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Introduction

Type 2 Diabetes Mellitus (T2DM) is a complex disease that results in the dysregulation of glucose
control and elevated glucose levels. The manifestation of T2DM Is a long-term process, and different
therapies may be required depending on the state of disease progression. Standard medications
Include metformin, dipeptidyl peptidase 4 (DPP4) inhibitors, sodium—glucose cotransporter 2 (SGLT2)
Inhibitors, glucagon-like peptide 1 (GLP-1) receptor agonists (RA), thiazilodinediones, and

sulfonylureas [1].

To develop a physiologically-based (PB) Quantitative Systems Pharmacology (QSP) model of
glucose regulation in healthy individuals and T2DM patients for the prediction of treatment outcomes
with HbAlc as biomarker.

The model was developed with the Open Systems Pharmacology Suite (OSPS), version 9 [2]. A
previously published model of glucose homeostasis in healthy individuals [3] was coupled with
published PBPK and pharmacodynamic (PD) models of the SGLT2i dapagliflozin [4], the DPP4i

Results Il — Medication (Model) Library

The model offers a broad selection of medications for simulation of treatment therapies next to
Insulin. SGLT2i dapagliflozin inhibits the reabsorption of renally-filtered glucose by reversibly
binding to SGLT2 in the proximal tubule of the kidney and the treatment effect was validated with
urinary glucose excretion data in healthy individuals and T2DM patients. DPP4i sitagliptin slows
down the degradation of GLP-1 and GIP by reversibly binding to the metabolizing enzyme DPP4 and
leads to increased insulin production. The effect has been parametrized by fitting to data of
percentage inhibition of plasma DPP4 after administration of various doses of sitagliptin.

Metformin decreases hepatic glucose production and restores insulin sensitivity. Comparison of
observed and predicted percentage changes in glucose production rates and fasting plasma glucose
In healthy individuals and T2DM patients is shown in Table 1, glucose concentrations during a 100 g
OGTT in T2DM patients in Figure 4.

Figure 3 and Table 1: Simulated effect of metformin treatment. Figure 3: Plasma glucose concentrations after a 100 g OGTT in T2DM patients
without and with metformin treatment (2500 g/day). Table 1. Comparison of observed and simulated % changes in fasting plasma glucose (FPG) and
endogenous glucose production (EGP) with and without metformin treatment in healthy individuals and T2DM patients. PVB: peripheral venous blood.
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sitagliptin [5], and a PBPK model of metformin [6]. PD effects of metformin and the GLP-1 RA
exenatide have been implemented. A mechanistic model of hemoglobin glycation to describe HbAlc
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Figure 1: High-level representation of the modelled physiological processes: The platform incorporates PBPK models of glucose, insulin, glucagon, 1'0 0'8 0'6 0'4 0'2 0'0 1'0 _0'_8 _0'_6 0'4 0'2 0'0 ) 1' ; é AI,

GLP-1, GIP, and c-peptide (not shown). Solid lines represent the most important processes in the relevant organs, dashed lines represent

pharmacodynamic (PD) effects. Gl: gastrointestinal, RBC: red blood cells, GNG: gluconeogenesis. Not all implemented PD effects are shown.
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A mean T2DM population is characterized by an increased expression of the glucose transporters
GLUTZ2 and SGLT2, altered GLP-1 and GIP secretion patterns, reduced insulinotropic effect of GLP-1
and an almost complete loss of insulinotropic effect of GIP. Various states of disease progression are
described by model parameters defining insulin and glucose sensitivity. Observed and simulated
glucose and insulin concentrations during a 75 g OGTT in two different T2DM states are presented In

Figure 4: Prediction of T2DM treatment outcomes: The model has been applied to predict the outcomes of 3 months treatment of a virtual T2DM
patient on plasma glucose (Panel a), plasma insulin (Panel b), and HbAlc (Panel c). Scenario S1: drug-naive patient; S2: 500 mg metformin BID; S3:

500 mg metformin BID + 5 mg dapagliflozin QD; S4: 500 mg metformin BID + 100 mg sitagliptin QD. PVB: peripheral venous blood.

Figure 2. Conclusions
Glucose Insulin We present an integrative PBPK-QSP model for predictions of T2DM treatment combinations of the
most commonly used therapies and including a predicted change in HbAlc as a long-term marker.
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Figure 2: 75 g OGTT in T2DM patients. Observed (symbols +SD) and simulated (lines) concentrations of glucose (Panel a) and insulin (Panel b) in
T2DM patients after oral administration of 75 g glucose solution. Data from Alssema et al., 2013 [7] and Mitrakou et al., 1990 [8].
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