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Abstract

Artificial intelligence (Al) holds significant promise for electrocardiogram (ECG) analysis, yet
accurately detecting non-ST-segment elevation myocardial infarction (NSTEMI) and overcoming the
"black box" nature of deep learning models remain persistent challenges. Here, we present a
comprehensive deep learning framework capable of classifying STEMI, NSTEMI, and non-acute
coronary syndrome (non-ACS) from 12-lead ECG images, while also localizing infarction sites.
Utilizing ,2070 validated ECGs, our pipeline integrates ResNet for acute myocardial infarction
detection, Faster R-CNN for ST-segment elevation localization, and an ensemble approach for final
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classification. The model achieved a 98.3% AUROC for detection and an overall three-class accuracy
of 93.6%, with high F1 scores for identifying infarction territories. To address interpretability, we
developed an explainable Al (XAI) web viewer that visualizes detected regions. Furthermore, we
evaluated the model’s utility as an educational tool in a prospective pilot study with medical students.
Al assistance significantly improved the students' overall diagnostic accuracy from 43% to 82%
(p<0.05), with notable gains in identifying NSTEMI and complex STEMI subtypes. These findings
demonstrate that our interpretable AI model not only supports clinical decision-making with high
diagnostic precision but also serves as an effective educational aid for enhancing novice clinicians'
proficiency.

1 Introduction

Recent advances in artificial intelligence (Al) have introduced both remarkable opportunities and
significant challenges within the medical field, particularly in clinical diagnostics. Al has
demonstrated substantial potential across diverse medical domains, including disease detection,
treatment planning, and patient risk stratification [ 1-6]. Among these applications, the 12-lead
electrocardiogram (ECG) represents a low-cost, non-invasive, and rapid diagnostic tool capable of
identifying a wide spectrum of cardiac abnormalities, making it one of the most extensively explored
modalities for Al-driven analysis. Al-based ECG models have achieved promising outcomes in
predicting atrial fibrillation [7], identifying left ventricular dysfunction [8], and forecasting heart
failure [9].

This study focuses on acute coronary syndrome (ACS), a critical cardiovascular condition that
demands immediate intervention and encompasses acute myocardial infarction (AMI). AMI is further
classified into non-ST-segment elevation myocardial infarction (NSTEMI) and ST-segment elevation
myocardial infarction (STEMI). The underlying pathophysiology of AMI is primarily associated with
the rupture or erosion of atherosclerotic plaques [10]. NSTEMI results from partial coronary artery
occlusion, whereas STEMI arises from complete occlusion [11]. STEMI is particularly severe and
necessitates urgent reperfusion therapy to limit myocardial necrosis and improve survival outcomes
[12,13]. In emergency settings, the ECG remains indispensable for the diagnosis of ACS; however,
its diagnostic performance is constrained by several factors. The absence of posterior leads,
individual variations in coronary anatomy, and the presence of collateral circulation can diminish
both sensitivity and specificity [14,15]. Furthermore, ECG interpretation for AMI is often
challenging, even for experienced clinicians, including paramedics, emergency physicians, and
cardiologists [16,17]. In cases of non-ST-segment elevation ACS (NST-ACS), where ST elevation is
not apparent, additional biomarker testing and serial ECG monitoring are frequently required, leading
to delayed diagnosis and treatment [18].

To overcome these diagnostic challenges, numerous Al-based studies have sought to detect AMI
using ECG data [19-22]. Several efforts have focused on converting widely used paper-based ECGs
into digital signals to extract and recognize characteristic patterns [23—25]. However, traditional
image processing approaches are highly susceptible to clinical variables such as poor print quality,
background noise, and electrode misplacement, leading to suboptimal diagnostic accuracy in real-
world settings [26]. Deep learning, with its capacity for data-driven, end-to-end representation
learning, has emerged as a promising approach to mitigate these limitations and effectively address
noise-related artifacts.
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Despite these advances, current deep learning models continue to face key methodological
limitations. Most notably, existing algorithms predominantly focus on STEMI detection, which
presents with more distinct ECG abnormalities, whereas robust models capable of accurately
distinguishing the more subtle NSTEMI remain limited. Additionally, the intrinsic “black box”
nature of machine learning models poses a major barrier to clinical adoption. The lack of
interpretability regarding how these models generate diagnostic conclusions undermines clinician
confidence, particularly in high-stakes environments where every decision may directly affect patient
outcomes [27]. Understanding the basis of model predictions and identifying potential systematic
biases are essential to ensure accountability among physicians who retain ultimate clinical
responsibility [28]. To date, no clinically validated study has comprehensively employed deep
learning to classify AMI from 12-lead ECG images while concurrently identifying and interpreting
STEMI subtypes based on established medical criteria.

Therefore, this study proposes a methodological framework with several key objectives. First, we
developed a deep learning model capable of accurately differentiating STEMI, NSTEMI, and non-
ACS cases from 12-lead ECG images. Second, for ECGs predicted as STEMI, we implemented a
classification module to precisely localize the infarction site by integrating medical domain
knowledge of ECG changes associated with coronary artery territories. Third, we incorporated post-
hoc explanation methods to establish an “explainable AI (XAI)” system that enhances transparency
and clinical reliability through visual interpretation of model outputs. Finally, we evaluated whether
the ECG-AMI Viewer—developed from this framework—can assist polyclinic students (PKs) in
identifying myocardial infarction cases, thereby assessing its educational value. The overall structure
of the proposed model is illustrated in Figure 1.

2 Materials and Methods

2.1 Study Design

This study comprised two main components: (1) retrospective data collection for the development
and validation of an ECG-based Al model, and (2) a prospective pilot study to evaluate the
educational utility of the developed Al system.

1. Data Composition

Between January 2011 and December 2019, 12-lead ECGs were obtained from emergency
department patients diagnosed with AMI and from those without ACS. Patients with ST-STEMI and
NSTEMI were categorized into the AMI group. ECGs from patients without coronary syndrome
were randomly selected to form the control group. AMI classification was determined through a
comprehensive review of laboratory findings, coronary intervention records, echocardiographic data
from electronic health records, and final confirmation by cardiologists.

2. Pilot Study Design

A pilot study was conducted to assess the effectiveness of the ECG-AI model as both an educational
and diagnostic support tool for polyclinic students (PKs).

2.1. Study Participants
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The study was conducted at a mid-sized medical school in South Korea that follows a six-year, case-
based learning curriculum emphasizing experiential learning in real clinical settings. Simulation-
based education (SBE) is integrated throughout all years, with an increasing focus on complex
clinical simulations, such as critical care, in the senior years. The study population consisted of
fourth-year medical students with substantial clinical training who were nearing graduation. These
participants had completed foundational ECG interpretation training and hospital-based clinical
rotations, representing a cohort for whom proficiency in ECG interpretation is essential for the rapid
identification of myocardial infarction in clinical practice.

Prospective convenience sampling was employed for participant recruitment. Based on prior studies
with similar research designs [30,31], the target sample size was set at six to ten students to ensure
adequate data representation for 12-lead ECG test items. Participation invitations were distributed via
email to all fourth-year students, and the first ten respondents were enrolled. Two students with prior
exposure to the ECG-AI system were excluded to avoid bias, yielding a final sample of eight
participants.

2.2. Assessment Tools and Study Procedures

The ECG interpretation test consisted of 60 ECG images displayed on a computer monitor over a
two-hour testing period. The duration was selected based on prior evidence indicating that clinicians
require an average of 113 seconds to interpret a 12-lead ECG [32]; thus, 120 seconds per item was
allotted to ensure sufficient review time.

The test set included 15 control ECGs, 30 STEMI ECGs, and 15 NSTEMI ECGs. To reflect real-
world case diversity and clinical frequency, the 30 STEMI ECGs were subdivided into specific
infarction types and randomly ordered: anterior wall (13 items), inferior wall (8 items), lateral wall (8
items), and suspected left main disease (6 items). Some ECGs demonstrated multi-territory infarction
patterns, resulting in a total of 35 categorized STEMI sub-items.

The pilot study employed a pre-test/post-test design to evaluate the effect of Al assistance on ECG
interpretation accuracy. The overall experimental framework is illustrated in Figure 2.

The study was conducted in two sequential phases:

Pre-test (baseline assessment): Participants interpreted 60 ECGs within two hours without Al
assistance.

Post-test (Al-assisted assessment): One week later, participants interpreted a new set of 60 ECGs—
matched in type and difficulty to the pre-test—within the same two-hour time frame, this time with
Al assistance.

2.2 Dataset

Standard supine 12-lead ECGs were acquired at a paper speed of 25 mm/s and an amplitude setting
of 10 mm/mV. For patients with AMI, the first ECG obtained upon arrival at the emergency
department was selected as the MI ECG. The control group consisted of patients randomly selected
from those with no history or clinical evidence of coronary syndrome. All ECGs were collected using
the Philips ECG system (PageWriter TC30, TC70; Philips Medical Systems). Each ECG image
comprised a grid background with electrical signals represented by fine tracing lines (Fig. 3(a)).
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Between January 2011 and December 2019, a total of 2,070 ECG images were collected from the
emergency department of Kyungpook National University Hospital. This dataset included 1,092
ECGs from patients with AMI (725 STEMI, 367 NSTEMI) and 978 ECGs from individuals without
ischemic heart disease. Patients without ischemic heart disease were defined as those with no prior
diagnosis of ischemic heart disease and whose final clinical assessment confirmed a non-ischemic
etiology for their visit. The study protocol and data collection procedures were approved by the
Institutional Review Board of Kyungpook National University Hospital (approval number: 2020-12-
022-011).

2.3 Data Annotation

A supervised learning framework was employed for model training. Diagnosis labeling of 12-lead
ECG images for STEMI, NSTEMI, and control groups was performed based on medical records and

expert clinical judgment. In addition to ST-segment elevation (STE, 21 mm above baseline), regions

showing lesser STE (<1 mm above baseline) were also annotated, as these subtle findings can serve
as important features for distinguishing STEMI from NSTEMI.

Ground truth labels were generated using the labellmg Python package [29]. Human annotators

manually marked each ECG lead for STE (regions where the ST segment rose =1 mm, including the

QRS complex) and lesser STE (regions where the ST segment rose <I mm, including the QRS
complex) (Fig. 3(b)). The criterion for STE was defined as an elevation of at least I mm above the
baseline at the J-point, following the American College of Cardiology/American Heart Association
guidelines for STEMI diagnosis.

All annotations were validated against a gold standard established through consensus by three board-
certified cardiologists to ensure diagnostic accuracy and labeling consistency across STEMI,
NSTEMI, and control datasets.

2.4 Data Preprocessing

The ECG data used in this study were obtained as scanned images of paper-based printouts, with an
original resolution of 1228 x 2460 pixels. A standard 12-lead ECG typically includes 12 short leads
and one long rhythm lead (Lead II). In this study, the long rhythm lead was subdivided into four
equal segments to enable independent detection of STE within each subregion. Unlike traditional
ECG digitization techniques that require complex preprocessing steps such as grid line removal or
waveform thinning, the proposed deep learning approach required only a single channel separation
step. This minimal preprocessing process highlights the robustness of the model to noise and artifacts
commonly present in printed ECG documents.

2.5 Model Architecture

The system proposed in this study is a multi-stage deep learning pipeline based on ECG images,
designed to emulate a physician’s diagnostic reasoning process. This design allows intuitive
interpretation, even for users with limited experience in Al. The pipeline performs comprehensive
AMI diagnosis through four main stages. First, it classifies ECG images to determine the presence of
AMI. Second, it detects ST-STE within ECGs classified as MI. Third, based on these detection
results, it differentiates between STEMI and NSTEMI and determines the infarction territory.
Finally, it calculates the integrated probabilities for each diagnostic category.
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Stage 1: Classification of Myocardial Infarction

In the first stage, 12-lead ECG images are analyzed to determine whether AMI is present, serving as
an initial filter to distinguish AMI ECGs from control ECGs. To identify the optimal model
architecture, several deep learning frameworks were evaluated, including ResNet (ResNet18,
ResNet34, ResNet50), EfficientNet (b0—b7), and ConvNeXtV2 (base, small, tiny). ResNet introduces
residual learning to facilitate the training of deeper networks and mitigate the vanishing gradient
problem [33]. EfficientNet applies a compound scaling approach that uniformly adjusts network
depth, width, and resolution to achieve high accuracy with minimal computational cost [34].
ConvNeXtV2 incorporates design principles from vision transformers into convolutional neural
networks, providing improved efficiency and performance [35]. All models were initialized with
weights pre-trained on the ImageNet dataset to enhance learning efficiency. Training was performed
for 200 epochs with a batch size of 16 and a learning rate of 0.00005. To improve generalization, data
augmentation was applied using the Albumentations library, including variations in brightness and
contrast, hue and saturation adjustments, and the introduction of noise. The output of this stage
provides the probabilities that the input ECG image belongs to either the control or AMI class
(PControl, PAMI).

Stage 2: Detection of ST-segment Elevations

For ECG images classified as AMI, an object detection model—Faster R-CNN—was used to
automatically identify regions of STE and lesser STE, which are essential for STEMI diagnosis.
Faster R-CNN enhances detection speed and accuracy by introducing a Region Proposal Network
(RPN) that efficiently generates candidate regions likely to contain relevant features [36]. The model
employed a ResNet50 backbone and utilized weights pre-trained on the COCO dataset [37] to
improve training efficiency. Cardiologists manually annotated bounding boxes on ECG images to
establish ground-truth data for training. The model input consisted of 384 x 384 pixel ECG images,
and its output included bounding box coordinates, class labels, and confidence scores for detected
STE and lesser STE objects. To refine predictions and reduce redundancy, Soft Non-Maximal
Suppression (Soft NMS) was applied during post-processing, ensuring that only the most reliable
detections were retained.

Stage 3: Classification of STEMI & NSTEMI and Infarction Territory Determination

In the third stage, the model differentiates between STEMI and NSTEMI and determines the
infarction territory using the ST-segment detection results from the previous stage.

For STEMI/NSTEMI classification, the outputs from the STE detection model were converted into a
12-dimensional binary feature vector using the Lead-STE Presence encoding method, indicating the
presence or absence of STE in each lead. Based on this feature vector, the AutoGluon Tabular
framework was employed to construct the optimal classification model. AutoGluon is an automated
machine learning (AutoML) system that explores a diverse range of models—including LightGBM,
CatBoost, XGBoost, RandomForest, ExtraTrees, and deep neural networks—and ensembles them to
achieve high stability and predictive performance [38]. The output provides the conditional
probabilities that the ECG image belongs to the STEMI or NSTEMI class (Pstemi, Pnstemr)

Infarction territory determination was performed using a rule-based logic grounded in established
clinical ECG interpretation guidelines. This approach utilized the STE information encoded from all
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12 leads to classify infarction territories. The specific diagnostic criteria used to determine infarction
locations are summarized in Table 1.

Stage 4: Final Probability Calculation

The final stage integrated the outputs of the previous modules to compute the overall probabilities for
control, STEMI, and NSTEMI classifications and to identify the infarction territory.

The final probabilities were calculated as follows:

PFinal_Control = Peontrot
Prinai_stemr = Pamr X Psremi|ami

PFinal_NSTEMI = PAMI X PNSTEMI | AMI

2.6 ECG Viewer

An additional component of this study was the ECG Viewer, a web-based application developed to
assess the diagnostic capabilities of medical professionals and to facilitate ECG testing during the
pilot study. The viewer visually displayed Al-detected regions of ST-STE (red bounding boxes) and
lesser STE (blue bounding boxes) superimposed on the ECG image. Users could easily toggle
between the Al-generated predictions and the actual diagnostic results for direct comparison. The
interface also allowed control over bounding box visibility, and hovering over a box revealed its
classification label and confidence score. These interactive features enabled medical professionals to
intuitively understand the Al model’s diagnostic rationale and contributed to mitigating the “black
box” limitation commonly associated with deep learning systems.

2.7 Data Analysis
Evaluation Metrics for Deep Learning Algorithms

A comprehensive set of quantitative metrics was used to evaluate the performance of the developed
deep learning model. This approach enabled assessment of predictive accuracy from multiple
perspectives and verified model robustness under conditions of potential data imbalance.
Performance evaluation was based on true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN). The following key metrics were calculated and analyzed.

Accuracy represented the proportion of correct predictions among all predictions, providing a general
measure of overall model performance. Sensitivity (or Recall) denoted the proportion of actual
positive samples correctly identified as positive, whereas specificity measured the proportion of
actual negative samples correctly identified as negative. Precision indicated the proportion of true
positive predictions among all positive predictions, and the F1-score, defined as the harmonic mean
of Precision and Recall, reflected the balance between sensitivity and precision—particularly useful
in imbalanced datasets.

To further evaluate performance across all threshold levels, both the receiver operating characteristic
(ROC) curve and area under the ROC curve (AUC), as well as the precision—recall (PR) curve and
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area under the PR curve (AUPRC), were employed. The ROC curve depicts the relationship between
sensitivity and the false-positive rate (1 — specificity), while the PR curve illustrates the trade-off
between Precision and Recall, providing complementary insights into classification performance.

TP + FN + FP + TN

A =
ccuracy TP+ IN
Sensitivity = Recall = v
ensitivity = Recall = g
Specificity = TN
pecificity = N + FP
rocision = T
recision = 50

Precision X Recall
F1 — Score =2 X

Precision + Recall

Analysis of Clinical Applicability of Deep Learning Algorithms

To assess the clinical applicability of the deep learning model, results were collected from fourth-
year medical students interpreting 12-lead ECGs related to AMI with and without Al assistance. Data
normality was examined using the Shapiro—Wilk test. Identification performance for STEMI,
NSTEMI, control, and STEMI subtypes (anterior MI, inferior MI, lateral MI, and suspected left main
disease) before and after Al assistance was compared using accuracy as the primary metric. The
paired Wilcoxon signed-rank test was applied to assess differences in accuracy between pre- and
post-Al conditions.

3 Results
Al Model Performance Evaluation

The proposed Al model demonstrated excellent performance in ECG-based AMI diagnosis. Model
performance was evaluated across three primary diagnostic functions, with results for each stage
summarized below.

In the initial stage of 12-lead ECG analysis for AMI classification, the ResNet18 model achieved the
highest overall performance. It recorded an AUROC of 98.3% and an AUPRC of 98.7%, effectively
distinguishing AMI from control ECGs. These findings indicate that even a relatively lightweight
architecture such as ResNet18 is sufficient for accurate AMI classification within the current dataset.
This also suggests that more complex architectures may further improve performance when trained
on larger datasets. Detailed results are presented in Table 2, which highlights the reliability and
consistency of the overall diagnostic pipeline.

Next, the object detection model was evaluated for its ability to identify STE regions in ECGs
classified as myocardial infarction. The mean average precision (mAP), reflecting the overall
detection performance, was 42.4%. Importantly, the AP50 (average precision at an intersection over
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union [loU] threshold of 0.5)—a clinically relevant indicator of localization accuracy—was 71.5%,
demonstrating the model’s capability to accurately identify and localize STE regions.

The third evaluation focused on STEMI classification performance. As shown in Table 3, the model
achieved an AUROC of 91.3% and an AUPRC of 95.1%, with a sensitivity of 95.9%, confirming its
strong ability to detect STEMI cases effectively.

Furthermore, as summarized in Table 4, the model demonstrated high accuracy in infarction site
prediction among STEMI patients. The F1-scores for infarction territories were as follows: anterior
(91.1%), inferior (84.2%), lateral (73.8%), and suspected left main disease (68.4%). Although a
relatively higher number of false positives was observed for lateral MI and suspected left main
disease, the model maintained high overall accuracy, sensitivity, and specificity, underscoring its
potential for clinical application.

In the final stage, the model was evaluated for its ability to classify ECGs into control, STEMI, and
NSTEMI categories. As shown in Table 5, classification was conducted using a one-vs-rest approach.
The model achieved a macro-average accuracy of 93.6%. Despite the inherent diagnostic challenges
posed by NSTEMI due to subtle or nonspecific ST-segment changes, the model successfully
differentiated NSTEMI from other categories, suggesting strong clinical applicability.

Effect of Deep Learning Al Model on Polyclinic Students

A total of eight fourth-year polyclinic students participated in the pilot study to evaluate the
educational and diagnostic impact of the deep learning (DL) algorithm. The median accuracy of
participants’ 12-lead ECG interpretations improved significantly from 43% without Al assistance to
82% with Al assistance (p < 0.05) (Fig. 4a). Accuracy in interpreting control ECGs increased from
48% without Al to 88% with Al support (p = 0.012). Similarly, identification performance improved
for both STEMI (42% to 81%, p =0.011) and NSTEMI (21% to 50%, p = 0.012) (Fig. 4b). The DL
model enhanced diagnostic accuracy not only for STEMI, which typically presents with clearer ECG
changes, but also for the more diagnostically challenging NSTEMI.

Identification Performance by STEMI Subtype

To further evaluate performance, ECGs were classified into specific STEMI subtypes: anterior MI,
inferior MI, lateral M1, and suspected left main disease. In the test dataset, the distribution of these
subtypes was as follows: anterior MI (37%), inferior MI (22%), lateral MI (22%), and suspected left
main disease (17%). The ECG interpretation accuracy of students varied markedly across subtypes,
with the lowest performance observed in suspected left main disease (median 17%) compared with
inferior MI (median 83%).

In contrast, the DL algorithm achieved an average accuracy of 95% across all STEMI subtypes,
substantially outperforming the students. Although students demonstrated higher accuracy for
inferior MI than for suspected left main disease, the DL model consistently improved accuracy across
all subtypes: anterior MI (58% to 80%, p = 0.012), inferior MI (83% to 91%, p = 0.035), lateral MI
(21% to 62%, p = 0.012), and suspected left main disease (17% to 60%, p = 0.011). Overall, Al
assistance led to significant improvements in ECG interpretation accuracy for all four STEMI
subtypes, as shown in Figure 5, demonstrating the educational and diagnostic value of the model in
enhancing clinical recognition of diverse infarction patterns.
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4 Discussion

This study demonstrates the potential of deep learning—based Al models to improve the diagnostic
accuracy of 12-lead ECGs for AMI. We developed a deep learning framework capable not only of
identifying AMI but also of localizing the anatomical site of infarction in STEMI. By integrating
explainable AI (XAI) techniques, the model provides transparency regarding its predictive rationale,
addressing one of the most critical barriers to Al adoption in medicine. Furthermore, the pilot study
confirmed the model’s educational effectiveness, showing substantial improvement in ECG
interpretation accuracy among polyclinic students.

The significance of this study lies in its comprehensive, clinically grounded approach to solving
longstanding diagnostic challenges in real-world cardiology practice. Unlike many previous
investigations that primarily targeted STEMI—with its distinct ECG manifestations—this model
achieved high accuracy (95%) in distinguishing NSTEMI, a considerably more difficult entity to
diagnose. This performance exceeds that of internal medicine specialists (50%) and Al-assisted
specialists (56%) using the same dataset, as reported in prior research [18]. The model’s capacity to
recognize NSTEMI in the presence of subtle or nonspecific ECG alterations highlights its strong
potential for early detection, timely intervention, and improved patient outcomes. Moreover, our
model surpassed the AMI classification accuracy of the prior Al model [18] and achieved
performance comparable to Al-assisted internal medicine specialists in STEMI detection.
Importantly, it extended beyond simple AMI classification by accurately localizing infarction
territories (anterior, inferior, lateral, and suspected left main disease). Such spatial diagnostic
precision can enable cardiologists to formulate rapid reperfusion strategies and optimize decision-
making in time-sensitive emergency contexts.

A particularly notable aspect of this study is the objective validation of both the clinical and
educational utility of the model through the pilot experiment. The ECG interpretation accuracy of
fourth-year polyclinic students increased markedly from 43% without Al assistance to 82% with Al
support. These results demonstrate that Al can serve as a powerful adjunctive tool to mitigate
diagnostic limitations among novice clinicians and, in turn, enhance patient safety. The improvement
was especially striking for the recognition of ECGs suggestive of left main coronary artery disease—
a condition characterized by low incidence and high interpretive difficulty—where accuracy rose
from 17% to 60%. This finding provides tangible evidence that Al can effectively identify complex
and atypical electrocardiographic patterns, offering valuable support to both trainees and healthcare
professionals.

Finally, this study contributes a key methodological advancement by addressing the persistent “black
box” problem of Al in clinical medicine. The lack of transparency in algorithmic decision-making
has long hindered the trust and integration of Al tools into routine practice. By incorporating visual
explanations through the ECG Viewer (Fig. 6), which highlights the specific leads and waveform
segments used for predictions, the model enhances interpretability and allows clinicians to critically
appraise Al outputs while retaining full clinical responsibility. This explainability not only reinforces
physician trust but also represents a crucial step toward the safe and ethical implementation of Al-
assisted diagnostics in cardiology.

Study Strengths

. .. . 10
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Granular Diagnosis and High Accuracy: The proposed model comprehensively classifies STEMI,
NSTEMLI, and non-ACS cases while precisely localizing infarction territories in STEMI, thereby
enhancing its clinical applicability.

Use of Real-World Clinical Data: A key strength of this study lies in its use of authentic, paper-based
ECG images for model training—data that inherently include real-world variability such as
background noise and print quality degradation. This approach enabled the development of a robust
and field-ready model, in contrast to previous systems trained solely on preprocessed digital signals.

Explainability (XAI) Integration: The “ECG Viewer” provides a visual representation of the medical
evidence underpinning the model’s diagnostic decisions, thereby improving interpretability and
fostering clinician trust. This explainability feature represents a critical step toward greater clinical
acceptance and responsible integration of Al in medical practice.

Validated Educational Utility: The pilot study statistically confirmed that the Al tool significantly
improved diagnostic performance among medical trainees, highlighting its dual role as both a clinical
decision support system and an educational resource.

Study Limitations

Single-Institution Dataset: The study utilized data exclusively from Kyungpook National University
Hospital, which may reflect institution-specific characteristics related to race, epidemiology, and
equipment (Philips ECG systems). This limitation may restrict the generalizability of findings to
other hospitals, device types, or patient populations.

Retrospective Data Collection: Because data were retrospectively collected between 2011 and 2019,
the potential for selection bias cannot be completely ruled out.

Small-Scale Pilot Study: The pilot study evaluating the educational impact of the Al system involved
only eight participants. Although the improvement in diagnostic accuracy reached statistical
significance, larger randomized controlled trials including participants of varying experience levels—
such as medical students from different academic years, interns, residents, and paramedics—are
warranted to confirm and generalize these findings.

Lack of Real-Time Clinical Validation: The current evaluation was performed in a controlled testing
environment rather than a real-time clinical context. Future prospective studies are needed to assess
how the Al model performs when integrated into emergency department workflows and to determine
its effect on key clinical outcomes, such as reducing time to reperfusion therapy.

In conclusion, this study successfully developed a deep learning—based Al model capable of precise
diagnosis and visual explanation of AMI using 12-lead ECG images. The model demonstrated
substantial promise for both clinical application and medical education. Future large-scale, multi-
institutional prospective studies are warranted to validate its generalizability and real-world clinical
effectiveness. If confirmed, this system could play a pivotal role in enhancing diagnostic accuracy for
cardiovascular emergencies and improving patient outcomes.

5 Conclusion
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This study underscores the potential of Al to serve not merely as an automated diagnostic instrument
but as a robust collaborative partner that supports both clinical decision-making and medical
education. By training on authentic, noise-containing ECG images from real-world clinical
environments, the model demonstrated high precision in distinguishing diagnostically challenging
NSTEMI cases and accurately identifying infarction sites in STEMI. These findings highlight its
capability to assist clinicians in making rapid, evidence-based decisions. Furthermore, the pilot study
revealed a significant improvement in diagnostic accuracy among novice clinicians using Al
assistance, suggesting the model’s promise as an effective educational tool for bridging knowledge
and experience gaps while promoting standardized diagnostic proficiency.

Importantly, the incorporation of XAl features directly addresses the longstanding “black box”
concern by providing interpretability and transparency—key prerequisites for safe and responsible Al
integration into clinical workflows. This explainability empowers clinicians to critically appraise Al
recommendations while maintaining full professional accountability. Nonetheless, because the model
was developed using data from a single institution, further research employing multi-institutional
datasets is essential to ensure its generalizability and broader clinical applicability.

Ultimately, this study represents a pivotal step toward the realization of an era of augmented
intelligence, in which Al complements rather than replaces clinicians—uniting computational
precision with human expertise to advance diagnostic accuracy, consistency, and patient safety.

6 Abbreviations

Al Artificial intelligence

ECG: Electrocardiogram

AMI: Acute myocardial infarction

STEMI: ST-segment elevation myocardial infarction
NSTEMI: Non-ST-segment elevation myocardial infarction
STE: ST-segment elevation

ACS: Acute coronary syndrome

NST: Non-ST-segment elevation

XAI: Explainable Al

PK: Polyclinic student

SBE: Simulation based education

RPN: Region Proposal Network

NMS: Non-Maximal Suppression

AutoML: Automated Machine Learning

. . . . 12
This is a provisional file, not the final typeset article



451

452

453

454

455

456

457

458

459

460

461

462

463
464

465

466
467
468
469
470
471

472

473
474

475

476

477
478
479
480
481

TP: True positive

TN: True negative

FP: False positive

FN: False negative

AUC: Area Under the ROC Curve
PR: Precision—recall

AUPRC: Area Under the PR Curve
mAP: mean Average Precision
IoU: Intersection over Union

DL: Deep learning

RCT: Randomized Controlled Trial
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FIGURE 1. Workflow of the Al system for ECG analysis based on 12-lead ECG images
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647 FIGURE 4. Comparison of improvements in 12-lead ECG interpretation accuracy and
648  control/STEMI/NSTEMI identification performance among fourth-year medical students using
649 a deep learning Al algorithm. (A) Overall ECG interpretation accuracy of all participants. (B)

650 Classification accuracy by MI type and control category.
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652 FIGURE 5. Comparison of improvements in ECG interpretation accuracy by STEMI subtype
653 among polyclinic students using a deep learning Al algorithm.
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655  FIGURE 6. Visualization of diagnostic rationale for the deep learning AI model using the ECG
656 Viewer based on explainable Al (XAI).
657
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658 14 Tables

659  TABLE 1. Clinical criteria for identifying infarction territories on the ECG

Infarction territory Condition
Anterior More than one lead shows STE among V1, V2, V3, and V4
Lateral Two or more leads show STE among V5, V6, L1, and aVL
Inferior Two or more leads show STE among L2, L3, and aVF

Suspected left main

. STE is observed in aVR
disease

660 TABLE 2. Performance of AMI classification

Model AUROC AUPRC Accuracy Sensitivity Specificity Precision F1
Resnet18 0.983 0.987 0.94 0.917 0.964 0.966 0.941
Resnet34 0.979 0.987 0.944 0.922 0.969 0.971 0.946
Resnet50 0.98 0.986 0.944 0.917 0.974 0.976 0.946

ConvNextv2 tiny  0.963 0.962 0.925 0.899 0.954 0.956 0.927
ConvNextv2 small 0.938 0.962 0.915 0.867 0.969 0.969 0.915
ConvNextv2 base  0.905 0.939 0.872 0.757 0.999 0.999 0.862
Efficientnet b0 0.971 0.981 0.935 0.908 0.964 0.966 0.936
Efficientnet bl 0.978 0.985 0.935 0.904 0.969 0.97 0.936
Efficientnet b2 0.978 0.986 0.947 0.913 0.985 0.985 0.948
Efficientnet b3 0.976 0.983 0.925 0.894 0.959 0.961 0.926
Efficientnet b4 0.971 0.977 0.935 0.89 0.985 0.985 0.935
Efficientnet b5 0.977 0.985 0.944 0.922 0.969 0.971 0.946
Efficientnet b6 0.952 0.966 0.896 0.844 0.954 0.953 0.895

661 TABLE 3. Performance of STEMI Classification

Class AUROC AUPRC  Accuracy Sensitivity Specificity Precision F1
STEMI 0.913 0.951 0.904 0.959 0.795 0.903 0.93

662  TABLE 4. Performance of infarction territory identification

Class TP FP  FN TN  Accuracy Sensitivity Specificity Precision F1
Anterior 108 19 2 285 0.949 0.982 0.938 0.85 0.911
Lateral 38 21 6 349 0.935 0.864 0.943 0.644 0.738

21



Inferior 24

Suspected
left main
disease 13

10

381

389

0.978

0.971

0.923

0.867

0.982

0.975

663  TABLE 5. Performance of final classification (Control / STEMI / NSTEMI)

Class

Control
STEMI
NSTEMI

macro avg.

664

This is a provisional file, not the final typeset article

AUROC

0.98

0.948

0.852

0.927

AUPRC

0.97

0.874

0.797

0.881

Accuracy Sensitivity Specificity Precision

0.944

0.913

0.949

0.936

0.974

0.862

0.795

0.877

0.917

0.941

0.982

0.947

0.774

0.565

0914

0.887

0.906

0.902

0.842

0.684

F1
0.976
0.927
0.957

0.953

22



