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Overarching Goal

* The overarching goal of this application is to
develop a case definition of Gulf War lliness
(GWI) for application in the Veterans Health
Administration (VA) electronic medical record
(EMR) using Artificial Intelligence (Al) such as
advanced machine learning, Natural Language
Processing algorithms (NLP) based on Large
Language Models (LLMSs).

\)
Goal

AN
/

/

L

=

A I



What Is the Product?

1. GWI index or score.

* |tis a continuousscore produced by
sophisticated ML algorithms that ranges
from zero to 1. The higher score represents
the highest probability of GWI.

2. Highly interpretable

* ML algorithms that can be used in ves

conjunction with clinical evaluation and [ «-:
existing symptom-based criteria for GWI
such as Kansas and CDC.
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TST = Total Sleep Time, CCl = Charlson Comorbidity Index, SE = Sleep Efficiency



What We Know

e Deployment 4
* Veterans from the Persian Gulf War (GW, 1990-1991) continue i miw.  IAKACHIN R
to experience medical issues, notably Gulf War illness (GWI). U
1_4 ILLNESS _ 203% HEADACHES _ 16.1% PULMONARY DISEASE - 6.3%
L4 N u m b e rS : HYPERTENSION _ 43.0% GASTRITIS 20.2% TACHYCARDIA 8.1%
.. I . I % B
* This ailment affects 15 to 45% of the 693,826 deployed o O 7 o e e I s
Americans and is attributed to toxic exposures encountered el iy il
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during the war. o — Bs
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* Common symptoms of GWI " I L
. . . . . . . The average number of self-reported chronic medical conditions was 3.5
® Chr0n|c fatl l-Je’ paln-’ .respl ratory |SsueS' ga Str_OI nteStl nal 9 (3.7 in deployed Veterans and 2.9 in non-deployed Veterans).
problems, skin conditions, and neurological disturbances.
MENTAL HEALTH Deployed Non-Deployed SELF REPORTED HEALTH
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* Two definitions for research > : s (1) B P

* 1) Kansas Definition (GW, 1,548 and non-GW, 482) ) Gn) s S o 1o

45% of study participants screened

e 2) Centers for Disease Control and Prevention (CDC) Chronic oo memeih . g B iR

18.7% 14.4% ANXIETY DISORDER

Multi-symptom lliness (CMI) Definition (n=3723) kbl o o
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Innovation

* Real World Data = Real-World Evidence

e We will utilize the full breadth of EMR (e.g., diagnosis and procedure codes,
lab results, medications, healthcare utilization, and free text from clinician
notes).

* Advanced Analytics

* The proposed transformer-based algorithm (Large Language Model [LLM])
has the potential to robustly extract signs and symptoms from VHA and non-
VHA sources.



Cohort

Gulf War Veterans,
~700,000

L

VHA healthcare
User, ~420,000

WRIISC cohort,

531

v" VHA Healthcare Users
v’ Survey available
v" Clinically reviewed

v" Annotated notes
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CSP585 cohort,
977

v" VHA Healthcare Users
v" Survey available
x Clinically reviewed

x Annotated notes
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Others,

~410,000

v" VHA Healthcare Users
| Survey available
x Clinically reviewed

x Annotated notes

o /

531

977

Randomly selected = test dataset
the broader application/implementation of the proposed algorithm on the
veteransthat we don’t have their self-reported survey information.

271

1779
The gold standard
annotated
(clinical review)



Gulf War lliness (GWI) — Aims Briefly

Structured Data

Diagnosis; Labs; Medications;

: CUMLS It/lach!ne GWI Aim 1
Procedures; Vitals; Demographics) oncepts earning

Unstructured Data

Free-Form Texts/ NLP Machine GWI Aim2
Notes Learning

Machine .
UMLS = unified medical language system; [ Learning J-[ GWI J Aim3

NLP = naturallanguage processing




Aim 1:
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NLP = natural language processing; NER = named entity recognition; UMLS = unified medical language
system; Medical Concept Annotation Toolkit (MedCAT)
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Aim 3
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Implication

* Inform a clinical decision support to improve clinical evaluation
* |dentify potential research participants

* |dentify “hot spots”- facilities with high numbers of Veterans with
GW!I to match resources to needs
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