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01. Introduction

Figure 4. Bar plot displaying cluster characteristics after t-SNE analysis. Each bar
In the realm of healthcare, the pressing need to alleviate the burden on healthcare systems through automation corresponds to a specific number of clusters, illustrating the count of clusters
containing outliers, cohesive clusters, and disease-specific clusters. This visualization

provides a detailed insight into the distribution of clusters with varying attributes,
15 10 offering a comprehensive understanding of the clustering outcomes.

has never been more critical. Rare diseases, in particular, pose a daunting challenge due to their limited patient

population, making efficient management a complex task. Extracting comorbidities and complications from
clinical data not only aids in understanding their frequency but also plays a pivotal role in prevention strategies.
Recognizing the potential of language models, this study endeavors to harness their power, aiming to automate

the intricate task of analyzing clinical notes. By doing so, it not only addresses the unique challenges posed by 5

rare diseases but also represents a significant leap toward precise and proactive healthcare management, ign 10 e .

heralding a new era of efficiency and effectiveness in the medical field (1, 2). g £ .
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embeddings on large-scale structured electronic health records for disease prediction. NPJ

develops an automated system using language S S Number of clusters Figure 3. Bar plot depicting the analysis of cluster
configurations. Each bar represents showcases the mean value

of clusters with outliers, clusters with cohesive terms, and clusters
with disease-specific terms.

models to extract complications and Figure 2. Bar plot illustrating the impact of varying cluster numbers on term grouping using k-
comorbidities from clinical notes of Fabry means. Each bar represents the mean and standard deviation (SD) of different cluster number.

disease patients.




