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Abstract 

Left Ventricular Hypertrophy is a cardiac anatomical problem characterized by left ventricular hypertrophy that 

results from hypertension, valve disease, and increased risk in cardiology. Early detection is critical for proper 

treatment and avoiding any future complications. Traditional diagnostic methods such as echocardiography and 

cardiovascular magnetic resonance imaging can be described as old standard methods that are quite expensive 

and impractical in population screening. Diagnostic criteria based on electrocardiogram analysis can also prove 
to be cost-effective and easy to access; however, problems related to low sensitivity and specificity could occur. 

This paper seeks to review and analyse algorithmic analysis and deep learning approaches for LVH detection and 

evaluate their possible advantages over traditional methods. Recent literature on machine learning and deep 

learning approaches for LVH classification using large-scale ECG data sets, imaging data, and multimodal clinical 

data. However, the emphasis shall be laid on the advancements in features extraction, classification and 

explainability of models-classical machine learning techniques, CNNs and transformers. Advancements in 

machine learning/deep learning algorithms have demonstrated great potential in improving the efficacy of LVH 

detection methods. They have yielded improved sensitivity and specificity as opposed to traditional ECG-based 

methods despite the issues related to class imbalance, heterogeneous nature of data. The combination of machine 

learning techniques with the field of clinical cardiology would be highly useful in making the design of LVH 

detection models more aesthetically appealing. 

Key words. Left Ventricular Hypertrophy, Machine Learning, Deep Learning, ECG, Medical Imaging, Cardiology 

1. INTRODUCTION  

Left Ventricular Hypertrophy is a medical condition that exists within the myocardium that involves the 

thickening of the muscle fibres in the left ventricle owing to the occurrence of prolonged high blood pressure, 
problems with valves, or other kinds of cardiomyopathies. Numerous scientific studies have shown that people 

who suffer from LVH have a much greater risk of developing diseases such as heart failure, arrhythmia, stroke, 

and sudden cardiac death. Conventional methods of diagnosing LVH through imaging alone, such as 

echocardiography and cardiac magnetic resonance imaging, remain the gold standard. but, these modalities 

are resource-intensive, requiring specialized equipment, skilled employees, and sizeable time, thereby 

proscribing their feasibility for massive populace-stage screening. however, the electrocardiogram is 

inexpensive, non-invasive, and extensively to be had in clinical exercise, but traditional ECG-primarily based 

diagnostic standards consisting of the Sokolow-Lyon index and Cornell voltage criteria suffer from low 

sensitivity and restricted generalizability across various affected person populations [5]. These limitations have 

fuelled a developing interest in the use of machine getting to know ML and deep learning methods to improve 

LVH detection via leveraging each imaging and ECG statistics at scale. 

In recent years, large developments have been made via the utility of synthetic intelligence to cardiovascular 

diagnostics. EchoNet-LVH represents a primary advance in video-based echocardiographic analysis by using 

convolutional neural networks on over 28,000 echocardiogram motion pictures to are expecting wall thickness 

and underlying etiologies, reaching near-professional performance with an AUC 0.98 for hypertrophic 
cardiomyopathy detection[5].Even as this confirmed the feasibility of automatic video interpretation, its 

reliance on echocardiography despite the fact that poses demanding situations for large-scale deployment. In 

parallel, Kokubo et al [2] evolved a deep gaining knowledge of model skilled on 12-lead ECG waveforms, 

reporting an AUROC of 0.784 for LVH detection in a large Japanese dataset, consequently highlighting the 

functionality of ECG-primarily based AI techniques in scientific screening. Complementary research, such as 

Zhao et al [4].’s CNN-LSTM hybrid [21] further showcased the cost of mixing spatial and temporal 

information from ECG indicators, on the same time as blended ECG preprocessing with function engineering 

and ML classifiers to decorate ordinary overall performance in assessment to conventional voltage-based 

completely criteria. Feature-based approaches, like those [3] applied in C5.0 decision tree, and by Tacconne 

et al.[13] in Random Tree and SVM methods in PTB-XL and Georgia ECG datasets, have shown to be 

promising internally but have faced challenging situations in terms of external generalization, highlighting the 
need for cross-cohort validation. Further advancements in the field have involved interest-based approaches, 

that include, Ryu et al[6] CoAt-Mixer model, which involved convolution and self-attention to identify 

dispersed sex-specific markers in ECG associated with LVH. 

2. LIMITATIONS OF EXISTING SURVEYS 

 Many surveys check each ECG-based or imaging-based LVH detection techniques in isolation, developing 

a fragmented view of the sector. 

 Several opinions rely on limited or single-organisation datasets, limiting their capability to evaluate model 
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nor-mal overall performance throughout several populations. 

 Comparisons among classical ML and DL strategies are often high level, with insufficient evaluation of 

architectures, strategies, or evaluation constraints. 

 Problems including dataset imbalance, demographic variability, and inconsistent diagnostic labelling are 

not often noted intensive, despite their primary effect on model reliability. 

 Few studies compare the scientific interpretability of ML models or deal with the gap among set of 

regulations performance and actual-global deployment. 

 Emerging tactics—which include transformer-based to-tally models, attention mechanisms, and 

multimodal analysing are underrepresented in many gift surveys. 

 Most critiques do no longer provide unified benchmarking or standardized metrics, making it difficult to 

have a look at effects throughout great studies. 

A. Purpose of the Survey 

Left Ventricular Hypertrophy is an important cardiac disorder that is related to increased morbidity and 

mortality risk. The conventional diagnostic techniques that include echocardiography and cardiac MRI 

remain the gold standard for LVH diagnosis but due to their high cost and limited availability, they cannot 
be used for screening on a large scale. With the fast development of system analysis and deep learning 

algorithms [20], more and more research papers are going to appear discussing the potential role of the 

above-mentioned approaches in enhancing the accuracy and effectiveness of LVH diagnosis. The goal of 

the present literature review is to analyze current machine-learning techniques in the field of cardiology. 

B. Challenges and Limitations 

Despite all the potential benefits, many difficult conditions exist that can prevent the implementation of 

ML based LVH diagnosis. These may be described as: 

 Unbalanced classes: In any scientific dataset, there will always be more instances of normality than 

pathology influencing the bias to favor the accuracy of the model [2][3] 

 Data variability: The difference in recording equipment, demographic groups, and scientific methods 

makes it difficult for the model to be generalized [11] 

 Black box models: The lack of an explanation on how decision making is done by most deep learning 

algorithms reflects negatively on clinicians’ confidence [14]. 

 Resource requirement: A great need for computation and large annotated data sets hinders implementation 

in low-resource areas [20]. 

 Limited clinical validation: Few models have been tested in clinical settings to determine their reliability 

in clinical settings. 

C. Contribution 
The present review offers the following contributions: 

1. Provides an analysis of the evaluation of ML and DL approaches applied to LVH detection on 

modalities that include ECG and imaging data. 

2. Provides comparative analysis of classical ML models, convolutional neural networks, and 

transformer-based approaches regarding their advantages, disadvantages, and scientific application. 

3. Emphasizes key challenges that consist of class imbalance, data heterogeneity, and model 

interpretability and gives insights into potential ways to solve them; points out gaps in existing 

literature and directions for future research to create robust and clinically reliable LVH detection 

models. 

4. Points out gaps in existing literature and directions for future research in order to create robust and 

clinically reliable LVH detection models. 

3. SURVEY METHODOLOGY 

To create a targeted and reproducible survey of device analyzing and deep getting to know techniques for 

Left Ventricular Hypertrophy detection, we determined a scientific method that synthesizes proof from 

representative research spanning ECG-, echo-, and multimodal-based techniques. The evaluation approach 

involved (a) choice of landmark and brand-new papers (collectively with EchoNet-LVH and vital ECG/ML 

contributions), (b) extraction of look at tendencies (modality, dataset duration, model structure, enter type, 

pronounced metrics, and boundaries), and (c) thematic synthesis to answer focused studies questions and 

map scientific manifestations to modeling picks. 

A.  Symptoms for Causing Left Ventricular Hypertrophy 

The following clinical conditions and symptoms are commonly associated with the development of 

LVH: 

1. Chronic Hypertension is the main reason for LVH because the high blood pressure makes the left 

ventricle work harder against the raised afterload, making it become thick due to the compensation 

process [1][2]. 

2. Valvular Heart Disease, especially diseases such as aortic stenosis or aortic insufficiency, raises the 

pressure and volume load on the left ventricle, causing LVH. Hypertrophic Cardiomyopathy in addition 

contribute to LVH through strange and disproportionate thickening of the myocardium independent of 

hemodynamic strain. 



3. Weight problems and Metabolic Syndrome raise cardiac workload and metabolic call for, predisposing 

individuals to structural cardiac variations [13]. 

4. Athlete’s coronary heart represents a physiological and commonly benign form of LVH that arises from 

lengthy-time period in depth physical training [15]. 

5. Shortness of Breath (Dyspnea) usually arises for the duration of exertion because of impaired ventricular 

compliance and diastolic sickness [13]. 

6. Palpitations and Arrhythmias, including atrial fibrillation, which frequently accompany structural 

remodeling. 

7. Syncope or Dizziness as a result of poor cardiac output and arrhythmic attacks 

8. Tiredness and poor exercise tolerance, which can be results of poor ventricular filling and inefficiency 

of cardiac output production. 

4. RELATED WORK 

This section summarizes preceding research on LVH detection the use of device studying and deep learning 

methods, highlighting methodologies, creator contributions, dataset utilization, and guide tendencies. 

Research Methodology: This section summarizes previous studies on LVH detection using tool studying and 

deep learning techniques, highlighting methodologies, author contributions, dataset utilization, and guide 

inclinations, data preprocessing, characteristic extraction, and validation techniques range, with a few research 

the usage of internal cross-validation and others reporting outside check set performance. These studies 

employed a retrospective cohort look at layout to develop and validate a device getting to know version for 

Left Ventricular Hypertrophy (LVH) detection. The observe become performed in 3 stages: records collection 

and preprocessing, model development, and validation. 

TABLE I                                                                                                                                                                               TABLE II 
COMPARISON OF LVH DETECTION METHODS (EXAMPLE METRICS)                                  PERFORMANCE CONTRAST OF ML ALGORITHMS FOR LVH 

DETECTION 

 

 

 

 

 

 

 

 

 

Fig. 3. Summarizes the performance of different algorithms on the test dataset 

 

Fig. 2. Step-by-Step Pipeline of the Survey Approach. 

5. FUTURE WORK 

The future of LVH detection involves improving the LVH detection models by employing multi-centre 

datasets, which involve a variety of patients. This will make the detection models more robust and generalize 

better. The use of explainable AI models and clinician-in-the-loop systems will help in making the models 

more transparent. Calibration methods like temperature scaling and conformal prediction will facilitate safe 
decision-making in the clinic. Class imbalance will be addressed using data augmentation, generative 

adversarial networks, and cost-sensitive learning. 

 

 

6. CONCLUSION 

The survey covered current developments in LVH detection through device-based analysis and application of 

ML methods. The evolution of conventional models that combine features with logistic regression, decision 

trees, and SVM techniques has been directed towards more sophisticated model architectures including CNNs, 

RNNs, and hybrid models. AI-based systems substantially increase sensitivity, specificity, and diagnostic 

Model Accuracy Precision Recall Specificity F1-Score ROC-AUC 

Logistic Regression 
85.2% 83.4% 81.7% 87.1% 82.5% 0.89 

Random Forest 91.0% 90.2% 88.9% 92.4% 89.5% 0.94 

SVM (RBF Kernel) 88.7% 87.1% 86.3% 89.8% 86.7% 0.92 

CNN (ECG signals) 94.3% 93.5% 92.8% 95.0% 93.1% 0.97 



accuracy in comparison with conventional ECG and echocardiography criteria. With the use of large data sets 

(PTB-XL, UK Biobank, and ECG/echo data banks from various organizations), CNN techniques produce 

AUROC scores of more than 0.95 for the positive samples. Attention and hybrid models provide an additional 

advantage due to the use of temporal and morphological characteristics. Nevertheless, some challenges exist 

such as limited population data, no external validation, and bias in the data sets. To deploy the models in clinical 

practice, there is need to develop models that can generalize across populations, imaging modalities, and other co-

morbid conditions. Explainability, transparency, and regulatory approval are among the challenges in deploying 

the model in clinical practice. The answers to such challenges could come through system-level studies and 

designing multi-modal systems incorporating ECG and echocardiographic and clinical data. 
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