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Objective

* Samples analysed using chromatographic assays have an acceptance criteria for
QCs of £15%. In contrast, ligand binding assays have an acceptance criteria for
QCs of +20%

* This could potentially lead to a greater variability introduced in samples analysed
using ligand binding assays, compared to chromatographic assays.

* The aim of this presentation is to assess, from a PK perspective, the impact that
the variability associated to each of these methodologies may have in the
assessment of the data. To do this:

* Plausible data with and without variability needs to be generated
* The generated data needs to be assessed using an objective method



Methodology: Data generation

* Concentration vs time profiles were simulated using open source R software and
its library mrgsolve, under different scenarios
* Low between subject variability (BSV) and 15% acceptance criterion for QCs
* High BSV and 15% acceptance criterion for QCs
* Low BSV and 20% acceptance criterion for QCs
* High BSV and 20% acceptance criterion for QCs

* To do this, it was assumed that all chromatographic and ligand binding assays may
introduce up to £ 15 or + 20% deviation from nominal concentrations

* The data was simulated using a population 1 compartment extravascular PK
model with parameters CL, Vd and Ka
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Methodology: Data generation

* PK compartmental models:
* Set of exponential equations that are useful to model a concentration vs time profile

* Define the body as divided in separate compartments where a compartment can be the
body, blood circulatory system or a set of tissues or organs sharing similar affinity to a drug

* PK compartmental models are useful as they are mathematically plausible and their
parameters (i.e. CL and Vd) can be interpreted from a biological perspective.
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Methodology: Data generation

Other models could be use to fit a line between observed concentrations
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Methodology: Data generation

* 1 compartment extravascular model
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Ke: Elimination rate constant. Can be parametrised in terms of CL and Vd

Ka: Absorption rate constant

CL — Clearance: The hypothetical volume of blood (plasma or serum) or other
biological fluid from which the drug is totally and irreversibly removed per unit of
time

Vd — Volume of distribution: Apparent volume in which the total amount of drug
in the body would need to be dissolved to reflect the drug concentration in
plasma



Methodology: Data generation

* A PK compartment model can represent a single or an averaged population conc. vs time
profile but on its own, it does not handle variability.

* On the contrary population PK modeling allows introducing BSV and within subject
variability (WSV)

* |n this exercise, the only source of WSV is assumed to be the bioanalytical method.
Pop. Model specifications for BSV and WSV

SMAIN — BSW

double CL = exp(log(TVCL) + 0.75*log(WT/70) + ECL); e Upper part: Parameter variability

double V =exp(log(TVV) + log(WT/70) + EV); * depends on body weight (WT)

double KA = exp(log(TVKA) + EKA); B  Depends on random residual variability

e Bottom part: Random effect - var-covar matrix

>OMEGA @labels ECL EV EKA * Assigns random BSV to each profile

0.30.10.5 =
WSV
SSIGMA 0 —J » Bottom part: Var-covar matrix
e Assigns random WSV to each timepoint
STABLE —
capture IPRED = CENT/V; Translate 15-20% -
capture DV = IPRED*exp(EPS(1)); acceptance criteria SD = (max-min)/4

- 0 A
SCAPTURE CLV ECL into a value for SIGMA Var = (CV%/100)"2



Methodology: Data generation (example)

5 different profiles generated
using a Pop. 1 compartment
extravascular PK model using
high BSV with and without
WSV

Data generated at the
following timepoints: 0, 0.25,
0.5 1,15,2,3,4,6,8,12,16
and 24 hours

On the right (IPRED), data
including BSV only

On the left (DV), data
including BSV and WSV
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Methodology: Data assessment

Power model * Dose proportionality
AUC = a - DoseP
log(AUC) = a+ B - log(Dose)

1+ 208 - 11,0190% < slope > ULCI90% > 1 + 225 400 -
Ln(T) LTl(T) 350 - Lineair (Exposure increase) -
Where h = high dose and | = low dose jzog | — B -
=250 -
an

Therefore, to declare dose proportionality, the slope £ and =200 -
its 90% confidence interval (Cl) obtained by means of a S 150 -

linear model has to be within the specified range 2 100 |
50 +

The wider the dose range is, the narrower the interval to

. . . O T T T T T 1
declare dose proportionality will be 0 50 100 150 200 250 300
Dose (mg/kg)




Experimental design

e Data was simulated for each of the following scenarios
* Low BSV and 15% acceptance criterion for QC
e High BSV and 15% acceptance criterion for QC
* Low BSV and 20% acceptance criterion for QC
e High BSV and 20% acceptance criterion for QC

* For each scenario, a total of 30 profiles (subjects) were generated. 10 subject/dose level.
* Dose levels 100, 300 and 1000
* A 10000 simulations for each scenario were generated

* For each simulation, a linear model with y = log(AUC) and x = log(Dose) was applied to obtain the
slope () and its 90% ClI

* Dose proportionality was assessed for each simulation using a Power Model
* The total No. of simulations declaring non dose proportionality was compared between scenarios

* All the above was repeated generating data for each subject at different timepoints
* 6timepoints: 0, 0.5, 2, 4, 8, 12 and 24 hours
* 9timepoints: 0,0.5,1, 2,3,4,6,8, 12 and 24 hours
e 12 timepoints: 0,0.25,0.5,1,1.5,2,3,4,6,8, 12,16 and 24 hours




Results: simulated data (example)

* Example for £15%
acceptance criteria

WSV follows a normal
distribution with mean 0 and
deviation o, N ~(0, o)

* Less than 5% of samples had
deviations from nominal
concentrations greater than
+15% acceptance criteria
and the same for the data
generated with + 20%
acceptance criteria
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Results: Simulated data (example)

0 5 10 15 20
1 | 1

25
I

| | | | | |
DV IPRED

100

80

60

40

20

T T T T T T
0 5 10 15 20 25

time

value

150

100

50

1 I
DV

100
|

T T T T T T
0 5 10 15 20 25

time

* Figure displaying low subject variability.
e |PRED: Figure with between subject variability
e DV: Figure with between and within subject variability

Figure displaying high subject variability.
IPRED: Figure with between subject variability
DV: Figure with between and within subject variability




Results: Dose proportionality assessment

* Data tested under multiple scenarios:

* With low and high between subject variability (BSV)

* With no within subject variability (WSV)

* With low WSB

* With high WSB
* All the simulations above for low BSV and different No of timepoints: 6, 9 or 12 timepoints
* All the simulations above for low BSV with 2 sets of parameters

* Results expressed as number of cases (in %) for which dose proportionality could not be declared

. ) WSB . Parameters
8BSV No.timepoints Null  15% dev. 20% dev. No. sim. CL vd Ka
Low 6 13.76 15.37 17.17 10000 0.5 1 6
Low 9 14.39 15.36 16.25 10000 0.5 1 6
Low 12 16.07 16.55 17.26 10000 0.5 1 6
Low 6 9.85 9.89 9.76 10000 1.25 0.4 10
Low 9 9.96 10.34 10.29 10000 1.25 0.4 10
Low 12 10.09 10.09 9.98 10000 1.25 0.4 10
High 6 99.97 99.97 99.99 10000 0.5 1 6
High 9 99.97 99.98 99.98 10000 0.5 1 6
High 12 99.99 99.99 99.99 10000 0.5 1 6




Conclusions

* Plausible data was generated under multiple scenarios: different number of timepoints
and parameters with low and high between and within subject variability

e Overall, the within subject variability, allowing up to £20% deviation between nominal
and achieved concentrations, did not have a (major) impact on the assessment of dose
proportionality (using Power Model) compared to the results allowing up to +15%
deviation from target or without any within subject variability.

* This was more evident when considering a model with low between subject variability

* The role of between subject variability was more important than the role of within
subject variability in the assessment of the simulated data

e All simulations conducted under different scenarios showed the same trends

* Therefore it can be considered that, as long as the results are not biased, the effects of
variability due to the QCs acceptance criteria may not represent a major concern from
a PK perspective, under situations similar to those tested in this exercise



