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Qutline

e Motivation: earlier study, model-based optimal population designs
e Model-based vs empirical (non-compartmental) approaches

e Sampling grids

e Splitting sampling grids

e AUC estimation: mean squared error for empirical approach

e Cost-based designs
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Questions
1. How many samples to take?

2. At which times?




Information matrix, alternative normalizations

((x, ) - information matrix for observations Y at sequence X,

X = (ti.19..... 1) - sampling times, Y = [y(t,),... y(t;)]"
If n; patients on sequence X;, > .n; =N = My(9)=> . n; p(x;.0).

1. Standard normalization: N - available resource,

n;

M 9) = Z‘”* p(xi.9),) &= (x5 pi), pi = Ti X; € X'}

¢ - normalized (continuous) design, X - design region

Key: derive (approximate) ji(x,19) for population compartmental models

Fedorov, Gagnon, Leonov (2002), Gagnon, Leonov (2005), Retout, Mentré (2003)
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Information matrix, cost-based designs

2. Measurements at x; associated with cost ¢(x;),

Z n;c(X;)

Information matrix normalized by total cost C,

pi = nic(xi)/C: p(xi.9) = pi(x;,9)/c(xi) = same framework,

standard numerical algorithms

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

Mentre, Mallet, Baccar (1997), Fedorov, Gagnon, Leonov (2002)
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Sampling schemes, earlier results

e Constructed locally D-optimal designs
e No costs: the more samples, the better

- number of samples may be reduced without significant loss of precision
e Costs introduced (cost of analyzing sample ¢, / cost of enrolling patient ¢, ):

- sequences with smaller number of samples may become optimal

- optimal: combination of sequences (different schemes for different cohorts)

e Software developed: (1) Matlab: stand-alone, GUI-based
(2) SAS  (Fedorov et al. (2006))
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Earlier study: cost-based design (compartmental mode)

Allowed: 3-4- and 5-sample sequences (candidate times - from original study)

Optimal population design: two sequences (3-sample, 76% of patients: 4-sample, 24%
P Pop g q

Loadng dose 0.45 repeated 0.10 mg'kg, every 24 hours
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Practical issues

e Often interested in certain PK measures (not parameters):
area under the curve (AU '), maximal concentration (C,,,: ),

time to maximal concentration (7,4, )

Optimal design for PK measures:  Atkinson et al. (1993)

e Regulatory agencies require non-compartmental analysis
U

We compare two approaches:
- model-based (compartmental) as a benchmark

- empirical (non-compartmental or nonparametric)
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General model

yﬁ_ = flf.‘f.'j.;.ejjl + :_’fj?;. i=1,..., ?.?.j. j = l Saac f\'
v i-th sampling time for patient j, xj; € [a.b),
y;i: measurement at time x;; for patient j;
fla.0): response function which depends on time & and parameters 8,
0. parameters of patient j, 8; ~ N(6".U) (population distribution)
N = ##{enrolled patients}, n; = #{sampling times for patient j |,

£ji: measurement errors ~ H.,\,.-’[.[]_gilj_

Simplest case: same sampling times for all patients: »j; = x5, n; = 2n.
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One-compartment model  (simulations)

» K : - S
]L [.'T- 91‘ — . ({._fi{,;l‘ - f'_h”x) 3 9 — |:_r}1|11- I‘lef- T‘ \_:IT.

VIK, — Kg)

K,, K. - absorption and elimination rate constants;

V" - volume of distribution; == [0, 1| (normalized time scale),

1 p 1 Ko /(Ka—Ka)
e / £(2,0°)ds, Tngy = e/ Ret 1 (Ka)
0

I{a - Krpg 3 Cmu;r' 1’_; Km‘

Mean vector 9“ = |—L'D G,0.1) (mimics data from an earlier clinical study)

Variance parameters: 0 = 0.5, U = Var(@) = ding[sfj with s; = 0.15 6;.
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Model-based (compartmental) approach

Method 1: start with individual estimates of PK measures

e For each patient, parameters ,{;Tj are estimated (MLE, NLS), then

b
AUCT[ - S, Glj\.:'dfr Crnaz g = 111.:‘:1}{ S, 9;\' Tﬂ.l.ft:r.j — arg Hlliﬂ‘: [z, 9;\'

i1

e Individual estimates are averaged across population:
"

, [ — . )
AUC = ?ZA[’C; same for 7,001 and Crepar-

J=1

Method 2: average individual parameter estimates 8 — >.;0;/N,

e Use 8 to obtain population estimates

7 _ ) )
J"‘l[f'rcﬁ-fﬂ — f':.ri"a HJdT Cﬂ.l.fr.;r.ﬂ-fi = Hlax f'lr-r HJ T;H.fr.;r:_.ﬂl-fﬂ — arg niax ffi"_- 9\'
e T

[
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Empirical (non-compartmental) approach
Method 1: for each patient, get individual 1r42 5. Chgr ;. AUCH
e Average individual estimates to obtain population estimates

mm E1 — mfrr ' same for C' mm FE1 and "‘l'i-r"r(rEl

||_' M =

Sparse sampling: method 1 cannot be used

Method 2: responses at each time point are averaged across patients,

N
Ji = TZE Yij, 1=0,...,n.
§=

o Get estimates 7.,.: p2. Chuar. g2 for ‘population curve’ {f;},

use numerical integration to estimate AU C'po:

2n

AUCEgs = Z/ (z,a;)dr (g — interpolant passing through fi 1 and f,.‘]
It
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Averaging methods, population PK measures

Method 1: start with individual functionals. Method 2: first average responses
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ak S + Patient | |
T | . ;
. A Patient j
C — T 3
max E2 ! o IndividualC___ (1)
Tk Mmax, j
O Mean curve (2)
v Cmax I:E:I
5 -
2 s5f
=
w
2k}
4L
3 -
2 |-
1 L
U ! N i i 1 i 1 i 1 1
I 0.0& 0.1 015 0z 0,25 03 025 0.4 0.45 0.5
T Time

Population Design 2006



Numerical integration

| s 1+
(1) Trapezoidal rule: I; = / glx,a;)de = Ax; M Ar; = r;—x;

v L1 -

L di— fi
“log(fi/ fi-1)

(2) Log-trapezoidal rule: I; = A

(exact for exponential)

(3) Hybrid method: use (1) before 1},,, and (2) - after 1,4, (descending portion)

(4) Cubic splines: piecewise cubic polynomial (join in the knots {x;}, obeying

continuity conditions for f and its first two derivatives)
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Sampling schemes

PK studies: more SE]T‘I‘IP'ES at the left end (immediately after administering the drug),

then more sparse sampling (after ‘anticipated’ T )

Alternative sampling schemes

e Take a uniform grid on the Y-axis with respect to values of response and

project points on the response curve to the X-axis (next slide, left panel)

e Take a uniform grid on the Y-axis with respect to values of AUC" (next

slide, right panel)

Simulations: 16 sampling times, N =20 (patients)
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Sampling schemes  (con)

Uniform grid wrt responsea Uniform grid wrt AUC
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Uniform grid with respect to values of response (left panel) and AUC{right panel).

Black inverted triangles: odd samples on mean response curve; black circles: odd on ALC curve.

Blue triangles: even samples on mean response curve; blue squares: even on AUC curve.
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Method 2, AUC: AUCY,.,,=1.662

Single grid AUC (2}, model: bias -0.007(std 0.082 pgriMSE) 0.063
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Single grid
Method 2: first average responses at each a;

Upper - model-based, middle-hybrid, lower-splines
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Method 2, T,,,,: true 7,,,,—0.051

Single grid Tmml[EJ, model: bias -0.0006 (std 0.0016 sqrtMSE) 0.0017
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Method 2, (. true C,,,.—7.367

Single grid GmaI[EJ, model: bias 0.076(std 0.259 )sqrt(MSE) 0.270
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Splitting sampling grids  (reducing sampling density)

o Let {w;, 2=1.....2n} be a single grid with 2n sampling points,

e Take samples at {ao; |, 2 = 1,.... n} for N/2 subjects (black inverted

triangles, p.16},
o Take samples at {x9;. i =1,.... n} for the rest half (blue triangles, p.16),

e Empirical estimate of AU, method 2: average responses in two series

(half-cohorts) separately, then combine two series and get AUC'po.

Total number of samples is reduced by half - back to histograms
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Sampling schemes  (con)

Uniform grid wrt responsea Uniform grid wrt AUC
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Method 2, AUC: AUC,,,=1.662

Single grid AUC (2}, model: bias -0.00(std 0.082)<qrtMSE) 0.083 D Spiit grid AUC (2), model: bias -0.022(std 0,088 )&rt(MSE) 0.090
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Method 2: first average responses at each x;

Upper - model-based, middle-hybrid, lower-splines

Population Design 2006



Method 2, 7,4, true 1,,,,—0.051
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Method 2, (,,,.,: true C,,,.,—7.367

Single grid CmaIIEJ, model: bias 0.076, sid D.EEG, Split grit GWI[EJ, model: bias 0.144, std 0.266, sgriMSE) 0.302
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AUCEs © mean squared error for single /split grids

Closed-form solution for a simplified case:
e Response approximated by a 2nd order polynomial:
fle. 8) =0y + 01x + 99::‘:9,
2:

e Population variability: intercept only, Var(f;] = s

e Uniform sampling grid
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Formulae for MSE

Single grid: Biasy) Varg,
|

le:ﬂ:‘[,z_}w.l : 2
MSE, = [f'"""f " l]

, — +
12 4n? 2Nn

Sp“t grid: PE‘HH,,}, Var g,
|

| ) fﬁlf'f 9“. l 2
M5E@ = [ 12 4n? N Nn

No costs: - single grid (2n samples/patient) will always be “better”

- how much “better’: depends on values of f”, o and s°
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Cost-based optimization

e ¢, - cost of analyzing a sample, ¢, - cost of patient enrollment,

e (401 - budget (resource)

e Overall cost, single grid: 2n N ¢. + Ne¢, < Cipar, (C1)

e Overall cost, split grid: nNec, + Neg € Ciorae (C2)

e for a given V', find maximal n = n(N, (i) satisfying (C1) or (C2),

e fix n, then find maximal N = N(n, C}yy) satisfying (C1) or (C2)
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Method 2, AUC": AUC};.,,=1.662

Single grid AUC (2), model: bias -0.007, std 0.082, sqrtMSE) 0.083  Spit grid AUC (2), model: bias -0.022, std 0,088, sqrtiMSE) 0.090
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How to select “meaningful’ parameters

Concentration

4
Time (h)

Concentration-time curves from a real study
* f(-l'._ E‘]:I =A- Hl:1 - x[]:lz: HaXy fl:.l,': ﬂ:' = _.rl:ff:[]._ﬂjl = A, |f”| =28
o f(0,0)=0, a2yp=1 = A=B.  Fromtheplot: xy=1, A; ~40 = |f"| = 80

e FRange of values: 50 = max, f(x.0;) —min, f{x. 0;) = 5 < std — selected &+ 5~ 10
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MSE as a function of N (left) and n (right), fixed C}, 14

MSE vs patients MSE vs no. of samples
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arameters:. c, 00, e, = o00, Ciptg = 20000, s = 2.4, o =19 oy
P t 100, g 500, C H0000 2.4, 9, f" = 101

e Single grid: Ny = 34, ngw = 5, MSE,; == 0,425 (2n,,,=10 samples/subject)

0.415

e Split grid: N, = 37, ngy = 8, MSE,, =
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Concluding remarks

e Model-based designs: superior to empirical
e Empirical approach: reasonable performance
e Split grids (“sparse” sampling): may perform quite well (method 2)

e Cost-based designs: more meaningful comparison
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Numerical integration, examples

MNumerical integration methods
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