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OBJECTIVE CONCLUSIONS
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patients, which are closely linked to care
coordination and proactive management.

* Health monitoring models were associated with
higher rates of chronic preventable
hospitalizations, consistent with increased
detection of previously unmet care needs.

Notes: Values represent odds ratios from multilevel logistic regression models estimating the likelihood of experiencing 3 or more
hospitalizations, with hospital-level random intercepts to account for clustering of beneficiaries within hospitals. For each patient-related
Al/ML indicator, the reference category is hospitals without adoption of the specified patient-related AI/ML model. The models adjusted for
individual (age, sex, race/ethnicity, dual eligibility, comorbidities) and hospital characteristics (urban/rural status, bed size, teaching status,
ownership). Evaluation of Al/ML models for model accuracy and bias was also controlled. Patient-related Al/ML models were not mutually
exclusive, and hospitals could select all models that applied. The full regression results are available in Supplemental Material. N=1,504,503
and N of groups=1,452 for FFS group; N=1,276,241 and N of groups=1,423 for MA group. Abbreviations: OR, odds ratios; 95% ClI,
confidence intervals.
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