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INTRODUCTION METHODS

*Critical Problem: Nearly one in four (25.2%) psychiatric We developed a framework that integrates structured and
patients return to the Emergency Department (ED) within unstructured ED data for interpretable predictive modeling,
30 days after discharge. consisting of two main steps:

*Study Goal: Evaluate the integration of Large Language » LLM Feature Processing: Unstructured text (chief

Models (LLMs) with traditional Machine Learning (ML)

to improve the prediction of 30-day ED returns for mental
health patients.

complaints and SDOH) was processed using Llama-3
(8B) to classify and convert it into structured features,

Kev Focus: | everase both structured and unstructured combined with demographics, vitals, and clinical codes.
Y ' = * Model Training and Explainability: Combined features

data (e.g., chief complaints) to create actionable clinical ,
were used to train ML models (XGBoost, Random Forest,

insights and enhance model interpretabilit .
B N SVM. BIucBERT), with SHAP-based and LLM-

LLM Feature Extraction Performance generated explanations providing transparent, patient-
LLaMA 3 (10-shot) significantly outperformed conventional methods level 1nsights for ED outcome prediction.
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Discussion & Conclusion

XGBoost (Without XGBoost (With . . .. . .
Metric LLM) LLM) LLM integration 1s a viable an.d eftective stra.teg'y to
AUC 074 0.76 !everage %glsﬁrugtu;edld}?ta for improved prediction and
AUC-PR 058 061 interpretability i healthcare.

*While predictive gains were modest, the LLM-extracted
features captured critical risk factors (substance use,
housing 1nstability) that were otherwise absent from
structured data.

Interpretability and Feature Importance

““““““““ *The high accuracy of LLM-generated explanations enables
s the creation of actionable, personalized risk narratives for
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J Based on the patient's recent history and medical data, they are classified as High risk for a mental
health emergency return. The top contributing features include frequent visits in the past two
months (SHAP=0.788), tachycardia (SHAP=0.174), and unclear/other exercise habits (SHAP=-
0.139). These features indicate increased risk for mental health issues, with the number of visits
being a strong predictor of potential emergencies. In comparison to the population, the patient's
heart rate is elevated, which can be a sign of stress or anxiety. The unclear/other exercise category
may suggest a lack of physical activity, which can also increase mental health risk.

U Alcohol use and substance abuse are unclear/other, but their impact on risk is decreased compared
to other features (SHAP=-0.123 and -0.087, respectively). While these factors may contribute to
overall mental health risk, they are not as significant as the top features in this case.

W Overall, the patient's high number of recent visits and tachycardia suggest a higher likelihood of
Low mental health emergencies. Their unclear/other exercise habits and decreased alcohol
use/substance abuse may also contribute to their overall risk level. Based on these findings, it is
justified to classify the patient as High risk for a mental health emergency return.

Future Directions

*Validate the framework on external datasets.
*Explore advanced LLM prompt engineering techniques for further performance gains.
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