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Background Modeling & Simulation Approach
Continuous Glucose Monitors may have the potential to significantly affect : -
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glucose control in patients with diabetes, in particular type 1 and insulin Methods Validation & Risk Metrics
treated type 2, by providing frequent (every 5 minutes) glucose level
estimation, as well as rate of change indications and alert systems.
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Modeling Approach

The model aims to identify primary contributors to sensor inaccuracies,
including interstitial time lag, deficiencies in calibration schemes, among
others. Model has the form:
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Model is identified using high-density YSI-CGM paired data obtained
during visits to clinic that took place during the PRECISE Il study.
|dentification is sequential, according to the following order:

Identification: 7(t) — a,8 — p(t) = o(t) > v

Rate of change is estimated by fitting a linear model on
measurements collected over 15 minutes.

Technology

Validation Approach

Model was validated by comparing CGM data obtained in the PRECISE Il study
with realizations of the model. Residuals were computed by pairing CGM data
points to the closest YSI reading in the previous 5 minutes. Metrics compared

include:

UVA / Padova Type 1
Simulator

e Distribution of CGM measurements stratified by glucose ranges.

e Distribution of absolute relative error (ARD) stratified by glucose ranges and
rate of change.

e MARD stratified by glucose and glucose rate of change ranges.

¢ Residual auto-correlation.

e Measurements in 15/15%, 20/20%, 30/30%, and 40/40% ranges.

e Continuous glucose error grid analysis (CG-EGA).

The resulting CGM model will be used in alternate in-silico trial arms
designed to test different sensor use cases. The in-silico trial outputs
will in turn be used to estimate clinical outcomes and assess risk.

Main Model Parameters Simulation
Lag Bias Simulated CGM vs Data for visit 1 [day 1], visit 2 [day 30], visit 3 [day 60], visit 4 [day 90].
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e T [70-180mg/dl], hyperglycemia [>180mg/dl]) and visit day (all, visit 1 [day 1], visit 2 [day 30], visit 3 [day 60], visit 4 [day 90]).
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