Privacy-Preserving Multicenter Evaluation of ICU Clinical Decision Support:

A Federated Framework Across Eight U.S. Health Systems

Vaishvik Chaudhari, MS', Kaveri Chhikara, MS?, Hoda Materi, MS', Zewei Liao, MS?, Nicholas E. Ingraham, MD, MS®, Patrick G. Lyons, MD, MSc?, Brenna Park-Egan,

MS3, Catherine A. Gao, MD, MS*, Wan-Ting Liao, MS*, Sivasubramanium Bhavani, MD®, Aartik Sarma, MD?, Navya Ramesh, MS®, Chad H. Hochberg, MD, MHS?, William .
F. Parker, MD, PhD?, Kevin Buell, MBBS, MS", Juan C. Rojas, MD, MS’
'Rush University, Chicago, IL 2University of Chicago, Chicago, IL *Oregon Health & Science University, Portland, OR “Northwestern University, Chicago, IL

*University of Minnesota, Minneapolis, MN °Emory University, Atlanta, GA “Johns Hopkins University, Baltimore, MD 2University of California, San Francisco, CA

BACKGROUND METHODS
e Al-based clinical decision support tools trained at one institution often demonstrate poor external validity Framework
when deployed at other sites FLAIR (Federated Learning Assessment for ICU Research): a

privacy-preserving benchmarking framework. Trained model

e Widelv imol ted 1 : dict dels h H " , . l objects cross institutional firewalls; patient data remains local.
idely implemented commercial sepsis prediction models have shown poor performance in external , ~ 5 . (MTD) paradigm [2].

validation [1]

e External validation typically requires sharing patient-level data, creating regulatory and privacy barriers

Data Standard
Common Longitudinal ICU data Format (CLIF)[3] across 8 U.S.
academic medical centers.
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e Adult ICU patients admitted 2018-2024

Objective: Using inpatient mortality prediction as an initial use case, we compared three deployment
strategies for ICU prediction models across 8 U.S. health systems
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FIGURE 1. MODEL EVALUATION WORKFLOW

KEY RESULTS HS1
e 372,673 ICU encounters across 8 U.S. health systems (mean age 62 years, S P - - ——y S P S R os7— — - HSL _ _ .
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e Demographic diversity: Black 2.4-59.1%; Hispanic 2.1-18.8% g < 075
XGBoost AUROC across strategies: = - e
Cross-site validation: 0.85 median, range [0.78-0.89]
Transfer learning: 0.86 median, range [0.79-0.89]
c
Independent training: 0.87 median, range [0.85-0.89] 2~ o Hes
e Largest improvement: poorest cross-sitt AUC (0.78) rose to 0.85 with [ifs= o o
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* Calibration: Brier scores improved from 0.15-0.19 (cross-site) to 0.13-0.16 @884 =g~ .5 e

(independent)

e ElasticNet: AUC improved from 0.77 to 0.82 with transfer learning at the
poorest-performing site

CONCLUSIONS

e Site-specific model training outperformed Rush models for mortality
prediction across all external sites
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e CLIF addresses data harmonization; FLAIR enables federated model =V I Ind EV TL Ind

evaluation without sharing patient data Deployment method [ External Validation (EV) A Transfer Learning (TL) @ Independent (Ind)

HS = external Health System (7 sites). Arrows trace each site as training shifts EV -> TL -> Ind. Red dashed = Rush lead-site reference.

e Framework is extensible to additional ICU prediction tasks and available to FIGURE 2. MODEL PERFORMANCE ACROSS SITES AND DEPLOYMENT STRATEGY
any institution adopting CLIF
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