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Standard bioequivalence (BE) studies

e 2x2 crossover designs
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Problems with NCA calculations

AUC

Tmax

T1/2

Time

Sparse data problems

Assume equal weight for all
observations

Sensitivity to missing data

Sensitivity to data below the
limit of quantification

Interpolation problems from
the last observation to oo

Hard to separate variability
sources (BSV/IOV/RUV)

Ad hoc design of sampling
times
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NCA analysis can give biased estimates
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Abstract. Pharmacokinetic drug-drug interactions (DDIs) can lead to undesired drug exposure, resulting
in insufficient efficacy or aggravated toxicity. Accurate quantification of DDIs is therefore crucial but may
be difficult when full concentration-time profiles are problematic to obtain. We have compared non-
compartmental analysis (NCA) and model-based predictions of DDIs for long half-life drugs by
conducting simulation studies and reviewing published trials, using antituberculosis drug bedaquiline
(BDQ) as a model compound. Furthermore, different DDI study designs were evaluated. A sequential
design mimicking conducted trials and a population pharmacokinetic (PK) model of BDQ and the M2
metabolite were utilized in the simulations where five interaction scenarios from strong inhibition
(clearance fivefold decreased) to strong induction (clearance fivefold increased) were evaluated. In trial
simulations, NCA systematically under-predicted the DDIs’ impact. The bias in average exposure was
29-96% for BDQ and 20-677% for M2. The model-based analysis generated unbiased predictions, and
simultaneous fitting of metabolite data increased precision in DDI predictions. The discrepancy between
the methods was also apparent for conducted trials, e.g., lopinavir/ritonavir was predicted to increased
BDQ exposure 22% by NCA and 188% by model-based methods. In the design evaluation, studies with
parallel designs were considered and shown to generally be inferior to sequential/cross-over designs.
However, in the case of low inter-individual variability and no informative metabolite data, a prolonged
parallel design could be favored. Model-based analysis for DDI assessments is preferable over NCA for
victim drugs with a long half-life and should always be used when incomplete concentration-time profiles
are part of the analysis.

KEY WORDS: drug-drug interactions; long half-life; model-based analysis; non-compartmental analysis;
pharmacokinetics.
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Fig. 4. Box plots of model-based estimation of interaction effect (factor change in CL) for the different designs (Seq
sequential, Parl parallel 1, Par2 parallel 2), the different PK scenarios (original, high CL IIV, and high IE IIV), and the
different interaction effect scenarios (induction, no interaction, and inhibition)
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Fig. 5. Median and 90% non-parametric CI for NCA-derived GMRs for the different designs (Seq sequential, Parl parallel
1, Par2 parallel 2), the different PK scenarios (original, high CL IIV, and high IE IIV), and the different interaction effect
scenarios (induction, no interaction, and inhibition). True impact of the simulated DDI shown as the light blue line
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Problems for standard BE studies

Drugs with long half-life (e.g. LAI)
— Long-term BE trial
— Crossover steady-state studies may be needed in patients

Sparse data
Highly variable drugs (HVD)

— BE design needs 3- or 4-way crossover study
— Estimation of between occasion variability can be biased/imprecise

Steady-state BE studies
— Methods for establishing steady state can be inaccurate

Other

— Designs can be inefficient
— Special formulations, e.g. local drug product needs clinical endpoint BE study
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nallenges of performing BE studies for LAl
_ong half-life (t, )

Single dose crossover BE study

Common oral product - short half life LAI - long half life

t;,=8 hr  Washout (>5t,,) t;,=40d  Washout (>5t,,)

0 1 2 3 4 0 4 8 12 16
Days Months

It is not practical to perform a single-dose crossover BE study for LAI.
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Two types of BE study designs for LAl

Is there a
long-term
side effect?

® Contraceptive

No ( Healthy Single'dose - Medroxyprogesterone

L voluteer Parallel StUdy . Toicrzt;:ealcoholldrug

dependence
- Naltrexone

. ® Antipsychotic

Yes ( . MUItlpIE'dose - Paliperidone palmitate
Patients - Aripiprazole
L Crossover Steady state - Risperidone

- Olanzapine Pamoate

| Dropout )
long t,,, —) i |

Increased variation
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How modeling can help with BE problems and ==
method improvements

* Model-informed BE approach

— Use pharmacometric models to understand and optimize the operating
characteristics of standard BE methods and designs

* Model-integrated BE analysis

* Optimal design approaches for better BE study design



One solution to reduce BE study duration for LAI:

Plasma concentration
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use a switch study instead of crossover steady-state

Crossover steady-state study

A 4

Switch
—>
study
Reference
SS
Cirough fOr determining ss
0 4 12 16 20 24 28 32 36

Model-assisted approach: Use models

to simulate studies to determine new
BE limits.

Model-integrated approach: allows

Weeks

you to separate the superposition of
test from reference in first period after
switch.

Optimal design approaches for
better BE study design




Pharmacometric approaches will typically
nave higher power than standard methods

(Optimized) Model-Based vs.
Traditional Data Analysis in Alzheimer's

1892 (3.6X) Model-Based Analysis
e B 7 (Optimized for power)
,;gL o Model-Based Analysis
] (Default Design)
& Traditional Analysis
(Unstructured MMRM model,
o LSMeans)

| | | | | | |
0 500 1000 1500 2000 2500 3000

Mumber of Individuals

* Hooker et al., Model-based Trial Optimization for Phase Il and Il designs in Alzheimer's Disease, ACOP, 2011
* Ueckert et al., Optimizing disease progression study designs for drug effect discrimination, JPKPD, 2013
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Previous work

Journal of Pharmacokinetics and Pharmacodynamics, Vol. 31, No. 4, August 2004 (© 2004)

Statistical Issues in a Modeling Approach
to Assessing Bioequivalence or PK Similarity
with Presence of Sparsely Sampled Subjects

Chuanpu Hu,"* Katy H. P. Moore,”> Yong H. Kim,” and Mark E. Sale*
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Model-based analyses of bioequivalence
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Statistics

Special Issue Paper
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Design evaluation and optimisation in
crossover pharmacokinetic studies
analysed by nonlinear mixed effects
models

Thu Thuy Nguyen,*’ Caroline Bazzoli and France Mentré
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Standard analysis

log(cmaxik) = Ocmax T ,BCmax,TRTTRTik + :BCmax,SEQSEQi + .BCmax,PERPERk t Nemax,i T Ecmaxik
l0g(AUCw i) = Oauceo + BauceorrrTRTix + Bavuce,segSEQ; + Baucew,perPERK + NaUCw,i + EAUCH,ik

log(AUCq14st,ix) = Oauce + Bavcerrr TRTike + Bavce.seoSEQ: + Bauce,perPERK + Navce: + €auce,ik

HO (not bioequivalent) is rejected if:

10g(0.8) < Clogos(Bemax,rrr) < log(1.25)

10g(0.8) < Clogo;(Bauce,rrr) < log(1.25) _

l0g(0.8) < Clagy,(Baucerrr) < log(1.25)
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Model additions used for BE analysis

. ka | central CL
Dose/F —>| Absorption - y —

CLi, = 0.1 - ellcLtKcL
BraTrT: treatment effect on ka (test/ref)

= . elvtky
Vi = 0y - e Braseq: sequence effect on ka

_ +K : period effect on ka
kay, = Okq - €™ @™ a - Byo TRT * Bka,sEQ * Pka,PER Bra,pEr: P

F =1 Brrrr " Br,seq * Br,pER Br rrr: treatment effect on in F (test/ref)

Yijk = f(©)+h(0, €ij) ,Bp,ggQ: sequence effect on F
Br per: period effect on F

Note: if IOV not present in model then it should be added/investigated (for crossover designs) 13



Our developed model-integrated BE method
TRT’ sequence, Sampling from model and Compute individual C__., AUC
. periodand IOV parameter uncertainty mex
i effects on | | |
absorption | ( ( \
| parameters . Mean of ratio
~ (nouding) Pop.sim 1 —— (A
BE data | Distribution of
Estimate Mean of ratio Mean ratio J
Model(s) model and Pop. sim 2 /_’L of Cmax, AUC
fitting parameter | v
uncertainty : 90% C| of
! L ratio mean J

Uncertainty | . / Mean of ratio 1
 Methods: Pop. sim N of Cmax, AUC

SIR, Bootstrap,

Model
averaging

Uncertainty
estimation

Modeling Conclusion

ACOP 2019, Andrew Hooker, Development and comparison of model-based bioequivalence analysis methods on sparse data.
ACOP 2019, Xiaomei Chen, Model-based bioequivalence evaluation for ophthalmic products using model averaging approaches. 14
ACCP 2019, Mats Karlsson, Development of model-informed bioequivalence evaluation strategies for long-acting injectable products (LAI).
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Type | error is controlled for this model-integrated BE method and
power is higher (especially with high variation and sparser data)

Overall type | error Overall power
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ACOP 2019, Andrew Hooker, Development and comparison of model-based bioequivalence analysis methods on sparse data.
ACOP 2019, Xiaomei Chen, Model-based bioequivalence evaluation for ophthalmic products using model averaging approaches.
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Situations where no single PK model may be

appropriate for BE analysis S ————

DOI 10.1007/s10928-017-9550-0

ORIGINAL PAPER

N rior m | Model selection and averaging of nonlinear mixed-effect models
O prio ode for robust phase III dose selection

Id e ntlfla bl I |ty ISsues Yasunori Aoki”?® - Daniel Réshammar>* - Bengt Hamrén® - Andrew C. Hooker'

If IOV not present in model and should be

Received: 30 June 2016 Revised: 22 May 2017 Accepted: 11 June 2017
DOI: 10.1002/sim.7395

addEd/investigated RESEARCH ARTICLE WILEY S e

Model averaging for robust assessment of QT prolongation by

v concentration-response analysis

A.G. Dosne' @ | M. Bergstrand' | M.O. Karlsson! | D. Renard® | G. Heimann?

The AAPS Journal (2018) 20: 56 % CrossMark
DOI: 10.1208/s12248-018-0205-x

Model Averaging

Research Article

Avoid estimation /selection bias Comparison of Model Averaging and Model Selection in Dose Finding Trials
Analyzed by Nonlinear Mixed Effect Models

and overestimation of precision

Simon Buatois,">>> Sebastian Ueckert,* Nicolas Frey,1 Sylvie Retout,* and France Mentré®




Model qualification

* Models should be identifiable given the study design (test using
optimal design software, like POpED) https://andrewhooker.github.io/PopED/

* Use the models to predict (simulate) summary PK metrics (e.g.
geometric mean of C,,,,,, and AUC; ;). Simulations should, at the
least, predict data that results in similar metrics compared to the real
data.


https://andrewhooker.github.io/PopED/

Non-compartmental analysis posterior £
oredictive check (NCAPPC)

COMPUTER METHODS AND PROGRAMS IN BIOMEDICINE 127 (2016) 83-93

journal homepage: www.intl.elsevierhealth.com/journals/cmpb y,’

A diagnostic tool for population models using
non-compartmental analysis: The ncappc package
for R

} CrossMark

Chayan Acharya®*, Andrew C. Hooker?, Giilbeyaz Yildiz Tiirkyilmaz®?,
Siv Jonsson?, Mats O. Karlsson*

2 Department of Pharmaceutical Biosciences, Uppsala University, P.O. Box 591, SE-751 24 Uppsala, Sweden
b Ege University, Faculty of Pharmacy, Department of Biopharmaceutics and Pharmacokinetics, 35100 izmir, Turkey

e available on CRAN https://cran.r-project.org/package=ncappc
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Comparison of the population mean and
variance of NCA metrics

. . AUClast :: Mean AUClIast :: Variance
e Histogram of the simulated : o : 120 .| - :

population mean and variance of 90 S H : w- - MK
the NCA metrics. s0- : , - -

. . . B :

* Uncertainty in simulations (model : : : :
. 30_ = n o ] .

and parameter uncertainty) : T :

0- . - 0- =3 -

Possible with rich and sparse data.

] . . = 25 3.0 35 1 2
* Adjusted confidence intervals so 3 e M e - Vari
Q max :: ean max ;. variance
that 5% of all simulations lie outside ; L : ‘| n
intervals in all tests. 90- 1 e : 20 AT
60 - : — ] : 60 - : l =
30- iy - 30~ i Il
0- V_V_‘_l:r :| l—-—-—. 0- = .—r -l_l_|_|;|—|—|—|_|—l—
08 10 12 00 01 02 03 04 05 06
value

| Observed I Simulated (2.5%, 50%, 97.5%) 19



One solution to reduce BE study duration for LAI:

Plasma concentration
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use a switch study instead of crossover steady-state

Crossover steady-state study

A 4

Model-assisted and Model-integrated

approaches:

Switch
—>
study
Reference
SS
Cirough fOr determining ss
0 4 12 16 20 24 28 32 36

Weeks

* Research shows that the approach
controls type 1 error, but will require
more individuals in the study
(compared to crossover steady-state
studies using NCA metrics)

* Model-integrated more powerful
than model-assisted approaches.
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Even more innovative designs

Model Predictions

Time
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Model-integrated OD study
n~ 10% less for 80% power on
AUC compared to standard
switch study.
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Conclusion

Model-integrated approach

Use M&S in BE analysis procedure Reduce Sample size feasible

# and/or (especially in currently
Model-informed approach Reduce study duration Cha”enlgli(ng Sit)uations
ike LAI

Modify NCA-based BE methods

Make BE studies more

23
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Software

* Model based BE testing
 To be released on CRAN

bemod

* NCA Calculation and Population PK Model Diagnosis
* https://github.com/UUPharmacometrics/ncappc

ncappc

* SIR
@ PSN4 * Bootstrap
J  Perl speaks NONMEM e https://uupharmacometrics.github.io/PsN/

« Optimal experimental design software

PopED
’ e https://andrewhooker.github.io/PopED/



https://andrewhooker.github.io/PopED/
https://github.com/UUPharmacometrics/ncappc
https://uupharmacometrics.github.io/PsN/
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