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Abstract Myocardial infarction, more commonly referred to as heart attack, is a significant cause of mortality related
to cardiovascular diseases. Conduction disorders are commonly associated with this condition, the most prominent being
RBBB. RBBB refers to an anomaly in electrical conduction of the heart, which can cause distortions to standard ECG
patterns. Both of these can mask and mimic the classical ECG signs of MI and therefore result in misdiagnosis or delayed
diagnosis. Moreover, early and accurate diagnosis is very important in saving patients from MI with a good prognosis;
hence, it becomes a prime concern for the clinician. In this work, a novel approach to the accurate classification of
ECG signals has been proposed with a Q-transform deep learning model of horizontal data concatenation. This study
focuses essentially on the differentiation of myocardial infarction from RBBB-associated myocardial infarction. Further, the
proposed model uses collective information from various ECG leads, drastically improving its capability to capture intricate
cardiac patterns. In addition, the proposed model harnesses the unique electrical signatures of MI and MI with RBBB, which
may manifest differently between leads. By merging multi-lead data and spectral-temporal features, the proposed model
gains a comprehensive understanding of these conditions and leads thus to a substantial improvement in diagnostic accuracy.
However, publicly available digital PTB-XL datasets are also used for the evaluation of the suggested architecture, where
the ECGs are categorized into two classes: MI and MI associated with RBBB. In this regard, this system demonstrates
exceptional performance, achieving an impressive 97. 82% precision and an exceptionally low 0.0032% training loss after
100 trained epochs. Stringent 10-fold cross-validation reinforces and strengthens these results. This groundbreaking approach
simplifies diagnostic complexities by consolidating 12-lead ECG data and using CQT for precise analysis in the time-
frequency domain.
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1. Introduction

Cardiovascular diseases are an important contributor to global mortality, accounting for a substantial number of
annual deaths [1]. Projections signal a troubling surge in these fatalities, potentially reaching alarming numbers by
2030 [2]. Within this spectrum of diseases, Acute Myocardial Infarction (AMI) holds particular severity. Similar
to other triggers of irregular depolarization, right Bundle Branch Block (RBBB) induces repolarization anomalies
that might obscure or imitate ischemic changes, especially noticeable in right-sided precordial leads displaying
RSR patterns. However, the concept of appropriate discordance can serve as a guiding principle to navigate
through these complexities. The key feature lies in the discordance between the main part of the QRS complex
and the initial section of the ST segment/T wave, positioning them on opposing sides of the isoelectric baseline.
Consequently, in right to mid-precordial leads, a predominantly positive QRS complex will correspond with ST-
segment depression and an inverted T wave. Any deviation from this norm would reveal ST-segment elevation,
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aligning with the main part of the QRS complex; changes in T-wave patterns can vary, either sustaining inversion
or becoming indistinguishable within the larger ST segment. Identifying an anterior wall ST-elevation myocardial
infarction (STEMI) becomes more evident when the healthcare provider is comfortable discerning the appropriate
appearance of the ST segment in the context of the right bundle branch block (RBBB) [3]. Diagnosing RBBB poses
challenges in detecting important ECG markers, potentially obscuring vital indicators. Consequently, healthcare
practitioners employ supplementary tools such as evaluating symptoms, reviewing medical history, and utilizing
imaging techniques like echocardiography. However, manual interpretation of ECGs can be intricate and prone to
variability, particularly in remote locations or emergency situations [4]. Recent studies have delved into the realm
of artificial intelligence (AI) and deep learning methodologies to enhance the diagnosis of myocardial infarction
(MI) by leveraging 12-lead electrocardiograms (ECGs). In [5], researchers initiated noise reduction in ECG data
and implemented the ML-ResNet network for MI detection. However, the intricacies of this method presented
significant challenges. Conversely, [6] employed ResNet-50, a deep learning model, for medical image analysis.
They transformed 12-lead ECG data from Chapman University and Shaoxing People’s Hospital into scalogram
and grayscale images. Their innovative approach involved a stacking ensemble technique incorporating logistic
regression, support vector machine, random forest, and XGBoost as the meta learner. They introduced a ”multi-
modal stacking ensemble” by combining predictions from scalogram and ECG grayscale images. Meanwhile, [7]
developed a specialized MI detection model emphasizing feature fusion.

Our research addresses these challenges by integrating data from all 12 ECG leads, streamlining the diagnostic
process and providing a more comprehensive representation. A key novelty of this work lies in the preprocessing
step, where we horizontally concatenate the leads before applying the Q transform. This approach generates a new
time-frequency representation, allowing us to retain a greater number of samples compared to using individual
leads. By doing so, we provide the pre-trained model with a more detailed and enriched representation of the
signal. This enhanced representation captures critical spectral characteristics, improving the accuracy of myocardial
infarction (MI) diagnosis. As we will discuss in the related work, this method addresses the limitations of single-
lead analysis and contributes to better patient outcomes by reducing the risk of misdiagnosis.

The motivation for this study stems from the persistent difficulty of accurately detecting myocardial infarction
(MI) in the presence of conduction abnormalities such as right bundle branch block (RBBB), a problem frequently
encountered in clinical practice but inadequately addressed by conventional deep learning methods. The main
contributions of our paper are as follows: (1) We propose a novel horizontal concatenation strategy for 12-lead
ECG signals, enabling the preservation and integration of temporal and spatial information across all leads; (2) We
employ the Constant-Q Transform (CQT) to generate rich time-frequency representations, enhancing the detection
of subtle pathological changes; (3) We design and train a ResNet-50-based deep learning model tailored to multi-
lead ECG data, achieving robust performance on the large-scale PTB-XL dataset; (4) We provide a thorough
evaluation using rigorous cross-validation and clinical metrics; and (5) We curate and make transparent a well-
annotated, clinically relevant ECG dataset, encouraging reproducibility and future research. Collectively, these
innovations advance the state of the art in automated ECG-based MI detection, especially in complex diagnostic
scenarios involving RBBB.

Our key contributions can be summarized as follows:

• Addressing complexity through data concatenation from all 12 leads.
• Following the removal of noise from the 12-Leads signals, the 1D ECG signals undergo a process of

horizontal concentration.
• We adopt the CQT algorithm to convert the 1D ECG signal into a 2D time-frequency representation, which

is then input into the pre-trained ResNet50 CNN model.

The article will be organized as follows: Section 2 reviews related work on the detection of ECG-based myocardial
infarction. Section 3 describes the proposed methodology, including database selection, preprocessing, and data
transformation. Section 4 details the mathematical evaluation of time-frequency representations and the model
architecture. Section 5 presents the performance evaluation and experimental results. Finally, Section 6 concludes
the paper and discusses.
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2. A brief review of existing methods

AI technology has played an important role in ECG analysis methods recommended for heart disease diagnosis.
These investigations focused on the electrocardiogram signal processing , starting with signal processing, feature
detection, and classification. The ECG analysis has regarded the employment of machine learning and deep
learning algorithms in terms of both accuracy and efficiency[8][9][10]. The researchers have also targeted artificial
intelligence adoption in image analysis for the ECGs, which has shown very positive results in screening and
identifying cardiac anomalies[15]. Improvements like AI-based ECG analysis may be the mother of new remote
ECG monitoring systems or revamped telemedicine solutions which will also provide an accurate and fast
identification of cardiovascular illnesses[8][11]. In particular, some studies use a multi-lead residual neural network
model, a multi-branch fusion network, and a convolutional neural network with a multiple-feature branch in
contrast to the MI from normal ECG signals. The authors applied an initial noise reduction to the ECG data.
The ML-ResNet network has been harnessed to detect and pinpoint myocardial infarction (MI). This network
architecture encompasses a total of 13 layers, integrating a distinctive lead feature branch within its structure.
Specifically, this single feature branch is composed of three residual blocks, each containing three convolutional
layers. However, it’s important to note that this approach encounters a challenge in terms of complexity, as it
involves a substantial number of parameters that need to be carefully managed and optimized. Similarly, [14]
adopts a 1D-ECG signal within a deep learning framework for MI diagnosis. The MFB-CNN approach involves
12 independent feature branches, each operating on a single lead from the 12-lead ECG. This study introduces
an innovative method for the detection and localization of automated myocardial infarction (MI) using 12-
lead electrocardiogram (ECG) data. The Multiple-Feature-Branch Convolutional Neural Network (MFB-CNN)
capitalizes on the integrity and diversity of ECG signals, as each feature branch captures distinct lead-related
data. The integration of these features through a global softmax layer obviates the necessity for manual feature
crafting. However, a notable challenge arises due to the high complexity when dealing with the separate analysis
of 12 leads. In contrast, the study [13] introduces a model tailored for myocardial infarction detection using 12-
lead electrocardiogram (ECG) images. Their proposed methodology encompasses a multi-branch network, feature
fusion, and a classification network. Following thorough experimentation, they opted for a shallow CNN as the
multi-branch network to extract features from individual leads. The fusion of feature maps was accomplished
through depth fusion, and these integrated features were subsequently channeled into a classification network
founded on the DenseNet architecture. The resultant model exhibited exceptional sensitivity and specificity in the
realm of myocardial infarction screening. Nonetheless, a notable drawback of this approach lies in its complexity,
and there’s a lack of data preprocessing incorporated within the method. Further advances include [14], which
introduces an innovative approach to medical diagnosis using ResNet-50 for the automatic classification of 12-
lead ECG data encompassing multiple cardiovascular diseases, They presented an efficient DL model designed
for the automatic diagnosis of 12-lead electrocardiogram (ECG) signals categorized into 27 classes. These classes
include 26 different types of CVD and a normal sinus rhythm. The proposed model is built on the Residual Neural
Network (ResNet-50) architecture and is evaluated through experimentation using combined public databases from
the USA, China, and Germany as a proof of concept. In [22], the authors applied the ECG data to undergo an
initial noise reduction. The ML-ResNet network has been harnessed to detect and pinpoint myocardial infarction
(MI). This network architecture encompasses a total of 13 layers, integrating a distinctive lead feature branch
within its structure. Specifically, this single feature branch is composed of three residual blocks, each containing
three convolutional layers. However, it’s important to note that this approach encounters a challenge in terms of
complexity, as it involves a substantial number of parameters that need to be carefully managed and optimized.
Similarly, [23] adopts a 1D-ECG signal within a deep learning framework for MI diagnosis. The MFB-CNN
approach involves 12 independent feature branches, each operating on a single lead from the 12-lead ECG. This
study introduces an innovative method for the detection and localization of automated myocardial infarction (MI)
using 12-lead electrocardiogram (ECG) data. The Multiple-Feature-Branch Convolutional Neural Network (MFB-
CNN) capitalizes on the integrity and diversity of ECG signals, as each feature branch captures distinct lead-related
data. The integration of these features through a global softmax layer obviates the necessity for manual feature
crafting. However, a notable challenge arises due to the high complexity when dealing with the separate analysis
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of 12 leads. In contrast, the study [24] introduces a model tailored for myocardial infarction detection using 12-
lead electrocardiogram (ECG) images. Their proposed methodology encompasses a multi-branch network, feature
fusion, and a classification network. Following thorough experimentation, they opted for a shallow CNN as the
multi-branch network to extract features from individual leads. The fusion of feature maps was accomplished
through depth fusion, and these integrated features were subsequently channeled into a classification network
founded on the DenseNet architecture. The resultant model exhibited exceptional sensitivity and specificity in the
realm of myocardial infarction screening. Nonetheless, a notable drawback of this approach lies in its complexity,
and there’s a lack of data preprocessing incorporated within the method. Further advances include [25], which
introduces an innovative approach to medical diagnosis using ResNet-50 for the automatic classification of 12-lead
ECG data encompassing multiple cardiovascular diseases, They presented an efficient DL model designed for the
automatic diagnosis of 12-lead electrocardiogram (ECG) signals categorized into 27 classes. These classes include
26 different types of CVD and a normal sinus rhythm. The proposed model is built on the Residual Neural Network
(ResNet-50) architecture and is evaluated through experimentation using combined public databases from the USA,
China, and Germany as a proof of concept. In [26], an updated ResNet-18 model is introduced, showcasing the
potential of deep learning to revolutionize ECG signal analysis. This novel approach addresses the limitations
of conventional methods and aims to categorize ECG signals more effectively. To achieve precise identification
and classification of five AAMI heartbeat classes using the MIT-BIH arrhythmia database, the article presents
an enhanced ResNet-18 model. This model leverages the unique characteristics of lead ECG data, treating it as
one-dimensional time series. By adopting this approach, the model can extract multiple features from the same
input, efficiently capturing the internal structural nuances within the ECG data. Consequently, this enhancement
significantly bolsters the model’s classification accuracy. Dealing with expansive datasets presents challenges in
neural network training. As the input data volume increases, so does the necessity for additional neurons to enhance
classification accuracy. Unfortunately, expanding the model’s size, especially in fully connected neural networks,
results in an abundance of parameters, which can impede training speed. To address this challenge, the article
introduces a Convolutional Neural Network (CNN) characterized by local connectivity and parameter sharing.
This CNN design effectively reduces model parameters while accelerating training, making it well-suited for large
datasets. The study employed the MIT-BIH dataset, which primarily consists of 2-lead ECG recordings. However,
this limited dataset may not fully harness the potential benefits of utilizing all 12 leads available in a comprehensive
ECG. In addition, it’s worth noting that the ResNet architecture, particularly its residual blocks, can face challenges
related to gradient vanishing during training. This issue can impede the network’s ability to effectively learn and
represent complex patterns in the data.

The application of deep learning in medical image analysis, particularly ResNet-50, is shown in [27], where
the study conducted experiments utilizing 12-lead electrocardiogram (ECG) databases sourced from Chapman
University and Shaoxing People’s Hospital. To fine-tune the pre-trained ResNet-50 model for each lead, the ECG
signals were transformed into scalogram images and grayscale images of the ECG. The ResNet-50 model served
as the base learner for a stacking ensemble method. The meta learner, used for combining predictions from the base
learner, employed logistic regression, support vector machine, random forest, and XGBoost. This study introduced
a novel approach termed ”multi-modal stacking ensemble,” which integrates predictions from two modalities:
scalogram images and ECG grayscale images.

In this work, we introduce a novel preprocessing method by horizontally concatenating the 12 ECG leads
before applying the Constant Q Transform (CQT). This approach generates a comprehensive time-frequency
representation that retains more samples compared to using individual leads. The enriched representation enhances
the ability of our ResNet-50 model to detect myocardial infarction (MI), especially in cases involving left
bundle branch block (RBBB), which primarily affects the lower frequency spectrum. CQT is particularly
effective in capturing critical spectral characteristics in these low-frequency ranges, outperforming linear methods.
Additionally, CQT’s flexibility in adjusting its frequency resolution allows for higher resolution in detecting
pathological events like MI and lower resolution for normal beats. This multi-resolution capability is especially
important for handling non-stationary ECG signals, offering a significant advantage over the Short-Time Fourier
Transform (STFT) in detecting subtle changes in conditions such as MI and right bundle branch block (RBBB).
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3. Contributions

We present a novel ECG diagnostic system that integrates a pre-trained model with the Constant-Q Transform
(CQT), offering enhanced accuracy and efficiency in analyzing ECG signals. Illustrated in Fig. 1, our model’s
stages encompass signal preprocessing, concatenation of data from 12 leads in a horizontal format, CQT
transformation, and the utilization of the ResNet50 model. This pioneering approach merges signal processing
techniques with deep learning models to elevate ECG analysis, thereby fostering improved healthcare outcomes.
Furthermore, the incorporation of k-fold cross-validation bolsters the credibility and reliability of our experimental
findings, facilitating a comprehensive evaluation of the integrated ECG diagnostic system.

Figure 1. Our Model Architecture.

3.1. Database and preprocessing:

For this research, we obtained electrocardiograms (ECGs) from the publicly available PTB-XL database, which
consists of 21799 clinical 12-lead ECG data from 18869 individuals, each lasting 10 seconds. from 18869 patients,
52% percent of whom are men and 48% percent of whom are women, ranging in age from 0 to 95 years. However,
we only took ECG data from the MI categories. Our dataset includes simultaneous 12-lead ECG recordings from
445 individuals with MI who fell into one of two categories: MI without RBBB and MI with RBBB, which
comprises ECG signals from 191 participants in both AMI and AMI associated with RBBB categories. The
records last 10 seconds, are labeled by cardiologists. Most records may have multiple annotations, and the signal is
sampled at 500Hz.[19] Table 1 summarizes all relevant information about the dataset used in this study However,
ECG signals often suffer from various types of noise that can adversely affect the accuracy of the diagnostic
results. These noise types include power line interference, baseline wander, and electrode contact noise, which
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Table 1. Class distribution of MI categories in the study dataset.

Class Description Number of Samples

MI Myocardial Infarction (without RBBB) 254
MI+RBBB Myocardial Infarction with RBBB 191

must be adequately addressed before applying machine learning algorithms to diagnose MI. Thus, ECG signal
denoising and preprocessing become a discriminative need [20]. In our study, we applies several filters to an
electrocardiogram (ECG) signal to improve its quality.

• Firstly, a bandpass filter is applied to remove static noise and high-frequency noise. This filter uses a
Butterworth filter of order 5 with a lowcut frequency of 0.5 Hz and a highcut frequency of 100 Hz.

• Next, a median filter with kernel size of 3 is applied to remove burst noise. The signal is then processed to
remove baseline drift by subtracting the moving average of the signal using a window size of 0.2 seconds.

• Finally, any obvious outliers in the signal are detected and removed using Z-score thresholding. The resulting
signal is then ready for further analysis or interpretation.Figure 1 visually depicts the difference between the
Electrocardiogram (ECG) signal before and after preprocessing.

The original ECG signal is represented in blue, while the preprocessed ECG signal is shown in red (see Fig. 2).
The outlier removal thresholds for ECG amplitudes (> 2:0mV or < �2:0mV ) were selected based on clinical
standards. According to the American Heart Association (AHA), the normal amplitude for the QRS complex
typically does not exceed 2.5–3.0 mV in the limb leads. Values outside the ±2.0 mV range are considered
physiologically uncommon and may represent noise or artifacts rather than true cardiac events [28]. Thus, these
thresholds were used to filter out non-physiological values in accordance with established guidelines.

Figure 2. One lead ECG signal before and after preprocessing

3.2. 12-Lead Data Concatenation and 2D Transformation:

Horizontally concatenating the 12 ECG leads provides a consolidated representation of multiple leads within a
single waveform, which proves valuable for both visualization and analysis. This approach allows for a more
comprehensive assessment of interactions between leads, improving diagnostic accuracy. LetX 2 RN�12 represent
the raw multi-lead ECG signal matrix, where N is the number of time samples, and each column corresponds to
one of the 12 leads. Horizontal concatenation across leads forms a unified signal:

Xconcat = [x1;x2; : : : ;x12] 2 R12N

This operation ensures time-aligned integration of cardiac activity from multiple perspectives see fig 3.
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