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Medication use evolves in response to changing patient state

• Accurate phenotyping of longitudinal medication trajectories is 

critical for risk stratification and targeted interventions 

EHR medication data present major modeling challenges 

• Irregular, patient-specific administration timing 

• Repeated dose adjustments and drug switching  

• Multiple routes and formulations with non-uniform units 

• Inconsistent generic and brand naming  

Traditional feature engineering is insufficient

• Binary indicators ignore duration and intensity

• Mean doses obscure drug escalation and switching patterns

How can we flexibly represent medication trajectories from 

tabular EHRs while preserving their temporal dynamics?

Motivation

Embedding and Clustering Performance

Application: Postoperative delirium in MIMIC-IV

Conclusions

Background

1) Template construction  

• Convert tabular EHR medication data into sequential text representations

• List/Text templates: Manual transformation of medication records [3]

• LLM Template: Decoder-only LLM (Llama-3.3-70B-Instruct) generates 

concise summaries of List template 

2) Embedding generation

• Encode medication sequences using long-context encoder-only LLMs: 

Clinical-Longformer (CL; clinically pretrained), GatorTron-Base-2k 

(clinically pretrained), and Longformer (LF; general-domain comparison)

• Apply PCA for dimensionality reduction prior to clustering 

3) Unsupervised phenotype discovery 

• Cluster embeddings using K-means++, Gaussian mixture models (GMM), 

HDBSCAN, and agglomerative hierarchical clustering (AHC)

• Optimal number of clusters selected using elbow methods 

• 50 repetitions for non-deterministic algorithms 

• Internal validation metrics: Silhouette score (SS ↑), Calinski–Harabasz 

index (CHI ↑), Davies–Bouldin index (DBI ↓) 

Methods 

Transformers leverage self-attention to capture long-range 

dependencies in medication sequences   

• Self-attention adaptively weighs relationships between events 

without requiring fixed time intervals

• Several transformer-based large language models (LLMs) have 

been pretrained on biomedical literature and clinical notes [1, 2] 

• Encoder LLMs produce high-dimensional latent representations 

known as embeddings; decoders generate new text 

MEDLEY provides a reproducible representation learning framework for 

irregular longitudinal medication data 

• Clinically pretrained LLMs capture complex medication-use trajectories via 

self-attention-based sequence modeling  

Embedding-derived phenotypes were clinically coherent   

• Subgroups with prolonged delirium exhibited greater relative sedative use, 

whereas shorter-duration subgroups showed higher haloperidol use

Interpretability of high-dimensional embeddings remains limited 

• Future work will investigate attention-based visualization and feature 

attribution methods to quantify medication-level contributions 

Density-based clustering algorithms achieved the strongest performance  

• HDBSCAN with the Clinical-Longformer List template embeddings was 

selected for downstream subgroup analysis and phenotyping (Fig. 2)

Manual templates outperformed decoder-generated summarizes 

• Decoder-LLM may omit or distort structured medication-use information

Postoperative delirium (POD)

• Common postoperative complication in older adults characterized by 

inattention and fluctuating mental status 

• POD management involves multiple sedative and antipsychotic 

medications, often with dynamic dose adjustments and drug switching 

Study cohort

• 5,821 ICU surgical patients with POD from the MIMIC-IV database [4] 

Table 1. Internal validation metrics across embedding templates and clustering algorithms 

Figure 1. Overview of the MEDLEY framework 

Figure 2. Clinical characteristics of the POD medication-use phenotypes identified by MEDLEY

2a) 2-dimensional PCA visualization of the clusters; 2b) Radar plot for POD medication administration 

proportions by cluster; 2c) Mean cumulative daily dexmedetomidine dose among patients with at least one 

dexmedetomidine administration; 2d) Kaplan-Meier curves showing the probability of unresolved delirium 

over time since the first positive delirium assessment; 2e) Cluster summary table 
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Embedding-derived medication-use phenotypes correspond to 

distinct therapeutic strategies and recovery trajectories
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