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ExamPl&

Phase | dose-finding studies in oncology aim at determining the We implemented and evaluated the performance of these methods using a simulation study. We chose a real clinical trial describing a PK/PD
maximum tolerated dose (MTD) while limiting the number of patients model for toxicity and efficacy of the TGF-f3 inhibitor LY2157299 in patients with glioma [4]. In the present work, we considered only the toxicity
exposed to high toxicity. In small populations, combining dose-finding model, and we simplified the model as in [5], who used a similar setting to investigate adaptive sampling designs. We also introduced

and PK analysis to allow a better estimation of the dose-response patient variability in the PK-toxicity relationship Pharmacokinetic Toxiciy

curve should be considered. In this work we propose, study and by defining toxicity for the ith patient if
compare methods involving PK measures in the dose allocation a;AUC; = t7 L™1h, where a; was assumed to
process during a phase | clinical trial, in order to understand if there is come from a lognormal distribution with zero
a benefit and, if so, when this might be beneficial. We have assumed mean and standard deviation w, and t7 is a
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toxicity to be related to PK measure of exposure. given threshold. k, was assumed to be fixed
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and equals to 2 h**, while CL,,,,=10 L/h and

Dos 9.~ —Ei nc“ﬂfﬁ MQ*H]OAS Voop=100 L with 1V of 70% or 30% (lognormal = °
In Bayesian methods, probability of toxicity p,(d) at dose d, d € {d distribution), depending on the scenario. The )
,--dy}, is estimated after each cohort and the dose assigned to the probability of toxicity, pr, is then given by " ; - - y L y - -
next cohort is computed using posterior distributions. We model this log(d) —log(z7) —108(CLyop) tme (hour dose (o)
probability also as a function of exposure Z. In the foIIowing we use Pt (d) = & Figure 1. Plot of the concentration versus time for the Figure 2. Probability of toxicity versus dose for

_ , o , _ _ ’ wz 1+ wz six dose levels with population parameters. several values of w, .

z = log(AUC). z is used in the dose-finding designs in different ways, CL a

that is as covariate [1] or dependent variable [2] or both ways [3].
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Rasulls
Lo et Q%‘*[?r(f‘u.ﬂéa.ﬁ} - Here we summarise the results on MTD selection. The plot on the left We have also investigated the ability of each method to estimate the
] R represents the specific scenario dose-toxicity relationship, while on the dose-toxicity relationship by considering the estimate of the
eyt (7, () = - e “; Riors: | gy U SNE) right we plotted the estimated percentage of choosing the true MTD probability of toxicity for each tested dose. This was evaluated for
b AAULY, ) with Clopper-Pearson 95% credible intervals after 1000 simulations for sample sizes increasing from 20 to 100 in order to evaluate the
g~ ) (0,12¢) Fo Pixed each method. o convergence of each method. The following Figure shows the results

on scenario 7. Each quadrant shows three estimated probabilities
(from below the p; of dose level 1, dose level 3 and dose level 5
respectively) using a method. Median, first and third quartile over
1000 simulations of the corresponding estimated probabilities are
plotted. The black horizontal lines represent the true probability used
in the simulation. We plotted only one member of PKCRM family since
they have similar results.

Dose e“ocahon \'u\Q; DOSe e“('(e\’ion (u\Q;

PKCOV — ——

b=y | 040, B -] diuy-amyin| (4, 0,8) 5] 1, =10.96, w =0, IV = 0.7 001 - -~

PKPOP

PK L‘ m ’ P K L'OG l e PKCRM, 705
q PkLIM | PKCRM__10.6

Z, ! B L~ N( ?o"?a.‘ﬁd v ) = E S—

9(51"( Prl E,ﬁ) == F}*’ﬁq? t / DTOX

|

——

toxicity
| |
¢

%

+

;

o plo = §(m, JSE)

+

PKTOX

v~ Bela(2,b) s, ~ CLEEE | | | | | | | | | PKCOV PKLOGIT
P‘ ~ U | A J ! v 0.0 0.2 04 0.6 0.8 10
1.0 = 10 -
Dose e“otahth vle Dose e“ocahon vole: scenario 4 58 — | Ty - 08 - \\—\\\
3 t'“ = ramin | P = B -9
clufavan'm\P(%hfL‘P)-a\ 3 334;‘ /(’“1 7 \p) \ PKCOV - = 056 - T £ g
i 5 1, =10.96, 0 = 1.17, IV=0.7 ... | N . P— —
[} o e
| % fi-& vl i)sl‘l)d% - PKPOP —o— S s N\\_ﬁ_\—m a i \
L 2 flxlf\ l’h(ggho\d paréthlE\" ?’a $q —— o 02 I A T e ——
z_ PKCRM_-10.06 —— 0.0 — 0.0 ———emm————————————————————
PRICE i I e 7 - 2Io 4lo elo slo 1cl>o 2|o 4I0 elo 8I0 1<I)o
j_\ PkLIM 'Z;\E.U"‘N(?o*?ﬂad,vi) COF J\((D,i) 15 DTOX .
‘ ) 4) \[ ¥ / —— o sample size sample size
2 z,B) = Tl- 2 5 *]
\ & g ( ?3"?‘\ ) ﬁ (c‘,(' P) = dD(' ﬁorpi‘ojdt) s ] | | | T T T | | T
: “ 0.0 0.2 04 0.6 0.8 10
Frioes: g ~ VIR, n,y) PKPOP PKCRM_ 10,96

P4 5 U( 94"‘4‘ Fiors Pon. U( Ro'u.) scenario 6 55

Methods and dose allocation rules

1.0 —
%\ NUl ii vni\
Dose alloction rule: T = 10.96, 0= 0, IIV=0.3 PreoY T e 0.8 -1 B8 ) 0.8
: PKLOGIT | —6— 2 2
di‘izaryz:’n\P(‘L.u:i\dk)“a\ DOSC e“o(ahoh \'u\Q.‘ Toxiciy = 0.6 — = 0.6 —
4 J PKPOP — == 8 /_..—N' 8
S 04 — © 04 I—

"uf 3'3‘;-‘“ \ E‘“K : 3) -9‘ PKCRM__705 - ©
®
BFole. ) s - .
g L=10.96 02 /________,_.—_ 0.2 =
% = PKCRM\_151 e 00 /-F—'_-—’f 0.0
Pk PoP I Prloe with Prcey CRM + PKLIM N e . = e | | | | ' I I I
Dose SNocion vule e ——— . 20 40 60 80 100 40 60 80 100

DOSe e“o(e"ioh vole:

B‘M 1]

iy 3'3'3;“ \ ?r(l,,‘ ﬁ,J,J -Sl l l l 1 . l sample size sample size
mean value A‘;Hf m;n( ACR“ . Aﬂuﬂ\ scenario 7
predic ted DTOX PKTOX
7.=10.96, 0= 1, IV = 0.3 N
10 & - — s 1.8 =
} oy PKLOGIT —— — 0.6 \\\\
ey . PKPOP — —6— " e o "
|f| AIS 59“1‘(\ S PRORM7os - % 5 067 = 06 | S
§ 3 | e 3
. . . . . . iz e e O 04 et — © 04 — =
We simulated 1000 clinical trials for each of the 7 scenarios. 30 patients PKCRMyn1 = & = T
per trial, 6 dose levels and cohort of 1 were set for simulations. A no ; / o0 - - e 02 T e RS-
skipping rule was added in each method and all methods were run after : . R ~ 004 : T 90 15 . | . .
the first toxicity or, at least, at the end of the trial. We used the package i o5 o e i i 20 40 60 80 100 20 40 60 80 100
rjags in R to implement the dose-finding methods and estimates of the sample size sample size
AUC were obtained by individual non-linear regression with the nls Similar results were achieved in scenario 2, 3 and 5. Scenario 2and 3 The same behaviour was also observed for all other scenarios. PKTOX
function in R. 10 sampling time points were used, 6 around the peak and share the same setting of scenario 1 with 1, increased in order to move and PKLOGIT are able to give good estimates in each scenario, while
4 in the tail, in order to have a quite precise estimation. the MTD to dose level 5 and 6, rspectively. Instead, scenario 5 was other methods tend to estimate correctly the probabilities of toxicity

derived from scenario 4 by decreasing ®,. DTOX, PKPOP and PKCOV only for the MTD and adjacent doses. The PKCRM family is able to
tend to have the same performance. The same for PKLOGIT and PKTOX. estimate all the probabilities of toxicity when the skeleton is identical

PKCRM family has the best results when L is higher then 7. to the true probability of toxicity.

This research has received funding from the European Union's Framework
Programme for research, technological development and demonstration
under grant agreement no 602144. This work was part of the InSPiRe
project but does not necessarily represent the view of all InSPiRe partners.

DiscusSion

Adding PK measurements as a covariate only does not improve the ¢ PKLOGIT and PKTOX are exposure target methods more than dose
efficiency of dose-finding trials in terms correct percentage of dose target methods and this suggests that they could be useful also for
selection. a personalised medicine approach.
PKCRM with a proper L can achieve very good percentage of MTD The dose-exposure-toxicity methods require additional PK
selection. With high L, it behaves as CRM alone. information, but the models involved are simpler than in full-
Incorporating PK measures in a double regression, such as in model based approaches and can easily be implemented in
PKLOGIT and PKTOX, allows a better estimation of the dose-toxicity practice.
curve while maintaining the performance of MTD selection There is a trade-off between immediate gain, which is the
compared to dose-finding designs that do not incorporate PK determination of the MTD for the next study, and long-term goals,
information. that is, accruing information about the entire dose-toxicity
relationship.
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