Optimising Dual Immuno-oncology Combinations with a Virtual Tumor
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Introduction Details of the regulations involved In the Virtual Tumor Model outputs — simulation of additional species

The aim of this study was to investigate the application of the Virtual Tumor (‘"VT’) model for the Immune-syStem component

computer platform to the dosing and scheduling of dual immuno-oncology
combinations [1]. The tumor microenvironment and local immune response play
a key role In cancer biology, and immune resistance is a feature of many
cancers. Immune checkpoints suppress the ability of the immune system to

In addition to tumor volume, the model also enables tracking of other species
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destroy cancer cells, and are a clear therapeutic target. However, response rates _ : CoaR Anti-PD-1 C5aR + Anti-PD-1
for such therapies are generally low. While anti-tumor efficacy can be improved legmr;g @ —

by combining agents that target immune checkpoints with selected conventional " =9 _ -

anti-cancer therapies [2], the potential of immune-checkpoint blockade could be T — S O'IO 5 3 B

further unlocked through combination instead with other immunotherapies [3]. g R, cols e petontises kiing LA = £ g .

Modelling can be used to deliver insights to help optimize such combination ol esponseto | kb S . .

immunotherapies [4]. VT is an integrated PK/PD simulation platform that can be S — / g2 — //\ o
used to optimize drug dosing and scheduling, and to design new combination eremsomose | S Time e Time o L Tmenoum
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behave within a tumor population. VT uses an agent and state-based approach —__— 4 .y 9292 T 8. £ 3 A

that is particularly suitable for modeling not only tumor cells, but also other cell Figure 2. Schematic of the interaction between the Virtual Tumor and immune cells ?',’E < < c

populations such as those involved Iin the Immune response. It provides insight 68 E = 2

Into the Iinteraction between these cell over time. Here we describe our recent Modelling the effect of more than one immunomodulatory é’ & e i i

development and application of the VT technology for modeling preclinical
efficacy of novel Immuno-oncology combinations, I1.e. a myeloid-derived
suppressor cell (MDSC) modulator (C5a inhibitor) combined with an anti-PD-1

pathway on tumor growth

We evaluated the capability of VT to model the efficacy of a Cbha inhibitor in syngeneic
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Virtual Tumour immuno-oncology model was case study derived from the literature [5]. S g
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published PK data for the anti-PD-1 [5], C5a inhibitor [6] and the tumor growth data from a
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?FQEQE aclivate ===y T 171 cels death | | extension captures the mechanisms by which immunotherapies activate the
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Agents acting 1 \ microenvironment. Through a preclinical case study derived from the literature
on MDSCs can =~ and additional data available in the public domain [5-6], we demonstrate that

the extended VT can be used to simulate and predict the efficacy of PD-1
blockade combined with an anti-C5a agent, and that the combination treatment
delays tumor progression. Furthermore, we modeled several scheduling
strategies (not shown) showing that greater tumor shrinkage can be only
achieved by increasing the dose. This enhanced capability of VT represents

indirectly
modulate T-cell

activity

Figure 1. Three separate but interdependent effects are modelled:
Stimulatory effect of anti-PD-(L)1 on T-cell activation levels, leading to tumor cell
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