Unsupervised Deep Learning for Atrial Fibrillation
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Background

Atrial fibrillation (AF) is a common cardiac arrythmia characterized by an irregularly irregular
ventricular rhythm in the absence of distinct, coordinated atrial activity. Historically,
patients can be classified by several criteria, including temporal definitions, as in persistent
or paroxysmal AF, or by the more immediate transient ventricular rate. They may be
classified by the presence of structural heart disease, such as valvopathies or dilated
cardiomyopathies, by the association of other underlying chronic diseases, or by a driving
criticalillness.

Given the heterogeneity in the underlying pathophysiology, presentation, and patient
outcomes of atrial fibrillation, we hoped to investigate the feasibility of a more granular and
personalized approach. Unsupervised machine learning models have been applied to other
complex cardiac conditions, such as Heart Failure with Preserved Ejection Fraction (HFpEF),
with the intent of defining novel phenotypes. This abstract introduces a framework to
identify new subsets of atrial fibrillation patients by using unsupervised learning methods,
such as clustering.

Methods

This study utilized MIMIC-IV (Medical Information Mart for Intensive Care), a credentialed,
open-source dataset from Beth Israel Deaconess Medical Center in Boston, MA. A custom
database of atrial fibrillation patients was created by querying and cross-referencing the
MIMIC-IV and MIMIC-IV-ECG datasets, and filtering by ICD codes for atrial fibrillation
diagnoses. Waveform electrocardiogram (EKG) data was processed using the Waveform
Database (WFDB) Python Package. Modeling was performed using the PyTorch and scikit-
learn libraries. An Encoder-only Transformer was created for the learned contextualized
embeddings of raw ECG data. The Transformer model was specifically chosen for its ability
to implement self-attention, which may be applied to each lead over time and to each time
point across leads. These embeddings are then fed to an unsupervised learning model to
create specific ECG clusters, which are subsequently fed to a second clustering model that
incorporates additional patient data. Preliminary model pipelines were tested on MIMIC-IV
Clinical Database Demo and MIMIC-IV-ECG Demo, which are derived sample populations
of their larger respective datasets. Subsequent analysis and exploration of full datasets is
currently being performed through utilization of Google BigQuery, notably Data Canvas and
Vertex Al applications.

Results

Currently, the analysis of an appropriately robust dataset remains under active
development. Computational constraints necessitated a need for proof-of-concept



development on MIMIC’s smaller, demo datasets. However, the size of these demo datasets
is inadequate to create useful insights. We intend to provide updated results at the earliest
opportunity. Code will be made available on request.

Conclusion

Here we describe work to introduce a proof-of-concept framework for the exploration of
novel atrial fibrillation phenotypes by a series of multimodal, unsupervised machine
learning models. Further evaluation of the clinical relevance of phenotype clusters with the
input of expert cardiologists remains in the immediate development pipeline. Additionally,
future work may also include expansion of the model’s multimodality, training and inference
on localized patient populations, and correlation of new phenotype definitions to patient
treatment and outcomes.
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