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i Outline

= Pharmacokinetic/pharmacodynamic models
= Population models and optimal design
= Optimal design software, PkStaMp library

= Information matrix, approximation options



Pharmacokinetics & pharmacodynamics

= PK: what body does to the drug (time-concentration)
= Compartmental, systems of ordinary differential equations (ODE)

= Non-compartmental (AUC, T, .., Crax)
Example:
One-compartment model, 1st order absorption and linear elimination
] Dose
{f}(ﬂ = —kafolt) \,

f®) = kafolt)  — KA @ < T
> v,

= PD: what drug does to the body (concentration — effect)
= Progression of clinically relevant endpoint or biomarker

A



VERTEX

Optimal Designs

M(&,0) = —= E wipt(X;, @) - normalized information, per observation
¢ ={w;, x;} - normalized design; w; = n; /N - weights

Locally D-optimal designs:  |M'(£.6)| — min: minimization wrt

e Continuous designs: 0 < w; < 1, Yjw; = 1,

e Admissible sampling sequences x; € X - design region.

Equivalence Theorem:  Kiefer, Wolfowitz (1960), Fedorov (1972) -

background for 1-st order optimization algorithms (Fedorov-Wynn)



VERTEX

Mixed effects model model

® -y, - response parameters of patient ¢ (sampled from population):

normal, v, ~ N (", ), or log-normal (3" - “typical values”)

o Data y(ri) = nlay,v) 1+ +ef, d=01... .k (1)

. AT 2 A\Y ’
E;Ij ~ :\ (U.. gﬂ), :"j;j - .-'T\' (On gp)

e Combined vector of parameters: 6 = (~"; ; o7, 07,

Example: one-compartment model, single dose D at x = 0,

Dki .t s
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VERTEX

Information matrix for sequence X

(1) Gaussian Y : E[Y|x] =n(x,0), Var[Y|x] =S(x,8)

p(x, ) - information matrix of a single (k-dimensional) sequence x:

, on ) {;}T] l . OJS L OS
lag(x.0) = — S~ = S™ S™
Has! ) b, f/}H-f i 2 ols. fJHf

Ck

S=S(x.0). m=mn(x.0) [Muirhead (1982), Magnus and Neudecker (1988) |

(2) First-order approximation of variance matrix S, model (1): for normal ~

S(x.08) ~ FQF" + 0% Diag[n(x.0) n’ (x.0) + F QF']+ o41,.

on(x. 9)] l
({)’}fﬂ. ,-},:,-TD

— (k x m.) matrix

F = F{;X,’}’O) = [




Optimal design for population PK/PD models

= Annual Population Optimum Design of Experiments (PODE)
Workshop created in 2006

= Optimal design for nonlinear mixed effects models:
theory and applications in drug development

= Discussion of population optimal design tools started in 2007
= PFIM (developed in INSERM, Universite Paris 7, France)
= PkStaMp (GlaxoSmithKline/Vertex)
= PopDes (CAPKR, University of Manchester, UK)
= PopED (Uppsala University, Sweden)
= WInPOPT (University of Otago, New Zealand)



i PkStaMp library

= Sampling Times Allocation (STand-Alone Application),
Matlab Platform

= Why Matlab:

= Allows for creating executable files (no license required for end-users)
= Easy to create GUI

= Collection of independent modules created for various GSK
projects, development started in 2002-2003

= Last 3+ years: joint work with Dr. Alexander Aliev (Institute for
Systems Analysis, Russian Academy of Science, Moscow)

= Recent addition: user-defined option



Typical screen: one-compartment,1st order absorption

} PkStaMp: One-compartment model, 1st order absorption (1CompOral)

Built-in Model) User Model Service Help ~

= Aigorithm

PK parameters
; Population Covariance (Omega U
— Typical values P (Qmega) e L terations, max [ 200

(_ Parameter effect Ka Ke CL W ]
Ka | 08 l@dom = [025 | [0 | - Irit. sefzuences II]—
o Step size,coeff. | 1 |
peth M[rendmn—\r] ﬂl E] Weight cut-off 0.05
V1 100 [random vl 0.25 | Detta deriv. [0.0001 |

One-compartment, 1st order absorption

Two-compartment, 1st order absorption

One-compartment, cont. infusion
Two-compartment, cont. infusion

Two-compartment, bolus doses

Two-compartment, 1st order absorption, Michaelis-M v| Micro const s Ka>Ke 3

S ®© Limit of detection | 0.
One-compartment PK model and EmaxPDmodel | | | . _ _
Two-compartment model, bi-exponential mode O Ka=Ke g No. of patiertts l_ 30 ;

Three-compartment model, continuous infusion

Distribution

|>@ Log-normal () Normal

Parameter effect

random © €
random Residual variance — Doses
fixed — Additive
constant Starting, mg 018
(3) Parameter () Known 0.04 | Oat ]
v| Repeated
— Proportional *
Mairtenance | 018 | mg
() Parameter  (3) Known 0 iea
Every [ 7_] h
To stop at | 21 [igh

Candidate sampling times Read sequences and costs fro%

Times | 0.001025 051233 7TT0T42T28 | [[] Forced samples ——

Min Defta time | 01 Times | 72

Costs: Cv +k*Cs

[ RUN |

Howy many samples

Mn["5 |  Max[ 5 | Cv 1 | e[ 0 | [ Exit ]

VERTEX I



Design region X

Option 1: specify set of candidate times (r1.79.....7x)
- Number of sampling times per patient & € [kpin. Kmaz]
- Lag between samples: ;41 — x;; > A

- X = {all possible combinations of k times} (C'}-, binomial coefficient)

Option 2: specify an arbitrary set of candidate sequences in a file =

Design region X = {x; = (v;1.....74,)}
Both options:

e Discrete (finite) design region, by construction

e Forward step of 1st-order optimization algorithm: finite optimization

VERTEX 10
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VERTEX

\

Diagnostics: whether the algorithm converged

-® Sensitivity function,

total # of parameters = 9

» Design region:
dimension = # of samples

« X-axis: sequence index

» Red circles denote
optimal points (sequences)
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Efficiency analysis

Goals:
= Compare optimal design with alternative designs:

benchmarking
= Test robustness of the optimal design (sampling windows)

) Efficiency Analysis

Compare two user-defined designs

Standard sampling windows for optimal design
Uszer-defined sampling windows for optimal desig

Compare optimal and user-defined designs
Compare two user-defined designs

VERTEX
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Measurements associated with cost ¢(x;) = normalize M by total cost C

Zni{?[xi) < C = M6 Z i n(x;, 0) Z"EE-‘.E- n(x;, 0),

Cost-based designs

w; = nie(x;)/C; p(x4,0) = p(x;.0)/c(x same framework,

same algorlthms

Costs in design problems:  Elfving (1952), Cook, Fedorov (1995),

In PkStaMp: (a) Cost c(Xx) proportional to # of samples in sequence X, or

VERTEX

Mentré, Mallet, Baccar (1997), Fedorov, Gagnon, Leonov (2002)

(b) Entered by user for each candidate sampling sequence

13



More complex models: nonlinear kinetics

Two-compartment model, 15t order absorption,
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| A = kafo®) —(ke+k)filt) £ SRERT + ka folt)
L falt) = Fyg fut) — ka1 fal?),
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More complex models (2): combined PK/PD

One-compartment PK and Emax PD model

Final PK/PD Model

|k

C
E=Eo-|1- :
IC;, +C,

CL/F

k,: first-order absorption rate constant (h?)

V/F: apparent volume of distribution (L)

CL/F: apparent systemic clearance (L/h)

E,: PD endpoint at baseline (nM/min/mL)

IC,,: Drug X plasma concentration causing 50% inhibition of
PD endpoint (ng/mL)

PK and PD compartments may be measured at different times
A

15



More complex models (3). HCV

Combination drug for treating chronic hepatitis C (HCV) infection
Neumann et al. (1998), Mentré et al. (2011)

folt) = —Fkafolt) + 7(t)
filt) = kofolt)  — ko filt)
m(t) = filt)/Vi
PK: parameters (/. k.. 1), response 1 (continuous infusion term (1))
Ca(t) = = Can(t) —\Cran(t)gs(t) + Cs
Ga(t) = = 0gt) + Cagi(t)gs(t)

L

gs(t) = Ci |1 = rrracorpy | 92() = coa(?)

mo(t) = logyg g3(t)

\,
g1(t) - “target cells”, ga(t) - infected cells, gs(t) - viral particles (load)

PD: parameters (0. (s, 11, ¢), response 1),

VERTEX 16



i HCV example: user-defined option

Parameterization
= Log-parameters
= Normal population distribution

User-defined option:

= “Arbitrary” system of ODE, and/or

= “Arbitrary” closed-form solution

= “Arbitrary” number of compartments

VERTEX

17



J User model definition:

Short name: HCV Inf Log

Model description:

ICombined PK (1st order absoprtioninf) and viral dynamics PD, Iog-parameters]

Output (measured compartments):
Central: A(Z)/exp(P(3))
Viral load: loglO(A(S))

[>

Model specification

— Model parameters

P(l) = LogKa

P(2) = LogKe
P(3) = LogVl
P(4) = LogDel
P(5) = LogESO0
P(&) = Logn
P(7) = Logc

~

v

(1) -

— Compartments

Right-hand side in ODE Administering

-exXp(P(1))*A(1)
entral exp(P(1l))*A(l)
3 Target cell

4 Infected 1e-7*A(3)*A(S5)
5

Doses & Infusi

20000 - 1e-7*A(3)*A(S)

Viral load 100*(1-(A(Z)/exp(P(3)))...

J Compartment 2 properties

Common sampling times

VERTEX

Name: |Central in ODE system Measured
Right-hand side of differential equation:
exp (P (1)) *A(1) - exp(P(2))*A(2)| A
v
Measured output:
A(2)/exp(P(3)) ~
v
Administering type: None [ ¢
18



Software comparison (PODE 2009-11)

One-compartment, 1st order absorption, single dose [

Dk,
T}'(I.'—}') — L,r(;{ . ;1? )

—ker —k,x
(c ).

— €

Response parameters v = (k,, C'L, V), k. = C’L/V

Individual parameters
vi =" &~ N(0,9),
v = (1,0.15,8), € = Diag(0.6,0.07,0.02)

Measurements:
Yij = '-’J(i‘--ija’h) (1 + EM_.-ij)a (1)
{-:r.?-_j} =x = (0.5,1,2,6,24,36,72,120) h.
earii ~ N(0,03%), o3, = 0.01

10 70 0. .2 .92 9. 9
e Parameter 8 = (&), CL", V", Wi, Wep, Wir an



Software comparison (cont.)

Information matrix p(x, @): block form, Retout and Mentré (2003)

[AC

A =F"' S F+3tr (derivatives wrt 7,)
Ci= % tr (mixed derivatives wrt 7, and (w3, 0%,])

B = tr (derivatives wrt [w% i)

p(x, @) - information matrix of a single (k-dimensional) sequence x:

/l(ig()(,é9)

on g on 4 L {Sl JS g1 (‘)SJ
_ 5 ;

") 90 ; 90, 90,

VERTEX 20



Software comparison (cont.)

. [a e
=16 B[

A =FT S ' F+1tr (derivatives wrt ,})
G = % tr (mixed derlvatlves wrt 7, and [ 0’%1])
B = % tr (derivatives wrt [w;, a-.”])

D, = [u(x,0)] 1 : identical results for all tools under the same
assumptlons Mentre et al. (2011), Leonov and Aliev (2012)

Compared D, and D, (empirical variance-covariance
matrix: Monte Carlo + estimation in NONMEM/Monolix):

Reduced option: block C “excluded” (C =0), 2nd term
iIn A removed— D, and D, are very close

Full option: block C and 2" term in A are both kept —
visible difference for some elements of D

21



Approximation options

Individual parameters, log-normal distribution:
i = fi&? 51 ~ v')\)r(o Q)
e Ist-order approximation, E§; =0, Var(§) =V =

Ee(cb)~1,  Varg(ch) ~V

r

e Exact moments. E¢(e%) = e'/2, Varg(e%) =e"(¢" —1).

/ ~

o/ =006 = Ei :ll Eemcf ={1.35;) Var 4 = [] 6 :Var,, ., = l 5()

7
®. So -

Parameter K,
VERTEX

22



Approximation options (cont.)

2"d - order approximation for mean/variance

1
Egln(z.7)] = n(x.7") + = tr [H(")9)]

s

etc  —

H(ﬁi____o) _ ()2?7<I P}/)

= All derivatives calculated numerically (central differences)

= Derivatives of variance S require second derivatives of #
= With 2"d order approximation: fourth derivatives.....

Numerically rather cumbersome...
A

23



& Approximation options: Monte Carlo

VERTEX

Generate L “patients’ according to standard model (1),

Y = {vij}

, L
S - 1
n="n(x0)=EgY == Y,
1=1
I
S(x,60) = VargY = —— > [Y, - |[Y; — 7]

L — 14
1=1

Use 7. S in the formula for n(x,0)

24



Approximation options (cont.)

Response: at mean values and averaged over curves

Response f(x.0)

r e %, 67
r N
350 | X8 o) |]
I R E [f(x.8)]

VERTEX

Mean response curves
for one-compartment
model example

s Solid - 1st order

approximation

= Dashed - computed at

mean values of log-
normal distribution,

s Dotted - Monte Carlo

average

25



& Approximation options: Monte Carlo (cont.)

Central difference

g'(0) = 90+ h) Q—hg(ﬁ i O(h?) +

rg(0)
h

For model (1) with proportional residual error,
omn(x.0)|
so "best” stepsize i can be found from
oyvmn(z,0) ovn(r, 9)] /3
VL h VL

f~1,0y=01L=10°= h ~ 0.05 not too smalll

Std[n(x,8)] ~

2
~ h=, or h~ [

VERTEX



VERTEX

Approximation options (cont.)

10

40

30

20

10

Coefficients of variation (RSE), parameters

B Reduced
I N ONMEM
[ MONOLIX

[ Ih=0015, L=10°

"Regular’ [ Jh=0019, L=10°
. U I =0 001, L=10% |
I| “Hﬂﬂll
“ka CL
RSE, variances
Var(ka) Yar(CL) Var()

27



Summary

= Finding most “informative” levels of controls (sampling times)

= Validating standard designs
(optimal designs as benchmark)

= Test robustness of optimal designs
(sampling windows)

= Can incorporate costs/penalties

= Reduce # of samples with “minimal” precision loss

= Example: from 16 sampling times — to 8 most informative

D-efficiency ( 8 samples vs 16 samples) = 0.84 (only 16% lost)
Gagnon, Leonov (2005)

28
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