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Figure 1. Schematic representation of: (A) PK model of GRA, (B) A Dynamic HbAlc EndpQint Prediction Tool (ADOPT) model, (C) FPG-FSI-HbA1lc (FFH) model, (D) FPG-Hb-HbAlc (FHH) model.

Green arrows indicate stimulation whereas red arrows indicate inhibition.

Abbreviations: AG = average glucose. BF = [3-cell function. CL = clearance. Depot = depot compartment. F = absolute bioavailability. FG = fasting glucose. Fl = fasting insulin. gly-RBC = glycated red blood cell compartment.
GRA = glucagon receptor antagonist. Hb = hemoglobin. HbAlc = glycated hemoglobin. IS = insulin sensitivity. Ka = absorption rate constant. KGL = glycosylation rate constant.

Kin = input rate constant. Ktr = transit rate constant. Kout = output rate constant. non gly-RBC = non-glycated red blood cell compartment. V = volume of distribution.
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Figure 2. Model performance metrics between observations and simulations of:
(A) Change in HbAlc, (B) Difference between Simulations and Observations for Change in HbAlc, (C) Bias,

Base Forward Backward Final (D) Precision. Number of patients (observations) in each treatment group in Phase 2 trial:
Covariate Covariate Placebo [n=26], 2.5 mg QD [n=32], 10 mg QD [n=35], 20 mg QD [n=40].
Model Selection Elimination Model Abbreviations: AHbA1c = change from baseline HbAlc. MPE = mean prediction error.
Obs = observations. QD = once daily. RMSE = root mean square error. Sim = simulations.
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