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Creating new medicines Is not efficient

10-14% Probability of approval
$1.4 billion Total cost to bring a drug to market

10 years Total development time
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Reference for POS:  Estimation of clinical trial success rates and related parameters 
Chi Heem Wong Kien Wei Siah Andrew W Lo
Biostatistics, kxx069, https://doi.org/10.1093/biostatistics/kxx069

3.4% success rate in oncology; 20.9% success rate without oncology
13 years for oncology; 6-7 years outside oncology 
Little difference between NMEs and biologics (mostly mAbs, but also gene therapy, cell therapy, RNAi and other large molecules) 





Failure rates vary by indication

Likelihood of Approval from Phase 1
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Note:  use this kind of information to prioritize what you do QSP on in your development pipeline



Many drugs are failing even in Phase 2 & 3

Probablity of Success
20% 85.3%

30%

Probability of Success
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Phase Ito Phase IIto Phase III to NDA/BLAto PhaseIto
Phase II Phase II1 NDA/BLA Approval Approval

mAll Diseases, All Modalities
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Note:  Phase 3 trials account for 60% of all clinical trials costs 




Why do so many drugs fail?

Lack

Failure to
understanding — demonstrate

of biology efficacy
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= : e L : :
Patient stratification biomarkers improve the

POS throughout development

Probability of Success
With or Without Selection Biomarkers

100% 94%

909% 839%
809% 76% 769%
70% 63%
60% 55%
50% 46%
40%
309%o0 28% 25.9%
20% l
10% 8.4%
0%

Phase I to Phase IIto Phase IIIto NDA/BLA to Phase I to
Phase II Phase III NDA/BLA Approval Approval

Probability of Success

Without Biomarkers EWith Selection Biomarkers

« POS was lower in chronic, high prevalence diseases, where the clinical trials are
complex and involve large, heterogeneous patient populations
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The influence of biomarkers is complex

« Trials using biomarkers for patients stratification more
than double the overall probability of success
— Most significant in Phase 1 and Phase 2

* No significant difference in POS for trials whose
objectives include evaluating or identifying novel
biomarkers of efficacy or toxicity
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The beta-amyloid story reflects the

importance of the RIGHT biomarkers
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* Inherited AD is caused by mutations in APP
* No tau mutations identified in AD
 Tau events are downstream of A3

‘Genetic data led to an_AB-cen_tr_ié_ view of AD
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The beta-amyloid story reflects the

importance of the RIGHT biomarkers
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Even nearly complete plaque

removal did not increase

survival or delay dementia in Alzheimer’s patients
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The beta-amyloid story reflects the

importance of the RIGHT biomarkers

e Bapineuzumab: reduces plaque formation

Phase 2 Phase 3
Significant ¢ No significant
improvement difference in ADAS-
in biomarkers Cog or DAD

 BACE inhibitors also failed to demonstrate efficacy
despite positive results for biomarkers
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Bapineuzumab: Phase 3 studies evaluated the safety and efficacy of bapineuzumab in APOEε4 gene carriers and noncarriers, and found no statistically significant cognitive or functional improvement (ADAS-COG and DAD) at 0.5 and 1 mg/kg doses compared to placebo (19). The Phase 2 biomarker findings were replicated in APOE ε4 carriers, with statistically significant improvement in brain amyloid burden with statistically significant improvement in brain amyloid burden and cerebrospinal fluid phosphorylated tau concentrations.


Beta-amyloid may be the wrong target

«  Severity of dementia is well-correlated with the density of NFT’s (but not plaques) in AD patients

* Neurons expressing tau degenerate in the presence of AB, but tau-depleted neurons did not
degenerate

e (wt) tau reduction protects against AR-induced cognitive impairment in mice expressing hAPP

hAPP mice Tau mice

(e ) (e ) (X T ) hAPP
(e ) (e ) (X T ) deficient
Tau** Tau*" Tau™
Memory deficits Normal memory
Early mortality No Early mortality
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Why do so many drugs fail?

 Wrong target/wrong population
— Lack of predictive translational efficacy models in early development
— Insufficient knowledge of therapeutic pathways in diseases with complex
etiologies
» Suboptimal selection of dose, schedule, or regimen
— Inadequate characterization of dose/exposure-response relationship in Phase 2
— Non-stratified patient population that dilutes Ph 3 results

— Reliance on non-validated surrogate or biomarker endpoints that are not
predictive of clinical endpoints in Phase 3

 Suboptimal Ph2 study with inadequate controls leading to a false positive result
— Small sample size
— Subjective endpoints
— Large placebo response

o Safety concerns
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Success requires the right target, right tissu
right dose, and right patient

Right target Right patient Right dose

clinical trials clinical trials
Expression of Stratification Understanding
pharmacology of patients Exposure at of ER
Target binding Biomarkers site of action Biomarkers
I I I I
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Quantitative pharmacology toolbox informs

critical success factors for development

e NCA

* Population PK modeling

 Population PKPD / ER modeling

* Physiologically-based pharmacokinetic modeling
* Disease progression modeling

 Model-based meta-analysis

e Clinical trial simulation

e Quantitative systems pharmacology
— Fit-for-purpose
— Not necessarily large models
— Defined by their mechanistic nature
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Tools:  NCA, popPK, popPKPD, PBPK, CTS, MBMA, QSP 

Problems:  inform preclinical experimental design, FIH dose selection, POC dose selection, dose-ranging, trial design, Phase 3 dose selection, bridging between healthy volunteers and patients, bridging between biomarkers and outcomes, identifying biomarkers, assessing the need for dose adjustment in special populations, personalized medicine, DDI assessment, bioequivalence


Computers don’t think

e You have to come up with the biological hypothesis

Al VS HUMA
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QSP isn’t the answer to everything

Bursting the Genomics Bubble
AA AN N A~ M NN~

A Decade Later, Genetic Map Yields Few New Cures

Ao A N AN

‘ Deflating the Genomics Bubble \
The human genome project, 10 years in: Did they
oversell the reyolution?
A\
Human genome 10% anniversary: Waiting fot the reviu\tiinA|
N

De Human Genome Project Wasn’t Overhyped. The Payoff Just Took Time /\I




QSP usually isn’t the best tool to select an

FIH starting dose or a Phase 3 dose

* Not usually resource effective for FIH starting dose

— Parameters + characterization of species differences in
parameters and even the underlying biology (model structure)

e Can’t (usually) address key guestions as effectively as
population PK and ER modeling for Phase 3 and
marketed dose
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QSP adds value across development

Understanding Bridging Understanding failures and
of disease between HV informing back-up programs

pathophysiology and patients Scaling to pediatrics

Target selection  POC dose

Modality choice ~ Selection
Experimental Bridging between RO and
design biomarkers
Selecting Patient stratification
combinations Bridging across indications
FH-starting-dese Clinical-trial-simulation
Phase-3-/marketed-dose
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Sometimes QSP makes sense for FIH dose

selection — be parsimonious!

 ATR inhibitor AZD6738 + ionizing radiation

» Model of the cell cycle, incorporating DNA damage (from replication stress and IR)
and repair, and effect of AZD6738
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g
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Checkley S, MacCallum L, Yates J, et al. Scientific Reports. 2015;5:13545. doi:10.1038/srep13545.
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Although it usually isn’t, QSP was the best

tool for Phase 1 dose selection In this case

 ATR inhibitor AZD6738 + ionizing radiation

» Model of the cell cycle, incorporating DNA damage (from replication stress and IR)
and repair, and effect of AZD6738

Calibration
data (C)
(xenograft)
Human :
. 144 192 240 288 336 384 432 480 528 576 624 ht
predictions (D) Time hrs L m 540
+ Control + AZD6738 50mg/kg =N
e« IR2GYxXS5 + IR 2 Gyx5 +10mg/kg [—'ih’imiﬁé +20mg AZD6738 +a0mg AZD6738 I
s IR2GYx5+25mg/kg + IR2GyxS5+ 50mg/kg —— -B0mp AZDS7IS — »390mg HZ0R7IR
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Checkley S, MacCallum L, Yates J, et al. Scientific Reports. 2015;5:13545. doi:10.1038/srep13545.

« Used to inform dose selection for Phase |
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QSP informs big decisions and has

regulatory acceptance: the denosumab stor

 Could not address key guestions with clinical studies due to dosing interval
(g6M) and required trial duration

— Effects of drug regimen changes
— Treatment discontinuation

— Prior treatments

— Sampling schemes

e Uncertainty in the scientific community regarding the physiologic links
between clinical markers and clinical endpoints

QSP is the perfect tool to address these issues
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clinical markers (e.g., serum calcium, parathyroid hormone [PTH], bone turnover markers), clinical endpoints (e.g., bone mineral density [BMD])

Model that incorporated much of the known bone physiology and was dependent on maintaining calcium's narrow physiologic range. The representation of calcium homeostatic mechanisms was paramount to ensuring model extensibility to calcium and PTH‐related mechanisms.




Model incorporated bone physiology and
calcium homeostatic mechanisms

Calcium Homeostasis System

BONE

Resorption Systemic Oral Ca
Ca/Calcitriol KlDNEY

PTH GLAND ' 1-a-hydroxy/

POOL Systemic
PTH Ca
reabsorption
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Model improved disease understanding and

supported regulatory interactions

« FDArecommended “the dose regimen (for NATPARA (Recombinant Human
Parathyroid Hormone (rDNA)) should be further optimized to address the safety
concerns for hypercalciuria” based on QSP modeling

» Control on hypercalciuria is feasible with more frequent regimen or a slow release
PTH profile at lower systemic exposure than 100 ug QD
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In this example, PTH was an integral part of the QSPM, and so questions asked were well within the model domain. The FDA then used a phase I sponsor study to perform an independent model evaluation. This step undoubtedly promoted confidence in the subsequent simulations that were used to suggest alternative dosing regimens. 
Scientific knowledge gaps became vividly clear, and produced an unexpected value. 



Why QSP was so successful in this case
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Don’t expect QSP to support regulatory

Interactions as a rule yet

 Complexity and “fit-for-purpose” status of these models

« Clinical study and traditional modeling and simulation will
continue to provide sufficient data and understanding to
support the majority of regulatory discussions/decisions.

 No regulatory guidance

 Regulatory acceptance of a QSPM will require comfort
by users and consumers with the underlying physiology,
mathematics, and mechanistic assumptions supporting
the application
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QSP informs small decisions

 Objective: determine suitable equilibration time for in vitro experiment

 Method: simulate competitive binding of drug and endogenous ligand to
target receptor, for different concentrations of drug and ligand, with or
without pre-incubation of ligand and receptor

« Data: k,, and k4 for drug and endogenous protein was available, but
ranged across several orders of magnitude

Receptor-Endo

I

Drug + Receptor 4_’ Receptor-Drug

Time to Equilibrium
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Assumptions: 
Drug is constant during experiment
Endogenous protein is constant during experiment
Receptors constant during experiment
1:1 binding to receptors



QSP models are challenging to implement

#1 Scope —what’s the right level of detail?
Parsimony guides PK/PD modeling, but not easily applicable to QSP

More granular and complex Less granular and complex
C
- . —l
Greater predictive power .
Lower cost, shorter timelines

Higher cost, longer timelines _ o
- _ Easier to develop and maintain
May be difficult to interpret _
_ Requires less data
Requires lots of data

Assess need for QSP, predefine objectives, assess amount of biological
and pharmacological data, consider extent of cross-functional support
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QSP models are challenging to implement

#2  ldentifiability

Increasing complexity increases the difficulty of estimating parameters

Structural identifiability: can | identify the model if | have sufficient data?
Practical identifiability: can | identify the parameters given the data | have?

The identifiability problem « Non-identifiable models may result in

misleading conclusions

» ldentifying parameters requires large
amount of data

 Need to leverage in vitro data, data from
animal models, and clinical data
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Need large amounts of data 
Estimation of parameters difficult
Hard to characterize variability (which has implications for dose optimization, target selection, etc)
Non-identifiable models can lead you to conclusions the data cannot support 



Leverage literature data, internal data, in vitro,

animal, and clinical data to determine parameters

29

Before you start parameterizing, reduce the model — “fit-for-purpose”

— Lump terms
— Sensitivity analysis

— Exploit time-scales

Directly from experimental data (e.g, tumor doubling time)
Estimate other parameters from observed data

— Modular approach, common to estimate just a
few parameters at a time

Local and global sensitivity analyses (which parameters
really matter?)

11/28/2018
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Singh, I., et al. Poster
presented at the ASCPT
annual meeting. Atlanta, GA
(March 2014)




QSP models are challenging to implement

#3 Inter-individual variability

Typically, little is known about parameter distributions
(we might know thetas, but we don’t know omegas)

How do we go from one virtual patient to a population of virtual patients
without enough data to determine the parameter distributions?
(equivalent to simulating across covariates)
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How do we create a virtual population?

® ® ®
« Inform parameter distributions with data W m

A EE K
— Ideal, but very difficult in practice to obtain such data WXMW

» Assume distribution for parameters

— e.g., uniform distribution from 5-fold below to 5-fold above the nominal value

— e.g., normal distribution, mean = nominal value, SD - assume X% variability
» Use standard error of fitted estimates to create populations (not recommended)
 Monte Carlo approach to fitting non-identifiable model

— Fit the model repeatedly and use the distribution of fitted parameters
 Check that simulated virtual patients are reasonable

— Necessary because correlation between parameters isn’t known, but likely exists

» Consider adding variability only to sensitive parameters
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Putting It into practice:

Case Study #1

PhysioPD® Model

Blin PK/PD in Plasma and Bone Marrow
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Poster presented at the ASCPT annual meeting. Atlanta, GA (March 2014)

Yuraszeck, T., et al. Poster presented at the ASCPT annual meeting, San Diego, CA (March 2016)
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Putting It Into practice: Case Study #2

..when you have more data on the outcomes

a b
z g
Simulated é %
Outcome g E
Distribution e
Data Response Bin
h £ plausibl Virtual Population LR
Sahort :,Pl; ausibe (Prevalence-Weighted ¥ EERE;
vPs) STARREARARARA!

S EEEEE

Axis 1

Cheng, Y., et al. (2017). The AAPS Journal 19(4): 1002-1016.

» Create a cohort of plausible virtual patients

« Weight each virtual patient such that the calculated statistics match the trial or
experimental data to create a population of virtual patients (equivalent to clinical

trial simulation)
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QSP models are challenging to implement

#4  Timelines

Drug Discovery Drug Development
< > < >
> Discovery>>PrecIinical>> Phase | >> Phase I >> Phase Il >> Approval >
[ 3 — 6 years ] [ 2 years ] [ 2.5 years ][ 2.5 years ] [ 1-2 years ]

» Efforts to accelerate clinical development (rise in large, seamless Phase | trials)
— Ipilimumab + nivolumab went from Phase | to Phase Ill in 2 years

* Development of QSP models requires 6 mo — 2 years

Consider development strategy and utility of QSP early!
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Pembrolizumab was approved 3.5 years after entering clinical trial
Vemurafenib development was ~5 years 
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Best practices for QSP: Overcoming the

Roadblocks to Implementation

« Remember QSP isn’'t always the answer — use it for the right questions
o Consider regulatory risk associated with using QSP

« Evaluate need for QSP early Iin
development (pre-FIH)

e Ask the right questions and Garbage In
pre-define objectives

 Choose appropriate scope
» Assess identifiability

« Consider uncertainty and
inter-individual variability

e Get cross-functional buy-in
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