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The ESPRIT Infusion Trial I

Study of the e®ectof Integrilin therapy on outcome for patients
undergoing coronary stent implantation

Study Design and Features:

2 Randomized, placebo-cortrolled trial - 1024 on placebo and 1040
on experimental treatment

2 Experimental Integrilin infusion for 18-24 hours

2 Qutcome: composite endpoint of death, MI, or urgent target
revascularization at 30 days

Conclusion: Outcome (failure rate) reducedfrom 10.5% (on placebo)
to 6.8% (on treatment) which was signi cant (p=0.0034).

@100 Symposium on Causal Inference 3 NC STATE UNIVERSITY



After the study concludedthat Integrilin therapy was e®ectie in
reducing the failure rate, attention focusedon determining a
\recommended" treatment duration.

Treatmen t duration decision:

2 Infusion length endswhen attending physician deemsit
appropriate (physician discretion); generally between 18-24 hours

2 Bailout - infusion immediately stopped if patient experiences
adverseeven
{ abrupt closure
{ nore°ow
{ coronary thrombosis
{ failure outcome

Thus, actual infusion is stopped either by physician discretion or the
occurrenceof a treatment-terminating adverseevert.
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‘ Research Goal I

What should be recommendedinfusion length? More precisely
what should be recommendedinfusion length policy ?

De nition:  Infusion length policy for t units of time
Infuse for t units of time or until a treatment-terminating event
occurs, whichever comes rst.

This treatment policy is a simple example of what Murphy, van
der Laan and Robins (2001) JASA refer to asa dynamic
treatment regime

To addressour goal, we must be able to estimate the mean
response(probabilit y of a failure) asa function of treatment
duration policy.
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Integrilin  Duration for Patients with No Adv erse Events I

hours no. of pts
16 ( < 17) 61
18 (17-19) 479
20 (19-21) 194

22 (21-23) 85
24 ( > 23) 111
930

Table 1: Table of Treatment Completion versusOutcome
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Response Summary for Integrilin Patien ts With
Adv erse Events

Status no. of pts no. of failures
Early Term. 106 20 18.9%
(< 17) 89 19 21.3%
(17-19) 11 0 0.0%
( 19-21) 6 1 16.7%
Completed 930 51 5.5%
1036 71 6.8%

Table 2: Table of Early Treatment Termination versusOutcome
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Summarizing

2 Adverseeverts occurred early
2 Poor outcome assaiated with adverseevens

2 Infusion duration was between 16-24hours
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ldeal experimen t: Randomized study

N

Randomize patients to di®eren treatment-duration policies

N

Know patient treatment assignmein

N

Patients are, on average,similar acrosstreatment policies

N

Compare failure rates among randomized policies
(Intent-to-treat analysis)
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In an Observ ational Study

Patients are not randomly assignedto policies. The study of the
duration of Integrilin infusion on outcome is an example of an
obsenational study embeddedin a randomized study.

This creates two dixculties

2 No longer reasonableto assumepatients are similar across
assignedtreatment durations

2 Unlik e the randomized study, the intended treatment policy is
not known (censored)for patient whoseinfusion is terminated
becauseof an adverseevent
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Observ ed Data I

The data in an obsenational study can be summarizedas
2 Y = binary 30-day outcome (failure indicator)
2 U = obsened infusion length

2 ¢ = 1 (infusion stopped by physician discretion)
= 0 (infusion stopped by adverseeven)

N

Z (U) = covariate history through time U

N

For simplicity, we considera nite number of treatment duration

With sud data how do we answer the researt question of interest?
For that matter what is the researt question?
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Causal Mo dels

2 Conceptualizethe problem and de ne the parameter of interest
using potential outcomes(counterfactuals) as de ned by
Neyman, Rubin, Holland and Robins

2 Model the treatment decision (infusion duration) process

2 Make assumptions. Are they feasible?
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Framew ork, Metho ds and Assumptions

The Conceptualization of the Problem using Poten tial
Outcomes (What if Outcomes)
For a randomly selectedindividual in our population, let

2 C = time to adverseeven if continuously treated
2 Y,? = responseif treatment terminated at time t; t - C.
2 7(C) = covariate history

Let us denotethe all the potential outcomeshy

W = fC;Y,”;t- C;Z(C)g
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2 Imagine that we get to obsene W = fC;Y,’;t - C:Z(C)g for
every patient in our sample. Then, the responseto a treatment
duration policy of t; units is

Yi'rc = Y I(C, )+ YZI(C < t):
2 Goal: Estimate 1j = E(Y,'xc);] = Li1:K
2 Easy if we had the potential outcomes,but, of course,we don't

2 We only get to obsene the responsesaccording to the actual
Infusion duration ead patient was assigned
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Assumptions

What assumptionson the treatment decision (infusion duration)
processwill allow usto identify the distribution of Yt;-’AC through the
obsened data?
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‘ Observ ational Study I

2 Assumption No Unmeasuredconfounders

,i(W) = P U=t;¢=1U, tj;W=1fC;Y’;t- C;Z2(C)g
a

= P©U:tj;¢:1jU, tj;z(tj) :;j(zj);

hazard for stopping infusion at t; with physician discretion.

2 In words, this assumptionimplies that the conditional
probability to stop or cortinue treatment at time t;, given that
the patient has cortinuously received treatment without
experiencing an adverseevent, only dependson the obsened
covariate data up through time t; and not additionally on other
potential outcomes.

Symposium on Causal Inference 17



Question

2 Using the above assumptions,can we construct a consisten
estimator for 1; ?
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‘ Main Result I

Use of inversepropensity scoreto derive estimator

Let R; denotethe indicator of whether the treatment that
patient | receivesis consistert with the policy t;

That Is,

Ri 1if (Ui=1t;¢i=1)or (U <t;¢;=0)

= 0 otherwise
De ne the propensity scoreby ¥4 (W) = P(R; = 1jW)

The inversepropensity scoreestimator (IPSE) is given by
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‘ Motiv ation I

2 Supposeeveryonein the sareplewas assignedto policy t;; hence
Yi:Yi;'fjAC,then By = ni t in:1 Y,

2 Howewer, not everyone is assignedtreatment consistert to policy
y

2 Therefore, take every onein the samplethat is consistert with
the policy t;; i.e. fi : Rj = 1g, and weight their responseby
1=Y4(W;), sothat they not only represen their responsebut also
the responseof others that didn't receiwe this treatment policy
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‘ Motiv ation I

2 The IPSE is a sampleaveragewith mean

Yo Y. Yo Ya - Y — Y
Rj Y 4_ Rj Yt?’\ c Rj Yt?" C— ’
E - =EBE - =E E W
(f(W) /g(W) /3(W)
e B
1/11(W) tj"C ]
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‘ Prop ensity scores I

2 What is the propensity score%4 (W) = P(R; = 1jW)?

2 SinceW is not obsened, can the propensity scorebe written asa
function of the obsened data fU; ¢ ; Z (U)g?
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‘ Prop ensity scores I

2 The propensity score% (W) equals
fli ,1«(W)gE :::E11j ,j; 1(W)gE ,;(W) if C>t
fli ,:(W)gE (it E11j | c;(W)g If C<t
2 Becauseof the assumption of No UnmeasuredConfounders
f1i , 1209 (£ 115 ), 125 )98 ,j(Z)) if C>t
fli ,1(Z1)gE (i £ 11 ,1c;(Ziep)g if C<

where
W)y =Pr(U=1;¢ =13U, ;W)

(2 =PrU=t;¢ = 14U, t;2))
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‘ Inverse prop ensity score estimator I

2 De ne
i 1
fi1(Z)) = ,i@Z) fli ,m@Zm)g
m=1
Vi
Kj(Zj) = fli ,m(Zm)g
m =1
2 Consequetly,
W = Ry _1Ui=t;¢i=1) 1(Ui<t;¢;i=0)
D Y(W) fi(Zi) Ku1(Ziu1)
2 Hence,IPSE estimator is
X
I\j = n' 1 Wij; Yi
i=1
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Estimating fj(Zj) and K[U](Z[U])

We estimate f; (Z;) and Ky;(Zu;) through the k discrete hazards,
i (Zj ); ] = 1;:::;k, which are modeled as a function of a parameter
vector °, using the obsened data. A cornveniernt and natural choiceis
the logistic regressionmodel for | ; (Zj) as a function of Zj

exp(®oj + °3;Z))
1+ exp(o + °J Z))

i(Zy) =

One may derive the obsened data likelihood as

N lv]_l/Z o ?/41(Ui:tj;¢i:1)
Lij (°)

1o LiLi (%)

L(°;D;j) = f1i .5 ()g ™,
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‘ Asymptotic Prop erties I

We have cast our estimator as an m-estimator, i.e. ; is the rst
elemern in the solution vector to the system of equations

0 1
X @Al.(Yi;Di;I‘,-;‘“n) A= o
=1 A(DI’ n
where
1/|(u—t ¢i= 1) 1(U<Ij;e —0)3/4
R = (Y i1 =40 = < s =
= W) T Ko o)
~ @
A- = —logL(°:Dj):
@ g( I)

Hence, under suitable regularity conditions, ; can be shovn to be
consistent and asymptotically normal.
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Analysis of ESPRIT Infusion Trial

The key assumptiondriving this methodology is that of

No Unmeasured Confounders
We emphasizedthis point with the investigators

General belief was that, other than the adverseewents that
necessitatedtermination of treatment, the infusion duration was
a matter of physician preferenceand cornvenience

Potential Confounders:

{ Time Independert Covariates: Diabetes, PTCA, Angina,
Heparin, Weight,

{ Time Dependert Covariate: Enzyme levels (recorded every six
hours)
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Table 3: T1; denotesan overall evert rate, T,; denotesan uncensored
even rate, I‘j(o) IS the proposedestimator assumingno confounding is

presen, I\j(l) IS the proposedestimator assumingconfoundingis presert
through baseline factors only, and I‘j(z) IS the proposedestimator as-

suming time-dependert confounding.

y(hrs) | Ty Ty O n n
16 |.133 .016 .047(.021) .040(.016) .044(.018)
18 | .045 .046 .066(.010) .066(.010) .070(.011)
20 | .065 .062 .079(.017) .078(.017) .078(.017)
22 | 047 .047 .071(.024) .071(.024) .067(.022)
24 | 108 .108 .116(.027) .121(.035) .109(.032)
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‘ Placeb o patien ts I

G ns) | Ty Ty 20 a® a0
16 | .187 .097 .106(.036) .116(.040) .131(.045)
18 | .073 .071 .083(.012) .083(.012) .091(.013)
20 | .116 .116 .125(.022) .125(.022) .126(.022)
22 | .070 .070 .081(.026) .079(.026) .079(.026)
24 | .187 .187 .191(.033) .170(.031) .124(.024)
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‘ Discussion I

2 Through potential outcomesand inverseweighting, we proposed
a method to estimate mean responsefor treatment duration

policy at time t where only naive and ad hoc methods had been
usedbefore

2 Estimator is consistert and asymptotically normal under the
proposedassumptions

2 Simulation studies show that our estimator performs well in
realistic samplesizes
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‘ References and Future Direction I

2 For discrete time approximations, results can be found In
Johnsonand Tsiatis (2004) Biometrics 60: 315-323.

2 Generalizedto estimate duration-responserelationships in
cortinuoustime
Johnsonand Tsiatis (2005) Biometrika 92: 605-618.

2 Optimal duration policies, where timing may additionally be
In°uenced by covariate history in a way to obtain best overall
averageoutcome may be considered

Symposium on Causal Inference 31



