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ABSTRACT  

Many trials are designed to collect outcomes at or around pre-spec i fied times after randomiza tion. If ther e is v ari ability in the times when partici- 
pa n ts a re actually as s es s ed, this can pos e a challeng e to le arning the effect of tre atme n t, since not all p articip ants h av e outc ome as s es sme n ts at the 
times of in te res t. Furthe rmore, o bs erv e d outc ome values m ay not be r epr ese n tative of all p articip a n ts ’ outcome s at a given time. Methods h av e 
be en dev elope d th at ac c ount for some types of s uch irre gula r a nd inform ativ e as s es sme n t times; how ev er, sinc e thes e me thods rely on un tes table 
as sumption s, s en sitivity analys es are ne e de d. We dev elop a s en sitivity analysis me thodo lo gy th at is benchm arke d at the exp l ainab le as s es sme n t 
(EA) assumption, under which asse ss me n t a nd outcomes at each time a r e r ela ted only thr ough da ta c olle cte d prior to th at time. Our me thod us es 
a n expone n t ial t ilt ing assumpt ion, gov erne d by a s en sitivity analysis parame ter, that posits devi ation s from the EA as sumption . Our infe re n tial 
strategy is based on a new influence funct ion-based , augme n ted inve rse in te nsity-wei gh ted es timator. Our a pproach allows for flexible se mipa ra- 
metric modeling of the observ e d data, which is separa ted fr om spec i fication of the s en sitivity parame ter. We app ly our me thod to a r andomiz ed 
trial of lo w -income individuals with unc ontrolle d asthm a, and we i l lustra te implementa tion of our est imat ion proc e dure in detail. 

KEYWORDS: asthma; exp l ainab le as s es sme n t; influe nc e function; inv e rse in te nsity wei gh ting; se mi -pa ra metric es t imat ion. 
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1 INTRODUCTION 

a ny ra ndomized trials are designed to collect outcome infor-
a tion a t or ar ound certain pr e-spec i fied times after random-

zat ion. In pract ic e, how ev e r, the re ca n be subs ta n ti al v ari ability
n the times when p articip ants ’ outcome s are actually as s es s ed.
uch i rregul a r assess ment times pose a challenge to learning the
ffect of tr ea tme n t, simila r to th at pose d by missing data. While
he goal is to learn population mean outcomes and tr ea tment ef-
e cts at c ert ain t arget time s, not all p articip ants are as s es s ed at
hose times, and the observ e d outc omes m ay not be r epr esen-
ative. For exa mple, pa rticipa n ts may miss or postpone data col-
ection a ppoin tme n ts at times whe n their outc ome is w orse, s uch
h at outc ome s in the study dat a t end t o be bett e r compa red to the
opulat ion distribut ion. In other studies, p articip ants may tend
o h av e as s es sme n ts at times when their outcome is worse—for
xample, if the study c olle cts data at “as-ne e de d” a ppoin tme n ts.
e say the asse ss me n t times a re i nf o rma t ive if the distribution of
 bs erv e d outc omes at a given time d iffer s fr om the popula tion
istribution of outcomes at that time. 
A n umbe r of infe re n ti al me thods h av e be en dev elope d for
rospe ctiv e studies with inform ativ e as s es sme n t times. All ap-
roache s impose unte st ab le as sumption s about the j oin t dis tri -
e c eiv e d: O cto ber 28, 2022; Revis e d: O ctober 22, 2024; Ac c epte d: Nov e mbe r 27, 2024 
The Author(s) 2024. Published by Oxford University Press on behalf of The In te

ourn als .permis sion s@oup.com 
ution of the outcome and as s es sme n t time proces s es. Lin and
ing ( 2001 ) posited se mi -pa ra metric r egr e ssion mode ls with
ime-varyin g co variates for the outcome and as s es sme n t time
roces s es, and they used an assumption that the 2 proces s es
re c ondition ally indepe nde n t give n thes e time-v aryin g co va ri -
t es t o cons truct es t imat ing equat ions for the outcome r egr es-
ion pa ra mete rs. Their a pproach was ge ne r aliz e d by sev eral au-
hors to allow for depe nde nc e betw e en the outc ome and as-
 es sme n t time proces s es through l ate n t va riables (eg, ra ndom
ffects and frailty terms) in addition to cov ari ates in the out-
 ome re gre ssion mode l ; see, for ex ample, Sun et al. ( 2007 ),
un et al. ( 2011a ), Sun et al. ( 2011b ), Liang et al. ( 2009 ). Lin
t al. ( 2004 ) instead dev elope d an invers e inten sity weighting
pproach, also within an est imat ing equat ions framework, un-
er which the outcome and as s es sme n t time proces s es can be
s s oci a ted thr ough past o bs erv e d outc omes a nd time-va rying
ov ari a tes tha t ar e not included in the outcome model. There-
or e, their appr oach allows infer ence for the ma rginal mea n of
he outc ome proc ess . Inv e rse in te nsity wei gh ting a pproaches
 av e also be en dev elope d by B ̊užková and Lumley ( 2007 , 2009 ),
 ulle n aye gum and Feldm an ( 2013 ), and Sun et al. ( 2016 ).
ther authors h av e use d li keli hood -based a pproaches c ouple d
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FIG URE 1 As s es sme n t times and outcomes in the As thma Resea rch for the Community (ARC) s tudy. Pa nel A: as s es sme n t times b y tr ea tme n t 
arm. The protocol called for asse ss me n ts at 3, 6, 9, and 12 months after randomization, but there was substantial variability in the actual times 
of as s es sme n t a round the se t argeted time s in each a rm. Pa nel B: outc ome tra je ctories for a s amp le of p articip ants, showing their score on the 
As thma Con trol Ques tionnair e (ACQ) a t each as s es sme n t time. Outcomes fluctuated con siderab ly over time for some p articip ants. 
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with as sumption s that o bvi ate the ne e d for modeling the as-
s es sme n t time process: Lipsitz et al. ( 2002 ) used a pa ra met-
ric approach, while Chen et al. ( 2015 ) and Shen et al. ( 2019 )
use d c omposite l ikel ihoods cond itioned on orde r s tatis tics to
express the c ondition al density of observ e d outc omes in terms
of the outcome density of int erest. As not e d abov e, the key
caveat for all of these approaches is that un tes tab le as sump-
tions are ne e de d; ther efor e, s en sitivity analysis would be a valu-
able addition to each method. This is analogous to methods
for trials with missing data, which require un tes tab le as sump-
tions such as missing at ra ndom. The re, se nsitivity a nalysis
h as be en re c ognize d as a n importa n t compone n t of the a naly-
sis; s ee, for examp le, the report, The Prevent io n and Trea tment
of M issing Dat a i n Cli nica l Tria ls (Na tional Resear ch Council,
2010 ). 
Inve rse in te nsity wei gh ting a ppr oaches r ely on the assumption

that as s es sme n t a nd outcomes at each time t ar e r ela ted only
thr ough study da ta o bs erv e d before time t , s uch as baseline c o-
v ari a tes, tr ea tment assignment, times of earlier as s es sme n ts, a nd
outcomes a nd time-va ryin g co v ari ates o bs erv e d at those ea rlie r
as s es sme n ts. We refe r to this assumpt ion as ex p la inab le assess-
ment . While it is less restrictive than assuming that outcomes and
as s es sme n t times are unrelated or related only through baseline
v ari ab les, the exp l ainab le as s es sme n t ass umption m ay not hold
in some studies. For examp le, s ome p articip ants c ould h av e a
new downturn in their health that also preve n ts the m from at-
tending a data c olle ction a ppoin tme n t. The r efor e, it is importa n t
to as s es s how infe re nc e ch a nges unde r depa rtur es fr om this as-
sumption. 
Here, w e dev elop a s en sitivity analysis me thodo lo gy, anchored

at the exp l ainab le as s es sme n t assumption, for est imat ing the
population mean of the (possibly unobserv e d) outc ome val-

ues at a fixed time after randomization. Our method ac c ounts 
for the possibility that p articip ants with worse outcomes at a 
given time may be more (or less) likely than other p articip ants 
to h av e as s es sme n ts at that time, even after controlling for va ri -
ab les o bs erv e d earlier in the study. Our est imat ion approach 
uses a new influence function-b ased a ugmen te d i nv erse i ntensity- 
wei ght ed estimator, which allows for flexible se mi -pa ra metric 
modeling whi le al lowing for root- n rates of c onv e rge nce for our 
est imator. Addit ional ly, al l modeling of the o bs erved d ata is s ep- 
ara te fr om the s en sitivity pa ra mete r. 
We apply our methodology to the Asthma Research for the 

Comm unity (ARC) s tudy ( Apt er et al., 2019 ), a pr agmatic r an- 
domized trial of 301 lo w -income p articip ants with unc ontrolle d 
as thma. Pa rticipa n ts in the active control group re c eiv e d us ual 
care plus ac c ess to and training in a w eb-base d portal designed to 
improv e c ommunication betw e e n pa rticipa n ts a nd their health- 
car e pr oviders. Participants in the intervention group re c eiv e d 
home visits b y comm unity health workers t o promot e care coor- 
dination and help with the use of the patie n t portal, in addition 
to usual care and portal training. The primary outcome was the 
score on the Asthma Control Questionnaire (ACQ) ( Juniper 
et al ., 1999 ), reflect in g symptoms o v er the w e ek prior to as s es s-
me n t. The s tudy protoc ol calle d for outc ome data to be c olle cte d 
at 3, 6, 9, a nd 12 mon ths afte r ra ndomization; how ev e r, resea rch
c oordin ators w e re ofte n unab le to s chedule d ata co llection ap- 
poin tme n ts un til subs ta n ti ally l ate r tha n the se t argeted time s.
Figure 1 shows the actual times of as s es sme n ts . Addition ally, in 
the in te rve n tion (con trol) a rm, 4 (10) pa rticipa n ts had 0 post-
base line asse ss me n ts, 9 (8) had only 1, 24 (29) had only 2, and 
34 (27) had only 3 post -b as eline as s es sme n ts. 
Data on spec i fic reas on s for delays were not c olle cte d; ho w -

ev er, inv e stigators be liev e th at d iffic ulties in rea chin g pa rtici -
pa n ts we re la rgely due t o fact ors such as p articip ants’ compet -
ing work o b ligation s a nd othe r de ma nds on their time, whe re 
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 articip ants m ay h av e paid les s clos e a t te n tion to reques ts for
ollo w - up asse ss me n ts during times when they were function-
ng w ell. There w ere also some delays whe n pa rticipa n ts waited
o return contact from project st a ff because they were not feel-
ng well enough or were seeking tr ea tme n t or were hosp itali zed.
igure 1 also shows outcome trajectories for a s amp le of partic-
pa n ts, with subs ta n ti al increas es and decreas es in ACQ Score
ver time for s ome individuals. G iven all thes e factors, it is pos-
ib le that as s es sme n t at time t may be as s oci ated with the out-
ome at time t , even after a djustin g for v ari ab les such as pre-
ious outcome values. The distribution of as s es sme n t times in
igure 1 is similar in both arms, as is the distribution of inter-
s s es sme n t times (not sho wn); ho w ev er, this does not indicate
ha t tr ea tme n t effect es t imat ion w ould rem ain valid if w e faile d
o ac c ount for inform ativ e as s es sme n t times in the an alysis . For
xample, the direction or strength of inform ativ eness c ould be
iffe re n ti al acros s treatme n t a rms. 
The rest of the paper is organized as follows: in Section 2, we

ntr oduce nota tion and define exp l ainab le as s es sme n t. In Sec-
ion 3 , we prese n t our se nsitivity a nalysis fra mework a nd model
s sumption s. Section 4 de t ails our e st imat ion proc e dure. In Se c-
ion 5 , we d isc uss cal ibration of the s en sitivity pa ra mete r. A re-
nalysis of the ARC study is provided in Section 6 . A simulation
tudy is presented in Section 7 , and Section 8 concludes with a
 isc ussion. A tutorial i l lus trating imple me n tation of our estima-
or on simulated data is provided in Web A ppendix A .1 of the
upplemen ta ry Mate rials , along with all code and the simulated
 atas e t. 

2 BACKGROUND  

2.1 Sett ing an d n otat ion 
e consider a trial with a con tin uous outcome in which partic-

pa n ts a re ra ndomized to either tr ea tment or control. Each par-
icipa n t’s outcome is as s es s ed at bas eline and at s ome n umbe r
f s ubse que n t times, whe re the timing and pos sib ly the num-
e r of pos t -b as eline as s es sme n ts va ry b y pa rticipa n t. The goal of
he trial is to learn the population mean outcome under tr ea t-
e n t ve rsus con tr ol a t one or mor e fixed follo w - up time s. For
implicity, w e s uppose th a t ther e is some time in te rval [ t 1 , t 2 ]
hat includes all of these target follo w - up time s, and s uch th at
s s es sme n ts take p l ace throughout this in te rval in each arm; see
eb A ppendix A .2 for trials with gaps in time when few as s es s-
e n ts oc cur. We ass ume th at no p articip ants drop out of the
tudy (though they may have fewer as s es sme n ts tha n the proto-
 ol spe c i fies). 
Let A be the tr ea tme n t assi gnme n t for a ra ndom individual,
ith A = 1 if the individual is assigned to tr ea tme n t a nd A = 0
f they are assigned to contro l. Le t τ be the end of follo w -up; note
hat [0 , τ ] is the m axim al period of follo w -up, while the in te r-
al [ t 1 , t 2 ] describe d abov e is a pos sib ly smalle r in te rval (with
 < t 1 < t 2 ≤ τ) sele cte d b y the a nalys t ove r which infe re nce
i l l be drawn; see also the positivity r equir e me n t in Assumption
. For each t ∈ [0 , τ ] , let Y (t ) be the (possibly unobserv e d)
alue of the p articip ant’s outcome at time t . If fixed and/or time-
 arying auxili ary cov ari a tes ar e c olle cte d, let X (t ) be the value of
he p articip ant’s cov ari a tes a t time t . Let N(t ) be the n umbe r of
s s es sme n ts that the individual has had up through time t , and let
N(t ) = N(t ) − N(t−) be the indicator that the individual
as an as s es sme n t at time t . Let T k be the time of the individual’s
th post -b as eline as s es sme n t. We refe r to { Y (t ) : t ∈ [0 , τ ] } as
he ou t co me process and { N(t ) : t ∈ [0 , τ ] } as the assessment pro-
ess . For each t ∈ [0 , τ ] , let O (t ) denote all of the p articip ant’s
tudy data observ e d before time t , including baseline da ta, tr ea t-
e n t assi gnme n t, times of as s es sme n ts prior to t , and data col-

e cte d at each as s es sme n t prior to t . We call O (t ) the pa rtici -
a n t ’s obser v e d past before time t , with O = O (τ ) the pa rtici -
a n t’s o bs erv e d data ov e r the e n tire s tudy. Finally, for each t ∈
0 , τ ] , let Y 1 (t ) and Y 0 (t ) be the outcomes that the p articip ant
 ould h av e at time t under assignment to tr ea tment and contr ol,
espe ctiv ely. Let μ1 (t ) = E 

{
Y 1 (t ) 

}
and μ0 (t ) = E 

{
Y 0 (t ) 

}
,

he population mean outcome at time t were all individuals as-
igned to tr ea tment or to contr ol, r espe ctiv ely. For the effe ct of
r ea tme n t, we focus on the diffe re nce δ(t ) = μ1 (t ) − μ0 (t ) . 

2.2 Explaina ble a s ses smen t 
he assumption of explainable asse ss me n t says (informally) that
ny r ela tionship betw e en asse ss me n t at time t and the outcome
 (t ) is ac c ounte d for by the o bs erv e d past O (t ) . This assump-
ion has been r eferr ed to as seque n tial i gnorability (Lin et al.,
004 ), visiting at random (Pullen aye gum and Lim, 2016 ), or as-
 es sme n t at random (Pullen aye gum and Sch arfstein, 2022 ), and
s analogous to the seque n tial excha ng e ability ass umption th at
 as be en use d in the longitudin al mis sing d a ta litera tur e, for ex-
 mple, in Va ns teela ndt et al. ( 2007 ). To define exp l ainab le as-
 es sme n t formally, he re we us e the inten sity fun ction for the as-
e ssment proce ss giv en the observ e d past : 

λ
{
t | O (t ) 

} = 

lim 

ε→ 0 + 

[ 
P 
{
N(t + ε) − N(t−) = 1 | O (t ) 

}
/ε

] 
, (1)

here N(t + ε) − N(t−) is the indicator that the p articip ant
as an as s es sme n t during the time in te rv al [ t, t + ε] . Con sider
 time t with λ

{
t | O (t ) 

}
> 0 . We define 

dF 
{
y (t ) | �N(t ) = 1 , O (t ) 

} = 

lim 

ε→ 0 + 
dF 

{
y (t ) | N(t + ε) − N(t−) = 1 , O (t ) 

}
nd 

dF 
{
y (t ) | �N(t ) = 0 , O (t ) 

} = 

lim 

ε→ 0 + 
dF 

{
y (t ) | N(t + ε) − N(t−) = 0 , O (t ) 

}
, 

he distributions of Y (t ) among those who were, and who were
ot, as s es s e d at time t , giv en O (t ) . 

 efinition 1 (Expl aina ble as s es sme n t) We say that assessment
s exp la inab le (by the observ e d past) if 

dF 
{
y (t ) | �N(t ) = 1 , O (t ) 

} = 

dF 
{
y (t ) | �N(t ) = 0 , O (t ) 

}
for all t with λ

{
t | O (t ) 

}
> 0 . 

That is, within strata of the o bs erv e d past, under exp l ainab le
s s es sme n t the distribution of Y (t ) is the same among those
ho were, and who were not, as s es s ed at time t . 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
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FIGURE 2 Illustration of the tilt assumption (Assumption 1) in the context of the Asthma Research for the Community (ARC) trial. Panel A: 
distribution of Y (t ) at 6 months among p articip ants with a certain o bs erv e d past who were as s es s ed at 6 mon ths. Pa nel B: posited distributions 
of Y (t ) at 6 months among p articip ants who had the same o bs erv e d past but were not as s es s ed at 6 months. Under the exp l ainab le as s es sme n t 
assumption ( α = 0 ), the distribution for as s es s e d v ers us non-as s es s ed p articip ants would be the same. Under a positive (negative) value of α, 
the distribution for non-as s es s ed p articip ants would be tilted with more wei gh t on hi ghe r (lowe r) values of Y (t ) . Here, we show smoothed 
depictions of the probability mass functions for this outcome. 
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Lin et al. ( 2004 ) dev elope d the method of i nv erse i nten-
sity wei ght ing for studies with exp l ainab le as s es sme n t, exte nd -
ing wei gh ting methods to the con tin uous-time s e tting by using
wei gh ts based on the in te nsity function in Equation ( 1 ). The
wei gh ts cr ea te a ps eudo-popul ation in which as s es sme n t times
and outcomes are no longer r ela ted if asse ss me n t is explainable. 

3 S  ENS  ITIVITY  A  NA  LY  S  IS  FRAME  WOR K  AND  

M ODEL S  

In some studie s, de pendenc e betw e en as s es sme n t a nd outcomes
at time t may not be fully exp l ained by v ari ab les from earlier
as s es sme n ts. For exa mple, in s tudies th at c olle ct outc omes at
“as-ne e de d” a ppoin tme n ts, a sudde n down turn in health may
lead p articip ants to seek car e. Unfortuna tely, whe ther as s es s-
me n t is exp l ainab le cannot be determined from the study data,
which contain no information about the distribution of unob-
serv e d outc omes, dF 

{
y (t ) | �N(t ) = 0 , O (t ) 

}
. In pa rticula r,

the curre n t outc ome Y (t ) c ould impact as s es sme n t at t even
if ea rlie r outcomes do not impact as s es sme n t at t s trongly, pa r-
ticula rly in s tudies whe re out comes t end t o fluctuat e over time.
There may be alt ernat e as sumption s tha t ar e equally as p l ausib le
as exp l ainab le as s es sme n t, which could yield diffe re n t infe re nces
about the tr ea tme n t effect. Our se nsitivity a nalysis provides a n
infe re n tial s trategy for the treatme n t effect δ(t ) under a range of
diffe re n t p l ausib le as sumption s. 

3.1 Sen s it ivity analys is fram ewor k 
Here, we draw inference for μa (t ) = E 

{
Y a (t ) 

}
se parate ly for

e ach tre atme n t assi gnme n t a = 0 , 1 . We lev erage the fact th at,
b y ra ndomization, μa (t ) = E{ Y (t ) | A = a } , the mean out-
come at time t among p articip ants assigned to tr ea tment arm a , 
and we work se parate ly by tr ea tment arm. Tha t is, all assump- 
t ions, distribut ions, a nd es timators a r e tr ea tme n t a r m-spec i fic.
For ease of notation, we suppress depe nde nce on the tr ea tme n t 
a rm un t il Sect ion 4.4 . In addit ion to exp l ainab le as s es sme n t,
w e include ass umptions under which outcomes among partic- 
ipa n ts who a re not as s es s e d at a giv e n time t te nd to be la rge r,
or sm aller, th an outc omes a mong simila r pa rticipa n ts who are 
as s es s ed at time t . Spec i fically, dF 

{
y (t ) | �N(t ) = 0 , O (t ) 

}
is ass ume d to be some “tilte d v er sion” of the d istribution 
dF 

{
y (t ) | �N(t ) = 1 , O (t ) 

}
, with the magnitude and direc- 

tion of the tilt determined by an ar m-spec i fic s en sitivity parame- 
ter α. We assume that E 

[
exp { αY (t ) } | �N(t ) = 1 , O (t ) 

]
ex- 

ists for all α in some neighborhood of α = 0 . Then, for each 
value of α in a range around α = 0 to be spec i fied by the ana- 
lyst (see Section 5 ) and lying within this neighborhood: 

Assumption 1 (Tilting as sumption) For e ach ti me t with 
λ

{
t | O (t ) 

}
> 0 , 

dF 
{
y (t ) | �N(t ) = 0 , O (t ) 

} = 

dF 
{
y (t ) | �N(t ) = 1 , O (t ) 

}
exp { αy ( t ) } /c { O ( t ) ;α} , 

where c 
{
O (t ) ;α

} = E 

[
exp { αY (t ) } | �N(t ) = 1 , O (t ) 

]
and 

we assume c 
{
O (t ) ; α

}
< ∞ . 

For a ne gativ e (positiv e) value of α, the distribution of 
uno bs erv e d outc omes in the giv e n a rm is tilt ed t o the left
(ri gh t) r ela t ive to the distribut ion of o bs erv e d outc omes in
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hat arm, with smal ler ( l arger) v alues of Y (t ) re c eiving gr ea ter
ei gh t. A value of α = 0 , or no tilt, is the exp l ainab le as s es s-
e n t as sumption . Figure 2 i l lustrates ti lting for values of α =
0 . 6 , −0 . 3 , 0 , 0 . 3 , 0 . 6 in the context of the ARC trial. More
e ne rally, a n alte rn ate v ersion of the t ilt ing assumpt ion can be
sed, with a diffe re n t choice of function q { t , Y (t ) ; α} in p l ace of
Y (t ) ; here we use αY (t ) for in te rpreta bility. T he construction
h at w e use here, known as exp o nent ial t ilt i ng (Barndorff-Nie lsen
nd Cox, 1994 ), h as be en use d by Rotnitz ky et al . ( 2001 ), Birm-
ngha m et al. ( 2003 ), Va ns teela ndt et al. ( 2007 ), and Scharf-
 tein a nd McDe rmott ( 2019 ), a mong othe rs, in se nsitivity a nal -
s es for tri al s with mi s sing or cen s ored d ata. It w as als o us ed by
ranks et al. ( 2020 ) for o bs erv ational studies with pos sib le un-
eas ure d c onfounding and for trials with irre gula r a nd informa-
ive as s es sme n t times b y Wa ng ( 2020 ). Wa ng ( 2020 ) dev elope d
 dis cre te-time frame work with e st imat ion carried out using g-
omputation with fully pa ra metric models . In c on tras t, our in-
uenc e function-base d approach allows more flexible modeling
hile maintaining 

√ 

n rates of c onv e rge nce. 

roposition 1 Fo r each t ime t with λ
{
t | O (t ) 

}
> 0 , the mean

(t ) in each arm is identified under Ass umpt io n 1, as 

μ(t ) = E 

( 

E 

[
Y (t ) exp { αY (t ) } | �N(t ) = 1 , O (t ) 

]
E 

[
exp { αY (t ) } | �N(t ) = 1 , O (t ) 

] ) 

. 

The proof is shown in Web Appendix B.1 in the Supplement
 ry Mate rials a nd al so show s the following: 

orolla ry 1 For e ach t with λ
{
t | O (t ) 

}
> 0 , the co ndit io nal

ean ou t co me given the observ e d past, E 

{
Y (t ) | O (t ) 

}
, is identi-

ed from the observ e d d ata as 

 

{
Y (t ) | O (t ) 

} = 

E 

[
Y (t ) exp { αY (t ) } | �N(t ) = 1 , O (t ) 

]
E 

[
exp { αY (t ) } | �N(t ) = 1 , O (t ) 

] .

3.2 Inve rs e inte n s ity weight ing u n der th e t ilt ing assu mpt ion 
ur a pproach exte nds inve rse in te nsity-wei gh ting to our sen-
itivity analysis framew ork. Sinc e as s es sme n t at time t can de-
end on the current outcome Y (t ) under Ass umption 1, w e use
ei gh ts based on the following in te nsity function: 

ρ
{
t | Y ( t ) , O ( t ) 

} = (2) 

lim 

ε→ 0 + 

[
P 
{
N(t + ε) − N(t−) = 1 | Y (t ) , O (t ) 

}
/ε

]
. 

ssumption 2 (Positiv it y ass umption) T h ere is som e c > 0
 uch tha t, fo r all t in [ t 1 , t 2 ] , ρ

{
t | Y ( t ) , O ( t ) 

}
> c for all val u es

f Y (t ) and O (t ) . 

The in te n sity function ρ
{
t | Y ( t ) , O ( t ) 

}
is rel at ed t o the in-

ensity function λ
{
t | O (t ) 

}
in Equation ( 1 ) through the fol-

owing: 
roposition 2 Under Ass umpt io ns 1 and 2, fo r e ach t i n [ t 1 , t 2 ] , 

ρ
{
t | Y ( t ) , O ( t ) 

} = 

λ
{
t | O (t ) 

}
E 
[
exp { αY (t ) } | �N(t ) = 1 , O (t ) 

]
/ exp { αY (t ) } . 

The proof is given in W eb Appendix B.1 . W e leverage this re la -
ionship in Section 4 to keep o bs erved d at a mode ling se parated
rom s en sitivity pa ra mete rs. Proposition 2 al so g ives a n in te rpre-
ation of α as the log of the ratio of the in te nsit ies at t ime t for par-
icipa n ts who h av e the same observ e d past and whose outcomes
 (t ) differ by one unit: 

log 

[ 

ρ
{
t | Y (t ) = y (t ) , O (t ) 

}
ρ

{
t | Y (t ) = y (t ) + 1 , O (t ) 

}] 

= α. 

3.3 Additiona l ass umptions 
roposition 1 shows that, under Assumption 1, μ(t ) at each
ime t would theoretically be estimable from infinite data. In or-
e r to es timate μ(t ) from finite data, we also make the follo w -
n g smoothin g ass umption th at allows us to borrow information
cr oss differ ent times. 

ss umption 3 (M arginal mean assumption) μ(t ) =
 (t ) ′ β for all t ∈ [ t 1 , t 2 ] , fo r so me s p e cified ve ct o r-val u ed
asis funct io n B (t ) = (B 1 (t ) , . . . , B p (t )) ′ with V =
 t 2 
t= t 1 

B ( t ) B ( t ) ′ dt i nv ertib le, a n d β ∈ R 
p a p a ra met er ve ct o r. 

Note that Assumption 3 uses an identity link appr opria te for a
on tin uous outcome. 

roposition 3 T he pa ra meter β is i dentified u nder Assu mptions 1,
, and 3. 

roof. Under As sumption s 1 a nd 2, μ(t ) is ide n tified from the
 bs erv e d data for each t ∈ [ t 1 , t 2 ] , and under Assumption 3,
= V 

−1 
∫ t 2 
t= t 1 

B ( t ) μ( t ) dt . 
�

Fin ally, w e ass ume th at as s es sme n t depe nds on future values
f the outcome and cov ari a tes, the curr ent value of covariates,
 nd pas t uno bs erv e d values of the outc ome and c ov ari ates only
hrough past o bs erv e d data and the current value of the out-
ome: 

ssumption 4 (Non-future depe nde nc e ass umption) Let L =
 Y ( t ) , X ( t ) : 0 ≤ t ≤ τ } . Then 
lim ε→ 0 + 

[
P 
{
N(t + ε) − N(t−) = 1 | O (t ) , L 

}
/ε

] = 

lim ε→ 0 + 
[
P 
{
N(t + ε) − N(t−) = 1 | O (t ) , Y (t ) 

}
/ε

]
. 

Similar non-future dependence as sumption s have been used
n longitudinal s e ttings with mis sing d a ta (Ken war d et al., 2003 ;
a ng a nd Da niel s, 2011 ). Assumption 4 aid s in de rivation of a n

nfluence function for β. Howeve r, inves ti gators should consider
hether it is tenable in their study. An example where Assump-
ion 4 would likely not hold is a s tudy whe re as s es sme n ts occur
t doctors’ visits when p articip ants are re c eiving care, which then
mpacts future outc omes . In this case, afte r adjus ting for the ob-
erv e d past and Y (t ) , there could be dependence between future

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
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outcomes and as s es sme n t at time t , since both are related to re-
ceiving care at time t . (Note that here re c eipt of care at time t is
not c onditione d on, sinc e our approa ch does not a c c ommodate
adjus tme n t for va riables that occur at the time of as s es sme n t t ,
except for Y (t ) .) 

4 ESTIMATION  

4.1 Obs e rved data modeling 
To imple me n t our a ppr oach, r esear chers must fit 2 types of mod-
els. First, in each arm the intensity function λ

{
t | O (t ) 

}
is mod-

eled using an Anders en-G i l l model (Andersen and Gi l l, 1982 ),
or a stratified Anders en-G i l l model stratified by as s es sme n t n um-
ber λ

{
t | O (t ) 

} = λ0 ,k ( t ) exp 
{
γ ′ Z ( t ) 

}
D k ( t ) . Here, Z ( t ) is a

spec i fied (pos sib ly v e ctor-value d) funct ion of the part icipa n t’s
o bs erv e d past O (t ) containing key baseline cov ari ates and time-
varyin g fa ctors that impa ct both as s es sme n t time and outcome,
s uch as outc omes a t pr evious as s es sme n ts. The function λ0 ,k (t )
is an unspec i fied baseline in te nsity function for stratum k, γ is a
pa ra mete r v e ctor, and D k (t ) is an indicator that the p articip ant
i s at ri sk for having the kth as s es sme n t at time t . The baseline in-
ten sity function s λ0 ,k (t ) are estim ate d by kernel smoothing the
Bre slow e stimator of the cumulative baseline in te nsity functions
(Breslow, 1972 ). 
Se c ond, the c ondition al distribution of o bs erv e d

outcomes in each arm given the o bs erv e d past,
dF 

{
y (t ) | �N(t ) = 1 , O (t ) 

}
, is modeled using a single

index model (Chiang and Huang, 2012 ). In the single index
model , the condit ional cumulat ive distribut ion funct ion of Y (t )
given a vector of pred ictor s, s ay W (t ) , is as sumed to depend
on W (t ) only through a s cal a r θ′ W (t ) . Th us, this function is
modeled as G {·, θ′ W (t ) ; θ} , where G { y, u ; θ} is a cumulative
distribut ion funct ion in y for each u , and θ is a v e ctor of un-
known pa ra mete rs. The es timator of G is a step function in y
that is kernel smoothed with respect to θ′ W (t ) via a bandwidth
pa ra mete r h ; θ and h are jointly estim ate d by minimizing a
pseudo sum of int egrat ed squares (Chiang and Huang, 2012 ).
Spec i fically, in our context, for each t and each value of o (t ) ,̂ F 

{
y (t ) | �N(t ) = 1 , O (t ) = o (t ) 

}
is a step function with

jumps at all outcome values observ e d in the data. 

4.2 Est imat ion of the mean outcome μ(t ) under α
The following result provides a way of constructing estimators
for β and μ(t ) that incorporate the flexible models fit in Sec-
tion 4.1 , yet c onv erge at fast parametric rates. 

T heore m 1 Under Assum pt io ns 1-4, an influ en ce fun ct io n fo r β is
given by 

ϕ ( O ) = 

∫ t 2 

t= t 1 
V 

−1 B ( t ) 
[
Y ( t ) − E 

{
Y (t ) | O (t ) 

}]
ρ

{
t | Y ( t ) , O ( t ) 

} dN( t ) 

+ 

∫ t 2 

t= t 1 
V 

−1 B ( t ) E 

{
Y ( t ) | O (t ) 

}
dt − β, 

where B (t ) and V are given in Ass umpt io n 3. 

The proof of Theorem 1 is given in Web Appendix B.3 . 
Suppose th at w e h av e data for n indepe nde n t individuals. 
We cons truct es timators ̂ β and ̂  μ(t ) using the following steps, 
where we use a subscript i to denote data for individual i . For 
each individual i : 

1. For each as s es sme n t kwith T ik in the in te rval [ t 1 , t 2 ] , com-
pute 

̂ E 
[
exp 

{
αY ( T ik ) 

} | �N( T ik ) = 1 , O i (T ik ) 
] = ∫ 

y ∈Y 
exp ( αy ) d ̂  F 

{
Y ( T ik ) = y | �N(T ik ) = 1 , O i (T ik ) 

}
, 

where Y is the s e t of all outcome values occurring in the 
data; the estim ate d c ondition al mean (see Corollary 1) 

̂ E 
{
Y (T ik ) | O i (T ik ) 

} = ̂ E [ Y (T ik ) exp { αY (T ik ) } | �N(T ik ) = 1 , O i (T ik )] ̂ E [ exp { αY (T ik ) } | �N(T ik ) = 1 , O i (T ik )] 
;

and the estim ate d intensity (see Proposition 2) 

̂ ρ
{
T ik | Y i ( T ik ) , O i ( T ik ) 

} = ̂ λ0 ,k ( T ik ) exp { ̂  γ ′ Z i ( T ik ) } exp {−αY i ( T ik ) } ×̂ E [ exp { αY (T ik ) } | �N(T ik ) = 1 , O i (T ik )] . 

2. For each time t in [ t 1 , t 2 ] , compute the predicted mean 
outcome at time t given their o bs erv e d past before time 
t : ̂ E 

{
Y (t ) | O i (t ) 

} = ̂ E [ Y (t ) exp { αY (t ) } | �N(t ) = 1 , O i (t )] ̂ E [ exp { αY (t ) } | �N(t ) = 1 , O i (t )] 
. 

3. Compute ̂  �( O i ) = 

∑ 

k∈ S i 

{ 

V 

−1 B ( T ik ) 

[
Y i ( T ik ) − ̂ E 

{
Y (T ik ) | O i (T ik ) 

}]
̂ ρ

{
T ik | Y i ( T ik ) , O i ( T ik ) 

} } 

+ 

∫ t 2 

t= t 1 
V 

−1 B ( t ) ̂  E 

{
Y ( t ) | O i (t ) 

}
dt, 

where S i = { k : T ik ∈ [ t 1 , t 2 ] } . 

Our a ugmen te d i nv erse i ntensity-w eighte d esti mators are ̂ β = 

1 
n 

∑ n 
i =1 ̂

 �( O i ) and ̂  μ(t ) = 
̂ β ′ B (t ) . 

4.3 La r g e-sa mple dist r i bution of ̂ β

If the models for λ
{
t | O (t ) 

}
and 

dF 
{
y (t ) | �N(t ) = 1 , O (t ) 

}
are both c orre ctly spe c i fied, 

and if As sumption s 1-4 and additional regula rity condi - 
tion s ho ld, then 

√ 

n 
(̂ β − β

) ⇒ N 

[
0 , V a r{ ϕ ( O ) } ]. Se e 

Web Appe ndix B.4 ; the re we de rive the second -orde r re main- 
de r te rm in a n expa n sion of 

√ 

n 
(̂ β − β

)
fo llowing Kennedy 

( 2016 ), and we show conditions under which this remainder 
term is asymptotically negligible. 
Fr om this r es ult, influenc e function-base d va ria nce 

estimators for ̂ β and ̂ μ(t ) are given by ̂ V ar 
(̂ β

)
= 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
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1 
n 2 

n ∑ 

i =1 

{ ̂ �( O i ) − ̂ β
} { ̂ �( O i ) − ̂ β

} ′ 
and ̂ V ar 

{̂ μ(t ) 
} =

 ( t ) ′ ̂ V ar 
(̂ β

)
B ( t ) . A Wald c onfidenc e interval for μ(t ) can

e c onstructe d using this influenc e function-base d va ria nce
stimator or using a jackknife v ari anc e estim ator. In simula-
ions mimicking the ARC data, we found that nonpa ra metric
oots tra p was not a feasible of way of constructing c onfidenc e
n te rvals; ties in boots tra ppe d datasets cause d estim ates of c on-
 itional c umulative d istribution functions based on the single
ndex model to be undefined. 

4.4 Infe re nce fo r δ(t ) 
er e, we r e-intr oduc e s ubscripts for e ach tre atme n t a rm, a nd we
ls o le t α1 and α0 be s en sitivity pa ra mete rs for the tr ea tme n t
 nd con trol a rms, respe ctiv ely. To c onduct the s en sitivity a nal -
sis for δ(t ) , the est imat ion proc e dure abov e is repeated in the
r ea tme n t a rm to es timate μ1 (t ) unde r a ra nge of α1 values, and
e parate ly in the control arm t o estimat e μ0 (t ) under a range of
0 value s. The se re sults are then c ombine d to estim ate the treat-
e n t effect δ(t ) = μ1 (t ) − μ0 (t ) over a grid of s en sitivity pa-
a mete rs (α0 , α1 ) . 

5 S  EL  ECTION OF  A  RANGE  OF  S  ENS  ITIVITY  

PA  RAMETER VA  LUE  S  

he a nalys t m us t decide on a ra nge of se nsitivity pa ra mete r
alues to include in the sensitivity an alysis . D om ain expertise
hould be used in making this decision, and how best to use
uch expertise is a key question for all s en sitivity analys e s. Cine lli
nd Hazlett ( 2020 ) h av e note d th a t “pe rha ps [the] mos t fun-
a me n tal obs tacle to the use of sensitivity analysis is the diffi-
ulty in c onne cting the form al res ults to the r esear cher’s sub-
 ta n tive unde rs ta nding about the o bj ect under study,” and they
rite that the “bounding proc e dure w e should use depends on
hich...qua n t it ie s the inve s ti ga tor pr efe rs a nd ca n mos t soundly
eason about in their own r esear ch.” In keeping with this, we
ropose the following approach in which domain experts rea-
on about the tr ea tme n t a r m-spec i fic mean outcome: We first
ue ry domain expe rts for extre me values μmin a nd μmax such
hat, in their jud gme n t, a value of μ(t ) outside of the bounds
(μmin , μmax ) at any time t would be imp l ausib le. We then tr ea t
ny value α under which μ(t ) falls outside of (μmin , μmax ) for
ome t as implausible, and retain all other values. Other possible
pproaches could draw on bounding proc e dures th at h av e be en
ev elope d for s en sitivity analys es for unmeas ure d c onfounding
n o bs erv ation al studies . Authors including Franks et al. ( 2020 ),
j öl a nde r et al. ( 2022 ), a nd Veitch a nd Zave ri ( 2020 ) h av e de-
 elope d methods th a t use the str ength of measur ed cov ari ate s ’
mpact on the exposure and outcome to calibrate p l ausib le v al-
es for the impact of unmeas ure d fact ors, aft e r adjus ting for
eas ure d c ov ari ates. An approach for our s e tting that borrows
rom ideas of Sj öl a nde r et al. ( 2022 ) could be to us e s ome o b-
 erv ab le quantity that is relat ed t o the atte n uation in E{ Y (t ) |
N(t ) = 1 } − E{ Y (t ) | �N(t ) = 0 } obtained by a djustin g

or the o bs erv e d past O (t ) . This could in principle be used
 o calibrat e p l ausib le v alues for E{ Y (t ) | �N(t ) = 1 , O (t ) } −
{ Y (t ) | �N(t ) = 0 , O (t ) } , the r esidual differ ence due to un-
eas ure d factors U (t ) afte r adjus ting for O (t ) . As with other
e nchma rking a pproaches, this would us e res ea rche rs’ subs ta n-
iv e beliefs th a t the str ength of the impact of U (t ) on �N(t )
 nd Y (t ) , afte r adjus ting for O (t ) , is no more than some factor,
ay r, times the m argin al impact of O (t ) on �N(t ) and Y (t ) .
a reful conside ration would be needed in selecting a p l ausib le
alue of r, taking into ac c ount the time scale of the study, since
 (t ) could include the outcome just before time t , whereas the
mpact of O (t ) on �N(t ) and Y (t ) could be da mpe ned due to
he time el aps e d sinc e the prev ious study v isit. D ev elopme n t of
 method along the se line s, and inve s ti ga tions tha t would guide
he n a nd how to imple me n t it in practic e, c ould be a dire ction
or future res earch . 

6 DATA  A  NA  LY  S  IS  : ARC  TR IAL  

e re, we a nalyz e the AR C d ata using our s en sitivity analysis
e thodo lo gy. The ACQ is on a scale from 0 (comp le tely con-
rolle d asthm a) to 6 (extre mely uncon trolled as thma) a nd t ake s
alues in { 0 , 1 / 6 , 2 / 6 , 3 / 6 , . . . , 6 } . A positive value of αa posits
hat uno bs erved v alues of the ACQ Score in tr ea tme n t a rm a
 end t o be hi ghe r (th at is, w orse) th an o bs erv e d values of the out-
 ome in th a t arm a t each time t , after controlling for variables ob-
erv e d before time t . This could be the case i f partic ipa n ts te nded
o miss or postpone data c olle ction a ppoin tme n ts at times whe n
heir asthma was wors e, s o that some of the p articip ants’ higher
CQ Score values were not o bs erv e d, while αa c ould be ne ga-
ive if p articip a n ts in a rm a t ended t o be more eng ag ed with the
tudy at times when their asthma was worse. Since we do not
now which, if either, of these is the case, we consider positive,
e gativ e, a nd ze ro values of αa . We c onsider Ass umption 4 to be
eas onab le since the as s es sme n t proces s w as not tied to clinical
ar e tha t mi gh t affe ct future outc omes . 
We estimate μ1 (t ) and μ0 (t ) over a time interval of 60-
60 days, since this in te rval con tains the target times of 90, 180,
70, and 360 days and as s es sme n ts occur throughout this pe-
iod. For each a = 0 , 1 , w e ass ume th at μa (t ) = β′ 

a B (t ) for
 ∈ [60 , 460] , with B (t ) a cubic spline basis with one in te rior
not at t = 260 days; this choice of B (t ) allows the m argin al
ean to be a fairly flexible smooth function of time. We fit the
ode ls de scribe d in Se ction 4.1 , modeling the in te nsity function{
t | O (t ) 

}
se parate ly for e ach tre atme n t a rm using a s tratified

nde rse n-Gi l l model with the outcome at the previous as s es s-
e n t as the predictor. We als o con side red a n in te nsity model
hat includes lag time since the previous visit as an additional
redictor. While lag time was a str ong pr edictor in this model,
he resulting infe re nce for μa (t ) was extremely similar under
oth models, and we ther efor e pr esent the results of the sim-
ler model. The coefficient for the previous outcome is −0 . 024
s ta nda rd e rror 0.038) in the in te rve n tion a rm, a nd 0.042 (s ta n-
a rd e rror 0.036) in the control arm. We estim ate d the base-
ine in te n sity function s using kerne l s moothing of the Bre slow
stimate of the cumul ative bas eline inten sity, with an Epanech-
ik ov k e rnel a nd a ba ndwidth of 30 days . We modele d the c on-
 itional d istribution of o bs erv e d outc ome s se parate ly for each
r ea tme n t a rm usin g a sin gle index model with the curre n t time,
ag time since the previous asse ss me n t, a nd a natural spline of
he outcome at the previous as s es sme n t as pred ictor s. We then
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FIGURE 3 Estim ate d popul ation mean s of s c ores on the Asthm a Con trol Ques tionnaire (ACQ) in the As thma Resea rch for the Comm unity 
(ARC) trial under a range of s en sitivity parame ter v alues . Estim ation is made under values of α = −0 . 6 , −0 . 3 , 0 , 0 . 3 , 0 . 6 , where a positive 
(ne gativ e) value of α posits that uno bs erv e d outc ome values at time t t end t o be hi ghe r (lowe r) tha n o bs erv e d value s, a fte r con trolling for 
v ari ab les o bs erv e d before time t . Upper panels: point e stimate s on the interval 60-460 days after randomization in the intervention (PT + HV) 
a rm (pa nel A) a nd the con trol (PT ) a rm (pa nel B). Lowe r pa nels: poin t es timates a nd 95% Wald confide nce in te rvals using the j ackknife 
v ari anc e estim a te a t e ach targ e t time of 90, 180, 270, and 360 d ays in the in te rve n tion a rm (pa nel C) a nd the con trol a rm (pa nel D). For each 
a rm, only se nsitivity pa ra mete r values under which the estim ate d curv es lie c omp le tely be tw e en the dotte d lines at μmin = 1 . 2 and μmax = 3 . 0 
a re conside red p l ausib le bas e d on s ubje ct-m a t te r expe rtise. 
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c onstructe d the augmented inverse intensity w eighte d estim a-
tors given in Section 4.2 . 
Figure 3 shows e stimate s of the curve μ1 (t ) , t ∈ [60 , 460] ,

unde r a ra nge of α1 values a nd es timates of μ0 (t ) , t ∈
[60 , 460] , unde r a ra nge of α0 values, with hi ghe r μa (t ) unde r
hi ghe r values of αa . Es timates a nd confide nce in te rvals for μa (t )
at the target times are als o shown . The minimal clinically im-
porta n t diffe re nc e for the ACQ Sc or e is 0.5; ther efor e, one way
of in te rpreting the magnitude of αa in thi s study i s tha t incr eas-
ing αa by 0.3 corresponds to an increase in μa (t ) tha t, a t some
times t , is appr oxima tely as much as the minimal clinically im-
porta n t diffe re nce for the outc ome. Next, w e c onside r the ra nges
of α1 and α0 values to include. Our clinical collaborator (Author 
AJA) c onsidere d th at a mean ACQ Score of 3.0 or hi ghe r, or 1.2 
or lowe r, at a ny time would be extre me in eithe r tr ea tme n t a rm.
These bounds are shown in Figure 3 . A value of α1 > 0 . 52 led 
to a value of μ1 (t ) that was gr ea te r tha n 3.0, a nd a value of α0 >

0 . 25 led to a value of μ0 (t ) that was gr ea te r tha n 3.0; the r efor e
we use bounds of −0 . 6 ≤ α1 ≤ 0 . 52 and −0 . 6 ≤ α0 ≤ 0 . 25 in 
our final s en sitivity an alysis . 
Figure 4 shows e stimate s and c onfidenc e intervals for δ(t ) at 

6 and 12 months under sele cte d values of α0 and α1 . If we as- 
sume α0 = α1 (which includes exp l ainab le as s es sme n t in each 
tr ea tme n t a rm), the re is not e nough evide nc e to c onclude a
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FIGURE 4 Tr ea tme n t effect es tima tes fr om the As thma Resea rch for the Comm unity (ARC) data unde r sele cte d v alues of the s en sitivity 
pa ra mete rs α1 and α0 . Shown are e stimate s (95% CI) for the treatme n t effect δ(t ) = μ1 (t ) − μ0 (t ) at 6 months and 12 months. H ighlight ed 
e n tries in the lower ri gh t for Month 6 and Month 12 correspond to values of α1 and α0 under which there would be evidence that the home 
visits in te rve n tion re duc es (th a t is, impr oves) the popula tion mean scor e on the As thma Con trol Ques tionnair e (ACQ) a t tha t time, compar ed 
to portal training alone. The hi ghli gh ted e n try in the uppe r left for Mon th 12 corre sponds to value s unde r which the re would be evide nc e th at 
the in te rve n tion rais es the popul ation me an A CQ Sc ore. Confidenc e in te rvals a re Wald in te rvals using the j ackknife va ria nce es timate. 
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r ea tme n t effect at 6 months or at 12 months . How ev er, if w e
on sider the pos sibility th at inform ativ e as s es sme n ts may ope r-
 te differ ently in each arm, then we do h av e evidenc e of a tr ea t-
e n t effect in some cases. For example, if we assume α0 = 0 , but
ss ume th at, in the in te rve n tion a rm, uno bs erv e d values of the
CQ Score tend to be lower than o bs erv e d values by an amount
orresponding to α1 = −0 . 2 , then there would be evidence that
he home visits in te rve n tion improv es (th at is, re duc es) the pop-
lation me an A CQ Score at 6 months c ompare d to portal train-
ng alone, by an estim ate d six te n ths of a poin t. Es t imat ion of δ(t )
nder a finer grid of (α0 , α1 ) values is prese n ted via the contour
lots in Figure 5 , showing point e stimate s and c onfidenc e inter-
al informa tion a t 6 a nd 12 mon ths. Poin t es timates ra nge be-
w e e n −1 . 48 a nd 1.32 at 6 mon ths a nd betw e e n −0 . 85 a nd 1.19
t 12 months. If α1 and α0 are similar, or if α1 > α0 and the dif-
e re nce in values no more than 0.5, then there is not enough ev-
dence to conclude a tr ea tme n t effect at 6 months. On the other
and, if α0 > α1 + 0 . 2 , then in many cases there would be ev-
denc e th at the in te rve n tion impr oves (r educes) the population
e an A CQ Scor e r ela tive to portal training alone a t 6 months.
he re a re als o v alues of α0 and α1 unde r which the re would be
videnc e th a t the popula tion me an A CQ Score is hi ghe r (that is,
orse) under the intervention at 6 months; how ev er, inform a-
iv eness w ould h av e to be s trongly diffe re n ti al acros s tr ea tme n t
r ms. Infor mativeness would also have to be strongly differential
cros s arm s to h av e evidenc e of either a positiv e or ne gativ e tr ea t-
e n t effect at 12 months. In this study, such a large difference in
he value of the se nsitivity pa ra mete rs betw e e n a rms would likely
ot be p l ausib le. 
7 SIMULATIONS  

e ge ne ra ted r ealis tic sim ul ated d ata bas ed on the ARC d ata,
ith a s amp le size of N = 200 in each arm . De tails of our d at a -

ge ne ra ting pr ocess ar e give n in Web Appe ndix C . Data we re ge n-
rat ed t o fo llow our s en sitivity analysis as sumption (As sump-
ion 1) with true α1 and α0 values of −0 . 6 , −0 . 3 , 0, 0.3, and 0.6
 nd a n alyze d using our augme n te d inv e rse in te nsity-wei gh ted
stim ators . We first as s es s ed the finite s amp le pe rforma nce of
ur estimators by analyzing the simulated data using the true val-
es of α1 and α0 . To de mons trate the be nefit of our a pproach
y showing the dangers of not ac c ounting for inform ativ e as-
 es sme n t times in the an alysis, w e also an alyze the same sim-
l ated d ata using the exp l ainab le as s es sme n t ass umption th at
1 = α0 = 0 in each case. This explores the pe rforma nce of an
ppr oach tha t r e lie s on the exp l ainab le as s es sme n t assumption
n cases where that assumption does not hold. Results for the
r ea tme n t effects at 6 months and 12 months for each of these
 nalyses a re sho wn in Table 1 . Results for the me an outcome in
 ach tre atme n t a rm at 3, 6, 9, a nd 12 mon ths (including the true
alues of each mea n) a re give n in Web Appe ndix C . In the a nal -
sis est imat ing treatme n t effects using the true values of α1 and
0 , the emp irical b ias ove r 500 sim ul ation s is small, with an ab-
 o lute v alue of les s than 0.05 in each cas e. Confide nce in te rval
 ov erage ov e r 500 sim ul ation s is clos e to the nomin al lev el of
.95, ran gin g betw e en 0.930 and 0.966. In the analysis assum-
ng α1 = α0 = 0 , in many cases the bias is large and c onfidenc e
n te rval c ov erage is poor, including c ov erag e as lo w as 0.594
ven in cases with α1 = α0 . This hi ghli gh ts the importance of

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
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FIG URE 5 Sen sitiv ity analysis for the A s thma Resea rch for the Comm unity (ARC) trial. Pa nels on the left show the poin t es timate of the 
tr ea tme n t effect δ(t ) at 6 months (panel A) and 12 months (panel C) under each pair of s en sitivity parame ter v alue s. Point e stimate s vary 
betw e en −1 . 48 and 1.32 at 6 months and betw e en −0 . 85 and 1.19 at 12 months. Panels on the right disp l ay information about 95% 

c onfidenc e intervals for δ(t ) at 6 months (panel B) and 12 months (panel D). The region in white corresponds to s en sitivity parame ter v alues 
under which the c onfidenc e interval contains zero, while the sh ade d re gion in the lower right (upper left) corresponds to values under which 
the c onfidenc e in te rval is e n tir ely nega t ive (posit ive); and the contour height is the value closest to zero that is inside the c onfidenc e interval. 
Confide nce in te rvals a re Wald in te rvals using the j ackknife va ria nce es timate. 
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considering a range of different as sumption s through s en sitivity
an alysis . 

8 DIS  CUSS  ION 

In many trials where the timing of outcome as s es sme n ts va ries b y
p articip ant, as s es sme n t times may be r ela t ed t o underlying out-
c ome values . This depe nde nce ca n g ive mi slea din g conclusions
about the effect of tr ea tme n t if not c orre ctly ac c ounte d for in the
an alysis . An alysis methods for this s e tting make a n un tes table as-
sumption about the informative as s es sme n t proc ess; how ev er,
m any ass umptions can be consis te n t with the study data, and
the tr ea tme n t effe ct m ay differ acros s thes e as sumption s. In this
s en s e, res earchers face 2 sources of unce rtain ty: the usual statis-
tical unce rtain ty due to sa mple size a nd the unknown de gre e to 
which as s es sme n ts may be informative. Our s en sitivity analysis 
me thodo lo gy provides resea rche rs with a tool that ac c ounts for 
both of these factors. By prese n ting infe re nces for tr ea tme n t ef- 
fects under a range of different as sumption s, res earchers wi l l be 
able to provide a more accurate re pre se n tation of the overall un- 
ce rtain ty in their study conclusions. 
A de tailed tutori al for the me thodo lo gy pres e n ted he re is in-

cluded in the S upplemental M aterials . Additionally, an R pack- 
age imple me n ting this me thodo lo gy titled Sen sIAT h as be en 
publishe d on CRAN (Re dd et al., 2024 ), and the sourc e c ode 
can be found at https://uofuepibio.github.io/SensIAT/ . 
Unfortunate ly, the que s tion of whethe r as s es sme n t times a re 

inform ativ e in a give n s tudy ca nnot ne c es s arily be de termined

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://uofuepibio.github.io/SensIAT/
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TA BLE 1 Simulat ion res ults . Data w e re ge ne rated unde r the se nsitivity a n alysis ass umption (Ass umption 1) using values of α0 , α1 = 

−0 . 6 , −0 . 3 , 0 , 0 . 3 , 0 . 6 . The tr ea tme n t effects at 6 a nd 12 mon ths we re the n es tim ate d using augme n te d inv e rse in te nsity wei gh ted es tima- 
tors: (a) using the true values of α0 , α1 (rows de noted “S.A.”), a nd (b) unde r the exp l ainab le as s es sme n t ass umption th at α0 = α1 = 0 (rows 
denoted “Expl.”). Shown are the abs o lute v alues of the emp irical b ias and the c onfidenc e interval c ov erage across 500 simul ation s . Confidenc e 
in te rvals a re Wald confide nce in te rvals using the j ackknife va ria nce es timate. 

True α0 

−0.6 −0.3 0 0.3 0.6 

| Bias | Cov. | Bias | Cov. | Bias | Cov. | Bias | Cov. | Bias | Cov. 

Month 6 

True 
α1 

0.6 S.A. 0.021 0.936 0.016 0.940 0.010 0.944 0.005 0.958 0.000 0.954 

Expl. 1.459 0.000 1.162 0.002 0.772 0.008 0.286 0.650 0.272 0.624 

0.3 S.A. 0.015 0.946 0.010 0.946 0.003 0.942 0.001 0.962 0.007 0.954 

Expl. 1.044 0.004 0.747 0.014 0.357 0.462 0.129 0.888 0.687 0.052 

0 S.A. 0.010 0.952 0.005 0.934 0.001 0.942 0.006 0.956 0.012 0.952 

Expl. 0.686 0.022 0.389 0.398 0.001 0.942 0.487 0.208 1.045 0.006 

−0.3 S.A. 0.005 0.954 0.000 0.944 0.006 0.954 0.011 0.954 0.016 0.938 

Expl. 0.390 0.396 0.093 0.912 0.297 0.576 0.783 0.028 1.341 0.002 

−0.6 S.A. 0.001 0.964 0.004 0.960 0.011 0.956 0.015 0.958 0.021 0.942 

Expl. 0.151 0.876 0.146 0.854 0.536 0.160 1.022 0.008 1.580 0.000 

Month 12 

True 
α1 

0.6 S.A. 0.004 0.954 0.002 0.952 0.010 0.956 0.021 0.960 0.036 0.956 

Expl. 1.356 0.000 1.080 0.000 0.717 0.008 0.257 0.652 0.283 0.594 

0.3 S.A. 0.002 0.964 0.008 0.958 0.017 0.956 0.028 0.956 0.042 0.944 

Expl. 0.958 0.000 0.682 0.018 0.319 0.496 0.141 0.870 0.681 0.016 

0 S.A. 0.006 0.956 0.012 0.948 0.020 0.944 0.032 0.940 0.046 0.930 

Expl. 0.619 0.040 0.343 0.450 0.020 0.944 0.480 0.158 1.020 0.000 

−0.3 S.A. 0.009 0.960 0.015 0.956 0.023 0.938 0.034 0.938 0.048 0.938 

Expl. 0.340 0.458 0.064 0.938 0.299 0.568 0.759 0.008 1.299 0.000 

−0.6 S.A. 0.011 0.966 0.017 0.960 0.025 0.952 0.036 0.952 0.050 0.942 

Expl. 0.115 0.906 0.161 0.852 0.524 0.092 0.984 0.000 1.524 0.000 
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rom the study data. In pa rticula r, asse ss me n t times may be in-
orm ativ e ev e n in s tud ies without ind ications such as n umbe r
f as s es sme n ts va rying b y pa rticipa n t; diffe re n t ial t iming of as-
 es sme n ts across treatme n t a rm s; or timing of as s es sme n t im-
acted by the outcome at previous as s es sme n ts. Subs ta n tive
no wledg e about the study should also be c ons ulte d in con-
ide ring whethe r pa rticipa n ts may be more (or le ss) like ly to
 av e an as s es sme n t whe n their outc ome is w orse. If inv es ti ga-
ors a n tic ipate having ir regul ar fo llo w - up time s in their study,
hey can consider conduct ing part icipant interviews to learn
hether the reasons for misse d, delaye d, or early appointments
er e r ela t ed t o p articip ants ’ outcome s. Pa rticipa n t respon s es
ould then be used to help as s es s whe ther s en sitivity analysi s i s
e e de d and inform the range of s en sitivity parame ter v alues to be
ncluded. 
In this pa pe r, w e opte d for a n in te nsity modeling a pproach, as
 as us ed, for examp le, in Lin e t al. ( 2004 ), Sun e t al. ( 2007 ),
 ̊užková and Lumley ( 2007 ), and Li ang e t al. ( 2009 ). It would
lso be possible to develop a discrete-time version of our ap-
roa ch usin g poo led lo g i stic r egr e ssion with s moothing of the
ime-spec i fic in te rce pts. Our e st imat ion approach was devel-
pe d for c on tin uous outcomes a nd uses a mea n model with the
de n tity link (Assumption 3). Future work wi l l ge ne r aliz e our
ork to other link functions, such as the logit link appr opria te for
in ary outc omes . The ARC study h ad minim al dropout, and in
ur approach w e h av e ass ume d th at no p articip ants are cen s ored
though they may have fewer as s es sme n ts tha n the s tudy pro-
oc ol spe c i fies). Future work wi l l rel ax this as sumption . We als o
s ed an as sumption of non-future depe nde nce (Assumption 4),
hich may not be appr opria te for some types of studies. This
ssumption is not needed for ide n t ificat ion, but is used in our
e mi -pa ra metric es t imat ion a pproach. Finally, a n importa n t is-
 ue is sele ctin g the ran ge of s en sitivity pa ra mete r values that wi l l
e included in the an alysis . Here, w e h av e use d a bounding ap-
r oach tha t uses domain expe rts’ knowled ge in a direct way with-
ut the ne e d for addition al ass umptions; how ev e r, this a pproach
 ay res ult in a wide r ange of values. A k ey dir ection for futur e

 esear ch is to develop and study other bounding proc e dures, in-
luding methods that would incorporate p articip ant interviews



12 � Biometrics , 2024, Vol. 80, No. 4 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/article/80/4/ujae154/7932723 by N
C

 State U
niversity Libraries user on 02 June 2025
A  CKNOWL  ED  GM ENTS  

We express our gratitude to Ming-Yueh Huang for sharing his
code for the single index model. We thank Rus s ell Localio
for sharing his insights about the ARC trial and Eleanor Pul-
len aye gum for helpful d isc ussions. We ar e gra t eful t o the anony-
mous r efer ees and as s oci at e edit or for v aluab le comme n ts a nd
su gge stions that improv e d the ma n uscript. 

SUPPLEMENTA  RY  MATERIA  LS  

Supple me n ta ry mate rial is available at Biometrics online. 
Web Appendices r efer enc e d in Se ctions 1 , 2 , 3 , 4 , and 7 , as well

as simul ated d ata and code, are av ail ab le with this paper at the
Biometrics website on Oxford Acade mic . 

FUNDING  

Resear ch r eported in this article was funded through a Patie n t-
Ce n te re d Outc ome s Re s earch In stitute ® (PCORI ®) Aw ard ME-
2021C3-24972. Sh u Ya n g, Yujin g Ga o, Andrea Apter and Daniel
Scha rfs tein received funding from this award. The views and
s tate me n ts prese n ted in this article are s o lely the responsibility
of the authors a nd a nd do not ne c es s arily r epr ese n t the views
of the PCORI ®. The ARC study was funded through Patie n t-
Ce n te re d Outc ome s Re s earch In stitute ® aw ard AS-1307-05218.
Bonnie Smith’s r esear ch w as parti ally s upporte d by Nation al
Institutes of Health grant EB029977 from the National Ins ti -
tute of Biomedical Imaging a nd B ioe nginee ring. Sh u Ya ng re-
c eiv e d funding support from National Science Foundation gra n t
NS F S ES 2242776. Andr ea Apter r e c eiv e d funding s upport
fr om Na t ional Inst itutes of Health gra n t NI H R18H L116285
fr om the Na tional Heart, Lung, and Blood Institute, and Daniel
Scha rfs tein received funding support from National Institutes of
Health gra n t NIH R01DA046534 fr om the Na t ional Inst itute on
Drug Abuse. Ravi Va radha n w ould like to acknowle dge funding
support from the Nat ional Inst itutes of Health gra n t NCI CCSG
P30 CA006973 from the National Ca nce r Ins titute. 

CONFLICT  OF  INTEREST  

None de clare d. 

DATA  AVA  ILA  BILITY  

The data from the Asthma Research for the Community study
th at s u pport the find ings in this pa pe r wi l l be sh are d on reason-
able request to the corresponding author. 

R EFER ENCES  

Ande rse n , P. K. and Gi l l, R. D. (1982). Cox’s r egr e ssion mode l for count-
ing proces s es: a l arge s amp le study. Th e Ann a ls of St a t is t ics , 10, 1100–
1120. 

Apter , A. J . , Localio , A. R., Morales, K. H., Ha n, X., Pe rez, L., Mulle n,
A. N. et al. (2019). Home visits for unc ontrolle d asthm a among lo w -
income adults with patie n t portal ac c ess . Jou rnal of Allergy and Cl in ical
Immunology , 144, 846–853.e11. 

Ba rndorff-Nielse n , O. E. and Cox, D. R. (1994). Inf erence and Asymp t ot ics .
Boca Raton, FL: Ch apm an and Hall. 
B irmingha m , J. , Rotnitzky, A. and Fitzmaurice, G. M. (2003). Pa t tern–
mixture and selection models for analysing longitudinal data with 
monotone missing pa t terns . Jou rnal of the Royal Sta t is t ic al Society: Se-
r ie s B (Sta t is t ic al Methodology) , 65, 275–297. 

Breslow , N. E. (1972). Dis cus sion on Profes s or Cox’s pa pe r. Jo urn a l of the
Roya l St a t is t ic al Society: Ser ie s B (M etho dologica l) , 34, 216–217. 

B ̊užk ová, P. and L umley, T. (2007). L ong itudin al data an alysis for gen- 
er aliz ed linear models with follow-up depe nde n t on outcome-r ela ted 
v ari ab les . T he Ca nad i a n Jou rnal of Sta t is t ics / La Revu e C ana dien ne de
Sta t is t iq u e , 35, 485–500. 

B ̊užková, P. and Lumley, T. (2009). Se mipa ra metric modeling of re- 
pe ated me asure me n ts unde r outcome-depe nde n t follo w -up. Sta t is t ics
i n Me dici ne , 28, 987–1003. 

Chen , Y. , Ning, J. and Cai, C. (2015). Regression analysis of longitudinal 
da ta with irr egula r a nd inform ativ e o bs erv at ion t ime s. B io st atistics , 16,
727–739. 

Chia ng , C.-T. a nd Hua ng, M.-Y. (2012). New est imat ion and inference 
proc e dures for a single-index c ondition al distribution model. Jo urn a l 
of Multiva ri ate An a lysis , 111, 271–285. 

C inelli , C. and Ha zlett, C. (2020). Making s en s e of s en sitivity: extending
omitted v ari ab le bi as. Jo urn a l of the Royal Sta t is t ic al Society: Ser ie s B
(Sta t is t ic al Methodology) , 82, 39–67. 

Franks , A. M. , D’Amour, A. and Feller, A. (2020). Flexible sen- 
sitivity analysis for o bs erv ational studies without o bs erv ab le 
imp lication s . Jou rnal of the Americ an Sta t is t ic al Associa t io n , 115,
1730–1746. 

Junipe r , E. , O’b yrne, P., Guya t t, G ., Ferrie , P. and King, D. (1999). D ev el-
opme n t a nd v alid at ion of a quest ionn aire to meas ure asthm a c ontrol.
Eu ro p ea n Res pira t o ry Jo urn a l , 14, 902–907. 

Kennedy , E. H. (2016). Semiparametric theory and empirical proces s es 
in causal infe re nce. In: Sta t is t ic al Causal Inferences and Their Applica- 
t io ns in Pub l ic Health Research, ICSA Book Ser ie s in Sta t is t ics (eds He, H.,
Wu, P. and Chen, D.-G. D.), 141–167. Cham: S pring er Intern ation al 
Publishing. 

Ke nwa rd , M. G. , Mole nbe rghs, G. a nd Thijs, H. (2003). Pa t tern-mixtur e
models with proper time depe nde nce. Biometri ka , 90, 53–71. 

Liang , Y. , Lu, W. and Ying, Z. (2009). Joint modeling and analysis of longi- 
tudinal data with informative o bs erv at ion t ime s. B iometrics , 65, 377–
384. 

Lin , D. Y. and Ying, Z. (2001). Semiparametric and nonparametric r egr es- 
sion analysis of longitudinal data. Jo urn a l of the Am erican S t atistica l As- 
socia t io n , 96, 103–126. 

Lin , H. , Scha rfs tein, D . O . a nd Rose nheck, R. A. (2004). Analysis of lon-
gitudinal data with irre gular, outc ome-dependent follo w -up. Jo urn a l of 
th e Royal S ta t is t ic al Society: Ser ie s B (Sta t is t ic al Methodology) , 66, 791–
813. 

Lipsitz , S. R. , Fitzm auric e , G . M., Ibrahim, J. G ., Gelbe r, R. a nd Lipsh ultz,
S. (2002). Pa ra mete r es t imat ion in longitud inal stud ies with outcome- 
depe nde n t follo w -u p. Biometr ics , 58, 621–630. 

Na tional Resear ch Council (2010). The Prevent io n and Trea tment of Miss- 
ing Data in Cl in ical Tri als . Washington, DC: The National Academies 
Press. 

P ulle n aye gum , E. M. and Feldman, B. M. (2013). Doubly robust e stima - 
t ion, opt im ally truncate d inv e rse-in te nsity wei gh ting a nd incre me n t-
bas ed me thods for the analysis of irregularly observ e d longitudin al 
d ata. S ta t is t ics in Medicine , 32, 1054–1072. 

P ulle n aye gum , E. M. and Lim, L. S. (2016). L ong itudin al data s ubje ct to
irregul ar o bs erv a tion: a r eview of methods with a focus on visit pro- 
ces s es, as sumption s, a nd s tudy desi gn . S ta t is t ic al Methods in Medical
Research , 25, 2992–3014. 

P ulle n aye gum , E. M. and Scharfstein, D. O. (2022). Randomized trials 
with r epea te dly meas ure d outc omes: h andling irre gula r a nd pote n-
t ially informat ive as s es sme n t times. Epi dem iologic Reviews , 44, 121–
137. 

Redd , A. , Gao, Y., Yang, S., Smith, B., Va radha n, R. a nd Scha rfs tein,
D. (2024). Se ns IAT: se nsitivity a n alysis for irre gul ar as s es sme n t
time s, R package v ersion 0.1.1.9000 . https://uofue pibio.github.io/Sen 
sIAT/. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae154#supplementary-data
https://uofuepibio.github.io/SensIAT/.


Biometrics , 2024, Vol. 80, No. 4 � 13 

R  

 

S  

 

S  

 

S  

 

S  

 

S  

 

S  

 

 

S  

 

V  

 

V  

 

 

 

W  

 

 

W  

 

R
©

D
ow

nloaded from
 https://academ

ic.
 otnitzky , A. , Schar fstein, D., Su, T.-L. and Ro bin s, J. (2001). Me thods for
conducting s en sitivity analysis of trials with pote n tially noni gnorable
compe ting caus es of cen s oring. Biom etrics , 57, 103–113. 

cha rfs tein , D . O . a nd McDe rmott, A. (2019). Glo bal s en sitivity analy-
sis of clinical trials with missing patie n t- re port ed out comes. Sta t is t ic al
M etho ds in M edica l Research , 28, 1439–1456. 

hen , W. , Liu, S., Chen, Y. and Ning, J. (2019). Regression analysis of
longitudinal data with outcome-depe nde n t sa mpling a nd inform ativ e
cen s orin g. Scan din avian Jo urn a l of Sta t is t ics , 46, 831–847. 

jöl a nde r , A. , Gabriel, E. E. and Cioc ̆anea -Teodore s cu, I. (2022). Sen si-
tivity analysis for causal effects with ge ne r aliz ed linear models. Jo urn a l
of Causal Inference , 10, 441–479. 

 un , J. , S un, L. and Liu, D. (2007). Regression analysis of longitudinal data
in the presence of informative o bs erv ation and cen s oring times. Jour-
n a l of the American Sta t is t ic al Associa t io n , 102, 1397–1406. 

un , L. , Mu, X., Sun, Z. and Tong, X. (2011a). Semiparametric analysis of
longitudinal data with informative o bs erv at ion t imes. Act a Mathem at-
icae App l icatae Sin ica, Engl ish Ser ie s , 27, 29–42. 

un , L. , Song, X. and Zhou, J. (2011b). Re gression an alysis of longitudi-
nal data with time-depe nde n t cova riates in the presence of informative
e c eiv e d: O cto ber 28, 2022; Revis e d: O ctober 22, 2024; Ac c epte d: Nov e mbe r 27, 2024 
The Author(s) 2024. P ublished b y Oxford University Press on behalf of The In te rn ation al Biome tr
o bs erv ation and cen s oring times. Journal of Sta t is t ic al Pla nn ing a nd In-
ference , 141, 2902–2919. 

un , X. , Peng, L., Manatunga, A. and Marcus, M. (2016). Qua n tile r egr es-
sion analysis of cen s ored longitudinal d a ta with irr e gular outc ome-
depe nde n t follo w -u p. Biometr ics , 72, 64–73. 

a ns teela ndt , S. , Rotnitzky, A. and Ro bin s, J. (2007). Est imat ion of regres-
sion models for the mean of r epea t ed out comes under nonignorable
nonmonotone nonrespon s e. Biom etrika , 94, 841–860. 

eitch , V. and Zaveri, A. (2020). Sen s e and s en sitivity analysis: simp le
pos t-hoc a nalysis of bias due to uno bs erv e d c onfounding. In: Adva nces
i n Neural Inf o rma t io n Processing Sys t ems (eds Larochelle, H., Ranzato,
M., Hadsell, R., Balcan, M. F. and Lin, H.), Vol. 33, 10999–11009.
Red Hook, NY: Curran Associates, Inc. 

a ng , C. a nd Da niels, M. J. (2011). A note on MAR, ide n tifying res tric-
tion s, model comparis on, and s en sitivity analysis in pa t tern mixtur e
models with and without cov ari ates for incomp le te d at a. B iometrics ,
67, 810–818. 

ang , Z. (2020). Global se nsitivity a nalysis for ra ndomized trials with in-
form ativ e as s es sme n t times: a fully pa ra metric a pproach. Mas te r’s the-
sis. Jo hn s Hop kin s University. 
ic Socie ty. All ri gh ts rese rv e d. For permis sion s, p leas e e-mail: j our nals.per mis sion s@oup.com 

oup.com
/biom

etrics/article/80/4/ujae154/7932723 by N
C

 State U
niversity Libraries user on 02 June 2025

mailto:journals.permissions@oup.com

	1 INTRODUCTION
	2 BACKGROUND
	3 SENSITIVITY ANALYSIS FRAMEWORK AND MODELS
	4 ESTIMATION
	5 SELECTION OF A RANGE OF SENSITIVITY PARAMETER VALUES
	6 DATA ANALYSIS: ARC TRIAL
	7 SIMULATIONS
	8 DISCUSSION
	ACKNOWLEDGMENTS
	SUPPLEMENTARY MATERIALS
	FUNDING
	CONFLICT OF INTEREST
	DATA AVAILABILITY
	REFERENCES

