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Key Takeaways
» By transforming structured tabular EHR data into narrative text, we can

leverage the power of large language models for disease prediction.

* Our clinical LLM (GatorTron) demonstrates high discrimination power in
HIV risk prediction (AUC = 0.88), a comparable performance to
traditional ML models but with reduced needs for data preprocessing.

Background Methods

Why this topic? Identifying people at elevated HIV risk can
support timely prevention (e.g., PrEP)

Data source: a multi-site clinical network (OneFlorida+)
Outcome of interest: new HIV diagnosis

Current challenge: Traditional machine learning prediction Sample size: n=54,718 (3,569 people with new HIV diagnosis,

rely on 1) feature selection based on expert’'s domain 54,718 controls)
knowledge, 2) intensive manual preprocessing EHR to extract Machine learning methods
and code variables e GatorTron: a BERT based clinical LLM trained on de-identified
clinical notes and biomedical literature.
Opportunity: Large language models (LLMs) can directly » Traditional Machine Learning models: LASSO, XGBosst
interpret clinical text and make predict. Prepare EHR for prediction (also see figure below)
1. LLM:
Objective: Evaluate whether a clinical LLM (GatorTron) can . Extract socio-demographics into text:
predict HIV risk from text-transformed EHR data » Transform ICD 9 and 10 diagnosis codes into corresponding

text narrative;

» Medication prescription: use APIs provided by the U.S.
National Library of Medicine to map all RxCUIs to the names
of their active ingredients and convert these into text

Results

Table 1. Comparison of model performance metrics for the 2. Traditional ML
clinical large language model versus traditional machine * One-hot coding socio-demographics
learning methods. « Expert select clinical features

AUC Precision Recall Accuracy « Data-driven feature selection with freq uency filter
(PPV) (SenSitiVitY) D | Age Male | Female | Race . NHW | HIV | Gonorrhea_1 | Depression_1 | AUD_2 | .. | Dx_272.1_2 Dx_512_8_1 Dx_761.2 | ... \
1 60 1 0 1 1 0 1 1 1 1 1
LLM mOdeI 2 45 0 1 0 0 0 0 0 0 0 0 e
A
Model 1: Dx only 0.74 37.5% 19.0% 252%  93.2% T | T
One-Hot Encoding
Model 2: Dx+D 0.87  74.0% 42.4% 53.9%  95.6% : - + xGBon
ode . X'l' em - - (o) 5 (o) - (o) - (o) Compiled lists of specific ICD-9/10 codes for HIV-relevant conditions: ICD 2 PheCode Mapping XGBoost
STlIs: Gonorr hea (098%, A54%), Chlamydia (078.88%, AS5-A56%), :gg:;'?; '1511 gﬁghgczhdeecz‘;d;z225?;i ession)
Model 3: Dx+Dem+Rx [IK:1: 62.7% 46.7% 53.5%  95.1% Substance Use: canol(G03%, 305.0% F10%), Cocaine (305.6% F14s), | | ICD-I0:F329 3 PheCode2s22
ICD-9: 272.4 2 PheCode 272.1 (Hyperlipidemia)
* TemporalWindows o
XGBoost model -1 sufc Pt 2months Admi ndex=) e g o0 heguencyncohort
i Socio-demographics as categoricalvariables
Dem+Dx (expert+freq) BROK:S 30.0% 69.9% 42.0%  88.3% demographics: _/
;;g;r;ﬁsf?’ Gender Raw longitudinal EHR data
LASSO mOdeI F{ace{et,h city,
insurance ﬂ:ude - ClinicalTerms \ \
o) o) o) o) * |CD Code = PheCode Description
. . . . . -9: -10: . e ive di :
Dem+DX (expert+freq) 0 87 26 1 /0 69 8 /0 38 O /0 86 2 /0 ICD-9: 311 /1CD-10: F32.9 » "depressive disorder
ICD-9:401.1 /1CD-10: 110 » "hypertens ion"
e RxNorm —> MedicationIngredients
RXNORM_CUI = ingredientnames(e.g., " pitavastatin ", " oseltamivir ")
o ° ° °
Model fairness consideration: comparing AUC across key +Demagaphios 3 T
\Sex, Race/Ethnicity, Age, Insurance type / > GatorTron
demographic groups
Yy
« By Sex: male 0.88 vs female 0.87 T et v R o
venl.afaxim_a. Otl_'lersympftoms of res_piratorysyste_m, DI_ABETES, D_'lsorders of’fhe_peripheral_neruous system, _
» By Age group: Aged 13-29 0.84, Aged 30-44: 0.85, Aged ot nesioss s v ptoace i DBE e poyencicgn oo Bl
lipoid metabolism, neckpain, Disorders of the peripheral nervous system; acetaminophen. Sex: Male; Gender Identity: _/
45+ O 88 \UnkncwnIOthers;Nun-Hispanic,White;age:ED;Insurance:Medicare; j
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