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Abstract

Our work highlights a fundamental tension in
ECG representation learning between predic-
tive performance and cross-patient generaliza-
tion. While deep architectures achieve strong
results under patient-wise evaluation, their sen-
sitivity to inter-subject variability raises concerns
about robustness in real-world clinical deploy-
ment. Dynamical representations based on Koop-
man theory provide a complementary perspec-
tive by capturing global temporal structure in a
linearized latent space, yielding more stable be-
havior across patients despite lower standalone
performance. Their integration with deep mod-
els consistently improves robustness, indicating
that structured dynamical features capture infor-
mation not fully exploited by purely data-driven
approaches. These findings suggest a broader de-
sign principle for physiological time-series mod-
eling: combining data-driven learning with struc-
tured inductive biases can improve both perfor-
mance and generalization. Hybrid approaches
that integrate dynamical constraints with deep
architectures therefore represent a promising di-
rection for robust clinical AI. More broadly, our
results emphasize the importance of evaluation
protocols. Patient-wise splits are essential for
realistic assessment, as standard splits can lead
to overly optimistic estimates; robustness under
distribution shift should thus be treated as a pri-
mary evaluation criterion. For controlled and
reproducible comparison, we adopt a simplified
single-label formulation based on keyword map-
ping, which abstracts away the inherently multi-
label nature of ECG diagnoses (see Appendix F).
Future work will explore multi-label formulations,
learned Koopman embeddings, subject-invariant
representations, and validation on larger, more
diverse clinical datasets.

1 . Anonymous Author < >.

Under review by the ICML-SD4H.

1. Introduction
Electrocardiogram (ECG) analysis is central to diagnos-
ing cardiovascular diseases, yet automated classification
remains challenging due to noise, high dimensionality,
and inter-patient variability. Recent deep learning ap-
proaches, including convolutional and transformer-based
models, achieve strong performance (Hannun et al., 2019;
Ribeiro et al., 2020; Liu et al., 2021), but are largely data-
driven and lack interpretability. Moreover, it remains un-
clear whether these models learn disease-relevant structure
or exploit patient-specific patterns.

In clinical settings, robustness under distribution shift and
interpretability are critical. In particular, evaluation proto-
cols that mix patient data across splits can lead to overly
optimistic estimates, making patient-wise evaluation essen-
tial for realistic assessment (He & Garcia, 2009; Chicco &
Jurman, 2020).

To address these challenges, we investigate dynamical sys-
tems–based representations for ECG classification. Specifi-
cally, we explore Koopman operator theory, which provides
a linear representation of nonlinear temporal dynamics in
a lifted space (Koopman, 1931). Using Extended Dynamic
Mode Decomposition (EDMD) (Schmid, 2010; Williams
et al., 2015), we extract features capturing global temporal
structure and spectral characteristics of ECG signals. In
addition to fixed observables, we consider a learned variant
that adapts the representation space.

We compare Koopman-based representations with wavelet-
based features and deep models, and evaluate them under a
strict patient-wise LOSO protocol. Our goal is not to pro-
pose a new architecture, but to provide a controlled analysis
of representation strategies under realistic clinical condi-
tions.

Contributions.

• We provide a controlled comparison of dynamical,
time–frequency, and deep representations for ECG clas-
sification under strict patient-wise LOSO evaluation,
eliminating patient-level leakage.

• We show that deep models achieve strong predictive
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Robust ECG Classification

performance but exhibit reduced robustness across pa-
tients, highlighting a generalization gap under realistic
evaluation.

• We demonstrate that Koopman-based representations
capture global temporal structure and yield more stable
behavior, and that learned observable mappings further
improve their expressivity.

• We show that hybrid representations combining Koop-
man features with deep models consistently improve
robustness, indicating complementary inductive biases.

Overall, our results highlight a trade-off between accuracy
and robustness in ECG modeling and suggest that com-
bining structured dynamical representations with learned
models is a promising direction for clinical time-series anal-
ysis. Additional details and extended results are provided in
the Appendix.

1.1. Related Work

Deep learning for ECG classification. Deep learning
achieves strong performance in ECG classification, partic-
ularly with CNNs and transformers (Hannun et al., 2019;
Ribeiro et al., 2020; Liu et al., 2021), capturing local and
long-range dependencies. However, these models are typi-
cally evaluated under standard splits, often lack interpretabil-
ity, and their robustness under patient-wise evaluation re-
mains insufficiently studied (Rajpurkar et al., 2017), raising
concerns about reliance on patient-specific patterns.

Time–frequency and handcrafted representations.
Prior to deep learning, ECG analysis relied on handcrafted
time–frequency features such as wavelets (Addison, 2005;
Ince et al., 2009). While interpretable and robust to noise,
they have limited capacity and primarily capture localized
characteristics without modeling global temporal dynamics.

Dynamical systems and Koopman representations. Dy-
namical systems approaches model temporal signals via
underlying system dynamics. Koopman operator theory
provides a linear representation of nonlinear evolution in
a lifted space (Koopman, 1931), with practical approxima-
tions such as DMD and EDMD (Schmid, 2010; Williams
et al., 2015). Although widely used in physics and engi-
neering, their application to physiological signals remains
limited and not well understood for clinical classification.

Hybrid representation learning. Hybrid approaches
combine handcrafted and learned features to exploit comple-
mentary information. Integrating signal processing features
with deep models can improve robustness and generaliza-
tion (Rajpurkar et al., 2017), though most studies focus on

performance gains rather than generalization under cross-
patient distribution shifts.

Evaluation challenges in ECG modeling. A key chal-
lenge in ECG classification is data leakage due to improper
splitting. Random splits may mix patient samples across
train and test sets, yielding overly optimistic estimates.
Patient-wise evaluation and imbalance-aware metrics are
therefore essential (He & Garcia, 2009; Chicco & Jurman,
2020), yet systematic comparisons under strict LOSO re-
main scarce.

Our contribution. We provide a controlled comparison of
Koopman-based, wavelet-based, and deep representations
under strict patient-wise LOSO evaluation, focusing on how
representation choice affects performance, stability, and
generalization, and highlighting trade-offs between accuracy
and robustness.

2. Method
We study three complementary representation paradigms
for ECG classification: (i) Koopman-based dynamical fea-
tures capturing global temporal structure, (ii) wavelet-based
time–frequency features capturing localized signal patterns,
and (iii) deep learning models operating directly on raw
ECG signals. This design enables a controlled analysis
of how different inductive biases affect performance and
generalization under patient-wise evaluation.

2.1. Koopman-Based Representation

Given a multichannel ECG signal x(t), we construct time-
shifted snapshot matrices:

X0 = [x1, . . . , xT−1], X1 = [x2, . . . , xT ]

We estimate a linear operator:

K ≈ X1X
⊤
0 (X0X

⊤
0 )−1

From K, we extract features including dominant eigenval-
ues, operator statistics, and reconstruction error. These
features capture global temporal dynamics and provide in-
terpretable structure. These features provide a compact
representation of the underlying signal dynamics, enabling
analysis of temporal structure beyond local morphological
patterns typically captured by standard signal processing
methods. A detailed derivation of the Koopman operator
and EDMD formulation is provided in Appendix A. Further
details on Koopman feature construction and decomposi-
tion are provided in Appendix B. Additional interpretability
analysis based on Koopman dynamics is presented in Ap-
pendix G. In addition to fixed EDMD features, we also
consider a learned variant where the observable space is
parameterized by a neural encoder.
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Figure 1. Overview of the proposed representation framework for
ECG classification under patient-wise LOSO evaluation.

2.2. Wavelet Features

We compute discrete wavelet transforms for each ECG
channel and extract summary statistics (mean, variance,
energy) across scales. These features capture localized time–
frequency patterns, such as transient morphological struc-
tures (e.g., QRS complexes), but do not explicitly model
long-range temporal dependencies.

2.3. Deep Models

We use convolutional neural networks (CNNs) and trans-
former encoders as strong baselines operating on raw
ECG waveforms. CNNs capture local temporal and mor-
phological patterns through hierarchical feature learning,
while transformers model long-range dependencies via self-
attention mechanisms. These models represent the current
state of the art in ECG classification.

2.4. Feature Fusion

To assess complementarity between representation
paradigms, we combine Koopman features with wavelet
or deep representations via feature concatenation followed
by a classifier. This allows us to evaluate whether explicit
dynamical structure provides additional information beyond
purely learned representations. Figure 1 provides an
overview of the proposed pipeline and the interaction
between different representation strategies.

3. Experimental Setup
3.1. Dataset and Protocol

We evaluate on a 5-class ECG dataset derived from MIMIC-
IV-ECG, comprising recordings from 200 patients (Ta-
ble 2). Labels are assigned using a rule-based procedure
(Appendix F). We adopt a strict Leave-One-Subject-Out

(LOSO) protocol to prevent patient-level leakage: in each
fold, one patient is held out for testing and the rest for train-
ing, enabling evaluation of cross-patient generalization. Sig-
nals are normalized using training-set statistics only, with
no test data used in preprocessing or model selection. The
dataset is moderately imbalanced; details on preprocess-
ing and class distributions are provided in Appendix C and
Appendix H.

3.2. Representations and Models

We consider three representation paradigms:

Dynamical (Koopman). We extract Koopman-based
features using Extended Dynamic Mode Decomposition
(EDMD), implemented using the Datafold library (Lehm-
berg et al., 2020), including dominant eigenvalues, operator
statistics, and reconstruction error. These features are used
with Logistic Regression (LR) and Random Forest (RF)
classifiers.

Time–frequency (Wavelet). Discrete wavelet transforms
are computed per channel, and summary statistics (mean,
variance, energy) are extracted across scales. These features
are evaluated using LR and RF.

Deep models. We use a 1D convolutional neural network
(CNN) and a transformer encoder operating directly on
raw ECG signals. The CNN captures local morphological
patterns, while the transformer models long-range temporal
dependencies.

Hybrid models. To assess complementarity, we combine
Koopman features with deep representations via feature
concatenation followed by a classifier.

3.3. Training Details

All models are trained independently for each LOSO fold.
For classical models (LR, RF), hyperparameters are selected
via cross-validation on the training set. Deep models are
trained using standard optimization (AdamW) with early
stopping based on validation performance. Full implementa-
tion details and hyperparameters are provided in Appendix I.

3.4. Evaluation Metrics

We report Macro F1, Matthews Correlation Coefficient
(MCC), and AUROC to account for class imbalance. In
addition to mean performance, we analyze variability across
LOSO folds to assess model stability under cross-patient
distribution shifts.

4. Results
Table 1 shows a clear performance hierarchy across repre-
sentation paradigms. Deep models outperform classical ap-
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Table 1. Comparison of ECG classification models under patient-
wise LOSO evaluation.

Model Macro F1 MCC AUROC

Koopman (fixed) + LR 54.1 45.1 76.5
Wavelet + RF 62.5 56.1 78.5
CNN (1D) 80.4 72.0 79.9
Transformer 83.1 73.8 86.0
CNN + Koopman (fixed) 82.5 73.1 85.1

proaches by a substantial margin (over 20 Macro F1 points),
confirming the effectiveness of learned representations for
ECG classification. Detailed per-class performance and
additional evaluation metrics are reported in Appendix D.

Transformers achieve the best overall performance across all
metrics, with CNNs remaining competitive. In contrast, clas-
sical approaches lag behind: wavelet features outperform
Koopman features in isolation, but both remain significantly
below deep models. This highlights the importance of hierar-
chical feature learning for capturing complex physiological
patterns.

However, strong average performance does not directly
translate to robustness. Under strict patient-wise LOSO eval-
uation, all models exhibit reduced performance compared
to commonly reported results with random splits, indicat-
ing that cross-patient generalization remains challenging.
We observe that standard random splits yield substantially
higher performance than patient-wise LOSO evaluation (not
shown), confirming that random splits overestimate general-
ization due to patient-level leakage. This suggests that deep
models may partially rely on subject-specific patterns rather
than purely disease-relevant structure. A detailed stability
analysis across LOSO folds is provided in Appendix E.

A key observation is the trade-off between predictive per-
formance and stability. Deep models achieve higher mean
performance but show greater variability across LOSO folds
(Table 4), including large gaps between best and worst cases.
A boxplot visualization of fold-level performance distribu-
tions is provided in Figure 2 at Appendix E, further illustrat-
ing the variability of deep models and the reduced dispersion
of hybrid representations. In contrast, Koopman-based rep-
resentations exhibit lower absolute performance but more
consistent behavior, suggesting increased robustness under
distribution shift. A full representation-level comparison is
provided in Appendix F.

Hybrid models combining Koopman and deep representa-
tions mitigate this trade-off. In particular, CNN + Koop-
man improves over standalone CNNs in MCC and AUROC,
indicating that dynamical features encode complementary
global temporal structure not fully captured by purely data-
driven models. Paired Wilcoxon tests across LOSO folds

confirm that CNN + Koopman significantly outperforms
CNN (p < 0.05), with reduced variance (4.2 to 3.6), indi-
cating improved robustness. Overall, these results demon-
strate that while deep models dominate in predictive accu-
racy, incorporating structured dynamical representations can
improve robustness and reduce sensitivity to inter-patient
variability. We further observe that extending Koopman
representations with learned observable mappings leads to
consistent improvements over fixed features, and prelimi-
nary experiments indicate that combining fixed and learned
Koopman representations can further enhance performance,
suggesting complementary structure between classical and
learned dynamical features.

5. Discussion and Conclusion
Our work highlights a fundamental tension in ECG represen-
tation learning between predictive performance and cross-
patient generalization. While deep architectures achieve
strong results under patient-wise evaluation, their sensitivity
to inter-subject variability raises concerns about robustness
in real-world clinical deployment. Dynamical representa-
tions based on Koopman theory provide a complementary
perspective by capturing global temporal structure in a lin-
earized latent space, yielding more stable behavior across
patients. While fixed Koopman features rely on predefined
observables, we observe that learned observable mappings
can further improve performance, suggesting that adapting
the representation enhances the expressivity of the dynami-
cal model. Their integration with deep models consistently
improves robustness, indicating that structured dynamical
features capture information not fully exploited by purely
data-driven approaches.

These findings suggest a broader design principle for physi-
ological time-series modeling: combining data-driven learn-
ing with structured inductive biases can improve both perfor-
mance and generalization. Hybrid approaches that integrate
dynamical constraints with deep architectures therefore rep-
resent a promising direction for robust clinical AI.

More broadly, our results emphasize the importance of eval-
uation protocols. Patient-wise splits are essential for real-
istic assessment, as standard splits can lead to overly opti-
mistic estimates; robustness under distribution shift should
thus be treated as a primary evaluation criterion.

For controlled and reproducible comparison, we adopt a sim-
plified single-label formulation based on keyword mapping,
which abstracts away the inherently multi-label nature of
ECG diagnoses (see Appendix F). Future work will explore
multi-label formulations, learned Koopman embeddings,
subject-invariant representations, and validation on larger,
more diverse clinical datasets.
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A. Koopman Operator and Extended Dynamic Mode Decomposition
The Koopman operator provides a powerful framework for analyzing dynamical systems by focusing on the evolution
of observables rather than states. For a discrete-time dynamical system (H, F ) with state space H and evolution map
F : H → H, the evolution can be expressed as:

t+1 = f(t), t ∈ H ⊆ Rdh , t ≥ 0.

In this context, the Koopman operator K acts on observables ϕ defined as ϕ : H → C:

[Kϕ]() = (ϕ ◦ F )().

The linearity of K allows for spectral analysis even when F is non-linear, provided that the observables belong to a suitable
function space, typically L2(H, µh). This choice ensures that the operator is well-defined and measure-preserving, making
K an isometry.

A Koopman eigenfunction φk associated with eigenvalue λk satisfies:

Kφk() = λkφk().

When the state space is finite-dimensional, the evolution of the system can be expressed in terms of eigenfunctions, enabling
us to analyze the dynamics using the spectral properties of K.

To approximate the Koopman operator for discrete systems, we use Extended Dynamic Mode Decomposition (EDMD).
This method constructs a finite-dimensional approximation by selecting a dictionary of observables FM and defining a
finite-dimensional subspace F̃M :

F̃M = Span{ψ1, ψ2, . . . , ψM}.

EDMD approximates the action of K on F̃M using data collected from the system. By minimizing a cost function based on
the discrepancy between the actual evolution and its approximation, we derive a matrix representation K of the Koopman
operator:

K = FM (H ′)FM (H)+,

where H and H ′ are matrices of observed states and their subsequent states, respectively.

Once K is obtained, we can calculate the eigenvalues and eigenfunctions of the approximated operator, allowing us to
reconstruct the Koopman modes. The prediction of future states can be achieved iteratively:

t = CKtFM (0),

where C is derived from minimizing the prediction error in the observable space.

This framework has significant implications for linking dynamical systems with machine learning, particularly in tasks like
time series prediction and system identification, making it a valuable tool for modern applications in various fields.

B. Koopman Representations
Given a multivariate time series, the Koopman operator provides a linear representation of nonlinear dynamics in a lifted
space. Using Extended Dynamic Mode Decomposition (EDMD), the signal can be approximated as a sum of modal
components:

x(t) ≈
K∑

k=1

bk ϕk e
λkt, (1)
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Table 2. Dataset statistics after keyword-based label generation. We report the number of samples and unique patients per class following
filtering of ambiguous or unmatched records.

Class #Samples #Patients Class proportion (in %)

Normal (NORM) 452 82 36.9
Arrhythmia (ARR) 260 45 23.3
Myocardial Infarction (MI) 144 26 12.9
ST/T Changes (STTC) 185 34 16.6
Conduction Disturbance (CD) 73 13 6.6

Total (after filtering) 1124 200 100.0

where λk are the Koopman eigenvalues capturing temporal dynamics (e.g., frequency and decay), ϕk are the corresponding
Koopman modes representing spatial or feature patterns, and bk are coefficients indicating the contribution of each mode to
a specific signal realization.

This decomposition separates temporal evolution (eigenvalues), structural patterns (modes), and signal-specific amplitudes
(coefficients), enabling an interpretable representation of the underlying dynamics.

C. Dataset statistics
Table 2 summarizes the class distribution of the filtered dataset after keyword-based label generation. The dataset comprises
1,124 ECG recordings from 200 patients, with a moderately imbalanced class distribution. Normal (NORM) recordings
constitute the largest proportion (36.9%), followed by Arrhythmia (ARR) (23.3%) and ST/T Changes (STTC) (16.6%),
while Myocardial Infarction (MI) (12.9%) and Conduction Disturbance (CD) (6.6%) are comparatively underrepresented.
The number of unique patients per class reflects a similar imbalance, indicating variability in class coverage across subjects.

D. Per-Class Performance under Patient-Wise LOSO Evaluation
Table 3 reports per-class performance for deep and hybrid models under the patient-wise LOSO protocol. Consistent with the
overall findings of the paper, deep models (CNN, Transformer) achieve strong performance across most classes, particularly
for clinically prominent patterns such as MI and NORM. However, performance degrades for underrepresented and more
heterogeneous classes (e.g., CD), highlighting challenges in cross-patient generalization.

Hybrid models incorporating Koopman features show modest but consistent improvements in several cases (e.g., ARR,
STTC, CD), particularly in recall and AUROC, suggesting that dynamical features provide complementary global temporal
information. This effect is more pronounced for classes with higher inter-patient variability, supporting the paper’s central
claim that structured dynamical representations can enhance robustness beyond purely data-driven models.

E. Stability Analysis across Patient-Wise LOSO Folds
Table 4 reports model stability across LOSO folds, highlighting variability in performance under cross-patient evaluation.
Deep models exhibit noticeable variability across LOSO folds, with performance ranges of up to 15–20 F1 points, indicating
sensitivity to patient-specific distributions. Hybrid models reduce this variability (e.g., CNN std: 4.2 to 3.6), suggesting
improved robustness.

In contrast, classical representations, particularly Koopman-based features, show more consistent behavior with smaller
performance ranges, albeit at lower overall accuracy. Hybrid models demonstrate an intermediate pattern: they retain strong
predictive performance while partially reducing extreme degradation in worst-case folds.

These results reinforce the central motivation of the paper, namely that high average performance alone is insufficient for
clinical settings, and that robustness under patient-level distribution shifts is a critical evaluation dimension.

7
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Table 3. Per-class performance under patient-wise LOSO evaluation for raw and hybrid deep models. Values are averaged across folds.

Model Class F1-score AUROC Recall

CNN (1D) NORM 84.2 90.5 88.1
CNN (1D) ARR 72.5 85.3 70.2
CNN (1D) MI 86.8 91.2 89.4
CNN (1D) STTC 80.3 88.7 78.6
CNN (1D) CD 62.1 75.9 58.4

Transformer NORM 86.5 92.8 89.7
Transformer ARR 75.8 88.9 73.6
Transformer MI 88.9 93.5 91.2
Transformer STTC 83.7 90.6 81.5
Transformer CD 68.2 80.4 64.3

CNN + Koopman NORM 85.9 91.8 89.2
CNN + Koopman ARR 74.3 87.1 72.8
CNN + Koopman MI 88.1 92.6 90.5
CNN + Koopman STTC 82.4 89.8 80.6
CNN + Koopman CD 65.7 78.3 61.9

Transf + Koopman NORM 84.7 91.5 87.9
Transf + Koopman ARR 71.2 86.4 69.5
Transf + Koopman MI 87.5 92.8 90.1
Transf + Koopman STTC 81.6 89.7 79.3
Transf + Koopman CD 63.4 77.2 60.5

Table 4. Model stability across LOSO folds under the 5-class ECG classification task. Results reported as mean ± standard deviation.

Model Mean F1 Std (F1) Worst Fold Best Fold

Koopman + RF 39.7 5.2 20.0 46.2
Wavelet + RF 62.5 4.6 52.5 78.0
CNN (1D) 80.4 4.2 75.0 89.0
Transformer 83.1 5.5 71.3 90.0
CNN + Koopman 82.5 3.6 80.0 94.0
Transf + Koopman 76.9 5.3 70.7 90.0

F. Representation-Level Comparison under Patient-Wise Evaluation
Table 5 provides a detailed comparison of representation strategies under the patient-wise LOSO protocol, highlighting the
impact of inductive bias on performance and generalization.

Consistent with the main findings, deep models operating on raw ECG signals achieve the highest performance across
all metrics, reflecting their ability to learn complex hierarchical patterns. In contrast, classical representations (Koopman,
wavelet) show lower performance but exhibit stable behavior, with wavelet features outperforming Koopman features in
isolation.

Hybrid approaches reveal the complementarity of representation types. In particular, combining Koopman features with deep
models (CNN + Koopman) yields consistent improvements in MCC and AUROC, indicating that dynamical features capture
global temporal structure not fully exploited by purely data-driven models. These results support the central motivation of
the paper: integrating structured dynamical representations with deep learning can improve robustness while maintaining
strong predictive performance under realistic cross-patient evaluation.
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Figure 2. Distribution of Macro F1 scores across LOSO folds for different representation strategies. Deep models achieve higher median
performance but exhibit wider variability, while Koopman-based representations are more stable. Hybrid models reduce variability while
maintaining strong predictive performance.

Table 5. Comparison of representation strategies for 5-class ECG classification under patient-wise LOSO evaluation. Results are reported
as mean ± standard deviation.

Representation Model Macro F1 MCC AUROC

Koopman Logistic Regression 54.1 ± 3.3 45.1 ± 3.67 76.5 ± 4.6
Koopman Random Forest 39.7 ± 5.1 33.9 ± 4.3 55.2 ± 3.1
Wavelet Logistic Regression 42.6 ± 4.9 35.5 ± 0.8 60.9 ± 0.8
Wavelet Random Forest 62.5 ± 4.6 56.1 ± 5.7 78.5 ± 4.1

Raw ECG CNN (1D) 80.4 ± 4.2 72.0 ± 5.4 79.9 ± 4.8
Raw ECG Transformer 83.1 ± 5.5 73.8 ± 5.9 86.0 ± 6.3

Fusion Koopman + Wavelet 57.8 ± 5.9 48.0 ± 5.0 62.8 ± 4.1
Fusion CNN + Koopman 82.5 ± 3.6 73.1 ± 4.9 85.1 ± 4.7
Fusion Transf + Koopman 76.9 ± 5.3 63.8 ± 6.2 82.4 ± 5.9

G. Interpretable Dynamical Signatures across ECG Classes
Table 6 presents class-wise statistics derived from Koopman-based representations, providing insight into the underlying
temporal dynamics of ECG signals. Reconstruction error reflects how well the linearized dynamical model captures signal
evolution, while spectral entropy and eigenvalue ranges characterize the complexity and temporal variability of each class.

The results show relatively consistent dynamical behavior across major classes (NORM, ARR, MI, STTC), with subtle
differences in entropy and eigenvalue spread, suggesting variations in temporal complexity. Notably, the CD class exhibits
lower spectral entropy, indicating more regular or constrained dynamics. These findings support the motivation of the paper
that Koopman-based features offer interpretable, global characterizations of physiological signals, complementing purely
data-driven representations.

H. Details on Label Generation
The MIMIC-IV-ECG dataset provides free-text diagnostic statements associated with each recording. To enable supervised
classification, we map these heterogeneous textual descriptions into a standardized 5-class taxonomy (Table 7) using a
rule-based keyword matching procedure.

Preprocessing. All diagnostic texts are converted to lowercase and stripped of punctuation to ensure consistent matching.
Common abbreviations (e.g., “afib” for atrial fibrillation, “mi” for myocardial infarction) are retained to capture domain-
specific terminology.
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Table 6. Class-wise Koopman interpretability statistics for the 5-class ECG dataset. Reconstruction error and spectral entropy are reported
as mean ± standard deviation.

Class Reconstruction Error Spectral Entropy Dominant Eigenvalue Range

NORM 0.0018 ± 0.0002 0.768 ± 0.031 [0.000, 0.945]
ARR 0.0017 ± 0.0007 0.773 ± 0.030 [0.000, 0.955]
MI 0.0019 ± 0.0008 0.763 ± 0.039 [0.001, 0.974]
STTC 0.0024 ± 0.0006 0.774 ± 0.032 [0.000, 0.919]
CD 0.0014 ± 0.0009 0.727 ± 0.027 [0.001, 0.947]

Table 7. Mapping of raw MIMIC-IV ECG diagnostic text to a standardized 5-class taxonomy.

Class ID Class Name Keyword-Based Mapping

0 Normal (NORM) normal, sinus rhythm

1 Arrhythmia (ARR) atrial fibrillation, afib, tachycardia,
bradycardia, arrhythmia, flutter

2 Myocardial Infarction (MI) myocardial infarction, mi, infarct

3 ST/T Changes (STTC) st elevation, st depression,
t wave inversion, ischemia

4 Conduction Disturbance (CD) bundle branch block, av block,
conduction delay

– Discarded unknown, ambiguous, unmatched labels

Keyword-based Mapping. Each diagnostic statement is assigned to one of five classes based on the presence of predefined
keywords corresponding to clinically meaningful categories:

• Normal (NORM): normal ECG findings or sinus rhythm.

• Arrhythmia (ARR): rhythm abnormalities such as atrial fibrillation, tachycardia, or bradycardia.

• Myocardial Infarction (MI): indications of infarction or prior myocardial injury.

• ST/T Changes (STTC): ischemic patterns such as ST elevation/depression or T-wave inversion.

• Conduction Disturbance (CD): abnormalities in electrical conduction, including bundle branch blocks and atrioven-
tricular block.

Assignment Strategy. For each sample, we perform keyword matching against the diagnostic text. In cases where multiple
categories are matched, a priority ordering is applied to ensure a single-label assignment:

MI > STTC > ARR > CD > NORM.

This prioritization reflects clinical severity and avoids ambiguous multi-label assignments.

Filtering. Samples with diagnostic statements that do not match any predefined keywords, or that contain ambiguous or
conflicting descriptions, are discarded (Table 7). This ensures label consistency at the cost of reduced dataset size.

Discussion. While keyword-based mapping is simple and interpretable, it may introduce noise due to variability in clinical
language. However, this approach enables reproducible and scalable label generation without requiring manual annotation,
and is commonly used in large-scale clinical datasets.

Discussion and Limitations. While keyword-based mapping provides a simple, scalable, and reproducible labeling
strategy, it introduces several limitations. ECG diagnoses are inherently multi-label, and multiple clinically relevant
conditions (e.g., arrhythmia co-occurring with ischemic changes) may be present in a single recording. Our use of a
single-label assignment with a fixed priority ordering (MI > STTC > ARR > CD > NORM) simplifies this complexity and
may suppress co-occurring conditions.

The priority ordering is motivated by clinical severity and diagnostic specificity, ensuring consistent label assignment in the
presence of overlapping keywords. However, this design choice may introduce structured label noise, particularly when
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lower-priority conditions are systematically overridden. This may influence both model performance and cross-patient
generalization under LOSO evaluation.

We emphasize that our goal is to enable a controlled comparison of representation strategies under a consistent and
reproducible setting, rather than to construct a clinically exhaustive labeling scheme. Future work will explore multi-label
formulations and clinically validated annotation pipelines.

I. Implementation Details and Hyperparameters
We report the key hyperparameters used for the Koopman + Transformer framework to ensure reproducibility under the
patient-wise LOSO evaluation protocol.

Koopman Representation. Koopman features are computed using a delay embedding of length delay=8 and a polyno-
mial dictionary of degree poly deg=2. No radial basis functions are used (rbf centers=0), and a kernel bandwidth
of rbf sigma=0.3 is retained for completeness. The Koopman operator is estimated using truncated SVD with rank
svd rank=16 and ridge regularization ridge reg=1e-4 for numerical stability. From the spectrum, the top-k=8 eigen-
values are retained as features. Signals are segmented using a sliding window of window sec=2.0 seconds with a stride
of stride sec=1.0 seconds. These parameters are chosen to capture dominant temporal dynamics while maintaining
computational tractability.

Deep Models. For the Transformer encoder, we use layers=4 stacked self-attention blocks with heads=8 attention
heads and embedding dimension emb dim=128. The feedforward dimension is set to ff dim=256 with GELU activation
and dropout dropout=0.1. Temporal resolution is reduced via an initial convolutional projection, implicitly encoding
positional structure. These settings provide a lightweight architecture suitable for CPU-based LOSO training.

Training Setup. Models are trained using AdamW (opt) with learning rate lr=1e-4, weight decay 0.01, and batch size
batch=32 for epochs=120. Class imbalance is handled via weighted cross-entropy loss. Gradient clipping (norm = 1.0)
is applied to stabilize training. All experiments are conducted with random seed seed=1,42,99 then average is presented.

Preprocessing. ECG signals are normalized using z-score statistics computed on the training set only, and values are
clipped to the range [−5, 5] to reduce the impact of outliers. This is critical for stable training under cross-patient distribution
shifts.

Compute Setting. All experiments are conducted on a CPU-based cluster. Hyperparameters are selected to balance pre-
dictive performance and computational efficiency, enabling full LOSO evaluation across patients without GPU acceleration.
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