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O
utline

of
presentation

1.
G

roup
sequentialdesigns

for
clinicaltrials

A
dapting

to
observed

data

2.
E

rror-spending
tests

A
dapting

to
unpredictab

le
inform

ation

A
dapting

to
n

uisance
param

eters

3.
M

ostefficientgroup
sequentialtests

O
ptim

al
stopping

boundaries

A
dapting

group
siz

es
to

observed
data

4.
F
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for

unplanned
design

changes

A
dapting

to
ne

w
objectives

5.
A

n
exam

ple
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in
an
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designs

H
o

w
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1.
G

roup
sequential

m
onitoring

of
clinical

trials

A
one-sided

testing
prob

lem

Let�

be
the

treatm
enteffectofa

new
treatm

entvs
a

standard,e.g.,

���

difference
in

m
ean

response
for

norm
aldata,or

���

log
hazard

ratio
for

survivaldata.

To
look

for
superiority

ofthe
new

treatm
ent,test

�� :����

against

�	 �

.

S
pecify

type
Ierror

rate �



and
pow

er�
�
�

at� �
� .

Itis
desirable

to
stop

early

to
accept ��

—
early

stopping
for

futility,

to
reject��

—
early

stopping
for

a
positive

outcom
e.
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O
ne-sided

group
sequential

tests

A
typicalgroup

sequentialtesting
boundary

has
the

form
:

��

�
��

�
�

�
�
�

�
�

�
� ��

��� �
� �

� �

R
eject ��

A
ccept��

�� S
am

ple
size�

can
be

around
50%

to
70%

ofthe
fixed

sam
ple

size,

see,e.g.,Jennison
&

Turnbull(2000)
“G

roup
S

equentialM
ethods ���”

A
dapting

to
data

,stopping
w

hen
a

decision
is

possible.
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2.
E

rror
spending

tests

C
anonical

joint
distrib

ution
of

param
eter

estim
ates

Let  �!

be
the

estim
ate

of�

based
on

data
atanalysis"

.

T
he

inform
ation

for�
atanalysis"

is

#! �

�
V

ar�  �!� $
" �
�$ ���$&%
�

In
very

m
any

situations,  �'$ ���$  �(
are

approxim
ately

m
ultivariate

norm
al,

 �! �)� �$* #!+ ,
'� $

" �
�$ ���$ %
$

and

C
ov�  �!- $  �!. � �

V
ar�  �!. � �

* #!. + ,
'

for"' /
"0 �

5



S
pending

error
as

a
function

of 12

O
bserved

inform
ation #!

depends
on

the
num

ber
ofsubjects

and
other

factors,e.g.,for
survivaldata,the

overallfailure
rate.

T
hus,itm

ay
notbe

possible
to

predictthe
actualsequence

ofinform
ation

levels,#'$ #0$
��� ,in

advance.

Lan
&

D
eM

ets
(1983)

presented
tw

o-sided
tests

w
ith

the
flexibility

to

“spend”
type

Ierror
probability

as
a

function3� #�

ofthe
observed

inform
ation:

atanalysis"

,the
currentboundary

pointis
setso

that

the
cum

ulative
type

Ierror
probability

is3� #!� .
To

extend
to

one-sided
tests,define

tw
o

functions,3� #�
and4� #� ,for

spending
type

Iand
type

IIerror
probabilities.
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O
ne-sided

error
spending

tests

�5

567 8

�
9: 5;<

= =?>
@ @

@ @ >
= =

�5

567 8

�
A: 5;B

= = >
@ @

@ @ >
= =

A
tanalysis"

,setboundary
values�DC!$

E!�

so
that

FGH I�* R
eject��

by
analysis"+ �

3� #!� $

FGH IJ* A
ccept��

by
analysis"+ �

4� #!� �

P
ow

er
fam

ily
oferror

spending
tests:3� #�

and4� #�DK
� #L #MN O�QP

.

A
dapting

to
unpredictab

le
inform

ation
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M
axim

um
inform

ation
designs

D
esign

A
ssum

e,say, %
equally

spaced
inform

ation
levels.

F
ind#RST

such
thatboundaries

m
eetup

on
reaching#( �

#RST

.

Im
plem

entation

U
se

the
error-spending

construction
w

ith
observed#! s.

C
ontinue

up
to

#RST

and
m

ake
the

boundaries
converge,protecting

type
Ierror.

�

U5V
U5W

U5X
U5Y
U5Z
U5[

5\]^
Inform

ation

Ifnecessary,extend
patientaccrualto

reach #RST
.

N
.B

.C
hanges

affecting* #'$ #0$ ���+

should
not

be
influenced

by  �! s.
8



E
rror-spending

designs
and

n
uisance

param
eters

T
he

target#RST
is

fixed
butthe

sam
ple

size
needed

to
achieve

this
can

depend
on

param
eters

w
hich

are
initially

unknow
n.

(1)
N

orm
al

responses
w

ith
unkno

w
n

variance

If_` �)� a b$
c 0� $
d` �)� a e$
c 0�

and���
a b
�

a e

,

#! �
� c 0LDfb
g ! h
c 0LDfe

g !� ,
'�

(2)
S

urviv
aldata,

log-rank
statistics

Inform
ation

depends
on

the
num

ber
ofobserved

failures,

#!
i
* N

um
ber

offailures
by

analysis"+Lkj�
E

rror
spending

designs
handle

these
issues

autom
atically.

A
dapting

to
n

uisance
param

eters

9



3.
O

ptim
al

group
sequential

tests

T
here

is
plenty

ofchoice
in

defining
a

boundary
to

solve
a

particular
testing

problem
.

T
hus,one

can
seek

a
boundary

w
ith

an
optim

ality
property.

Form
ulate

the
testing

problem
:

fix
type

Ierror
rate


and
pow

er� �
�

at���
� ,

fix
num

ber
ofanalyses,

%
,

fix
m

axim
um

sam
ple

size
(inform

ation),ifdesired.

F
ind

the
design

w
hich

m
inim

ises
average

sam
ple

size
(inform

ation)
atone

particular�

or
averaged

over
several� s.

T
his

optim
isation

can
be

carried
outby

solving
a

related
B

ayes
decision

problem
using

backw
ards

induction
(dynam

ic
program

m
ing).
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E
xam

ple
of

properties
of

optim
al

tests

O
ne-sided

tests,
 �
� ��
��l ,%

analyses,#RST
�
m #n `Top

,

equalgroup
sizes,m

inim
ising* ��� #� h

�J� #�+Lkq

.

M
inim

um
values

ofrts
�: 5;vu s
w: 5;xytz

,as
a

percentage
of 5{}|^

~�

�
M

inim
um

�

1.01
1.05

1.1
1.2

1.3
over�

2
80.9

74.5
72.8

73.2
75.3

72.7
at�

=
1.15

5
72.2

65.2
62.2

59.8
59.0

58.7
at�

=
1.4

10
69.1

62.1
59.0

56.3
55.2

54.3
at�

=
1.6

N
ote:�� #�

as%

butw
ith

dim
inishing

returns,

�� #�

asm

up
to

a
point.

A
dapting

optim
ally

to
observed

data

11



S
queezing

a
little

extra
efficienc

y

S
chm

itz
(1993)

proposed
group

sequentialtests
in

w
hich

group
sizes

are

chosen
adaptively.

W
e

describe
these

on
the

score
statistic

scale:

Initially,fix#' ,observe

�' �
)� � #'$ #'� ,

then
choose#0

as
a

function
of�'$

observe�0

w
here

�0 �
�' �
)� �� #0 �
#'� $
� #0 �
#'�� ,

etc,etc.

S
pecify

sam
pling

rule
and

stopping
rule

to
achieve

desired
overall

type
I

error
rate

and
pow

er.

12



E
xam

ples
of

“S
c

hm
itz”

designs

To
test�� :����

versus�' :�	 �

w
ith

type
Ierror

rate
 ��
�� ql

and
pow

er � �
� ��
��

at���
� .

A
im

for
low

values
of

�H� #� 3� ��D�
�$

w
here3� ��

is
the

density
ofa)� �$ � 0Lkj�

distribution.

C
onstraints:

M
axim

um
sam

ple
inform

ation �
��q
�

fixed
sam

ple
inform

ation.

M
axim

um
num

ber
ofanalyses �%

.

A
gain,find

optim
aldesigns

by
solving

related
B

ayes
decision

problem
s.
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E
fficienc

y
of

“S
c

hm
itz”

designs

O
ptim

alaverage�� #�

as
a

percentage
ofthe

fixed
sam

ple
inform

ation.

O
ptim

al
O

ptim
al

O
ptim

al
adaptive

non-adaptive,
non-adaptive,

%

design
optim

ised
equalgroup

(S
chm

itz)
group

sizes
sizes

2
72.5

73.2
74.8

3
64.8

65.6
66.1

4
61.2

62.4
62.7

6
58.0

59.4
59.8

10
55.9

57.2
57.5

V
arying

group
sizes

adaptively
m

akes
for

a
com

plex
procedure

and
the

efficiency
gains

are
slight.

A
dapting

group
siz

es
optim

ally
to

observed
data

14



4.
R

ecent
advances

in
fle

xib
le/adaptive

m
ethods

M
id

stud
y

re-design
to

increase
po

w
er

D
uring

the
course

ofa
study,reasons

m
ay

arise
to

change
the

pow
er.

S
uppose

you
design

a
study

w
ith

pow
er

0.9
at� �

���

.
Ifa

com
peting

treatm
entis

w
ithdraw

n,you
m

ay
w

ish
to

increase
sam

ple
size

to
attain

pow
er

0.9
at���

� ��/
� �
.

C
an

you
do

this
during

a
fixed

sam
ple

or
group

sequential

study
w

ithoutbiasing
the

type
Ierror

rate?

D
enne

(2001)
and

M
üller

&
S

chäfer
(2001)

show
this

is
possible

as
long

as

the
re-design

preserves
the

conditional
type

Ierror
probability

.

T
he

m
ethods

ofB
auer

&
K

öhne
(1994),F

isher
(1998),C

ui,H
ung

&
W

ang

(1999)
are

described
differently,butthey

also
possess

this
property.

15



R
e-design

in
response

to
an

interim
estim

ate
,  �

S
am

ple
size

m
ay

be
m

odified
in

response
to

an
estim

ate
ofeffectsize,  � .

O
ften,designs

are
setup

to
attain

a
given

conditionalpow
er

under� �
 � .

M
otivation

can
be:

�

to
rescue

an
under-pow

ered
study,

�

a
“w

aitand
see”

approach
to

choosing
a

study’s
pow

er
requirem

ent,

m
aybe

because
the

treatm
entis

com
pletely

new
.

�

trying
to

be
efficient.

T
he

conditionaltype
Ierror

rate
approach

safeguards
overalltype

Ierror.

Itis
good

to
be

able
to

rescue
a

poorly
designed

study.

B
ut,group

sequentialtests
already

base
the

decision
for

early

stopping
on  �

—
and

optim
alG

S
T

s
do

this
optim

ally!

16



5.
E

xam
ple

of
inefficienc

y
in

an
adaptive

design

S
cenario

(ofthe
type

described
by

C
ui,H

ung
&

W
ang,1999)

A
testis

to
have

type
Ierror

probability
 ��
�� ql .

Investigators
are

optim
istic

the
effectsize,� ,w

illbe
as

high
as� ��

q�

.

B
ut,effectsizes

as
low

as� �
� ���
�l

are
clinically

relevantand
w

orth

detecting.

F
irst,consider

a
fixed

sam
ple

study
attaining

pow
er

0.9
at���

� ��
q�

.

S
uppose

this
requires

a
sam

ple
sizef

n��
���

.

A
n

adaptive
design

starts
outas

a
fixed

sam
ple

testw
ithf

n��
���

observations,butdata
are

exam
ined

after
the

first50
responses

to
see

if

there
is

a
need

to
“adapt”.

17



C
ui

et
al.

adaptive
design

A
tan

interim
stage,after

50
observations,the

estim
ated

effectsize
is  �' .

If  �' / �
�q����
j

,
stop

the
trialfor

futility,accepting�� .
O

therw
ise,re-design

the
rem

ainder
ofthe

trial,preserving
the

conditionaltype
Ierror

rate
given  �' :

choose
the

rem
aining

sam
ple

size
to

give
conditional

pow
er

0.9
ifin

fact���
 �' ,

truncate
this

additionalsam
ple

size
to

the
interval

(50,500)
—

no
decrease

in
sam

ple
size

is
allow

ed

and
the

totalsam
ple

size
is

atm
ost550.

18



P
o

w
er

of
the

C
ui

et
al.

adaptive
test

0
0.2

0.4
0.6

0.8
1

1.2
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9 1

θ/δ*

Power

   F
ixed sam

ple test, n=
100

   A
daptive test

T
he

adaptive
testim

proves
on

the
pow

er
ofthe

fixed
sam

ple
test,

achieving
pow

er
0.85

at���
� ���
�l

(i.e.,�L � ���
��l ).

Ifcontinuing
paststage

one,totalsam
ple

size
ranges

from
100

to
550.
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A
con

ventional
group

sequential
test

S
im

ilar
overallpow

er
can

be
obtained

by
a

non-adaptive
G

S
T

w
ith %

�
q

analyses,designed
to

attain
pow

er
0.9

w
hen���
�j

.

W
e

have
com

pared
a

pow
er

fam
ily,error

spending
testw

ith� �
� :

type
Ierror

rate
is
 ��

�� ql ,
taking

the
firstanalysis

after
68

observations
and

the
second

analysis

after
225

gives
a

testw
ith

pow
er

0.9
at� �

�j

.

T
his

testdom
inates

the
C

uietal.adaptive
design

w
ith

respectto
both

pow
er

and
A

S
N

.Italso
has

a
m

uch
low

er
m

axim
um

sam
ple

size
—

225

com
pared

to
550.

20



C
ui

et
al.

adaptive
test

vs
non-adaptive

G
S

T

0
0.2

0.4
0.6

0.8
1

1.2
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9 1

θ/δ*

Power

   A
daptive test

   2−
group G

S
T

0
0.2

0.4
0.6

0.8
1

1.2
0 50

100

150

200

θ/δ*

ASN

   A
daptive test

   2−
group G

S
T

T
he

conventionalG
S

T
has:

higher
pow

er,

low
er

average
sam

ple
siz e

function,

m
uch

sm
aller

m
axim

um
sam

ple
size.

M
any

other
proposals

for
adaptiv e

designs
sho w

sim
ilar

inefficiencies .
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6.
C

onc
lusions

E
rror

S
pending

tests
using

Inform
ation

M
onitoring

can
adaptto

�

unpredictable
inform

ation
levels,

�

nuisance
param

eters,

�

observed
data,i.e.,efficientstopping

rules.

In
addition,recent

adaptive
m

ethods
allow

�

re-design
in

response
to

externaldevelopm
ents,

�

re-sizing
to

rescue
an

under-pow
ered

study,

�

an
on-going

approach
to

study
design.

B
ut,these

adaptive
designs

w
illnotim

prove
on

the
efficiency

of“standard”

G
roup

S
equentialTests

—
and

the
y

can
be

substantiall
y

inferior.
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