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Abstract. Heart Failure (HF) is one of the most cause of hospital readmission for
older adults. While Social Determinants of Health (SDOH) play critical roles in
health outcomes, they are often underrepresented in structured electronic health
records (EHR) and hidden in unstructured clinical notes. This study leverages
advanced large language models (LLM) to extract SDOHs from clinical text and
uses logistic regression to analyze their association with HF readmissions. By
identifying key SDOHs (e.g. tobacco usage, limited transportation) linked to
readmission risk, this work also offers actionable insights for reducing readmissions
and improving patient care.
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1. Introduction

The lifetime risk of heart failure (HF) has increased to 24% in the US, and approximately
13% of patients require readmission within 30 days following hospital discharge [1].
Such readmissions are not only associated with increased risk of mortality but also
increase the burden on healthcare system. While medical factors for readmission (e.g.,
comorbidities) recorded in structured EHR have been widely studied, the impact of
SDOH remains underexplored [2]. On the other hand, unstructured clinical notes (e.g.,
admission notes, discharge summaries) contain valuable SDOH-related information [3],
though their free-text nature makes extraction difficult. To address this, we propose to
leverage LLM, which is capable of processing and understanding domain-specific text
[4], to systemically extract SDOHs from discharge notes. We further identify key
SDOHs linked to readmission risk, providing actionable insights to guide interventions
and reduce readmission rates.

2.  Methods
This study uses the MIMIC-III database [S]. HF patients are identified by ICD-9 code,

and each data sample includes two consecutive ICU admissions, yielding 3604 notes
from 2065 unique patients. To mine SDOH, we input a patient’s note into a LLM with
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SDOH-specific prompts to extract SDOHs that can be either spans from or paraphrases
of the original text. We use zero-shot prompting with an open source LLM, Llama-3.1-
8B, to protect the privacy of patient health information. The prompt strategy and format
are manually optimized to achieve best performance. The prompt template is “Can you
extract the patient’s [SDOH] from the given discharge note? Please choose from
candidate list, or ‘unspecified’ if not mentioned in the note”. Overall, we cover two
categories of SDOHs: (1) charted in EHR: Gender, Age, Ethnicity, Language, Marital
Status, Insurance; (2) non-charted: Alcohol, Tobacco, Drug, Transportation, Housing,
Parental, Employment, Social Support. After LLM-based mining, we apply logistic
regression to identify the key SDOHs contributing to readmission.

3. Results

We evaluate the accuracy of the charted SDOH attributes against the corresponding EHR
data and the uncharted SDOH attributes against human annotated dataset [2, 4]. For
categorical attributes, we use accuracy as the metric, while for the continuous variable
“Age”, we use the mean absolute error (MAE). The mining approach demonstrates
strong overall performance, particularly for patient gender (99.80%), marital status
(70.21%), alcohol (73.02%), and tobacco use (81.15%), as well as a low MAE for age
(3.08). Logistic regression identifies several significant factors associated with higher
readmission risk, including older age, unspecified ethnicity, Medicare insurance, past
tobacco use, transportation barriers, and limited social support, which align with known
clinical risk factors.

4. Conclusion

Our training-free LLM-based approach enables SDOH mining from unstructured clinical
notes. The effectiveness of our mining method is justified by the great performance over
annotated data. In the future, we plan to (1) extend our LLM-based mining approach to
cover more aspects of SDOHs from various types of clinical notes, and (2) explore
advanced causal relationship mining to identify novel SDOH that directly contributes to
HF 30-day rehospitalization. Observing the limited numbers of notes containing certain
SDOHs, we advocate for clinicians to document these factors more consistently to
enhance HF care intervention after hospital discharge.
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