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T1D Heterogeneity and Personalized Management Pipeline: From Data to Decisions
% Type 1 Diabetes (T1D) is a highly individualized condition. ] A T S N | W Y V)
Glycaemic responses vary significantly between > P B e Collecting data Data cleaning, Algorithm Deployment to
individuals, even with identical exogenous inputs (Fig. 1). from an individual transforming & development artificial pancreas
«» Current blood glucose prediction algorithms, such as the o E RS patient feature engineering || for an individual systems

UVA/Padova Type One Diabetes Mellitus Simulator
(T1DMS)?, rely on parameters averaged across multiple
iIndividuals and fail to account for inter-individual
variability.

*+ Personalized algorithms are required to adapt to the

unique physiological and metabolic differences among
individuals with T1D.
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Model training: learning individualized
parameters that reflect the unique responses of
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and vice versa
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errors for LSTM and UVA/Padova models, plotted for all individual predictions.

Summary and Future Work

“» The UVA/Padova simulator has a RMSE approximately four times that of the LSTM model, and the LSTM model also has superior clinical performance. Unlike the simulator’s fixed
parameters, the LSTM adapts to an individual's trends, enabling more accurate forecasts.

** In future work, we will compare the forecast performance of LSTM models trained on aggregate patient data versus individual patient data for deployment in artificial pancreas systems.

Acknowledgements: We thank Asst Prof Anna Barron for hosting Dr Chih Hung Lo in LKCMedicine as a Dean’s Postdoctoral Fellow. This study was supported by a Dean’s Postdoctoral Fellowship and a Mistletoe Research Fellowship awarded to Dr Chih Hung Lo.
References: (1) Dalla Man et al., J Diabetes Sci Technol. 2014;8(1):26-34



