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Joint work with Younan Chen and Mike Fries; see Chen et al. (2023)

Biotherapies for Life™ CSL Behrlng



Background

* Dose-finding study to identify the most appropriate therapeutic
dose

o A hypothesis that a dose higher than the approved may be more efficacious
o A longitudinal study, multiple measurements per subject
o Ethical concerns over the use of placebo (approved treatment exists)

* Statistical challenges
o Limited sample size, rare disease
o Large within-subject and between-subject variability
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Model

Em a..r,-idi.

Yii=Rti+ec;, Ri=FE),+———,
. ™ W " Edyo; + d;

Eij N(O 02)7

R; - monthly rate of subject 7, t;; - time of j-th observation of subject 1,

Ey - monthly rate at the minimal dose d,,;,,, E,.. - maximal effect,
di — dz T dmim EdSO — ED.SO CaE dmrina
d; - "adjusted” doses reduced by d,,;,, from nominal doses d;,

E D - dose with half of the maximal effect.

Assumptions

- All subjects measured at the same times ¢;; =t; € {1,2,..., K}

- Randomness in Ey only: Ey; = Eg+m;, 1; ~ N(0,w?),

tod

Yij = f(di,0)t; +ei, £(d,0) =01+ 5=

3 02'. T (EO.i: Emar: EdSO)T-

Sources of variability: population 7;, measurement ¢;; (between/within-subject)
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Population model

Main model: analog of population PK/PD models (compartmental models):
Yii = f(xi5,0;) +€ij, 0; ~N(0,Q2), €;; ~N(0, 02), = PR
- f(z,0): response function
- 0;: individual parameters of subject i (rate constants, volume of distribution)
- 7;;: sampling times for subject 7

- k;: number of distinct sampling times for subject 7.

- T

- S
Key: derive/approximate Fisher information matrix (FIM){ ;L(Xl',9>/‘ for
~ -

_—

vector Y; = (¥i1, - .., Yik) at times X; = (241, ..., Tik).

- First-order approximation: need expressions of mean @and variance-
/4 \

covariance matrix':\S of Y; (Leonov and Aliev (2013), Nyberg et al. (2015))

Soo
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Information, variance-covariance matrix

Some algebra/notations:

1
@d, 0)="Tf(d,0), G="Tg(d0), T= °
K
w? 00 of d —6ud
Q=1 000, gdo)=2L=]1, —
=\ p y 7 - —‘h = ~
(Si= W' TT! + 0’Ix, (u(d, ) = G'S™'G)
~./ ~

-

— o -

\ ,

(Fedorov and Leonov (2013), Chapter 7)

Next steps: from design &y to information matrix M(&y, @) to variance-

covariance matrix of the MLE 6:

Ev ={(dp,ng), L=1,... L, N:Zn[} N

L
M(&N; 9) = Z n[p,(d(, 9) — D(&\r, 9) I~ M_l(&\r, 0)
=1
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Target dose

- Traditionally: E'd,, - dose achieving 100p% of the maximum effect.

- Here: Ed,, - dose achieving 100p% of the effect at the maximum observed

dose: Dette et al. (2010) = find Ed, = ¢(p, 8) from

pdmar 93

f'(d’ 0) _ 01 — p[f(dma.r-. 0) — 91] — Edp = 03 n (1 — p)dmaI .

Variance of the estimator of E'd, for design {y: _

=, _ 0¥(p,0 ~ 0U(p,0) 4
Varg (FG) = 0 piey, ) 0 | e

___________________________________________

Target response

|
1
|
|
— |
|
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— : Edp I
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d0 dmax

Dose



Optimality and practical design

Design region [din, daz), single measurement per subject (K = 1)

e D-optimality (“generalized” variance): smallest volume of conf. region.

Optimal design: 3 doses {din, dint(0), dpnar } With equal weights 1/3.

o [Vd,-optimality: smallest variance of the estimator of the dose E'd,,.

Same optimal points, weights {1/4,1/2,1/4} (Dette et al., 2010)

Locally optimal designs:
e Depend on 6(63), not always practical

e Provide a useful benchmark for other candidate designs

Practical designs: independent of @, robust across plausible parameter range
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Simulation settings

Doses d; € {0,30,60, 120} units, & ={d;,w; =1/4, i =1,...,4},

7

75 subjects/arm, 300 subjects total.

Question: Why not a 4-parameter model?

R 454
f(d,B) = B1+- fzd B = (B1, B2, 83, B1),

Byt +d

Answer: Slope at d =0 is zero, fj(d,3)=0atd=0 for 34 > 1

- 3-parameter F,,,, models: parameters selected to “match” 4-parameter

FEnar curves used earlier (doses in [0, d,,4.|, placebo used)

- Variability: w? = 1.25 (between-subject), o* =5 (within-subject)
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Rate (u/month)

10

Examples of 3-parameter E_ ., models

1.4

1.2

0.8

- p=0.8: reasonable balance between efficacy and safety/toxicity

- Two parameter sets used for 3-parameter E,,,, model f(d,60):

6, = (0.77,0.44,60)

91 + Em
L R S S RO M

R TR R ST R ST N I M OIS O P o SOt W SR . POURT T A X Wy WS Sy S IA,

Target response ]I
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61="fo s o | s e |

dop ' Ed, |
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Dose (adjusted scale)

6, = (0.74,0.61, 12)

91+Em
FEIG SN S TS SRS S0 R NSO WO S S
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dopt }Edp |
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Dose (adjusted scale)

D- and Ed,-efficiency (Ed,-efficiency is invariant of p!):

0 efficiency 0.9, 0.79 (D, Ed,)

0: efficiency 0.67, 0.27
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Simulations (Nsim = 10000)

e Data fitting: log-transform doses (better “non-linearity” measures):

02
1+ e®3—D°
e R-packages nlme, nlmer (Pinheiro, Bates (2000), Pinheiro et al. (2020))

05 — O3 =log(#3), d — D =log(d), f(D,0) =0 +

e Non-convergent data sets (~ 30%): relatively large variability (w?, o?)

E, Eds,
S o
o
g S g g
C (C
o o
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Non-convergent data sets

Let BY;; = E.6Ye; = f(dg, 0)t;
e f(d,0) is monotonically increasing: f(dy,0) < f(dysq1,0)

e Reasonable estimate of f(d;, 8): mean of responses at dose /, time ;:

f (de) = Z Yi;j/n. where n = #(subjects on d)
1 di=dy

Estimates of monthly rates
* Wrt time: ~“constant at each dose

o
n
- =l . .
e " * Wrt dose: monotonicity broken
- = oy
c'{i N e e ez a Tl el X
= | &  f TGl R i N it
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o
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Estimates of monthly rates

Our model:
Yii=1[f(d,0)+nit;+¢c;; for subject i, time j.

Let us drop index i, denote f = f(d,0), use t; = j —

Reasonable unbiased estimator of f (monthly rate for a given subject):

K

. Y,
f= Zuj]—,], 0<u; <1, Z u; = 1.
J=1 J
A~ A~ ]{ 112
Var(f) = E(f — f)? =w? + OQZ,—; = minimize variance:
J
7=1
L u?
G(u) = 2 1{ni1}1 subject to 0 < u; <1, Z uj =1 (%)
- ¥ Uj -
j=1 J
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Estimates of monthly rates

2

K
u;
G(u) = Z 72 - IlllI}l subject to 0 < u; < 1, Zul =1 (%)
j=1 "

Solution of optimization problem (*):
1 22 K2>
u' = —,—, , Sk =
(SK/ SK SI& K Z]

K =4, w»=1.25, 0?>=5:
o ut = 1(1,4,9,16), G(u*) = L+ ~0.0333, Var(f) = 1.25 + > ~ 1.4166.

e u=(0,0,0,1), G(u) = & = 0.0625, Var(f) = 1.5625.

Population studies: relation between within- and between-subject variability is critical!
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Nonparametric trend test (Jonckheere-Terpstra)

Distribution-free test for ordered alternatives (Jonckheere, 1954)
to compare hypotheses

Hy: p1=p,=...=pc vs H: 1 <5, 5 ... < by
with at least one strict inequality
Independent of the underlying dose-response curve
Provides sufficient power in most plausible scenarios

Time-normalized means increase power by 4-5%
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Summary

* Challenging clinical and statistical issues for a rare disease trial
* Accepted as an overall robust statistical methodology

e Future research topics:
o Non-convergent models

o Optimal designs for E ., models with multiple measurement per subject
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