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Modeling platform goals

Help prioritizing combinations of immune checkpoint inhibitors

Address project-specific questions related to the clinical development
of ongoing CIT programs

J o Clarify complex dose-response relationships

E.g. o |dentify signals of response (biomarkers)

o Assess synergy in combination treatments

o Optimization of dose scheduling

o Assessment of treatment duration

o Evaluation of combination sequencing effects

\_° Patient stratification (responder vs. non-responder)
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QSP Model

Overview of the approach
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Machine Learning
Analysis

145 biological parameters

j

10-15 dominant
biological parameters
for predicting response

Result
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Overview of the biology in the model
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in biology
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ORR in function of PDL1 expression in the TME after aPDL1

@

35

30

25

20

15

10

ation validation

ORR in function of IC1 density after aPDI.l

40 T

——— Population average — Papmmm average

Very low Medium High

T2
PDL1 expression in the TME IC1 density (tertiles)

ORR

ORR in function of PDL1 expression after aPDL1 ORR in function of IC1 gene expression after aPDL1

40+

301

30.6
20+ 18.5 18.6
1 T T T 0
' : ™

ORR

TCOoriCO TC1/3/20or TC3/2o0r TC3oriC3
1c1/2/3 1c2/3
PDL1 expression IC1 gene expression (tertiles)

™M

M DLECULE o
PATIENT

Model

Data

*1C1 =Some Immune Cell



® M@LECULE 1o
ALY PATIENT

»2  Machine learning approach & results
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|dentify differences in biology which separate aPDL1 responders and non-responders

Using the Machine Learning algorithms:

-+ Multivariate linear regression with LASSO regularization Expans'on Kl rate
. Synapse
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Biological signals need to be
considered together for prediction
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Collaboration & partnership with

biomarker scientists
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A clinically measurable
panel of biomarkers
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