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ABSTRACT

MAPPING REGIONAL DETERMINANTS USING MACHINE LEARNING
FOR PREDICTING SATUSEHAT ADOPTION ACROSS JAVA, INDONESIA

By

Priskila Ranindhita Hapsari
Dr. Ir. Eka Budiarto ST M.Sc
Dr. Ir. Heru Purnomo Ipung M. Eng

SWISS GERMAN UNIVERSITY

This study examines SatuSehat adoption patterns across 119 kabupaten/kota in Java
Island, Indonesia, utilizing data from 68,330 healthcare facilities (clinics and
independent practices) observed across three time points (December 2024, July 2025,
November 2025). Two research questions are addressed through quantitative analysis:
(1) how regional characteristics correlate with adoption rates, and (2) whether machine
learning models can predict facility-level adoption likelihood. Pearson correlation
analysis reveals that educational attainment and population density demonstrate the
strongest positive associations with adoption rates, while poverty shows moderate
negative correlation. Provincial analysis identifies substantial variation, with DKI
Jakarta achieving higher adoption compared to East Java, reflecting underlying
socioeconomic disparities. Facility-level predictive modeling using Logistic
Regression and Random Forest achieves 72-74% classification accuracy, with facility
type and BPJS partnership emerging as strongest predictors. Findings indicate that
SatuSehat adoption is determined by multi-level factors spanning regional development
conditions and organizational characteristics. Policy implications suggest differentiated
implementation strategies are required, with comprehensive support targeting low-
development regions and capacity-building interventions for independent practices to

achieve equitable national health information exchange integration.
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