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A B S T R A C T

Myocardial infarction (MI) detection and localization through echocardiography are crucial for effective patient 
management. However, current diagnostic approaches rely heavily on visual assessment, which can be subjec
tive. In this work we developed a cascade framework for automated MI diagnosis and localization in echocar
diograms. Our method combines deep learning for left ventricle wall segmentation with machine learning 
classification using clinically relevant features. Specifically, we employ a U-Net architecture for segmentation, 
followed by a two-stage Random Forest classifier for MI detection and localization. We trained and evaluated our 
approach on two public datasets – CAMUS and HMC-QU. The proposed method achieved 100 % sensitivity and 
89.8 % specificity for segment identification, outperforming single-stage classification methods. To the best of 
our knowledge, this is the first study to apply a multi-step artificial intelligence system combining segmentation 
and classification for MI diagnosis from echocardiography. This interpretable cascade framework exhibits high 
performance for early detection and localization of myocardial infarction, demonstrating potential as a clinical 
decision support tool.

1. Introduction

Myocardial infarction (MI) is caused by prolonged ischemia resulting 
from coronary artery disease (CAD) [1]. CAD is the most diagnosed heart 
disease and the leading cause of death worldwide [2]. Early detection 
and localization of MI are critical to prevent wall ruptures, arrhythmias, 
heart failure, and sudden cardiac death [3,4]. Identification of the 
affected segment can guide treatment decisions, including the selection 
of appropriate medications or interventions. Locating the affected 
segment can also aid in monitoring the disease’s progression and eval
uating the treatment effectiveness. Therefore, accurately locating the 
affected segment is crucial for effectively managing MI.

In patients affected by MI, the contractile function of the affected 
area decreases due to cell injury, inflammation, and fibrotic tissue 
replacement [3]. Reduced wall motion is the first abnormality to occur 
after the onset of myocardial ischemia, preceding metabolic and elec
trocardiographic abnormalities [4]. Medical imaging, particularly 2D 
echocardiography, is a non-invasive, cost-effective and simple proced
ure used to diagnose heart diseases [5]. Multiple studies have 

demonstrated that motion visualization of the heart is an effective and 
early-stage technique to detect MI, limit the extent of damage and pre
vent complications [6,7].

The motion of the left ventricular (LV) wall is of particular interest in 
detecting MI. Regional wall motion abnormalities (RWMA) are currently 
evaluated by cardiologists, a process that can be subjective and operator 
dependent. To address this issue, speckle tracking echocardiography 
(STE) has been developed. STE assists cardiologists by using computer 
vision to track the displacement of “speckle patterns” of the myocardium 
in 2D echocardiography, assessing deformation and strain during the 
cardiac cycle [8]. Although STE reduces the subjectivity of visual esti
mation and diagnosis, some limitations remain, such as sensitivity to 
frame rate and image quality, and the lack of standardization due to 
differences in algorithms between vendors [9,10]. Nonetheless, many 
studies using the speckle tracking technique achieve a sensitivity of 
around 80 % to 85 % in identifying infarcted segments [11,12].

Deep learning (DL) and quantitative approaches are becoming more 
prevalent in ultrasound imaging due to the increased data availability 
[13–15]. Convolutional Neural Networks (CNNs) with U-Net 
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architectures are commonly used for segmentation tasks. For example, 
Leclerc et al. [16] designed a CNN to segment echocardiographic images 
from 500 patients, achieving automatic masks in 0.14 s per image with a 
Dice score of 0.939. More recently, Degerli et al. [17] tested a different 
CNN model on an echocardiography dataset from 109 patients for left 
LV wall segmentation, achieving 95.72 % sensitivity and 99.6 % speci
ficity with low processing times.

However, few studies have focused on MI classification from ultra
sound images, primarily due to the lack of publicly available datasets. 
The HMC-QU dataset [11], released in 2020, is the first publicly avail
able echocardiographic dataset for MI detection. The results from these 
studies are summarized in Table 1. Initial approaches focused on simpler 
techniques, such as fixed thresholds on LVEF and maximum segment 
displacement [11], which provided a foundation for MI detection but 
achieved limited performance (sensitivity: 85.97 %, specificity: 70.10 
%). More recent studies have progressively moved towards machine 
learning techniques [17] and ensemble learning methods [18], which 
have demonstrated significantly improved performance with sensitiv
ities exceeding 94 %.

Several studies have demonstrated that the extent of RWMA in MI 
patients can vary significantly due to differences in metabolic charac
teristics and ischemic tolerance of the affected myocardium [20]. As a 
result, binary threshold approaches for detecting MI may be limited and 
may not align with clinical parameters used in echocardiography eval
uation [21]. To improve clinical diagnosis, additional parameters should 
be included in the classification process, particularly for identifying 
ischemia. Although left ventricle ejection fraction (LVEF) is commonly 
used, it alone is insufficient as its value varies among patients [22,23]. 
Global longitudinal strain (GLS) is an additional parameter that con
siders physiological characteristics and provides more information for 
identifying ischemia. However, GLS alone cannot be used for classifi
cation via a threshold approach, as there is no consensus on the 
appropriate cutoff value [24].

This study aims to develop an automatic algorithm for MI detection 
and localization in ultrasound images. This algorithm employs deep 
learning for LV segmentation and machine learning for classification, 
aiming to create a diagnostic tool that incorporates clinically relevant 

information for cardiologists. The main contributions of this paper can 
be summarized as follows: 

- A novel cascade approach that localizes myocardial segments 
affected by local ischemia, enabling more targeted diagnosis and 
treatment.

- Combination of two distinct datasets to train the deep neural 
network for LV segmentation, resulting in improved generalization 
and segmentation accuracy.

- Integration of clinical parameters like GLS and LVEF as training 
features for MI identification, resulting in improved sensitivity and 
specificity of the model.

- Incorporation of AI explainability and visual model validation in the 
decision-making process. This enables cardiologists to interpret the 
results, improving transparency and reliability of our approach.

2. Materials and methods

The proposed methodology involves three main steps: (i) LV wall 
segmentation, (ii) Feature extraction, and (iii) MI detection and locali
zation, as illustrated in Fig. 1. This section provides an overview of the 
datasets used and the data division for the project. Each step will then be 
explained in detail.

2.1. Datasets

This study utilized two publicly available datasets of echocardio
graphic exams. The first dataset is the Cardiac Acquisitions for Multi- 
structure Ultrasound Segmentation (CAMUS) dataset, which contains 
echocardiographic exams from 500 patients, including manual annota
tions for the left ventricle endocardium, myocardium, and left atrium 
[16]. The dataset includes patient information such as gender, age, 
image quality, LV volume, and LVEF. After excluding exams with 
incomplete annotations or wall segments, 182 patients remained in the 
study.

The second dataset was created in collaboration between Hamad 
Medical Corporation Heart Hospital, Qatar University, and Tampere 
University (HMC-QU) and consists of 162 recordings of apical four- 
chamber views from 93 MI and 69 non-MI patients [4]. Ground-truth 
labels are provided for six left ventricle wall segments. The dataset 
also includes 109 recordings with a ground-truth segmentation mask for 
the whole LV wall for each frame in one cardiac cycle. Of these, 109 
recordings include complete left ventricle segmentations (both endo
cardial and epicardial boundaries). However, manual review revealed 
defects in some segmentations (e.g., bifurcated endpoints), resulting in 
only 97 high-quality recordings being used to train the deep network. 
For the MI classification task, we used 148 recordings after excluding 14 
that did not meet our quality criteria. These exclusions were based on 
specific factors such as incomplete cardiac cycles, significant artifacts, or 
poor image quality, which could affect the reliability of MI classification.

Data division for the segmentation and classification tasks is pre
sented in Table 2. No institutional review board approval was required 
as only de-identified public datasets were used.

2.2. Preprocessing and LV wall segmentation

To ensure consistency and enhance the area of interest, we per
formed preprocessing on the two datasets used in our study. The aim was 
to obtain a homogeneous pool of data. For the HMC-QU dataset, we: (i) 
automatically extracted individual frames from all the registrations; (ii) 
converted the frames to grayscale; and (iii) cropped images to closely 
resemble the images from the CAMUS dataset. We then applied an 
automatic equalization technique [25] to enhance the visibility of the 
myocardium in all images. This technique effectively increases the 
contrast in images that have a narrow range of intensity values, as shown 
in Fig. 2.

Table 1 
Current published works for MI detection approaches with HMC-QU dataset.

Author Method # 
Patients

Computational time Performance

Kiranyaz 
et al., 
2020 
[11]

Fixed threshold 
on LVEF and 
maximum 
segment 
displacement

160 
(A4C 
view)

36.9 s/cardiac cycle Sensitivity: 
85.97 %; 
Specificity: 
70.10 %

Degerli 
et al., 
2021 
[17]

ML techniques 
with arear and 
displacement 
features

109 
(A4C 
view)

2.58 s/cardiac cycle Sensitivity: 
89.01 %; 
Specificity: 
75.36 %

Hamila 
et al., 
2022 
[19]

CNN-based 
pipeline for LV 
segmentation 
and MI 
detection

162 
(A4C 
view)

0.44 s/cardiac cycle Sensitivity: 
95 %

Nguyen 
et al., 
2023 
[18]

Ensemble 
learning of 
features from 
multiple LV 
segmentation 
models

109 
(A4C 
view)

– Sensitivity: 
94.1 %; 
Specificity: 
88.3 %

Degerli 
et al., 
2024 
[4]

ML techniques 
with maximum 
displacement 
feature

130 
(both 
A4C and 
A2C 
views for 
each)

59.15 s/cardiac 
cycle (multi-view 
echocardiography)

Sensitivity: 
86.25 %; 
Specificity: 
84.00 %

ML: Machine learning; CNN: Convolutional Neural Networks.
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To segment the LV wall from echocardiogram images, we used a deep 
learning approach. This choice was motivated by the availability of data 
and need for efficient inference. Specifically, we implemented a fully 
convolutional neural network (CNN) based on the U-Net architecture 
(Fig. 3). To optimize our segmentation model, we conducted a 
comprehensive evaluation of several common backbone architectures 
for the U-Net. This evaluation included MobileNetV2, ResNet18, 

ResNet50, DenseNet121, and EfficientNet-B4. During the optimization 
process, we assessed each architecture based on various performance 
metrics, including Dice score, sensitivity, specificity, and inference time. 
After this analysis, we selected EfficientNet-B4 as our backbone archi
tecture. This choice was motivated by its superior performance in 
balancing segmentation accuracy with inference speed. Further details 
on the optimization process can be found in the Supplementary 
Materials.

We trained the entire network (both encoder and decoder paths) 
from scratch, without employing transfer learning. All images were 
resized to 512 × 512 to match the network’s input size. Additionally, we 
performed data augmentation on input images using the TensorFlow 
library, rotating images up to 10 degrees and zooming up to 10 %. We 
used the Jaccard loss function with a batch size of 4 and trained for a 
maximum of 20 epochs. We also implemented early stopping based on 
the validation IoU score and used the Adam optimizer. Training was 
performed on a workstation with an NVIDIA RTX Quadro A600 GPU.

The CNN automatically generates precise LV wall segmentations 
from echocardiogram video frames. Inference takes approximately 50 
ms per frame, allowing segmentation of a sample echocardiogram video 

Fig. 1. Schematic representation of the proposed algorithm for MI detection and localization. The algorithm comprises three steps: (1) LV wall segmentation using a 
U-Net model, (2) feature extraction using a combination of clinical parameters, and (3) MI detection and localization using a two-stage classifier. The general 
classifier performs a patient-level classification, and only positive patients proceed to the segment-specific classifier for MI localization within the LV wall.

Table 2 
Patient division for segmentation and classification tasks. A deep learning model 
was used to identify LV wall segments, with the number of frames indicated in 
parentheses. Meanwhile, a machine learning-based model was employed for MI 
classification, with brackets indicating the number of wall segments.

Task Technique Dataset Train Val Test

LV wall 
segmentation

Deep learning CAMUS 127 
(253)

19 (37) 36 (72)

HMC- 
QU

69 
(1424)

10 
(203)

18 
(407)

MI classification Machine 
learning

HMC- 
QU

118 
(710)

– 30 
(178)

Fig. 2. Sample frame of HMC-QU and CAMUS datasets before and after image equalization. LV wall manual mask is included for reference. Note that the HMC-QU 
masks appear to have a different resolution due to the varying spatial resolution of the original echocardiography recordings (ranging from 422 × 636 to 768 ×
1024 pixels).
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in about 2 s total.

2.3. Post-processing and segment division

Post-processing was implemented to address potential issues from 
the CNN segmentation. We applied a morphological closing operation 
using a 10 × 10 pixel structural element, facilitating spatially contiguous 
and complete LV segmentations in each frame. This process also miti
gated fragmentation or incomplete boundaries that could result from the 
model alone. Next, the myocardium layer was extracted as the middle 
lining of the LV wall mask using the skeletonization algorithm proposed 
by Lee et al. [26]. The left ventricle wall was then divided according to 
the standardized 17-segment model established by the American Heart 

Association (AHA) and described by Cerqueira et al. [27]. However, as 
our study used single-plane echocardiographic images, we adopted a 
simplified sequential numbering approach for segmenting (Fig. 4b). 
While this does not exactly match the 17-segment classification, it 
allowed us to uniquely assess each myocardial segment visible in the 
single-plane view, facilitating the entire analysis. The sequential 
numbering represented each segment with a single number from base to 
apex. Fig. 4 also illustrates the correspondence between the standard 
17-segment American Heart Association (A4C) numbering system and 
our adopted sequential numbering method. Although less standardized, 
the sequential approach was necessary given the single-plane image 
format.

In the HMC-QU dataset, only the six moving segments were provided 

Fig. 3. Architecture of the deep network employed to perform LV segmentation. A U-Net with EfficientNet B4 backbone was implemented using Keras framework.

Fig. 4. (a) 17-segment model established by the American Heart Association (AHA). (b) In-vivo images and sequential numbering of segments in the four- 
chamber view.
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with classification labels. This is because, in the apical four-chamber 
view, the topmost segment representing the apical cap does not 
exhibit inward motion [28]. Therefore, in this study, although the seg
mentation adheres to the 17-segment model, the apical cap was 
excluded from subsequent calculations. The LV wall segmentation 
(including both endocardial and epicardial boundaries) was used as 
input for the partitioning process. To divide the segmented myocardium, 
we used the midpoint between its left and right portions. Subsequently, 
we assigned each of the six segments of interest 2/7 of the length of its 
corresponding portion, while the apical cap occupied the remaining 1/7 
on each side (Fig. 4). This partitioning scheme enabled consistent 
extraction and division of the LV myocardium into segments, which was 
crucial for the subsequent stages of our methodology.

2.4. Features extraction

For training and testing the ML models, global and segment features 
were extracted from the mask and segment divisions obtained from the 
myocardial wall tracing. This study utilizes features corresponding to 
clinical parameters commonly used in echocardiography evaluation. 
The goal is to provide cardiologists with interpretable values and train 
the classifiers using physiological information.

In terms of global assessment, the selected features were left ven
tricular ejection fraction (LVEF) and global longitudinal strain (GLS). 
For segment assessment, longitudinal strain (LS) and segment 
displacement were employed. All features were obtained from the end- 
systolic and end-diastolic frames within each cardiac cycle. These 
frames were automatically identified from the endocardial segmentation 
masks, with the end-diastolic frame corresponding to the maximum left 
ventricular cavity area and occurring first in the sequence, followed by 
the end-systolic frame with minimum area. To facilitate direct com
parison between different patients and eliminate the effects of vari
ability in echo exams, all features were normalized with respect to end- 
diastolic measurements. This normalization ensures the ability to make 
meaningful comparisons and mitigates the impact of dimension 
variability.

Since this study employs a single 2D echocardiogram view, volu
metric calculation of the LVEF was not possible. Instead, to estimate 
LVEF from the segmentation results, several area-based formulas were 
evaluated against true reference LVEF values in the CAMUS dataset. 
Following Kiranyaz et al. [11], this study approximates the volumetric 
fraction using the area fraction (Eq. (1)): 

LVEF ≈ 1 −

(
AES

AED

)3/2

(1) 

where AED and AES indicate the area, in number of pixels, inside the LV 
cavity at end systole and end diastole, respectively. The formula shown 
in Eq. (1), which uses a 3/2 power relationship between end-systolic and 
end-diastolic areas, demonstrated the lowest errors. Specifically, it 
produced the minimum mean absolute error and mean relative error 
compared to alternatives like the one proposed by Kiranyaz et al. [11].

Strain parameters have shown greater sensitivity than LVEF in 
assessing early myocardial dysfunction and detecting abnormal 
contraction patterns, even when LVEF appears normal [29,11]. GLS 
measures the fractional length change between systole and diastole, 
providing valuable information on myocardial contractility (Eq. (2)): 

GLS =
LES − LED

LED
=

LES

LED
− 1 (2) 

where LED and LES indicate the LV length, measured from mid-base to 
apex, at end diastole and end systole, respectively. This feature can also 
be extended to study regional myocardial function by evaluating the 
strain of each individual segment. In this case, the length change cor
responds to that of each segment.

RWMA are directly associated with the presence of MI and the 

subsequent scarring and replacement of myocardial tissue with fibrotic 
tissue. To measure wall motion, a displacement feature is incorporated 
within our classifier. To facilitate comparison with previous models and 
results, a normalized maximum displacement value is calculated for 
each of the six segments of interest, following the approach described by 
Kiranyaz et al. [11]. The displacement feature is obtained by deter
mining the average displacement between systole and diastole frames 
(maximum displacement) at five equidistant points within each 
segment. This value is then normalized by dividing it by the minimum 
distance between opposing segments. Normalizing the displacement 
feature ensures that the measurements are standardized and allows for 
easier model and result comparisons in subsequent analyses. Fig. 5
shows the feature extraction process from the LV segmentation.

2.5. Classification and cascade approach

The Random Forest algorithm was selected after a comprehensive 
comparison with other machine learning techniques, including Support 
Vector Machines (SVM) and K-Nearest Neighbors (KNN). Detailed re
sults of this comparative analysis, including hyperparameter tuning and 
performance metrics for each method, are provided in the Supplemen
tary Information.

The architecture of the RF is optimized using grid search. Key 
hyperparameters tuned include the number of trees (20–50), maximum 
tree depth (5–30), minimum samples for node splitting (2–10) and leaf 
nodes (1–5). The model is optimized based on accuracy to balance 
sensitivity and specificity. The final RF model consists of 50 decision 
trees, each trained on bootstrap samples of the data. Feature bagging is 
employed, considering a number of features equal to the square root of 
the total number of features for each split. Initially, we train a model on 
the concatenation of all features, which includes 14 features in total: two 
global features and two segment-specific features for each of the six 
segments. This model determines whether the patient presented MI or 
not. If the patient is classified as having MI, we propose a cascade 
approach to identify the specific segments involved in the infarction. To 
achieve this, we train six different classifiers, each specific to one of the 
segments. For each model, four features are provided as input: the two 
global features and the two features specific to the segment of interest.

Prior to training the models, we apply data augmentation techniques 
to enhance the representation of pathological cases. Through this pro
cess, we generate a total of 15 additional synthetic patients (corre
sponding to 90 segments) with MI characteristics, supplementing our 
base dataset of 148 real patients from HMC-QU. The synthetic data 
generation is based on statistical features calculated from 10 real pa
tients in the HMC-QU dataset who had all six segments labeled as 
infarcted. Specifically, we extract the average, minimum, maximum, 
and standard deviation for each cardiac motion parameter. These sta
tistical values, combined with abnormal ranges reported in the litera
ture, are used to synthetically generate new patients. These augmented 
patients are included only in the training set to enhance the learning of 
pathological patterns while maintaining evaluation on real clinical data.

2.6. Performance metrics

In the context of MI detection, we place particular importance on 
avoiding false negatives, as missing a true positive could have severe 
clinical consequences. Therefore, sensitivity is considered a more sig
nificant metric than specificity in this evaluation. To account for the 
potential imbalance between these metrics, we also evaluate the ma
chine learning models for classification using the area under the receiver 
operating characteristic (ROC) curve (AUC). The AUC provides a 
comprehensive assessment of the model’s performance across different 
thresholds, helping us gauge its overall discriminative ability.
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3. Results

3.1. Segmentation of the left ventricular wall

Table 3 summarizes the performance of the U-Net for the segmen
tation of the LV wall. The quantitative metrics demonstrate the accuracy 
of the network in identifying the LV, with comparable segmentation 
performance seen across all subsets, suggesting no overfitting issues. The 
errors presented for the LV ejection fraction (LVEF) calculation corre
spond to the CAMUS dataset, which provided real LVEF information. As 
shown in Table 3, the errors are comparable across all three subsets, 
with values around 10 %.

3.2. Classification of MI patients

In this study, we developed two different classification approaches 
using the RF algorithm: a general patient classifier and a segment- 
specific classifier comprising six individual models, one for each 

myocardial segment. Table 4 reports the performance of the segment- 
specific classifiers. As shown in the table, the sensitivity of individual 
classifiers ranges from 88.9 % to 100 %, while specificity ranges from 
75.9 % to 95 %. Notably, classifiers trained on the two segments near the 
apical part of the ventricle (segments 3 and 5) achieve a sensitivity of 
100 %, while classifiers trained on segments in the basal region (seg
ments 1 and 7) obtain high specificities.

In our cascade approach, we applied the segment-specific classifiers 
only to patients initially classified as having MI by the general patient 
classifier. Table 5 shows the performance of the general classifier and 
the cascade approach. Our proposed cascade approach achieved the 
highest performance across all metrics evaluated. The 100 % sensitivity 
indicates that all true MI segments were correctly identified within the 
subset of patients pre-classified MI-positive. This cascade approach 
served two important purposes: 

1. It validated the initial classifications of patients as having MI by the 
general classifier, confirming the accuracy of those predictions.

Fig. 5. Visual representation of the calculation of clinically relevant features. LVEF: left ventricle ejection fraction, GLS: global longitudinal strain, LS: longitudinal 
strain, DISP: segment maximum displacement.

Table 3 
Segmentation performance of the LV wall using the U-Net model on train (196 
patients), validation (29 patients), and test (54 patients) subsets. The average 
absolute error in the LVEF calculation for the CAMUS dataset is also reported.

Subset Segmentation metrics (CAMUS, HMC- 
QU)

LVEF calculation (CAMUS)

Dice Sensitivity Specificity Mean absolute error

Training 96.3 % 96.9 % 99.8 % 9.90 %
Validation 94.4 % 95.0 % 99.6 % 7.32 %
Test 96.0 % 96.5 % 99.8 % 11.6 %

Table 4 
Quantitative metrics on the test set (45 patients) for the segment-specific clas
sification using RF.

Segment TP FN TN FP Accuracy Sensitivity Specificity

Seg 1 8 1 32 4 88.9 % 88.9 % 88.9 %
Seg 2 15 1 22 7 82.2 % 93.8 % 75.9 %
Seg 3 22 0 20 3 93.3 % 100 % 87 %
Seg 5 16 0 25 4 91.1 % 100 % 86.2 %
Seg 6 8 1 33 3 91.1 % 88.9 % 91.7 %
Seg 7 5 0 38 2 95.6 % 100 % 95 %
Average 90.4 % 95.3 % 87.5 %
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2. It provided a more detailed diagnosis by enabling identification of 
the specific myocardial region(s) presenting infarction. This would 
allow for targeted and precise treatment planning.

We also evaluated the performance of the general classifier and each 
segment specific classifier separately using ROC curves and AUC cal
culations. In addition, we compared a fixed threshold method to eval
uate the feasibility of a simpler approach compared to machine learning. 
However, we found that different threshold values were needed for each 
model, indicating that a fixed threshold is not suitable for this classifi
cation task. The RF classifier consistently achieved the highest AUC for 
all models, indicating its superiority as a classification strategy (Fig. 6).

3.3. Comparison with state-to-the-art studies on HMC-QU dataset

To evaluate the effectiveness of our proposed approach, we 
compared its performance with state-of-the-art methods for MI detection 
using the HMC-QU dataset. Table 6 presents the comparison of our 
method against three notable approaches from recent literature. The 
comparison metrics include overall accuracy, sensitivity for MI detec
tion, and specificity for non-MI cases.

Our cascade approach demonstrates superior performance across all 
metrics. Notably, it achieves an accuracy of 94.90 %, significantly out
performing the next best method by Nguyen et al. [18], which reported 
an accuracy of 91.40 %. The specificity of 89.80 % achieved by our 

method for non-MI cases also surpasses previous methods, demon
strating a well-balanced performance in distinguishing between MI and 
non-MI cases. It’s worth noting that our approach not only achieves 
better performance metrics but also provides additional clinical value 
through segment-specific localization. While previous methods like 
Nguyen et al.’s ensemble learning approach showed promising results 
(94.1 % sensitivity, 88.3 % specificity), they focused solely on binary MI 
classification without segment localization.

3.4. Features importance and explainability of the results

This study assessed the importance of features individually for the 
general patient classifier and for each of the segment-specific classifiers. 
The SHAP (Shapley Additive Explanations) python package was used to 
determine the relevance of each feature by calculating its SHAP values 
[30]. These values measure the individual contribution of each feature 
to the final prediction. To quantify the SHAP feature importance, we 
analyzed the mean absolute SHAP value for each feature across all pa
tients. For the general classifier, LVEF had the highest mean SHAP value 
at 0.046, followed by segment displacement. This confirms that LVEF 
made the largest average contribution to classifications by the general 
model. The consistency of LVEF as one of the top two most influential 
features across all models underscores its clinical significance in MI 
diagnosis [31].

When examining the segment classifiers individually, we found 
variations in most important features for different segments. For basal 
segments, such as 1 and 7, classifier relied most heavily on displacement 
(mean SHAP of 0.032 and 0.05, respectively). Other notable findings 
include GLS and longitudinal strain emerging as highly ranked factors 
for apical segments, such as segment 3 (mean SHAP 0.037). This aligns 
with prior evidence of strain parameters being more sensitive markers of 
dysfunction in these regions [32]. This analysis also confirmed the 
importance of training separate classifiers for each segment, as the order 
of feature importance varied among the different classifiers.

Fig. 7 presents a beeswarm plot illustrating the importance of fea
tures, where higher positions indicate greater significance. Each dot 

Table 5 
Results of the classification models based on RF for MI classification in the test 
set (45 patients). For the segment-specific classification model, the average 
performance among all the segments is reported.

Model Accuracy Sensitivity 
(MI)

Specificity (Non- 
MI)

General classification 91.1 % 96.3 % 83.3 %
Segment-specific classification 

(alone)
90.4 % 95.3 % 87.5 %

Cascade approach (proposed) 94.9 % 100 % 89.8 %

Fig. 6. Comparison of the ROC curves between a threshold method and the proposed RF method. (a) General classifier, (b) segment-specific classifier.
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represents a single patient, and the color represents the feature value 
relative to other samples. Positive SHAP values indicate that the feature 
value contributes to a positive classification (MI), while negative SHAP 
values denote a contribution to a negative classification (Non-MI). The 
plots clearly show that low LVEF values are concentrated on the right 
side, consistently leading to an MI classification. Interestingly, some 
high LVEF values are also present in the right part of the graph, indi
cating that MI patients can have high LVEF values. This finding high
lights the importance of considering feature combinations for accurate 
classification, as no single feature alone can determine the final 

classification.
To better understand the factors contributing to misclassifications, 

we conducted a detailed analysis of misclassified patients. The analysis 
revealed that misclassifications frequently occurred when: 

1. Non-MI patients exhibited lower LVEF values typically associated 
with MI.

2. MI patients presented higher LVEF values not usually indicative of 
infarction.

Table 6 
Comparison for MI detection approaches with HMC-QU dataset.

Work #Patients Method Accuracy Sensitivity (MI) Specificity (Non-MI)

Kiranyaz et al., 2020 [11] 160 SVM 80.24 % 85.97 % 70.10 %
Degerli et al., 2021 [17] 109 Active Polynomials 83.13 % 89.01 % 75.36 %
Hamila et al., 2022 [19] 162 CNN – 95 % –
Nguyen et al., 2023 [18] 109 Ensemble learning 91.40 % 94.1 % 88.3 %
Degerli et al., 2024 [4] 130 RF 85.38 % 86.25 % 84.00 %
Proposed cascade approach 148 RF 94.90 % 100 % 89.80 %

SVM: Support Vector Machine; CNN: Convolutional Neural Networks; RF: Random Forest.

Fig. 7. Beeswarm plot of the classification model. LVEF: left ventricle ejection fraction; Disp: segment maximum displacement; GLS: global longitudinal strain; LS: 
segment longitudinal strain.

Fig. 8. Force plots illustrating feature values, their contributions to classification, and predicted probability of belonging to the MI class for two misclassified patients 
in the test set. (a) false negative patient, (b) false positive patient.
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Additionally, segment displacement played a role, as lower values - 
more common in Non-MI cases - could lead to incorrect MI predictions. 
Fig. 8 illustrates these trends visually, displaying force plots of feature 
values, their impact on classification, and predicted MI probability for 
two misclassified patients. One plot depicts a false negative where strong 
evidence pointed to MI, but the model predicted otherwise. The other 
shows a false positive where features aligned more closely with a Non- 
MI profile. This in-depth interpretability analysis provided valuable in
sights into how specifics features can influence misclassifications. This 
analysis also improved model transparency by identifying scenarios 
where predictions diverged from expected outcomes. Overall, this ex
amination enhanced our understanding of classification behaviors and 
limitations.

4. Discussion

Our proposed method for myocardial infarction detection offers 
several key advantages, including a novel cascade approach that enables 
the localization of the myocardial segment affected by ischemia. Our 
approach involves a global and local classification process. This cascade 
approach provides greater accuracy and specificity in identifying the 
specific area affected by MI, making it a valuable tool for cardiologists in 
the diagnosis and treatment of patients. The proposed framework is also 
fast, taking an average computational time of 28.4 s to process a 41- 
frame echocardiography video.

To the best of our knowledge, this is the first work to employ a multi- 
center data to train a deep neural network for LV segmentation. This 
study uniquely uses real clinical parameters of cardiac function for 
classification. Global and segmental physiological parameters are 
extracted, which can serve as a validation tool for the cardiologist. The 
proposed cascade approach offers a double verification when the algo
rithm detects MI. Additionally, by classifying the individual segments, a 
more informative diagnosis is obtained. To enhance model interpret
ability, we integrated AI explainability methods and visual validation 
tools to support result interpretation. This feature enables cardiologists 
to better understand and validate each step of the process, empowering 
them to make more accurate diagnoses and confident treatment 
decisions.

Unlike previous studies [11,16,17], we implemented quality control 
checks on the dataset used. Specifically, we excluded patients with 
incomplete annotations from the CAMUS dataset, and segmentations 
containing defects from the HMC-QU dataset. This approach ensured 
that only recordings with reliable ground truths were used for training 
and testing our method.

Our cascade approach for MI detection and localization demon
strates significant improvements over existing methods. Previous studies 
using the HMC-QU dataset reported lower performance metrics. For 
instance, Kiranyaz et al. [11] achieved 85.97 % sensitivity and 70.10 % 
specificity using a fixed threshold approach, while Degerli et al. [4] 
reported 86.25 % sensitivity and 84.00 % specificity. In contrast, our 
two-stage Random Forest classifier achieved 100 % sensitivity and 89.8 
% specificity for segment identification, surpassing the performance of 
these single-stage classification methods. The high sensitivity of our 
approach is particularly crucial for early MI detection, potentially 
enabling timely interventions on patient. Furthermore, the specificity of 
89.8 % represents a substantial improvement over previous methods, 
reducing false positives and potentially minimizing unnecessary in
terventions or further testing.

While our approach achieved great performance metrics (almost 90 
% specificity and 100 % sensitivity), it is important to note that our main 
goal was not to get the best accuracy. Rather, we focused on creating an 
understandable method that makes use of clinically important infor
mation. By using clinical characteristics in the decision-making process, 
this design aims to increase physicians’ trust in the AI system. The model 
not only makes predictions but also highlights which clinical features 
contributed most to each classification, making it a more practical and 

trustworthy tool for clinical implementation.
The main limitation of the study is that the proposed segmentation 

network only works with A4C view echocardiography, which limits the 
acquisition features to this view. Consequently, LVEF cannot be calcu
lated as volumetric measure but can only be estimated using an 
approximation formula (Eq. (1)). Given the high relevance of this 
feature, future studies should focus on improving its approximation. 
Additionally, our strict data curation approach, while necessary to 
ensure reliable training data, creates potential limitations for general
izability. The trade-off between data quality and quantity particularly 
affects our results, as we excluded cases with incomplete annotations or 
segmentation defects. Moreover, the evaluation has been conducted on a 
specific dataset (HMC-QU), and further validation on independent data 
is necessary to assess the generalizability of our approach. Future work 
should focus on making the approach more robust to imperfect data, 
potentially through semi-supervised learning techniques that could 
leverage both labeled and unlabeled data [33]. Another limitation of our 
current study is the lack of direct comparison between our model’s 
performance and that of experienced radiologists. Future work should 
include an evaluation where both our AI model and a panel of experi
enced radiologists independently analyze the same set of echocardio
grams. This would allow for a direct comparison of sensitivity, 
specificity, and accuracy in MI detection and localization. Additionally, 
it would be beneficial to assess the time efficiency of our model 
compared to manual analysis by radiologists.

While our cascade approach aims to balance accuracy and compu
tational efficiency, we acknowledge that alternative strategies, such as 
feature fusion across segments, could potentially enhance overall per
formance. Future work could explore combining the most discriminative 
features from each segment into a unified classifier, which might 
improve accuracy while still providing segment-specific insights. In 
terms of future development, it is also important to consider incorpo
rating uncertainty quantification [34] for the classifiers. By quantifying 
the uncertainty associated with the classification results, we can provide 
additional information to the cardiologists regarding the confidence and 
reliability of the predictions made by the models.

5. Conclusion

The proposed cascade approach presents a highly effective algorithm 
for the early detection and localization of myocardial infarction in 2D- 
echocardiography. By employing a systematic and progressive meth
odology, the algorithm outperforms the general classifier, achieving a 
remarkable sensitivity of 100 % and a specificity of 89.8 %. The sig
nificant improvement in classification performance highlights the po
tential of the cascade approach as a valuable second-opinion tool for 
early diagnosis of myocardial infarction. Beyond diagnostic perfor
mance improvements, this AI-assisted approach holds promise to aid 
clinical decision-making. Precisely identifying the infarcted segment 
could guide targeted treatment, such as revascularization of the appro
priate coronary artery. It may also influence medication selection by 
indicating specific areas of reduced contractility.
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