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Executive Summary/Abstract 
World Health Organization (WHO) has recently reported that coronary artery disease (CAD) is the 

reason for 16% of total deaths worldwide [1]. Myocardial infarction (MI), commonly known as 
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heart attack, is the most severe manifestation of CAD that leads to irreversible necrosis of the 

myocardium [2]. Accordingly, MI is the leading cause of mortality and morbidity in the world from 

which 32.4 million people suffer each year [3]. The early detection of MI is crucial to prevent fatal 

damages in the myocardium muscle of the heart. Echocardiography is the fundamental imaging 

technique for revealing any regional wall motion abnormality (RWMA), which is the earliest signs 

of MI. Assessing the motion of the left ventricle (LV) wall only from a single echocardiography 

view may lead to missing the diagnosis of MI as the RWMA may not be visible on that specific 

view. Moreover, the subjective and operator-dependent diagnosis suffers from the time-

consuming process and low accuracy. Hence, there is a need for an automated, robust, and 

accurate tool to help cardiologists as diagnosing MI. In this project, we propose to fuse apical 4-

chamber (A4C) and apical 2-chamber (A2C) views in which a total of 12 myocardial segments can 

be analyzed for MI detection. Considering the scarcity of echocardiographic datasets for the MI 

detection, which is the major issue for training data-driven classification algorithms, we propose 

a framework for early detection of MI over multi-view echocardiography that leverages one-class 

classification (OCC) techniques. The OCC techniques are advantageous over scarce datasets since 

in the training of the model only the instances from a specific target class are used. The project 

investigates the performance of uni-modal and multi-modal OCC techniques using the HMC-QU 

dataset that includes A4C and A2C views in a total of 260 echocardiography recordings. 

Experimental results show that the outperforming multi-modal approach achieves a sensitivity 

level of 85.23% and F1-Score of 80.21%. 

Goals and Objectives 
In this project, our goal is to detect MI using A2C and A4C echocardiography views that include 

12 myocardial segments in total. Accordingly, we propose a framework that leverages one-class 

classification algorithms for the early detection of MI using multi-view echocardiography as 

depicted in Figure 1. In the proposed framework, first, we extract features from A4C and A2C 

view echocardiography recordings by tracking the motion of the LV wall using Active Polynomials 

(APs) method [4]. Then, we use a multi-modal OCC method, i.e., Multimodal Subspace Support 

Vector Data Description (MS-SVDD) [5] over the maximum displacement features of A4C and A2C 
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views. As the pioneer study with multi-modal OCC for the MI diagnosis using multi-view 

echocardiography, our objective is to extensively evaluate both multi and uni modal OCC 

algorithms over the HMC-QU dataset. 

Differences from Current State of Art 
In the literature, many studies [6-9] have evaluated their algorithms over scarce, private, 

synthetic, and single-view echocardiographic data which causes certain reliability and robustness 

issues, especially for deep learning models. Contrary to class-specific algorithms, one-class 

classification (OCC) models require only the positive class during training with much fewer 

samples. However, despite their feasibility, only the studies [10, 11] have used OCC models for 

echocardiographic data. Hence, in this project, we propose a pioneering framework for MI 

detection for the first time using both multi- and uni-modal OCC methods over multi-view 

echocardiography. Moreover, we publicly share our multi-view dataset, namely HMC-QU that 

includes 260 echocardiography recordings from 130 individuals with the research community. 

Methods and Datasets 
The performance of the proposed framework is evaluated over the HMC-QU dataset that 

includes a total of 260 echocardiography recordings from A4C and A2C views of 130 individuals 

with the ground-truths of 88 MI patients, and 42 non-MI subjects. In this project, the endocardial 

boundary of the LV wall of A4C and A2C views are extracted by Active Polynomials (APs) [4] that 

are the constrained versions of active contours [12]. Once the APs are formed over each frame 

of echocardiography recordings, the LV wall is divided into a total of 12 distinct myocardial 

Figure 1. The proposed framework for early detection of MI with multi-modal one-class 
classification over multi-view. 
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segments as depicted in Figure 2. In this way, each myocardial segment is tracked through one-

cardiac cycle and their motion curves are obtained from which the maximum displacement 

features are extracted as illustrated in Figure 1.  

 

Figure 2. The myocardial segment names and numbers are shown for both A4C and A2C views 
echocardiography at the top row. The bull eye’s plot of the 17−segment model is illustrated, 

where each color-coded and numbered segment corresponds to coronary arteries at the 
bottom row. 

In the feature engineering phase, we extract the feature vectors from A4C and A2C view 

echocardiography recordings in one-cardiac cycle. Using the MS-SVDD model that performs OCC 

over multi-view echocardiography, we first form the feature vectors 𝐅𝟏,  𝐅𝟐 ∈ ℝ𝟔×𝟏  that are 

extracted from A4C (modality 1) and A2C (modality 2) view echocardiography recordings, 

respectively. The feature vector of modality 𝑚  is represented by 𝐅𝑚 = [𝑓𝑚,1,  𝑓𝑚,2, … , 𝑓𝑚,6] , 

𝐟𝑚,𝑖 ∈ ℝ𝐷𝑚 , where 𝐷𝑚  is the dimensionality of feature space. Then, MS-SVDD maps feature 

vectors 𝐅𝑚 into a lower 𝑑 −dimensional shared subspace by a projection matrix 𝑸𝑚 ∈ ℝ𝑑×𝐷𝑚 , 

where the projected vector, 𝒚𝑚, 𝑖 = 𝑸𝑚𝐟𝑚,𝑖,  ∀𝑖 = {1,  … ,  𝐷𝑚} is obtained. Accordingly, the MS-

SVDD forms the smallest hypersphere that represents the model by solving the minimization 

problem min 𝐹(𝑅,  𝒂) = 𝑅2 + 𝐶 ∑ ∑ 𝜉𝑚,𝑖
𝑁
𝑖=1

𝑀
𝑚=1  𝑠. 𝑡.  ‖𝑸𝑚𝐟𝑚,𝑖 − 𝒂‖

2

2
≤ R2 + 𝜉𝑚,𝑖, 𝜉𝑚,𝑖 ≥

0, ∀𝑚 ∈ {1,  … ,  𝑀},  ∀𝑖 ∈ {1,  … ,  𝑁}.  On the other hand, for comparison to uni-modal OCC 

models, feature vectors are concatenated 𝐅 = [𝐅𝟏
𝐓 𝐅𝟐

𝐓] ∈ ℝ𝟏×𝟏𝟐.  
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Results 
We consider the target class as MI or non-MI during the training of the OCC models, and we 

publish the results for both targets. As a result, taking into account that the target class is the 

positive class, we arrive at the following standard performance metrics: Precision (Pre) is the ratio 

of correctly detected target samples among the samples that are identified as the positive class, 

Sensitivity (Sen) is the ratio of correctly detected positive samples in the positive class, Specificity 

(Spe) is the rate of accurately identified negative samples in the negative class, F1−Score (F1) is 

the harmonic mean of Sen and Pre, Accuracy (Acc) is the ratio of correctly classified samples 

across the dataset, and GMean (GM) is the geometric mean of Sen and Spe. Utilizing a stratified 

5-fold cross-validation (CV) scheme with an 80/20 training to test set ratio, the OCC models are 

assessed. An exhaustive search across a stratified 10-fold CV scheme with respect to the best GM 

during training is used to find the optimal hyper-parameters for the testing phase.  

Accordingly, Table 1 details the performances of OCC methods that includes the MS-SVDD with 

the uni-modal OCC methods as follows: One-Class Support Vector Machine (OC-SVM), Support 

Vector Data Description (SVDD), Subspace SVDD (S-SVDD), and Ellipsoidal Subspace SVDD (ES-

SVDD). For MI and non-MI targets, respectively, non-linear MS-SVDD yields the best GM of 

66.04% and 70.35%. It can be seen that non-linear MS-SVDDds1 has achieved the highest precision 

of 79.49% when decision strategy 1 is used, which, during testing, integrates the decisions of the 

two modalities using the AND operator.  

 

Table 1. Average myocardial infarction detection performance results (%) computed over the 
test sets of each 5−fold in HMC-QU dataset. 

    Target: MI       Target: non-MI   

 r Sen Spe Pre F1 Acc GM  r Sen Spe Pre F1 Acc GM 

Non-linear one-class classification                

MS-SVDDds1 𝜔1  70.45 61.90 79.49 74.70 67.69   66.04 𝜔0  71.43 53.41 42.25 53.10 59.23 61.77 

MS-SVDDds2 𝜔2 63.64 42.86 70.00 66.67 56.92 52.23 𝜔0 61.90 73.86 53.06 57.14 70.00 67.62 

MS-SVDDds3 𝜔2  55.68 59.52 74.24 63.64 56.92 57.57 𝜔0  57.14 57.95 39.34 46.60 57.69 57.54 

MS-SVDDds4 𝜔6 39.77   76.19 77.78 52.63 51.54 55.05 𝜔2 73.81 67.05 51.67   60.78 69.23   70.35 

ES-SVDD ψ0  73.86 38.10 71.43 72.63 62.31 53.05 𝜓0 69.05 56.82 43.28 53.21 60.77 62.64 

S-SVDD 𝜓2 59.09 54.76 73.24 65.41 57.69 56.88 𝜓1 54.76 52.27 35.38 42.99 53.08 53.50 

SVDD − 80.68 38.10 73.20 76.76 66.92 55.44  − 69.05 71.59 53.70 60.42 70.77 70.31 

OC-SVM − 42.05 71.43 75.51 54.01 51.54 54.81  − 35.71 82.95 50.00 41.67 67.69 54.43 
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Linear one-class classification                

MS-SVDDds1 𝜔5 81.82 47.62 76.60 79.12 70.77 62.42 𝜔2 73.81 62.50 48.44 58.49 66.15 67.92 

MS-SVDDds2 𝜔2  54.55 59.52 73.85 62.75 56.15 56.98 𝜔2  78.57 36.36 37.08 50.38 50.00 53.45 

MS-SVDDds3 𝜔0  67.05 59.52 77.63 71.95 64.62   63.17 𝜔5  73.81 50.00 41.33 52.99 57.69 60.75 

MS-SVDDds4 𝜔5  85.23 42.86 75.76   80.21    71.54  60.44 𝜔0  80.95 59.09 48.57 60.71 66.15 69.16 

ES-SVDD 𝜓3 82.95 35.71 73.00 77.66 67.69 54.43 𝜓3 45.24 67.05 39.58 42.22 60.00 55.08 

S-SVDD 𝜓3 70.45 45.24 72.94 71.68 62.31 56.45 𝜓2 50.00 70.45 44.68 47.19 63.85 59.35 

SVDD − 86.36 33.33 73.08 79.17 69.23 53.65  − 69.05 69.32 51.79 59.18 69.23 69.18 

OC-SVM − 44.32 73.81 78.00 56.52 53.85 57.19  − 47.62 81.82 55.56 51.28 70.77 62.42 

 

Additionally, linear MS-SVDDds4 for target MI with an elegant sensitivity level of 85.23%, where 

only the choice of the second modality is considered in the testing phase, achieves the best F1-

Score of 80.21%. For the target MI, linear SVDD achieves the best sensitivity level of 86.36% that 

achieves to a close sensitivity level of linear MS-SVDDds4; their confusion matrices are displayed 

in Table 2. 

Table 2. Confusion matrices of the linear SVDD (a) and MS-SVDDds4 (b) models with target MI. 

 (a)     (b)   

SVDD 

Predicted  

MS-SVDDds4 

Predicted 

Non-MI MI 

 

Non-MI MI      

Ground Non-MI 14 28  Ground Non-MI 18 24 

Truth MI 12 76  Truth MI 13 75 

Functionality of Innovation(s) 
The diagnosis of MI suffers from subjective, time-consuming, and operator-dependent 

assessment, which is a major issue in critical situations. The proposed system will help 

cardiologists to make a robust and accurate assessment of the RWMA and will save many lives. 

Conclusions and Recommendations 
In order to prevent further myocardial necrosis, it is crucial to perform an early MI diagnosis. For 

the first time, the OCC algorithms for multi-view echocardiography are examined in this project. 
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Despite the decent performance of uni-modal OCC algorithms, the findings on the HMC-QU 

dataset shows that multi-modal OCC models achieves the highest precision of 79.49% and F1-

Score of 80.21%. Additionally, this project has investigated the linear and non-linear alternatives 

of the utilized OCC algorithms, and experimental results demonstrated that the multi-modal OCC 

model achieves the best GMean of 70.35%. 

Impact and Uses/Benefits 
The proposed system will be used as an assistive tool to help cardiologists and technicians to 

prevent subjective and operator-dependent assessments by accurately measuring the LV wall 

motion. Moreover, the system will provide a time-efficient diagnosis, which will be a life-saving 

tool in critical situations. Additionally, the proposed system can be used as a verification tool 

when a group of cardiologists concludes the diagnosis differently. Then, the mismatching 

conclusions can be re-evaluated by the proposed system. Lastly, a multi-view dataset, HMC-QU 

that includes A4C and A2C echocardiographic views to detect MI is publicly shared with the 

research community. 
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