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AGENDA

* Introduction (Willke)

» Making early clinical and cost effectiveness predictions for
novel Gout Therapies: An introduction to Pharmacometrics &
System Pharmacology (Marshall)

» Translating Pharmacometrics to Pharmacoeconomics: A
COPD example (Slejko)

+ Some Points After (Willke)
+ Q&A

A Sneak Peek

» Treatment effects on clinical outcomes are key drivers in health
economic models

— But .... actual treatment effects on outcomes aren’t available in early
drug development

- treatment effects on biomarkers or surrogate markers usually are

*  Pharmacometric Model-Based Meta-Analysis predicts outcomes
based on bio/surrogate-marker changes, using data from previous
trials of similar drugs

— Think non-linear meta-regression

» With a drug/dose-specific prediction of outcomes based on
bio/surrogate-markers, often with covariate effects included, a more
targeted health economic model can be built

* See Hughes & Walley (2001), Milligan et al (2013)



Making early clinical and cost effectiveness

predictions for novel Gout Therapies:
An introduction to Pharmacometrics

Scott Marshall PhD
Pharmacometrics
Global Clinical Pharmacology
Global Innovative Pharma Business

Sandwich UK

Overview

 Introduction to Clinical Pharmacology & Pharmacometrics
— Model informed Drug Discovery and Development (MID3)
— Overview of Methods
* MID3 applied to Gout
— Outline of plan and links
— Cost effectiveness

*  Summary



Clinical Pharmacology = Right Dose for Each Patient

* How much ?

* How often ?

* How long ?

* Maximise beneficial effect
* Minimise adverse effects

* Optimal risk- benefit for
both population and
individual

Better to learn in Phase | ( early) than in Phase Il (late)

MID3 : Predictions from Pathway to Payer

Pathway Target Drug Benefit/Risk  Effectiveness &
Reimbursement

Sys MS g
Biology

‘Right Pathway’  ‘Right Targe ght Molecule’ ‘Right Dosé

’

Systems Models Pharmacometrics Models CE Models
3% — — o
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MID3: Analysis Techniques

Techniq Empirical Mechanistic
(Data Driven) (P3 Driven)

Dose Time course  ++++ AR
analysis

Population PK /PD  +++ (Empirical) +++ (Semi Mech)

Meta-analysis +++ (NMA) +++ (MBMA)
Disease +++ +++
Progression

Modelling

Physiological + +++++
based PK (PBPK)

Systems + +++++

Pharmacology

« P3= Physiology, Pharmacology & Pathology

Comparison of NMA & MBMA

NMA AT MBMA

. JW Mandema et al. A g _._:
Cipriani A, Furuk A v Dose-Response Meta- — Y - -
S:a\plgr?tri“G,'etL.je\rll.J awa TA, Analysis for Quantifying oy <
Comparative efficacy and : 3 Relative Efficacy of N < /
acceptability of 12 new-  « m.'-I —— Biologics in — oY,
genelratilontanti[depr?ssar:ts: Rheumatoid Arthritis. s - -
amultiple-treatments meta 5 Clinical Pharmacology = —
—_———
28331,53?3'_7&:{]533 s l i & Therapeutics (2011); :
. > 90 6, 828-835 g
p— > o, —— - )
+  Endpoints: Wide range treated Independently +  Endpoints: Few but integrated
+ Dose/Time: Ignored or pooled «  Dose/Time: Integrated across via Model (Emax)
* Interactions: Statistical Interaction terms * Interactions: Based on Pharmacology
+  Consistency: Formally tested +  Consistency: Largely ignored
Pro Pro
- “Considered” assumption light & Generally accepted - Allows integration of data across dose/time/MOA
Con Con
- Loss of knowledge and requires data integration i.e. - Not well known outside Clin Pharm /PMx community
“assumptions” - Method refinement ongoing e.g. to test
consistency

Workshop; Session IV Wed 11" Nov

W31: Network Meta-Analysis Models for Dose-Response and Class
Effects in Decision Making Brown 2 (L2)
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Unmet Need in Gout

Current Approved Treatments Have
Limitations

Untreated or Mismanaged Gout Can
Have Serious Consequences

Allopurinol (XOi)

— Available since 1960s; current SOC

» Elevations in serum uric acid can result in...

—Extremely painful flares

— Low responder rates (monotherapy): 20%-40%*!2
—Disabling joint destruction P ( o) ’ y

. . . Low treatment rates: estimated 30%°350%°
—Increasing recognition of asymptomatic

hyperuricemia as a metabolic disorder (increased Potentially life threatening allopurinol
risk of CV disease) hypersensitivity syndrome (AHS) in approximately
2% of patients*

+ Societal Impact

; . , Uloric/Adrenuric (febuxostat) (XOi)
—Large and increasing prevalence (diagnosed

prevalence ~3.9%, NHANES 2007-2008)2 — Same MOA as allopurinol;

—Increasing hospital admissions for gout — Similar responder rates to allopurinol
[...suggesting ] that the amount of severe gout is (monotherapy): 45% (40 mg)- 50% (80 mg)*25
increasing, and the burden on the health systems .
due to gout is increasing® — CV outcomes study underway in US (CARES

trial)®

Probenecid (URAT1i)

— Same MOA as lesinurad Rarely used (<2% of
TRxs) due to DDIs, lack of efficacy with low GFRs
(<50mg/dL) and dosing regimen (BID/TID)”

XOi: xanthine oxidase inhibitor
11
Full references in notes section

Gout MID3 : Predictions from Pathway to Payer (Overview)

Pathway: Target: Drug: Benefit/risk:  ETfectiveness &

Purine Metabolism XOi & URAT1i Dual XOi & URAT1i MBMA: XOi /Uratli Reimbursement:
& Elimination NICE febuxostat CE Model

Systems gy Systems <_>Translational <«—=EXPOSUregy, Optimized
Biology Pharmacology Sciences Response Products
(SP)

Step 1: Step 2: Step 3:

Step 4:

Derive
CE Output

Derive
CE inputs

Identify
Mechanisms

Simplest Mechanistic
model
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Gout MID3 : Predictions from Pathway to Payer(1)

Pathway: Target: Drug:
PugnEel_Mv_etabollsm XOi & URAT1i Dual XOi & URAT1i
imination
# K Y Retare [="5]
- | — A'” — e
g N e
. 4 1 (25T T -
I e '
> s 7 X : .
- . Se—— Y W
& - 1 +
]

" E :
[} ]
(<]
Urine
- Model Reduction
Model Red -
Systems ode 22" PhSVStemls == Translational
Biolo — armacology . Sciences
ay Learning (SP) Learning 13

Gout MID3: Predictions from Pathway to Payer(2)

Drug: Benefit/Rrisk:
Dual XOi & URAT1i MBMA: XOi /Uratli

\ '
| :
s S -
‘ ® ———
Urire

Input Rate * (1 —

Dosexo; )
Doseyg; + D50,
SUAss = ( X0i Drug)

Dose,
___Doseypari
Output Rate * Emax x (Duseumrn + D50D7ug)

i Model
Translational —_—

. Exposure
Sciences b

Reduction (steady state) Response Y



MID3: Predictions from Pathway to Payer(3)

Effectiveness &

Reimbursement:
NICE febuxostat CE Model

Benefit/Rrisk:
MBMA: XOi /Uratli

ot e e e . g 95 L1 e 1§ I 41

Baseline SUA distribution
based on febuxostat
submission to NICE

[
¥

Pwneruge wmood g N
-

= - " -

Bueszs CIarge Poes bascben%)

Calibration
Exposure C— Optimized
Response — Products 15
Input

Cost Effectiveness Model: Results

Based on potential future [ A QALYS A Cost Cost/QALY*
Generic Febuxostat Price

No TUtility w {sUA 0.001 £1,392 £1,058,607
No TResource w TsUA

Tutility w $sUA 0.077 £1,392 £18,081
No TResource w TsUA

No™T Utility w {sUA 0.001 £481 £365,747
TResource w TsUA

Tutility w $sUA 0.077 £481 £6,247
TResorce w TsUA

*red (>), green (<) accepted threshold of £20,000/QALY (NICE)
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» MID3 provides a framework for making predictions of
expected treatment effect and product profile for use in
early CE projections

+ Early CE projections can directly influence the drug
development program/objectives

— Wider utility of sUA reduction in addition to its impact on Gout
Flares needs to be established as part of any future
development program

— EFPIA impact level assessed as High

» Potential to set target product profiles for drug discovery
based on reverse engineering of CE

17
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Overview

« Motivation for using MBMA

» Review components of COPD MBMA
equations.

» Translate MBMA outputs to HE model
inputs.
— Conceptual
— Technical

COPD Modeling

« Estimating exacerbations is often the crux
of COPD models for economic evaluation.
 Existing Options:
— Exacerbation rate seen in trials (placebo or
drug)
— Estimate with real-world data

o e e e e e e e e e e e e e e e e e e e e e e e e e e e

i Estimate using model-based meta i
' analysis (MBMA) to inform early-stage !
: CEA model for hypothetical drug. l

10



COPD MBMA

» 29 COPD trials. Criteria: 2500 patients and > 24-
week study duration (mostly 1 year)

» 80 study arms, 198-3,006 patients each -
43,472 patients.

* The meta-analytic model predicted as non-linear
functions:

* Placebo arm exacerbation rate

 Exacerbation rate ratio between the active
and placebo arms

Ribbing et al. 2015

Placebo

Exacerbation Rate M B M A E q u atl ons

\ Patients %FEV1
Model for Placebo ER: /
96FEV1-41) Eyygeys +(% ICSWashOUt-54) Egicomasnout

IF(ERhistory) ERplac,, = ERplac,,, - gl
|F('ERhISt0ry) ERp = ERpIangp B (1+EN0_thiq) . e(%FEVlAQ)-E%FEVl+(%ICswashou!—44)~E%,CSWashm

ERplac = ERplac,, -(1+7), (  Were patients
P placry ( 77) g required to have
exacerbation

history?

Were patients
washed out of ICS
use?

11



Placebo

rmnree MBMA Equations

\ Patients %FEV1
Model for Placebo ER: /
X e(%FE '1-41)-E gy +(% ICSWashout—54)- Eogcspashout

IF(ERhistory) ERplac,, = ERplac,,, -
IF('"ERhistory) ERp

=ERpl ac,y, - (1+E i) (FEVI49) Exireyy +(%H1CSWashoUt-44) Exgcsunan
Were patients
required to have Were patients

exi(i:setgbatlon washed out of ICS
Model for drug effect: v? use?

— nslopegp -AAFEV1gp +sI0pe s naive - AAFEV 1, - fractioncspaive _ H
RATER =€ 1 fraCtIOI’]ICSexperienced

\ \ \

Expected drug

ERplac = ERplac,, -(1+7), 7

A AFEVlAI Slopeicsexperienced )

Ratio of o f Were patients using
exacerbations effect: increase in ICS?
treatment vs. FEVL

placebo

Conceptual Framework

J

Exacerbation Assumed Hypothetical
Predictions from Drug Effect on
MBMA FEV1/Exacerbations

Stochastic Disease Progression

J

Simulated Clinical and
Economic Outcomes

12



COPD Markov Model

________________

One month
cycles

Predlcted for each patient by PMBMA

-

Stable Disease

1

Implementlng the MBMA

Cohort Approach
Characteristics for Exacarbation Rate
Average Patient for Average Patlene

i—v MBMA —oX

MBMA operates on the cohort level
» Average FEV1 input values
+  Average exacerbation rates

13



Implementing the MBMA

Cohort Approach | Microsimulation Approach |
N teristus for i @ f > p Exacerbation
“wersgs Pt for Marage i | CMarmcheriticsfor Hate for Each

\ Patie
Each Patient Patier

——d MBMA = X,

L3 ®
X — MEMA | = X | ) — MEMA = = X,
1 — | MOMA | —s

— | MOMA | —

MBMA operates on the cohort level | If individual patient data available...
Average FEV1 input values * Unique FEV1 inputs
Average exacerbation rates » Individual exacerbation rates

» Calibration may be needed

Trial-Level Characteristics

We created six trial scenarios

Washed Out of ICS?

Exacerbation History? Yes No
Yes X X X
No X X X

14



Technical Implementation

* How can individual- and trial-level
characteristics be modeled using a Markov

framework?

Technical Implementation

* How can individual- and trial-level
characteristics be modeled using a Markov

framework?

* TreeAge Pro 2014
— Create Markov microsimulation
— Patient and cohort characteristics using tables
— Allows uncertainty at the individual and trial
level.

15



o 4

Exacerbation
Rate for each
Patient
(Treatment &
Placebo)

M

N

Run x ~1,097 patients
oderate and Severe cohorts)

.......

Individual & Trial Characteristics

Create Table

+ Contains unique values
for each patient's FEV1

« Contains single value for
trial characteristics

* Feeds into MBMA to
predict exacerbations

Individual & Trial Characteristics

Create Table

» Contains unique values
for each patient’'s FEV1

» Contains single value for

v . tuinl Alnavaatavintian
\ - — e e e “1
v -
e .E = »
l —a 4" » [ R .~ S
s 150 awier it —_—
— R TaEgE .":] »
N
l T R e e (P
. Run for each of the six model T
Exacerbation 'Rate scenarios. PRRp——
for each Patient \
P e e e T ’.
=




Model Uncertainty

* Create
distributions for Trial Leve

— MBMA model
coefficients

— Disease L
characteristics: —
FEVl deCIine /In;:/idual Level

« Sample some at R

individual level,
some at trial level

Results

ICS Experienced

-

N\

xncertations Per Year - Placebo

\ —
- - .
- ]

Numbes of E

- =k
" Not ICS Experienced

100 P
0%

060 w

0.40

020

0.00 \\\

Exacerbation Hstory (yesing)

Yearly baseline exacerbations stratified by
disease severity and trial scenario.
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" ot — Results

) Exscortationn
1

. Severe

£ 00 o snd, LB

Expected drug effect
stratified by disease

PSP A severity and trial
scenario.

L Eraart abern
\

S
Moderate
o)

Results

N

)
b
<N
g
*, sxpetrind )

. —~ £, U0 beslory

pe r 10
Expected Drug-Relmed FEV Increase fnL)
Severe

........
% Wt K% maper rod, o0 §4
3 toom
v -~

am e o Potential cost

" effectiveness,

R —— stratified by trial
characteristics.
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Some Points After

 Calibrating the variation in outcomes
* Why do this?
* Questions for Discussion

Getting the variation right

37

* Problem — random choices made in the Markov model
generate variation in exacerbations that doesn’t match
what is observed in the trials

e Solution

1.

Use the estimated variances in the MBMA to calculate the
underlying (after covariate adjustment) variances in
treatment and placebo group exacerbation rates in the trials

Introduce placebo rate and exacerbation rate ratio variation
in the HE model at levels that result in exacerbation rate
variances that match those estimated from the MBMA in
step 1 above.

19



Results of replicating the sample-based variance

in exacerbations

Differences in 1-yr HE Model results based on use of variance calibration factors

Outcomes Calibrated

Mean SD Mean SD
Placebo Exac. Rate/yr. .962 .029 .962 .515
Treatment Exac. Rate/yr .798 .026 .808 428
Placebo group costs (€) 1121 44 1120 334
Treatment group costs (€) 1453 41 1461 278
Placebo group QALYs 725 .0031 725 .0096
Treatment group QALYs .732 .0030 .732 .0082
ICER* (€/QALY) 49,133 44,182- 53,714 37,850-
54,651 75,580

*Median and interquartile range shown

Comparing cases

Naive Calibrated

Tecremvomnd Cont-Effcotnvens, Drag v. Usasl Cors Tocresmmtal Cont-Ellecivrnesn, Drag v Dvaal Cars

Toarsmmansd Com

Twcrmmren! Con

Teremannad Eanthimes — — PU—————
Inermaenied ¥ Bertnmen

Note: ICERSs are quite similar between cases

40
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Cost-Effectiveness Acceptability Curves

Comparisons Across Variance Scenarios

Probability 0.7

o.sla ’ /"1
0.8 /e
// et

Of Being 0.6
Cost- 0.5 //
Effective at 4 b/ PSA
Threshold 0.3 / —+Naive
0.2 /) —<Calibrated

01 e’y
e o

O LIPS S S QQQQQ QQQQQ
\)

S S S
FLFLFTSLSFIILS
N oS A S

Willingness to Pay Threshold (Euros/QALY)

a1

Why Do This?

+ MBMA-based early economic models are valuable during drug
development:

Consistent with pharmacometric predictions of efficacy (safety if needed),
based on biomarker results

Can be driven by phase Il biomarker results
Are available at the time key development decisions are being made

Can be modified as needed to evaluate different product concepts for
hypothetical early assets

Can be used to test pricing assumptions for consistency with cost-
effectiveness thresholds

Can inform development decisions around secondary endpoints, patient
subgroups, etc.

» Potential value for HTA/reimbursement as well

Dependent on HTA acceptance of MBMA results in place of NMA for indirect
treatment comparisons (to allow for inclusion of dose and time effects)

42
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Questions for Discussion

Does anyone in audience have their own experience in this
area?

Have you met your pharmacometrics colleagues?

Have you had any discussions about doing meta-analyses
with them?

Have you constructed any models of this type? Any reflections
on that work?

Have you had any experience using MBMA for regulatory or
HTA purposes?
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— ' $ Literature review Expert interviews /
fapiio: s~ discussions T

servational Expert opinion
studles Clinical

. -
sources: | N
L

2

Ev'denc_e Meta-analysis / Mixed
synthesis:  treatment comparison
/ ¢ ‘
v . . .
Model ; ' L
{ Cost dpta
i np ut: Effi Safety | Utility / Qol.
. - -
Economic . y N ——6
model: —— —
l (\ o E—]
N ol <3

‘opinion pooing'

validation

47

b | Copeeime. WPOR Ane 1012

——-.—.-— ,l . Literature reviaw Expert nterviews /
he=ifio: = discussions e —
| 4=t~ :

Sources:

\ | Observational ) Expert opinion
AN studies Clinical

= '{,m

Evidence [ Quantitative Product ]

synthesis:| Concept (TV)

Model | . .
input; EWIZD+V Samyé Utility / L"L Cost afaa
Economic \ \ < > 2%

model: { =

‘opinion pooing’

validation

Produot+w

48

A | Copamime. POR Ane 201

24



* (i) systems pharmacology

— Informs therapeutic interventions based on detailed structural
knowledge of biological systems.

— Afeature of systems pharmacology is that it focuses on the
interplay between pharmacology and the underlying system,
allowing predictions of the efficacy and safety of compounds to
be based on known or possible mechanisms of action.

* (i) pharmacometrics

— Is at “the intersection of PK models, PD models, PD—biomarker—
(clinical) outcome models, data visualization, statistics,
stochastic simulation, and computer programming”

— Mathematical models are developed and applied to characterize,
explain, and predict PK and PD behavior of therapeutic agents.

— These are combined with statistical models to quantify the
source and the extent of variability and uncertainty in the
underlying responses.

49

Pharmacometrics Driven Cost Effectiveness
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CLIMCAL PARMACOLIGT & THERARLUTICNS | wOLUME 04 ALIMSIN J ) AT 2011

Camparative Effectiveness of Dabigatran,
Rivaroxaban, Apixaban, and Warfarin in the
Management of Patients With Nonvalvular Atrial
Fibrillation

P! AL Py e e 11 Mo
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Package Insert —

1. Indicationsand Usage
1.1 Gastrointestinal Stromal Tumor
1.2 Advanced Renal Cell Carcinoma
2. Dosage and Administration
2.1 Recommended Dose
2.2 Dose Modification
3. Dosage Forms and Strengths
4.  Contraindications
5. Warnings and Precautions
5.1 Pregnancy
5.2 Left Ventricular Dysfunction
5.3 QT Interval Prolongations and Torsade de Pointes
5.4 Hypertension
5.5 Hemorrhagic Events
5.6 Hypothyroidism
5.7 Adrenal Function
5.8 Laboratory Tests
6.  Adverse Reactions
6.1 Adverse Reactions in GIST Study A
6.2 Adverse Reactions in the Treatment-naive MRCC Study
6.3 Venous Thromboembolic Events
6.4 Reversible Posterior Leukoencephalopathy Syndrome
6.5 Pancreatic and Hepatic Function

* Sections or subsections omitted from the full prescribing information are not listed.

Drug Interactions
7.1 CYP3A4 Inhibitors
7.2 CYP3A4 Inducers
7.3 In Vitro Studies of CYP Inhibition and Induction
Use in Specific Populations
8.1 Pregnancy
8.3 Nursing Mothers
8.4 Pediatric Use
8.5 Geriatric Use
8.6 Hepaticlmpairment
Overdosage
Description
Clinical Pharmacology
11.1 Mechanism of Action
11.3 Pharmacokinetics
11.4 Cardiac Electrophysiology
Nonclinical Toxicology
12.1 Carcinogenesis, Mutagenesis, Impairment of Fertility
Clinical Studies
13.1 Gastrointestinal Stromal Tumor
13.2 Renal Cell Carcinoma
How Supplied / Storage and Handling
Patient Counseling Information
15.1 Gastrointestinal Disorders
15.2 Skin Effects
15.3 Other Common Events
15.4 Concomitant Medications
15.5 FDA-approved Patient Labeling
51

Getting the right dose and dose Regimen

Twice daily vs Three times daily

160 -
140 A
120 ~

100 1

40

Concentration ng/ml
(o]
o

20 1

0 T T T

0 4 8 12
Time hours
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