble superposition states of quantum particles, combined with 
hypergraph structures [38]. This novel approach allows for 
more flexible, adaptive, and computationally efficient feature 
extraction, making it a promising alternative to both conven-
tional machine learning techniques and resource-intensive 
deep learning models.

Our model incorporates discrete wavelet transform 
(DWT) [39] to decompose the raw PPG signal into wavelet 
subbands for multilevel signal processing downstream, as 
well as TQCPat combined with signum, upper ternary (UT), 
and lower ternary (LT) functions for dynamic generation 
of three feature vectors for every input sample (either raw 
PPG signal or wavelet subband). For the three feature vec-
tors, neighborhood component analysis (NCA) [40] and chi-
squared (Chi2) [41] selector functions are applied to select 
six selected feature vectors, which are then fed to k-nearest 
neighbors (kNN) [42] and support vector machine (SVM) 
[43] classifiers to calculate 12 classifier-specific outcomes. 
The latter are input to an iterative majority voting (IMV) 
algorithm [44] to calculate ten additional voted outcomes, 
after which a greedy algorithm is applied to calculate the 
best model outcome from the 22 combined classifier-specific 
plus voted outcomes.

Innovations and Contributions

This study introduces a novel quantum-inspired feature engi-
neering approach, Tree Quantum Circuit Pattern (TQCPat), 
specifically designed for PPG-based arrhythmia detection. 
Unlike conventional deep learning models that rely on static 
feature extraction or require high computational resources, 
TQCPat leverages a dynamically adaptive, structured graph-
based feature extraction inspired by quantum computing 
principles. The main contributions of our work can be sum-
marized as follows:

•	 We propose a novel and quantum-inspired dynamic fea-
ture extraction function called TQCPat, which mimics 
quantum superposition principles and applies a struc-
tured graph-based approach for local feature extraction.

•	 The model has been developed using the largest public 
PPG signal arrhythmia dataset [30].

•	 Unlike traditional handcrafted feature extraction methods 
that rely on static transformations, TQCPat dynamically 
selects an optimal path in a tree-like quantum circuit, 
enhancing feature adaptability and improving classifica-
tion accuracy.

•	 The combination of DWT-based multiresolution analysis 
and TQCPat-based dynamic feature extraction ensures 
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that both global and local signal variations are effectively 
captured, which has not been explored in previous PPG-
based arrhythmia detection models.

•	 The model automatically optimizes its feature selection 
process by integrating Chi-squared (Chi2) and Neighbor-
hood Component Analysis (NCA), ensuring that only the 
most relevant features are retained for classification.

•	 Unlike conventional models that rely on a single clas-
sifier, our method employs both k-Nearest Neighbors 
(kNN) and Support Vector Machine (SVM) in parallel, 
followed by an Iterative Majority Voting (IMV) strategy 
to enhance classification robustness.

•	 Despite being a lightweight handcrafted machine learn-
ing model, our approach outperforms deep convolutional 
neural network (CNN)-based methods on the same data-
set, achieving 91.30% accuracy while being significantly 
more computationally efficient.

•	 The TQCPat framework can be extended to other bio-
medical signal processing applications, including EEG-
based neurological disorder detection and EMG-based 
muscular disorder classification, making it a versatile 
feature engineering tool.

In contrast to previous studies that rely on static feature 
extraction or computationally expensive deep learning mod-
els, our proposed approach introduces a quantum-inspired, 
dynamically adaptive feature engineering framework that 
enhances both flexibility and efficiency in PPG signal rep-
resentation. Unlike traditional handcrafted machine learn-
ing methods, TQCPat leverages structured graph-based local 
feature extraction, mimicking quantum superposition states 
to capture complex signal variations more effectively. This 
novel approach not only surpasses conventional models in 
classification performance but also maintains computational 
efficiency, as demonstrated in our comparative analysis (see 
Table 6). By addressing the limitations of existing PPG-
based arrhythmia classification methods, our model provides 
a computationally efficient, interpretable, and high-perform-
ing feature engineering solution, making it highly suitable 
for real-world healthcare applications, including wearable 
and remote monitoring systems.

Material and Methods

Dataset

The dataset used in this study is derived from the pub-
licly available dataset described in Liu et al. [30], which 
consists of photoplethysmography (PPG) and electro-
cardiography (ECG) signals collected from 228 patients 
undergoing radiofrequency catheter ablation (RFCA) 
for arrhythmia treatment at Fuwai Hospital, China. A 

combined total of 118,217 10-s PPG and ECG waveforms 
were recorded. These signals were collected using a mul-
tiparameter monitoring system (BeneVision N12; Shen-
zhen Mindray Bio-Medical Electronics) equipped with a 
fingertip PPG sensor and a 5-lead ECG setup. The signals 
were obtained while the patients were in a supine position, 
and the data acquisition was conducted at a sampling rate 
of 250 Hz for ECG and 100 Hz for PPG. In the current 
study, we used only PPG waveforms, which amounted to 
a total of 46,827 PPG signals. The study dataset consists 
of six different rhythm types, which were annotated by two 
cardiologists based on ECG interpretations: 1: premature 
ventricular contraction; 2: premature atrial contraction; 3: 
ventricular tachycardia; 4: supraventricular tachycardia; 
and 5: AF (Table 1).

Proposed TQCPat and TCPPat‑based Feature 
Extraction

The proposed TQCPat is a novel graph pattern modeled 
after a quantum circuit that features 34 nodes―multi-
ple directed paths connect the start node to the final node 
via intermediary nodes―which will be populated in 
sequence by values in the input signal block (Fig. 1). The 
optimal path linking the start and final nodes is dynami-
cally selected by applying the maximum function on these 
populated values, after which a local feature extractor is 
performed using histogram analysis (Fig. 2).

The steps of the TQCPat-based feature extraction are 
detailed below.

S1: Divide the signal into overlapping blocks, each of 
length 34.

where v represents an overlapping block.
S2: Use the values of the block (Fig. 1) to create a tree 

quantum graph.

(1)
v(j) = signal(i + j − 1), i ∈ {1,2,… ,L − 33}, j ∈ {1,2,… , 34}

Table 1   Distribution of study PPG samples

No Arrhythmia class Number of 
signals, n

Frequency (%)

0 Sinus rhythm 14,604 31.19
1 Premature ventricular contrac-

tion
4425 9.45

2 Premature atrial contraction 3773 8.06
3 Ventricular tachycardia 2179 4.65
4 Supraventricular tachycardia 5677 12.12
5 Atrial fibrillation 16,169 34.53
Total 46,827 100
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S3: Select the optimal path using the maximum-based 
selection function. A numerical example is depicted in Fig. 3.

Where the paths bifurcate, the greater of two values based 
on the maximum function are selected to construct the opti-
mal path linking the start and final nodes (yellow nodes). The 
values in the yellow nodes are used for feature extraction.

S4: Extract binary feature by deploying the selected 
values and three kernels: signum, upper ternary, and lower 
ternary.

where bit represents binary features, each of length 8; 
kernel1(.) ; signum function; kernel2(.) , lower ternary func-
tion; kernel3(.) , upper ternary function; std(.) , standard devi-
ation calculation function; and t  , threshold value. In this 
step, three-bit groups are extracted.

Step 5: Calculate three map values using binary to deci-
mal transformation.

where fmap represents the feature map signal.
S5: Repeat steps 1–5 until all overlapping blocks have 

been processed to generate three map signals per block.
S6: Extract the created map signals to create three feature 

vectors. Each feature vector is of length 256 as the corre-
sponding feature map signal has been coded with 8 bits.

(2)

bitk(h) = kernelk(vs(h), vs(h + 1)), h ∈ {1,2,… , 8}, k ∈ {1,2, 3}

kernel1(vs(h), vs(h + 1)) =

{

0, vs(h) − vs(h + 1) < 0

1, vs(h) − vs(h + 1) ≥ 0

kernel2(vs(h), vs(h + 1)) =

{

0, vs(h) − vs(h + 1) ≥ −t

1, vs(h) − vs(h + 1) < −t

kernel3(vs(h), vs(h + 1)) =

{

0, vs(h) − vs(h + 1) ≤ t

1, vs(h) − vs(h + 1) > t

t =
std(signal)

2

(3)fmapk(i) =

8
∑

u=1

bitk(u) ∙ 28−u

(4)fvk = �
(

fmapk
)

Fig. 1   Tree quantum circuit 
pattern is a directed graph com-
prising starting (V1), final (V34) 
nodes and intermediary nodes 
(V2–33) squares linked by paths. 
The v values are sequentially 
populated by the 34 values of 
the PPG signal block

Fig. 2   Schema overview of the proposed TQCPat-based feature 
extraction. **Bit, binary features; fv, feature vector. LT, lower ternary 
kernel; Map, feature map signals; Signum, signum kernel; UT, upper 
ternary kernel. The superscript numbers 1, 2, and 3 denote binary 
feature, feature map signal, and feature vector outputs of the signum, 
lower ternary, and upper ternary functions, respectively
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where fv represents feature vector; and �(.) , histogram 
extraction function.

Proposed Feature Engineering Model

The proposed system consists of four main stages: (i) mul-
tilevel feature extraction, (ii) feature selection, (iii) classi-
fication, and (iv) information fusion. In the multilevel fea-
ture extraction stage, discrete wavelet transform (DWT) is 
applied to decompose the PPG signals into four levels using 
Daubechies 4 (db4) wavelet. Additionally, the proposed Tree 
Quantum Circuit Pattern (TQCPat) extracts three distinct 
feature vectors per signal by employing Signum, Upper Ter-
nary (UT), and Lower Ternary (LT) transformations (see 
Sect. "Proposed TQCPat and TCPPat-based feature extrac-
tion"). In the feature selection phase, Chi-squared (Chi2) 
[41] and Neighborhood Component Analysis (NCA) [40] 
methods are used to rank the most relevant features and 
reduce dimensionality, ensuring improved classifier perfor-
mance. The classification stage involves training k-Nearest 
Neighbors (kNN) [42] and Support Vector Machine (SVM) 
[43] models with tenfold cross-validation to obtain 12 clas-
sifier-specific predictions. Finally, the information fusion 
phase [45] integrates classification results using an Iterative 
Majority Voting (IMV) [44] approach, where multiple clas-
sifier-specific outputs are combined, and the most frequently 
predicted class label is selected as the final output. A block 
diagram summarizing all these phases is given in Fig. 4.

The steps of the model are detailed below.

Feature Extraction

Step 1: Apply MDWT with 4 levels to the PPG signal 
using used the Daubechies 4 (db4) wavelet filter.

where �(.) represents the discrete wavelet transform function; 
low , low pass filter; and high , high pass filter.

Step 2: Generate the individual feature vectors by 
applying the TQCPat-based feature extraction function 
(see Sect. "Proposed TQCPat and TCPPat-based feature 
extraction") to both the raw PPG signal and its correspond-
ing MDWT-generated wavelet subbands.

where f  represents the generated feature vector of length 
256; and �(.),TQCPat feature extraction function.

Step 3: Apply categorical merging to generate three 
merged feature vectors.

where F represents merged feature vector of length 1280 
(= 256 × 5).

Step 4: Repeat Steps 1–3 until all PPG signals have 
been processed to generate three feature matrices ( X).

(5)
[

low1, high1
]

= �(signal)
[

lowg+1, highg+1
]

= �(lowg), g ∈ {1,2, 3}

(6)
[

f 1
1
f 2
1
f 3
1

]

= �(signal)
[

f 1
l+1

f 2
l+1

f 3
l+1

]

= �
(

lowl

)

, l ∈ {1,2, 3,4}

(7)
Fg(r + x ∙ (256)) = f

g
x (r), r ∈ {1,2,… , 256},

g ∈ {1,2, 3}, x ∈ {1,2,… , 5}

Fig. 3   The TQCPat is populated 
with values of a sample signal 
block of length 34
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Feature Selection

Step 5: Calculate six qualified indices of the three 
extracted feature matrices using NCA [40] and Chi2 [41] 
feature selectors.

where idx represents the qualified indices of the generated 
feature matrices; and y, actual output.

Step 6: Select the top 256 features from each feature 
matrix using the corresponding qualified index.

where s represents the selected feature vector (six feature 
vectors are selected, each of length 256); and N , number of 
the used PPG signal.

(8)
idx2g−1 = Chi2(Xg, y)

idx2g = NCA(Xg, y)

(9)

s2g−1(d, z) = Xg

(

d, idx2g−1(z)
)

, d ∈ {1,2,… ,N}, z ∈ {1,2,… , 256}

s2g(d, z) = Xg

(

d, idx2g(z)
)

Classification

kNN [42] and SVM [43] are applied to the six selected fea-
ture vectors, generating 12 (6 × 2) outcomes.

Step 7: Calculate 12 classifier-specific outcomes from the 
six selected feature vectors using kNN and SVM classifiers 
with ten-fold cross-validation (CV).

where c represents classifier-specific outcomes.

Information Fusion

IMV [44] is applied to generate 10 voted outcomes from 
the 12 classifier-specific outcomes; and greedy algo-
rithm, to select the best outcome from the total 22 (12 

(10)
cr = kNN

(

sr, y
)

, r ∈ {1,2,… , 6}

cr+6 = SVM(sr, y)

Fig. 4   Schema of the proposed 
TQCPat-based feature engi-
neering model. **c, classifier-
specific outcome; f, individual 
feature vector; F, merged feature 
vector; MDWT, multilevel 
discrete wavelet transform; s, 
selected feature vector; v, voted 
outcomes; w, wavelet subband
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classifier-specific plus 10 voted outcomes). The steps are 
detailed below:

Step 8: Apply the IMV algorithm to generate 10 voted 
results.

where acc represents classification accuracy; �(.), classifica-
tion accuracy calculation function; id : the qualified indices; 
�(.) , sorting by descending function; v , voted outcome; and 
�(.) : mode function.

Step 9: Select the best outcome using the greedy 
algorithm.

where ind represents the index of the maximum accuracy; 
and finres , the final outcome.

Experimental Results

The model was implemented in MATLAB (2023b). The 
parameters used to develop the model are listed in Table 2.

The model attained excellent classification performance 
in terms of accuracy and F1-score (Table 3), with the best-
voted outcome results―classification accuracy and 
overall F1-score of 91.30% and 85.55%, respectively ―
surpassing that of the classifier-specific outcomes. Simi-
larly, the confusion matrices of the classifier-specific and 
voted outcomes suggest that the latter has few instances of 

(11)
acc(b) = �

(

cb, y
)

, b ∈ {1,2,… , 12}

id = �(acc)

va−2 = �
(

cid(1), cid(2),… , cid(a)
)

, a ∈ {3,4,… , 12}

(12)

acc(z + 12) = 𝜃
(

vz, y
)

, z ∈ {1,2,… , 10}

ind = max(acc)

inres =

{

cind, ind ≤ 12

vind−12, ind > 12

misclassification (Fig. 5). These results lend support to our 
design decision to incorporate IMV into our model.

Discussion

This work introduced a novel quantum-inspired dynamic 
TQCPat-based feature extraction function, which we used to 
construct a handcrafted machine learning model that calcu-
lates 22 (12 classifier-specific plus 10 voted), and selects the 
most accurate one in a self-organized manner. By incorpo-
rating upstream MDWT-based signal processing, the model 
is able to generate multiple high- and low-level features, 
mimicking the deep learning model, which has contributed 
to the high classification performance. To generate the 12 

Table 2   Parameters used to develop the proposed TQCPat-based model

Phase Method Parameters

Feature extraction MDWT Filter: db4, Number of levels: 4
TQCPat Length of the overlapping block: 34,

Graph generation function: maximum,
Kernel: Signum, lower ternary, upper ternary
Feature vectors: three feature vectors are extracted, each of length 256

Feature merging Three feature vectors have been generated, each of length 1280 (256 × 5)
Feature selection NCA Three selected feature vectors are created, each of length 256

Chi2 Three selected feature vectors are created, each of length 256
Classification kNN k: 10, distance: L1-norm: Manhattan, voting: squared inverse, validation: tenfold cross-validation

SVM Kernel: second-degree polynomial, kernel scale: automatic, box constraint: 1, coding: one-vs-one, 
Validation: tenfold CV

Information fusion IMV Iteration: from 3 to 12, qualification: classification accuracy-based sorting, voting function: mode 
function

Greedy algorithm Choose the most accurate final outcome

Table 3   Overall results stratified by classifier-specific and voted out-
comes. The top results are in bold fonts

Classifier-specific outcomes Voted outcomes

No Accuracy 
(%)

F1-score (%) No Accuracy 
(%)

F1-score (%)

1 86.35 79.01 1 90.72 84.61
2 88.46 81.79 2 91.13 85.19
3 87.59 80.32 3 91.26 85.26
4 88.26 81.21 4 91.27 85.43
5 86.48 79.40 5 91.30 85.46
6 87.41 80.53 6 91.30 85.55
7 88.38 81.47 7 91.09 85.32
8 90.17 83.63 8 91.04 85.39
9 89.74 82.88 9 90.78 85.08
10 89.59 82.71 10 90.49 84.70
11 89.85 83.51 - - -
12 89.79 83.32 - - -
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classifier-specific outcomes, the feature extraction kernels, 
feature selectors and classifiers are combined (Table 4). 
Overall, lower ternary, NCA, and SVM functions are the 
kernel, feature selector, and classifier, respectively, that 
yielded the highest mean accuracies (Fig. 6).

The results obtained based on Table 4 are given in Fig. 6.
The results shown in Fig. 6 were obtained by averag-

ing accuracies across all possible combinations for each 
component:

(a)	 For feature extraction kernel comparison (Signum, LT, 
UT), the accuracy was averaged across all combina-
tions of feature selectors (Chi2, NCA) and classifiers 
(kNN, SVM). For example, Signum's performance 

represents the mean accuracy of four combinations: 
Signum + Chi2 + kNN, Signum + NCA + kNN, Sig-
num + Chi2 + SVM, and Signum + NCA + SVM.

(b)	 For feature selector comparison (Chi2, NCA), results 
were averaged across all combinations of feature 
extraction kernels (Signum, LT, UT) and classifiers 
(kNN, SVM). Each feature selector's performance 
represents the mean of six combinations (3 kernels × 2 
classifiers).

(c)	 For classifier comparison (kNN, SVM), accuracies were 
averaged across all combinations of feature extraction 
kernels (Signum, LT, UT) and feature selectors (Chi2, 
NCA). Each classifier's performance represents the 
mean of six combinations (3 kernels × 2 feature selec-
tors).

This comprehensive averaging approach ensures an 
unbiased comparison of each component's performance 
while accounting for all possible configurations presented 
in Table 4. The best outcome is the majority voted out-
come is the sixth voted outcome, which was calculated 
from the top 8 (= 6 + 3–1) classifier-specific outcomes 
(Table 5). Among the most frequently deployed kernels 
are signum along with lower ternary; feature selector, 
NCA; and classifier, SVM (Fig.  6), which reflect the 
mean accuracies results of these individual functions 
(Fig. 6).

To highlight the effectiveness of our proposed model, 
we compared its performance with previous studies that 
utilized PPG signals for arrhythmia detection. Table 6 pro-
vides a detailed comparison of our model with existing 
methods in the literature.

Fig. 5   Confusion matrices for the best results calculated from the classifier-specific (a) and voted outcomes (b)

Table 4   Combinations of functions used to generate the classifier-
specific outcomes

No Feature extraction kernel Feature selector Classifier

1 Signum Chi2 kNN
2 Lower ternary NCA kNN
3 Upper ternary Chi2 kNN
4 Signum NCA kNN
5 Lower ternary Chi2 kNN
6 Upper ternary NCA kNN
7 Signum Chi2 SVM
8 Lower ternary NCA SVM
9 Upper ternary Chi2 SVM
10 Signum NCA SVM
11 Lower ternary Chi2 SVM
12 Upper ternary NCA SVM
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Finally, our model’s multiclass arrhythmia classification 
accuracy of 91.30% is higher than the 85% attained by the 
convolutional neural network-based deep model by Liu et al. 
[30], which had also been trained on the same PPG database. 
In addition, the method proposed in [30] had high computa-
tional complexity. Wu et al. [25] achieved higher classifica-
tion performance than us. However, the model developed in 
[25] classified 5 rhythm types and had high computational 
complexity. Liu et al. [46] used PPG and ECG waveforms 
together in their study and provided a value (86.8%) very 

close to our F1 Score (85.55%). Our study uses only the PPG 
waveform. Our model’s results provide support for using 
well-designed and computationally less demanding hand-
crafted adaptive and dynamic feature engineering machine 
learning models as an alternative to deep models for arrhyth-
mia detection.

Our dataset exhibits class imbalance, particularly in the 
distribution of different arrhythmia types (see Table 1). 
However, rather than artificially balancing the dataset 
through oversampling or weighting techniques, we opted to 
evaluate the model’s inherent robustness in handling imbal-
anced data. The rationale behind this decision is twofold: 
(1) real-world arrhythmia prevalence is naturally imbal-
anced, and a model that successfully classifies minority 
classes without artificially altering data distributions is more 
clinically applicable, and (2) oversampling can introduce 
overfitting risks, leading to models that fail to generalize 
effectively. To ensure that the model is robust against class 
imbalance, we employed tenfold CV, allowing the model to 
learn from different distributions while preventing overfit-
ting. Additionally, our evaluation prioritizes the F1-score, 
which provides a balanced metric that accounts for both 
precision and recall. The consistently high F1-scores across 
all rhythm classes demonstrate that our model successfully 
identifies minority classes without requiring explicit class 

Fig. 6   Mean accuracy results 
of classifier-specific outcomes 
stratified by deployed feature 
extraction function (a), feature 
selection function (b), and (c) 
classifier (c). LT, lower ternary 
function; Signum, signum func-
tion; UT, upper ternary function

Table 5   Classifier-specific outcomes (in descending order of accu-
racy) used to generate the final voted outcome

Classifier-spe-
cific outcome

Feature extractor Feature selector Classifier

8 Lower ternary NCA SVM
11 Lower ternary Chi2 SVM
12 Upper ternary NCA SVM
9 Upper ternary Chi2 SVM
10 Signum NCA SVM
2 Lower ternary NCA kNN
7 Signum Chi2 SVM
4 Signum NCA kNN
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balancing techniques (see Table 3). Furthermore, our fea-
ture engineering approach plays a crucial role in mitigat-
ing class imbalance effects. Unlike deep learning models 
that often rely on high-volume data, our quantum-inspired 
feature selection framework enhances the separability of 
arrhythmia types, leading to improved performance even 
in minority classes. The confusion matrix (Fig. 5) further 
supports this, showing that the model achieves high sensitiv-
ity and specificity across all rhythm types, including those 
with lower representation in the dataset. Overall, the results 
indicate that our model effectively handles class imbalance 
through inherent generalization, robust feature extraction, 
and comprehensive cross-validation strategies, without the 
need for explicit resampling methods. Beyond its ability to 
effectively handle class imbalance, our model also demon-
strates computational efficiency, which is a crucial factor for 
real-world deployment. In this context, the computational 
complexity of the proposed TQCPat-based feature engineer-
ing model is primarily influenced by three key phases: (i) 
feature extraction, (ii) feature selection, and (iii) classifi-
cation and decision fusion. Below is a breakdown of the 
computational costs associated with each stage.

Feature Extraction Complexity

The proposed TQCPat-based feature extraction method 
operates on overlapping blocks of 34 samples from each 
PPG signal. The MDWT is first applied to decompose the 
raw signal into multiple subbands, each of which undergoes 
dynamic feature extraction using graph-based path selection. 
The TQCPat function performs three key operations:

•	 Graph population: O(n) , where n is the number of sam-
ples per block.

•	 Optimal path selection (maximum function): O(n)

•	 Feature vector generation using histogram-based extrac-
tion: O(nlogn)

Given that MDWT decomposes the signal into four lev-
els, the overall complexity of the feature extraction phase 
can be approximated as:

Feature Selection Complexity

The model employs Chi2 and NCA for selecting the most 
relevant features. The complexities of these techniques are:

•	 Chi2 selection: O(nk) , where k is the number of classes.
•	 NCA selection: O(n2)

Since Chi2 operates in linear time and NCA is compu-
tationally more expensive, the dominant factor in feature 
selection is NCA, yielding an approximate complexity of:

Classification and Decision Fusion Complexity

The classification phase involves training k-NN and SVM 
models and decision fusion:

•	 kNN classification: O(nd) , where d is the number of fea-
tures.

•	 SVM classification: O(n3) for training phase.
•	 IMV and Greedy algorithm: O(n)

Since the SVM training phase is O(n3) , the total compu-
tational complexity:

O(nlogn) + O(n) + O(n) = O(nlogn)

O(nk) + O
(

n2
)

= O(n2)

Table 6   Comparison of state-of-the-art methods on the same dataset

*Acc: Accuracy, Sen: Sensitivity, Spe: Specificity, Pre: Precision, Rec: Recall, F1S: F1-Score

Study Dataset Method Validation Result(s) Computational Cost

Liu et al. [30] • 6 rhythm types
• PPG and ECG waveforms

Signal preprocessing, Deep 
convolutional neural network 
(Custom designed)

Hold-out CV (60:20:20) Acc. = 85.0
Sen. = 75.8
Spe. = 96.9

High (Deep Model)

Wu et al. [25] • 5 rhythm types
• PPG waveforms

A hybrid deep learning model 
(Res-BiANet)

Hold-out CV (60:20:20) Acc. = 92.38
Pre. = 88.46
Sen. = 85.15
Spe. = 98.43
F1S. = 86.88

High (Deep Model)

Liu et al. [46] • 6 rhythm types
• PPG and ECG waveforms

Hybrid convolutional neural 
network (CNN)-transformer 
network

Hold-out CV (60:20:20) Pre. = 87.0
Rec. = 87.1
F1S. = 86.8

High (Deep Model)

Our method • 6 rhythm types
• PPG waveforms

MDWT based TQCPat, Chi2, 
NCA, kNN, SVM, IMV

tenfold CV Acc. = 91.30
F1S. = 85.55

Low (Handcrafted ML)
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Overall Complexity Analysis

Combining all stages, the dominant computational cost 
stems from:

•	 Feature extraction: O(nlogn)
•	 Feature selection: O(n2)
•	 Classification and decision: O(n3)

As a result, overall computational complexity:

A CNN (Deep Neural Network) or Transformer-based 
model is usually O(n5) or has a higher computational cost. 
Therefore, the proposed model is lighter, requires less com-
putational power and runs faster than deep learning models. 
Thus, the TQCPat-based model offers a more computation-
ally efficient alternative.

The findings, advantages, limitations and future works of 
the developed model are listed below.

Findings

–	 Proposed TQCPat-based model achieved a classification 
accuracy of 91.30% and an F1-score of 85.55%.

–	 Presented TQCPat is an effective dynamic feature extrac-
tion function for processing PPG signals.

–	 The developed model outperformed a state-of-the-art 
deep model [30], in terms of classification accuracy.

–	 Employed elements such as lower ternary, NCA and 
SVM are the best feature extraction kernel, feature selec-
tor, and classifier, respectively.

Advantages

–	 Quantum-inspired TQCPat is a novel accurate feature 
extraction function.

–	 Ability of the model to generate multiple outcomes and 
select the most accurate one automatically enhances its 
efficiency and reliability.

–	 The model performed well for classifying a huge PPG 
dataset for six arrhythmia classes.

Limitations

–	 The computational complexity of the developed system 
is linearly increased with the incorporation of multiple 
machine learning steps. Nevertheless, this model has 
lower time complexity than deep learning models.

O(nd) + O
(

n3
)

+ O(n) = O(n3)

O(nlogn) + O
(

n2
)

+ O
(

n3
)

= O(n3)

Future Works

The proposed TQCPat-based model demonstrates promising 
potential in various biomedical applications beyond arrhyth-
mia classification using PPG signals. In future studies, we 
plan to explore additional real-world applications of our 
method, including:

–	 The proposed model can be integrated into wearable 
health monitoring devices, such as smartwatches and fit-
ness trackers, for continuous arrhythmia screening and 
real-time heart health monitoring.

–	 Since the method is computationally efficient, it can be 
deployed on low-power embedded systems to provide 
on-device arrhythmia detection without requiring cloud-
based processing.

–	 The TQCPat framework can be extended to electroen-
cephalogram (EEG) signal analysis to detect epilepsy, 
Alzheimer’s disease, and sleep disorders.

–	 By modifying the feature extraction approach, our 
method can help in developing lightweight AI models 
for real-time neurological diagnostics.

–	 Our approach can be applied to electromyographic 
(EMG) signals to assist in diagnosing neuromuscular 
diseases such as ALS and muscular dystrophy.

–	 The efficient feature extraction and classification mecha-
nism make it suitable for early-stage detection and moni-
toring of muscular disorders.

–	 The integration of our method into telemedicine plat-
forms can allow physicians to remotely monitor patients 
with cardiovascular risks.

–	 The ability to analyze large-scale PPG data efficiently 
makes it a valuable tool for automated arrhythmia screen-
ing in clinical and home-care settings.

–	 The proposed model can be implemented in Intensive 
Care Units (ICU) monitoring systems for early detection 
of critical cardiac abnormalities using PPG signals.

–	 The fast computational performance enables near real-
time processing of patient vitals in emergency care units.

Conclusions

This work presents a novel quantum-inspired TQCPat-based 
model for the automated detection of arrhythmia classes 
using PPG signals. Our developed model attained a classifi-
cation accuracy of 91.30% and an F1-score of 85.55% in clas-
sifying six classes using 46,827 PPG signals (228 patients).

The limitation of the model is obtaining high perfor-
mance for all classes and also in handling imbalanced data-
sets. Hence, we plan to refine the proposed model and use a 
larger and more diverse PPG dataset in the future for accurate 
arrhythmia detection.
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