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Abstract

Left Bundle Branch Block (LBBB) diagnosis is crucial for patient strat-
ification and the selection of individuals who are likely to respond to Car-
diac Resynchronization Therapy (CRT). The pathophysiological distinction
between LBBB and strict LBBB (sLBBB) is investigated in this research with
a view to optimizing diagnostic criteria and therapy. Data were retrieved from
the E-OTH-12-0602-024 database of the Telemetric and Holter ECG Ware-
house (THEW) and the Large-Scale 12-Lead Electrocardiogram Dataset. The
ECG signals were transformed into the vectorcardiographic (VCG) domain,
where QRS loops were divided into two halves at the time of the velocity peak
computed over the discrete derivates of the x, y, and z leads. From each half,
QRS angles and maximal norms were extracted in all VCG planes. Further-
more, features representing relations between VCG peak velocity and VCG
fiducial points were extracted. These were used to train a series of machine
learning models for classification into Healthy, LBBB, and sLBBB categories.
The analysis identified four most significant features that best discriminated
between the classes: (1) peak velocity time relative to QRS onset and offset,
(2) maximum amplitude of the initial portion of the QRS loop in the frontal
plane, and (3) QRS angle in the horizontal plane. The reduced set of patho-
physiological features preserved essential differences in conduction dynamics
and electrical disturbances among the three groups. In particular, the time
from velocity peak to QRS offset was the most discriminative feature, with pro-
gressive prolongation from Healthy to LBBB to sLBBB classes. This reduced
4-feature set achieved an accuracy of 0.85 and an Fl-score of 0.83, which was
on par with 15-feature-based models. Finally, the integration of explainable
artificial intelligence (xAl) into these simplified models enabled the derivation
of transparent diagnostic rules for LBBB, improving clinical interpretability
and supporting more reliable diagnostic decisions.
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1 1. Introduction

The definition of strict left bundle branch block (LBBB) was first introduced by
Strauss in 2011 based on the analysis of the ECG phenotypes of patients who signifi-
cantly benefited from cardiac resynchronization therapy (CRT) in the MADIT-CRT
trial (1). This subgroup exhibited specific characteristics including a QRS duration
>140 ms in men or >130 ms in women, QS- or rS-configurations of the QRS complex
in leads V1 and V2, and mid-QRS notching or slurring in >2 of leads V1, V2, V5,
V6, I, and aVL(2). Since then, the diagnosis of strict LBBB has emerged as a potent
predictor of CRT efficacy.

The objective of this study is to investigate the pathophysiological aspects as-
sociated with left bundle branch block (LBBB) and strict left bundle branch block
(sLBBB), aiming to refine treatment strategies and improve clinical outcomes in
patients affected by these conditions.

Incorporating findings related to maximum conduction velocity might provide
important insights. Understanding whether LBBB shows delayed peak conduction
velocity compared to SLBBB could imply a more proximal occurrence of these blocks,
with profound clinical implications. Confirmation of such distinctions would not only
deepen our understanding of the underlying mechanisms but also their associations
with underlying heart diseases.

While refining treatment strategies may be a longer-term outcome, the immediate
value lies in advancing our physiological understanding of LBBB and sLBBB. This
could pave the way for more targeted therapies, thereby enhancing clinical practice
and patient outcomes.

1.1 Related Work and Contribution

The differentiation of Left Bundle Branch Block (LBBB) from its strict subtype
(sLBBB) is a critical challenge in cardiology, as it directly impacts the selection of
patients for Cardiac Resynchronization Therapy (CRT) (1). While strict electro-
cardiographic criteria were introduced to identify patients more likely to respond to
CRT, their application can be subjective and may not fully capture the underlying
electrophysiological dynamics (3). Moreover, a more accurate LBBB diagnosis might
help identify candidates for other cardiac stimulation schemes, such as His bundle
pacing or other biventricular configurations (4; 5).



To address these challenges, many studies have turned to machine learning (ML)
and deep learning (DL) for the automated analysis of ECG signals (6; 7; 8; 9; 10). The
field has seen significant advances in computational methods for cardiac monitoring,
ranging from mobile cardiac monitoring systems (8) to sophisticated prediction mod-
els for sudden cardiac death (9; 10). Initial efforts in automated sLBBB detection,
such as those presented in the International Society for Computerized Electrocar-
diology (ISCE) initiative, reported accuracies around 82% (2), demonstrating the
potential of computational approaches.

However, a significant limitation of many advanced models is their "black box"
nature. This lack of transparency makes it difficult for clinicians to understand the
reasoning behind a diagnosis, which hinders clinical trust and adoption (11; 12). In
response, the field of Explainable Artificial Intelligence (xAI) has become crucial
across various medical domains, including EEG analysis for impulsivity classification
(13), cognitive impairment assessment through clock drawing tests (14), neonatal
seizure detection (15), and Alzheimer’s disease evaluation (16).

Recent works have begun to incorporate explainability into LBBB classification.
For instance, Macas et al. (2024) developed a system using a reduced set of bio-
inspired features derived from the vectorcardiogram (VCG), such as QRS-T angles
and areas. They employed XAI techniques like SHAP to provide feature-level expla-
nations, successfully identifying the most influential parameters for a ternary classifi-
cation task (Healthy, LBBB, sLBBB) and achieving an accuracy of up to 82.63%.
While providing valuable insights into feature importance, this approach’s explana-
tions are based on feature attribution scores, which can still be complex to interpret
directly in a clinical workflow (17).

Concurrently, novel signal representation methods and advanced learning algo-
rithms have been explored. Graph theory has emerged as a powerful paradigm to
model the complex inter-lead relationships within a 12-lead ECG. In this line, Macas
Ordoéniez et al. (2025) proposed and compared two distinct graph-based methodolo-
gies. The first approach, using Graph Signal Processing (GSP) and a Support Vector
Machine, achieved superior diagnostic accuracy (mean balanced accuracy of 0.8317)
by leveraging features from the graph spectral domain, although these features can
be difficult to interpret clinically. The second approach converted connectivity ma-
trices into images for a Convolutional Neural Network (CNN), incorporating xAl via
Grad-CAM to visualize the inter-lead interactions influencing the model’s decision.
While this second method offered enhanced visual interpretability, its accuracy was
lower, and like other xAI methods, it did not generate simple, direct clinical rules
(18).

The field has also seen advances in neural dynamic classification algorithms (19),



finite element machines for fast learning (20), dynamic ensemble learning (21), and
self-supervised learning approaches for electrophysiological data (22). However, while
these previous works have made significant strides, a gap remains in developing a
method that is both highly accurate and provides explanations in the form of simple,
verifiable rules specifically for LBBB differentiation.

Our current study addresses this gap by introducing a framework that leverages
a novel set of VCG features based on conduction velocity dynamics, specifically
the timing of the peak velocity (ty,,,.). Our main contribution is the subsequent
application of advanced xAl techniques, such as the Anchors method, to distill the
model’s complex decision-making process into a concise set of high-precision, human-
readable rules. This approach moves beyond feature importance scores or complex
spectral analysis to provide clinicians with transparent, physiologically grounded,
and directly applicable criteria for distinguishing between Healthy, LBBB, and
sLBBB patients, bridging the gap between predictive accuracy and true clinical
interpretability.

Relative to our 2023 ICAE study (Macas et all, 2023), the present work in-
troduces: (i) a velocity-based VCG loop segmentation (d1/d2) that yields physio-
logically grounded features; (ii) a 4-feature model that attains comparable perfor-
mance to the 15-feature set while improving interpretability; (iii) consolidated, high-
precision Anchor rules that provide global rule sets from local explanations; and (iv)
by-class xAl analyses and spectral clustering that align with Strauss-defined pheno-
types. Together these advances reduce model complexity, improve transparency, and
sharpen physiologic insight.

2 2. Materials and Methods

The overall workflow of the methodology, from data preprocessing to model inter-
pretation, is summarized in Figure 1. Two databases were utilized in this study.
The first database, E-OTH-12-0602-024 (23), was obtained from the Telemetric and
Holter ECG Warehouse (THEW) as part of the initiative of the International Soci-
ety for Computerized Electrocardiology (ISCE) in 2018 (2). This database comprises
602 ECG records from the MADIT-CRT clinical trial, conducted at the University
of Rochester (Rochester, NY). It includes 331 cases of strict left bundle branch block
(sLBBB) and 192 cases of incomplete LBBB and 79 cases of other cardiopathies
(noLBBB), each recording with a duration of 10 seconds, sampled at a frequency
of 1 kHz with an amplitude resolution of 3.751V. The noLBBDB class was ruled
out from analysis because it contained extremely heterogeneous pathologies. Also,
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a preliminary analysis of the dataset revealed the presence of 41 duplicate cases in
this dataset, 36 of which corresponded to the LBBB and sLBBB classes used in
this study. We identified the 36 exact duplicate pairs and retained only one instance
per pair, resulting in 184 LBBB and 302 sLBBB records. Due to the anonymiza-
tion requirements of the database, it was not possible to determine if any records
belonged to the same patient at different stages of the pathology (e.g., progressing
from LBBB to sLBBB).

The second database, a Large Scale 12-lead Electrocardiogram Database for Ar-
rhythmia Study from PhysioNet (24), includes ECGs from 45,152 patients in resting
conditions, encompassing 64 different types of arrhythmias as well as healthy ECG
records. The data were collected from Shaoxing People’s Hospital and Ningbo First
Hospital. The ECGs are sampled at 500 Hz and have a duration of 10 seconds.
From this database, 299 randomly selected ECG records of healthy subjects were
extracted.
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2.1 ECG Preprocessing

To ensure consistency in the analysis, all signals were resampled to 200 Hz. The ECG
data were transformed into the vectorcardiographic (VCG) space using the inverse
Dower matrix (25) and the derived VCG signals were delineated using a wavelet-
based algorithm implemented with the WT-delineator library in Python (26). This
algorithm identified the onset and offset of the QRS complex, enabling the construc-
tion of QRS loops. For ECGs with abnormal morphologies, manual corrections were
frequently necessary to ensure accurate delineation. For each patient, a unique mean
loop was obtain by averging loops across all beats. From these mean loops, a set of
15 features were derived, as explained in the following sections.

2.1.1 Cardiac Velocity and loop segmentation

Cardiac velocity V (t) was computed as the norm of the discrete derivatives of the
VCG leads z(t),y(t), and z(t). Afterwards, the time to peak (argmax;[V(t)]) was
estimated. This time reflects the instant when the instantaneous velocity reaches its
maximum amplitude and was used to partition the VCG loops into two halves, as
explained below.

Once the time of maximum velocity ty, . during the QRS complex was found,
segmentation occurred as follows. The first segment, d;, spanned from the onset of
the QRS complex to the time of maximum velocity ¢y, . This period is characterized
by rapid depolarization and high velocity, indicating early ventricular activation. The
second section, dy, extended from the time of maximum velocity ¢y, ,, to the offset of
the QRS complex. This interval represents the slower repolarization processes. The
separation of these segments is detailed in Figure 3a. Here, the segmentation for lead
z is depicted according to the three fiducial points, tQrs onset; tQRS offset and ty;.. .
Consistently, the segmentation on the loops is shown in Figure 3b, for the xz plane
in the case of a Healthy subject, while the LBBB and sLBBB counterparts are
shown in Figure 3c and Figure 3d respectively. The features peak velocity intervals,
mazximum norms and QRS angles were then computed for each half of the VCG
waveforms and loops, totaling 15 features.

2.1.2 Peak velocity intervals

Based on the time for peak velocity ¢y, . obtained, three temporal parameters were
constructed. The first temporal parameter was ty,,  itself, while the remaining two
Wiax—QRS onset and tQRrs, Frset—Vinax AT€ references of the time for peak velocity with



respect to the fiducial points tors onset and tQrs offset respectively.

thax—QRSonset = thax - tQRSﬁonset (1)

QRSoffset — tmax = tQRS of fset — tWinax (2)

Figure 2 depicts the intervals constructed from the VCG fiducial points (Q RSy set
and QRS,frser) and the time of peak velocity Ty,,,.. In this particular example, lead
z (green) is shown simultaneously to cardiac velocity (blue). Notice the stretch-
ing of the QRS,ffset-1Vv;,,, or the shortening of the Ty,  -QRSonse: intervals with
conduction impairment.

2.1.3 Maximum Norms

For each time ¢; within the intervals d; and dy, the magnitude of the VCG vector in
the zy plane, ||v,,(t;)||, was calculated as:

Vay (81 = /2(t))2 + y(t;)? (3)

The calculated norms were divided into two groups corresponding to the d; and
ds intervals and the respective maximum norm for each interval was obtained as
follows:

max

HvdlzyH = n}fax ”me(tj)H for tj € [tQRsionseta thax]
J

(4)
[Vazzyll = max [|ve, ()] for tj € [ty tars offset]
J

These maximum norms represent the dominant vectors in d; and dy. Similar
computations were applied to the zz and yz planes.

2.1.4 QRS Angles

max

The angle g4, between the dominant vector vi7 , extending from the origin of the
VCG loop to the point of maximum norm |[vii% ||, and the horizontal axis, was
determined using the dot product:

(180) arccos ( Vi, ) )
Pdyay = | —— ) ar Tmax 111
AN vyl - (1]

dizy

where i represents the unit vector along the horizontal axis x. The angle 4, was
calculated similarly for the vector vy and planes xz and yz.



Figure 3 shows a representative example of loop segmentation based on peak
velocity for the three classes. Notice how the d2 segment (blue) grows with pathology,
from Healthy to sLBBB. Also, note the characteristic rotation of the loop in the
xz plane for the sLBBB class.
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Figure 2: Comparison of VCG lead z morphology (top traces) and electrical con-
duction velocity constructed over the norm of the z,y, z discrete derivatives (bot-
tom traces) for representative patients: a) Healthy, b) LBBB, and c¢) sLBBB.
Panel a) illustrates the segmentation. The time from peak velocity to QRS offset
(tQRS,;poer — tVimax) Visibly increases from Healthy to sLBBB.

2.2 Data conditioning for Machine Learning models

We initiated the process with a tabular dataset comprising 785 rows and 16 columns.
Each of the 785 rows represented a unique patient, characterized by 15 features
and a label column indicating the class, which was assigned one of three values: 0,
1, and 2 representing the categories Healthy, LBBB, and sLBBB, respectively.
The distribution of subjects was balanced by class, with 299 Healthy, 184 LBBB,
and 302 sLBBB. Therefore, no synthetic resampling or class-weighting technique
was applied in order to preserve the natural composition of the clinically validated
dataset.

Six out of fifteen features accounted for maximum norms at d; and dy in planes
xy, rz and yz. Another six features consisted of QRS angles at d; and ds in ev-
ery plane, and finally, the last three features were time-related ones, consisting
of the time for peak velocity ty,, ., the interval from the beginning of the QRS
to vt tWima—QRS onset @and the interval from the time for ¢y, .. to QRS offset:
QRSoffset = tWinas-



Following the feature engineering stage, we proceeded to a multicollinearity detec-
tion phase. Multicollinearity is detrimental to machine learning models as it can
lead to unstable and unreliable estimates, inflated standard errors, and difficulties in
interpreting the importance of individual predictors. To address this, we conducted
a correlation analysis of the features and calculated the Variance Inflation Factor
(VIF). VIF quantifies how much the variance of a regression coefficient increases due
to multicollinearity among predictors, thereby measuring the extent of redundancy
in the model (27). High VIF values indicate strong correlations between predic-
tors and suggest the need for feature removal or transformation to stabilize model
interpretation.

2.3 Statistical Analysis

To assess statistical differences in the QRS angles ¢4, and ¢4, in every plane, maxi-
mum norms ||vie || and [[vigy || in every plane and ty,,,. intervals between Healthy
subjects and those patients with LBBB or sLBBB, we performed a non-parametric
Kruskal-Wallis test. The Dunn’s test with Holm-Bonferroni correction was then
employed for post-hoc pairwise comparisons when Kruskal-Wallis showed significant

differences. Statistical significance was considered for p < 0.05.

3 3. Results

The segmentation of the VCG waveforms and loops produced clearly separated pat-
terns across Healthy, LBBB and sLBBDB patients. In healthy subjects, the time
for peak velocity appeared in the delayed portions of the QRS complex, with a mean
of 50 ms before QRS offset on average. This produced d; intervals much longer
than their dy counterparts. Conversely, the time for peak velocity of L BB B patients
appeared earlier and those of sLBBB even much earlier, at a mean of 91 ms and
134 ms with respect to the QRS offset, respectively. Figure 2a, Figure 2b, Figure 2¢
compare lead x and electrical conduction velocity for those patients chosen in Fig-
ure 2. Once again, the increasingly longer tv, .. QRrs, ;... 15 evident from Healthy to
sLBBB patients. A significantly extended d, interval might indicate a more proximal
disruption in electrical conduction. These findings highlight differences in electrical
conduction dynamics among the groups, consistent with the variations observed in
the previously described VCG loops.

In addition, to compare ty, . loop segmentation among the three classes analyzed,
Figure 3 presents a paradigmatic segmented VCG loop for each cardiac condition: a

Healthy subject (Figure 3b), a LBBB (Figure 3c), and a sLBBB patient (Figure



3d). In panel 3b, d; is the longest segment, reflecting preserved velocity activation
during ventricular depolarization. In contrast, panel 3¢ shows a shorter d; interval,
indicating a premature delay in ventricular conduction for this representative LBBB
subject. Consistently, Panel 3d demonstrates an even shorter d; segment, signifying
even more premature conduction impairment for a paradigmatic sLBBB patient.
The opposite occurred with dy intervals. Panel 3b presents the shortest duration,
indicating a rapid transition from ¢y, . to the QRS offset. Conversely, in the LBBB
patient (panel 3c), the dy segment is longer, and even longer in the sLBBB patient
(panel 3d), suggesting a progressively slower transition. These findings highlight
critical differences in QRS complex dynamics among the groups.

Consistently, Figure 4 represents the generalization of Figure 2 to the entire
population. Here, an increasing QRS,ffset — tvi,., can be noted from Healthy to
sL.BBB passing through the LB BB classes. This measure was significantly different
in pairwise comparisons among all three classes by the Dunn’s test with Bonferroni
correction, following the Kruskal-Wallis test.

Figure 5a shows the boxplots of the maximum norms from V., to the end of the
QRS complex. A statistical analysis of these norms was conducted among the groups
of subjects with LBBB, sLBBB, and Healthy controls, using the Kruskal-Wallis
test and Dunn’s post-hoc test with Bonferroni correction. The Kruskal-Wallis test for
d; yielded a statistic H = 364.84 with a p-value < 5.98 x 1078, indicating significant
differences between the groups. The Dunn’s test with Holm-Bonferroni correction for
dy revealed significant differences between Healthy and LBBB subjects (p = 7.24e-
30), Healthy and sLBBB (p = 1.65e-78), and LBBB and sLBBB (p = 3.06e-06).
For dy, the Kruskal-Wallis test showed H = 93.98 with a p-value < 3.91 x 1072%.
The Dunn’s test with Holm-Bonferroni correction indicated significant differences
between Healthy and LBBB (p = 1.36e-12) and between Healthy and sLBBB
(p = 5.26e-19), while no significant differences were observed between LBBB and
sLBBB (p = 1.00).

Analogously, Figure 5b illustrates the statistical analysis of QRS angles in the xz
plane, showing significant differences among the study groups: Healthy, with left
bundle branch block (LBBB), and with strict left bundle branch block (sLBBB),
evaluated at two distinct time points (d; and dy). The Kruskal-Wallis test for d;
revealed a statistic H = 434.57 with a p-value < 4.32 x 107%, indicating substantial
variability between groups. Dunn’s post-hoc tests highlighted significant differences
between LBBB and sLBBB (p = 1.06e-79), as well as between Healthy and LBBB
(p = 2.48e-59). However, for dy, the analysis found no significant differences (p =
0.39).

10



3.1 Identification of relevant Bio-inspired Features

In the context of classification models, situations where two or more features are
highly correlated with each other can lead to several issues that affect the perfor-
mance and interpretation of the model. Our multicollinearity analysis revealed high
correlations (exceeding 75% in some cases) between several maximum norms and an-
gles, respectively. Consequently, we decided to eliminate some of these features. To
determine which ones to remove, we defined and fitted several basic models (based
on XGBoost and Random Forest) and performed a feature importance analysis using
various methods (SHAP Feature Importance (28), Random Forest Split Entropy Im-
portance (29) and Univariate Selection Tests (30), among others. This comprehensive
approach ensured that we retained the most informative features while mitigating
the effects of multicollinearity on our models.

Feature elimination was conducted in multiple complementary steps to ensure
statistical rigor. First, pairwise correlations were inspected, and one feature of each
pair with || > 0.75 was removed. The Variance Inflation Factor (VIF) was then
computed for the remaining features, and only those with extremely high VIF values
(VIF > 50) were excluded to preserve potentially informative but correlated features
for further analysis. Subsequently, several independent methods were applied to
evaluate feature relevance:

1. Random Forest feature importance, which ranks predictors according to
their mean contribution to impurity reduction across all decision trees, reflect-
ing how frequently and effectively each variable is used to split the data.

2. SHAP values, which quantify each feature’s mean marginal contribution to
the model prediction, allowing class-specific interpretability.

3. Univariate selection tests (ANOVA), which assess the statistical associa-
tion between each feature and the output class.

4. Recursive Feature Elimination (RFE) with cross-validation, a back-
ward selection procedure that iteratively removes the least important features
based on model performance. The cross-validation accuracy curve exhibited a
clear inflection (“elbow”) at four features, indicating that this number achieved
nearly the highest accuracy while minimizing model complexity.

Additionally, kernel density estimates (KDE) by class were inspected to confirm

discriminative patterns, particularly between L BB B and sLBBB. The final subset of
four features was selected by consensus among these methods, prioritizing variables
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recurrently ranked as most important and physiologically interpretable. This multi-
method approach aligns with the recommendations of Guyon and Elisseeff (31), who
emphasize that there is no single universally valid framework for feature selection.
Instead, combining complementary statistical, wrapper, and embedded methods pro-
vides a more robust and generalizable basis for selecting relevant predictors.

From the former analysis, we extracted a reduced set of just 4 features that
achieved comparable classification metrics as the full 15-feature dataset, as will be
explained in the next section. The reduced subset of features was composed of:

« the time of peak velocity to QRS onset (tv,...—0rs onset)

« the time of peak velocity to QRS offset (QRSosfset — tvia)

+ the maximum norm of the d; segment in the xy plane (||viy, )

« the angle of the d; dominant vector in the zz plane (¢4,..)

3.2 Models

To evaluate the performance of various machine learning models on our 15-feature
dataset, we employed an automated machine learning (AutoML) tool, specifically
PyCaret (32), to systematically assess a wide range of algorithms. Tree-based en-
semble models such as Random Forest, Gradient Boosting, and XGBoost were prior-
itized because extensive empirical evidence shows that they outperform deep neural
networks on structured, low-dimensional tabular datasets typical of biomedical stud-
ies (33; 34; 35). Deep learning architectures were not adopted since our dataset
comprised fewer than one thousand subjects, a regime where such models tend to
overfit and provide limited interpretability. The experimental setup utilized a 10-
fold cross-validation (CV) strategy with an 80/20 train-test split. We noticed a
notable superiority of ensemble-based decision tree models and gradient boosting
algorithms in this particular classification task. Specifically, the Gradient Boosting
Classifier (GBC) demonstrated the highest overall performance, achieving an accu-
racy of 0.8324, matched by its sensitivity, along with a precision of 0.8382 and an
F1-score of 0.8297. The same procedure was applied to the reduced 4-feature dataset
(described in the section “Identification of relevant Bio-inspired Features”), with the
results shown in Table 1. The outcomes were remarkably similar to those obtained
with the extended dataset, suggesting that the reduced 4-feature model retains the
discriminatory power of the extended dataset.

The reduction in dimensionality from 15 features to a mere 4, achieved with just
a small decrease in classification accuracy, represents a significant advancement in
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our research. Firstly, it facilitates the development of an explainable model, wherein
a concise set of rules can be derived to elucidate individual classification outcomes.
This interpretability is particularly important for medical practitioners and special-
ists who need to comprehend the reasoning behind each prediction. Secondly, the
reduced feature space enables a more tractable analysis of feature importance and
their global impact on the classification process. To this end, we employed state-of-
the-art interpretability techniques such as SHAP (SHapley Additive exPlanations)
and analogous methodologies, as will be seen in the next sections.

Table 1: Comparison of 4-feature Machine Learning Models.

Abrev. Model Accuracy Recall Prec. F1

et Extra Trees Classifier 0.8343  0.8343 0.8331 0.8281
ghc Gradient Boosting Classifier 0.8270  0.8270 0.8286 0.8244
rf Random Forest Classifier 0.8269  0.8269 0.8258 0.8211
lda Linear Discriminant Analysis 0.8216  0.8216 0.8151 0.8135
catboost  CatBoost Classifier 0.8178  0.8178 0.8183 0.8142
xgboost  Extreme Gradient Boosting 0.8124  0.8124 0.8134 0.8095
lightgbm Light Gradient Boosting Machine  0.8033  0.8033 0.8074 0.8030
qda Quadratic Discriminant Analysis 0.7997  0.7997 0.7989 0.7896
nb Naive Bayes 0.7906  0.7906 0.7893 0.7832
ada Ada Boost Classifier 0.7687  0.7687 0.7820 0.7707
dt Decision Tree Classifier 0.7505  0.7505 0.7606 0.7528
ridge Ridge Classifier 0.7233  0.7233 0.6297 0.6456
Ir Logistic Regression 0.7160  0.7160 0.6753 0.6823
knn K Neighbors Classifier 0.6811  0.6811 0.6496 0.6576
svm SVM - Linear Kernel 0.6141  0.6141 0.5567 0.5328

To obtain the definitive models, an ensemble of decision trees was employed,
optimized through a hyperparameter search across 864 candidate configurations using
5-fold CV. The results of this fine-tuning process for both the original and reduced
datasets are presented in Table 2, compared with the 15-feature model, the 4-feature
model showed small absolute decreases across metrics (e.g., accuracy 0.87 vs 0.85;
macro-F1 0.85 vs 0.83). Once again, it can be observed that the metrics obtained
by the optimized models are remarkably similar in both cases, with the 15-feature
model being slightly superior to the 4-feature model.

Although combinations of weaker classifiers in a meta-algorithmic or ensemble
framework could theoretically enhance predictive accuracy, such approaches were
not pursued in this work since our main objective was to preserve interpretabil-
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ity while maximizing accuracy. By restricting the model to a compact set of 15
features, reduced to only 4 with small performance loss, we ensured compatibility
with explainability techniques such as SHAP values and Anchors, which provide a
clearer physiological interpretation of model decisions. Increasing the complexity
of the model would likely reduce this clarity and hinder the extraction of clinically
meaningful rules.

Table 2: Comparison of final finetuned models.

Model Class Precision Sensitivity Fl-score Accuracy

rf-15feat 0 0.94 1.00 0.97 0.87
1 0.77 0.65 0.71
2 0.84 0.87 0.85

rf-4feat 0 0.95 0.97 0.96 0.85
1 0.72 0.70 0.71
2 0.83 0.83 0.83

3.3 Explainability

Explainable Artificial Intelligence (zAI) was utilized to gain insights into the indi-
vidual contributions of the four features contributing to the final model. Explainable
Al was incorporated as a central component of the study design. Beyond enhanc-
ing interpretability, the goal was to derive rule-based insights grounded in cardiac
electrophysiology, enabling clinicians to relate the model’s decisions to measurable
conduction phenomena. By means of these tools, we were able to define the specific
ranges for each feature and each class, as well as to define feature importance glob-
ally and by class. Moreover, we obtained sets of rules that explained the models’
decisions for individual and global instances. These rules proved to be very useful,
since they could be applied by the physician in a straightforward and simple way,
beyond any computational algorithm.

We can conclude via xAI that the most important feature for sLBBB classifica-
tion was QRSoffset — tva., While @q,,. was the most important feature for LBBB
classification.

To interpret the decision process of the classification models, we used SHAP
(SHapley Additive exPlanations) values, which quantify the contribution of each
feature to the model’s output for each individual prediction. SHAP assigns an addi-
tive importance value to each feature based on cooperative game theory, comparing
the model output with and without each feature.
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For each patient, the model prediction f(x) was decomposed as:
f(x) = E[f(2)] + Y_SHAP,

where E[f(z)] is the mean model output (baseline prediction) and SHAP; repre-
sents the contribution of the i-th feature to the deviation from the mean prediction.
In this study, SHAP values were computed using the TreeFxplainer algorithm for

the Random Forest model trained on the four selected features: ty; .. —tQrS s @2 offset —

thax Y vaia;(y H ? (10(11 xrz-

Figure 6 shows such feature importance by class, with the contribution for each
class visually grouped and labeled in the legend, for two different models. The
classification power for the Healthy class is plotted, with an area proportional to
its discrimination for each feature. Accordingly, other areas show the classification
power for the sLBBB class and for L BB B discrimination. It is important to remark
that this feature importance was present regardless of the model. In fact, the same
order of feature importance was determined on each model separately. Thus, both
models (XGboost and Random Forest) assessed Q RS, ffset — tv;,... as the best feature
for sLBBB classification, and ¢g,,, as the most important feature for LBBB on
both models. Regarding the third class, Healthy, discordance on the most important
feature was found when comparing the models.

Thanks to the use of explainable techniques, it becomes possible to infer the most
likely class of a given observation based on the specific range of values taken by each
of the four features. This relationship is clearly illustrated in the dependence plot,
where distinct classes occupy different regions of the feature space.

To further explore these inter-class differences, Figure 7 presents the distribution
of the feature QRSoffset—Tvmax across the three classes. As shown, the distribution
progressively shifts toward higher values as the class transitions from healthy to
LBBB and then to SLBBB. In particular, the healthy class can be characterized by
values between 0 and 0.08 ms, the LBBB class by values between 0.08 and 0.10 ms,
and the SLBBB class by values ranging from 0.10 to 0.16 ms. Notably, these ranges
are consistent with the simplified decision rules previously identified for the SLBBB
class (see Table 3).

3.4 Clustering

To evaluate whether these four physiological features tended to naturally group sim-
ilarly to Strauss criteria, we implemented a Spectral Clustering algorithm on these
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features and clustered them into three classes. The result is displayed in Figure
8. Here, samples for each class are represented in different colors for each pair of
features {tv,,.. — QRSonset VS QRS fset — tvya b for the upper panels and {pg, .-
vs [[vgiyy |} for the lower panels. The spectral clustering algorithm presented quite
similar classes as the Strauss criteria visually. To quantify this natural grouping of
the features, we computed the centroids for each cluster and compared them to the
actual grouping by Strauss criteria. Centroids for the Healthy true classes and their
corresponding clusters coincided for both pairs of features (upper and lower panels).
True and clustered classes for LBBB (class 1) however, presented the most distant
centroids, as can be seen in Figure 8, black square markers.

3.5 Anchors

The anchor method (36) is an x Al technique that explains individual predictions
of any black box classification model. Anchors provide rule-like explanations that
are easy to understand by highlighting parts of the input data that are sufficient to
"anchor" the model’s prediction. This means that changes in other feature values not
present in the rule predicates do not affect the prediction.

The method was explicitly designed to be highly precise, ensuring that the gener-
ated rules, when satisfied, lead to the same prediction with a (customizable) precision
level.

As an example, this is the Anchor obtained for samplel in our dataset:

IF (QRS,ffset — tvia, < 0.04 AND
Payz- < 37.37°) THEN
PREDICT: Healthy

WITH PRECISION: 0.9845

AND COVERAGE: 0.2428

Precision represents the relative number of correct predictions. In this case,
approximately 98% of the samples for which the anchor holds are classified as class
Healthy. The coverage refers to the proportion of instances that satisfy the anchor
conditions. By incorporating coverage, Anchors aim to produce explanations that
are not only precise but also sufficiently general to be meaningful and actionable for
human interpretation.

Anchor rules were generated in a stratified cross-validation setting to maximize
precision subject to coverage, then consolidated by removing duplicates and retaining
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rules with 95% precision and highest coverage. Thresholds (e.g., QRSofset — v, >
0.128; pa,e. < 37.37°) arise from this optimization, not from manual tuning. Table
3 shows rule precision, coverage, and the number of supporting samples.

However, Anchor Explanations provide local interpretability, meaning they ex-
plain individual predictions rather than the overall behavior of the model. In an
attempt to derive global explanations from local anchor-based interpretations, we
employed a novel consolidation approach. Initially, we generated anchors for all
samples in the dataset using the Anchor algorithm. The Anchor algorithm obtained
a total of 210 different anchors for the whole dataset. These local explanations were
then aggregated to obtain a reduced set of consolidated anchors representative of the
entire dataset.

The rule consolidation process involved several steps, such as removing duplicates
and incorrect predictions as well as retaining only those with over 95% precision and
the highest coverage. This final step resulted in just 27 rules (10, 14, and 3 for each
class, respectively). The reduced set of anchors obtained for the sLBBB class is
shown in Table 3, together with their respective precision, coverage and the number
of sLBBB samples that satisfied it. For example, approximately 50% of the samples
can be classified as sLBBB based solely on the condition that their QRS,ffset —tvi,..
is larger than 0.12. This fact is consistent with Figure. 6, identifying Q RS, fset —tvi,..
as the most important feature for the sL BB B class. Note also that for a more relaxed
threshold on QRS,ffset — tv;,.., the remaining 3 features need to be incorporated as
well, producing rules with less coverage. These feature combinations basically state
that the angle from the horizontal in the xz plane should be within the first quadrant,
or anatomically, in the posterior left quadrant (—7.94 < ¢g4,,. < 63.25), the time of
velocity peak should be located closer to the beginning than to the end of the QRS
complex (ty,,. > 0.08 and ty, . — QRSpnser < 0.04) and present a large maximum
instantaneous vector in the first segment of the loop (||viyy, || < 0.40). It is worth
remarking that the third rule at Table 3, includes negative angles for ¢g4,,., which
might seem inconsistent with the sLBBB definition. However, this rule stands for
just 11 patients, represented by the outliers shown in Figure 5b (sLBBB class).
This fact reminds us that anchors just explain the model predictions based on the
data we have, whether the data is "good enough" or not. Anchors simply construct a
predictive rule from these data and constrain its applicability with a coverage score.

4 4. Discussion

To improve the response to CRT, efforts were made to enhance the stimulation wave
using biphasic configurations (4) and designs inspired by neurostimulators (37), with-
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Table 3: Anchors for class sLBBB

anchor precision coverage # samples
[QRSoffset — tvmae > 0.12] 0.974 359 0.2237 154
(=794 < @Yaz: < 6325, QRS,ppsee — 0.960317 0.0507 37
tv... > 008ty — QRSonset <

0.04, []vigs: | < 0.40)

[(Cdyze < 3737,QRSoffset — tvpae > 0.955446 0.0221 11
0.08, ty0 — Q@RSonset < 0.04, ||viir || <

0.40]

out any success. Nowadays, a heavily explored approach for refining CRT is aimed
at improving the diagnosis of LBBB, by means of a more rigid definition created
empirically by Strauss (1). The strict Left Bundle Branch Block (LBBB) criteria de-
fined by Strauss in 2011 focus on specific electrocardiographic (ECG) characteristics
that predict a better response to Cardiac Resynchronization Therapy (CRT). These
criteria help identify patients who are more likely to benefit from CRT, focusing on
those with a true conduction block in the left bundle branch rather than other causes
of prolonged QRS duration. These criteria were designed to differentiate between
regular LBBB and "strict" LBBB, based on patient outcomes from the MADIT-CRT
trial.

In this paper, we sought to find VCG-based variables that tell us about the patho-
physiological differences, if any, underlying the Strauss criteria. To do this, we split
up the QRS loop into two, according to the peak velocity. This procedure seg-
mented the QRS loop into a first segment developed at preserved conduction, and
a second one, developed at a much lower, non-specific conduction. On these two
segments, variables such as the time of peak velocity referred to the QRS fiducial
points (QRSof fset = tinaes Winax — LQRSonser)» the angles ({@ayzz, Payay, Paiyz) and mod-
uli ([[varsy Il [[varells [IVisell) of the instantaneous vector on both loop segments in
each plane were analyzed. From the former variables, four parameters coincided to
provide the best classification performance with either an XGBoost or a Random
Forest model: QRS,pset — tinaxs imax — tQRSonsers || Viiiayll a0d 04,22 (see Figure 6).
From the vectorcardiographic point of view, a QRSoftset — tv,,.. that progressively
increases from Healthy subjects to sLBBB, passing through LBBB, expresses in a
very intuitive way the depolarization sequence in the three groups (Figure 4). That
is, under normal conditions, the electrical activation of both ventricles starts from
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their endocardial regions and spreads to the rest of the myocardium until depolar-
ization is complete in the basal septal and basal posterolateral segments of the left
ventricle, 80 msec after the depolarization has started. Conversely, in advanced left
bundle branch blocks, the activation sequence starts in the right ventricle and must
progress towards the LV through the interventricular septum (transeptal barrier)
until it reaches the endocardium of said ventricle, which requires 50 msec. The im-
pulse takes another 40-50 msec from the moment it reaches the left Purkinje system
and the endocardium of the high septum and basal posterolateral segment, to com-
plete the depolarization of said segments after 140 - 150 msec after the process has
started. In the vectorcardiographic analysis of the ventricular activation sequence
during LBBB, four phases are recorded, according to Perez Riera et al. (38). Pre-
cisely, phase III corresponds to the activation of the high septum and the basal
posterolateral segment of the LV and is responsible for the initial apex of the R wave
of the electrocardiogram in the left leads, and the nadir of the S wave in V; — V5. This
vector is processed slowly and is responsible for the delay of the mid-final forces of
the ECG (50 ms) to a great extent. The last phase (IV) corresponds to the afferent
branch of the QRS loop and is also of slow inscription. In the ECG, it represents
the second apex of the R wave in the left leads and the second nadir of the S wave
in V1-V2. These last two phases explain the notches or slurring in these electrocar-
diographic leads. In the present work, the QRS,ffset — tvi,., expresses this mid-final
delay after phase II of the VCG and precisely quantifies this delay. For LBBB, in
which the mid-late delay (phases III-IV) is not so great, the presence of a residual
condition in the left bundle branch, left ventricular hypertrophy or a combination
of left anterior hemiblock of the His bundle with left ventricular hypertrophy could
explain the findings for this group in the present work (39). Furthermore, the lack
of statistical significance observed in the dy angles (p = 0.39), in stark contrast to
the highly significant d; angles, suggests that the primary ventricular conduction
disturbances differentiating these groups occur early in the depolarization process.
The d, segment captures this initial, anomalous activation pathway, while the ds
segment represents the later, slower non-specific conduction phase, which appears to
be morphologically similar (in the zz plane) across all LBBB types once the main
block is established.

On the other had, the different AI tools implemented in this work support the same
concept: the LBBB class appears to be an intermediate state between the Healthy
and sLBBB conditions. This is reflected in several outcomes. First, all AI mod-
els yielded the poorest classification metrics for this class (see Table 2). Second, it
showed the lowest importance values (see Figure 6). Finally, it displayed the most
distant centroids in the clustering analysis (Figure 8), where the four physiological
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features were grouped in an unsupervised manner and contrasted with the actual
Strauss criteria classes. It is evident from Figure 8 that the features clustered simi-
larly to the actual classes, with centroids being fairly close for all classes except for
the LBBB group (class 1/cluster 1). This might suggest heterogeneity rather than a
single pathophysiological entity. Future work should explore sub-phenotyping within
LBBB using richer clinical covariates.

It is worth mentioning at this point, that the models tested in this piece of work pro-
duced ternary classification performances comparable to those binary classification
performances compiled in the International Society for Computerized Electrocardi-
ology in its initiative for automated LBBB detection in terms of accuracy, sensitivity
and precision (2). In this way, the best accuracy reported in the 7 participants group
was of 82% (with 69% sensitivity and 87% precision) (40). Moreover, with only these
4 features, we obtained better metrics than in a previous work, who utilized sets of
7 or 19 physiological features for a ternary classification scheme (17). It is crucial to
construct good models when attempting to explain them. Explainable Al is useful
and can be reliable only when the AT models themselves are useful and reliable (12)

4.1 Study limitations and future work

It is also important to contextualize our methodological approach. The primary goal
of this study was to isolate and validate a set of novel VCG features as fundamental
pathophysiological markers. To achieve this rigorously, our analysis was based on a
single representative beat per patient. This approach allows for the establishment of
a clear baseline, confirming with confidence that the observed discriminatory power
comes directly from the proposed features by controlling for the variable of inter-beat
dynamics. While this approach is complete for the stated objective, the analysis of
multiple beats represents a valuable subsequent step. In fact, the study of beat-to-
beat variability is the logical next step that builds upon the solid foundation we have
established. Analyzing the variance of our features could reveal "meta-features" with
important clinical information about the stability of the block or the severity of the
pathology, representing a very promising future line of research that stems directly
from our findings.

Finally, a novel approach to xAl was explored to provide a simplified set of rules
to quickly classify these three classes relying on the four physiological features (see
Table 3). It is important to note that Anchors do not necessarily incorporate all
features from the dataset, instead focusing on a select few. This characteristic im-
parts a sense of hierarchical importance to the rules governing model predictions.
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Moreover, consolidated Anchor rules can identify subsets of feature values that are
sufficient conditions for the model to return a particular classification, providing
a more granular understanding of feature interactions and their impact on model
outcomes. We strongly believe that this technique might enhance the transparency
and interpretability of AI models used in electrocardiology. However, this study is
retrospective and draws on two existing datasets with subsampling and occasional
manual delineation. Generalizability beyond these cohorts is unknown. In partic-
ular, it would be desirable to correlate the temporal features ty, . — QRS,nser and
QRS fset — v, With the activation patterns recorded during coronary mapping
in an electrophysiological study, to achieve a more robust experimental validation.
Thus, before any clinical implementation, prospective, multi-center validation with
pre-registered analysis is required, including calibration, decision-curve analysis, and
assessment of net clinical benefit.

Additionally, future work will include a systematic analysis of misclassified cases
to investigate whether these errors reflect physiological overlap or outlier behavior
within the LBBB and sLBBDB classes. Such analysis may help refine feature bound-
aries and improve the physiological interpretability of the classification model.

5 5. Conclusions

This study advances the understanding of the physiological differences between reg-
ular and strict Left Bundle Branch Block by analyzing vectorcardiographic data
using machine learning and explainable Al techniques, aligning with recent research
trends in the International Journal of Neural Systems that emphasize explainable
AT in medical applications (13; 14; 15; 16). Our work connects to the journal’s re-
cent focus on transparent machine learning for clinical decision support across various
medical domains, from EEG-based impulsivity classification to cognitive impairment
assessment and neonatal seizure detection.

This explainable Al framework offers several contributions to clinical practice.
Firstly, it improves diagnostic discrimination: The model identifies four key phys-
iological features (conduction velocity-related time intervals, maximum VCG loop
norm in the frontal plane, and QRS angle in the horizontal plane) that allow for ro-
bust differentiation between LBBB, sLBBB, and Healthy subjects, with accuracy
comparable to more complex models but with greater interpretability. Secondly,
simple and verifiable clinical rules are generated: Thanks to explainable artificial
intelligence (XAI) techniques, clear and practically applicable rules are derived, fa-
cilitating decision-making by the clinician without depending on "black box" models,
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similar to recent XAl approaches published in this journal (14; 15). The study
successfully identified a reduced set of four key features that classify these groups
effectively, with the latter features composing a set of three simple rules to represent
the sLBBB class with a mean precision of 96% of all samples fulfilling the rule.

Our methodological approach builds upon established computational cardiology
research (7; 8) while advancing the field through explainable AI. For future exten-
sions of this research, we plan to explore recently developed powerful classification
algorithms such as Neural Dynamic Classification (19), Finite Element Machines for
fast learning (20), Dynamic Ensemble Learning Algorithms (21), and self-supervised
learning approaches (22) that have shown promising results in electrophysiological
signal analysis. These advanced computational techniques could further enhance the
accuracy and robustness of our classification framework while maintaining clinical
interpretability.

The clinical implications of this work include potential improvements in select-
ing CRT candidates by accurately identifying sLBBB, which best predicts response
to CRT, thereby helping select patients with the greatest likelihood of benefit and
avoiding unnecessary interventions. More precise classification may also help iden-
tify candidates for other cardiac pacing modalities, such as His bundle pacing. While
this work remains a retrospective analysis requiring prospective validation, it pro-
vides a quantitative and transparent framework that could improve the diagnosis of
LBBB and sLBBB, facilitating accurate selection of CRT candidates and promoting
personalized, evidence-based medicine.

The submission of this work to the International Journal of Neural Systems is
justified by its alignment with the journal’s recent emphasis on explainable Al in
healthcare, its connection to advanced neural systems approaches for medical signal
analysis, and its contribution to the growing body of research that bridges machine
learning innovation with clinical applicability in cardiovascular medicine.
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Figure 3: a) Morphological segmentation of the VCG lead z according to the three
fiducial points QRSonset, @R Sofsser and ty,, . Vectorcardiographic loops segmented

into d; and dy intervals for b) Healthy, ¢

) LBBB, and d) sLBBB patients.
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Figure 4: Boxplot representation of time to peak velocity with respect to QRS offset
(QRSoffset — tvi,) for Healthy, LBBB, and sLBBB patients. * p < 0.05 among
all classes, from Dunn’s test with Bonferroni correction, following the Kruskal-Wallis
test.
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Figure 5: Boxplots for physiological features in Healthy, LBBB, and sLBBB
classes. (a) Dunn’s test with Bonferroni correction following Kruskal-Wallis. d1:
H = 364.84, p < 1.00e-95; d2: H = 93.98, p < 1.00e-20. Significant differences noted
for Healthy vs LBBB (p = 7.24¢-30) and Healthy vs sSLBBB (p = 1.65e-78) in d1;
Healthy vs LBBB (p = 1.36e-12) and Healthy vs sLBBB (p = 5.26e-19) in d2.
(b) Denotes significant differences (p < 0.05) for Healthy vs LBBB (p = 2.48e-59)
and Healthy vs sSLBBB (p = 1.06e-79), but not LBBB vs sLBBB (p = 1.00).
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Figure 6: Feature importances by class for a) RandomForest and b) XGboost classi-
fiers. Predictive power is represented by the length of the bars for each class (grouped
and labeled in the legend). Notice the consistency in feature importance comparing

both models.
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Figure 7: Dependence plots for feature QRS,¢fset — tvi,,, in the 4-feature Random
Forest model, for each of the 3 classes. Positive SHAP values indicate that the
corresponding feature values increase the model’s likelihood of predicting that class.
In this case, small values of QRS,ffset — tvi., (below 0.07) are positively associated
with the Healthy class, moderate values (0.07 — 0.11) contribute to LBBB, and
large values (above 0.12) contribute positively towards sLBBB class prediction,
while decreasing the probability of the other classes.
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Figure 8: Spectral cluster for Healthy, LBBB, and sLBBB patients based on the 4
physiological features. Samples are colored by class: Healthy samples (class/cluster
0), LBBB samples (class/cluster 1),and sLBBB samples (class/cluster 2). Cen-
troids are marked by solid squares. Note that both classes/clusters 0 and 2 show
very similar centroids, while class/cluster 1 does not.
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