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Abstract

The clinical deployment of artificial intelligence (AI) solutions for assessing car-
diovascular disease (CVD) risk in 12-lead electrocardiography (ECG) is hindered
by limitations in interpretability and explainability. To address this, we present
xGNN4MI, an open-source framework for graph neural networks (GNNs) in ECG
modeling for interpretable CVD prediction. Our framework facilitates modeling
clinically relevant spatial relationships between ECG leads and their temporal
dynamics. We integrated explainable AI (XAI) and developed a task-specific
XALI evaluation and visualization workflow to identify ECG leads crucial to the
model’s decision-making process, enabling a systematic comparison with estab-
lished clinical knowledge. We evaluated xGNN4MI on two challenging tasks:
diagnostic superclass classification and localization of myocardial infarction.
Our findings show that the interpretable ECG-GNN models demonstrate good
performance across the tasks. XAI analysis revealed clinically meaningful train-
ing effects, such as differentiating between anteroseptal and inferior myocardial
infarction. Our work demonstrates the potential of ECG-GNNs for providing
trustworthy and interpretable Al-based CVD diagnosis.

Keywords: AI-ECG, Explainable AI, Graph Neural Networks, Deep Learning,
Myocardial Infarction

1 Introduction

Cardiovascular diseases (CVDs) are one of the major global health challenges, con-
tributing to a significant proportion of morbidity and mortality worldwide [1]. Early
and accurate detection of CVDs is crucial for timely intervention and effective patient
treatment. Electrocardiography (ECG) is the standard method for a quick assessment
of the heart due to its affordability and low risk, as it is a non-invasive procedure. How-
ever, the complexity of CVD, combined with the variability in ECG patterns, often
poses a challenge for physicians in ECG interpretation. Although ECG devices output
certain values and disease indications, the final diagnosis remains highly dependent on
the physician’s training, certifications, experience, and knowledge [2]. Unfortunately,
physicians’ competency is often lacking in resource-limited settings, particularly in the
global south [3].

Myocardial infarction (MI) is a critical condition that is characterized by the
occurrence of irreversible myocardial cell death, typically resulting from prolonged
ischemia due to obstruction of the coronary arteries, leading to a reduction of blood
flow [4]. According to the World Health Organization (WHO), more than 15.2 million
fatalities per year are attributable to MI alone [1]. Therefore, the timely detection
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Fig. 1: Clinical association between ECG leads and myocardial infarction locations.
Leads II, III, and aVF (inferior leads) are used to detect inferior myocardial infarc-
tion (IMI). Leads V1-V4 (precordial leads) are essential for detecting anterior septal
myocardial infarction (ASMI). Adapted from cardiology textbook knowledge.

and accurate localization of MI are essential for initiating appropriate therapeutic
interventions, which can significantly reduce mortality and improve long-term out-
comes. Changes in specific ECG leads are indicative of different regions of myocardial
infarction, as illustrated in Figure 1. Inferior myocardial infarction (IMI) is typically
indicated by ST-elevations in leads II, TII, and aVF, while anteroseptal myocardial
infarction (ASMI) is detected through leads V1-V4. These associations stem from the
anatomical relationship between lead placements and the vascular territories supplied
by coronary arteries, such as the right coronary artery (RCA) and the left anterior
descending artery (LAD). Accurate ECG-based identification of the infarcted region
is imperative for effective clinical decision-making, as well as enhancing the efficacy of
reperfusion strategies and post-infarction management [5, 6].

In recent years, deep learning (DL) has emerged as a powerful alternative approach
for ECG-based diagnosis and risk assessment with numerous studies demonstrating its
effectiveness [7-9]. Despite their success, these end-to-end models are often criticized
for their lack of transparency, as they function as ”black boxes,” making it difficult
for clinicians to understand and trust their predictions [10-12]. This has led to the
emergence of Explainable Artificial Intelligence (XAI) methods, which seek to enhance
interpretability. In the medical field, these are of particular importance, as regulatory
frameworks such as the EU AI Act [13] mandate transparency and accountability.
These led to the development and application of XAI frameworks, especially for ECG



DL models, demonstrating that, to a certain degree, DL models learned features similar
to cardiology textbook knowledge [14-16].

Currently, alternative graph-based signal representations have been proposed,
whereby biosignals are transformed into explicit graph structures prior to learn-
ing. Kultana and Tirker [17] have shown that converting ECG time series into
graph representations, such as weighted visibility graphs, enables DL models to uti-
lize the signal’s structure, leading to competitive performance. This demonstrates
that clinically relevant information can be effectively captured in graph form. Aljan-
abi and Tiirker [18] have employed coherence-based time-graph representations to
model dynamic functional connectivity in electroencephalograms (EEGs) to detect
Alzheimer’s disease.

With the rise in computational resources, Graph Neural Networks (GNNs) [19]
gained attention due to their capacity to model complex data structures. Their applica-
tion to various medical tasks, including disease prediction, drug discovery, and medical
imaging analysis, has shown promising results [20-22].

Graphs offer the advantage of modeling complex relationships and incorporating
domain knowledge, making them particularly well-suited for multi-lead ECG signals,
which represent differences in electric potentials and several challenges for their opti-
mal representation: Since the 12-leads are derived from ten electrodes, they are not all
linearly independent mathematically and there are eight independent and four redun-
dant leads [18]; however, all 12 leads are clinically important. Each provides a unique
anatomical view of the heart with different importance depending on the disease of
interest and therefore a priori removal of one of the leads is not feasible. Instead,
several works were published making use of GNNs to represent 12-lead ECGs. For
instance, [23] proposed a GNN representation that considered both temporal and spa-
tial connections, with the latter capturing inter-lead relationships. A similar approach
was chosen by Qiang et al. [24] and Zhao et al. [25]. Guo et al. [26] used a knowledge-
guided graph representation for the prediction of the location of myocardial infarction.
In contrast, Kan et al. [27] introduced a graph construct based on wavelet coefficients,
focusing on frequency relationships rather than inter-lead spatial dependencies.

Despite these advances, the field remains in its infancy, and several challenges per-
sist in applying GNNs to ECG processing. Best-practice guidelines for transforming
12-lead ECG data into graph structures remain undefined, mainly because systematic
evaluation of whether GNN architectures adequately capture both spatial and tempo-
ral dependencies is lacking. Furthermore, none of the current state-of-the-art papers
[23-25, 28] have published comprehensive source code, detailing the construction of
the graph structure, which limits the reproducibility of results.

To address these unmet needs, we propose a complete, open-source pipeline for
12-lead ECG classification using GNNs, that enables insight into the GNNs’ decision-
making process through explainability techniques. As a use case, the task of ECG
classification is chosen, with a focus on MI localization, to quantify the extent to which
the spatial connections of the GNNs are suitable.



2 Results

2.1 Classification results

The proposed network was trained using the PTB-XL [29] dataset, as described in
section 4. The trained model performs two predictive tasks. Task 1 refers to the classifi-
cation of ECG recordings into the five superclasses, and Task 2 refers to classifying MI
subtypes using ECG recordings according to their localization within the heart. The
classification performance for Task 1 is shown in Figure 2. The model demonstrates
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Fig. 2: Confusion matrix for the diagnostic superclass classification (Task 1) on PTB-
XL.

strong performance on the test set in recognizing normal ECG patterns (NORM, con-
trol samples), correctly classifying 899 out of 963 NORM samples, which aligns with
its high recall of 0.93 (see Table 1). However, notable misclassifications occur in other
classes, particularly in MI and Conduction Disturbance (CD). A considerable number
of samples of MI were incorrectly labeled as NORM (121 samples) or as ST/T Change
(STTC) (60 samples), suggesting that these conditions share overlapping ECG fea-
tures. Similarly, CD were often confused with MI and NORM, with only 104 cases
correctly classified. The Hypertrophy (HYP) class posed the most considerable chal-
lenge, as its samples were widely misclassified across multiple categories, reflected in



Superclass Samples Precision | Recall | F1 Score
CD 245 0.66 0.42 0.52
HYP 122 0.39 0.25 0.30
MI 544 0.69 0.58 0.63
NORM 963 0.75 0.93 0.83
STTC 284 0.54 0.52 0.53

Table 1: Class specific results of precision, recall, and F1 score
for the diagnostic superclass classification.

its low recall of 0.25 and F1-score of 0.30. Notwithstanding these misclassifications,
the model achieves an overall Accuracy (ACC) of 0.69, a weighted F1-score of 0.68,
a Matthews Correlation Coefficient (MCC) of 0.55, and a multiclass Area Under the
Receiver Operating Characteristics Curve (AUC) of 0.86. Among the diagnostic cate-
gories, the best performance is observed for NORM (F1-score of 0.83), followed by MI
(0.63) and STTC (0.53). However, CD and HYP exhibit lower Fl-scores of 0.52 and
0.30, respectively, suggesting the necessity for enhanced class discrimination.

While the model demonstrated good performance in the diagnostic superclass
classification of Task 1, it achieved higher precision in the finer-grained MI subtype
classification (Task 2) on PTB-XL. The classification results for the MI subclass are
illustrated in Figure 3a, with detailed performance metrics presented in Table 2. The
network achieved an overall ACC of 0.78, a weighted F1-score of 0.78, an MCC of 0.68,
and a multiclass AUC of 0.92, reflecting a moderate yet reliable ability to distinguish
between MI subtypes.

Subclass Samples Precision | Recall | F1 Score
ASMI PTB-XL 204 0.81 0.90 0.85
IMI PTB-XL 242 0.78 0.62 0.69
NORM PTB-XL 237 0.76 0.85 0.80
AMI SHIP 239 0.84 0.69 0.76
IMI SHIP 195 0.47 0.94 0.63
NORM SHIP 239 0.84 0.32 0.46

Table 2: Class-specific results of precision, recall, and F1-
score for myocardial infarction localization on the PTB-XL
dataset and the external validation dataset.

The model demonstrated a particularly good performance for the IMI and ASMI
classes, with F1l-scores of 0.85 and 0.69 respectively.

The generalizability of the trained model was evaluated on an external population-
based dataset, with classification results shown in Figure 3b and detailed performance
metrics provided in Table 2. The model for Task 2 on the SHIP [30] dataset achieved
a multiclass AUC of 0.87, a weighted F1-score of 0.62, and an MCC of 0.51, indicating
a moderate ability to generalize to unseen data. The model demonstrated a high
level of recall for the IMI class (0.94), although this was accompanied by reduced
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(b) Confusion matrix for Task 2 on the SHIP dataset.

Fig. 3: Confusion matrices illustrating the classification performance of the myocardial
infarction localization (Task 2) on the two datasets. (a) shows the model’s performance

in localizing myocardial infarction on PTB-XL, while (b) depicts the results on the
SHIP dataset.



precision (0.47), resulting in an Fl-score of 0.63. Given the absence of more precise
ASMI annotations in SHIP, our focus is on identifying anterior myocardial infarction
(AMI) cases. The AMI class was also detected with high performance, achieving an
Fl-score of 0.76. In contrast, the classification performance for the NORM class was
substantially lower, with a recall of only 0.32 and an F1l-score of 0.46. This finding
suggests that there are difficulties in identifying healthy controls within the external
dataset. To investigate potential dataset shift, we compared QRS durations, a key
ECG feature, between the cohorts using the Mann-Whitney-U test. Results showed
significantly longer QRS durations in SHIP (p — value = 7.2 x 10713 and cliff’s delta:
0.38) compared to the PTB-XL test set and significantly longer QRS durations in
SHIP (p — value = 2.2 % 10719 and cliff’s delta: 0.37) compared to the PTB-XL train
set. All results can be found in Supplementary Figure 1 and Supplementary Table 1.

2.2 Explainability

To investigate the explainability of the model, GNNExplainer [31] was employed to
true positive samples, since these cases reflect instances in which the model made cor-
rect predictions, making them suitable for interpreting the learned decision patterns.
This results in 1495 samples for Task 1, 535 samples for Task 2 on PTB-XL, and 425
samples for Task 2 on the SHIP dataset. In order to provide a more comprehensive
overview of the behavior of the trained GNN model, the average node and edge impor-
tance across these samples was visualized in Figure 4. For the classifier trained on
Task 1, the superclass classification results can be found in Supplementary Figure 2.
The results for MI and CD, presented in Supplementary Figure 2a and Supplemen-
tary Figure 2b, did not reveal any consistent or dominant patterns across ECG leads.
In Supplementary Figure 2c, the chest leads, especially V5 and V6, are highlighted,
which are consistent with clinical practice, as the hypertrophy index, the Sokolow-
Lyon index (SLI), is calculated using these leads [32]. The investigation revealed no
specific region of the signal that exhibited recurrent importance, thereby suggesting
that the model does not rely on a fixed set of leads for its predictions. This absence
of a discernible trend can be ascribed to the heterogeneous nature of each superclass,
which frequently encompasses multiple disease subtypes that manifest in disparate
ECG regions. Furthermore, when visualizing the explanations per disease subtype
using the same superclass-trained network, the largest class within each superclass
was generally well represented. However, no distinct or recurrent patterns of impor-
tant leads or connections were observed across the subtypes. This suggests that the
model’s decision-making is distributed and not focused on specific ECG leads for finer-
grained distinctions. To investigate the differences in the importance of leads across
the two models of Task 1 and Task 2, explainability results are compared in Figure 4.
In particular, Figure 4a to Figure 4c¢ show the results for the myocard infarction local-
ization using the network trained on the superclass classification task. In Figure 4a
and Figure 4b the model allocated the highest node importance scores to leads III
and aVR. The connections between those leads also received the highest importance
scores. These findings align with the focus that would be expected for IMI patients.
Given the absence of clear patterns in the superclass classification setting, a more
fine-grained analysis of the model trained for MI subtype classification is conducted.
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Fig. 4: Average node and edge importance computed by GNNExplainer across sam-
ples for different classification tasks. Node importances are unitless and color-encoded
from 0.2 to 0.5. Edge importances between nodes are written on the corresponding
lines, with the line depth also encoding its importance. Subfigures (a) to (c) show the
results for the myocard infarction (MI) subclasses obtained by the diagnostic super-
class classification on the PTB-XL dataset: (a) anteroseptal MI (ASMI), (b) inferior
MI (IMI), and (c) control (NORM). Subfigures (d) to (f) depict myocardial infarction
localization on the PTB-XL dataset: (d) ASMI, (e) inferior MI (IMI), and (f) control
(NORM). Subfigures (g) to (i) present myocardial infarction localization on the SHIP
dataset: (g) anterior MI (AMI), (h) inferior MI (IMI), and (i) control (NORM).



The mean node and edge importance for Task 2 on PTB-XL were visualized across
the MI subclasses, and the control class in Figure 4d to Figure 4f. In the context
of the ASMI class, which can be seen in Figure 4d, the model allocated the highest
importance scores to the anterior precordial leads, with V1, V2, and V3 exhibiting
node importances of more than 0.4. The connections among these leads, particularly
V1-V2, V2-V3, and V3-V4, also received strong edge weights (up to 0.44), indicating
a localized and coherent subgraph that aligns well with the known clinical relevance
of these leads in detecting anterior-septal myocardial infarction.

In the case of IMI (Figure 4e), the importance distribution shifted towards the
inferior leads. Leads III, II, and aVR demonstrated high node importance values, with
IIT and aVR attaining more than 0.45. The model highlighted dense and high-weighted
connections between these leads, particularly the edges between aVR-III, aVR-aVL,
and II-III, where edge importances exceeded 0.5. This focus on the inferior and right-
sided leads corresponds to standard diagnostic criteria for inferior infarction, thereby
reinforcing the model’s physiological plausibility. A notable finding was the emergence
of aVR as a prominent lead. Ruiz-Mateo et al. [33] found that ST elevation in aVR
is infrequent and not predictive in MI, but it has been reported as an independent
predictor of cardiogenic shock. The model’s focus on aVR may thus reflect this clinical
nuance, indicating its potential role in identifying patients at higher risk of severe
complications.

In contrast, the control class, as shown in Figure 4f, exhibited a more even distribu-
tion of node and edge importance across the ECG graph. No single lead dominated the
importance map, particularly leads I, IT, V3, V4, V5, and V6, receiving similarly high
emphasis. The edge importance was similarly balanced, with no strong focal regions
of attention. This diffuse representation is consistent with the absence of pathological
patterns in healthy ECGs and provides a meaningful contrast to the concentrated lead
importance observed in infarct classes. The comparison confirms that the model adapts
its internal representations according to the presence or absence of disease, paying
more selective attention to diagnostic regions in pathological cases, while maintaining
a holistic view under normal conditions.

The mean node and edge importance scores on the SHIP dataset are visualized
in Figure 4g - Figure 4i, and have a strong resemblance to those derived from the
PTB-XL test set. For AMI (Figure 4g), the precordial leads V1-V3 received higher
levels of attention, both on the node and edge levels. In a similar manner, on the
IMI (Figure 4h) class, leads III, aVF, and aVR were given particular emphasis. The
NORM class (Figure 4i), however, showed higher importance scores on the limb leads
than chest leads.

To assess time-related contributions, we quantified the importance of edges within
each lead. In ASMI, temporal edge importance was highest in V1 to V3 and remained
elevated in V6. In IMI, the strongest temporal importance occurred in limb leads
IT and IIT with marked reciprocal patterns in aVR and aVL, while precordial leads
showed lower values. NORM exhibited a comparatively flat distribution across leads,
without localized temporal dominance. Detailed values are provided in Supplementary
Table 2 and Supplementary Figure 3.



3 Discussion

The clinical deployment of artificial intelligence (AI) solutions for assessing car-
diovascular disease (CVD) risk in 12-lead electrocardiography (ECG) is currently
hindered by their limitations in interpretability and explainability. While recent studies
demonstrate the potential of graph neural networks (GNNs), widely adopted best-
practice guidelines, standardized ECG graph construction procedures, and inherent
explainability remain limited. To address these challenges, we present xGNN4MI, an
open-source framework for GNN-based ECG modeling that emphasizes reproducibil-
ity and interpretability. The primary contribution of xGNN4MI lies in providing a
transparent and configurable reference pipeline for transforming 12-lead ECG signals
into graph representations, training GNN models, and interpreting their predictions.
This will ultimately enable future studies to systematically evaluate alternative graph
construction strategies Specifically, our contributions are threefold: (i) We provide a
framework that facilitates modeling clinically relevant spatial relationships between
ECG leads and their temporal dynamics through an explicitly documented ECG
graph construction procedure, as well as subsequent ECG-GNN training and evalua-
tion. Standardized parameters and straightforward usage enable reproducibility and
accessibility for future research. (ii) We integrate the existing GNNExplainer method
in combination with task-specific cohort-level XAl evaluation and visualization rou-
tines to identify ECG leads and inter-lead connections that are most influential to
the model’s decision-making process, enabling a systematic comparison of the results
with established clinical knowledge and a thorough validation by clinical experts. This
combination facilitates a more transparent understanding of which leads and inter-
lead connections contributed to specific predictions. (iii) We evaluated xGNN4MI on
two challenging, clinically relevant ECG classification tasks: (1) diagnostic superclass
classification, and (2) localization of myocardial infarction (MI). Therefore, the ECG-
GNN was trained on the open-source PTB-XL dataset and externally validated on the
population-based cohort study SHIP. Our hyperparameter tuning focused on critical
parameters (patch size, epochs) identified in prior work [23], though more exhaustive
methods (e.g., random search) could be explored in future studies.

In the first task, the model demonstrated strong performance, achieving an AUC
of 0.86, comparable to that reported by Zhang et al. [23] with 0.88 and Zhao et al.
[25] with 0.91. However, the emphasis of this work was placed on providing a robust
environment for other researchers that can be adapted to specific use cases, but the
predictive performance was not optimized by excessive hyperparameter tuning. Lower
recall and F1-scores were observed for CD and HYP, suggesting increased challenges
for the network training in these classes. One possible contributing factor is the clinical
heterogeneity associated with these conditions, which may complicate class separa-
tion under a single-label formulation. Consequently, improved performance for these
classes may benefit from alternative approaches to feature disentanglement and addi-
tional input modalities towards multimodality. For the second task, the same model
architecture and hyperparameters were used without further tuning to classify MI
subtypes. This enabled an evaluation of the model’s generalizability across related
diagnostic tasks. The selection of participants was conducted through a matching pro-
cess, whereby subjects were categorized based on age group and sex, aligning them



with the demographic parameters of IMI patients. This approach ensured a high degree
of demographic comparability, facilitating effective analysis and interpretation of the
data.

Our second main goal was to enhance interpretability by assessing model explain-
ability using the GNNExplainer framework. For ASMI cases, node and edge impor-
tance were concentrated in the anterior leads (V1-V3), whereas IMI predictions
emphasized the inferior leads (II, ITI, and aVF). This demonstrates the high agree-
ment between learned GNN features and physiological knowledge. Notably, aVR was
emphasized in IMI cases, which is consistent with recent clinical findings linking aVR
to cardiogenic shock, suggesting that the model may have identified subtle yet clini-
cally significant patterns [33]. In contrast, diffuse attention was exhibited across leads
by the control group (NORM), consistent with an absence of pathology. These find-
ings confirm that lead-specific representations were learned by the GNN, supporting
the model’s pathophysiological plausibility. At the level of MI superclass classification,
explainability patterns across MI subclasses were largely similar and did not exhibit
clearly distinct lead-level relevance profiles.

Although the explainability patterns were consistent for Task 2 across the datasets,
the model’s classification performance degraded notably for the NORM class on the
SHIP dataset. This suggests that feature relevance alone does not guarantee robust
generalization. While the model effectively localized infarction in AMI and IMI cases,
it frequently misclassified healthy controls, as evidenced by a recall of 0.24. This trend
is consistent with previous studies on Graph neural networks for ECG classification
[26]. The findings demonstrate a domain shift in the control group between the PTB-
XL and SHIP datasets, presenting a significant difference in QRS duration between
the two cohorts. The attention given to leads and lead-pair interactions closely mirrors
established electrocardiographic criteria for diagnosing MI subtypes, suggesting that
the GNN has not only learned to classify correctly, but also to rely on physiologically
meaningful features. Beyond the scope of retrospective interpretation, insights into
explainability may inform future model adaptation. For instance, consistent lead and
inter-lead relevance patterns, as observed between PTB-XL and SHIP, suggest that
the model relies on stable, physiologically meaningful representations. Moreover, addi-
tional disease-focused physiological network structures, such as suggested [26], may
improve the performance of specific ECG classification tasks, which can be supported
by the modular structure of the xGNN4MI framework.

While GNNExplainer offers valuable insights into the model’s decision-making pro-
cess by identifying key nodes and edges, it has several limitations. First, the method
assumes that the most influential subgraphs are structurally connected. However, in
physiological signals such as ECGs, important relationships often exist between dis-
tant leads (e.g., limb and chest leads), which explainability methods that focus only
on connected subgraphs may not capture. Second, although we additionally quantify
the importance of edges linking consecutive temporal patches, GNNExplainer does
not explicitly model temporal dynamics, which can be crucial in ECG data, where
pathological patterns may appear only during specific time windows. Therefore, future
research may explore these aspects via incorporating distant relationships of timely
patterns, e.g., via PGMExplainer [34] or time-aware attribution techniques [35].



Additionally, one may address the model’s limitations in accurately identifying and
classifying rare disease classes, and in reflecting the multi-label nature of clinical ECG
interpretation. In the present study, each ECG was assigned a single dominant diag-
nostic label, although multiple diagnostic annotations may coexist for a given patient.
While this simplification enables controlled evaluation and clearer interpretation, it
does not fully capture real-world comorbidities. This objective should be pursued in
future studies through two primary avenues: first, by expanding the scope to encom-
pass multi-label classification; and second, by integrating supplementary explainability
methods to provide a more comprehensive understanding of the model’s behavior.
By advancing the interpretability and robustness of GNN-based ECG analysis, this
research facilitates the development of trustworthy, clinically applicable Al-based
systems for CVD diagnosis.

4 Methods

With the growing demand for interpretable machine learning models in clinical diag-
nostics, this study explores the potential of GNNs for ECG classification while
integrating XAI techniques to enhance the transparency and trustworthiness of the
model’s predictions. We suggest a methodological pipeline providing explanations of
ECG classifications as shown in Figure 5. A GNN is trained on <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>