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Abstract

Accurate differentiation between Left Bundle Branch Block (LBBB) and
its strict subtype (sLBBB) is essential for optimizing patient selection for
Cardiac Resynchronization Therapy (CRT), yet remains clinically challeng-
ing. This study proposes and compares two graph-theory-based pipelines for
automated classification of 12-lead electrocardiograms (ECGs) into Healthy,
LBBB, and sLBBB categories. Functional connectivity graphs were con-
structed from inter-lead measures, including Pearson correlation, cross-correlation,
and phase difference. The first approach combines Graph Signal Processing
(GSP) with machine learning. Graph filtering was performed via spectral de-
composition of the Laplacian matrix, selecting dominant eigenmodes and re-
constructing signals through the inverse Graph Fourier Transform—integrating
spatial and temporal features. The second approach converted connectivity



matrices into grayscale images, classified using a Convolutional Neural Net-
work (CNN), and incorporated Explainable AI (XAI) via Grad-CAM to
visualize inter-lead interactions and enhance model transparency. The GSP-
based method using phase difference and a Support Vector Machine achieved
the highest performance (mean balanced accuracy = 0.8317), while the
CNN-based approach with cross-correlation images reached 0.7646, offering
improved interpretability. Both methods distinguished pathological from
healthy cases, but precise classification between LBBB and sLBBB remains
challenging. These results highlight the complementary value of graph-based
ECG analysis and support future hybrid models for CRT stratification.

Left Bundle Branch Block, Cardiac Resynchronization Therapy, Graph Fourier
Transform, Convolutional Neural Networks.

1 1. Introduction

The heart functions as a hemodynamic pump whose performance relies on the
coordinated activation of its electrical conduction system, allowing synchronous
contraction and efficient myocardial tissue perfusion. However, abnormalities such
as Left Bundle Branch Block (LBBB) disrupt this sequence, causing delayed ac-
tivation of the left ventricle. This dyssynchrony can not only impair systolic per-
formance (approximately a 20% reduction) in patients with heart failure but also
contributes to the gradual decline of cardiac function (1). Furthermore, the un-
derlying pathophysiology often involves structural and functional remodeling, po-
tentially leading to abnormal conduction-induced cardiomyopathy (2). Given its
prevalence and prognostic significance, a comprehensive understanding and accu-
rate classification of Left Bundle Branch Block (LBBB) is essential for improving
patient stratification and guiding treatment strategies (3).

Cardiac Resynchronization Therapy (CRT) has proven beneficial in treating
ventricular dyssynchrony (4), improving morbidity and mortality in selected pa-
tients. Nevertheless, a persistent clinical challenge lies in the accurate selection
of CRT candidates, as not all patients respond favorably to the therapy (approx-
imately 40% are considered nonresponders) (5; 6). To address this limitation,
Strauss et al. introduced stricter electrocardiographic criteria to define LBBB
(sLBBB), identifying a subgroup with greater mechanical dyssynchrony (7; 8) and,
therefore, a higher likelihood of benefiting from CRT (9; 10). Consequently, opti-
mizing patient selection remains an active area of research, exploring biomarkers
and advanced imaging techniques (11).

In recent decades, artificial intelligence (AlI), and particularly Deep Learning
(DL), has revolutionized the analysis of electrocardiogram (ECG) signals (12).
Various studies and systematic reviews highlight the potential of models such



as Convolutional Neural Networks (CNNs) and other DL architectures for the
automatic detection of arrhythmias, the identification of structural heart disease,
and the prediction of clinical outcomes from ECG (13). These models can identify
subtle patterns, often imperceptible to the human eye, demonstrating utility in
classifying various cardiac conditions and predicting events such as sudden cardiac
death using novel signal processing models (14).

However, the application of DL in cardiology faces significant challenges. One
of the main issues is clinical interpretability: many DL models function as "black
boxes," making it difficult to understand how they reach their conclusions, which
limits trust and adoption in clinical practice (15; 16). Furthermore, while CNNs
are powerful for analyzing data with a grid-like structure (such as images), they
may not optimally capture the complex temporal and spatial interdependencies in-
herent in multi-lead ECG signals. In response to these limitations, recent research
has focused on hybrid techniques that combine different DL architectures (e.g.,
CNN-Transformer, CNN-LSTM (17))) or integrate advanced signal processing to
improve diagnostic accuracy for arrhythmias and other cardiac pathologies.

Moreover, a growing body of research explores advanced neural network train-
ing techniques (18), imputation methods for time series (19), explainability through
saliency maps (20), neural architecture search (21), spatio-temporal deep learning
(22), and handling imbalanced data (23). These efforts highlight the ongoing
drive to refine computational methods applicable to complex biomedical data like
ECGs. Alongside these, newer classification approaches are being developed, such
as Neural Dynamic Classification (24), Dynamic Ensemble Learning (25), Finite
Element Machines for fast learning (26), and particularly self-supervised learn-
ing methods which show promise in leveraging unlabeled biosignal data (27; 28).
Although these hybrid approaches have shown promising results in general ECG
classification, their specific application for the fine differentiation between LBBB
and sLBBB, a crucial problem for CRT selection, has been less explored (29; 30).

Concurrently, Graph Theory has emerged as a powerful paradigm for model-
ing complex systems and intricate relationships in biomedical data (31). In the
analysis of physiological signals like EEG and fNIRS, graph-based approaches, in-
cluding Graph Neural Networks (GNNs), have enabled the capture of functional
and structural connectivity patterns (related techniques also investigate structural
complexity in brain activity using weighted graphs (32)). Although its application
in cardiology is less frequent than in neuroscience, some pioneering studies have
suggested its potential. Building on this, Qiang et al. (33). proposed a combined
CNN and GNN approach to leverage temporal and spatial features of the ECG.
Other recent studies have explored GNNs or hybrid graph-temporal approaches for
arrhythmia detection, modeling inter-lead interactions (34; 35). Ultimately, these
graph-based methods offer a natural way to represent the relationships between



ECG leads, potentially capturing complex spatio-temporal dynamics missed by
traditional methods (36).

Addressing the critical need for interpretability, Explainable Artificial Intelli-
gence (XAI) techniques, such as gradient-based attribution methods like Grad-
CAM (Gradient-weighted Class Activation Mapping) (37), SHAP (38), or LIME,
are becoming important tools for validating and understanding DL models in med-
ical applications. These techniques allow visualization of which parts of the input
are most influential for the model’s decision, providing a visual justification that
can be evaluated by clinicians (39; 40). Specifically in ECG analysis, XAl helps
bridge the gap between high-performance models and clinical trust (41).

The research problem addressed in this study is focused on the need to develop
automatic, accurate and interpretable methods for the classification of ECG into
healthy subjects, patients with LBBB and patients with SLBBB, with the ultimate
goal of improving risk stratification and the selection of candidates for CRT. Ex-
isting methods, although advanced (42; 43), often lack the specificity necessary to
distinguish sLBBB or do not provide sufficient clinical interpretability.

This study introduces and evaluates two distinct methodological pathways that
leverage Graph Theory for the automatic classification of ECG signals into healthy,
LBBB, and sLBBB categories. The first pathway employs Graph Signal Processing
(GSP) to extract features from graph representations of inter-lead ECG connec-
tivity, which are subsequently used to train traditional machine learning (ML)
classifiers. The second pathway transforms graph connectivity information into
image representations that serve as input for a Convolutional Neural Network
(CNN) model. Crucially, we incorporate explainability into the CNN pathway
using visualization techniques, specifically employing the Grad-CAM algorithm to
highlight key activation zones.

Although previous studies, such as Macas et al. (44), have addressed explain-
ability in models for LBBB detection, our second pathway offers a potentially
more intuitive interpretation by applying XAl to visual representations derived
from graph-modeled interactions.

The main contribution of this work lies in the proposal and comparative evalu-
ation of these two graph-based approaches for the challenging LBBB/sLBBB clas-
sification task. While previous works like (42) and (43) have explored automated
LBBB detection, and others like (44) have incorporated explainability, our study
uniquely investigates: (1) a GSP-ML pipeline leveraging features derived from the
graph spectral domain for classification, and (2) a hybrid Graph-CNN approach
focused on the fine-grained LBBB/sLBBB distinction using images derived from
inter-lead adjacency matrices, providing visual explanations via Grad-CAM ap-
plied to these structural representations. We aim to improve diagnostic accuracy
and, potentially, CRT candidate selection by leveraging both temporal and spa-



tial (inter-lead) characteristics of the ECG in a synergistic manner across these
explored methodologies, assessing their respective strengths in terms of perfor-
mance and interpretability. This comparative investigation represents an advance
by exploring different ways to combine the representational power of graphs with
feature extraction and classification capabilities, addressing the clinical need for
both accuracy and interpretability.

2 2. Materials and Methods

Graph Signal Processing (GSP) offers a complementary framework for analyzing
data with inherent network structures, such as the relationships between ECG
leads (31). Left Bundle Branch Block (LBBB), as an electrical conduction ab-
normality altering spatio-temporal activation patterns (45), may be well-suited
to graph-based analysis that models inter-lead functional connectivity (35). This
study proposes and evaluates a methodology integrating graph theory and two
distinct classification approaches for automated LBBB and strict LBBB (sLBBB)
detection from 12-lead electrocardiogram (ECG) signals. We hypothesize that
representing inter-lead functional connectivity as a graph, and subsequently pro-
cessing this graph representation, can capture discriminative patterns for LBBB
more effectively than analyzing individual lead morphologies alone.

2.1 Data Acquisition and Cohort Definition
2.1.1 Data Sources and Initial Cohort Selection

Electrocardiogram (ECG) data from two primary sources were utilized for this
study, from which distinct patient cohorts were established:

o Chapman University, Shaoxing People’s Hospital and Ningbo First
Hospital ECG Database (46): This database was the source for the
Healthy Control group. It provides 10-second, 12-lead ECG recordings sam-
pled at a frequency (fs) of 500 Hz and stored in .mat format. From this
database, an initial cohort of Npeaitny = 299 recordings annotated as "nor-
mal sinus rhythm" was selected. This selection was subsequently confirmed
by cardiologist review, which verified the absence of significant abnormalities.

« MADIT-CRT (Multicenter Automatic Defibrillator Implantation
Trial with Cardiac Resynchronization Therapy) Dataset (47): Ac-
cessed via The Telemetric and Holter ECG Warehouse (THEW), this dataset
provided data for the Left Bundle Branch Block (LBBB) and strict LBBB
(sLBBB) cohorts. These recordings are also 10-second, 12-lead ECGs, orig-
inally sampled at fs = 1000 Hz and provided in ISHNE format.
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2.1.2 Cohort Definition and Characteristics

The study cohorts were defined as follows, based on expert annotations provided
within the source databases:

« Healthy Control (Healthy): Comprising Nyeatny = 299 individuals, as
described above, characterized by normal sinus rhythm without significant
ECG abnormalities.

« LBBB Cohort: This group consisted of Nyggg = 192 recordings from the
MADIT-CRT dataset, classified as "LBBB" but not meeting the strict criteria
for sSLBBB. The classification relied on expert interpretations within the
database ("ISCE LBBB unblinded final with comments"), which considered
criteria such as QRS duration, V1/V2 morphology, and the presence of mid-
QRS notching or slurring (9).

« Strict LBBB Cohort (sLBBB): This group included Nypgg = 301
recordings from the MADIT-CRT dataset, classified as "strict LBBB" ac-
cording to the same expert criteria and source documentation (9).

Crucially, this study adopted these pre-existing expert diagnostic labels for cohort
assignment.

2.1.3 Dataset Heterogeneity and Potential Confounding Factors

The utilization of distinct data sources introduces a degree of heterogeneity. Specif-
ically, the Healthy Control cohort was sourced from a general ECG database,
whereas the LBBB and sLBBB cohorts were derived from the MADIT-CRT trial.
The MADIT-CRT trial participants were patients with heart failure (10), which
represents a significant difference from the healthy control population. This dis-
parity is a potential source of confounding variables. However, the methodological
approach of this study was designed to focus on isolating and analyzing electro-
physiological features. This limitation is further acknowledged and discussed in
the Discussion section of this work.

2.1.4 Ethical Considerations and Data Privacy

All data utilized in this study were obtained from publicly accessible reposito-
ries (Chapman University database) or through permissioned access to research
databases (THEW for MADIT-CRT). The original data acquisition processes for
both source databases received ethical approval from their respective Institutional
Review Boards. Furthermore, all patient data were anonymized prior to their
inclusion in these repositories and before being accessed for this study.



2.2 ECG Signal Preprocessing and Representative Beat
Standardization

The raw 12-lead ECG recordings from both the Healthy and LBBB/sLBBB datasets
underwent several preprocessing steps to obtain standardized, representative heart-
beat signals suitable for subsequent analysis. These steps were performed inde-
pendently for each subject and each lead.

Baseline Wander Removal: To remove low-frequency baseline wander, an ap-
proach equivalent to zero-phase high-pass filtering was implemented. The baseline
component was first estimated by applying a 4th-order Butterworth low-pass fil-
ter with a cutoff frequency (f.) of 0.5 Hz to the raw electrocardiogram signals.
Forward-backward digital filtering ensured zero phase distortion in this estima-
tion. The resulting estimated baseline was then subtracted from the original
signal, effectively attenuating signal components below 0.5 Hz and yielding the
baseline-corrected signal.

R-Peak Detection and Beat Segmentation: Individual heartbeats were ex-
tracted from the aforementioned baseline-corrected signals. R-peaks were identi-
fied using an established ECG processing toolkit (48). The first and last detected
R-peaks in each recording were discarded to avoid boundary effects from incom-
plete beats. Fixed-size windows were then segmented around each valid R-peak:
400 samples (175 samples pre-R-peak, 225 samples post-R-peak) for the Healthy
dataset (originally sampled at 500 Hz), and 800 samples (350 samples pre-R-peak,
450 samples post-R-peak) for the LBBB/sLBBB dataset (originally sampled at
1000 Hz).

Representative Beat Generation via Woody Alignment: To obtain a sta-
ble, noise-reduced morphology for each lead, the Woody alignment method (49)
was applied to the ensemble of segmented beats from that lead. This iterative
procedure involves aligning each segmented beat to an evolving template by max-
imizing their cross-correlation function, and then averaging all aligned beats to
update the template for the next iteration. This process was repeated for five
iterations. The final averaged template served as the representative heartbeat
morphology for that specific lead and subject.

Resampling to Standardized Frequency: Following the generation of rep-
resentative heartbeats for each of the 12 leads (initially 400 or 800 samples long,
reflecting their original sampling rates of 500 Hz and 1000 Hz, respectively), these



beats were resampled to a common frequency. This resampling step was inten-
tionally performed after critical preprocessing stages like R-peak detection, beat
segmentation, and representative beat alignment. Conducting these initial stages
at the original, higher sampling rates leveraged their greater temporal resolution,
contributing to more precise morphological characterization and robust represen-
tative beat generation.

A target frequency (fs fina) of 200 Hz was chosen for standardization. Down-
sampling to 200 Hz, rather than standardizing to one of the original higher frequen-
cies, provided a substantial reduction in data dimensionality and subsequent com-
putational demands for the graph-based and machine learning pipelines. This fre-
quency was determined to adequately preserve essential QRS characteristics, which
are critical for LBBB analysis, while significantly reducing the computational
burden. Fourier-based resampling was utilized for this process. The resampling
yielded standardized 12-lead representative beats, each comprising Ngine = 160
samples. These 12 x 160 signals (organized as a matrix X € R12*160 per subject)
formed the input for the subsequent classification pathways.

2.2.1 Classification Pathways Overview

Starting from the standardized 12-lead representative beats (X), two distinct path-
ways were investigated for classifying subjects into Healthy, LBBB, or sLBBB
categories, as depicted in Figure 1:
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Figure 1: Schematic representation of the proposed method.

1. Feature extraction using Graph Signal Processing (GSP) followed by tradi-
tional Machine Learning (ML) classification.

2. Transformation of graph connectivity information into image representations
for classification by a Convolutional Neural Network (CNN), incorporating
explainability analysis.

The subsequent sections detail the specific methods employed within each pathway.



2.3 Pathway 1: GSP Feature Extraction and ML Classifi-
cation

This pathway focuses on extracting features from the graph spectral domain of
the standardized 12-lead representative beats.

Initial Signal Conditioning for Pathway 1: The standardized representa-
tive beats X first underwent an additional zero-phase band-pass filtering stage,
employing a 4th-order Butterworth filter with a passband of 0.05 — 40 Hz. For
connectivity measures known to be sensitive to signal amplitude variations, specif-
ically Pearson correlation and phase difference, the band-pass filtered signals were
subsequently subjected to a logarithmic amplitude normalization. Conversely, for
cross-correlation analysis, which primarily relies on waveform morphology, the
band-pass filtered signals were used directly without this logarithmic transforma-
tion. The resulting conditioned signals from this stage are denoted as X' for the
subsequent GSP steps.

Graph Construction: Adjacency and Laplacian Matrices: Functional
connectivity graphs G = (V, E') were constructed for each subject, where V' repre-
sents the 12 ECG leads. Three types of weighted adjacency matrices A € R12x12
were computed using the appropriately conditioned signals X’. The specific com-
putations for these adjacency matrices are detailed further in the description of
Pathway 2. For each adjacency matrix, the normalized graph Laplacian (L) was
then derived using the formulation L = I — D=Y2AD~'/2 where I is the identity
matrix and D is the diagonal degree matrix.

Graph Fourier Transform (GFT): The GFT was used to decompose the con-
ditioned 12-lead signal matrix (X’) onto the spectral basis defined by the eigen-
vectors U of the corresponding graph Laplacian L. The eigenvectors U and eigen-
values A were obtained from the eigendecomposition L = UAUT. The resulting
GFT coefficients, forming a matrix X’ € R12X160 were computed as X' = UTX".

Graph Filtering via Eigenvector Selection: Filtering in the graph spectral
domain was performed by selecting a subset of £k = 6 eigenvectors, forming a
matrix Upye € R!2%6 " These eigenvectors corresponded to the smallest non-zero
eigenvalues (specifically, eigenvalues A > 107!%) of the respective Laplacian ma-
trix. This value of k& was chosen based on preliminary analyses and common GSP
practices, aiming to retain dominant graph spectral components while reducing
noise.



Inverse Graph Fourier Transform (iGFT): The signal was reconstructed in
the vertex domain using only the GFT coefficients corresponding to the k& = 6
selected eigenvectors. Let X7;, € R denote these selected GFT coefficients

(i.e., the rows of X' corresponding to the eigenvectors in Uy, ). The graph-filtered
signal in the vertex domain, X};, € R"”*'% was then obtained by applying the
iGFT: X }ilt =U filtf( J’cilt. This procedure yielded three distinct sets of graph-
filtered signals per subject, one for each connectivity method.

Feature Extraction and Dimensionality Reduction: Each of the 12 x 160
graph-filtered signal matrices (X};;,) was flattened into a 1920-dimensional feature
vector. Principal Component Analysis (PCA) was then applied to reduce the
dimensionality of these feature vectors to ncomponents = 90.

Classification Models and Evaluation: Four types of ML classifiers were
trained using the 50-dimensional PCA features: Support Vector Machine (SVM)
with a Radial Basis Function (RBF) kernel, k-Nearest Neighbors (KNN) with £ = 5
neighbors, Gaussian Naive Bayes (GaussianNB), and a Gradient Boosting machine
(specifically, Light GBM (50)). Model evaluation was performed using a repeated
(200 iterations) stratified train-test split methodology (70% for training, 30% for
testing). To handle class imbalance, three strategies were applied exclusively to
the training set of each split: random oversampling, random undersampling, or
using classifier-inherent class weighting. Performance was primarily reported as
the average Balanced Accuracy across the 200 iterations on the test sets.

2.4 Pathway 2: Graph-CNN Classification and Explain-
ability

This pathway involved transforming inter-lead connectivity information into im-
age representations for classification by a Convolutional Neural Network (CNN),
starting from the standardized 12-lead representative beats (X € R2*1%0 each
sample at 200 Hz).

Band-Pass Filtering: Initially, each standardized representative beat under-
went zero-phase band-pass filtering using a 4th-order Butterworth filter. This
filter, with a passband of 0.05 — 40 Hz, was applied to mitigate noise, consistent
with standard ECG analysis practices (51). Let the output of this step be termed
the filtered representative beat.

Connectivity Matrix Calculation with Tailored Normalization: Adja-
cency matrices (A € R12*1%) representing inter-lead connectivity, were computed
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from the filtered representative beats using three distinct methods, with input
signal representation adapted for each:

« Pearson Correlation (PC) and Phase Difference (PD): As these meth-
ods can be sensitive to amplitude variations, the filtered representative beats
first underwent a logarithmic amplitude normalization prior to adjacency
matrix calculation. This transformation is defined by preserving the original
sign of each signal sample while applying a natural logarithm to one plus its
absolute value. The Pearson correlation coefficient (52) or the FFT-based av-
erage phase difference was then calculated between pairs of these normalized
lead signals to form the adjacency matrix Apc or App, respectively.

« Cross-Correlation (CC): To preserve the original waveform morphology,
the filtered representative beats were used directly without logarithmic nor-
malization. The maximum value of the standard cross-correlation function
between pairs of leads, normalized by signal length, was used to populate
the adjacency matrix Acc.

Graph Representation as Image: The calculated adjacency matrix A (from
PC, CC, or PD) was transformed into a single-channel grayscale image suitable
for CNN input. This involved applying a logarithmic scaling (e.g., log(1l + A)
for non-negative A, or log(1l + |A|) more generally if A could contain negative
values, followed by appropriate handling to maintain interpretability) to manage
potential variations in connectivity strength, followed by min-max normalization
to scale values to the range [0, 1]. The resulting 12 x 12 scaled matrix was then
resized to 224 x 224 pixels using bilinear interpolation (53).

CNN Architecture: The CNN architecture employed consisted of an input
layer accepting 224 x 224 x 1 grayscale images, followed by five convolutional
blocks. Each block comprised a 2D convolutional layer (3 x 3 kernel, with padding
to maintain feature map size, and an increasing number of filters: 32, 64, 128,
256, and 512, respectively for each block), a LeakyReLU activation function (with
a negative slope @ = 0.1), and a max-pooling layer (2 x 2 pool size). After the
convolutional blocks, the feature maps were flattened. This was followed by a fully
connected dense layer (1024 units, ReLU activation), a dropout layer (rate of 0.4
for regularization (54)), and finally an output dense layer (3 units, corresponding
to Healthy, LBBB, sLBBB classes) with softmax activation.

CNN Training and Evaluation with Cross-Validation: A 5-fold stratified
cross-validation strategy was employed for robust model evaluation. Within each
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fold, the data was split into training and testing sets. The training set was bal-
anced using random oversampling. The CNN model was compiled using the Adam
optimization algorithm (learning rate 1 x 10™*) and categorical cross-entropy loss.
Models were trained for a maximum of 40 epochs with a batch size of 64, using
early stopping and learning rate reduction on plateau to optimize training and
prevent overfitting. Performance was evaluated on the unseen test set of each fold,
and results were aggregated.

Explainability using Grad-CAM: To enhance clinical interpretability, the
Gradient-weighted Class Activation Mapping (Grad-CAM) technique (37) was ap-
plied. Grad-CAM produces heatmaps highlighting image regions (i.e., pairwise
lead interactions in the graph image) most influential for a given class prediction.

Baseline Spectrogram Model for Comparison: To contextualize the graph-
CNN performance, a baseline model using a CNN on single-lead ECG spectrograms
was developed. For each subject, the representative beat from Lead I (160 samples
at 200 Hz) was transformed into a spectrogram via Short-Time Fourier Transform
(STFT), using a Hann window of 64 samples and 50% overlap to provide adequate
time-frequency resolution for QRS complex morphology. The resulting spectro-
gram was resized to 224 x 224 pixels and fed into a simplified CNN architecture.
This model was trained and evaluated using the same 5-fold cross-validation and
balancing strategies as the graph-CNNs.

2.5 Model Evaluation Metrics

The performance of both classification pathways was evaluated on their respec-
tive test sets using a comprehensive set of standard metrics suitable for multi-class
classification, including: Accuracy, Balanced Accuracy, Precision, Recall (Sensitiv-
ity), Fl-score, Confusion Matrix, and Area Under the Receiver Operating Char-
acteristic Curve (AUC). Balanced Accuracy was chosen as the primary metric for
comparison in Pathway 1 due to its robustness in the presence of class imbalance.

e Accuracy: The overall proportion of correctly classified instances.

« Balanced Accuracy: The average of recall obtained on each class, provid-
ing a better assessment of performance across classes, irrespective of their
size. This was the primary metric for Pathway 1 comparison.

« Precision, Recall (Sensitivity), F1-score: Calculated per class (Healthy,
LBBB, sLBBB) to evaluate performance on each specific category.
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— Precision: The proportion of true positive predictions among all in-
stances predicted as positive for a class.

— Recall (Sensitivity): The proportion of actual positive instances for a
class that were correctly identified.

— Fl-score: The harmonic mean of precision and recall, balancing both
metrics.

o Confusion Matrix: A table visualizing the classification performance,
showing counts of true positives, true negatives, false positives, and false
negatives for each class. Aggregated confusion matrices (summed across
folds or iterations) were analyzed. True Positive Rate (TPR, equivalent to
Recall) and False Negative Rate (FNR, calculated as 1 - TPR) were also
considered.

« Area Under the Receiver Operating Characteristic Curve (AUC):
Calculated per class using a one-vs-rest (OvR) strategy. It measures the
model’s ability to distinguish between classes across various decision thresh-
olds, with a value of 1.0 representing perfect discrimination.

These metrics collectively provide a robust assessment of the models’ classification
capabilities and their effectiveness in handling the specific challenges of LBBB
detection.

3. Results and Discussion

This study investigates two distinct pathways leveraging graph theory to discern
spatio-temporal ECG features potentially missed by conventional analyses for the
automated detection of LBBB and sLBBB. The overall methodological framework
is depicted in Figure 1.

2.6 Pathway 1: Graph-based Filtering and Machine Learn-
ing Classification

The first pathway employed graph signal processing (GSP) for robust feature ex-

traction from 12-lead ECGs, followed by classification using established machine

learning (ML) algorithms. This approach aims to harness the inter-lead relation-
ships to build discriminative feature sets.
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Graph Construction and Spectral Basis For both pathways explored in this
work, functional connectivity graphs were constructed to model the interactions
between the 12 ECG leads. Three distinct methods were utilized to compute the
weighted adjacency matrices (A € R'?%12): Pearson Correlation (PC), which mea-
sures linear correlation; Cross-Correlation (CC), which identifies temporal shifts
and morphological similarities; and Phase Difference (PD) (55), which captures
phase synchrony between lead signals.

The graph structures derived from these adjacency matrices are visualized in
Figure 2. These graphs depict the ECG leads as nodes and the computed inter-lead
connectivity strengths (weights of the adjacency matrix A) as weighted edges. For
illustrative purposes in these visualizations (Figure 2), connections with weights
surpassing a predefined threshold (e.g., 0.4) are highlighted (e.g., in red) to em-
phasize dominant interactions, while weaker connections are also shown (e.g., in
gray). It is important to clarify that this threshold-based highlighting of edges is
solely for visualization purposes in Figure 2 and does not influence the subsequent
processing steps; the full, unthresholded adjacency matrices (after setting the diag-
onal to zero and appropriate handling of negative values based on the connectivity
method) are used for the computation of the graph Laplacian in Pathway 1. The
considerable structural differences observed in the graphs generated by PC, CC,
and PD reiterate that each method offers a distinct perspective on inter-lead dy-
namics. Compared to approaches like using mutual information for adjacency (35),
our chosen methods (PC, CC, PD) specifically target linear correlation, waveform
similarity including time lags, and phase relationships, respectively. These aspects
are particularly pertinent for characterizing the conduction delays and altered ac-
tivation sequences inherent in LBBB and sLBBB.

From these adjacency matrices, the normalized graph Laplacians (L = [ —
D~Y2AD=Y/2) were derived. The Laplacian matrix is fundamental in GSP as
its eigendecomposition provides the spectral basis (eigenvectors and eigenvalues)
for graph-based filtering and analysis (56; 32). Figure 3 illustrates representative
Laplacian matrices computed using PC, CC, and PD for subjects from the Healthy,
LBBB, and sLBBB cohorts. Visual inspection of these Laplacians reveals dis-
tinct patterns across groups and connectivity methods. For instance, the Healthy
group often exhibits patterns (e.g., predominantly yellow tones in the provided
visualization scheme) suggestive of synchronized and temporally aligned cardiac
conduction. Conversely, LBBB and sLBBB groups tend to show patterns (e.g.,
more green and blue tones) indicative of desynchronization, temporal misalign-
ments, and phase instability, which are characteristic of conduction abnormalities.
These qualitative differences underscore that each connectivity metric, as reflected
in both the adjacency-based graph structures and their corresponding Laplacians,
captures unique aspects of inter-lead electrophysiological relationships, forming a
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diverse basis for subsequent feature extraction.

Pearson

Cross-Correlation

Phase Difference

Figure 2: Graphs Representing ECG Lead Interactions for Different Patient
Groups (Healthy, LBBB, sLBBB) and Connectivity Methods (PC, CC, PD). Con-
nections with weights exceeding 0.4 are highlighted in red, general connections in
gray. The structure varies significantly based on the group and the chosen con-
nectivity metric.

Graph filtering, a core GSP technique, transforms signals by leveraging the
relational structure of the graph. For ECG analysis, this means that the filtering
process considers not only the individual lead morphologies but also how these
leads are interconnected (Figure 2), as defined by the Laplacian (Figure 3). Filter-
ing operators, designed based on the Laplacian’s spectral properties (eigenvectors
and eigenvalues) (56), can selectively attenuate or amplify signal components based
on their variation across the graph. This allows, for example, low-pass graph filter-
ing to emphasize smooth, global patterns and reduce noise, or high-pass filtering
to enhance localized variations.

GSP-ML Pipeline Implementation and Classification Outcomes The

GSP-ML pipeline for Pathway 1 was implemented in Python, primarily utilizing

libraries such as NumPy (52), SciPy (57), Scikit-learn (58), and Imbalanced-learn

(59). The process for each subject’s 12-lead representative beat (X € R!2x160)

involved:

1. Computing the Graph Fourier Transform (GFT) of X using the eigenvectors of
the corresponding Laplacian L, i.e., X = UTX (56).

2. Applying a low-pass filter in the graph spectral domain by selecting and retain-
ing only the Nioqes = 6 GFT coefficients corresponding to the smallest non-zero
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Figure 3: Laplacian Matrices of ECG Lead Relationships for Healthy, LBBB, and
sLBBB Groups. Visual differences (e.g., color patterns indicated by red dots sig-
nifying strong connections or overall hues) reflect varying levels of synchronization
and temporal alignment captured by different connectivity methods (Pearson Cor-
relation, Cross-Correlation, Phase Difference).

eigenvalues of L. This step emphasizes global, smoother patterns of electrical
activity across the leads.

3. Reconstructing the filtered signal in the original (vertex) domain via the inverse
GFT (iGFT) using only the selected components: Xy = U filtX Filt-

4. Flattening the resulting 12x160 filtered signal matrix X;;; into a 1920-dimensional

feature vector.

5. Applying Principal Component Analysis (PCA) (60) for dimensionality reduc-
tion, retaining the top Npca = 50 principal components. These 50 components
typically captured approximately 95% of the variance in the GSP-derived fea-
tures and constituted the final feature set for classification.

The initial cohort consisted of Ny = 792 recordings. After all preprocessing
steps outlined in Section 2.2, including the removal of 6 records that failed critical
stages such as the GSP processing, the final dataset utilized for this pathway
comprised 786 valid ECG recordings. This final cohort was distributed as: 300
Healthy (38.17%), 184 LBBB (23.41%), and 302 sLBBB (38.42%). The minor
shifts in individual class counts from the initial selection are due to the specific
records that were excluded.

For robust performance evaluation, this dataset underwent N = 200 iterations
of stratified random 70%/30% train/test splitting. Stratification ensured that class
proportions were maintained in both training and testing sets across iterations.
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Four distinct ML classifiers were evaluated: Support Vector Machine (SVM) with
a Radial Basis Function (RBF) kernel, k-Nearest Neighbors (KNN, with k& = 5),
Gaussian Naive Bayes (NB), and Gradient Boosting (GB, implemented via Light-
GBM (50)). Given the inherent class imbalance in the dataset, three balancing
strategies were applied exclusively to the training set of each iteration: random
oversampling of minority classes, random undersampling of majority classes, and
classifier-inherent class weighting (i.e., class_weight=’balanced’ for SVM and
GB; for KNN and NB, this was termed 'mo_ balance’ as it represented training
without explicit over/undersampling).

Table 1 summarizes the classification performance, reporting the Mean Bal-
anced Accuracy (BalAcc) (61) and its Standard Deviation (SD) over the 200 it-
erations. BalAcc was chosen as the primary performance metric due to its suit-
ability for imbalanced datasets. Each entry in the table reflects the performance
achieved using the best-performing balancing strategy for that specific combination
of connectivity method and classifier. The overall best-performing combination is
highlighted in bold.

Table 1: Classification results for Pathway 1 (GSP-ML). Balanced Accuracy (Mean
+ SD) is reported for each connectivity method and classifier, using its best-
performing balancing strategy over 200 iterations.

Conn. Method Clsf. Mean BalAcc SD Best Bal. Strat.
Pearson Corr. SVM 0.8000 0.0226 Ccw
KNN 0.7682 0.0246 0S
GB 0.7691 0.0249 Cw
NB 0.7253 0.0270 NoBal
Cross Corr. SVM 0.8220 0.0231 cw
KNN 0.7714 0.0249 0S
GB 0.7777 0.0221 0S
NB 0.7200 0.0283 NoBal
Phase Diff. SVM 0.8317 0.0214 cw
KNN 0.7855 0.0248 0S
GB 0.7917 0.0226 cw
NB 0.7461 0.0279 NoBal

Abbreviations: SVM: Support Vector Machine; KNN: K-Nearest Neighbors; GB: Gradient
Boosting; NB: Naive Bayes; CW: class_weight; OS: oversampling; NoBal (Strategy): no_balance.
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2.7 Discussion of GSP-ML Pathway Results

The classification results obtained via the GSP-ML pathway (Table 1) demonstrate
the utility of integrating graph theory with machine learning for automated LBBB
and sLBBB detection from 12-lead ECGs (32). The performance metrics provide
several key insights.

Impact of Connectivity Metrics A notable finding is the differential perfor-
mance associated with the choice of connectivity metric, a distinction also visu-
ally suggested by the diverse graph structures in Figures 2 and 3. Graphs derived
from Phase Difference (PD) and Cross-Correlation (CC) consistently outperformed
those based on Pearson Correlation (PC). The highest overall Mean Balanced Ac-
curacy of 0.8317 £ 0.0214 was achieved using PD-derived graph features classified
by an SVM. CC-based features also yielded strong performance (Mean BalAcc
0.8220 £ 0.0231 with SVM), while the best PC-based result was slightly lower
(Mean BalAcc 0.8000 £ 0.0226 with SVM).

This suggests that metrics capturing temporal dynamics and synchrony—such
as phase relationships (PD) or time-lagged similarities (CC)—are more effective in
distinguishing LBBB and sLBBB conduction patterns than simpler linear correla-
tion (PC). These observations are consistent with the pathophysiology of LBBB,
which involves significant electrical dyssynchrony and altered ventricular activation
sequences (45; 3), potentially leading to mechanical dyssynchrony (7).

Classifier Performance Comparison Among the ML algorithms evaluated on
the GSP-PCA features, SVM with an RBF kernel consistently delivered the highest
Balanced Accuracy across all three connectivity types. This underscores SVM’s
capability in handling complex, potentially high-dimensional feature spaces and
defining effective non-linear decision boundaries (58). Gradient Boosting (GB),
an ensemble learning technique known for its robustness (50; 25), was generally
the second most effective classifier. In contrast, KNN and Gaussian NB yielded
comparatively lower performance for this specific task and feature set.

Importance of Handling Class Imbalance The investigation into balanc-
ing strategies confirmed their critical role in achieving optimal performance with
imbalanced datasets (59). For SVM and GB, applying some form of balancing, par-
ticularly the class_weight=’balanced’ option, generally led to improved Mean
Balanced Accuracy compared to training on the imbalanced data directly. This
strategy was part of the top-performing models (Table 1). Recent advancements
in handling imbalanced multi-label classification also offer potential avenues for
exploration (23).
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Persistent Challenge: LBBB versus sLBBB Discrimination Despite the
promising overall accuracies, effectively distinguishing between the LBBB and
sLBBB classes remains the most significant challenge for this pathway. Figure 4
displays typical ECG morphologies for Healthy, LBBB, and sLBBB subjects in
leads V4, V5, and V6. While the Healthy group shows normal QRS duration
(<120ms, highlighted by a red circle), both LBBB and sLBBB exhibit prolonged
QRS duration (>120ms). Critical differentiating features, such as QRS notching
(marked by red circles), are subtle and vary in presentation, as per criteria like
Strauss et al. (9).

Healthy LBBB sLBBB

e e e
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BERENR I Raiee TRt
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V4

V5

Vo6

Figure 4: Temporal and Morphological Analysis of Electrocardiographic Signals
in Healthy, LBBB, and sLBBB Groups. Examples shown for leads V4, V5, and
V6. Red circles highlight key features: normal QRS duration (<120ms) in Healthy
vs. prolonged QRS (>120ms) in LBBB/sLBBB, and characteristic QRS notches
in LBBB/sLBBB.

The graph-based approach aims to capture these complex inter-lead relation-
ships (Figure 2) to better detect conduction delays and accentuate morphological
differences by analyzing synchrony.

However, for the best-performing model in this pathway (PD + SVM + class_-
weight="balanced’), further analysis of the detailed per-class metrics reveals a
mean Fl-score for the LBBB class of 0.6822. This is considerably lower than the
Fl-score for the Healthy class (0.9881) and the sLBBB class (0.8299). Similarly,
the mean Area Under the ROC Curve (AUC) for the LBBB class (0.8959) was lower
than for Healthy (0.9987) and sLBBB (0.9332). This difficulty is quantitatively
detailed in the aggregated confusion matrix from the 200 test splits, presented in
Table 2.

The matrix clearly shows a higher rate of confusion between LBBB and sLBBB
(e.g., 3436 LBBB instances misclassified as sLBBB, and 2841 sLBBB instances
misclassified as LBBB). This difficulty likely arises from the inherent morphological
similarities between LBBB and sLBBB (Figure 4), suggesting that the GSP-PCA
features, while informative, may not fully encapsulate all subtle differentiating
characteristics defined by strict criteria (9).

19



Table 2: Aggregated confusion matrix for the top-performing model in Pathway 1
(PD-SVM). Rows represent true labels and columns predicted labels over 200 test
splits.

Pred. Healthy Pred. LBBB Pred. sLBBB
True Healthy 17926 74 0
True LBBB 354 7210 3436
True sLBBB 5 2841 15354

Furthermore, the heterogeneity in data sources (Healthy controls from a gen-
eral ECG database versus LBBB/sLBBB patients from the MADIT-CRT trial who
had heart failure (10)) is a potential confounding factor. The model might inad-
vertently learn population-level differences beyond pure LBBB electrophysiology,
which could affect its generalization to other LBBB populations. Accurate LBBB
vs. sLBBB differentiation is clinically crucial for optimizing Cardiac Resynchro-
nization Therapy (CRT) patient selection (62).

Robustness and Comparative Significance The cross-validation strategy
involving 200 stratified train-test splits indicates good robustness for the top-
performing models, as evidenced by the relatively small standard deviations in
Balanced Accuracy (e.g., £0.0214 for the best model, Table 1).

The achieved Balanced Accuracy of up to 0.8317 demonstrates the potential
of the GSP-ML pipeline for differentiating these ECG categories. While the dis-
tinction from the Healthy class benefits overall accuracy, this aspect should be
interpreted in light of the aforementioned dataset differences. Nevertheless, this
performance represents a substantial improvement over simpler heuristic base-
lines relying solely on QRS duration or basic morphology criteria (9). However, a
comprehensive assessment of this pathway’s true standing requires direct bench-
marking against a wider range of contemporary state-of-the-art LBBB/sLBBB
detection algorithms reported in the literature (12; 63).

Contribution of GSP Feature Extraction This pathway effectively demon-
strates the benefit of explicitly modeling inter-lead electrophysiological relation-
ships as graph structures (32). The application of GSP-based filtering, particularly
with connectivity defined by PD and CC, appears successful in extracting physio-
logically relevant features reflecting cardiac synchrony and dyssynchrony. The low-
pass graph filtering (retaining Nyogqes = 6 components) likely emphasizes global
activation patterns and coherent variations across leads, rather than focusing on
purely local, single-lead features (56).
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Limitations of the GSP-ML Pathway While promising, this pathway has
several limitations. The primary one, as discussed, is the residual difficulty in ro-
bustly discriminating LBBB from sLBBB. Secondly, the features generated through
GFT followed by PCA, while effective, offer limited direct clinical interpretabil-
ity; understanding precisely which electrophysiological phenomena are captured
by the top principal components can be challenging. Thirdly, while the 200-split
validation demonstrates robustness on the current dataset, generalization to en-
tirely new, unseen datasets from different clinical settings or demographics requires
further investigation. The aforementioned dataset heterogeneity is a key aspect of
this limitation.

Concluding Remarks and Future Directions for Pathway 1 The GSP-ML
pathway proves to be a viable and robust method for automated LBBB/sLBBB
classification, achieving a Mean Balanced Accuracy of up to 0.8317. The results
highlight the superiority of connectivity measures that capture temporal and phase
dynamics (PD, CC) and the effectiveness of SVM classifiers for this task. Future
research for this pathway should focus on several areas:

« Enhanced Feature Engineering: Exploring combinations of features derived
from different connectivity methods (PC, CC, PD) simultaneously, or incorpo-
rating other graph-theoretical measures.

e Advanced Classifiers: Benchmarking against and potentially integrating
more recent and sophisticated supervised machine learning algorithms. This in-
cludes exploring Neural Dynamic Classification (24), Dynamic Ensemble Learn-
ing algorithms (25), Finite Element Machines for fast learning (26), and tech-
niques leveraging self-supervised learning (27; 28).

o Interpretability: Investigating methods to improve the interpretability of
GSP-derived features.

o Comparative Studies: Conducting direct comparisons with a broader range
of existing LBBB/sLBBB detection algorithms, including those based on dif-
ferent signal processing or machine learning paradigms (12).

o Alternative Graph Representations and GNNs: While Pathway 2 ex-
plores CNNs on graph images, future extensions of Pathway 1 could directly
employ Graph Neural Networks (GNNs) on the constructed graphs (34; 33; 21),
which are inherently designed to learn from graph-structured data. Alternative
ECG representations, such as those explored by (22) or (19), could also be
considered in a graph context.

Addressing these areas could further enhance classification accuracy, particularly
for the challenging LBBB vs. sLBBB discrimination, and improve the clinical
applicability of GSP-based ECG analysis.
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2.8 Pathway 2: Graph-CNN Classification and Explain-
ability

The second pathway investigated in this study involved transforming the inter-lead
functional connectivity information into 2D image representations, which were sub-
sequently classified using a Convolutional Neural Network (CNN). This approach
aimed to harness the potent hierarchical feature extraction capabilities of CNNs for
graph-derived images (64) and to enhance model transparency through established
explainability techniques. The dataset specifically utilized for this pathway, after
ensuring valid adjacency matrix generation for all subjects across the three con-
nectivity methods (Pearson Correlation, Cross-Correlation, and Phase Difference),
comprised 786 recordings (Healthy: 300, LBBB: 184, sLBBB: 302). The perfor-
mance of CNNs operating on these graph-derived images was evaluated against a
baseline CNN that processed single-lead spectrogram images, representing a direct
ECG segment-to-image conversion strategy.

Image Representation of Graph Connectivity A critical step in this path-

way was the conversion of the 12 x 12 weighted adjacency matrix for each subject

(Apc, Acc, or App), derived from appropriately preprocessed 12-lead represen-

tative beats (using log-normalized signals for PC/PD and band-pass filtered sig-

nals for CC, as detailed in the Connectivity Matrix Calculation paragraph within

Section 2.4), into a single-channel grayscale image. This transformation was per-

formed as follows:

1. Logarithmic Scaling: The transformation A" = log(1 + A) was applied to
each adjacency matrix. This is a common technique to manage skewed data,
stabilize variance, and reduce the disproportionate impact of very high connec-
tivity values, thereby making relative differences in connectivity strengths more
apparent before subsequent normalization for image generation (32).

2. Min-Max Normalization: The logarithmically scaled matrix A’ was then
normalized to the range [0, 1]. This is a standard preprocessing step for image
data, ensuring that input pixel values to the CNN are within a consistent and
well-behaved range.

3. Resizing: The resultant 12 x 12 normalized matrix was resized to 224 x 224
pixels using bilinear interpolation (using cv2.INTER_LINEAR, as specified in
the Graph Representation as Image paragraph within Section 2.4). Bilinear
interpolation was selected as it provides a smoother image output compared to
nearest-neighbor methods and represents a computationally efficient compro-
mise for increasing spatial resolution for standard CNN input dimensions.

It is important to note that, unlike the graph filtering process in Pathway 1, no ex-

plicit value-based thresholding was applied to the adjacency matrices in Pathway 2

prior to their conversion into images. All calculated connectivity values (after the
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described scaling and normalization) were preserved to enable the CNN to learn po-
tentially complex patterns from the full spectrum of inter-lead relationships. The
specific parameters for these image generation steps (logarithmic scaling, min-max
normalization, bilinear interpolation) were chosen based on common practices in
signal-to-image conversion for deep learning applications and findings from initial
exploratory analyses, rather than an exhaustive hyperparameter optimization of
the image generation process itself, which could be an avenue for future refinement.

Performance of Graph-CNIN Models and Baseline The classification effi-
cacy of Pathway 2 was rigorously evaluated using a 5-fold stratified cross-validation
strategy. The detailed performance metrics for the CNNs operating on images
derived from Pearson Correlation (PC), Cross-Correlation (CC), and Phase Dif-
ference (PD) adjacency matrices, alongside the baseline spectrogram CNN, are
presented in Table 3. The CNN architecture employed for the graph-image classi-
fiers is detailed in Section 2.4 (under the CNN Architecture paragraph).

Table 3: Classification results for Pathway 2 (Graph-CNNs and Baseline Spec-
trogram CNN). Metrics are reported as Mean (rounded to two decimals). Best

graph-based CNN (highest BalAcc) is highlighted in bold.

Metric Pearson Cross-Corr. PhaseDiff Spectrogram
BalAcc 0.76 0.76 0.72 0.74
Acc 0.79 0.79 0.75 0.78
F1-H 0.97 0.97 0.93 0.95
F1-LBBB 0.56 0.57 0.53 0.48
F1-sLBBB 0.74 0.74 0.70 0.77
AUC-OvR 0.91 0.91 0.89 0.90
SD-BalAcc 0.03 0.05 0.04 0.03
SD-Acc 0.03 0.05 0.04 0.03

Abbreviations: BalAcc: Balanced Accuracy; Acc: Accuracy; F1-H: Fl-score Healthy; F1-LBBB:
F1l-score LBBB; F1-sLBBB: Fl-score sLBBB; AUC-OvR: macro-averaged AUC (One-vs-Rest); SD:
Standard Deviation.

Among the CNNs leveraging graph-derived images, the model utilizing im-
ages from Cross-Correlation (CC) adjacency matrices demonstrated the
highest Mean Balanced Accuracy (0.7646 £+ 0.0475). This performance was
marginally superior to the Pearson Correlation (PC) based CNN (0.7616+0.0261).
The Phase Difference (PD) based CNN exhibited a comparatively lower Mean Bal-
anced Accuracy (0.7233 £ 0.0360).
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The baseline model, which employed a simpler CNN architecture on spectro-
grams generated from a single ECG lead (Lead I), achieved a Mean Balanced
Accuracy of 0.7358 + 0.0285. This baseline is representative of fiducial-free, direct
ECG segment-to-2D image conversion methods, an increasingly explored strategy
in automated ECG analysis that avoids reliance on precise wave delineation and
has shown promise in various studies (65). The graph-CNNs, particularly those
based on CC and PC, showed competitive, and in terms of balanced accuracy,
slightly superior performance compared to this specific single-lead spectrogram
baseline, indicating that the encoded inter-lead relationship patterns within the
graph-derived images provide valuable discriminative information.

Analysis of Classification Performance and Comparison with Pathway
1 The best-performing graph-CNN model (Cross-Correlation CNN) yielded a
Mean Accuracy of 0.7938 4+ 0.0485. While this model identified the Healthy class
with high efficacy (F1l-score: 0.9721), the accurate differentiation between LBBB
and sLBBB classes remained the most significant challenge, as reflected by their
respective Fl-scores of 0.5742 for LBBB and 0.7383 for sLBBB. This difficulty
is further detailed by the aggregated confusion matrix for the Cross-Correlation
CNN model presented in Figure 5.

Confusion Matrix

Class Metrics

Healthy| 295 4 1

Healthy{ 98.3 1.7

LBBB 4 104 76 LBBB{ 56.5 435

True Label

sLBBB{ 74.5 255

sLBBB 8 69 225

TPR (%) FNR (%)

Healthy LBBB sLBBB
Predicted Label

Figure 5: Performance of the Cross-Correlation CNN model detailed via an ag-
gregated confusion matrix from 5-fold cross-validation (total N=786 subjects: 300
Healthy, 184 LBBB, 302 sLBBB). The matrix displays absolute counts for true
versus predicted labels. Corresponding True Positive Rates (TPR) and False Neg-
ative Rates (FNR) for each class are also presented graphically.

The confusion matrix highlights considerable overlap between the LBBB and
sLBBB classes. Specifically, 76 out of 184 LBBB instances (summed across the 5
test folds) were misclassified as sSLBBB, while 69 out of 302 sLBBB instances were
misclassified as LBBB. This underscores that the subtle distinctions underpinning
the strict LBBB criteria (9) are not fully resolved by the CNN when operating on
these image-based representations of graph connectivity.
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When juxtaposing the outcomes of Pathway 2 with those of Pathway 1 (GSP-
ML), the latter’s optimal model (PD + SVM) achieved a notably higher Mean
Balanced Accuracy (0.8317 4 0.0214) compared to the best Graph-CNN model
from Pathway 2 (CC-CNN, 0.7646 + 0.0475). This disparity suggests that, for
the current dataset and chosen model configurations, the features extracted via
GSP and classified by a conventional SVM were more effective in overall class
discrimination. Nevertheless, Pathway 2 offers a distinct methodological paradigm,
particularly concerning the potential for visual interpretation of the CNN’s learned
features.

Explainability using Grad-CAM To address the critical need for model inter-
pretability in clinical Al applications, Gradient-weighted Class Activation Mapping
(Grad-CAM) (37) was implemented. Grad-CAM generates heatmaps that visually
identify the regions within an input image—in this context, the specific inter-lead
connectivities within the 12 x 12 graph image—that were most influential in the
CNN'’s decision-making process for a given class. Figure 6 illustrates representative
Grad-CAM heatmaps (rendered using a JET colormap as per the analysis script)
for correctly classified examples from the Healthy, LBBB, and sLBBB groups,
across the three graph connectivity methods. The use of such saliency mapping
techniques is increasingly recognized as valuable for introspecting deep learning
models in medical image analysis and related fields (20).

Qualitatively, these heatmaps visually indicate which pairwise lead interactions
the CNN focused on. For Healthy subjects, the activations across all methods are
generally diffuse, possibly reflecting the overall coherence of normal cardiac conduc-
tion without strong localized points of discriminative stress for the CNN. However,
for LBBB and sLLBBB classifications, more distinct patterns emerge (Figure 6).

Specifically, images derived from Pearson Correlation and Phase Differ-
ence tend to elicit CNN activations that emphasize widespread, global connec-
tions, particularly highlighting interactions between frontal plane (limb) leads and
precordial leads, as well as strong inter-limb lead activations. Phase Difference,
consistent with its sensitivity to temporal phase shifts, generally shows broader
and more intense activation patterns across these connections compared to Pear-
son Correlation, potentially capturing more extensive alterations in electrical syn-
chrony. In contrast, images from Cross-Correlation appear to guide the CNN
to focus on patterns that include strong inter-precordial lead relationships (e.g.,
within V1-V3 or V4-V6, and between these groups), alongside significant inter-
actions between these precordial leads (especially V4-V6) and lateral limb leads
like I and aVL. This might reflect the CNN leveraging CC’s strength in identifying
morphological similarities and temporal shifts, which are key in localizing altered
ventricular activation sequences in LBBB and sLBBB (45). These observed differ-
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ences in activation foci across connectivity metrics underscore that each method
provides a unique electrophysiological perspective that the CNN learns to utilize
for discrimination. This visual feedback, while requiring careful interpretation, is
a valuable step towards demystifying the CNN’s decision process for this complex

classification task.

S e EroE—tmgne Ry
—§az>§>>>> '§;Z>>>;>>
s " 237

Pearson
222
SSESSSSSREa-
s
<<ttt
SOESSSSERER~
222
ssisestien

GRS

=
£
=
2
£
s
&)
7
s
é
2
9}
@
8
g
S
2
3
g
=}
P
2
2
=
=

e SO0
SESesoees SESESSOIeS
ceo) e

Figure 6: Grad-CAM heatmaps of CNN activation zones. Columns define subject
class (Healthy, LBBB, sSLBBB); rows define the connectivity metric (Pearson Cor-
relation, Cross-Correlation, or Phase Difference) for the input graph image. Dis-
played examples are correctly classified instances with high prediction confidence.
JET colormap (red indicates high importance, blue low) on 12 x 12 inter-lead con-
nectivity images (axes: standard ECG leads I-V6).

Discussion of Pathway 2 Strengths, Limitations, and Broader Context
Pathway 2’s methodology of transforming graph structures into an image domain
for CNN-based classification represents an innovative strategy. A primary strength
of this approach is its inherent potential for direct visual interpretability of model
decisions through techniques like Grad-CAM, thereby addressing the crucial re-
quirement for transparency in AI models intended for clinical settings. The adop-
tion of a 5-fold stratified cross-validation scheme for the 786 subjects (Healthy:
300, LBBB: 184, sLBBB: 302) provides an initial measure of the models’ robust-
ness and generalization capability on the available data. Standard practices such as
data augmentation (RandomOversampling of the training sets within each fold)
and regularization methods (Dropout, Early Stopping with restoration of best
weights) were implemented to mitigate the risk of overfitting, a common challenge
in the training of complex neural networks, especially with moderate-sized datasets
(18).

Despite these strengths, Pathway 2 exhibits several limitations. Firstly, the
overall classification performance, particularly in the challenging task of distin-
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guishing LBBB from sLBBB, did not surpass that achieved by Pathway 1. This
suggests that the conversion to an image format, while enabling the use of CNNs;,
might lead to a loss of some nuanced graph topological information that GSP-ML
could exploit, or that the chosen CNN architecture could be further optimized for
this specific type of image data. Secondly, the transformation of a compact 12 x 12
adjacency matrix into a much larger 224 x 224 image via bilinear interpolation,
while standard for many CNN inputs, could potentially introduce interpolated ar-
tifacts or obscure very fine-grained structural details. The performance of the CNN
is also intrinsically linked to the discriminative quality of the input graph images;
if the underlying connectivity metric does not effectively capture class-specific pat-
terns, the subsequent CNN classification will invariably be constrained.

Furthermore, as with Pathway 1, the heterogeneity of the data sources (Healthy
controls from a general ECG database versus LBBB/sLBBB patients with pre-
existing heart failure from the MADIT-CRT trial (10)) constitutes a potential
confounding factor that could impact the models’ generalization to different pa-
tient populations. Although class imbalance was addressed during the training
phase through oversampling and class weighting strategies, its residual impact on
multi-class performance, especially when dealing with subtly different subclasses
like LBBB and sLBBB, warrants continuous consideration. Advanced techniques,
such as those employing fuzzy deep neural networks for imbalanced multi-label
classification problems, might offer further improvements in such scenarios (23).

A comprehensive comparative analysis against a broader spectrum of state-
of-the-art LBBB/sLBBB detection methodologies, particularly those employing
deep learning, is still an essential future step. Our baseline (single-lead spectro-
gram CNN) offers one point of reference, aligning with fiducial-free ECG imaging
approaches (65). The observation that graph-CNNs (notably CC-CNN and PC-
CNN) achieved competitive or slightly improved balanced accuracy over this spe-
cific baseline suggests the added value of incorporating multi-lead inter-relationships,
even when transformed into an image.

Concluding Remarks and Future Directions for Pathway 2 The Graph-
CNN pathway (Pathway 2) successfully demonstrated the feasibility of classifying
LBBB and its strict variant by translating inter-lead cardiac electrophysiological
connectivity into an image format suitable for CNNs, achieving a peak Mean Bal-
anced Accuracy of 0.7646 with Cross-Correlation derived images. Although this
performance was quantitatively lower than the GSP-ML approach of Pathway 1,
Pathway 2 offers significant advantages in terms of providing visual insights into
model decision-making via Grad-CAM, thereby enhancing interpretability. The
precise differentiation between LBBB and sLBBB remains the primary area for
improvement. Future research avenues for this pathway include:
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Advanced CNN Architectures and Training Strategies: Investigating
more sophisticated CNN architectures, potentially incorporating attention mech-
anisms or transformer-based models adapted for image data. Furthermore,
Self-Supervised Learning (SSL) techniques could be explored for pre-training
the CNN component on larger, unlabeled ECG datasets, which may lead to
more robust and generalizable feature representations (27; 28).

Alternative Graph and Signal-to-Image Mappings: Investigation of di-
verse methodologies for the transformation of graph-derived connectivity infor-
mation or multi-lead ECG signals into optimized image representations. Such
explorations could encompass the application of alternative normalization and
scaling strategies for adjacency matrices, the evaluation of different interpola-
tion algorithms for image resizing to preserve salient features, or the develop-
ment of direct signal-to-image conversion techniques. Examples of the latter
include the construction of spatio-temporal image matrices by concatenating
the 12 lead segments (yielding dimensions of 12 X Ngampies) Prior to resizing, or
the utilization of methods such as Recurrence Plots to generate textural image
representations that effectively encode complex temporal dynamics inherent in
the signals.

Direct Graph Neural Network (GNN) Application: An important re-
search direction, consistent with advancements in graph machine learning, in-
volves the direct application of Graph Neural Networks (GNNs) to the con-
structed functional connectivity graphs (PC, CC, PD) (34; 35; 21). This ap-
proach would obviate the image conversion step, potentially enabling superior
preservation of intricate graph topological information and allowing the leverage
of architectures specifically engineered for graph-structured data.

Enhanced Explainability Techniques: Augmenting Grad-CAM with other
explainability methods, such as SHAP (SHapley Additive exPlanations) (38),
could provide more granular, feature-level (or "pixel-level" for the graph images)
importance scores, offering deeper insights into the model’s behavior.

Robust Validation and Comprehensive Benchmarking: Conducting rig-
orous testing on larger, diverse, and fully external datasets is imperative to as-
certain the true generalizability of the models. Additionally, systematic bench-
marking against a wider array of contemporary LBBB/sLBBB detection algo-
rithms reported in the literature is necessary.

Hybrid Model Development: Investigating the potential of fusing features
learned via the GSP-ML pathway (Pathway 1) with those extracted by the
Graph-CNN pathway (Pathway 2) to create synergistic hybrid models that
might offer enhanced classification accuracy and robustness.

Systematic exploration of these directions could significantly refine the Graph-
CNN approach, improving its discriminatory capabilities for challenging LBBB
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sub-typing and bolstering its potential for clinical translation.

3 4. Conclusions

This study developed and comparatively evaluated two distinct graph-theory-
based methodologies for the automated classification of 12-lead ECG signals into
healthy, Left Bundle Branch Block (LBBB), and strict LBBB (sLBBB) categories.
The overarching goal was to enhance risk stratification and aid in the selection of
candidates for Cardiac Resynchronization Therapy (CRT).

The first pathway, leveraging Graph Signal Processing (GSP) for feature extrac-
tion and employing traditional machine learning (ML) classifiers, demonstrated
superior overall classification accuracy. Specifically, a Support Vector Machine
(SVM) model, utilizing features derived from graphs constructed via Phase Differ-
ence (PD) connectivity, achieved the highest mean Balanced Accuracy of 0.8317.
This approach underscored the efficacy of graph spectral features, particularly
those derived from connectivity metrics capturing temporal and phase dynamics,
in discriminating altered cardiac conduction patterns.

The second pathway transformed inter-lead functional connectivity matrices
into 2D image representations for classification by a Convolutional Neural Net-
work (CNN), integrating eXplainable Al (XAI) through Gradient-weighted Class
Activation Mapping (Grad-CAM). While this pathway yielded a mean Balanced
Accuracy of 0.7646 with Cross-Correlation-derived images, its significant contri-
bution lies in providing visual interpretability. Grad-CAM highlighted the specific
inter-lead interactions most influential to the CNN’s diagnostic decisions, thereby
enhancing model transparency.

A critical finding common to both pathways is that while the models effectively
distinguished healthy subjects from those with LBBB or sLBBB, the precise dif-
ferentiation between the LBBB and sLBBB subtypes remains the most substantial
challenge. This study contributes to the field by demonstrating the distinct ad-
vantages and trade-offs of these graph-based approaches: the GSP-ML pathway
offers higher diagnostic accuracy, while the Graph-CNN pathway provides crucial
interpretability for potential clinical adoption.

Future research should focus on refining these methodologies. This includes
exploring hybrid models that synergize the strengths of both pathways, incor-
porating more advanced graph representation learning techniques such as direct
Graph Neural Network (GNN) applications, and conducting rigorous validation
on larger, more diverse, and external datasets. Such advancements are essential to
translate these promising techniques into robust clinical tools capable of improving
CRT candidate selection and ultimately, patient outcomes.
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