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COMPO: COMPutational pharmacology and clinical Oncology
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Historical context

A. lliadis _——
» Pioneering work of A. lliadis and D. Barbolosi in e SaoucaumEnes
unicancer Marseille
pharmacokinetics and pharmacodynamic modeling in z p
the 1980's (AIX Marseille ===l Inserm
| universite .. ........

« SMARTc (Simulation and Modeling for Adaptive
Response for Therapeutics in Cancer) platform of the
CRCM

CRCM

Centre de Recherche
en Cancérologie de Marseille

« Strong collaboration with S. Benzekry from Inria MONC | |
for 7+ years (17 publications, one Inria-Inserm joint
PhD, co-supervision of MD theses) M(&)NC | SMART
"' o SIMULATION MODELINGADE?TIVE RESPONSE

Modeling in ONCO|Ogy o FOR THERAPEUTICS IN CANCER
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June 2020: laureate of the Inria-Inserm call for joint project-teams



MODEL1: world first mot,” nical trial in e
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» Modeling toxicities D. Barbolosi : ZZW
» Safe densification of chemothe RS 7
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Current challenges in clinical oncology and pharmacology

quu €nce

Drug 2

Therapeutic strategies

Ever-increasing amount of
. : Curse of dimensionality information for decision-making
are increasingly complex

Qualitative, quantitative and longitudinal ‘big’ data from: demographics,
radiology, functional imaging, molecular biology, histology, immune-
monitoring, biomarkers, blood counts

Trial-and-error approaches unfit for current challenges

Lack of appropriate numerical softwares that could support decision-making for determining the best strategy:
Treating or not? To what extent? Which drugs? Which dosing/scheduling/sequencing?



Math onco, machine learning and pharmacometrics

MACHINE

LEARNING PHARMACOMETRICS

MATHEMATICAL ONCOLOGY

» Theoretical models for complex * Focus on prediction rather than
behaviours inference * Quantitative methods to PK/PD data
* Dynamic models  Integrates high-dimensional data - Success for applications to clinical trials
« Success for genomic and imaging data and drug development
Limitations Limitations Limitations
+ No clinical application « No application in clinical oncology (yet?)  Limited use in routine
« Few validation of models * Lack of interpretability « Coarse-grained modeling

* Few models of metastasis * Longitudinal data « Lack of integration of ‘big’ data



Mechanistic learning
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Research axes

« Axis 1: Modeling clinical biomarkers for personalized decision-making

« Axis 2: Individualizing anticancer drugs regimen

» Axis 3: Optimizing combinatorial strategies
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Axis 1: Modeling metastatic relapse in early-stage breast cancer

Mechanistic modeling
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Benzekry et al., Cancer Res, 2016
Benzekry et al., Cancer Res, 2017
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Clinical prediction of relapse

21 biomarkers

Mechanistic learning

QT

X1 Machine
. Ki67
X2 learning .
Tumor size
S Age o,
Feature CD44
X21 ;
selection
Algorithm AUROC Accuracy Sensitivity Specificity
5-year
Mechanistic model 0.73 0.68 0.75 0.67
Random survival forest 0.73 0.69 0.64 0.70
Random forest 0.75 0.66 0.71 0.66
Logistic regression 0.75 0.83 0.42 0.87
k-Nearest neighbor 0.62 0.91 0.02 1.00
Gradient boosting 0.71 0.90 0.11 0.98
Support vector machine 0.64 0.87 0.09 0.95
Cox 0.71 0.72 0.66 0.73
10-year
Mechanistic model 0.67 0.67 0.62 0.68
Random survival forest 0.69 0.62 0.71 0.60
Cox 0.65 0.65 0.61 0.65
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Calibration for 10-year outcome
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Nicolo et al., JCO: Clin Cancer Inform, 2020



Axis 2: Individualizing anticancer drugs regimen
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« Combining cytotoxics, anti-angiogenics and anti-PD1 pembrolizumab is a mainstay in NSCLC ‘J
» Concomitant dosing is the standard of care, regardless of possible sequence-effects.

» Objectives: semi-mechanistic, mathematical model for driving this combination
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Model Calibration

» Modeling the data of the GFPC phase Il clinical trial pembro vs
pembro + chemo

« Mid-term objective: model-based prospective, phase 2 trial
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Modeling & Simulation

Axis 3: Optimizing combinatorial strategies with immunotherapy
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Take home message

Drug combinations -

.

A muldisciplinary team
Bedside -> model -> bench ->

Inria — Inserm :

Treatment a win-win strategy
bedside schedules
Computational .=.
Oncology
« Data analysis and modeling
Mechanistic
Learning « Powerful clinical and experimental

* 5 in house ongoing clinical trials

Clinical Trials

resources




Thank you for your attention!
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