Methods for Conducting Sensitivity Analysis of Trials with
Potentially Nonignorable Competing Causes of Censoring

Andrea Rotnirzky.! Danicl Scharfstein® * Ting-Li Su ? and James Robins

,_-31\'2

Department~ of 'Biostatisiies and “Epidemiology. Harvard School of Public Health.
Boston, Aassachnselis 02115, 1.5 A,

"Department of Blostatist

ier. Johne Topkins School of Hyvglene and Public Health,

Baltimore, Marviand 21205, U S.A
‘Department of Mathematios and Statistics, Lancaster University.
Lanvaster LAT 4YT. Fngland. T K.
“ermail: dechar! @hsphiedu

=1 ALATARY,

We ronsicer interence for the rreatment-arm mean difference of an onteonne that would have

Leen measnred al the end of a tandomized follow-up =tudy i, during the course of the study, patients had
vt wwitinted o nonrandomized thecapy or dropped out We argne that the reeatmenr-aren mean differcnce
1 not sdentifivd aodess anvertfinble assamptions are made  We deseribe identsfying assnmprions thar arc
tantamount to postulaticg relativnships hetween the components of o partern-mixtore model hut that can
alse b interprered as imposing restricrions on the cause-specilic censering probabilities of a selection model.
We then argue that, althouoh sufficient for identification. these assnmptions are insufficient for inference
due tu the curse of dimeasionalive. We propose reducing dimensionality by specifving semiparameiric cause-
specfie selection modeis, These medels are useful for conducting o semsitivity analvsis to examine how
mfceence for the teeatment-armn mean difference changes s one varies the magnitude of the cause-specitic
zclection hras over a plausible range. We provide methedology for conducting such sensitivity analyvsis and
iNlustrate cur methds with an analysis of data from the AINS Clinical Trial Group (ACTG) study 002,

ey WOHDY

Attrition: Mugmenred inverse probabiliry of censoring weighted estanation; Curse of dimen-

swnaliry, Longitadinal dara: Noncompliance, Pattern-mistare models. Selection bias; Selection models.

L. Introduction

The AIDS Chmeal [rial Group (ACTG) study 002 was a
Advnble-bhind., randomivzed clinieal trial designed to compare
e effieacy and safety of migh-dose AZT {1300 mg/day) ver-
s fow-dose AXT (12000 mysday for 4 weeks and 600 mg/day
thereafrer; i ADS patents (Frerhl et al, 1980%. Berween
Devembaey 2 1956, and Novernber 12 1987, 520 subjects were
cnrolled and randomized to recerve one of the two treatments.
with 267 «ilijects assigned ro high-dose AZ'T and 259 assigned
tu leawv-dose AZ L The design of the study called for clinic vis-
U~ o be made every ¥ weeks, at which time data on CDJ
wmpheeyte connt. total white blood cell count (WIBCY, num-
Let of bonts ol Preumocysie: cermn poenmonda (PCPY. and
whether or not Lhe sulject was <till taking the assigned AZT
Teatment were to be obtained. In this article we will be con-
rornecd with the analvais of data from the Arst four postbose-
line elinie sisits.

Sume pitients stopped coming ru their scheduled eline vis-
it~ and uthers had intermuttent cinie visits, ie |, missed a clinic
vl b retnrned for a lster one. In the high-dose AZT arm
137 sniyjects <topped their chnie visits and 22 had interrmt-
teus clinie sasits Fot the low-dose AZT arm. these figures

Ware L1 aned 25, respertively,

During the rourse of the trial, evidence from other stodies
pointed to the potential benefits of prophylaxis therapy for
POP. Tn Augnst 1987, the study was revised to allow the use
of prophivlaxs therapy for subjects who experienced a secondd
bout of PCP. In April 1935, the study was further changed
to allow all subjects to use prophylaxis therapy. Except for
general guidelines, the decision whether or when to adminis-
ter prophylaxis therapy waos left up to the patients and their
phvsicians, A= a vesult, prophvlaxis therapy was a nonwran-
domized treatment embedded in the randomized trial. Of the
261 {250 patieuts in the high-dose {low-dose) AZ'LD arm, 13
(30 had mnitiated prophylaxis at or prior to weck 32,

The witiation of a nonrandomized therapy (ike prophyfaxis
complicates the analvsis of even an ideal and unrealistic trial
in which no patient misses a clinie visit, I the ponrandom-
ized therapy mflucnces the ourcome of interest and the rates
of therapy differ in the two freatment arms, then differences m
the observed oulcome distribarions of the two treatment arms
do not necessarily reflect treatient effects because these dif-
ferences might only be dne to the Fact that the rate of therapy
i bigher in one arm than in the other. in the ACTG study,
the rate of prophylaxis therapy was higher in the low-dose
arm, and it is biologically plansible thar prophylaxis therapy
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1)t

gt nave a teneflolal effect on T count by preventing
POF sneve PO s an cprertunistie fection that can stimn-
lare HINV sepucativn

Theretere, ene immportant publie nealth question 1alsed by
ACTEC (02 12 whether or not high-dese AZT would have had
adifferent effect than low-dose AZT had all subjects recerved
entwal prophy lasas thorapy Tnothis article, we are concerned
with addressing the following specific grestion Wonldd there
have been a difference between ~he means of CD4 count at
week 32 in the two reeatment arms o the hvpothetical sce-
narto mn which no subjees missed the clinic visit at week 32 or
started prophviaxss rherapy during the conrse of the taial?

Tu Section 6. we note that, under our analytic model, unless
all parients return to Lhe elinic visit al week 32, data obtained
ot patients subsequent te mussing a chinie visit ov inttilating
prophviaxis therapy is, asymptotically unintormative for in-
ference about the treatment. mean ditterence of interest, Thus,
1 our analvses we disregard the data obtained on subjects
aubsequent o their first missed clinic visit ar their rime of ini-
tiation of proplvlaxis. With a shght abuse of terminology. we
refer to the first fime a subject misses o clinie visit as his/her
drop-vut titae In our approach, we regard drop-out and ini-
tiation of prophylaxis as competing causes of censoring

In Hection 3. we argue that the (reatment-arm-specific
menans of interest and hence their difference, denoted as A
are ool dentifiable from the dara recorded n ACTG 002
To identify them, we must make nonverifiable assumptions.
We then deseribe a class of nonverifiable. identifying assump-
tions. In doing so. our purpose 15 twofold, First, we want to
molate a set of unrestable assumptions, i e, asswrnptions that
can t be rejected by any statistical test, that are sufficient for
identification of A, Our second objective is to provide various
interpretations of these identifying assumptions with the goal
of facilitating communication with the field investigators. We
argue thiat these ascumptions essentially encode the a prior,
unverifiable belief about the influences of unmeasured prog-
nostic factors for CDd count a1 week 32 on the decision of
subrpocts to drop out of the study and of doctors to prescribe
prophylaxis therapy. Our propozsal i= to model these influences
via |aonidentified) cause-specific selection-bias functions. We
recormnmend couducting a sensitivity analyels to examine how
ipference abour A changes as one varles the selection-hbias
functions over plaustble ranges.

2. ACTG 002 Data Configuration

‘T hroughout, we refer Lo a subject that has not dropped out or
started prophvlaxis at or prior to visit # as uncensored at visit

Bwmetrics, Marech 20001

£, We sav tnar the subject is censored duce w drop-ont {pro-
philaxis nsed by visit £ 1 he/she missed o clinie visit {started
prophy laxis) at or prioe to visit # aod prior to initiarion of pro-
plivlazas (missing aclinde visiny Let X0 00f the subjec, 1= as-
signed (0 the Jow-dose AZT arm and X = 1 atherwise Deline
ot =1L LLoas the wector (CDd: TWRBC. POPLAZTA.
denoting the CD4 count and whire blaod cell eount at visit £,
Le., at weelk &8, the number of PCP bouts expenenced prior
to visit ¢, apd the indicator thar rhe subject iz taking some
AZT at visit { that would be recorded {possibly contrary
to fact] if the subjecr is not censored at or prior to viait £
Let ¥ — D4, Qur goal 15 to conduect inferences aboul the
treatment—arm-specific means E{Y | X = r) and rtheir differ-
ence A =LY X=1]—-1{V]|X -0
For ¢ = 1, ... .4, define the cause-specific censoring indica-
Tor

0 the subject is nncensored al visit ¢

1 if the subject was censored by visit £
due to drop-out,

2 if the subject was censored by visit £,
due to prophylaxis nse.

and set Ri_qy — Bp =0 Let O = 35 1if iy =0 andl €
min{f{ © R £ 0] otherwise. We regard the observed data
in trial 002 as 520 realizations of the random vector O =
(R.X, V- where R = (Rp...., By)and, farany t = 1. .5,
T W Vi Vi1

In Table 1. we present the cumulative percentages of sub-
jects who were censored due to drop-out, censored due to
prophylaxis use. and remained uncensored at each clinic visit,
stratified by treatment arm. Note thai 60% (%) of subjects
are censored due to drop-onr {prophylaxis use) in the high-
duse arm compared with 51% {12%) in the low-dose arm. 'a-
ble 2 presenis summary statistics of the time-varying covari-
ates Vi for nncensored subjects at each visit time, siratified
by treatment group.

3. Identifiability and a Sensitivity Analysis
Philesophy

In the ACTG 002 study, the observed data O does not identify

either E(Y | X = z} or A nunless f23 = 0 with probability onc.

By this we mean that, even if the law of O was entirely known.

this would not suilice to determine what the true values of

E{Y | X — x)or A are. To see this, write f(Y | X) as the

Table 1
Churnulialive pereenioges of subects who were censored due to drop-out, censored due
prophylaris use, and remamed uncensored at each chinee visit, stratyfied by treatment arm

Group Status Week 8 Week 16 Week 24 Week 32
High duse  Censored due tu drop-our 21.07% 35.26% 18217 60155
Coensored due to prophylaxis use L15% 1935 4.21% 6.90%

Unecensored TT.TRYE £2.18% 47.51% 32.95%,

Low dose Censored due to drop-out 13.80% 27.41% 37.84% 50.97%
Censored due to prophylaxis use 1 545 3.47% 6.18% 11.58%

Uncensored L1.56%; 69.11% 53.98% 37.45%




Senwpteity Analysie with Competing Causes of Cruzsoring 103

Table 2
Mewr C0d WRC POFP. and perceniane of subjects whas took thew asswigned AZT

trectipe 0T annerng wneereered salects al each chonee sl strabihed by teealient group

Varinhle

Wk 16

Cronp Baaseline Week 2 Weelk 24 \\'t:ek;??

1)1 Tiigh dose 85,43 140,70 10%.99 23,45 267
Low dose 86 50 11699 104 22 7704 76,22
WBC 100 High dose 32,95 37 74 3.7 31 33 32,29
Low dose 3500 31,93 Y756 31,52 33 5%
PCT High dose 00 0,03 0,11 0.19 0.45
Low dose 6 06 001 0.10 0.31 047
VARCE igh dosc 100 01 R6.21 91.46 03,35 90 70
Low dose 10U 00 01.32 94,11 93.10 95,28

PO AT

Y Xi=RY R - 0XWPIR =0] XD

2 I
NP Ry 0KV A0 X,

{1
whers
fotr iy - /lf"y VB = Ry =2V X
¥ JiV, f- Ry, = 3. XV
I this mixture, the law f13° Bo- Ry, | - 2 WL XL

being the distribution of ¥ a eensored population, is not
identitier] by the ohserved data O, This implies that f{Y | X
and Fi Y X are also not wentified from €

i strateey to resolve toe jdentification problem is to pos-
tulare & known exponential tt relationship between f{¥ |
Ao 0V X ithe distribution of ¥ for uncensored sub-
jerts at cach oceasion ¢ with a given recorded history Vi) and
JY VR - R,_. = 4. Vi, X (the distriburion of ¥ for pa-
tents with the same recorded past that are censored at time
rdue tuoa specific causel e for - 1., 4. we apecify
furc tinme g (Y. ¥y X and g0(Y, Vi X)) and postulate that,

for p = 1.2,
f (Y [ By = Ryoy :J~i’f"\;]
Y TR =0, Ve, Xyexp {a, (Y, Vi, X0 }

E :exp{c,rgj (Y, Vg..\'}} "Ry = OfﬁX\

= (2)
Note that (2] lmplicitly assumes that f(Y ! Ry — 0.V, X3
and f{Y | Ri—R,_;. =3, Vi. X)) = 1,2, have the same sup-
parts. Uhe cxpectation Elexp{q (Y. Vi, X1} R, =,V X
in {2} exists becanse ("4 count. and hence Y. has bounded
support. In the Appendix. we show by reverse induction thar
assumption (2] ideatifies F{Y | X))

Using Bayes' rule, it is easy 1o verify that relationship (3}
1% equivalent to assuming that

P(Ri=j E, = 0Y,V.X}
P(Ri=0 R, p=0Y.V.X)

log

= h.fj (L}n. )(\J + gty (Y\ ‘/}XJ ) (3\

whare hU(\Vt,X], t=d....,1, 3 — 1.2, are defined via back-
ward recursion as {ollows:
P(Ri=j| Ry =0V X}

hy (Vi X = o - - {- 41
(Ve Xi=lo o (V5. X) (4]

with

mr (Vi X) =L

I{ity — O ?_rl_il_lm (Y Vi hfexp {q, (Y. V2 X))

"

— H \'L——Zexp{hu (171-

F=t:1 L i=:

Foernn (Y Ve R)

—| By~ Vi X

L

’X} rq’lﬁ‘I{.Y‘W:-X}} ]

and T o {-} - L.
Equation (31 shows that specifying the functions ¢;. { =
LAand 7= L2, s tantamennt 1o quantifying the influ-
et of ¥oon the odds that patients drop out at clime visic £
and the odds that doctors prescribe prophvlaxis therapy be-
Dheen visits £ 1 and /L afrer adjusting for all the recorded
progneatic factors up to visit £ — 1 Thus, @ determmines how

1 enters into a polytomous logistic regressiun model for the
cause-specific probabilities of censoring. We refer to the fune-
tions ¢y, as cause-specific sclection-bias functions. Because
by specifymg the functions ¢, we do not place any restrie-
tions on the distribution of the observed data O, restriction
(21 with given qq,'s determines a nonparametvic model for the
law of the observables, Models that make explicit assumptions




T Brometri

sbour rue consaring mecnans ale reforred to0in the messing
data literatnie as selertion modeis ) Little and Rubin, 19871
Tnocenteasr norels <leab reblste the dlatriburion of (e out-
cotte e the unccusare! popnilation to taat of the censored
popdarion are teferred to as patte nomixtare models (Lt le
D309l We have shown that o wadel that specifies just
the selerrinn-blas funetions o, s a nonparametric model that
b ieterpretation botl as a selection maodel and as a sequen-
tial ol ler - lare mocte

Yhe fullowine two ke remarkes provide the formal pustif
cation for the sensitivity anasbsis philosuply of this article.
Forst. the functions g, are not deutified herause all cholees
of rthese Mnetions are comparible with the law of the ohaerved

Jdata Toms, no staristical rest can reject any specific chiolee of

Gy Sercnd, specification of the fuactions g, ¢ 1
;- 120 ddentifies the treatmeut-arm-speciiic distribution

of 17

Lhe frst remark 1= in lice with intuition Becanse the

4 and

sclection-bias functions quantifv the influences of unnieasured
prognostie fuetors on rhe decistons of subjects to drop out
and start prophylaxis, it would be scienrificallv unreasonable
thiat then wonld be ulentified in the absence of further in-
formation about these factors. The second remark says that
indend we can ldentify the treatment-arm means vnce we pos-
ralare the selection-bias functiong. Since the data contain no
evidence anout tae selection-bias funchions, we recommend
repeating the unalvsls cstimaring the trestrmont means un-
der a range of selection-lnas bunetions judged plausibie by
the ficld expert Ch recommendation is not new. The mnpor-
tance of ronducting several interences 1ather than a single one
has been noted by many authors (Lirtle and Ruhin, 1987; Lit-
tle. L99d: Clopas aud T 19971 Seusitivity analyvees conducted
Ly making different wnverlilable assnmptions have been dis-
enssed in the missing-dara literature by Tlaker, Hosenberger,
and DroSimeonian | 1992 Nordheim {1#xd;, Robins {19973,
Ruormtzky, Robine, and Scharfstein (1998, Scharfstein, Rot-
niteaky. and Rubns 11994 and Robins, Rotmtsky, and Scharf-
stein {20007 and in the cumpeting risk Hierature by Klein and
“oeschberger (19%21, Slud and Rubinstein (1983}, and Zheny

s, March 2001

and Kiem 11995, 19081 Owur proposal difers fiom these ars
ticles in rhat we allow for selection baas funclions thar are
catse specific, This methodelogy i= partienlarty attractive in
tne ACTG 002 trial becanse there is no o prrove teason Lo
Frelieve that unmeasured progonostie factor< fon Y influcnce
identicallv the decieion of patients 1o drop onr of the study
and of daocrors to prescribe prophvlaxis therapy,

Specifying that gp, 18 equal to zero {or all # and § is tan-
{amonnt to wssuming thar the recordod data constitute all
the prognostic lacrors for D4 count that physicians use to
prescribe prophiviaxis therapy and thal patients vse ro de-
cide whether or not to return to the next clinie visit, Ac-
cardingly, when ¢, = 0 {or all # and ;. we suy than consor-
ing in explainable: atherwize. in aceordance with the missing
data terminology, we say rhat censoring 18 nomgnorable. Ex-
plainahle censoring is related to the assumption of ne unmea-
sured confounders of Robins et al, [1992) and ro a sequential

version of Rosenbawm and Rubin's (19230 strong ignorability
assumption. Techoically, explainable ceonsoring is not equrva-
lent to the assumptlion that the data are missing ar random
{3ARY, as defined by Rubin (1976}, The MAR assnmption
says thal subjects uncensored at time # and subjects censored
ar time ¢ with the same recorded past have the same disteibu-
tion of the entire current and future vaviables (Y, V), where
YV, - {V...... V.. Explainable rensoring, on the ather hand,
specilics that, among subjects with the same cecorded past,
the population of subjects censored due tu each cpecific canse
at time ¢ has the same disteibution of the outcome of interest
Y as that of the population of uncensored subjects at time
t. We note howeover that it would be rare i practice that
cxplainable censoring wonuld hold but rhe MAR would not

4. The Curse of Dimensionality and the Need for
Additional Modeling

Inference ahout E(Y
only that the fuactions g, arc known requires estimation of

X = r) under a model that assumes

anknown functions of V;, For example, smee E(Y | X =7} is
the functional of the law of the ohsorved data,

I(Ry=01Y

EY N=r=E¢ —-

=1 =1

[T]:- S exp{h, (Vi) +a, (Y. VL))

then, when Vi 1s discrete for all ¢, its nonparametric maximum
likedihood estinator { NPT 15 calealatod by evaluaring the
expectation under the empivieal law of the observed data and
replacing A, Vil with e NPAMLE. FL\.J iV, r1. obtained by
veplacing 1 {47 the popnilation distribnirions by the empirical
distributons, When ¥ bhas at least one continuous compo-
nent. then one needs to estimare b, | uring smoothing tech-
niegpes. nfortunately, when V) has rwo or more eontininons
ceinponents impractically large sampie sizes will be required
fuor E{Y X = rj to have an approximately centered nor-

miai =ampling distriburion with variance small enough ro he

of substantive use. This is s0 because, with moderate sam-
pte sizes, cssentially no two untts will have Vi-vectors close
cnongh wo one another to allow the borrowing of information
necessary for smmeothing. This phenomenon is usually referred
to as the eurse of dimensionality (Huber, 19%5: Robins and
Ritow, 1847]

The curse of dimensionality brings an Important practi-
cal lmitation: in order to obtain well-behaved estimarors of
EiY X = 71, we must plare restrictions on the law of the
observed data, O. Little (19895) and Hogau and Laird {1997a)
review currently available methods placing strong paramet-
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v o noserned cata law. These metnorls de
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allw for vedlspespecae censoring mechansms and ean

1

ol

. wlin Leesilieer - by el onoselection medels or

i

el bttt neaele s Thene wo sosusner the ssodel-

rateedes ol cnlrasy the featees o sensitiv oy anal

Lo Lo vacleis approachies

Punanetrae seie taon wodelss Digele and Kenward (1994,
Sanen 1 ES Abnenberalis beenward, aml Lesaffre (19597,
ul Ensmannee Dl aned Zabmer (10967 as- e {10 a pata-
poetine el Lor Lne condincnal disteil nien of O piver 15
Cad v sdencd s and i a paramerric model for the con-
crioitab dwmtribnton of Y- oghven X dndexed by ono where ¢
il 3 are aranion mdependent A sensitvity analvss then

buth the assumed parammetric forms

oy eren that one s
o o censorine mechani=m and o toe fult data law, The
selIpaArame i seiectien muodels deseribed below specify onls
mwdes o the censonneg probabilities thue reduciug fhe nura-
e o d=nnlmprions tooaary oo sensitivity analvsis
{firqaneini, or semiparametrie pottern-mrrture modefs, Ra-
w0 10770 Herzop and Rabin {19530, Litcle {1993, 19%d), and
Dittle andd Wang (L9060 assume {10 4 paramcliic, semipara-
ne-tno wl nonpararnetie model for the conditional distribu-
Lo of Cwiven X indexed byoa finite dimensional parameter
and pussibly an infinite dinensional parameter A, (11 para-

netrie modeks for the conditional distributions of
N oand O — #omdesed Ty &, where (AT and (S &)
e varistion independent parameters and [0l restrictions
wit 18, L& suffiment for adentification of f(1Y | X In
wiost approaches, the sdentifving restnictions i {1l are tan-

5 given

FaLY

vt e parametenzing either {a) the ratios 1Y V.
AO-00AHY VLX O - s 1ol the densities of subjerts
dropping oul ot two consecutive oceasions and wirh the same
recorded past or Th the ratios f{Y 1V X, = £/ f(Y

Vi T =0 ot the density of subdecrs droppmg ont at time
t ot the densine of the complerers with the same recorded

past. | nese paramererizations have an important limitation
ier conducring senzitiviey analvais Spectically, there 15 no
uatural parameter valne associated with explainable censor-
iz reg.. the raties in either (al or (b being all equal to ope
Jdoes not ply explanable cenrormmg . In contrast, under the
seguentia] pattero-mixtare model (200 the tinctions ¢, =10
cortesponet (o explainable censoring, therefore allowing the
studsy of sengivhyiry of inferenees to local departures from this
AssIELprLn

Hundom effects madels Random effects models make cither
the selection modet assumptions (1) and (i) (Follmann and
VW 19975 W and Carrall, 19%%; Schluchter. 1962 DeCoud-
tola aned Ju, 1994, Tswaris, DeGruttola, and Wulfsohn, 1995
Ul Lhe pattern-mixture assumptions (D-{i0}; {Wu and Bailey.
Uy, 104 Hogan and Lasrd, 19970, 1998 except that they
replace X with X7 - (X3, where o) is a random effect. A
sunsgivity anolvels then tequires that one alse varv the as-
sumptions on the random effects distmibution,

Semiparnmetrie setertion madels, These models place para-
mtric restyictions only on the functions Ay, e, they assume
oV X = byl Vi.X:n"} where By Ve X i3 a known
tietiin and 77 15 an unknown finite dimensional parameter
vector with trae valne i his, mocontrast with the para-
Mgtnie selecton medes approach. the semiparametiric selec-
fien gocel approach makes no assamptions abeut the law

af ¥= Hecause the semiparametric sclection mode]l restricts
the law of rhe chserved data. then. at least in principle, we
ran check our assumprions on by, and g, ,. However since rhe
lanetional form ol g, ds not wdentified when the functions h.,
are lelt unmiestricted, our ability to check the valility of the
assunted functional form of ¢, relies entirely upon the correct
specification of e This, any medet checking of ¢, is indeed
rantamount ru checking the assumed parametric form for A,

Iherefore, rather than checking the assumed model for

we recomnend that inferonce aboutl the treatment-arm CD4
coutt means be conducted under various plausible selection-
bias functions q;, (still regarded as known in the analysis). Tn
addinon. since inference can be =zensitive o misspecificarion
of the model for A; ;. we recommend choosing a flexible para-
metric model for A;;. In the Appendix, we show how to com-
pute estimators of the treatment arm-specific means vnder
the semiparametric selection model when the selection-bias
functions gy, are regarded as known.

5. Analysis of the ACTG 002 Study

U'sing the sstimatme equations given 1o the Appendix mn this
section. we estiinate the treatment arm-specific CD4 means

in tnal 002 al week 330 sav e o 0.1, under the model

. I v P .
that assumes that ¢, (Y. Viorl = 7Y and 2y, {

e, (Vo min™ ) where

FY

he, [V, il = ’?C':;‘: — nql";) log (C1 , + 1)
Dy b WBC,

s\ PCR Ly b AZT,

g = 't = i o s o e =
1.. ..5.3=1,21, and n" denores the true value of n: Le.. we
assume that. in each treatment arm. the cause-specific cen-
soring probabilities follow separate polvtomous logistic regres-
sion models with occasion-specific intercepts. The parameter

HE fet . . . . N
7.7 {r," ] has the interpretation as the increase in the condi-
tional log odds of dropping out (initiating prophyvlaxis) versus
remaining on stndy between subjects in treatment arm  who

- - : [
ciffer by one in CDd count at week 32. The valies ©77 =0,
¢y — 1,2, correspond to explainable censoring in treatment

armL x.
To our analvees, we regard the selection-blas parameters

77,3 =L2and z — 0.1, as fixed and examine how our

inferences change as they vary over a plansible range of values,

in Figure 1. we present point estimates of the CD4 count

means in Lhe high-doze arm for values of 70 .7 — L2 ranging
from —0.0% to 05, This range was chosen for ilustration
purpases onlv. In practice, we recommend that this range be
selected 1n consultation with the field expert. In Figure 1. the
estirnated trealment-specific means are increasing functions of
TIIUI anel 75[]'_ ‘This reflects the fact that larger valies of these
parameters imply that more subjeets with Targe vabues of the
(possibly] unobserved ("D at week 32 either drop out or
initiate prophylaxis therapy Furthermore, for fixed values of
the prophyvlaxis parameter 73[]". the treatment-specific means
are very sensitive to the drop-out paramerer 'r:”'l. In contrast,

~ 103 s
for fixed values of 777, the treatment-specific means are not
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Figure 1.
weel 32, ;. as o function of the drop-out selection-bias pa-

. ) HE
and the prophvlaxis drop-out parameter, 7
uncler model (5],

[
raqeter, T

L. p
VORIV sensitive Lo 7,

5 - Lhis reflects the fact that, as shown in
Tuble 1. drop-our is muen more prevalent than inidiation of
proplivlas.
In Figure 2.
specifie seleetion biag in the two trgatment arms In Lhis fignee,
o each plot we fixed the prophy laxi< and diop-ot parame-

e unestigate the effect of differential canse-

ters inbthe low-dose arm 4t one of the values TJ"' = —0.02. 0,

or 002 and .’:I:”: —= (b or 0.02, On each plot, on the horizontal

. . - . "1
axei owe varied the wien of the prophylaxis parameter .,
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amd on the vertical asis we varied the levels of the drop-out
pararmeter T; Mo tae hizh-dosge zroup, For each cambination
of selection-bias parameters, we performed a tesr fat the 1.03-
leveli of the null bvpothesis Ho: gy, — g1 with rhe selection
bias parameters regarded as fived, hach plot in Figure 245 a

aotour plot of the Zostatist (7, - o)y var{in —fol, " asa
function of the two selection-bias parameters in the high-dose
ay, (s g - 0L and var weiwe computed using the moeth-
ods described in the appendix.) The Hnes o each plot repre-
sent tie combination of seleetion bins parameter valnes that
lead to Z-statistics equal to 196 and - 1,96, Above the 1,96
line, we would conclude that high-dose AZT was preferred to
lowerose AZT: and below the — 196 line, we would conchiude
that low-dose AZ']l was preferred to high-dose AZT. Between
the two lines, there 15 ingullicient, evidence Lo reject the null
ivporhesis Hy ar the (0.05-lovel. The dot in each plot cor-
responds to explainable censoring in the high-dose arm, l.e.,
T,_I‘l: = Ti,” = 0. The dot in the middie plot of the first column
corresponds to the assumption of explainable censoring in the
rwo treatment arms. 'Phe estimated (D4 count menns in rhe
two treatment arms under this assumption were 64.90 and
69.25 for the ngh- and low-dose AZ'T arme, respectively. but
the difference did not reach statistical significance (p-value =
1.2%) In contrast. the means among subjerts uncensored at
week 32 were T2.67 and 76.22 in the high- and low-dose arms,
respeatively (see Table 2). [he lower means under explain-
able censoring are possibly reflective of the fact that censored
subjects (Le.. drop-outs and prophslaxis users) tend to be
sicker than those who remain uncensored. The plots in Vig-
ure 2 demonstrate that significant differential drop-out biases
wiotild have to accur i arder to conclude that one AZT dose
is preferred Lo the other. For example, the plots on the top
row correspond to substantial nonignorable drop-out in the
low-dose arm, with subjects with Jower C14 counts at week
32 belng mare likely than others to drop ont. Under this sce-
nario, we would reject Hy and conclude that the high-dose
arm is preferred only under the assumprion that in the high-
dose arm there is also suhstantial nonignorable drop-ont but
with opposite directionality 1o that in the low-dose arm.

Tu assess the dependence of the sensitivity analvsis on the
assustned model for Ay ;. we have separately repeated the anal-
vsis under each of the two following more restrictive models
for them:

I

b (Vioeimy = g + 7}"'1?I bog { D4 gy + 1]

+ ??;j)'['[,’BCl: iy 7’;;"]36*}3“'_]]

— 0 AZTY ), {6)

e (Vi, o) = q[,{J' F oy CD4 o + T;:fij-'l'i“gc",;!_lf.

i

Vol PCP L i AZ {7)

Figures 3 and | display the contour plots of the Z-statistics
{jis — fig i/ vartin — fn) 't under (6) and {7). The conclugtons
of the analysis under {71 are nearly 1dentical as those under
the less vestriclive model {5}, In coutrast, the conclusions of
the analysis wader (8) difier from those under (3) in many
regions of the selection-bias parameter space. Assuming that
the larger model (3} is correct. for each value of the selection-
s parameters. we subsequently conducted a test that the
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Figure 2. Contour plots of Z-ctatistic {under model (31) comparing low-dose versus high-dose mean CD4 at week 32 as

, . s ] . . o . . H) i
1 functing of 7, and 77 (high-dose cause-specific selection-hias parameters) for fixed values of =, “and T {low-dose

case-specifie selection-hias parameters) ranging from - 0.02 to 0.02 and 00 10 0 02, respectively.

e | Fp . 1 i1
alien model (6] was true, ia, o test thar r;,]" = 7323 =
i I . L -

Nip = oon 00 Notosurprisingly, the test rejected (results

nut shown for roost values of the selection-bias parameters in
which the conclusions of the two analvees diffored In conrrasr,
1test that model (7) i trae did not reject over the entire
wlecrion-bins parameter region This is in agreement with the
Peant rnade in Sectwon 4 thar inference can be sensitive to
Wiis

beaneation of the model for the function Ay, and in line

With uur recormmendation of choosing a flexible model for he,

6. Final Remarks

[n this article, we considered methods for conducting sensitiv-
itv analysis when two reasons [or censoring are present. The
semiparainetric polytomons logistic regression selection mod-
els of this article can be trivially extended to settings with
more than two canses for nonresponse.

in our analysiz, we have dizregarded data obrained on o
subject subsequent to the fimst missed clinde visit or afier the
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Couteur plots of Z-statistic (under model (6] comparing low-dose versus ligh-dose mean CTH at week 32 as

. - . . ) i
(high-dese cause-specific selection-bias parameters! for fived values of ri and 0 {low-dose

canse-specific selection-bras parameters} ranging from —0.02 to (0L02 and 0.0 to 0,02, respoctively.

patient imtiates prophylaxis. Tudeed, we have done so for ro-
bustness reasons. Specifically, argning as in Rorniteky et al
FI998). it can be shown that, it the conditioual probahili-
ties of not returmmg to the chinie and of conrinuing prophy-
laxis therapy, PURy = ;0 B,y 10 X VYT, J = 1.2
are Ieft unrestricted for all R e By #0000 and
are strictly les< than one. then the data ohtained on sub-
jeets afrer nussing a visit or after nitiating prophylaxis does
not asvinprotically provide information abont the treatment-

sperific means. Since the above probabilities are not identified
from the clinieal teial data, we have chosen not to mmpose ad-
ditional nonidentifiable modeling agsumptions on these proba-
hilitles and therefore have disregarded the data obtained sub-
sequent to a missed clinic visit,
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Nous nons i Gressuis au test dune différence IMOVENne en-
s grunpes de rraitement randomisés pour une réponse qui
S1n'y avalt pas eu de patient avant débuté un traitoment
'”‘iT-I't: que le trailement randomiszé o sneore de patisnts sortis
Totude, auvait @¢ ohscrvée & la fin de Tessad. Nous affirmons

que la différence moyenne ne peut pas étre estimée i moins de
fatre cdes supposttions v érifiables, gui reviennent & postuler
des relations entre les composantes d'un modéle & mélange de
populations, mals qul pouvent auss) ére mterprétées commes
Fimpesition. dans an modéle de sélection. de contraintes sur
les probabilités de censnre relarives 4 chacue morif de censure.
Nous affirmons ensuite que, bien que suffisantes pour effectuer
une eslimalion, ces suppositions ne permcticm pas Vinférence
proprement dite. en raizon de la dimen=ion du probléme. Nous
proposons de réduire la dimension du probléme par la spécifi-
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cetivn semi-paramAtrgque de eodeles e censur, modgles res
Irmh A enadue reotif pusmulp de coensure. Ces mudiles peu-
reconriinds poar condulee des analvaes de rehustesse
dans un inre:-

pernettont et adier connen” s vanietions.
valle olan=illc, dn slads de =fleetzon L & nn reotif de consare
aifertonl le tesr de la différence movenne entre gronpes de
traitement Noms decrivens ln méthodoelogie d'une telle anal-
wor e rotmstosse et Mllisrrone sar les danndes dun essal daus

le wicdin P ATDS Clincal Trial Growp dtade 0027,
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APPENDIX

Qugroended Inevrse Probatility of Cuouse-Specefie
Cenaoring Estinaling Equalions

I orde 1o obtlain Figures 1-4. {or cach fiaed saluc of 7 7' =
:r'l' r, 1 we estimated
rately inocuch treatmenr arm oo, Thas, without Joss of gener-

ality, we ehminare the auperseript and subscript z from the

and pr = EiY | X = 1) sepa-

parameters and consider the one-sample problem of cstimat-
mg the CDG count mean F{Y 1 n une rreatment armi, We used
the following «xtension of the methods proposed by Rotnitzky
et al o 199%) and Scharfstein et al, (14999;, For each fixed value
uf 7. the estimators 9 and [ solve the joint system of estimat.
g egquations. T OO, o7 0 where the summation
in aver tae ~uhjeces in the specific treatment arm being con-
sdered, E0Q, rp e 71 - AL (O o7V E0{0q )Y
NN S
Lir,

Tin (Y V- T
iy v

. L
= ZZJ[Ja,i__, = 0]

i

- .

rR i, =0 Y, Vg T
N Ry - R - e
/ Fdd Vg )

< (Vi)
t.) iViin® 12 oa posably data-dependent vector fanetion of
the zame dinwnsicn as o whose defindtion s given later in
this section, 7,0, Vi-poml = l[izf Tt Y. Viin, T and log
{a YV mVim (Y, Vic m} = by (Vi — e Y V0
71 Under regntarity conditions, (f. ) are consistent and
asvmprotically normal. A kev to the ronsistency of (5.7 is
the fact that LO: v, 070 Is an unblased estimatime function,
Lo B s (00O o) = 0 whweee the subseript (. e )
indicares that the expectation is raken with respect ta the
distriburiun warh parameters (.. 7).
We computed conslstent estimators of the asymptotic vari-
ance of (7. 1) using the sandwich variance estimator
T W N !
SU (0,0, 4, 7]
n § PR
— RSN
‘L" r R P - L
b 2 U073, 07U (00 for)
1=
n I . -~ 5 -
. : = QU (O h. e
' )

=1

In vur analyvses, we used for all values of 72 and 74 the

functions

@i, (Vi) =0, (Vi i)

L 2
— Z Zﬁm; f\Y, Vi 1 (_}:} Wl (‘_/m: 7.

miml =1

whore L,-S'r‘;[\‘;"g; ) = 8h,(Viinlidn and 9 is the maximum
likelihoond estimate for 77 when rp = 73 — (. Thiz cholee gives
the semiparametric eflicient estimator for g when vy = ro =10,

Proof That Relationship (2) Identifies f(Y ' X)

We argne by reverse induction, The law f(Y | Ry — 0, V3, X,
being a law 1in an uncensored population. s identified. Now
suppose that f{Y |, By = 0,V X is identified. Then f{Y¥ |
Ry — Ry_y, - 3. Vi, X) is also identified by relationship (2).
But then f(Y | By, = 0, Vi 1, X) is identificd because ir
equals T5_g P(R, = j | Hy v = 0LVio X)) [ f(Y | By -
By =4 Ve X1 (Ve | Be Ry_qy = j.Vio:. X)dV; and
P(Re =) | Ry |, =0Vi,X)and SIVi | Re Ry, 1, =
7V, 1, X0 are identified by the observed data. Finally, f(Y
X1 is identified by egqnarion {1},




