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Phase&I&Clinical&Trials

! The&objective&of&phase&I&clinical&trials&is&to&find&
the&maximum&tolerated&dose&(MTD)&that&has&a&
target&toxicity&probability&of&!.

Target&toxicity&rate&ϕ



Three%Types%of%Phase%I%Designs
! Algorithm*based0designs

" Dose%transition%is%based%on%a%prespecified algorithm.
" Example:%3+3%design
" Transparent,%easy%to%implement,%but%poor%performance.

! Model*based0designs
" A%doseAtoxicity%model%is%assumed,%and%the%updated%based%on%the%accrued%data%

to%guide%the%dose%transition.
" Example:%CRM%(O'Quigley et%al.%1990),%EWOC%(Babb%et%al.,%1998),%BLRM%

(Neuenschwander et%al.,%2008)
" Superior%performance,%but%less%transparent%and%difficult%to%implement.

! Model*assisted0designs
" A%class%of%designs%that%utilize%a%model%for%efficient%decision%making,%similar%to%

the%modelAbased%design,%but%its%rule%of%dose%escalation/deescalationcan be%
predetermined%before%the%onset%of%the%trial%in%a%fashion%similar%to%the%algorithmA
based%design%(Yan,%Mandrekar and%Yuan,%2017).

" Examples:%BOIN%(Liu%and%Yuan,%2015),%and%keyboard%design%(Yan,%Mandrekar
and%Yuan,%2017).

" Transparent%and%easy%to%implement%with%superior%performance
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Three%Types%of%Designs
! Algorithm*based0designs

" Dose%transition%is%based%on%a%prespecified%algorithm.
" Example:%3+3%design
" Transparent,%easy%to%implement,%but%perform%poorly.

! Model*based0designs
" A%dose?toxicity%model%is%assumed%and%updated%based%on%the%
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Three%Types%of%Designs
! Algorithm*based0designs

" Dose%transition%is%based%on%a%prespecified algorithm.
" Example:%3+3%design
" Transparent,%easy%to%implement,%but%perform%poorly.

! Model*based0designs
" A%dose?toxicity%model%is%assumed,%and%the%updated%based%on%accrued%data%to%guide%the%dose%transition.
" Example:%CRM%(O'Quigley et%al.%1990),%EWOC%(Babb%et%al.,%1998),%BLRM%(Neuenschwander et%al.,%2008)
" Good%performance,%but%less%transparent%and%difficult%to%implement.

! Model*assisted0designs0(Yan0et0al.,02017,0Zhou0et0al.,02018)
" A%class%of%designs%that%utilize%a%model%for%efficient%

decision%making,%similar%to%the%model?based%design,%but%
its%dose%escalation/de?escalation%rule%can%be%
predetermined%before%the%onset%of%the%trial%in%a%fashion%
similar%to%the%algorithm?based%design%(Yan,%Mandrekar and%
Yuan,%2017).

" Easy%to%implement%+ superior%performance.
" Examples:%mTPI (Ji%et%al,%2008),%BOIN (Liu%and%Yuan,%

2015),%Keyboard%design%(Yan,%et%al.,%2017).



Bayesian(Optimal(Interval((BOIN)(Design

= No. of patients experienced DLT at the current dose (ntox)
No. of patients treated at the current dose (n)

DLT(rate(at(the
current(dose



Escalation/De-escalation.Boundaries

Table	1.	Dose	escalation	and	de-escalation	boundaries	
	 Target	toxicity	rate	for	the	MTD	

Boundary	 0.1	 0.15	 0.2	 0.25	 0.3	 0.35	 0.4	
λe	(escalation)	 0.078	 0.118	 0.157	 0.197	 0.236	 0.276	 0.316	

λd	(de-escalation)	 0.119	 0.179	 0.238	 0.298	 0.358	 0.419	 0.479	
	

Yuan.Y,.Hess.K,.Hilsenbeck,.S.and.Gilbert.M.(2016),.Clinical'Cancer'Research,.22,.4291-
4301.

Note:.escalation.and.de-escalation.boundaries.!e and.!d are.derived.to.minimize.the.
probability.of.making.incorrect.decisions.of.dose.escalation.and.de-escalation.
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BOIN%for%Target%=%25%

= No. of patients experienced DLT at the current dose (ntox)
No. of patients treated at the current dose (n)

DLT%rate%at%the
current%dose



Conduct(of(Phase(I(Trials

! Start(the(trial(by(treating(the(first(cohort(of(
patient(s)(at(the(lowest(or(prespecified(starting(
dose(level

! Then
Three(possible(decisions:
• Escalate(the(dose
• Deescalate(the(dose
• Retain(the(current(dose



Conduct(of(Phase(I(Trials

! If(we(knew(the(true(toxicity(rate(of(the(current(
dose(j (i.e.,(!"),(decision(is(easy:

" Escalate(the(dose(if(!" < %
" Deescalate(the(dose(if(!" > %
" Retain(the(current(dose(if(!" = %



Conduct(of(Phase(I(Trials
! Then

…...
! Repeated(the(above(step(of(dose(assignment(
until(the(trial(is(completed

• Escalate(the(dose(if(!" < $
• Deescalate(the(dose(if(!" > $
• Retain(the(current(dose(if(!" = $



Oracle'Design

! Phase'I'trials'can'be'viewed'as'a'sequence'of'
adaptive'decision:making'steps'of'dose'
assignment'for'patient'who'are'sequentially'
enrolled'into'the'trial

! If'!" was'known,'we'obtain'the'oracle'design
" No'decision'error
" Optimal'dosing'for'each'patient



Optimize(Adaptive(Decision

! In(reality,(the(oracle(design(does(not(exist
! Decisions(must(be(made(adaptively(based(on(

the(observed(data
! How(to(make(optimal(adaptive(decisions?

" Minimize(the(chance(of(incorrect(decisions(so(that(
the(resulting(design gets(as(close(as(possible(to(the(((
oracle(design

! The(solution(is(the(BOIN(design

Liu(S(and(Yuan(Y((2015),(Bayesian(Optimal(Interval(Designs(for(Phase(I(Clinical(Trials. Journal(
of(the(Royal(Statistical(Society:(Series(C,(64,(507T523.



Notation

! J doses*are*under*investigation
! ! is*the*target*dose0limiting*toxicity*(DLT)*rate
! "# denotes*the*true*DLT*rate*for*dose*level*$
! "̂# denotes*the*observed*DLT*rate*at*dose*level*
$ at*an*interim*decision*time



A"Class"of"Nonparametric"Designs
1. The"first"cohort"are"treated"at"the"lowest"or"prespecified"

dose"level
2. At"the"current"dose"level"j:

! If""̂# ≤ %&#((#),"escalate"the"dose
! If""̂# ≥ %+#((#),"deescalate"the"dose
! otherwise,"retain"the"current"dose"
where"%&#((#) and"%+#((#) are"arbitrary"functions"of"j and"(#

3. Repeat"step"2"until"the"maximum"sample"size"is"reached

" Because"%&#((#) and"%+#((#) can"freely"vary"across"j and"(#,"
this"class"of"designs"include"ALL#possible#nonparametric#
designs that"do"not"impose"a"doseGtoxicity"curve.



Target'and'Alternatives

DLT'Rate

Target'!
(e.g.,'0.25)

0 1

High'alternative'!",'
under'which'

de?escalation'is'
necessary
(e.g.,'0.35)

Low'alternative'!#,'
under'which'
escalation'
is'needed
(e.g.,'0.15)

$%: '( = !; $": '( = !"$#: '( = !#;



Decision(Error(Rate

! The(probability(of(making(an(incorrect(decision(
(i.e.,(decision(error(rate)(at(each(of(the(dose(
assignments(is(given(by

! ≡ Pr %&'())*'+ ,*'%-%(& (& ,(-%&.
= Pr 01 Pr 2 () 3 01 + Pr 05 Pr 3 () 6 05 +

Pr 07 Pr 6 () 2 07
= Pr 01 8%& &9:59; &9, = + 1 − 8%& &9:79 − 1; &9, =
+ Pr 05 1 − 8%& &9:59; &9, =5

+ Pr 07 8%&(&9:79 − 1; &9, =7)

Where(E(is(escalation,(D(is(de?escalation,(and(S(is(stay.



Optimal(Escalation/De1escalation(Boundaries

! The(dose(escalation(and(de1escalation(boundaries(
(!",#!#)#that(minimize(the(decision(error(are(given(
by

!" ≡ !%& = (log 1 − .%
1 − . log .(1 − .%)

.%(1 − .)
!# ≡ !1& = (log 1 − .

1 − .1
log .1(1 − .)

. (1 − .1)
! The(optimal(escalation/de1escalation(boundaries(

are(independent(of(2& and(3 !!
! This(makes(BOIN(extremely(simple(because(the(

same(pair(of(escalation/de1escalation(boundaries
can(be(used(throughout(of(the(trial.



BOIN%for%Target%=%25%

= No. of patients experienced DLT at the current dose (ntox)
No. of patients treated at the current dose (n)

DLT%rate%at%the
current%dose



Remarks(on(Hypotheses

! The(purpose(of(specifying(three(hypotheses,(
!",(!# and(!$,(is(not to(represent(the(truth(and(
conduct(hypothesis(testing.

! !# and(!$,(or(more(precisely(%# = '# − ' and(
%$ = '$ − ' represent(the((minimal(differences(
(or(effect(sizes)(of(practical(interest(to(be(
distinguished(from(the(target(DLT(rate(' (or(
!"),(under(which(we(want(to(minimize(the(
average(decision(error(rate(for(the(trial(conduct.

! This(is(analogous(to(power(calculation.



Remarks(on(Hypotheses

! In(practice,(we(should(avoid(setting(!" and(
!# at(values(very(close(to(! because(of((the(
limited(power(due(to(small(sample(sizes(of(
phase(I(trials.(
" At(the(significance(level(of(0.05,(we(have(only(3%(

power(to(distinguish(0.35(from(0.25(with(30(patients.
! We(highly(recommend(using(the(default(values(
!" = 0.6! and+!# = 1.4!.
" e.g.,(when(! = 0.25, !" = 0.15 and(!# = 0.35.



Practical(Advantages

! It(is(very(easy(for(clinicians(and(regulatory(
agents(to(assess(the(safety(of(the(trial(because(
BOIN(guarantees(deescalating(the(dose(when(
the(observed(DLT(rate("̂# is(higher(than(the(de>
escalation(boundary($%.(
" For(example,(given(a(target(DLT(rate(& = 0.25,(we(

know(a"priori"that(the(BOIN(guarantees(deescalating(
the(dose(if(the(observed(toxicity(rate(is(higher(than(
0.298.(



Practical(Advantages

! BOIN(design(also(allows(users(to(easily(
calibrate(the(design(to(satisfy(a(specific(safety(
requirement(mandated(by(regulatory(agents(
through(choosing(an(appropriate(target(!.
" Supposing(for(a(phase(I(trial(with(a(new(compound,(

the(regulatory(agent(mandates(that(if(the(observed(
DLT(rate(is(higher(than(0.25,(the(dose(must(be(deG
escalated.(

" We(can(easily(fulfill(that(requirement(by(setting(the(
target(DLT(rate(! = 0.21,(under(which(the(BOIN(
automatically(guarantees(deGescalating(the(dose(if((
the(observed(DLT(rate((̂) > +, = 0.25.



Performance*of*BOIN

Zhou*H,*Yuan*Y*and*Nie L*(2018)*Clinical'Cancer'Research,*24(18):4357C4364



Performance*of*BOIN

Zhou*H,*et*al.*(2018)*Statistics'in'Medicine,*37,*2208?2222.



Numerical*Study

! Target*! = 0.251*' = 6 dose*levels1*maximum*
sample*size*=*361*cohort*size=*1*or*3

! 1000*random*scenarios*generated*using*
pseudo?uniform*algorithm*(Clertant and*
O'Quigley,*2017).*

! 2000*simulated*trials*for*each*scenario.
! Compared*3*model?based*designs*(i.e.,*CRM,*

EWOC*and*BLRM)*and*3*model?assisted*
designs*(i.e.,*mTPI,*keyboard*and*BOIN).



Numerical*Study

! 3+3*design*is*used*as*the*reference*to*present*
the*performance*of*novel*designs

! For*example,*PCS*of*CRM*will*be*presented*as**
“PCS*of*CRM*– PCS*of*3+3*design”,*therefore*0*
means*equal*performance,*positive*value*
means*better*performance.

! For*example,*the*risk*of*overdosing*of*CRM*will*
be*presented*as*“the*risk*of*overdosing*of*CRM*
– the*risk*of*overdosing*of*3+3*design”,*
therefore*0*means*equal*performance,*negative*
value*means*better*performance.



Percentage)of)correct)selection



%"of"patients"treated"at"dose"with"DLT"rate">="33%



%"of"selecting"doses"with"DLT"rate">="33%



%"of"trials"overdosing">50%"patients



%"of"trials"treating"<"6"patients"at"MTD



Irrational)dose)assignment
• Percentage)of)time)failing)to)de3escalate)when)2/3)or)≥3/6)have)DLT



Summary

! BOIN+yields+similar+performance+as+the+CRM,+
but+is+more+transparent+and+easier+to+
implement.

! BOIN+does+not+assume+a+parametric+model+on+
the+dose>toxicity+curve,+thus+is+free+from+the+
issue+of+making+irrational+dose+assignment+
during+the+trial+conduct.

! BOIN+is+more+accurate,+safer,+and+also+simpler+
than+mTPI.+



BOIN%Drug*Combination%Design

! Lin%and%Yin%(2017)%extended%the%BOIN%to%drug*
combination%trials.

! BOIN%drug*combination%design%uses%the%same%
rule%to%determine%dose%escalation%and%de*
escalation.

! The%difference%is%that%when%we%decide%to%
escalate/de*escalate%the%dose,%there%are%more%
than%one%neighbor%doses%to%which%we%can%move%
to,%i.e.,%we%can%change%the%dose%of%drug%A%or%
the%dose%of%drug%B.



Dose%Escalation%Rule

! When%"̂ < $%,%we%escalate%the%dose%to%the%
neighbor%dose%that%has%a%higher%posterior%
probability%located%in%($%,%$&).

Drug%A

D
ru
g%
B



Dose%De&escalation%Rule

! When%"̂ > $%,%we%de&escalate%the%dose%to%the%
neighbor%dose%that%has%a%higher%posterior%
probability%located%in%($&,%$%).

Drug%A

D
ru
g%
B



Late%Onset)Toxicity

! Late%onset)toxicity)is)common)in)the)era)of)
immunotherapy)and)targeted)therapy

! In)36)clinical)trials)involving)molecularly)
targeted)agents,)more)than)half)of)the)445)
patients)developed)their)high)grade)toxicity)after)
the)first)cycle)(Postel%Vinay)et)al.,)2011,)JCO)

! Immuno%toxicity)is)often)late%onset)(June)et)al.,)
2017,)Nat)MedM)Weber)et)al.,)2015,)JCO).)

! The)late%onset)toxicity)is)also)common)in)
conventional)radiochemotherapy



Logistic(Difficulty(with(Late2onset(Toxicity

! Late2onset(toxicity(causes(major(logistic(
difficulty(for(conducting(phase(I(trials.(

! For(example,(if(the(DLT(takes(up(to(8(weeks(to(
evaluate(and(the(accrual(rate(is(1(patient/week,(
on(average,(five(new(patients(will(be(accrued(
while(waiting(to(evaluate(the(previous(three(
patients’(outcomes.(

! The(question(is:(how(can(new(patients(receive(
timely(treatment(when(the(previous(patients’(
outcomes(are(pending?



Logistic(Difficulty(with(Fast(Accrual

! The(same(logistic(difficult(occurs(when(the(
accrual(is(fast.

! Suppose(that(the(DLT(of(a(new(agent(can(be(
assessed(in(the(first(28?day(cycle.

! If(the(accrual(rate(is(8(patients/28(days,(then(on(
average,(five(new(patients(will(accrue(while(
waiting(to(evaluate(the(previous(three(patients’(
outcomes.

! We(must(determine(how(to(provide(them(with(
timely(treatment.



Existing(Methods(for(Late2onset(Toxicity

! Several(designs(have(been(developed(to(
accommodate(late2onset(toxicity.

! Algorithm2based(approach(
" Rolling(6(design((Skolnik et(al.,(2008)

! Model2based(approach
" Time2to2event(CRM((TITE2CRMI(Cheung(and((

Chappell,(2000)(
" Data(argumentation(CRM((DA2CRMI(Liu,(Yuan(and(

Yin,(2013)



Rolling'6'Design

! A'modification'of'the'3+3'design'
! Pros:'transparent'and'easy'to'implement'
! Cons:'inherits'the'drawbacks'of'the'3+3'design

" Cannot'target'a'specific'DLT'rate
" Low'accuracy'to'identify'the'MTD
" Treat'an'excessive'number'of'patients'at'low'

subtherapeutic'doses





Follow%up(Time(of(Pending(Patients

! Rolling(6(is(also(grossly(inefficient(because(of(

Ignoring(the(follow%up(time(of(pending(patients

! Quiz:(Assume(a(90%day(follow%up(window(and(

that(two(pending(patients(A(and(B(have(been(

followed(3(days(and(87(days,(respectively,(

which(patient(contains(more(information?

! Follow%up(time(of(a(pending(patient(contains(

rich(information(how(likely(that(patient(will(

experience(DLT



Model&based*Approaches

! TITE&CRM
" The*follow&up*time*of*pending*patients*contains*

partial*information*on*their*toxicity*outcomes
" Weights*pending*patients*by*their*follow&up*times,*

resulting*in*pseudo*likelihood
! DA&CRM

" Treat*unobserved*toxicity*outcomes*as*missing*data
" Use*a*Bayesian*model*to*predict*the*missing*data*

based*on*the*true*likelihood
! Both*designs*outperform*the*rolling*6*design,*

but*are*complicated*to*implement*and*subject*to*
the*influence*of*model*misspecification



Can$we$have$a$design$that$is$as$simple$as$the$
rolling$6$design,$but$performs$as$well$as$the$model8

based$design$(e.g.,$TITE8CRM)?

YES!
TITE'BOIN

A,model'assisted,design!



Notation

! Let)! denote)the)pre.specified)DLT)assessment)
window

! ! should)be)long)enough)to)cover)all)DLTs)that)
are)relevant)to)defining)the)MTD

! "# is)the)DLT)indicator,)such)that)"# =)1)if)patient)
experiences)DLT)in)(0,)T],)otherwise)"# =0

! Suppose)that)$ patients)are)enrolled)at)the)
current)dose,)% patients)have)completed)the)
DLT)assessment)(i.e.,)their)DLT)data)"# are)
observed),)denoting)this)set)of)patients)as)&.



Notation

! ! = # − % patients*have*not*completed*the*DLT*
assessment*(i.e.,*their*DLT*data*&' are*
pending/missing),*denoting*these*pending*
patients*as*(.

! ti (< *)*denotes*the*follow=up*time*for*the*patient*
whose*DLT*data*are*pending,*i.e.,*+ ∈ (.



Time
(month)

0 3 6

Decision(time(for(dose(
escalation/deescalation

DLT(assessment(window(=(3(months

DLT

#1

#2

#3

#4

Pending(patients #5

?

?



BOIN%under%Late.onset%Toxicity

! BOIN%makes%decision%based%on%the%empirical%
estimate%(i.e.,%MLE)%of%the%toxicity%rate%at%the%
current%dose

"̂ = ∑%∈' (% + ∑%∈* (%
+

! Problem:%(% is%not%observed%for%pending%
patients%(i.e.,%, ∈ -)

! Strategy:%to%replace%unobserved%(% with%its%
predicted%value%.(%

"̂ = ∑%∈' (% + ∑%∈* /01
+



Impute'Missing/Pending'Data

! Assuming'that'the'time'to'DLT'!" follows'a'
uniform'distribution'over'[0, &],'the'expected'
value'of'(",') ∈ +,'for'a'pending'patient'with'
follow@up'time'," is

-(" = / (" !" > ," = Pr (" = 1 !" > ,")

=
5 1 − ,"&

5 1 − ,"& + 1 − 5
≈
5 1 − ,"&
1 − 5



Impute'Missing/Pending'Data

! Thus

"̂ = ∑%∈' (% + ∑%∈* +(%
,

=
- + "

1 − " (1 − STFT)
,

where'6787 =∑%∈* 9% /; is'the'standardized'total'
follow;up'time (STFT)'for'pending'patients'at'the'
current'dose,'and'- is'the'number'of'patients'who'
experienced'DLT'at'the'current'dose.



Impute'Missing/Pending'Data

! This'approach'is'known'as'single'mean'
imputation'(SMI,'Little'and'Rubin@'2012).

! SMI'yields'an'unbiased'and'consistent'point'
estimate'(Little'and'Rubin@'2012).'

! One'drawback'of'SMI'is'that'the'resulting'
variance'estimate'is'biased'because'of'ignoring'
the'imputation'uncertainty.

! In'our'case,'this'is'not'a'concern'as'the'
decision'rules'of'the'BOIN'only'rely'on'the'point'
estimate'of'!.



TITE$BOIN(Decision(Table((Target=0.3)



TITE$BOIN(Decision(Table((Target=0.3)

STFT((Standardized(Total(Follow$up(Time)(=
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Incorporate*Prior*Information

! In*some*trial,*prior*information*is*available*on*
the*distribution*of*the*time*to*toxicity
" For*example,*for*a*certain*drug,*we*may*know*a"
priori that*the*DLT*is*more*likely*to*occur*in*the*later*
part*of*the*DLT*assessment*window*[0.5%, %].

! The*prior*information*can*be*conveniently*
incorporated*into*the*TITEBBOIN*by*using*
weighted*STFT*(WSTFT)



Weighted(STFT((WSTFT)

! Partition(the(assessment(window([0, $] into(
three(parts:(the(initial(part([0, $/3],(the(middle(
part(($/3, 2$/3] and(the(final(part((2$/3, $]

! Let((*+, *,, *-) be(the(prior(probability(that(the(
DLT(would(occur(at(the(three(parts(of(the(
assessment(window

! WSTFT(weights(followAup(time(using((*+, *,, *-)
! Remarkably,(using(an(informative(prior(for(the(

time(to(DLT(does(not(alter(the(decision(table!
STFT WSTFT



Safety'Rules

! If'>50%'patient’s'DLT'data'are'pending'at'the'
current'dose,'we'suspend'the'accrual.'

! During'trial'conduct,'we'impose'the'following'
overdose'control'/'safety'stopping'rule:

If'Pr # > % &, () > 0.95 and'( ≥ 3,'eliminate'
the'current'and'higher'doses'from'the'trialE'if'
the'lowest'dose'is'eliminated,'terminate'the'
trial'early'for'safety.'

where'% is'the'target'DLT'rate,'and'Pr #0 ≥ % (0, &0
can'be'evaluated'based'on'a'betaGbinomial'model.



TITE$BOIN(vs(R6(and(TITE$CRM
Design'characteristics R6

TITE2
CRM

TITE2
BOIN

Can'it'target'any'prespecified'DLT'rate? No Yes Yes
Allows'to'use'a'cohort'size'other'than'3? No Yes Yes
Uses'follow2up'time'data'from'pending'
patients'to'make'efficient'decision'of'dose'
escalation'and'de2escalation?

No Yes Yes

Can'sample'size'be'calibrated'to'ensure'good'
operating'characteristics? No Yes Yes

Can'the'number'of'patients'treated'at'the'MTD'
be'more'than'6? No Yes Yes

Can'dose'escalation/de2escalation'rule'be'pre2
tabulated'for'simple'implementation? Yes No Yes

Requires'complicated,'repeated'estimation'of'
the'dose2toxicity'curve'model? No Yes No



Simulation

! A+phase+I+trial+with+7+dose+levels.
! The+DLT+assessment+window+is+3+months,+the+
accrual+rate+is+2+patients/month.+

! The+time+to+DLT+is+sampled+from+a+Weibull+
distribution,+with+50%+of+DLTs+occurring+in+the+
second+half+of+the+assessment+window.+

! The+maximum+sample+size+is+36+patients,+
treated+in+cohorts+of+3.+

! The+target+DLT+rate+=+0.2+or+0.3,+with+8+
representative+scenarios+for+each+rate,+resulting+
in+16+scenarios



Scenarios
Scenario Dose+level

1 2 3 4 5 6 7
Target4DLT4rate4is40.2

1 0.05 0.20 0.46 0.50 0.60 0.70 0.80
2 0.02 0.05 0.20 0.28 0.34 0.40 0.44
3 0.01 0.05 0.10 0.20 0.32 0.50 0.70
4 0.01 0.04 0.07 0.10 0.50 0.70 0.90
5 0.01 0.05 0.10 0.14 0.20 0.26 0.34
6 0.01 0.02 0.03 0.05 0.20 0.40 0.50
7 0.01 0.04 0.07 0.10 0.15 0.20 0.25
8 0.01 0.02 0.03 0.04 0.05 0.20 0.45

Target4DLT4rate4is40.3
9 0.30 0.40 0.50 0.60 0.70 0.80 0.90
10 0.14 0.30 0.39 0.48 0.56 0.64 0.70
11 0.07 0.23 0.41 0.49 0.62 0.68 0.73
12 0.05 0.15 0.30 0.40 0.50 0.60 0.70
13 0.05 0.12 0.20 0.30 0.38 0.49 0.56
14 0.01 0.04 0.08 0.15 0.30 0.36 0.43
15 0.02 0.04 0.08 0.10 0.20 0.30 0.40
16 0.01 0.03 0.05 0.07 0.09 0.30 0.50



Simulation

! Compared/TITE3BOIN,/3+3/design,/R6/design,/
and/TITE3CRM./

! Because/the/3+3/and/R6/designs/often/stopped/
the/trial/early/(e.g.,/when/2/of/3/patients/
experienced/DLT)/before/reaching/36/patients,/
in/these/cases,/the/remaining/patients/are/
treated/at/the/selected/“MTD”/as/the/cohort/
expansion,/such/that/the/four/designs/have/
comparable/sample/sizes./

! For/the/3+3/design,/a/new/cohort/is/enrolled/
only/when/the/previous/cohort’s/DLT/data/are/
cleared.



Performance*Metrics

! Percentage*of*correct*selection*of*the*MTD*
! Percentage*of*patients*allocated*to*the*MTD*
! Percentage*of*overdosing*selection*(i.e.,*

selecting*a*dose*above*the*MTD)
! Percentage*of*patients*overdosed*(i.e.,*treated*

at*doses*above*the*MTD)
! Percentage*of*“regretful”*trials*that*failed*to*de?

escalate*the*dose*when*2*out*of*the*first*3*
patients*had*DLTs*at*any*dose.

! Average*trial*duration



Percentage)of)correct)selection



Percentage)of)patients)treated)at)MTD



Percentage)of)patients)overdosed



Selection)percentage)of)a)dose)above)MTD



Percentage)of)“regretful”)trials)



Trial&duration



Summary

! By(leveraging(the(follow4up(time(data(from(
pending(patients,(TITE4BOIN(is(more(efficient(
than(rolling(6(design,(and(yields(comparable(
accuracy(to(identify(the(MTD(as(TITE4CRM.

! TITE4BOIN(is(safer(than(TITE4CRM,(and(can(be(
implemented(in(a(simple(and(transparent(way(
as(rolling(6(design.

! TITE4BOIN(has(great(potential(to(shorten(the(
trial(duration(and(accelerate(drug(development.



Yuan%Y,%Lin%R,%Li%D,%Nie L%and%Warren%KE%(2018)%Clinical'Cancer'Research,%
24(20):4921;4930.



Software

! Windows.desktop.program.for.TITE6BOIN.is.freely.

available.at.the.MD.Anderson.Software.Download.

Website...

https://biostatistics.mdanderson.org/softwaredownload/

SingleSoftware.aspx?Software_Id=81.

! Web.applications.for.TITE6BOIN.is.freely.available.at.

http://www.trialdesign.org.



Software



BOIN%Design%Desktop%Program
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