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Abstract

Objective: Extracting social determinants of health (SDoHs) from medical notes depends heavily on labor-intensive annotations, which are typi-
cally task-specific, hampering reusability and limiting sharing. Here, we introduce SDoH-GPT, a novel framework leveraging few-shot learning
large language models (LLMs) to automate the extraction of SDoH from unstructured text, aiming to improve both efficiency and generalizability.

Materials and Methods: SDoH-GPT is a framework including the few-shot learning LLM methods to extract the SDoH from medical notes and
the XGBoost classifiers which continue to classify SDoH using the annotations generated by the few-shot learning LLM methods as training
datasets. The unique combination of the few-shot learning LLM methods with XGBoost utilizes the strength of LLMSs as great few shot learners
and the efficiency of XGBoost when the training dataset is sufficient. Therefore, SDoH-GPT can extract SDoH without relying on extensive med-
ical annotations or costly human intervention.

Results: Our approach achieved tenfold and twentyfold reductions in time and cost, respectively, and superior consistency with human annota-
tors measured by Cohen's kappa of up to 0.92. The innovative combination of LLM and XGBoost can ensure high accuracy and computational
efficiency while consistently maintaining 0.904+ AUROC scores.

Discussion: This study has verified SDoH-GPT on three datasets and highlights the potential of leveraging LLM and XGBoost to revolutionize
medical note classification, demonstrating its capability to achieve highly accurate classifications with significantly reduced time and cost.
Conclusion: The key contribution of this study is the integration of LLM with XGBoost, which enables cost-effective and high quality annota-
tions of SDoH. This research sets the stage for SDoH can be more accessible, scalable, and impactful in driving future healthcare solutions.

Key words: large language models; social determinants of health; XGBoost classifier; few-shot learning.

Introduction Moonstone NLP, or cTAKES***%) and supervised/unsupervised

Social determinants of health (SDoHs) are defined as “non-
medical factors that influence health outcomes, including the
conditions in which people are born, grow, live, work, and
age,” as per the World Health Organization.! SDoH have been
extensively linked to the prevalence and progression of various
diseases™* and contribute to an astonishing 80%-90% of
health outcomes,' > with multiple factors significantly exacer-
bating health risks.'®™'? Critical SDoHs are locked in unstruc-
tured clinical narratives.”*> Methods for SDoH extraction
using natural language processing (NLP) encompass rule-based
(using keyword matching/counts or regular expression, such
as'?) tool-based (specialized, task-specific system tools, such as

learning approaches, relying on annotated data and lexicons
constructed manually or semi-automatically.?® This manual
procedure depends extensively on guidelines that steer the
annotation process,”>*” typically task-specific, resulting in poor
reusability. Large language models (LLMs),”® including pre-
trained domain specific LLMs,?” have demonstrated promising
potential across various healthcare applications,>*>* especially
showing the capability of reducing the cost and improving the
quality of data labeling.>*” Related studies have explored the
application of LLMs in SDoH extraction with varying degrees
of success.*® employed a fine-tuned Flan-T5 model to classify
SDoH categories, achieving mid-range F1 scores of 0.55 in
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Economics and 0.44 in Community. Similarly, the model used
in*! demonstrated the ability to extract SDoH data from medi-
cal notes with moderate success but required extensive fine-
tuning and significant computational resources. This article
presents a few-shot learning LLM method that uses contrastive
examples and concise instructions for SDoH extraction, mini-
mizing the need for extensive annotation guidelines and costly
human input. Furthermore, we trained XGBoost classifiers
using LLM annotated SDoH data to achieve optimal perform-
ance with affordable computational resources. XGBoost was
preferred over transformer-based models like BERT due to its
lower computational cost and effectiveness with larger datasets,
making it a practical choice for handling heterogeneous medical
notes and interinstitutional data challenges. The unique combi-
nation of LLM and XGBoost utilizes the strength of both meth-
ods: with a relative handful of annotations, a few-shot LLM
can annotate enough samples to train an XGBoost, which is at
least as accurate as, but much cheaper than, purely using LLM.
The novelty of this article highlights this efficient combination
of LLM and XGBoost as SDoH-GPT to achieve the cost effec-
tive and high quality SDoH annotations. The novelty of this
article highlights this efficient combination of LLM and
XGBoost as SDoH-GPT to achieve the cost-effective and high-
quality SDoH annotations.

In this study, we developed SDoH-GPT using GPT-3.5
with few-shot learning and XGBoost to extract SDoH from
three datasets: MIMIC-SBDH*?; the suicide notes*?; and the
Sleep Notes** (See Materials and methods; Extended Data
1-3). SDoH-GPT achieved comparable accuracy to human
annotations with a tenfold reduced time and a twentyfold
decrease in cost, for 2048 sample annotations (Figure 1D). If
more annotations had been performed, using SDoH-GPT
would have become even cheaper and less time-consuming.
When compared to human annotation, SDoH-GPT can
become a thousand-fold cheaper and a hundred-fold faster
while maintaining comparable accuracy (Extended Data 4)
for large-scale clinical notes. With different few-shot learning
strategies, SDoH-GPT reached superior consistency with
human annotators measured by Cohen’s kappa: 0.72-0.92 in
MIMIC-SBDH, 0.71-0.88 in suicide notes, and 0.70-0.91 in
Sleep Notes (Figure 2E). Through this study, we have identi-
fied several error patterns and ambiguity challenges in SDoH
annotation and discussed the potential future directions.

Materials and methods
MIMIC SDoH data

MIMIC-III is a publicly available EHR dataset with 55452
discharge summaries from 46520 ICU patients (2001-
2012).%~* This database contains 55452 discharge sum-
mary notes from 37444 non-neonatal patients. The “Social
History” section in the dataset containing SDoHs was identi-
fied by using regular expressions (RegEX),** excluding neo-
nates and those with missing values. This resulted in 44 566
social histories, divided into 7008 human-annotated entries
from MIMIC-SBDH** and 37 558 unannotated entries.
MIMIC-SBDH provides annotations for Social and Behav-
ioral Determinants of Health (SBDH) to 7025 randomly
selected discharge summary notes from MIMIC-IIL*" It
encompasses annotations for four categories of SDoH: Com-
munity (including Community-Present and Community-
Absent), Education, Economics, and Environment; and three
categories of Behavioral Determinants of Health (BDoH):

Alcohol Use, Tobacco Use, and Drug Use. For clarity, we
consider all seven determinants to be SDoH and do not divide
them into SDoH and SBoH as MIMIC-SBDH does. Using
our RegEX-based method, we finally identified 7,008 social
history entries. SDoH-GPT was applied to the three
categories with the highest lexical complexity*': Community,
Economics, and Tobacco Use in MIMIC-SBDH. Lexical
complexity refers to the variety and richness of vocabulary
within a category. Categories with higher lexical complexity
feature a broader range of unique terms appeared in this
category, reflecting higher diversity in the concepts being
discussed.*!

Validation datasets

To evaluate the generalizability of SDoH-GPT, we tested it
on two alternative datasets: Suicide Notes and Sleep Notes.
The Suicide Notes dataset uses the National Violent Death
Reporting System (NVDRS) dataset, which covers 500072
incidents of suicide deaths across all 50 U.S. states, Puerto
Rico, and the District of Columbia from 2003 to 2020.*® For
this study, we chose Job Problem as a typical crisis with
30525 positive and 469,547 negative incidents. The Sleep
Notes dataset comes from an Alzheimer’s Disease dataset
(AD) collected by the University of Pittsburgh Medical Center
(UPMC) between January 2016 and December 2020.** This
dataset has a cohort of 7266 patients associated with
379120 clinical documents, 193 351 of which contained key-
words related to sleep. For this study, we chose Sleep Apnea
as a specific type of sleep disorder with 118 positive and 118
negative incidents.

For the Suicide Notes dataset, employment issues (eg, job-
related stress, unemployment, and financial instability), as
core SDoHs, have been demonstrated as pivotal factors influ-
encing suicide behavior.*®*’ Targeting employment-related
SDoHs allows for the evaluation of SDoH-GPT’s capacity to
extract clinically and socially meaningful information from
unstructured medical notes, emphasizing its potential as a
valuable tool for addressing the challenge of suicide preven-
tion through the identification of critical SDoHs.

The Sleep Notes dataset focuses on extracting information
related to sleep apnea, which, while not a direct SDoH, serves
as a proxy to evaluate SDoH-GPT’s capacity to identify clini-
cally relevant conditions from notes. Sleep apnea is recog-
nized as an important comorbidity with Alzheimer's disease
and other chronic health issues,’® demonstrating its signifi-
cance in clinical contexts. Prior research has validated the use
of NLP methods to extract sleep apnea information from
electronic health records.***! By addressing sleep apnea
extraction, we aim to evaluate SDoH-GPT’s broader utility in
identifying health determinants and conditions relevant to
public health.

These datasets thus represent two complementary dimen-
sions of the capabilities of SDoH-GPT: the Suicide dataset is
rooted in the extraction of SDoH for an important medical
issue of suicide prevention, while the Sleep Notes dataset
demonstrates the model’s ability to generalize to tasks
beyond SDoH, such as identifying clinically significant condi-
tions like sleep apnea. Together, these analyses showcase
SDoH-GPT’s versatility in addressing both social and clinical
dimensions of health data.
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Figure 1. The workflow of SDoH-GPT. (A) The process of building SDoH-GPT, divided into three key sections: Data extraction, prompt engineering, and
XGBoost training, for analyzing three MIMIC SDoH categories (Community, Economics, and Tobacco Use). (B) Three sections of SDoH-GPT prompt
template: Instructions, Examples, and Query. See Extended sdata 7 and 8 for complete prompts. (C) Two steps on how to generate examples for 2-Shot

SDoH-GPT.

Few-Shot prompt

Developing a Zero-Shot prompt is the first step of SDoH-
GPT. GPT-3.5 was employed using the Azure OpenAl
which is HIPAA compliant (see Supplementary Material for
model parameter settings). This prompt is composed of
three instructions and a query. The instructions are as fol-
lows: a succinct roleplaying instruction to contextualize
LLM, a General Task Instruction that explains the task,
and SDoH Specific Instruction to state which information
must be extracted. To facilitate straightforward responses
from GPT-3.5, our queries were formulated as Yes/No
questions. As an illustration, consider the query structure
for Economics prompts: “Does the social history indicate

that the patient is currently unemployed or retired? Answer
with yes or no as the first word.” This format prompts
GPT-3.5 to respond with either “Yes” or “No.” The results
were categorized into True Positive and True Negative
groups based on gold standard human annotations. This
process continued until True Positive and True Negative
Zero-Shot prompt-annotated sample groups each comprised
a minimum of 50 samples. These new balanced 100 LLM
annotations are called the Prototype Annotated Dataset,
which is further categorized into four distinct groups by
employing 0-Shot SDoH-GPT: True Positives (positive sam-
ples correctly categorized by GPT-3.5), True Negatives
(negative samples correctly categorized by GPT-3.5), False
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Figure 2. Overview of SDoH-GPT for SDoH annotation. (A) Flowchart illustrating the integration of SDoH-GPT with XGBoost to classify SDoH from
clinical notes. (B) Comparison of the average performance, time, and cost of XGBoost classifiers trained on different numbers of human annotations or 0-
Shot SDoH-GPT annotations for the three MIMIC SDoH categories. (C) Spider graph showing Cohen’s Kappa values, representing consistency between
human and SDoH-GPT annotations across MIMIC, suicide notes, and sleep notes. (D) Table summarizing XGBoost performance and cost when trained
on 2048 human or 2-Shot SDoH-GPT annotations for MIMIC SDoH categories. (E) Breakdowns of Cohen's Kappa between human, 0-Shot SDoH-GPT,
and each 2-Shot SDoH-GPT for 1024 annotated examples from MIMIC-SBDH and Suicide Notes, and 236 annotated examples from Sleep Notes

(Extended data 6).

Positives (positive samples incorrectly categorized by GPT-
3.5), and False Negatives (negative samples incorrectly cate-
gorized by GPT-3.5).

A randomly selected single sample from each group,
together with its social history, human-annotated label, and
explanation, are systematically organized into a Shot.
The explanation refers to the human-created reasoning for
the gold standard labeling. Four kinds of Two Shots are gen-
erated: the Easy pair (E), consisting of one True Positive
example and one True Negative example (ie, 2-Shot E); the
Easy-Explained pair (E+Expl), mirroring the examples in
the Easy pair, but adding explanations (ie, 2-Shot E+Expl);
the Hard pair (H), comprising one False Negative example
and one False Positive example (ie, 2-Shot H); and the Hard-
Explained pair (H+Expl), replicating the examples in the
Hard pair, but including explanations (ie, 2-Shot H+Expl,
see Figure 1C).

Our experiment with different shots, ranging from zero to
eight, revealed that prompts with zero and two examples
exhibit comparable accuracy to those with eight examples.
Figure 1B presents the whole structured template of a Two-
Shot prompt, consisting of Instructions, Examples, and
Query sections.

XGBoost classifiers

We used two kinds of training datasets to train XGBoost
classifiers: Human-annotated data from MIMIC-SBDH, and
SDoH-GPT-annotated data. The SDoH-GPT-annotated
training datasets were created using the Zero-Shot and four
kinds of Two-Shot prompts. Each prompt was employed to
annotate a balanced training dataset, for a total of five
SDoH-GPT training datasets. These six training sets have
1024 positive and 1024 negative examples for each MIMIC
SDoH category: Human-Annotated Training Set (From
MIMIC-SBDH), 0-Shot SDoH-GPT Training Set, 2-Shot E
SDoH-GPT Training Set, 2-Shot E+Expl SDoH-GPT Train-
ing Set, 2-Shot H SDoH-GPT Training Set, and 2-Shot
H+Expl SDoH-GPT Training Set. The XGBoost classifier
trained on human annotations is called XGBoost-Human,
while the XGBoost classifier trained on SDoH-GPT annota-
tions is called XGBoost-SDoH-GPT (see Supplementary
Material section SDoH-GPT generated Training Datasets).
The Testing dataset contains 512 positive and 512 negative
examples for each MIMIC SDoH category.

The input data for XGBoost is a 3000-integer array, repre-
senting word frequencies in social history samples. The top
3000 words, excluding stop words, are selected from each
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training dataset using SciKit Learn's “CountVectorizer”>*

and NLTK's stop word list. Six balanced training sets of
2048 samples for each SDoH category, were further sub-
sampled to smaller balanced datasets with 16, 32, 64, 128,
256, 512, 1024, and 2048 samples. In total, 48 XGBoost
models were trained and tested on a 1024-sample balanced
dataset. We calculated the AUROC for each model, and the
results are presented in Extended Data 5 and 6. See Estimat-
ing Time and Money Costs section in Supplementary Materi-
als for the evaluation of cost estimation. Figure 1A shows the
comprehensive workflow of SDoH-GPT using the MIMIC-III
dataset.

Results
SDoH-GPT: an effective SDoH classifier

Training an XGBoost’® classifier using SDoH-GPT annota-
tions can yield enhanced accuracy, consuming less computa-
tional resources (Figure 2A). By scaling LLMs, the SDoH-GPT
framework can handle a broad range of tasks without needing
task-specific fine-tuning, leveraging few-shot or zero-shot
learning to outperform traditional fine-tuning
approaches.’”>* Figure 2B shows the average performance of
XGBoost classifiers for three MIMIC SDoH categories trained
on 16 to 2048 annotated examples either by human annota-
tors or SDoH-GPT with zero-shot learning, indicating that
with a mere 256 examples, XGBoost-SDoH-GPT can reach
~0.90 AUROC. The discrepancy between 0-Shot SDoH-GPT
and XGBoost-Human with more than 256 annotations was
marginal, within a range of 0.014 to 0.022 AUROC
(Figure 2B). In scenarios with high lexical diversity, such as
Economics, XGBoost-Human trained on 256 annotations
achieved 0.95 AUROC, while XGBoost-SDoH-GPT trained
on 256 annotations by 2-Shot SDoH-GPT, consistently main-
tained above 0.90 AUROC scores for all four kinds of 2-Shot
SDoH-GPT (Extended Data 5). For Community, XGBoost-
Human trained on 512 annotations surpassed 0.95 AUROC,
while XGBoost-SDoH-GPT on 1024 2-Shot H+Expl SDoH-
GPT annotations can maintain the same AUROC score
(Extended Data 5). In Tobacco Use, both XGBoost-Human
and XGBoost-SDoH-GPT, trained with 128 annotations,
reached above 0.90 AUROC. These results demonstrate the
comparable performance of XGBoost-Human and XGBoost-
SDoH-GPT (Extended Data 5). In Figure 2D, the overall
performance difference between XGBoost-Human and aver-
age 2-Shot SDoH-GPT trained on 2048 annotations is mini-
mal (0.0194 AUROC), yet average 2-Shot SDoH-GPT is
approximately 19 times more cost-effective and 13 times
faster, respectively (Extended Data 5).

Moreover, annotated examples by human annotators and
SDoH-GPT shared extremely high agreement measured by
Cohen’s kappa.”® In our experiments, four kinds of 2-Shot
SDoH-GPT achieved substantial agreement with human anno-
tations, with Cohen’s kappa scores of 0.87 for Community,
0.82 for Economics, and 0.92 for Tobacco Use in the MIMIC
dataset, 0.88 for Suicide Notes, and 0.91 for Sleep Notes
(Figure 2E). These results indicate strong agreement between
human annotators and SDoH-GPT. For comparison, Cohen’s
kappa between two human annotators conducting similar
SDoH annotations on clinic notes from Brigham and Wom-
en’s Hospital/Dana-Farber Cancer Institute was 0.76 for

Employment status (akin to MIMIC Economics) and Social
Support (akin to MIMIC community).* Setting the threshold
at 0.8 Cohen’s kappa, the results affirm SDoH-GPT's high
consistency with human annotators, surpassing benchmarks
across all SDoH categories evaluated (Figure 2C).

SDoH-GPT: Cost-effective with high accuracy

We evaluated SDoH-GPT on MIMIC-III discharge summa-
ries to classify the top three highest lexically SDoH catego-
ries: Community, Economics, and Tobacco Use,*? using
binary “Yes” or “No” classifications (Figure 3A). Figure 3B
shows that the best-performing SDoH-GPT configurations
were 2-Shot H4+Expl for Community, 0-Shot SDoH-GPT for
Economics, and 2-Shot E for Tobacco Use, based on F1
scores. Given the high expense and complexity inherent in
human annotation, related studies typically have a limited
number of SDoH annotations: 1000,°¢ 15767 and 500.°%
Assuming only 512 human annotations are available for
Community, 2-Shot H+Expl SDoH-GPT can efficiently gen-
erate an additional 2048 annotations at approximately one-
fifth of the cost and one-third of the time required for human
annotators. Furthermore, it achieves an AUROC score that is
0.01 higher than that of XGBoost trained on the same 512
human annotations (Extended Data 5). Notably, SDoH-GPT
requires only 100 human annotations to select two examples
for 2-Shot SDoH-GPT, demonstrating significant cost-
effectiveness and efficiency. Ablation studies revealed mini-
mal variance in AUROC scores between 0-Shot SDoH-GPT
and various 2-Shot SDoH-GPT trained on 2048 annotations,
suggesting that additional shots do not necessarily enhance
performance (Figure 3C). Employing 2-Shot SDoH-GPT
directly for annotating the Testing Set without XGBoost
yielded an F1 score nearly equivalent to that achieved by
using XGBoost trained on 2048 human annotations, reduc-
ing the need for extensive manual annotation by a factor of
twenty to maintain comparable F1 scores (Figure 3D). While
0-Shot SDoH-GPT outperformed XGBoost trained on 2048
human annotations in F1 scores for Community and Tobacco
Use categories, the Economics category posed greater chal-
lenges due to its highest lexical complexity in SBDH,** result-
ing in slightly lower scores, as shown in Figure 3D.

In this study, we attained a notably higher F1 score using
2-Shot SDoH-GPT: 0.905 in Economics, which is 0.102
higher than those from GPT-4 in Ramachandran et al*';
0.963 in Tobacco Use, surpassing 0.138 than those in Rama-
chandran et al*'; and 0.926 in Community, a significant
improvement of 0.336 over Living Status in Ramachandran
et al.*! Several factors potentially contribute to the differen-
ces: (1) Variance in GPT prompt structure: Ramachandran et
al’s*! query in GPT prompts was to annotate discharge sum-
maries in the BRAT standoff format, while ours were pure
SDoH categorization; (2) Dataset differences: Ramachandran
et al*' contains MIMIC III and an additional dataset from
the University of Washington; while ours are MIMIC III and
two other datasets; (3) Instruction guideline: Ramachandran
et al’s*' prompt included a lengthy instruction, exceeding
1000 characters; while our instruction employed a more con-
cise instruction, limited to a few sentences; and (4) Two-shot
learning: Ramachandran et al’s*' prompt did not have
two examples to facilitate two-shot learning. In comparison,
Guevara et al,*® used 200 manually annotated MIMIC-III
notes to finetune Flan-T5 (18M parameters) with LoRA,
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Figure 3. SDoH-GPT for MIMIC SDoH Classification. (A) Merging different values of each MIMIC SDoH category into balanced binary values to create
training and testing sets. (B) The comparison results of AUROC, time and money cost for XGBoost classifiers trained on human annotations versus those
trained on annotated examples from 2-Shot H+Expl SDoH-GPT for community, the 0-Shot SDoH-GPT for economics, and 2-Shot E SDoH-GPT for
tobacco use (the best performing SDoH-GPT for their respective tasks). (C) Ablation studies to show the AUROC performance of XGBoost classifier
trained on 2048 examples generated by 0-Shot SDoH-GPT and different 2-Shot SDoH-GPT. (D) Comparison of F1 measures on directly using 0-Shot and

Few-Shot SDoH-GPT to classify three MIMIC SDoH categories of the Testing

Set (1024 samples) without training XGBoost classifiers, against XGBoost

classifiers directly trained on different numbers of human annotations. (E) Assuming only 256 human annotations are available (the dotted line), the
number of 2-Shot H+Expl SDoH-GPT annotated examples are needed to reach the same level of accuracy for Community; same for Economics

with 0-Shot SDoH-GPT and Tobacco Use with 2-Shot E SDoH-GPT.

achieving 0.44 F1 in Community and 0.55 in Economics.
Our F1 scores for these categories were nearly double. With
just 256 human annotations, SDoH-GPT can efficiently gen-
erate more annotations, boosting AUROC by up to 0.04
(Figure 3E).

Validating SDoH-GPT using suicide notes and sleep
notes

SDoH-GPT was validated using two datasets: Sleep Notes
and Suicide Notes. Sleep Notes were segmented into

sentences, while Suicide Notes were divided into two para-
graphs. Each segment was processed using specific prompts
to identify mentions of sleep apnea or associations with job
problems (Figure 4A). A binary “Yes” or “No” classification
balanced dataset was created through random sampling
(Figure 4B). The resulting datasets were split into Training
Set and Testing Set, containing equal positive and negative
samples for model evaluation. Both 0-Shot and 2-Shot
SDoH-GPT were employed to ascertain the association
between job problems and the victim’s suicide ideation.
Figure 4C presents the results in AUROC, time and cost. For
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Figure 4. SDoH-GPT evaluation on sleep notes and suicide notes. (A) Data pre-processing. (B) Procedure to generate the training and testing sets. We
took a large set as testing set for sleep notes to ensure stable performance scores to avoid huge variances due to the small samples of testing set.

(C) Comparable performance of XGBoost-Human versus XGBoost-SDoH-GPT trained on different numbers of annotations generated by either human
annotators or 2-Shot H SDoH-GPT (the best performing SDoH-GPT for both validation tasks). (D) Performance improvements with XGBoost-SDoH-GPT in
cases of limited human annotations.

Suicide Notes, XGBoost-SDoH-GPT trained on annotations XGBoost-SDoH-GPT exhibited a substantial increase in
from 2-Shot H SDoH-GPT performs comparably to AUROC score by 0.036 (Figure 4D). Moreover, with mere
XGBoost-Human with significantly reduced time and compu- 128 annotations, both XGBoost-Human and XGBoost-
tational cost. If only 256 human annotations are available, =~ SDoH-GPT with 0-Shot, 2-Shot E+Expl and 2-Shot H+Expl
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attained 0.90 AUROC score. For Sleep Notes, where only
236 human annotations were available for sleep apnea (74 as
Training Set and 162 as Testing Set), the peak AUROC
achieved by XGBoost-Human is 0.922. By spending an extra
$2.68 dollars and 8.5 min, XGBoost-SDoH-GPT, trained
2048 annotations generated by 2-Shot H SDoH-GPT, can
improve AUROC from 0.922 to 0.964 (Figure 4C and D).
This demonstrates the substantial utility of SDoH-GPT in
areas where human annotations are scarce and expensive to
obtain. SDoH-GPT can markedly enhance performance with
minimal additional effort.

Understanding SDoH-GPT annotation errors

Figure SA shows the distribution of four categories of errors:
Human error; SDoH-GPT error, Extraction error, and Ambi-
guity. We have summarized the following potential causes:
(Figure 5B). (1) Abbreviations confuse SDoH-GPT. Replacing
the abbreviation, such as “VNA” with its full form, “Visiting
Nurse Association,” enabled SDoH-GPT to correctly identify
relevant SDoHs; (2) Check-box style data are frequently used
in clinical notes,’” such as “Smoked no [x] yes [].” Converting
them into plain language, such as “Never smokes,” improves
the model's accuracy. (3) Multiple SDoHs are in one single
sentence. The example “Does not smoke and gave up drink-
ing 10 years prior” includes two SDoHs—tobacco use and
alcohol use—in a single sentence. By separating it into two
sentences, “Does not smoke” and “Gave up drinking 10
years prior,” SDoH-GPT annotated the information cor-
rectly. (4) Unclear phrases: For instance, the phrase “Distant
smoking history” where the term “distant” is broad and
vague. Rewriting it as “Previously had a history of smoking
but quit a long time ago” provides clearer information, ena-
bling SDoH-GPT to classify the example correctly; (5). Hallu-
cinations remain a major concern for LLMs.®° Our example
(Figure 5B) lacked explicit information about employment
status. However, SDoH-GPT concluded that the patient was
unemployed despite the absence of relevant details in the
notes; and (6). Misunderstanding of multiple time frames:
Errors can occur when notes contain mixed time frames refer-
encing past, present, or future events. For example, in the
Economics task, the phrase “Retired from his work as a man-
ager in auto sales. He states he hopes to return to his previous
work in the future” describes a past occupation and does not
provide information about the individual's current employ-
ment status. SDoH-GPT struggles to accurately differentiate
between past occupations and current work status in this
case. For the identified error patterns, improving the prompt
design can significantly enhance the performance of SDoH-
GPT (See the Refining SDoH-GPT Prompts section in the
Supplementary Materials).

Discussion

SDoH-GPT demonstrated remarkable efficiency, achieving a
tenfold reduction in annotation time and a twentyfold
decrease in costs compared to traditional methods, while
maintaining strong alignment with human annotators, as evi-
denced by Cohen's kappa scores of up to 0.92. Our 2-Shot
SDoH-GPT, a more effective approach compared to,*'
achieved significantly higher F1 scores in Economics,
Tobacco Use, and Community categories, avoiding the exces-
sive complexity instructions and extensive fine-tuning. In
comparison to,°" which utilized traditional classification

algorithms such as XGBoost, TextCNN, and Sentence-
BERT, our approach combines the strengths of LLMs and
XGBoost, thereby reducing the costs and time associated
with creating large training annotation sets, while simultane-
ously achieving better performance.

SDoH data in medical notes are often brief and lack con-
text, leading to ambiguous annotations. There are several
pivotal issues concerning ambiguity (Figure 5C): (1) Contex-
tual Misinterpretations: SDoH-GPT identified Casel as com-
munity present, misinterpreting the context of “lost family”;
(2) Evolving Status: SDoH-GPT’s annotation in Case2 was
limited to the initial part of the sentence, leading to the anno-
tation of community present; (3) Implicit Statements: Case3
suggests daily access to community services for the patient,
yet this does not explicitly imply anything about community
presence, while SDoH-GPT marked it as community present.
Daily access to healthcare services cannot directly infer com-
munity presence.®> The frequency and duration of contact
impact the patient's subjective social support and overall
well-being®'~**; and (4) Incomplete Information: It is unclear
whether the patient in Case4 lives with his children or not.
Nevertheless, SDoH-GPT classified this as community
present, which can be questionable. Ambiguity in SDoH
stems from its inherently complex and multifaceted nature,
requiring a nuanced understanding and context-specific anal-
ysis to ensure precise and meaningful annotation.’”:%%-¢¢
Effectively addressing these issues requires a comprehensive
understanding of the medical domain, as well as the broader
societal context pertinent to healthcare. By incorporating
hard examples into SDoH-GPT prompts, we improve the
model's ability to handle complex scenarios.

While SDoH-GPT demonstrates competitive performance,
certain limitations must be acknowledged for its applicability
in broader clinical settings. First, our SDoH categorization is
binary (Yes or No), which may not adequately capture clini-
cal complexity. Future work should explore multi-label or
hierarchical classification frameworks to capture richer and
more actionable insights. Second, the reliance on the MIMIC-
I dataset, which is primarily based on ICU visits, introduces
potential constraints in capturing the variability of SDoH
across different care settings and patient populations. Third,
social determinants are highly context-dependent, varying
significantly between individuals based on their unique cir-
cumstances. Future work should address these limitations by
validating datasets encompassing a wider range of clinical
settings and patient demographics. Fourth, our approach to
SDoH annotation is confined to the categorical level and
does not extend to sentence-level annotation of triggers and
spans. This limits the model’s ability to capture context-
specific details in real world clinical contexts. Additionally,
real world EHRs are far more fragmented, heterogeneous,
and complex, requiring tools capable of handling multiple
data formats and sections. Previous studies have demon-
strated that incorporating sentence-level annotations can
enhance the extraction of SDoH performance.®”>*® To
address these challenges, future work should aim to enhance
SDoH-GPT’s ability to handle this diversity while incorporat-
ing sentence-level annotation techniques for more precise and
meaningful insights. Fifth, we acknowledge the LLM halluci-
nation in our research. The combination of XGBoost and
LLM can mitigate a certain level of hallucination by relying
more on XGBoost for classification when the training dataset
has been sufficiently built. Lastly, while SDoH-GPT
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Figure 5. Error analysis of SDoH-GPT. (A) Distribution of error types in MIMIC SDoH categories: Human error (ie, errors in human annotations); SDoH-
GPT error (ie, errors in SDoH-GPT annotations); Extraction error (ie, incorrect extractions of social histories from discharge summaries using Regular
Expression algorithms), and Ambiguity (ie, hard to decide). The error analysis was conducted on a randomly selected sample of 1000 SBDH records.
(B) SDoH-GPT errors were classified into six categories: Abbreviations, check-box style data, multiple SDoH in a single sentence, unclear phrases,
hallucinations, and misunderstanding of multiple time frames. (C) Ambiguity cases and their corresponding human annotations and SDoH-GPT

annotations.

demonstrates generalizability across different tasks, including
applications in domains such as suicide and sleep apnea, fur-
ther targeted analysis is required to fully explore its adapt-
ability in different areas. Future research should also explore
tailored adaptations of the model, such as optimizing
prompts and integrating domain-specific knowledge for these
unique contexts.

Conclusion

SDoH-GPT introduces a practical and efficient way to extract
SDoH from unstructured clinical notes. We combined the

flexibility of few-shot LLM with the speed and simplicity of
XGBoost, reducing the time and cost of annotation without
sacrificing accuracy. This research sets the stage for a future
where SDoH is more accessible, scalable, and impactful in
driving future healthcare solutions.
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