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Tao You, PhD. PK/PD Modeller & Data Scientist, Beyond Consulting Ltd

Tao You is a mathematical and statistical modeller with experience in cancer drug discovery
& development. He headed oncology preclinical PK/PD modelling at Boehringer Ingelheim in
Vienna, and his work enabled robust clinical translation, generated compelling preclinical
evidence and led to numerous project breakthroughs recognised by Bl’s research governance
board. Prior to Vienna, Tao served as a physiological/PK-PD modeller at AstraZeneca’s
Alderley Park site, where he developed predictive mechanistic models for novel cancer
treatments including Osimertinib and ATM inhibitor. Tao’s contribution to the ATM inhibitor
project was recognised by Oncology Innovation and Achievement Award by Susan Galbraith,
Head of Oncology iMed, in 2015. Tao is a founding member of the Oncology QSP Forum at
AZ, and a scientific committee member of the 15t AZ Modelling & Simulation Symposium. Tao
led MSc and PhD projects with the University of Oxford and a postdoc project with UCD. He
also collaborated with Sage BioNetworks on gene signature for drug repurposing. Tao
teaches translational modelling at AZ and BI, as well as dedicated international conferences
such as Tumour Models and World Preclinical Congress. Tao earned his PhD in Systems
Biology at the University of Aberdeen after completing his MSc in Molecular Engineering at
Singapore-MIT Alliance. He did his first degree in Polymer Science and Engineering at
Tsinghua University.
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Evaluate phase Il success probability: Pfizer 3 pillars

Direct Target | Indirect Target |8 Physiological Disease Outcome/
Exposure : .
Engagement Engagement Response Modulation Endpoints
target itself “downstream” signalling tumour perfusion cell cycle arrest cellular growth inhibition
“immediate” target blood glucose proliferation tumour growth inhibition
activated T cell% apoptosis ORR
PFS
A oS
(o . M ”
Pfl Ze r 3 pl I |a rs Pillar 1 and 2 Pillar 1,2,3
1. Suitable exposure (site of action, Total = 12 Total = 14 -
. * § tested mechanism * All 14 tested mechanism
duration ) <2 phase lilistarts * 12 tested mechanism &
,&chieved positive POC
2. Sufficient target binding 48 advanced lo phase Il
Exposure Case study 2: CCR5
3. Adequate pharmacology o e
None or partial Pillars Pillar 2 and 3
€12 _fgjl_e_qgto test mechanism * 3 tested mechanism
and all were phase Il RIPs *:No phase |l starts
. Case study 1: D3
Can the flow of medicines be improved? Fundamental -
pharmacokinetic and pharmacological principles Pharmacology confidence
toward improving Phase Il survival Drug Discovery

Today. 17, 419-424 (2012)
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Purpose: Identify clinical risks and derisk with translational modelling

“Pfizer 3 pillars”
1. Suitable exposure (site of action, duration)
2. Sufficient target binding
3. Adequate pharmacology

Checklist 1: Modelling needs to be aligned towards these goals

Apply Pfizer 3 Pillars to a project:

e Whatis the optimal exposure a treatment should have at the site of action?
Which target engagement marker is essential to monitor?

e What s the necessary degree and duration of target engagement?
 Does target engagement lead to adequate pharmacological effects?

Translational question:
 To what degree the tumour models we use reflect clinical responses?
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* Good modelling adds value to a drug discovery & development
programme when

A. Experimental design is sufficiently powered and the experiment is testing a
clear hypothesis

B. The meaning of experimental results are articulated timely with all
accessible data in a global, unbiased manner

C. The relevance of preclinical work is underpinned by good translational
modelling that strengthens the relationship between preclinical models and
clinical responses

Checklist 2: Am | generating value with modelling?
 Does the model-based experiment design focus on a key question?

e Am | using all accessible data for model construction and verification?
e Do lunderstand how preclinical and clinical results translate?
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* Hypothesis of a killer experiment should be specific and verifiable

* The validation or invalidation should present a fundamental change in the
perspectives of a drug project

* Hypothesis should be explored by modelling to design an experiment

e Examples:
* The tumour growth inhibition forecasted based on in vitro IC50 is ...

* Minimum efficacy needed to be demonstrated with preclinical model (e.g. tumour growth
inhibition) required to excel (direct and indirect) competitor clinical treatments is ...

* The maximum gap between the two treatments in combination to ensure safety while not
losing efficacy is ...

* The timing of tumour biopsy to verify proof of principle is ...
* The required clinical target engagement is ...
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* To articulate the relationship among efficacy biomarker data:

* Data are generated across different dimensional and temporal scales: multi-scale thinking is
often needed for deep understanding of data (P14~18)

* Published domain: Journals, press release, clinical data
* In-house: All data relevant to the preclinical model and treatments from different projects

- qime__________________________

days hours hours hours days weeks ~ months
Population Population
Tissue Tissue Tissue Tissue
Cell Cell Cell Cell Cell Cell
Molecule Molecule
Direct Target | Indirect Target |8 Physiological Disease Outcome/
Exposure : :
Engagement Engagement Response Modulation Endpoints
target itself “downstream” signalling tumour perfusion cell cycle arrest cellular growth inhibition
“immediate” target blood glucose proliferation tumour growth inhibition
activated T cell% apoptosis ORR

PFS
0s
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* Evaluate relevance of tumour model with clinical data and PK/PD
* Recapitulate preclinical PK/PD with modelling

e Simulate preclinical PD responses under clinical PK of the treatment at intended clinical dose
to generate translational tumour growth inhibition (TGI)

* Translational TGl > 60% is a necessary but not sufficient condition for objective response,
according to Harvey Wong et al, 2013

e Compare translational TGl with clinical tumour responses to qualify the tumour model
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* For a defined question
* Sensitive parameters: those change model prediction of the interested outcome
* |dentifiable parameters: those can be inferred from experimental data

* Good model construction
* Ensure all sensitive parameters are identifiable from data
* Insensitive parameters: If not needed, consider simplifications

* Model selection
* Construct all possible models of different structures and select the best one based on data

* Model testing
* Model prediction (extrapolation) should be tested against experimental data

Checklist 3: Am | building reliable models | can trust?
*  For the question of interest, what are the sensitive parameters?

* Are all sensitive parameters identifiable from experimental data?
 Have l tried all possible models of different structures?

 Have | designed an experiment to test model predictions?



3. Construct reliable models @
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* Enumerate all possible models for the question of interest

Which parameters
are sensitive?

SENSITIVE

PARAMETERS

Are all sensitive
parameters identifiable?
Can | do experiments to NO, MODEL
identify all sensitive ™ DISQUALIFIED
parameters?

Is model prediction
verified by experiment?

o

How does it compare with
other models?

\/
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* Inference
* Report mean, standard deviation or IQR, covariance

* Prediction
* Report 95% confidence interval by sampling the model appropriately
* Report limitations of the model and consider generalisability
* Report if model accuracy can be further improved by doing experiments differently

Checklist 4: Am | communicating the results appropriately?

* How good was the inference of parameters for each model?

e What s the percentage of testing data within 95% confidence interval of model prediction?
e  What are the limitations of the model?

e What s the best experiment to do in order to improve model predictions?
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Tumour models are multi-scale eyond

In vitro
cell model

Scale Resistance Mechanism

*  Phenotypic change
Sustammg - Eennmu Enahlmg Evadmg I]uregulating

proliferative RESI:“":I: il instability & replicative growth cellular
signaling e mutation immaortality suppressor energetics
EGFR Pro-apoptotic PARP Telomerase CDK Aerobic glycolysis

inhibitors BH3 memetics inhibitors inhibitors inhibitors inhibitars

in vivo

animal model

N

/
Tumour Immune . .
e response « [Cellular scale o [ell-cell interaction
T | N e Ti | * Evolutionary selection
Activating . Avoiding Tumour ISSUE SCale .
invasion & |I.'IdI.II:II1g . immune promoting ° TU mour arc h |tE Etl.l re
. angio-genesis . . ;

metastasis destruction inflammation
HGF/c-Met VEGF Anti-CTLA%4 Anti-inflammatory
inhibitors inhibitors mAb drugs

wa | Organisms

Inspired by Hanahan & Weinberg (2011) Cell. 144: 646-674.
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Nonlinear dynamics

* What are the potential qualitatively different types of

dynamic behaviours a system may have? (P16~17) Biology

Disease
* How are cell fate decisions made on the single cell level? Molecular Biology
. . Geneti
* How does tumour architecture influence tumour growth? gnmiézs

Computational statistics Physiology

Gene signature Systems

Pharmacology

* What is the simplest model that can most effectively
capture the pattern in data?

* PK/PD and pharmacometrics: Which group is more? How is

. Understanding
target engagement triggered by treatment exposure?

of Data

Computational Nonlinear

Statistics Dynamics

Model selection Multi-stability

. Parameter Inference Oscillation

Deep understanding of data oo medisls Chaos

Agent-based
Qualitative Reasoning

* Parsimonious model able to generate specific, verifiable,
statistically accurate predictions based on data from
different scales



Main questions

Typical methods

Typical results

Emphases

Potential Pitfalls

What qualitatively different types of dynamic
behaviours do a system potentially exhibit?

Differential equations
1. Bifurcation analysis
2. Stability analysis of the fixed points

* One mechanistic model with a set of
hypotheses
* Integrates data across different scales

* Naturally leads to mechanistic thinking
» Useful for exploring different scenarios
* Helps formulate hypothesis to test

* |f overlooks statistical robustness then leads to
indecision

* |f drawn into minute details then ends up with
big, unverifiable models

Compare different types of modelling m
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What is the simplest model that can most
effectively capture the pattern in data?

Regression
1. Nonlinear regression
2. Mixed effects modelling

Comparison over different models
Empirical relationship from inference

Statistically meaningful results
Being helpful for decision making

If dismisses mechanism of action then
ignores useful concepts

Relationship might be hard to interpret
Might not lead to mechanistic insights
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Nonlinear Dynamics perspectives

Number of components (scale)

n=1 n=2 n=>3 n»1 Continuum I
Linear Growth, decay, Rl 17t - 20t Century Collective Waves and patterns
equilibrium phenomena
eExponential growth  eLinear oscillator *Civil engineering, eCoupled harmonic eElasticity
eRadioactive decay *Mass and spring structures oscillators *\Wave equations
3‘ *2-body problem eElectrical eSolid-state physics eElectromagnetism
g (Kepler, Newton) engineering *Molecular dynamics (Maxwell)
Q eEquilibrium statistical eQuantum mechanics
= mechanics (Schrédinger)
= eHeat and diffusion
2 eAcoustics
*Viscous fluids
. 20t - 21th Century Chaos Spatio-temporal
Nonlinear complexity
eFixed points ePendulum eStrange attractors eCoupled nonlinear eNonlinear waves
eBifurcations eAnharmonic *3-body problem oscillators ePlasmas
eOverdamped oscillators (Poincaré) eLasers, nonlinear eEarthquakes
systems, relaxational  eBiological oscillators ~ eChemical kinetics optics eGeneral relativity
dynamics (neurons, heart cells)  eFractals eHeart cell eTurbulent fluids
eLogistic equation *Prey-predator cycles  eForced nonlinear synchronization eReaction-diffusion,
for single species eNonlinear electronics oscillators (Levinson, eNeural networks biological and
(van der Pol) Smale) elmmune system chemical waves
eEcosystem elife
Nonlinear dynamics and chaos, eEconomics

Steven H Strogatz, Perseus Books Figure 1.3.1
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Multiscale modelling example @
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* Multiscale modelling may be useful to consistently integrate data required by
Pfizer 3 pillars for deep, mechanistic understanding in order to make reliable
predictions

Biomarker |

M
Cell fate

decisian
madel

time

Biomarker 2

Agent 7 Engagement l

time

PK Target Engagement Disease Modulation
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Confidentiality Notice This presentation contains confidential, proprietary and legally privileged information. If you have
received this presentation in error, please notify us and remove it from your system and note that you must not copy,
distribute or take any action in reliance on it. Any unauthorised use or disclosure of the contents of this message is not
permitted and may be unlawful and prosecuted.

Disclaimer The content of this presentation may be subject to alterations and updates. Therefore, information expressed
in this presentation may not reflect the most up-to-date information, unless otherwise notified by an authorised
representative independent of this presentation. No contractual relationship is created by this presentation by any person
unless specifically indicated by agreement in writing.

Copyright © 2018 by Tao You

» All rights reserved. No part of this presentation may be reproduced, distributed, or transmitted in any form or by any
means, including photocopying, recording, or other electronic or mechanical methods, without the prior written
permission of Beyond Consulting Ltd, without any exception. For permission requests, write to Beyond Consulting Ltd,
addressed “Attention: Permissions Required” at the address below.

« Beyond Consulting Ltd. Company registration no. 09698685
Registered in England and Wales.
Registered Office: 14 Tytherington Park Road, Macclesfield, Cheshire, SK10 2EL. United Kingdom

» Contact Information:
Please contact Tao You: Email: tao.you@letsgobeyond.co.uk or visit www.letsgobeyond.co.uk.

» Created in Microsoft® PowerPoint for Mac. Version 15.32 (170309)

Beyond Consulting Ltd is a trusted advisor on translational oncology PK/PD modelling. We help drug discovery and development projects to design the
right experiment, articulate results with all accessible data, and generate compelling evidence by strengthening the link between preclinical models and
clinical data using proven innovative modelling.



