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BACKGROUND STUDY WORKFLOW MODEL APPROACH: RANDOM FOREST + DECISION TREE
 Gulf War Illness (GWI) is a chronic multi-symptom % k) / \ / \
illness affecting 30% of 1990-1991 Gulf War veterans. Clinical WRIISC Notes Random Forest (Feature Selection) ..
. . - Decision Tree (Interpretable Model)
« GWIis often not accurately captured by structured data Unstricturediclinicalnates * Ranked clinical concepts by predictive . .
. . . * Built using the top 13 concepts
elements, such as diagnosis codes. - A J Importance G ted t ¢ IF-THEN decisi l
* NLP offers a powerful approach to extract meaningful, * . * Highest predictive performance en.era = ran.sparer.] B . .eC'S'On folists
symptom-level information from unstructured notes. 9 MedCAT NLP Extraction 0 Ueedl e e e aelesion * Designed for clinical interpretability
* By combining NLP-extracted concepts with machine 186 éoricdnts \ / \\ /
learning, we can identify and characterize GWI in real- J
world EHR data. ¥ N RESULTS Top Predictive Clinical Concepts
OBJ ECTIVE G PhYSiCian ReViEW Random o Constitutional Symptom
. . 152 concepts Forest Decision Iree Diarrhea
To develop an interpretable NLP model that uses clinical Metric Performance
) (34 removed) | Performance Headache
concept documentation from unstructured notes to —— / Non-soecific pain
classify patients as GWI-positive or GWI-negative. + " Dizziness and vertigo
0 CIinical Grouping Accuracy 74.1% 71.9% 0.0 0.1 0.2 0.3 0.4 0.5 0.6
DATA & METHODS 53 features [The top 13 concepts were selected based on Random Forest feature importance. The interpretable Decision Tree }
i model retained 5 of these concepts.
Data Source: Veterans Health Administration (VHA) ! Wadipea o ndviogl) ROC-AUC 0.769 0.737
Electronic Medical Record (EMR) — Corporate Data + INTERPRETABLE DECISION TREE
r 3 - (G 2
Warehouse (CDW) e Statistical Filtering Sensitivity (GWI+) 63.7% 58.5% Constitutional
o , - , 45 significant features (p < 0.1) symptoms present?
Cohort Summary: 4,967 clinical notes identified using : i iltf X8 >, b Y
WRIISC note titles in the VHA EMR and annotated for + " Specificity (GWI-) 77.7% 76.5% No Yes
GWI status (3,696 GWI-negative; 1,271 GWI-positive) G Random Forest
Feature ranking and importance PPV (GWI+) 49.6% 46.2% - N - ~
Concept Extraction: MedCAT NLP extracted clinical / , ,
, , , * Diarrhea? Diarrhea?
concepts from unstructured notes (negation/affirmation = g \ . )
not applied). a Top 13 Concepts NPV (GWI-) 86.2% 84.3%
~93% cumulative Random Forest No Yes No Yes
« . . . . : feature importance
Clinician Review: Physicians removed non-informative v / F1 Score 0.557 0.516
and irrelevant concepts. r ) r ) r ) r )
8 5 Decision Tree P — N°"r;:'i°ne?°'f'° N°";§;°'ﬁ° Headache? D'\Z,:'r't'; oS
Concept Grouping: Related concepts were consolidated Interpretable model g ) . p & =) & J
iNi imilaritv i indivi built on top 13 concepts | . .
by clinical similarity into grouped and individual features. ; Random Forest achieved the highest No Yes No Yes No Yes No Yes
Statistical Filters c 1b GWI+ = predictive performance, whereas the Decision
tztg\t/:ﬁa ! terl.ng. .onze.]Lots colmpfz)e1 etween Prediction Tree generated transparent clinical decision P AEPRE.. 5 @ __ = . _ .
an groups; retained It p-vatue < 0. GWI+ or GWI- rules using only five of the 13 concepts GWI- GWI- GWI- GWi+ GWI- GWI+ GWI+ GWi+
7 SeleC te d by the Ran dOm FO rest. (Negatlve) (Negatwe) (Negatlve) (Posmve) (Negatnve) (Posntlve) (Posmve) (Posntlve)

Model Development: Random forest (nested 5-fold .

cross-validation) identified the most predictive clinical CONCLUSIONS FUTURE WORK m

concepts. The top 13 concepts were used to build an

interpretable Decision Tree for GWI Classification. * NLP-derived clinical concepts produced moderately accurate S Veterans Health Administration Health
discrimination between GWI-positive and GWI-negative clinical notes. * Externalvalidation inindependent cohorts 5 ..o o Military Exposures (HOME) service
. - - (At * Incorporate negation/affirmation detection :
Binary Classification Task: Models classified notes as Randprn FQrest achieved the highest predictive performance for GWI note . Exoand the comeent set and oerfort (formerly (Post-Deploymelf\t He.alth Se.rV|ces)
GWI-positive or GWI-negative classification. pandt Pt P and the Center for Innovations in Quality,
o ' * The Decision Tree generated transparent clinical decision rules using only longltudma.l e.valuaju.on o Effectiveness and Safety (VA HSRD CIN 13-
Gold standard: physician-annotated GWI status five of the 13 concepts selected by the Random Forest. * Evaluate clinical utility for decision support = 413) at the Michael E. DeBakey VA Medical
Evaluation Metrics: Accuracy, Sensitivity, Specificity, F1- Center, Houston, Texas.
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