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SvmMmARY. Adaptive degignes are used in phase LIl clinical triels fur skewing the allocebion patters towsard
the betier treatments. We nse oplimous design theory to derive a shkewed Bayesian biased-co procecurs
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1. Imtroduction

Pacients armive soquemsially for 8 phase III clinical trial, and
are tn be allocated one of { treatmenta, Adaptive designs skew
the allocation proportion to the eventnally best trantment
by uEing earlier responses {0 determine the next allocation.
For efficient estimetion of (he treatment effect, the afloca-
tiop freeds to be approximately balanced over the prognostic
fzctors and covarlates of the individual patients, Thore alug
needs to be some randomizabion in the allocation.

Bock lemgth ireatmenta of randomization it clinical toi-
als include Matthews {2000) apd Rosenberger and Lachim
(2002}. Trpical adaptive desipre (Rosenberger nne Lachin,
2002; Rosmenberger et al, 2002} spe for binary responses
in the absenre of prognostic factors. We vee optimum de-
sign theary to provide balanee, swgmented by 4 biuwsed coin
yAtkineon, 1932) for vandorpization. We introduce optimum
designs Lhat give B skewed allocation and show how thoy can
e used fa provide adaptive designs that Savor the best treat-
mant, We then extend the Bayesian hiased-coin design theory
of Ball, Smith, and Verdite[i (1993} to skewer allovations and
curetruct adaptive designs for nurmally distributed responses.

The gains from wsing adaptive design can be apprecisble.
Zelen and Wes (1095) deaeribe a elinical triat, reporked by
Conner et a), {1994), to evaltate the antivira! therapy AZT
for reduction of tae risk of meternal-to-infant BIV tranamis-
gion. Standard randondsation led to 238 PreEEnanl, wimnen re-
ceiving AZT and 238 receiving a placcho. Sixty newborns in
the placebo group were MIV-nositive againet 20 in the AZT

group; the cstimared success probabllities are therefore LETRI
uwaing AZT and 0.7479 from vlacebo., Using thase sr the troe
values, Yao and Wei [1996) show that an adaplive mandon-
ized play-Lee- winner ryle could result in a 300:178 allocation
with the greater allocation te AZT. (o this process, the hve
of 11 newborne would have been saved.

The mowde] ipd parameter estimates %or our proced-e ko
presanted i Section 2, together with a method for shewing
treatmen: allocations. The maein theoretizal devalopment s
i Section 3 where we provide a Boyesian method fur shes
ing allocations in bissed-coin designa. In Sestion 4, we com-
prre tha average laseas From Bayesian and classical ruies for
skewed desigos. '[he awetage proporlies of adaptive desigrs
are explored in Section 5, Jeclion & presents the distribotiz
of loes for individual clinical trials. These teso gections shaw
Lhat. 1he Bayesian designs [omee haleg mner oovariages in ihe
eathy stages of the teial, but allow increasing remiomaness i0
allocation as Llw trial progresses, Section 7 uses published re
snlts on a clinics] trial to Hlustrate design construction, This
article concludes with comments en inferrnee for sdaptly 4&
sight. Mathenatical sesulte on optimum design are gived -
the Appendix.

Z. Models, Variances, and Loass

2.1 Skeired Alleeations

[ greoerat, leb Lhene b ¢ creatnends, oo of which suay be “be
conteo). The vectar of unkmown trentiwrt effects 15 o and b
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patient presupte with & vemtor 3, of covariates. The rasults of
the trial will be analvzed usiog the regression modsl

() = gTw = Ao + 276, (1)

Hare h; Is a vectar of ¢ judicator varisbles, the ooe nonzer
elecant inddeatiiy which tresdment the patlent received. Ths
(3 - 1) * 1 vector 2; conteins those sevariates, ineluding any
puwars o iotereclions of the oletnents of »;, which will be
uzed to adjust the responses when estimating o

We congider designe to estimate particubar linear combi-
ngtiong of the oy, which we can wikta as ITa. [n Atldnson
{2002), with just two treatments, interest was in estimation
of the treatment diffzrence o — =, 50 that { = {1 — 1)7, Here
we raquire a procedure that will yisld u skewed a'location i
which a propartion p of the patients neive treatment 1. Thig
ia obtainad by deaipning bo estimute the Lnear comblnation

Ma=pa — (L=plox (DZp<l), (2)

with tainimun variance, 8o now § = {p — {1 = 93T If my
patiants recefve ealownt 1 and ng = 1 — ny recsihve treat.
ment 2, the: varignee of the estimated liness combination i7 &,
m the alwanca of covariates, i minimized when

=gt and w={(1—pn (3]

With Lwo treztmenes we are interested in one linear som-
Litietion of o and o, There iz therefore a second linaar com-
bination the coeficjent of which is nat of intarest. Topether
with the ¢ 1 elements of & Lthere ara therefore in all g nui-
sansce perarnsters, As we will ses, the properties of the designs
déapend on g

2.2 Losx

Let the estimate of [To from the optimus skowed design (3)
be T&.. Then, m the abeence of covarates, we obtain the

slmple result
var{tT&. } = o%/fn, (4)

‘Thi% 1§ also the variaues for an optimum akewed design with
balance ovar 1he covariates,

For ather designe we find the varianes Bom {A 2] with the
linear combination given by (A 3). We can compgre these de
Sigiei wEing elther the retio of verinpeoes, thst is the eficiensy
E,. e we enn use the loss (Burman, 19956), From [A.2), with
Lhs matyix A veplaced by the vector I, the efficiency of anv
tlezipgn ks

E, = 1/{at"(G762) 71}, (5)
The luss I, ia detived by writipg the varlance (A2) as
var{I" &} = 0% f{n = Lo}, (6)
s0 that
Ea=mn{l = E,}. 7

With & random clement ip treatioont allocation, tha loes L,
b9 & random variable, depending wpon the partieular trial and
pattern of covariutes. Let B L, ) = £ The reenbz of Tahle 1
giva the arymphtoliv velues £, The loss can he interpreted
a5 the nmber of petients on wham bdormatior is Togt due ta
the ladk of optinulizy of the degign.
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Table 1
Classtond allocadion roles
Ruls Probability Lo
D: Daterministic T[] | Tpp] =1 0
R: Completely mndomized wpll|s.,) =71 g
A: Dy aptimaliy Tall [ Fuit g/
Al M -;" Al

E: Efron's biased-coin . 0

]fd_q_{].,.} - d‘q_{ﬂ,.} ?F_g-{ll'.u"“+'|:| = %

otherwise Fe(l|#ny:) = 5F

|

3. Bayeslan Diased-Coin Designe
3.1 Skeuwd Desionx

The sequential optimum designs given by (AN) provide =
mathod of belancing the trial ez rapidly as pogsible, produe-
g designe with minimom loas. However, such designs are sus-
cephible bo yelection bias, The biased-coin designs of Atkingon
(2002} use LA B) to provide sorne randomization and reduce
lizes et the cost of 2 emall lncresse in Joss. There is however
vy theoretical justification for thic randomizing nreshen s,
Because the comparisons of Atkinson {2002) for unakewed de-
igns show that the family of Bayesian lissed-coin desipma
derived from the results of Bal! et ol. [1903) have hetter per-
formance in terme of bias and jos than (AG), we now derive
skewed Bayealan desigma whon it iy required that, in the long
Tun, & proportion gy of the patients receive treatment o
The desigres ame fonnd tn masdmize the utiicy

U = lh —4lia, {8]

where tha contribution of Iy is bo provide essimates with low
wvariance, whereas {7y provides rendomness. The parapmetor o
provides a balane: Letween the two.

With x5 (7} the probubility of allocating treatment j, let

L
Up =Y woli}legira(i)/p; b

i=l

{9)

whete the p, are the desired allovation propertions. We want
to minimize £/p sibisct to the constraint that E_}_lra ()= 1.
We introdnce the Lagrangs multiplier A and minimize

S et log{mald)/p; ) + A (Zuﬁ} - r) -

i=1 d=1
Tha derivadive of (10) with tespect to relj] is
14 loglza{i}l/e;) + 4, (1]

0 all ratics w505/ %, most be equal. We then have the desired
regult Zor showed mndom allocatlon that wg(j) = m, o=
Lol

We how turn to consideration of ihe ukility {7 As io the
work an balanced allocation, we write

[
Uy =3 mp{ihdy.
#=1
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where 5 18 & messurs of thy information from applying tosat-
ment 1 Shortly, we define thizin terms of D4 nptimadity, Then
waTEGRErd . danigns 1o maximise the nilicy

Um T aa(flds — 43 wali) loglrs Glfm}.  (12)
jml

Az before, the mtroduction of the Lagrange multiplier A fol-
Iowed by differentistion with respect to =g(f} leads tn { rala-
tionsblps which ars now

gy — {1 + log(walil/pyl} + A= 0
#c that all guantitiss
¢y /v — log{ap(§) fp;]
rmsnt ba conptant. Thet i,

j=t

{13}

xali)/p; = Kexpig;frh
tor Rt x. Beceuse 3. wa(f) = 1, wa obtaln
_ prexp(dyfy)

xalf) = . (14)
Eﬂ_f.ﬂxﬂf‘?f'jf’if}
Jul
TRarecnlts of Ball ot al. [1903) are obialned when all p;'s a1e
Exylis Mhatde I the voskewad choe,

3.3 Fegpienticl Devigns

Frobabilities for the aliocatlon of each trestment are given
by (14} for zome gemeral deslpgn criterion . We now de-
rive specific expresions for the probabilities for sequemtial
Reyraptirmun desins, sranming that the trial continnes long
sngugh to overwrhalm any prior informaticn abewt the param-
etdmh .

Fer Dy optimaliky, it ¥ convenisnt to work with maximiza-
ton of the log of the determinant of the Information mateix,
a eonwex foncdion, rather thon wilh moasdmization of the Jdoe
teooupant iteelf, For the current n-tned design, which is to be
apdated, we take

$ =logder M = ~ log |47 (6T, 4. (15)
H the (n -+ I)st patisnt receives trestment §, [15) leada to
$s = Jogdet M. (15)
Buf, from (A.d)
log dek A =log{1 + dald, m Taa it + logdet A

The combination of these resuis with {A4) and [AD) lands
to the sqprsssion for the prolabilities,

P,H" +d.ﬁi{jrm‘r$ﬂ+l:i}lfT
I

ZP:I{]'_F‘E“H‘T;'E“*']}”T
Jul

{17}

Tplf a1} =

At the optimnm design all d,04, », T.41) are equal, o that
wpli | Zns1] = B

Biometrics, Mawh 2006

4. A Comparison of Sequential Deslgns
for Skewed Allocation

4.1 Claseiog! dllorokion Bedes

Wo continue ko denole by {7} Ton) the conditicny
bility that the (s + 1)a% patient, with proguesic fact
recaives treatinemt 7. When these probabilities depeng g
the ordering of the trestmenta by the varianesg L AP e
we uie: A{[ i}l Eaq.) 6o vepresent the probability of al]ci-;;»:il]'
the kreatment, with the jth largest valua of the variangs, -
rules for akewer allocation when t = 2 are given in -[hb'h 1E

In mule D, the Deterministic coredriction of sﬁq"Er'l
tlal designs, that treatment should be alloceted fur iy
dald, . 2on) 7= (1, 2] is Javger. For the complatel Ra,
domized rule R, the first treatmsnt is aliocated with prgbs
bility 2.

These twa rules teprasent the extromes of rules which aitn
for skewing and balance cver otk the shert and the long term
The loimes: of the other miles aze boundad by these values, g,
A, Iy Optimality, is defined 0 (A 6). The sctension of tule
E, Efrm’s biased coin, depends on which treatment ok
be allocated by an unrendomized rule. IF 4401, #, =,,,) 5
2402, %, Toy), we fAnd the probabilivies of allocating treg:.
ment 1 by replacing &4 (1,7, 2] U (A 6] by 273 i treatme,r
2 is underrepressnted we replace 411, ™, 1,0 with 1/3,

I. F'rﬂl'.ﬂ..

01g T,

4.2 MNumericel Resulis

We compared these four allocation rules with fhe Bawsa
rule for four values of 4. We ook ome: known valne of p, 0.7,
snd pmafenlawal the hea for g = B wne L The eaulbe 2hown are
the averages of 10,50 mmolations of tne S0 patlenc triabs

‘The plota of Figure 1 ahow the losaes, as functlons of pa
tient number, when ¢ = 5. The lefi-hand parsi = for the foar
clasgmcal rules. Althowgh the degigns found nere are for p =
.75, the plot is simiiar 1o the left-hand panel of Figare 1 o
Atkingon (20020 for unskevwed designs with p = 0.5, but ac
tandad be 800 patimns, Comparatively there js g slizht ir
rraass imoall Tosses e the skewed allecation, This ariess be
cauge, with a 31 ratio of allocalimy, the skewed designs am
on avernge slightly less well halanmed than those for p = U5
If we teac down from the top of the plal al & — 300, the he
for rule R is approximately tive throughont aod that Soc D
ig clogc to zero for m #bave 100, while that fur A is ciose L0
omea, which 15 /5, from n = 50. The numbers: for Ly 60910
Takle 2.

The right-hand panel of the figire shows thy average !:ﬁ!ﬂ-
for the Buyes roje with + = 1, 0.1, .03, and 0.01- Takke i
givea the lusses [on o = S00: These increase witl incresmd
4. The Los9es for ull Bayesian rules first decrosse rapidly and
then increase gradually from the minimum. AL the star_t-'ﬂ{
the trinl, the Bayes rulc [17) behaves much as the dewrmin®
tic Tale, allocating the wmderrepresetted treatment with ﬂ’-!h
probabiiity: Balance s foreed and the loss decrenases rpidly
But, as the trial proceeds, the d4(7, .t decreags okl all "ﬂlﬁ
of {1-+dyafi, ]} e close to one. Then allocation is virbuall
ranchon and the loss [ncresses geadually oward 4, e L
for twle K. The appearance o 17 as a power in (17 ﬂ:
cates that Lhe decreess and gradual increase i the Josss 1
the Bayes rulz is greater for seadler -, &3 cBI b el
the right-hand pane] of Figure 1 The losses for
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Designs for shewing propartion p = 075 Average losses L, when g = & for eight allocation rules. Left-band pansl:

A, Dy-optimality; [, deterministic; I, Efron's biaged coin, and B, mandom, Kighl-hand panc, Bayes rules: reading domrmard,

= 1,01, .03, and 0.01. Averapes of 10,060 siinulations.

approximately twice theee for g = 5, ag ie shrmm by the pum-
bers for all roles in Table 2

Comparison of these numertical remilts for sewed Bavecian
allorations with these In Athinson {2002) shows that the ex-
tension to skewed allcentions doss oot greatly intreage the logs
dua to irmbalance, The adaptive use of these designs, when p
it satirmeted from the data, does homever lead to appreciable
imcrearen I boss.

. An Adapilve Design

5.1 Link-Mmotion-Rosed Adoptive Demign

We oze the link-function-besed edaptive deslpe of Bamdy-
opachyay and Biswas (2001) to provide mn eutimmle of .
Agstme that large values of the response y are desired and
let A = iy — &y They suggest that the adaptive probebility
of plloceting lrowanent 1 should be

wpafl | Zam1) = F{A),

where J(-) is a suitably chasen distribution fugetion of 2 ran-
deen vatlable, symimetric abont zera. We use $(x/T), the die
trioution function of & N(0, 1¥) randdom variable Iff & is pos-
itive, that i, é; > &, the probability of allocatiog the first
troatmant is 0.5,

To obtain dependence of our desliamz on Fpy,, wo take
p=J {ﬁ.} in calculating the gquantity dalf, n. Zns1) P Lie
(1t + 1]st patient. We can then apply the aliocation cules ol

Table 2
Average (085 Lo For unskewed and sketred clipeaiions frovit

V0,000 sirmudetions
ﬁ

R_ule -q'-=5 g = 10 Bayes: ¥ g = _'?=1U
A L 197 2.4649 1 4,837 o B0y
n 0.2 G.103 i1 4,387 Rt
E 0.221 0.854 0.03 3. 7TH0 T.668
K 4 94 0.0l 2,883 5.BE1

10.01R

Seotions 3 and 4.1, As it becomes clesrur that treatingnl 1 i3
puperior to treatment 2, the allocation propertion converges
te Flee,  rey)s the gpecd of conwrpgence depende on the allo-
caticn yais.

5.2 Regulariration

In pimulsting adaptive designy, wo found I wis pecessary to
regularize the design t0 snaun: Lhel sach brealment contin-
ued to be allocated throughout the beinl We Lhembore allo-
eated 5 of tha first 10 patienss to treatment 1 sod the other 5
te treatment 2. Thereafter, if the number alloeated to ether
treatment is balowr n'/?, that treatment is allocated when iy
80 imbeger squarted. For owr 300 trial design with five patients
alloceted mitislly to anch treatment, the rsté regularizetion
could acour when rt — 36 and the last when r = V84, In our
sioulations, we had a tacget allocatlon of 0.75 to the bettar
treakment: The effect of the regularization s to spead the cooe
visrprsee of the ekevwed adaptive allocation to this valua. Thaps
iz nnthing special aboul v % We only require & sequecca that
avoids too extrams adlicabiohd,

F.3 Numerien! Resudts

"The properiies of the dedpm depend on the paanelers in the
fuactdon J. We take Jix) = ${x/T) and vy — g = 06745
which, with 7= 1, cives a valoe of (175 for p, 6o that ww can
make comparisans with the resolts of Sertion 4.2, In practice,
Twould bz chingen to glve the desired skewing proportion p for
the apected difference in trearment offcets. The proparties of
the dasign also depend oo the grror of messurement 2%, ladger
valaas lending te designs which converge more slowly to the
desired value of p.

Figuore 2 shows the plots of avaraps loes from 10,000 simls-
Lions wlen o = [.% amd g = 5. These plots aree booadly similar
ce Lhose o Figure 1 except that all losses heve incressed by
armnonney belween bwo wnd Lhree. There are however gome -
portant details that sre different.

Rules A and T iu the lefe-hand panel of the figure show
& aimilac sttucture: An initial decease in boy i fllowed by
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Laoss: Bayes rules
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Figure 2. Adeptive designe: aversgs Iosses L, when ¢ = b for eight allocation rules. Left-hand penel: rulss T, E, A, and
Rlgiv-band pansl, Bayes rules: reading downward, + = 1, 0.1, 002, and 0.01. Averages of 10,060 gimulations, o = 0.8,

a peerind of increase due to designg for iocorrect estimatbes of
p. Eventually, as the irial progresses, the estimxies mprow:
and the average loss starks to decreass gradually. The other
rotes show slightly different behavicr. Most importantly, role
R and the fonr Bayesian rules show sverage losees which are
mtiil ipcrgaging as the end of the simulations, Rule K 15 thet of
Bandyopadhyzay and Biswas [2001) zince allocation does not
depend on 2.

Figure 2 clearly shows the affect of wol kpowing p on the
efficiency of the designs, which s calculated with p = 0.75 in
Figore 1. Thizs figure provides information for the choice of -y,

#. The Distribution of Loss

Although the average properties of the design are of interest,
it i also important to look at the individoel trials. We only
comslder In detsil the results for the Bavesian mle for 4 =

Propprion

0.03. Figure 2 shows Uhat the average loss from this Bayesia
tnle lies hetween thoae for the two classical cules B and T,

Figura 3 shows boxplots of the disuibitions of preportions
v and losges for 1000 simulutions of an 800-trizl design iy
the Bayes rule with repula-izatlon and with v+ = 009, As the
trlal progresses; the average value of r econverges Lo wround
.75, with a digtribution of velues with a grodusally decreg
ing standard devialion. The values of the losa in the boxplals
wi the right-band panel of Figura 3 have a mean which dlowly
creases with the number of patients. The digtcibution be
cones markedly moce dispersed fromm == 100 o ® = 200,
Thereafter, the dispersion increasss slightly #ith n. Also e
ident (o the two paneis = the effect of an outlying teiab fo
which rmgulacizatiom is imvolked ab least up to » = 500,

The distribution of logs For several volss is explored W
Atlninzon {2003) for anskewed deesigne. But, due to the adop
tive mature of the desipns considered here, the distribulions
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Figure 3. One thonsand lndividuat regulerized adaptive designa. Laft-hand penel: boxplots of propartion of patieils receiving
the hetler treatment. Right-hand panel, loss L, Bavesian male with ¢ = 003, ¢ = 5, ¢ = [.E
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ara long tailed, bacansa of the aecssional oceurrence of trjala
for which the propertion of patients recviving the first tragt-
ment ik far from the target. Figure 3 shows the afect of one
such frial. Such long talle are o general feature of adeptive
methods: Frogquenl good bohevior is offset by oceasional trke
als in which a large munber of patienta is needed to obtain
good parameter eatirmates.

7. A Numearical Example: Fluoxctine Hydrochloride

As an example of the cunstruction of designs, we 1se part of
thi: elnin froon Theogra ek al. [(1994) oo rha treatment of de-
presgive patieats. In arder to corcespond o our formalizetion
of the modet (1), the Airst two vaclahles are an iodicator for the
trestment: column 1 cootrol; ¢olumn 2 flpcxetine. Column 3
19 5 categorical covariate with values —1 and 1 dividing the
patients Ly skeep dysfunction before the trial (D and 1 in tha
peper}). Column 4 containg the mitial valuse of HAMD .-, &
measure of depression, for each patienl, o wlich tha rmean
valoe of 21.7045 has bern subiracted, The G0h colomn, the
responae, 13 Lhe negative of the chanps in HAMD . Rausue
HAMD; & measimm] un a §53-paink scale, wse treat it 35 a8
comfinuons verpsble. Darps valoes are degred.

Tha deta ate summaerdzed by the watcix in Table 3, The
upper-left 4 = 4 matrix iz (3 G, the right-hand column (and
the botlow row) are the sufficient atatintice &7y, and the
bottom-right eleement is 3 pi. There are %8 cheervations since
ole obsetvation i the original dataset does not have a re-
spcmse, The runtrix containe all the information neaded to fit
Live et moed entimate and test ite parameters.

The esttinaded treatment difference & — &, = —3.795, so0
the tregtment seems to have decrepsed deproasion, The § vaiue
fior thie etfect iz 2.55, with a sienificoroc of 1.6%,; the treatment
iz effective if any cffcet of the design on inberenee 12 |pnored.
‘The adeptive scheme should preforengialiv alloesto teent-
ment 2. For these date, the mean aquore eatiemate of the stan-
dard deviation 18 @ = 6.95. 1f we take T in Section 5.1 slightly
lezs ag 4, then the skewing proportion p = $(-2.785/4) =
0.1714. Interest is in one contrast of the o o that 4 i (L3
becomes the vector o — [0.1714 —0.8286 0 007,

Calevdatiom of the wariance d4(7,.) in [A.5) also requires
Gr|; tha wector of proposed treatment allocation and covar
acet for bhe next patent. Suppose the pationt scores 1 on sleep
dystunction and has an initial RAMDy soore of 16, which, af-
ter removiog W mean of 21.7045 hbecomeas ~5.7045, If treat-
ment 1 is Lo be allucaced, g =(1 0 1 —5.703)7, whereas,

Table 4
Fluoretine dato; summary ofter 38 tréala, The unper-ivjt
4 » 4 matriz 5 G (7, the nght-hand column (and e bottom
roor) are the sufiment statictics Gy, and the lodom-right

clemvani 15 E 1
43 G 1 16.7 SO
1) 45 e | —16.7 47h
1 —1 BE 24 - A%
16.7 187 24 1074 M0.75
RAB I 470 -39 HI.TH 11384

E22

if tremtroent 2 bs allocated g,4 = (0 L 1 —5.7045)7. Them,
from [A.5)

dall, J=0002205 apd d.02,.)=0017388 (15}

The probabiiity of allecating treatment 1 wsing Lhe biased-
eoin ne (A6, B 0U2EG. Thiv minute probability arises be-
canse anehysie of the remilts vields p = 0,171 whereas Tabla 3
shone that 43 of the AW patients received treatment 1.

The Bayesisn rale (17) adjuste these probmbilities. The
right-hand pancl af Flgure 1 showa that for » aromnd 80 awnid
~ e i}.1 the rule in starting to move toward randomuees end
lark of hizs rather than sciely emphasizimg balance. Uaing
the valuse of dafj. ) o {18) yields a probability of 0,181 of
allacating treatment 1, slightly less than the valdae of G171
tor this vector ¢ when the design i= balanced mver treatment
allocetion and covariates.

8. Drigcuesion

Our optimum design theory 18 for regression models with re-
sponses that are either normal or can be made s¢ by trans-
formation. Cur results zlso cowar generalized linesr models
where the treatiment effects are sufficiently small that the ef
fect om the design of the iterative weighie used in parmmeter
astimation can be ipnoved (Coe, 1038). Thus, survival times
are coveled by ow theory.

Delaved responses are randily incorporated, siwee thay do
nol affsct the oowvariate information i &, end gey.. Tha pa-
raraeters o are eslinated wsitye Llose responsss that aee avail-
able whon Llhe aloration ks wade,

The parmsosler eslivaten & are arivad aossy oo rerreadon
wodels wilh indepeandent wrrors, As sadh alleeetion depends
om Lhe vacfier rusporesm, the olyervations ard not indepancdent
and 15w Thedibood & complicabed. A wimilar strategy of sub-
stitartiem of pAramsater aetimatay s oeed by Housembsraer ot al.
CAIGE) . Tles wsymptotic nnrmalily of the parameter redimatas
ik nob afleclad by tha adaptiva uatnre of the design (Pui, Ha,
and Rrewnbergar, 2002] and, lor responses modeled by the
exprnantizl family, the optimum adaptive degigns obisined
by senquential use of parameter eptimabes are indeed optimum
P Antognini and Giovagnoli, 2004).

Inferenca, following adaptive allocakion, is &an Imporent is-
zue, typically discussed for binary responses, Infercnee for the
adaptive ECMU trial 8 explored by Hegg {1990 and dlacns-
gants, An oxact two-gample permuration test s proposed by
Wel (1088}, with the asymprotic version given by Hosenbergar
f19593). Exact confidemcs intervals for treatment differetics
ard pdde ratins arc nbtaingd by Wel et 2l [1990). Estimna-
tion for an adaptive design la discussed by Fosenberger and
Srizera {1997 and opt'mality, wwriability, and power were ex-
plared by Hu and Hossnbergsr (2003), Amvmptotic normality
of tke relevant statiatica 15 derived by several authors inclod-
ing Bandsopadhyay and Biswas (2001) for narmal essponren.
These and cther results are discussed in greater detail in the
last three chaprers of Resenserpmer and Lachin (2002). The
tonparamelris results holding for binary respooses also hold
whtn the response, as hers, w nonoally distribated,

Foo therr adaptive triai, Tamure et sl (1994) simnjate
the sodaphive desgn WUO, D00 (ines o find e disteibatlon of
Ly 1osl stadisbic, which ook 20 moimees of Computer time.
We recommmwend g gimiler procedure for the enalyss of owr
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desipus. Onr simulations of deslgns using rule A with p =
075 produce Hiests with a distelbution thal, even for = 50,
o2 are ot abla Lo diut.inguh—ch Irewen the distrbtion COming
from nomadaptive designs In the sumnr spirit, Yao and Wi
(1996) gbaw that the iesue of efficicncy is noe critles] for in-
feremce procedures with atn edaptive degign. And, of course,
wo can have & significant ethical gain when a suitable adaptive
desipn is weed.

RESME

Deg schémes adaptatifs tont utilisés dans dex eraain cliniques
de DPhasze III pour bisiser Iattribution des traitements en
foverr des meilleurs. Mouwe utilieons I théorie des schémss
optimatie pour Stablir pne procedore bayvésienne de tirage au
ot blalsd pour deas echémas séquentiels avec réponses gontin-
wes. La performance de ms schémns adaptatifs ol lulide &
la foir numeriguement et theéornigeernent, Des propriébds inr
portamtes aont la perte et Ia propettion de suiets alloués au
medlleny traitement.
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APPERDIX

Madels and Varigmees
"The matrix form of the model (1) for & patients ic

E{Fn.:' = (w = Moo+ L8, ':"!l'l:l

where V) is the ® = 1 vector of responss: for the a patientt
ared e is Ll weedor of Leeatinent cffects. Were §F, 18 the ool
matrix of jndicator ariahles fur Crcaipoent allocagion, wikh
one nongerg entey per sow, and 7, i then (g — 1 excendsd
matzix of prognostic factors, with &h row m,. Becase of Lhe
way we have parareterized the treatment effects, 2, does 1ot
meluda 2 censlant colwo, .
Considor the # — 1 Lineor combinations L7 e, where L7 3
(£ — 13 % . The matrix of coefficients L7 is angmented by &
fE_ 10 % g moatrix of Bs as AT = (L7 0] to reflect imwers!
solaly in the treatment parameters. The parameters 8 af it
prognonstic factors in the lincar modei (1) ave thus troated o
nuizapce parameters, ,
The covsriznce matrix of these estimaded coefficlents 3

- ; -1 “
war{d &) = ﬂzﬂriG:G“:f A, [A.2
whare o B4 Ly variance of the ereows, assimed sdditive W

: i
(A1, Here, us vlsewhers, we have suoprezssed the ﬂuthFJPtME
when it is not ol woporience. When thers aee two trealme
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nind the linear combdnation (27 # {0 be satlmated, the matris
A betoryed

AT ={p-{1-p) © -1, (4]

& vechor wikh o + T elemeniy. The vardanes (A2 io then n
scalex.

Chatimao: Keperninento! Meoigne

D g~opbicnum sxperimental deslgng for the linesr regression
model B(1") = Ghe meximize |AT[&T G) A, the recipro-
val of w determinzant of the coverianme metrix of the son-
bioatlons of pararnetee catimates, That 18, they rinimize te:
gruwrializeed variance of thess linsar cucnbications rod prowidk:
& notfial theary wnbdeoce regicn of mindimun: vol wae, Swh
optintm designs can ba comat iwctend reajueninlly, After Tk
als, the mairix of allocatims and srognostic factae 18 6L, 1]
the weckor of allocaliun wnd propnoetn famtors for the (n -
1)at patient ¥ fu | 1, Ty o formed by adding the ree g2 to
. A useful msktiz remlt for D-optimom deslans Hpdmizing
[GTG| Is thas

|ﬂ‘3:ﬂ£.’“+,| = { 1+ 97, {&Eﬂﬂ) _l.':"nJ-'[ ]’ IGIEGnl

= {1+ digns1, W} GIGal,
{Ad)

12h

where 7, combites the alloceton indicdor k.., for the
in ~— 1)at palivot wnd zy4, the mdrnded weetor of propnoatic
factom, is known for the pew patkant. In the lterative come
atruction of D y-optimom designg, with

datjin Ton) = 3 (GTG. ) A{ AT (0T, 4}
2 AT(GTE ) s (= 100,00, (A5}

pelint £ | 1 would, io the abecoes of rapdomizetion, recene:
the treatimnrt for which 2407, 1, 201} & & neadmum, whers §
runs ower gll & ttcatments.

Tu Lhis articls, wa nse . matrin A which firees ansgqual al-
Wication At the aptium design, which allorates a fraction
Py of Lhe patienl: to trentmenn §, all dyff, R, T are aqual
In noncpticnut designe, 3 larger value of <408, B, Loag} n-
dicates a treatmant which i updarrepresented. 'The orlginal
suggestion of Atkineon (1982] wag to alloreale trentowmt §with
rrobahllity

_sgdald man)
: i

Eﬂaﬂ‘-ﬂ. |:-91 LN N
a1

Tad |tmg) = {A'ﬁ-}



	Binder3
	dsc_2703
	dsc_2704
	dsc_2705
	dsc_2706
	dsc_2707
	dsc_2708
	dsc_2709
	dsc_2710


