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I. Dynamic Treatment Regimes in Public Health

Objectives of this session:

² Introducethe notion of a dynamictreatment regime(or adaptive
treatment strategy) through two casestudies(Marie, Butch)

² Describe methods for making inferenceabout particular dynamic
treatment regimesfrom randomizedstudiesand from observational
data (Marie, Butch)

² Describe a generalframework for thinking about and designing
dynamictreatment regimesand in particular for identifying the
\ best" dynamictreatment regime(Susan)
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I. Dynamic Treatment Regimes in Public Health

Dynamic treatment regime:

² \Individually-tailored" sequenceof treatment steps

² The next step of treatment is determinedaccording to subject
outcomesand information up to that point

² Consistentwith clinical practice

Issues:

² What are the optionsat eachstep?

² What information shouldbe usedto selectan option at eachstep?

² What shouldbe the timing of the steps?

² What is the \ best" sequenceof treatment steps?

² From what kinds of studiescan we learn about all of this?
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Estimation of Survival Distributions
for Treatment Regimes in Two

Stage Oncology Trials

Marie Davidian
Department of Statistics

North CarolinaState University

http://www.stat.ncsu.edu/ » davidian

(Joint work with A.A. Tsiatis, J. Lunceford, A. Wahed)
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1. Dynamic treatment regimes for cancer

Goals of cancer therapy:

² Induceremissionof disease,usuallyusingpowerful
chemotherapeutic agents

² Maintain remissionas long as possiblebefore relapse/recurrence,
e.g., by administeringadditionalagentsthat intensifyor augment
the e®ectsof the initial induction therapy
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1. Dynamic treatment regimes for cancer

A particula r dynamic treatment regime: For a givenpatient

² Step 1: Treat with oneor more coursesof ¯rst-line induction
chemotherapy A

² Intermediateoutcome: Observewhether\ response" occurs

² Step 2: If \ response" occurs,give maintenancetherapy B . . .

² . . . else,if \ response" doesnot occur (so A did not inducea
response),do somethingelse,e.g., try a second-linetherapy B 0

² \ Response" typicallyde¯ned ascompleteor partial remission,tumor
shrinkage,etc.

Primary outcome of interest: E.g., in cancer,disease-freesurvivaltime
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Step 1 Step 2

(Primary Trt) (Intermediate (Secondary Trt)
Outcome)

Schematically: The speci¯c regime\Give ¯rst-line induction therapy A
followed by maintenanceB if responseelsegive second-linetherapy B 0"
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1. Dynamic treatment regimes for cancer

Options: There may be more than onepossibleregime

² More than onepossible¯rst-line induction treatment (Step 1), e.g.,
two optionsA1 and A2

² More than onepossiblemaintenancetreatment if responseoccurs
(Step 2), e.g., two optionsB1 and B2

² More than onepossiblesecond-lineinduction treatment if no
responseoccurs(Step 2), e.g., two optionsB 0

1 and B 0
2
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1. Dynamic treatment regimes for cancer

Eight possible regimes or strategies:

1. A1 followed by B1 if response,elseB 0
1

2. A1 followed by B1 if response,elseB 0
2

3. A1 followed by B2 if response,elseB 0
1

4. A1 followed by B2 if response,elseB 0
2

5. A2 followed by B1 if response,elseB 0
1

6. A2 followed by B2 if response,elseB 0
2

7. A2 followed by B1 if response,elseB 0
1

8. A2 followed by B2 if response,elseB 0
2

Question: How do theseeight regimescompare on the basisof
disease-freesurvivaltime?
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2. Randomized trials for dynamic regimes

Possible ways to compare:

² An eight-arm randomizedtrial?

² Combineinformation from a seriesof trials?

² Somethingelse?
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2. Randomized trials for dynamic regimes

\SMART" Trial: SequentialMultiple AssignmentRandomizedTrial
(Randomizationat ² s)
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2. Randomized trials for dynamic regimes

In red: Regime\ A1 followed by B1 if responseelseB 0
1"
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2. Randomized trials for dynamic regimes

SMART Trials: Susanwill lay out a rationaleand framework for this
kind of trial for designingand comparing dynamictreatment regimes!

² As long as the number of optionsat each\ decisionnode" is the
samewith sameprobabilities,analysisis straightforward

² \ Balanced"

It turns out: A certain kind of \ not quite as SMART" trial is common
in oncology. . .

² Analysisis a little more fancy . . .
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3. Case study: CALGB 8923

Cancer and Leukemia Group B (CALGB) Proto col 8923: A trial
with two randomizations,conductedin early 1990s

Background: Acute myelogenousleukemia (AML )

² At the time, standard induction chemotherapy
(daunorubicin+cytarabine)

² Standard chemotherapy ) myelosuppression) increasedrisk of
death due to infection or bleeding

² Add to standard chemotherapy + granulocyte-macrophage
colony-stimulatingfactor (GM-CSF) to reducerisk of these
complications(but could possiblyworsenleukemia.. . )

² Standard chemotherapy might be followed by \ intensi¯cation
treatment" if there is a response
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3. Case study: CALGB 8923

As before:

² Step 1 options: A1 = Standard chemotherapy, A2 = Standard
chemotherapy + GM-CSF

² If response, Step 2 options: B1, B2 = \ intensi¯cation" treatments
I and II
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3. Case study: CALGB 8923

Common oncology trial design: \ Two stagerandomization"

² After enrollment,randomizeall subjectsto induction therapies,
e.g., A1 or A2 (\ stage1 randomization")

² Observeintermediateoutcome, e.g., \ response"

² Randomizerespondingsubjectsto maintenancetherapies,
e.g., B1 or B2 (\ stage2 randomization")

² Subjectsnot responding follow up with their physicians
(no \ stage2" randomization;only option)

² Continueto monitor all subjectsfor the outcomeof interest,
survivaltime

² Sometimes: The nonrespondersare randomizedat stage2,
respondersare not
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3. Case study: CALGB 8923

Four possible regimes:

1. A1 followed by B1 if responseelsefollow up = A1B1

2. A1 followed by B2 if responseelsefollow up = A1B2

3. A2 followed by B1 if responseelsefollow up = A2B1

4. A2 followed by B2 if responseelsefollow up = A2B2

Question: How do thesefour regimescompare on the basisof
disease-freesurvivaltime?

² E.g., meandisease-freesurvivaltime, proportion survivingwithout
diseaseafter 1 year, etc.

² Which regimeto recommend?
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3. Case study: CALGB 8923

CALGB 8923:

² Double-blind,placebo-controlled,two stagerandomizationtrial

² A1 = standard chemotherapy + placebo A2 = standard
chemotherapy + GM-CSF

² 338 elderly(> 60 years old) patientswith AML

² \ Response" = completeremission

² B1, B2 = intensi¯cation treatmentsI and II

² Goal: Compare the four regimeson the basisof disease-freesurvival
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3. Case study: CALGB 8923

Schematic of CALGB 8923: Randomizationat ² s
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2. Randomized trials for dynamic regimes

Regime A1B1:
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4. Analysis

Standard analysis:

² Compare responserates to A1 and A2

² Compare survivalbetweenB1 and B2 amongresponders

² Compare survivalbetweenA1 and A2, regardlessof subsequent
response/randomization

Issues:

² Doesnot addressdirectly the questionof interest

² An induction therapy (A) may yield higherproportion of responders
but alsohaveother e®ectsthat rendersubsequentintensi¯cation
treatments(B ) lesse®ective

² \ Delayed e®ects" (Susan)
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4. Analysis

Question of interest: For eachregimeAj Bk , j = 1; 2, k = 1; 2

² Estimatethe meandisease-freesurvivaltime underregimeAj Bk

² I.e., estimatemeandisease-freesurvivalif the entire AML
population were to follow regimeAj Bk

² \ Following" Aj Bk meansgive Aj initially followed by Bk if
responseelsefollow up

How to estimate this quantit y from the data in the trial?

Symposium on Causal Inference 20



4. Analysis

Basic idea: To estimatethe meanfor Aj Bk , usedata from all subjects
whoseactual experienceis consistentwith havingfollowed Aj Bk

² Assumethat whetherresponseoccursdependsonly on A

² All subjectsreceivingAj who respond and then are randomizedto
Bk are consistentwith Aj Bk

² All subjectsreceivingAj who do not respond and henceare not
randomizedat stage2 are alsoconsistentwith Aj Bk

² Key: Must combinesurvivaltimes from thesesubjectsin an
appropriate way. . .

An appropriate way: This is an \ unbalanced" SMART trial

² ) A weightedaverageof survivaltimes

² Considerthis heuristically. . .
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4. Analysis

Consider A1 only (A2 analogous) : Ideally, supposeeveryonewere
randomizedto A1B1

² Nonrespondersto A1 ) follow up

² Responders) all get B1

² Natural estimator: Sampleaverageof all survivaltimes (unweighted)

In the trial: Supposerespondersare randomizedto B1 or B2 with
probability 1/2

² Nonrespondersto A1 ) follow up (sameas before)

² Half of respondersget B1, half get B2

² The half who get B2 havemissingsurvivaltimes as far as A1B1 is
concerned
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4. Analysis

Result: To estimatemeanfor A1B1 from the trial

² The nonrespondersrepresentthemselveseither way ) weight = 1

² Eachresponderrepresentshim/herself and anothersimilar subject
who got randomizedto B2 ) weight = 2

² Usual\ inverseprobability weighting" for missingdata

² To estimatemeanfor A1B2, switch the roles
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4. Analysis

In symbols: Let

Ti = survivaltime for subject i , i = 1; : : : ; n,
Ri = 1 if i respondsto A1, Ri = 0 if not
Zi = 1 for a responderrandomizedto B1, Zi = 2 for B2

P(Zi = 1j Ri = 1) = ¼(= 1/2 in previous)

Estimato rs: n¡ 1
nX

i =1

Qi Ti or

Ã
nX

i =1

Qi

! ¡ 1 nX

i =1

Qi Ti ,

Qi = 1 ¡ Ri + Ri I (Zi = 1) ¼¡ 1

² Qi = 0 if i is inconsistentwith A1B1 (i.e, is consistentwith A1B2)

² Qi = 1 if Ri = 0

² Qi = ¼¡ 1 if Ri = 1 and Zi = 1

² To estimateS(t) = P(Ti > t), estimateF (t) = 1 ¡ S(t) by
replacingTi by I (Ti · t)
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5. Wrinkles

Survival outcome: Subjectsmay die before havinga chanceto respond

² Nonrespondersat the time of death, Ri = 0

Censoring: Survivaltime may be right-censored at time Ci

² AssumeK 1(t) = P(Ci > t jA1)

² Considerrestrictedsurvivaltime, i.e., survivalup to time L such
that K 1(L ) > 0

² ObserveVi = min(Ti ; Ci ) and ¢ i = I (Ti < Ci )

² If Ti is not censored for subject i , Vi = Ti , i representsK ¡ 1
1 (Vi )

individuals,includinghim/herself, who could havebeenuncensored

² Estimator becomes
n¡ 1

nX

i =1

¢ i Qi

K 1(Vi )
Vi
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5. Wrinkles

Consent of responders: In CALGB8923,somesubjectswho did
respond refusedto be randomizedat the secondstage

² In CALGB8923,» 90% consentrate amongresponders

² \ Intention to treat " perspective: Considerinsteado®eringAj

followed by o®eringBk if responseelsefollow up

² Rede¯ne, e.g., \ A1 followed by Bk if responseand consentelse
follow up" (so make comparisonswithout regard to di®erentialrates
of consent)

² So rede¯ne ) Ri = 1 if subject i both respondsand consentsto
further participation

² . . . As opposedto attempt to ask the original causalquestion,with
this noncomplianceas a nuisance() observationalstudy)
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6. Discussion

Remarks:

² Couldequallywell randomizesubjectsup front to regimesand use
thesesameestimators

² Fancier(in terms of e±ciency) estimators are possible

² Methods for testing alsopossible

² If SMART trial is balanced, no needto do weighting

Looking forward to Susan:

² Dynamictreatment regimesare what is donein clinical practice

² The regimeshereare simpleand preconceived:two stagesonly,
decisionrule at step 2 basedon the singlevariable \ response"

² Methods to designdynamictreatment regimesare needed

Symposium on Causal Inference 27



7. Demonstration using potential outcomes

One way to formalize the rationale for weighting: Again considerA1

regimesonly (A2 analogous)

² Supposethere are n subjectsrandomizedto A1 and that subject i
haspotential outcomesT11i , T12i

² T1k i = survivaltime i would haveif i were to follow
(or be o®ered) A1Bk , k = 1; 2

Question of interest: Estimatemeandisease-freesurvivalif the entire
AML population wereto follow regimeA1Bk

² Distributions of the T1k representsurvivalin the population if all
subjectsfollowed A1Bk , k = 1; 2

² ) Want to estimate¹ 1k = E(T1k i )
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7. Demonstration using potential outcomes

Of course: Do not observeboth of T11i , T12i for eachi

Do observe: (Ri ; Ri Zi ; Ti ), i = 1; : : : ; n

² Ri = 1 if i responds, Ri = 0 if not

² Zi = k if i is randomizedat stage2 to Bk , k = 1; 2
(de¯ned only if Ri = 1)

² P(Zi = 1 j Ri = 1) = ¼= probability of secondstagerandomization
to B1 (after ¯rst stagerandomizationto A1) if response

Consider k = 1: Want to estimate¹ 11 = E(T11i ), k = 1; 2, basedon
observeddata (Ri ; Ri Zi ; Ti ), i = 1; : : : ; n

² The estimators discussed(basedon observeddata) may be shown to

be consistentfor ¹ 11, e.g., n¡ 1
nX

i =1

Qi Ti
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7. Demonstration using potential outcomes

Want to show: E(Qi Ti ) = E(T11i ), Qi = 1 ¡ Ri + Ri I (Zi = 1) ¼¡ 1

Assume: For subjectsrandomizedto A1

² If Ri = 0, T11i and T12i are the same;thus

Ti = (1 ¡ Ri )T11i + Ri I (Zi = 1)T11i + Ri I (Zi = 2)T12i

Using: Ri (1 ¡ Ri ) = 0, I (Zi = 1)I (Zi = 2) = 0, etc.

E (Qi Ti ) = E [ T11i f (1 ¡ Ri ) + Ri I (Zi = 1)¼¡ 1g]

= E [ T11i E f (1 ¡ Ri ) + Ri I (Zi = 1)¼¡ 1jRi ; T11i g ]

so want to show

Ef (1 ¡ Ri ) + Ri I (Zi = 1)¼¡ 1jRi ; T11i g = 1
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7. Demonstration using potential outcomes

Ef (1 ¡ Ri ) + Ri I (Zi = 1)¼¡ 1jRi ; T11i g

= Ef (1 ¡ Ri ) + Ri I (Zi = 1)¼¡ 1jRi = 0; T11i gP(Ri = 0jT11i )

+ E f (1 ¡ Ri ) + Ri I (Zi = 1)¼¡ 1jRi = 1; T11i gP(Ri = 1jT11i )

= P(Ri = 0jT11i ) + E f I (Zi = 1)jR1 = 1; T11i g¼¡ 1P(Ri = 1jT11i )

= P(Ri = 0jT11i ) + P(Ri = 1jT11i ) = 1

Because: By randomization,

E f I (Zi = 1)jR1 = 1; T11i g = P(Z = 1jR = 1; T11i ) = P(Z = 1jR = 1) = ¼

) randomizationensuresi 's assignmentto B1 doesnot depend on i 's
prognosis

For k = 2: Sameargument, now Qi = 1 ¡ Ri + Ri I (Zi = 2)(1 ¡ ¼)¡ 1,
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