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Abstract: Detection of cardiac abnormalities in 12-lead electrocardiograms (ECGs) requires
models that are both accurate and interpretable. In this work, we investigate the diagnostic
value of handcrafted inter-lead correlation features computed with Pearson, Spearman, and
Kendall coefficients. Using the PTB-XL dataset, we evaluate statistical methods and classical
machine learning methods on both binary (normal vs. abnormal) and multiclass (five diagnostic
categories) tasks. Results show that simple statistical descriptors achieve strong performance
in the binary setting and moderate performance in the multiclass setting. To interpret model
decisions, we apply SHAP and permutation feature importance, which consistently highlight
correlations between anatomically related leads as key predictors. These findings confirm that
inter-lead dependencies carry physiologically meaningful information and can be effectively
captured with simple, transparent models. While limited in their ability to represent nonlinear
or patient-specific dynamics, correlation-based features provide a strong, interpretable baseline
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and motivate further exploration of adaptive, data-driven approaches.
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1. INTRODUCTION

Cardiovascular diseases remain the leading cause of mor-
tality worldwide, underscoring the need for timely and reli-
able electrocardiogram (ECG) interpretation. Deep learn-
ing models have achieved impressive accuracy in ECG clas-
sification, but their limited interpretability remains a bar-
rier to clinical adoption (Esteva et al., 2019). Many mod-
ern approaches treat ECG channels independently or rely
on abstract features, which can obscure physiologically
meaningful relationships across the 12 standard leads. This
challenge has motivated research into interpretable ECG
classification, including the use of explanation methods
such as SHapley Additive exPlanations (SHAP) within
deep learning pipelines (Zhang et al., 2021; Anand et al.,
2022; Lundberg and Lee, 2017).

Clinical studies further emphasize the diagnostic impor-
tance of individual leads, sometimes overlooked in prac-
tice—for example, lead aVR in acute coronary syndromes
(Gorgels et al., 2001). More broadly, neglecting inter-lead
dependencies may hinder the detection of subtle or spa-
tially diffuse problems such as conduction delays or non-
ST-elevation myocardial infarction. Foundational work in
ECG monitoring has long shown that electrode placement
and inter-lead dependencies are crucial for correct inter-
pretation (Dash, 2002; Khunti, 2014). Early studies also
demonstrated that reduced-lead systems, when mathemat-
ically corrected, can approximate the diagnostic informa-
tion of the full 12-lead ECG (Pipberger et al., 1961; Trobec
and Tomasié, 2011; Tomasi¢ and Trobec, 2013), reinforcing
the value of cross-lead coherence.

We expect that normal ECGs exhibit stable inter-lead rela-
tionships, while pathological signals disrupt these patterns
in ways consistent with their anatomical origin. To evalu-
ate this hypothesis, we compute statistical correlations—
Pearson, Spearman, and Kendall—across all pairs of the
12 leads and use them as features for classification.

Our work makes three main contributions:

(1) Feature design and modeling. We propose a
feature set based exclusively on inter-lead correla-
tions and evaluate its predictive value using classical
machine learning models: Logistic Regression (LR),
Support Vector Machine (SVM), Gradient Boosting
(GB), and Random Forest (RF). These methods re-
main competitive baselines for ECG analysis (Jam-
bukia et al., 2015), and we show that correlation-
based features alone yield consistent performance in
both binary and multiclass tasks.

(2) Benchmarking on PTB-XL. We assess our ap-
proach on PTB-XL, one of the largest and most
widely used ECG datasets (Wagner et al., 2020).
While deep learning approaches on PTB-XL report
state-of-the-art performance (macro AUC > 93%)
(Anand et al., 2022), they often require millions of pa-
rameters and offer limited transparency. In contrast,
our correlation features enable lightweight classical
models that are both efficient and interpretable.

(3) Interpretability. We apply SHAP to highlight
which lead-pair correlations drive classification de-
cisions. Unlike deep models, where SHAP must be
applied post hoc to complex representations, our
features are intrinsically interpretable because each
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directly encodes a physiologically meaningful rela-
tionship between leads.

In the binary classification task (Normal vs. Abnormal),
our best models (SVM with RBF kernel and Random
Forest) achieve accuracies around 77% and ROC-AUC up
to 0.85, demonstrating that correlations capture discrim-
inative information even without waveform-level features.
In the multiclass setting, performance declines, with ac-
curacies between 55-65% and macro ROC-AUC values
around 0.80-0.82. While below deep learning results, our
framework highlights a useful trade-off: correlation-based
features with classical models remain computationally ef-
ficient, competitive, and highly interpretable.

We also find that correlation patterns differ clearly be-
tween normal and abnormal ECGs in ways consistent with
known cardiac anatomy. This aligns with prior evidence
that inter-lead relationships enhance both accuracy and in-
terpretability in ECG analysis (Ramli and Ahmad, 2003),
and extends earlier benchmarks on arrhythmia detection
(Clifford et al., 2017) by showing that correlation features
offer not only predictive value but also clinically meaning-
ful insights.

In this work, we model inter-lead dependencies using
simple, well-established statistical techniques to provide a
transparent and effective baseline for ECG classification.
Although deep neural networks achieve higher accuracy,
our results show that inter-lead correlation structures
already capture clinically meaningful information and can
guide future methods that learn channel-wise relationships
directly from raw ECG signals.

2. RELATED WORK

Deep learning has become the dominant paradigm for
automatic ECG interpretation, with numerous models re-
porting high performance on arrhythmia detection and
related tasks. For example, Zhang et al. (2021) proposed
an interpretable framework for 12-lead ECGs, achieving an
average F'1-score of 0.81 across nine arrhythmia classes and
outperforming traditional feature-based baselines. Simi-
larly, Anand et al. (2022) introduced a convolutional model
evaluated on PTB-XL, obtaining an AUC of 93.4% for
multi-class cardiac abnormality detection and 95.8% ac-
curacy on a benchmark arrhythmia dataset. Both studies
incorporated SHAP analysis to explain predictions, show-
ing that deep learning models can align decision-making
with clinically meaningful ECG features.

Despite these advances, a recurring limitation is that re-
ported accuracies are often condition-specific rather than
general across all pathologies. For instance, lightweight
CNN-LSTM architectures such as that of Alamatsaz et al.
(2024) achieve 98.2% accuracy on the MIT-BIH arrhyth-
mia dataset and atrial fibrillation recordings, but this per-
formance does not generalize to broader multi-condition
classification tasks. At a larger scale, Chen et al. (2019)
demonstrated that CNN-LSTMs could classify six ar-
rhythmia types from 7,000 12-lead ECGs, while the land-
mark study of Hannun et al. (2019) reported cardiologist-
level arrhythmia detection (AUC =~ 0.97, F1 = 0.837)
on over 90,000 ambulatory ECGs. These results confirm
the strong potential of deep neural networks but also

underline their reliance on large, well-curated datasets and
the difficulty of achieving uniformly high accuracy across
multiple cardiac conditions.

The importance of interpretability in medical Al has been
stressed across multiple clinical domains (Esteva et al.,
2019). SHAP (Lundberg and Lee, 2017), in particular, has
become a widely used explanation technique and has been
applied to ECG models (Zhang et al., 2021; Anand et al.,
2022). Broader surveys (Carvalho et al., 2019; Saranya
and Subhashini, 2023; Ayano et al., 2022; Saraswat et al.,
2022) highlight persistent issues, including the lack of
standardized evaluation metrics, the computational cost
of model explanations, and the gap between algorithmic
interpretability and clinical usability. These limitations
motivate the exploration of lightweight, domain-specific
approaches to enhance both practicality and clinical rele-
vance in ECG analysis.

Most existing studies treat the 12 ECG leads as paral-
lel input channels to neural networks, without explicitly
modeling correlations between them. While deep models
can extract abstract features, these representations are
constrained by the network architecture and may overlook
physiologically meaningful inter-lead relationships. Recent
work has suggested that explicitly incorporating cross-
lead dependencies could yield additional diagnostic value,
indicating a gap in approaches that rely solely on end-
to-end feature learning. Beyond classification accuracy,
several studies have also underscored the clinical impor-
tance of specific leads and their interactions. For example,
Gao et al. (2020) analyzed ECG morphology during left
bundle branch pacing and demonstrated how conduction
mechanisms manifest across multiple leads. Other research
has focused on reconstructing 12-lead ECGs from reduced-
lead systems, with modern methods achieving accurate
reconstructions using only three differential leads (Trobec
and Tomasi¢, 2011; Tomasi¢ and Trobec, 2013). Such find-
ings reinforce the importance of preserving lead integrity
and leveraging inter-lead dependencies to improve both
classification performance and clinical interpretability.

Before the widespread adoption of deep learning, a va-
riety of feature-based methods were developed for ECG
analysis. Surveys such as Jambukia et al. (2015) reviewed
feature extraction strategies (e.g., wavelets, morphological
descriptors) and traditional classifiers, identifying artificial
neural networks as among the most effective at the time.
Earlier decision support systems also investigated neural
models with confidence estimation; for instance, Holst
et al. (1999) reported an AUC of 0.887 for anterior my-
ocardial infarction detection, and AUC 0.995 for the most
confident subset of predictions. These works illustrate the
longstanding tension between accuracy, interpretability,
and clinical reliability—a balance that continues to shape
current research.

Large-scale benchmarks and clinical studies further high-
light the importance of lead selection. Gorgels et al. (2001)
showed that lead aVR, often overlooked in practice, pro-
vides critical diagnostic information in acute coronary
syndromes. Similarly, the PhysioNet Computing in Cardi-
ology Challenge (Clifford et al., 2017) demonstrated that
carefully designed single-lead models for atrial fibrilla-
tion detection can reach cardiologist-level performance,
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with top systems achieving F1-scores around 0.83. These
findings collectively emphasize that exploiting inter-lead
dependencies and optimizing lead usage are central to
advancing both accuracy and interpretability in ECG clas-
sification.

3. METHODOLOGY
3.1 PTB-XL Dataset Overview

We base our study on the PTB-XL dataset (Wagner et al.,
2020), one of the largest publicly accessible corpora of clin-
ical 12-lead ECGs. It contains 21,799 recordings collected
from 18,869 patients. Each trace is roughly 10 seconds in
duration and is provided at two sampling frequencies (100
Hz and 500 Hz). In this work we employ the 100 Hz version,
which offers an effective compromise between preserving
signal quality and ensuring computational efficiency, mak-
ing it suitable for lightweight model training.

Every ECG record is supplemented with structured meta-
data and diagnostic labels following the SCP-ECG stan-
dard. The labels are grouped into five high-level diagnostic
categories: NORM (Normal ECG), MI (Myocardial In-
farction), STTC (ST /T Change), CD (Conduction Distur-
bances), and HYP (Hypertrophy). This labeling scheme
enables both binary (normal vs. abnormal) and multi-class
learning tasks.

The dataset is not evenly distributed across categories:
there are 9,514 normal ECGs and 18,251 abnormal ECGs
covering one or more conditions. Within the abnormal
group, 5,469 cases are labeled as MI, 5,235 as STTC, 4,898
as CD, and 2,649 as HYP. Importantly, some recordings
carry multiple labels, which reflects the frequent coexis-
tence of several cardiac pathologies in real clinical practice.

3.2 Label Mapping and Classification Setup

To enable evaluation from different clinical perspectives,
we constructed two label formats. In the binary classifica-
tion setup, all non-normal recordings were grouped under
a single abnormal class. Samples labeled exclusively with
the NORM superclass were assigned label 0 (normal),
while all others were assigned label 1 (abnormal). In the
multi-label 5-class setup, each sample was encoded as a
5-dimensional multi-hot vector indicating the presence or
absence of each diagnostic superclass. This design reflects
the fact that a single ECG recording may exhibit multiple
co-occurring pathologies. In the PTB-XL dataset, 16,244
recordings (74.51%) have a single label, 4,068 (18.66%)
have exactly two labels, and the remainder contain three or
more concurrent labels. Such overlap illustrates the clinical
complexity of ECG interpretation and motivates the need
for multi-label learning frameworks.

The standard 12-lead electrocardiogram is derived from
ten electrodes: six limb electrodes and six precordial
(chest) electrodes. These generate six limb leads (I, IT, III,
aVR, aVL, aVF) and six precordial leads (V1-V6), pro-
viding a comprehensive spatial representation of cardiac
electrical activity in both the frontal and horizontal planes
(Dash, 2002). Figure 1 shows the conventional electrode
positions and their anatomical references. Proper electrode
placement is critical for reproducibility and diagnostic

accuracy, as deviations can significantly alter wave mor-
phology and lead to misinterpretation (Khunti, 2014).

Clinically, leads are often grouped into anatomical regions
that project cardiac surfaces onto the body: Inferior leads
(II, 111, aVF) capture signals from the inferior wall of
the left ventricle, primarily supplied by the right coronary
artery. Lateral leads (I, aVL, V5, V6) reflect the lateral
wall of the left ventricle, often linked to the circumflex
artery. Anterior leads (V1-V4) correspond to the anterior
wall and interventricular septum, supplied mainly by the
left anterior descending artery (LAD).

This regional grouping is clinically relevant for localiz-
ing myocardial infarctions, conduction abnormalities, and
structural changes. For example, ST-elevation confined to
inferior leads typically indicates an inferior myocardial
infarction, while anterior lead abnormalities are commonly
associated with LAD occlusion. In the context of our
correlation-based analysis, grouping leads by anatomical
region enhances interpretability: disruptions in inter-lead
coherence within specific regions may reflect localized
pathological alterations in conduction pathways or my-
ocardial tissue structure.

We followed the official PTB-XL split protocol (Wagner
et al., 2020), using folds 1-9 (90% of the data) for model
development and fold 10 (10%) as a dedicated test set.
The folds are patient-wise and preserve class distributions,
ensuring no patient overlap between training and test data.

We first conducted an exploratory study to assess whether
statistical correlations between ECG leads alone can serve
as reliable features for distinguishing normal and abnor-
mal signals. We hypothesized that inter-lead relationships
encode characteristic patterns across diagnostic categories,
providing empirical motivation to emphasize channel-level
dependencies in downstream modeling.

Clavicula Mid-clavicular line

Right arm lead (ra La) Leftarm lead

Angle of Mid-axillary line

Louis m

Right leg lead (Rt L) Leftleglead

Fig. 1. Standard 12-lead ECG placement with anatomical
regions highlighted (inferior, lateral, anterior).

3.8 Signal Preprocessing and Normalization

All signals were parsed from WFDB-formatted files using
the official PTB-XL metadata. Each ECG was represented
as a matrix of shape (12,1000), corresponding to 12 leads
and 1000 time points sampled at 100 Hz.

To ensure numerical stability, we applied z-score normal-
ization independently to each lead. The mean and stan-
dard deviation were computed across the training set and
used to normalize both train and test data, preventing
information leakage and ensuring consistent scaling.
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3.4 FErtracted Features

Formally, consider an ECG sample represented as X €
REXT where C' = 12 denotes the number of leads and
T = 1000 the number of time steps. For any pair of leads,
let

x:(xla"'va)v y:(ylv'“ayT)
denote the corresponding time series. The correlation
coeflicients between two leads were computed as follows:

Pearson Coefficients. The Pearson coefficients coeflicient
measures the linear relationship between two signals:

pe(z,y) = Tzl‘zl(xi — @(%‘T— 9) ’
Vel -0 /Sl -

where T and g are the mean values of x and y, respectively.

Spearman Coefficients. The Spearman coefficients is a
rank-based version of Pearson’s correlation, which cap-
tures monotonic rather than strictly linear relationships:

ps(x,y) = pp(rank(z), rank(y)).
Here, rank(x) replaces each value z; with its rank among
(z1,...,27), and analogously for y. Ties are handled by
averaging ranks.

Kendall’s Tau. Kendall’s 7 quantifies the ordinal associ-
ation between two variables by counting concordant and
discordant pairs:

2 . .
& (2,y) = m ;Slgn(l’i — x;) - sign(yi — ;).
Two pairs (x;,y;) and (z;,y;) are concordant if the signs
of their differences agree, and discordant otherwise.

Since there are (122) = 66 possible lead pairs, each metric
produces a 66-dimensional feature vector. Concatenating
Pearson, Spearman, and Kendall yields a 198-dimensional
descriptor per recording, which serves as the feature rep-
resentation for downstream analyses.

Compared to the original feature space of size 12 x 1000,
we now work with only 198 features and show that
the intrinsic information they capture leads to promising
results in a classification task.

3.5 Classification Models

Having established that inter-lead correlations differ sys-
tematically across diagnostic categories, we assessed their
predictive value in a supervised setting. We trained clas-
sical statistical and machine learning classifiers on the
handcrafted 198-dimensional correlation descriptors: logis-
tic regression, SVM (with linear and radial basis function
kernels), Gradient Boosting, and Random Forest. Experi-
ments were conducted on PTB-XL under two scenarios:
(i) binary classification of normal vs. abnormal ECGs,
and (i) multiclass classification into the five diagnostic
superclasses. For each experiment, we evaluated model
performance using accuracy, precision, recall, F1 score,
and ROC AUC.

3.6 Ezxplainable AI Methods

To interpret the behavior of machine learning models,
we employed two widely used explainable Al techniques:

SHAP values and permutation feature importance. These
methods provide complementary perspectives on feature
relevance, helping to understand which aspects of the
input data drive model predictions.

e SHAP values quantify the contribution of each fea-
ture to the model’s prediction for individual sam-
ples. By aggregating these contributions across the
dataset, we obtain global rankings of the most influ-
ential features.

e Permutation feature importance assesses the ef-
fect of each feature on model performance by ran-
domly shuffling its values and measuring the result-
ing decrease in predictive accuracy. This provides a
model-agnostic estimate of global feature relevance.

Using both approaches enables a more robust and inter-
pretable understanding of model decision-making, combin-
ing fine-grained, sample-level explanations (SHAP) with
overall, model-level importance estimates (permutation
importance).

4. EXPERIMENTS
4.1 Binary Case: Normal vs Abnormal

Before training classifiers, we examined whether cor-
relation patterns differ systematically between normal
and pathological ECGs. Figure 2 shows representative
heatmaps of Pearson, Spearman, and Kendall coefficients
for normal (left) and abnormal (right) recordings. Normal
ECGs display strong and consistent inter-lead coherence,
whereas abnormal signals show disrupted or weakened de-
pendencies. These structural differences suggest that even
simple correlation measures capture meaningful diagnostic
variation.

As detailed in Section 3, each ECG is represented by
198 correlation features capturing linear, monotonic, and
ordinal dependencies across all lead pairs.

4.2 Multiclass Extension

While binary separation provides an initial validation,
clinical diagnosis often requires distinguishing between
multiple cardiac conditions. We therefore extended the
analysis to the five diagnostic superclasses in PTB-XL:
Normal (Class 0), Myocardial Infarction (Class 1), ST/T
Changes (Class 2), Conduction Disturbance (Class 3), and
Hypertrophy (Class 4).

Figure 3 presents the average pairwise correlation matrices
for each class, computed separately using Pearson, Spear-
man, and Kendall coefficients. Distinctive class-specific
structures are visible: Class 1 (Myocardial Infarction)
shows attenuated correlations in inferior leads, consistent
with regional ischemic effects; Class 2 (ST/T Changes)
maintains moderate coherence but with subtler perturba-
tions; Class 3 (Conduction Disturbance) displays asym-
metrical patterns that reflect altered conduction pathways;
and Class 4 (Hypertrophy) exhibits diffuse changes likely
tied to chamber enlargement. These findings highlight the
diagnostic value of correlation structures beyond a simple
normal/abnormal dichotomy.
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Fig. 2. Pairwise correlation matrices computed using Pear-
son (top), Spearman (middle), and Kendall (bottom)
coefficients for normal (left) and abnormal (right)
ECG samples. Normal signals show consistent inter-
lead dependencies, while abnormal signals exhibit dis-
rupted correlation structures.

A comparison of Figures 2 and 3 reveals both consistent
and pathology-specific trends. In the binary case, the
contrast between normal and abnormal is visually stark:
coherence is high in normal ECGs but weakened in abnor-
mal ones. In the multiclass setting, the disruptions vary
in location and structure, aligning with known anatomical
and pathological mechanisms. These results reinforce the
clinical plausibility of inter-lead correlation features and
motivate their use in interpretable ECG classification.

4.8 Performance and Ablations

Tables 1 and 2 summarize the performance of classical
models on binary and multiclass ECG classification tasks
under full, ablation, and single-correlation settings. Since
the dataset is imbalanced, we report weighted performance
metrics, where each class is weighted according to its
relative frequency.

In the binary scenario, all classifiers achieved solid per-
formance, with F1-scores typically in the 77-80 range and
ROC-AUC values consistently above 0.84. The strongest
overall results were obtained by the random forest, which
reached an F1-score of 80.28 and a ROC-AUC of 0.8430,
closely followed by gradient boosting with an Fl-score
of 79.41. Logistic regression and SVM (RBF) remained
highly competitive: their F1l-scores (78.25 and 78.43) and
ROC-AUC values (0.8514 and 0.8568) place them among

the best-performing models. Accuracy values also clus-
tered in a narrow band across models (typically 75—77%),
reinforcing the consistency of the feature space. These
results confirm that correlation-based representations pro-
vide a strong, nearly linearly separable feature space for
binary ECG classification.

The ablation analysis showed that removing Pearson
correlation consistently led to the largest performance
drops across all models, with decreases of up to 3—4 points
in both Fl-score and ROC-AUC. In contrast, excluding
Spearman or Kendall correlations produced only minor
degradations, suggesting that Pearson captures the most
critical information for discriminating between normal
and abnormal ECGs. Interestingly, when using a single
correlation measure in isolation, performance remained
reasonable but was noticeably lower than the full-feature
configuration. Among the single-measure settings, Spear-
man tended to yield slightly better performance than Pear-
son or Kendall, though none matched the effectiveness of
combining all three.

As shown in Table 1, the proposed lead-correlation based
models achieve an accuracy of up to 77.02% for binary
ECG classification on PTB-XL, specifically with the ran-
dom forest classifier. Logistic regression, SVM (RBF), and
gradient boosting all achieve accuracies between 76.3%
and 76.9%, further demonstrating the stability of the
approach across different learning algorithms. Remark-
ably, this performance is comparable to that of recent
deep learning models trained end-to-end on raw ECG
signals, which typically achieve accuracies in the 78-85%
range Strodthoff et al. (2020); Wagner et al. (2020). This
demonstrates that inter-lead correlation features capture a
substantial portion of the diagnostic signal, enabling com-
petitive results with significantly lower model complexity.

In the more challenging multiclass setting, overall per-
formance declined across all models, as expected given
the finer distinctions between related diagnostic categories
(e.g., myocardial infarction vs. ST/T changes). Logistic
regression remained the strongest model, achieving an
accuracy of 65.27%, a weighted Fl-score of 60.88, and a
ROC-AUC of 0.8093. Gradient boosting achieved similar
results, with an accuracy of 64.73% and Fl-score of
60.40. SVM (RBF) also performed competitively, achiev-
ing a ROC-AUC of 0.8182, the highest among the models.
In contrast, linear SVM and random forest produced lower
Fl-scores (56.69 and 58.32), indicating that the multi-
class task benefits from either nonlinear decision bound-
aries or more flexible ensemble models.

The multiclass ablation results reinforced the domi-
nant role of Pearson correlation: removing it caused the
largest degradation in performance for all models (e.g., lo-
gistic regression F1 dropping from 60.88 to 54.88, and its
ROC-AUC decreasing from 0.8093 to 0.7733). Spearman
and Kendall again had a smaller impact, indicating some
redundancy between these rank-based measures. When
each correlation type was used alone, performance declined
substantially across all metrics. For instance, logistic re-
gression using only Kendall correlation yielded an F1-score
of just 30.60, and only Spearman correlation increased
it slightly to 31.40. Fl-scores dropped by more than 20
points compared to the full-feature setup, highlighting that
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Fig. 3. Average pairwise correlation matrices for the five diagnostic superclasses in PTB-XL,
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(top), Spearman (middle), and Kendall (bottom). Each column corresponds to one class: Normal (0), Myocardial
Infarction (1), ST/T Changes (2), Conduction Disturbance (3), and Hypertrophy (4). Class-specific patterns are
visible, particularly in anterior, inferior, and lateral leads.

no single correlation measure alone is sufficient to capture
the complexity of multiclass ECG patterns, though Spear-
man again showed a slight advantage among the three.

Overall, these results demonstrate that correlation-based
features are effective for both binary and multiclass ECG
classification tasks, with Pearson correlation emerging as
the single most informative component. At the same time,
combining multiple correlation measures provides com-
plementary information that leads to consistently better
performance than using any one measure alone.

4.4 Confusion Matriz Analyses

To better understand the sources of error, we examined
representative confusion matrices for a subset of classifiers,
as shown in Figures 4 and 5.

In the binary setting, the separation between normal
and abnormal ECGs is generally strong across models. Lo-
gistic regression and SVM (RBF) provide a good balance
between true positives and true negatives, consistent with
their high Fl-scores. For example, logistic regression and
SVM (RBF) correctly identify around 920-925 abnormal
cases but still miss roughly 360, whereas gradient boosting
and random forest recover more abnormal cases (around
1000 true positives) at the cost of higher false positive
rates. Linear SVM shows lower sensitivity, misclassifying
more abnormal recordings. These results illustrate a trade-
off: linear models provide more balanced decision bound-
aries, while ensemble methods emphasize sensitivity at the
cost of specificity.

Across all models, the dominant normal class (Class 0)
is recognized reliably, with logistic regression and gradi-
ent boosting exceeding 840 correct predictions. However,
minority classes show significant confusion. Logistic re-
gression provides relatively balanced recall: for example, it
captures 80 cases of Class 2 (hypertrophy) and 68 of Class
3 (myocardial infarction), outperforming random forest,
which collapses most minority predictions into the normal
class. SVMs (linear and RBF) demonstrate stronger off-
diagonal patterns, with frequent misclassification of patho-
logical categories into one another; for example, Class 1
(ST/T changes) is often confused with Classes 2 and 3,
and hypertrophy is frequently misattributed to infarction.
Gradient boosting offers performance similar to logistic
regression, with more stable recall across Classes 1-3,
though it still struggles with the smallest class (Class 4).

Overall, these confusion matrices reinforce two key find-
ings. First, in the binary setting, correlation-based features
are nearly linearly separable, enabling simple models to
achieve robust performance with well-calibrated trade-offs
between sensitivity and specificity. Second, in the multi-
class task, class imbalance and overlapping morphologies
create substantial challenges, leading to systematic con-
fusion among pathological categories. While handcrafted
correlation features capture meaningful diagnostic struc-
ture, their limitations in fine-grained discrimination sug-
gest the need for richer representations or hybrid feature
learning approaches.
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Table 1. Binary ECG classification — performance of classical models using correlation-based
features under full, ablation, and separated settings.

Model Task Setting Accuracy Precision Recall Fl-score ROC-AUC
Logistic Regression  Binary All Features 76.66 86.02 7177 78.25 0.8514
No Kendall 76.48 85.63 71.85 78.14 0.8452
No Pearson 74.98 84.46 70.14 76.64 0.8303
No Spearman 75.75 84.83 71.31 77.48 0.8432
Only Kendall 72.79 82.58 67.81 74.47 0.8019
Only Pearson 72.02 82.29 66.49 73.55 0.8017
Only Spearman 73.61 84.21 67.57 74.98 0.8147
SVM (Linear) Binary All Features 75.84 86.69 69.36 77.06 0.8473
No Kendall 75.43 85.80 69.52 76.80 0.8436
No Pearson 74.48 85.57 67.81 75.66 0.8283
No Spearman 75.07 85.83 68.74 76.34 0.8408
Only Kendall 72.38 84.12 65.09 73.39 0.7985
Only Pearson 71.52 83.47 64.00 72.45 0.7976
Only Spearman 72.88 85.20 64.93 73.70 0.8127
SVM (RBF) Binary All Features 76.93 86.57 71.70 78.43 0.8568
No Kendall 76.93 86.50 71.77 78.45 0.8568
No Pearson 74.07 85.03 67.57 75.30 0.8290
No Spearman 76.75 86.52 71.38 78.23 0.8566
Only Kendall 72.93 84.11 66.25 74.12 0.8219
Only Pearson 71.70 83.54 64.31 72.67 0.8079
Only Spearman 73.52 84.71 66.80 74.70 0.8282
Gradient Boosting Binary All Features 76.34 80.89 77.99 79.41 0.8472
No Kendall 76.48 81.34 77.60 79.43 0.8465
No Pearson 72.84 77.80 74.96 76.36 0.8107
No Spearman 75.80 80.45 77.45 78.92 0.8428
Only Kendall 72.52 77.72 74.34 75.99 0.8014
Only Pearson 73.07 78.07 75.04 76.53 0.8131
Only Spearman 73.11 78.41 74.57 76.44 0.8102
Random Forest Binary All Features 77.02 80.63 79.94 80.28 0.8430
No Kendall 76.02 80.00 78.69 79.34 0.8440
No Pearson 72.84 77.76 75.04 76.38 0.8141
No Spearman 76.02 79.95 78.77 79.36 0.8423
Only Kendall 72.25 77.35 74.34 75.81 0.8086
Only Pearson 73.34 78.32 75.27 76.76 0.8121
Only Spearman 73.75 78.61 75.74 77.15 0.8159
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Fig. 4. Confusion matrices for the binary classification task
using correlation-based features. Logistic Regression
provides a balanced trade-off between sensitivity and
specificity, while Random Forest emphasizes sensitiv-
ity with more false positives.

5. EXPLAINABILITY
5.1 Feature Importance and Interpretability

Beyond evaluating predictive performance, an important
goal of this study was to understand which inter-lead

correlations most strongly influenced model decisions, and
whether these patterns were physiologically meaningful.
To this end, we applied SHAP values and permutation
feature importance analyses to the trained classifiers,
focusing on both the binary and multiclass classification
scenarios.

For the binary classification task, we concentrated on
logistic regression and gradient boosting models, which
exhibited the best overall performance and represent two
distinct modeling paradigms (linear vs. ensemble-based).
For each model, we ranked all 198 handcrafted correlation
features and visualized the top 20 using SHAP summary
plots (Figures 6a—6b). The most influential features consis-
tently involved correlations between anatomically adjacent
or physiologically related leads—such as V3-V4, [-aVL,
and II-aVF. This matches established clinical knowledge:
under normal conditions, neighboring leads show synchro-
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Table 2. Multiclass ECG classification — performance of classical models using correlation-based
features under full, ablation, and separated settings. Precision/Recall/F1 use macro-averages;

ROC-AUC is one-vs-rest.
Model Task Setting Accuracy Precision Recall Fl-score ROC-AUC
Logistic Regression = Multiclass All Features 65.27 62.31 65.27 60.88 0.8093
No Kendall 63.76 58.45 63.76 58.81 0.8002
No Pearson 60.91 54.75 60.91 54.88 0.7733
No Spearman 63.82 58.67 63.82 58.74 0.7977
Only Kendall 59.82 39.91 29.82 30.60 0.7414
Only Pearson 59.15 34.83 29.54 28.83 0.7423
Only Spearman 60.18 39.52 30.50 31.40 0.7519
SVM (Linear) Multiclass All Features 53.76 61.80 53.76 56.69 0.8114
No Kendall 52.73 61.88 52.73 56.01 0.8026
No Pearson 50.12 59.65 50.12 53.52 0.7740
No Spearman 51.33 60.77 51.33 54.69 0.7994
Only Kendall 47.27 35.56 36.01 34.50 0.7435
Only Pearson 45.94 35.90 40.00 35.51 0.7411
Only Spearman 48.91 37.68 39.57 36.94 0.7547
SVM (RBF) Multiclass All Features 55.82 62.27 55.82 58.24 0.8182
No Kendall 56.24 62.74 56.24 58.68 0.8206
No Pearson 49.52 57.92 49.52 52.49 0.7687
No Spearman 56.42 62.80 56.42 58.81 0.8189
Only Kendall 47.88 37.21 38.84 36.10 0.7613
Only Pearson 46.55 37.31 41.04 36.91 0.7602
Only Spearman 49.52 38.11 40.37 37.43 0.7686
Gradient Boosting Multiclass All Features 64.73 60.50 64.73 60.40 0.8062
No Kendall 63.94 59.30 63.94 59.53 0.8051
No Pearson 61.45 56.45 61.45 55.90 0.7526
No Spearman 64.12 59.42 64.12 59.60 0.8043
Only Kendall 60.67 40.88 32.47 33.76 0.7446
Only Pearson 61.03 40.02 32.70 33.14 0.7581
Only Spearman 60.79 40.49 32.28 33.47 0.7508
Random Forest Multiclass All Features 63.45 58.49 63.45 58.32 0.7914
No Kendall 63.33 58.28 63.33 57.88 0.7932
No Pearson 61.39 56.05 61.39 54.97 0.7413
No Spearman 63.27 58.23 63.27 58.06 0.7930
Only Kendall 60.91 42.57 32.36 33.84 0.7408
Only Pearson 60.91 41.11 32.61 33.20 0.7487
Only Spearman 61.33 42.80 32.61 34.14 0.7495

Confusion Matrix - Logistic Regression (Multiclass, All)

800

Class 0
8
°

Class 0

700

141 78

Class 1
Class 1

500

Actual
Class 2
°
Actual
Class 2
-

- 400

-300
81 17 18 68 0

Class 3
Class 3
P

- 200

44 4 5 2 1 100

Class 4
Class 4
e

Class 2 Class 3 Class 4 Class 0 Class 1

Predicted

Class 0 Class 1

(a) Multiclass — Logistic Regression

Class 2
Predicted

63

1

Class 3

Confusion Matrix - Random Forest (Multiclass, All)

0

Class 4

(b) Multiclass — Random Forest

Actual

Class 3 Class 2 Class 1

Class 4

Confusion Matrix - RBF SVM (Multiclass, All)

2 9 6 7 12

Class 2 Class 3 Class 4

Predicted

Class 0 Class 1

(c¢) Multiclass — SVM (RBF)

500

400

- 100

Fig. 5. Confusion matrices for the multiclass classification task. Logistic Regression yields comparatively balanced recall
across minority classes; Random Forest tends to collapse minority classes into the majority; SVM (RBF) shows

stronger off-diagonal confusion among pathological categories.
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Fig. 6. Comparison of SHAP summary plots for binary classification: (a) logistic regression and (b) gradient boosting.
Each dot is a sample’s SHAP value for a feature (color encodes feature value, blue=low to red=high), with features
ordered by mean |[SHAP|. Positive SHAP values push predictions toward the positive class.

nized waveforms, while pathological changes typically dis-
rupt these dependencies.

Permutation feature importance analyses provided conver-
gent evidence. Shuffling individual features resulted in the
largest performance drops for the same set of lead pairs
identified by SHAP, further validating their predictive role.
Interestingly, a number of less conventional correlations,
such as Spearman(3-5) or Kendall(2—4), also appeared
among the top-ranked features. This suggests that diag-
nostically relevant information may also arise from lead
combinations that are not commonly emphasized in rou-
tine clinical interpretation.

In the multiclass classification task, feature importance
patterns became more distributed. Logistic regression
tended to highlight limb—chest interactions (e.g., I with
V3-V5), which are frequently affected in conditions like
ischemia and hypertrophy. Ensemble methods such as
Gradient Boosting and Random Forest identified similar
patterns but with greater diversity among the top fea-
tures, including lead pairs such as Spearman(V9, V12),
Pearson(V1, V12), and Spearman(V7, V9). These results
indicate that more complex models can exploit a broader
range of correlations, possibly reflecting the increased het-
erogeneity across multiple diagnostic categories.

Taken together, these analyses reveal a clear and clinically
interpretable structure in the feature space. Correlations
between physiologically related leads consistently emerge
as key predictors, lending support to the medical relevance
of the proposed feature representation. At the same time,
the presence of less conventional lead interactions points to
the potential for machine learning models to uncover pat-
terns that may be diagnostically useful but underexplored
in traditional ECG interpretation.

6. CONCLUSION

Our findings confirm that inter-lead coherence is sys-
tematically disrupted by pathology in anatomically con-
sistent ways. Despite their simplicity, inter-lead corre-
lations capture clinically meaningful dependencies and,

when combined with classical models and SHAP analysis,
provide a transparent and effective baseline for explainable
ECG classification on PTB-XL. The results suggest that
correlation-based features can serve both as lightweight
clinical decision aids and as interpretable modules com-
plementing deep learning models.

Beyond this work, we are already extending these ideas
in two directions: (i) a frequency-domain analysis using
saliency maps to highlight abnormal spectral patterns,
and (ii) a deep learning framework designed to learn en-
hanced inter-lead correlation representations directly from
raw ECG signals. These ongoing studies further explore
temporal-spectral dependencies and learned correlation
structures, and will help clarify how best to leverage inter-
lead information in ECG analysis
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