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Abstract--- Atrial fibrillation is a disorder in which there is a chaotic fire of electrical signals from the upper 

chambers of the heart. The identification of the location of the myocardium responsible for firing these signals and 

ablation of the area may potentially cure the problem. The electrophysiologists may have to insert the probes or 

catheters and do the cardiac mapping to identify and analyze the complex heart signals patterns and to identify the 

location of AF responsible electrical foci. Nowadays, machine learning has become crucial in every technology 

field. Automation with software using machine-learning algorithms may aid electrophysiologists to do cardiac 

mapping without struggle and detecting electrical foci by computers. ML algorithms may identify arrhythmia 

compared to a board-certified cardiologist and can be developed as a very fast and reliable diagnostic tool.  
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I. Introduction 

Here in this article, we plan to give a small picture of what modalities we are now using, those that may turn into 

significant, and for what indications we may use them for minimally invasive cardiac electrophysiology. 

Furthermore, we would like to provide some light on why people are stuck with these approaches and what data is 

accessible and what are some of their potential advantages and disadvantages. When people read this article some 

might ask why more machine learning is needed than that supplied by a standard artificial intelligence (AI) system. 

We aim to answer this as well in the next few paragraphs. There is not any extensive review research where we can 

get some further clues but we shall try to provide a sampler, what modalities are at present available or in 

development and how these might be able to aid us in the field of cardiac electrophysiology. We are focused on 

minimally invasive cardiac electrophysiology and thus we consider cardiac imaging modalities for use in the 

evaluation of cardiac synchrony and for optimization of resynchronization devices [1, 2]. 

II. Why do we need to Advance Machine Learning Techniques? 

The devices are often implanted in case of major rhythm problems such as pacemakers, loop recorders and 

defibrillators. The role of ML is also identified in identifying a manufacturer of a such devices such as pacemakers 

or defibrillators where the physicians or the staff who interrogates or program these devices usually have difficulty 

to know unless prior records exist or unless patient informs them or if they can identify the name of implanting 

facility from visually from chest radiographs [3]. Machine learning along with predictive models can be very useful 

to develop personalized therapy [4]. 

This time has been led to an explosion of advance techniques especially to do machine learning. The rapid 

increase in collected biological data captured with different dimensions and acquisition rates can be analyzed using 

conventional analysis strategies [5]. Modern machine learning methods are like deep learning and convolutional 

neural network, promise to influence very large data sets for finding hidden arrangements within them, and for 

making more precise predictions. Nowadays cardiac electrophysiologists are handling more complex procedures that 

involve very complex anatomy. The goals of the newer techniques are to decrease radiation exposure to patients and 

physicians, to improve the efficacy of the procedures, their outcomes, safety, and to allow electrophysiologists to 

tackle more complex procedures [6,7]. 
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III. Which Dataset for Cardiac Electrophysiology Machine Learning? 

In medical research, we usually choose a medical image dataset for a Machine learning application that has 

adequate data volume, annotation, and reusability. Each cardiac imaging data object consists of data elements, 

metadata, and an identifier and such combination exhibits an imaging examination. The dataset must have sufficient 

imaging assessments to answer the question being asked. To maximize algorithm development, both the dataset 

itself and each imaging examination must be described and labeled accurately [8,9]. 

IV. What New Machine Learning Techniques are Available? 

Deep learning has become one of the most dynamic fields in machine learning that mimics the cognitive 

processing of the human brain using neural networks with multiple hidden layers. Deep architectures trained on 

millions of medical images can do a better job in detecting objects in particular images than human eyes can do. All 

present cutting edge models in image classification, the discovery of objects, retrieval of images, and semantic 

segmentation may utilize neural network systems. The convolution operation scans the image with a given pattern as 

well as identify a pixel value and calculates the strength of the match for every position [10,11]. There are also 

various medical imaging modalities obtained during a procedure, such as those obtained utilizing catheter movement 

the so-called non-fluoroscopic mapping systems, those obtained using some form of ultrasound, such as 

transesophageal (TEE) and intracardiac (ICE) echocardiography, in either 2D or 3D form, and various forms of 

cardiac MRI, either intracardiac catheter-based MRI or utilizing experimental MRI EP laboratories [12,13,14,15]. 

Pooling determines the presence of the pattern in a region, for example by calculating the maximum pattern match in 

smaller patches (max-pooling), thereby aggregating region information into a single number. The successive 

application of convolution and pooling operations is at the core of the most network architectures used in image 

analysis [16]. 

 Artificial Neural Network 

An artificial neural network consists of layers of interconnected compute units. The depth of a neural network 

corresponds to the number of hidden layers and the width of the maximum number of neurons in one of its layers. 

The artificial neural networks are rebranded to “deep networks” once networks are trained by numerous data with 

hidden layers. The data receives information in inner layer first in case of the canonical configuration, which 

ultimately transformed via multiple hidden layers in a non-linear fashion before computation of final outputs in the 

final layer. [17]. 

Convolutional Designs 

More recent work using convolutional neural networks (CNNs) allows to greatly reducing the number of model 

parameters compared to a fully connected network by applying convolutional operations to only small regions of the 

input space and by sharing parameters between regions [18]. Convolutional Neural Networks (CNNs) contain a 

convolutional part where hierarchical feature extraction arises and a fully connected part for classification can occur, 

depending on the nature of the output.  

V. Challenges 

The challenge with all these modalities is to confirm that they are actually helpful. Researches evaluating a 

number of these modalities have sometimes shown conflicting results and this may well depend on what each 

modality is compared to and where the studies are performed. The initial studies were performed in low complexity 

substrates and therefore cost-effectiveness proved very difficult to demonstrate. It is also often difficult to show that 

something is cost-effective in high volume centers where the success rates in complex procedures are already fairly 

good and the complication rates are low. It is important to remember that with the use of CT scanning there is still 

considerable radiation exposure, at least to the patient and that catheter-based technology is expensive and invasive. 

However, the non-radiation based modalities have been associated with a significant reduction in radiation exposure 

for patients and physicians and a tendency to increased success rates and lower complication rates, especially in 

more complex procedures. 

VI. Conclusion 

We hope that we are able to shed light on the kind of modalities available and applications of machine learning 

in cardiac electrophysiology. In addition, we hope that as AI advances, it may aid in learning cardiac 
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electrophysiology by allowing us to identify the visualization of the lesions as they are formed and better-automated 

software may become available in future for cardiac mapping to guide ablation. 
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