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QSP impact in MID3

Prioritizing or evaluating combinations
Therapeutic regimen evaluation
Translational phase — phase 1 studies
Evaluating biomarkers and stratifying patients
Preclinical phase (discovery)

Target prioritization

Early clinical — phase 1 and 2 studies

Go / no-go decision making

Compound optimization and prioritization
Safety/toxicology

Market or competitor differentiation

Late clinical — phase 3 studies
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QSP Impact Across All Stages of Drug
Discovery and Development
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Ermakov et al. A Survey of Software Tool Untilization and Capabilities for
Quantitative Systems Pharmacology: What We Have and What We Need. CPT

Pharmacometrics Syst Pharmacol 8, 62-76 (2019).
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Insights from I1SoP & 1Q Surveys

Current and Future Impact of QSP

Across Therapeutic Areas
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Nijsen, M. J. M. A. et al. Preclinical QSP Modeling in the Pharmaceutical Industry:
An 1Q Consortium Survey Examining the Current Landscape. CPT Pharmacometrics

Syst Pharmacol 7, 135-146 (2018).




Application 1:

Data to Decision

Early therapeutic strategy

Cardiovascular
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Application 2:
Translation to human
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Application 3:
Dose/regimen in Phase 3/4
Immuno-oncology
Genentech
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. OF Plasma FAs are a Large Contributor to Liver Lipids Hepatic Fat Stores are Small Compared to Adipose
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< g Fat % ~weight
0101 BMI = 35, 100kg 5% 0.070kg
0.007 39% body fat, 39kg
Low Liver Fat High Liver Fat 20% 0.300kg

Decision to be informed

[' Is inhibition of lipolysis in adipose tissue predicted to be an effective treatment for Nonalcoholic Fatty Liver Disease
(NAFLD)?
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Is it possible to reduce adipose lipolysis flux? Other pharma companies have already demonstrated this clinically using GPR109a agonists (niacin receptor). However, there were some issues to be aware of in these studies. Comparing Day 1 (pre-Rx) to Day 2 (1st day Rx) to Week 6 you can see that the compound in the Dobbins et al trial suppressed lipolysis on Day 2, but by Week 6 almost all the efficacy is gone. Evidence suggests this is not due to a waning of PK/tolerability issues. This creates two issues: 1) we don’t know what the clinical efficacy would have been if the reduction in NEFAs was chronically maintained; and 2) we need hypotheses/strategies to address the waning of effect. Systems Modeling was used to address first #1 and to suggest some ideas for #2.
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Modeling & Simulation Workflow

Calibrate PKto it 1050 Using ~ Simulate Acute  Validate Model iyt

Non-Clinical Systems Dosing REELAEE Chronic

Against Acute
Data Model Protocol Therapy

PD Markers
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Clinical Prediction & Program Decision

Prediction
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Prediction of Liver Fat Reduction

Aliver TG, %Untx.

| NEFA Reduction, % Untx.
® Simulations ﬂ

~

AAIC -Untx (%,

Predlctlon of "’ “\ Pred/ctlon of HbAlc Reductlon

# Simulaticns .
— Sim. Mean o
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- Sim. Mean \
-100 : ‘
0 10 20
NEFA Reduction,

30 40
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NEFA Reduction, % Untx.

Decision

Proceed to interrogate anti-lipolysis targets in adipose tissue
for the treatment of NAFLD
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Application 2: Translation to Human
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* Chronic Obstructive Pulmonary Disease (COPD) is caused by long term (several years) exposure to irritants,
primarily by cigarette smoke.

* Complex disease, with coupled processes involving altered immune and tissue cell populations, leading to
inflammation, mucus production and tissue destruction.

Inputs Cigarette Smoke/ Viral/Bacterial
Irrltants Infection

ROS Epithelial
Production_€ ' T Damage (iways)
Inflammatlon
ECM
Remodeling
AIveoIar
Mucociliary
Destruction
\ (G Torea) Dysfunctlon

. Exacerpation ECM Remodellng Other biomarkers [l Other e.g. cells in
Likelihood
End points BEEA% Primary/ Secondary e.g. cytokines

Decision to be informed

[ :

How long does it take for biomarker changes resulting from target modulation to be measurable?
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Literature-based Clinical Calibration

Simulations

Simulations

Cytokines in plasma, pM
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Clinical Prediction & Program Decision
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MMPS

0D 2 7 142130
days after treatment

% of day 0 of treatment. COPD + CMP.
: = 100 |
m

50

Prediction

0 2 7 142130
days after treatment

~

Predicted intensity of response relative to

“——COPD, no treatment

“—Healthy non smoker

100 - .
o predicted response after a full year of treatment
g 50 (preliminary results)
° 70 2 7 142130 0 2 7 142130 _ Airway m
days after treatment days after treatment
ol Day 14 60% 70%
= =
g 50 i Day 30 80% 90%
Q
0 0 2 7 14 21 30 0 2 7 14 21 30
days after treatment days after treatment
Decision
[ A shorter dosing duration would provide similar results ]
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Data to Decision

Application 3:
Dose/regimen in Phase 3/4
Immuno-oncology
Genentech
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. » D Application 3: Dose Selection in Phase 3/4
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) 9 4 Preclinical/clinical data suggest MAPK inhibition can increase tumor T cells and possibly anti-PD(L)1 efficacy.
) ® ° . Phase lll trials underway for atezolizumab (anti-PDL1) + cobimetinib (MEKi) in various indications.
U Preclinical study (Ebert et al 2016) suggests opposing effects of MEKi on lymph node vs. tumor T cells
. Favorable: increased tumor T cell accumulation and activity (reduced exhaustion)
) o Unfavorable: reduced de novo priming of T cells, which can be overcome by short break from MEKi
Immunity Ebert et al 2016 Naive Terminally

Effector memory T cell

MAP Kinase Inhibition Promotes T Cell
and Anti-tumor Activity in Combination

with PD-L1 Checkpoint Blockade

Peter J.R. Ebert," Jeanne Cheung,’ Yagai Yang,' Erin McNamara,' Rebecca Hong,' Marina Moskalenko,’
Stephen E. Gould,” Heather Maecker, -2 Bryan A. Irving,'-® Jeong M. Kim," Marcia Belvin,' and Ira Mellman'-*

PD-L1-
PD-1 (herapy
rm
ry

IFN-y
A Vm TNF-a
8y herapy
1Genentech, 1 DNA Way, South San Francisco, CA 94080, USA
2Present address: Gilead, Foster City, CA 94404, USA

—
3Present address: Cytomics Therapeutics, South San Francisco, CA 94080, USA
“Correspondence: mellman.ira@gene.com Exhausted Hyperexhausted

http://dx.doi.org/10.1016/.immuni.2016.01.024 effector T cell effector T cell
(recoverable) (unrecoverable)

Decision to be informed

Chen & Mellman 2017

. Ongoing trials are using approved cobimetinib regimen of QD for 21-Day on a per 28-Day cycle

. Will shorter treatment with MEKi in each cycle (e.g., 7 vs 21-Day) improve efficacy in combo trials by enabling

replenishment of newly primed cells that can infiltrate tumor?

Genentech
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Modeling Approach

2. Capture preclinical data

1. Model biolog

3. Include human PK
& biological variability
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4. Capture limited
clinical data
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“E’ 2000 4 Ant-PD-L1 0.6
E "
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Chen & Mellman 2017 Ebert et al 2016 0 20 . 20 60 ASCO 2016 }
QSP MODEL

MEKi and anti-PDL1 effect on LN CD8+ T cell priming, tumor infiltration, anti-tumor cytotoxicity, exhaustion, and death.
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Preclinical and
Clinical Simulations &
predictions

16


Presenter
Presentation Notes




o 1@

e

, ® Model captures LN Ag-specific T cells, tumor T cells, and tumor growth for mono & combo treatmem

-

) ®
y ®

\_

Target ID

Target Validation

Lead Generation

Preclinical

Phase 1

Phase 2

Phase 3 Phase 4

Effect of Tx on CT26-bearing
mice (example results)

— CTRL
— MEKi continu
— MEKi 10 days

+ . Preclinical Calibration and Prediction
Calibration

MOLECULE o
PATIENT

LN Ag-sp T cells

ous

CD8+ Teells in LN

Time

Tumor growth

/

‘ — CTRL
MEKi (21-days)
— aPDL1
— MEKi + aPDL1 (21 days)

/

(sim

mulations predict no advantage for shorter dosing of MEKi in MEKi + aPDL1 combo
Despite reduction in LN priming, longer dosing favors greater (AUC) Ag-specific tumor T cells and tumor regression
Validation: experiments in CT26 and other models subsequently showed similar or worse outcome with shorter dosing

tumor CD8+

Genente

A Member of the Roche Grou,

Preclinical Prediction & Validation

LN Ag-sp CD8+

0 10 20

Time (days)

30

20
Time (days)

40

Tumor growth (fold-increase over 20-Day)

Centinuous dosing (days)

GOBI Dose (mo/kg)
e

15 10

75 5

4 25 2 1 05

241 234
197 182
165 144
138 117
117 096
100 081

075 060
066 052
059 047

231 2.30
170 160
126 110
095 0.76
071 052

0.86 0.69 04

234 243 250 280
158 164 168 196 236
106 109 114 138 175
071 072 076 097 132
047 048 051 070 100
032 033 035 050 078

~

growth (>1)

stasis (1)

regression (<1)
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For shorter treatment to be favorable in clinical context, effect of MEKi on tumor T cell activity /exhaustion
would need to be much weaker in patients than preclinical data and mechanistic rationale would indicate

Even if so, differentiating between 7d vs. 21d MEKi treatment would require much larger trial than desired

Continuation with approved dose/regimen for cobi in P3 atezo + cobi trials
No current plans to test reduced duration of MEKi per cycle
18
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* Quantitative Systems Pharmacology Models have been applied across all
stages of drug discovery and development

* Quantitative Systems Pharmacology Models have been applied across
various therapeutic areas

* Quantitative Systems Pharmacology Models integrate data to reach model-
informed decisions
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Informed Decision
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