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Introduction

Word embedding techniques have gained
influence in the field of medical data
analysis, as these techniques enable the
representation of medical concepts [1,2].

This study explores the utilization of word
embeddings to represent medical codes
extracted from a Portuguese tertiary
hospita’'s OMOP CDM database. By
representing medical codes into a
continuous vector space, we aim to capture
inherent relationships between healthcare
concepts, potentially enhancing predictions
of long hospitalizations (>7days). Predicting
the length of stay early can help in better
resource allocation and patient care.

Methods

The real-world dataset used encompasses
approximately 52M events across 6.5M
visits and 500K patients, with an observation
period spanning between 2007 and 2023.

We employed the word2vec algorithm to
generate medical code embeddings,
exploring diverse embedding spaces by
varying parameters such as vector and
window sizes [3]. Additionally, we expanded
our vocabulary using ontology expansion [4].

We use the embeddings as features of
machine learning (ML) models for predicting
long  hospitalization, comparing their
performance with count-based features.

Results

Ontology expansion significantly increases
the event counts of all patients; however, it
does not improve predictive performance.

Smaller embedding dimensions vyield
suboptimal performance, while dimensions
exceeding 100 do not lead to significant
Improvements.

Increasing window sizes fails to enhance
model performance.

Concatenation of element-wise min, max
and mean representations was show to be
the best approach for visit embedding
representations.

Conclusions

Our study demonstrates the feasibility of
creating embedding representations from
structured data in the OMOP CDM.

Ontology expansion resulted in inferior
performance, introducing noise rather than
enhancing contextual understanding.

Explore advanced models with attention
mechanisms for ontology expansion [5].

Incorporate medical code descriptions in
embedding creation to improve contextual
understanding and code relationships [6].

Embedding representations demonstrate slightly superior i,
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performance over count-based features, while capturing
data relationships and dependencies.
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