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Type-2 diabetes mellitus (T2DM) is a chronic disease requiring long-term treatment. The established treatment
target for most patients is controlling hemoglobin Alc (HbA1c) levels to less than 7%; however, about half of
patients fail to achieve this target. To help address this problem, the authors have developed a machine learning
driven pharmacotherapy decision support system which can be integrated with the electronic health record (EHR)
using standards-based clinical decision support (CDS) interoperability frameworks. A novel prediction algorithm,
Treatment Pathway Based Estimation (TPGE), was proposed for the system to predict the likelihood of alternate
treatment strategies achieving care goals (such as an HbA1c level below 7% within 3 months). The algorithm was
evaluated using real world EHR datasets from University of Utah Health in i) treatment outcome prediction tasks
and ii) treatment recommendation tasks. A conventional machine learning method, Gradient Boosting Tree (GBT),
was used as a baseline method. The authors confirmed that i) TPGE outperformed GBT in reliability of prediction
and ii) TPGE recommended treatment options that followed clinical guideline more accurately. The system was

successfully integrated with the EHR at University of Utah Health.
Keywords: Clinical Decision Support, Machine Learning, Type-2 Diabetes
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