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A B S T R A C T  

The ICH E9 addendum on estimands in clinical trials provides a framework for precisely defining the tr ea tme n t effect that is to be est imated , but 
says little about est imat ion methods. Here, we report analyses of a clinical trial in type 2 di abe te s, t argeting the effects of r andomiz ed tr ea tment, 
handl ing resc ue tr ea tme n t a nd discon tin uation of r andomiz ed tr ea tment using the so-called hypothetical strategy. We show how this can be esti- 
m ate d using mixed models for repeated measures, multiple imputation, inverse probability of treatme n t wei gh ting, G-form ula, a nd G-es t imat ion. 
We describe their assumptions and practical details of their imple me n tation usin g pa ckages in R. We report the results of these analyses, broadly 
finding similar e stimate s and standar d err ors acr oss the estima tor s. We d isc uss various considerations releva n t whe n choosing an est imat ion ap- 
proa ch, includin g c omputation al time, how to handle missing data, whether to include post inter curr ent event da ta in the analysis, whether and 

how to adjust for additional time-varying confounders, and whether and how to model different types of inter curr ent event data se parate ly. 

KEY W OR DS : causal infe re nce; E9 addendum; hypothetical es tima nd; in te r curr e n t eve n ts; mis sing d ata. 
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1 I N T R O D U C T I O N 

ollo wing the IC H E9 a ddendum, definin g the tr ea tme n t effect
f a clinical tri al, als o known as the “es tima nd”, includes ide n-

ifying in te r curr e n t eve n ts (ICEs) a nd s trat egies t o deal with
hem (ICH, 2019 ). Examples of ICE include tr ea tme n t dis-
on tin ua tion, r esc ue med ica tion use, dea th pr ior to measur ing
he outcome, or a ny eve n t that occ ur s after tr ea tment initia-
ion that either affects the in te rpr eta tion or the exis te nce of the
utcome. 
In di abe tes tri als, res c ue med ica tion for adequa te gluc ose c on-

rol should be available for ethical reasons because of the delete-
ious effect of elevated glucose levels. One option is to target the
r ea tme n t effect in a way that includes any effect that the addition
f rescue me dication m ay h av e on the outc ome. Ac c ording to the
CH E9 addendum, this would correspond to using a treatment
 ol icy strate gy to deal with this ICE. This strate gy, how ev er, leads
o a n es tima nd th at m ay m ask (or, less c ommonly, exaggerate)
he effect of the study drug itself whe neve r the re is diffe re n tial
s e of res c ue med ication betw e en tr ea tme n t a rm s (Ho lzhauer
t al., 2015 ). In pa rticula r, if the re is a hi ghe r res cue us e in the
 ontrol c ompare d to the active arm (and if the rescue is more
ffe ctiv e th an the c on trol a rm medica tion alone), the tr ea tme n t
olicy es tima nd may unde rs tate the pha rmaco lo gical benefits of

he active tr ea tme n t. Es timating the tr ea tme n t effect in the (hy-
othe tical) abs ence of res c ue med ication use ca n the n be of in-
e c eiv e d: Septe mbe r 1, 2023; Revise d: O ctober 19, 2024; Ac c epte d: Ja n ua ry 3, 2025 
The Author(s) 2025. Published by Oxford University Press on behalf of The In te rn ation a
 re ative Common s A ttribution Licen s e ( https://creativ ec ommons .org/lic ense s/by/4.0/ ), wh

he original work is properly cited. 
e res t for ce rtain s takeholde rs. In this case, the use of rescue med-
cation would be hand led fol lowing a so-cal le d hyp o thet ic al strat-
 gy, targeting wh at w ould h av e be en o bs erv e d in the trial h ad res-
 ue med ication not be en m ade av ail ab le to patie n ts (eve n if con-
rary to the fact). It is important to note, how ev er, th at this is just
ne pos sib le hypothe t ical est im and th at one could con te mp l ate
Lip kovich e t al., 2020 ). 
In Section 2 , a trial in type 2 di abe tes patie n ts is described as

 mot ivat ing exa mple. The choice of s tatis tical a nalysis in the
ublishe d an alysis s u gge sts that the prima ry es tima nd of in te res t
 ould h av e use d a hypothetical strate gy to deal with rescue med-

ca tion and tr ea tment discontinua t ion. This est imand is the main
ocus of this pa pe r a nd our aim is to describe a nd i l lustrate how
iffe re n t es timators ca n be a ppl ied in a real l ife sc en ario. Miss-

ng d ata me thods are typically us e d to estim ate s uch estim ands,
ecause the hypothetical outcome values that would have en-
 ue d in the absence of the ICE are incomp le te. Thes e include

ixed- mode l re pe ated me asures (MMRMs) and multiple impu-
ation (MI). Causal infe re nce es timator s, l ike G-form ula, inve rse
r obability of tr ea tme n t wei gh t ing (I PTW) a nd G-es t imat ion,
 av e th us fa r bee n ra rely used in clinical trials, pres um ably be-
ause they were mostly dev elope d for o bs erv a tional ra ther than
 andomiz e d studies . In earlier w ork, w e show e d how causal in-
e re nce es timators ca n be used to es t imate hypothet ical est i-

a nds, with the pote n tial for improv e d s tatis tical efficie ncy ove r
l Biome tric Socie ty. Thi s i s a n Ope n Ac c ess a rticle dis tributed unde r the te rms of the 
ich permits unre stricted re use, dis tribution, a nd reproduction in any me dium, provide d 
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FIGURE 1 Dire cte d Acy clic Gr ap h rel ating r andomiz ed tr ea tme n t ( A ), baseline ( L 0 ) a nd time-va ryin g co v ari a tes ( L k ), occurr ence of the ICE 

at each visit ( E k ) and repeated measure me n ts of the outcome ( Y k ). 
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e stimate s obt ained using mis sing d ata me thods (Ol a rte Pa rra
et al., 2022 ). Here, we de mons trate feasible ways to imple me n t
the diffe re n t es timators using exis ting s tatis tical packages a nd
d isc uss how to tackle challe nges e ncoun te red in real life s e ttings
includin g missin g data. We also describe a nd con tras t the s tatis-
t ical assumpt ions a nd prope rtie s of each e s timator, a nd based on
thi s g iv e re c ommend ation s for trial s tatis ticia ns fac e d with the
decision of which to use. 

2 M OT I VAT I N  G  E X A M P L E  

We an alyze d da ta fr om a trial wher e type 2 di abe te s pa -
tie n ts on metformin monothe ra p y who h ad in ade quate glyc emic
c ontrol w ere r andomiz ed at baseline to additionally receive
d apagliflozin, d apagliflozin, and s axagl iptin, or gl imepiride
(Müller-W iel and e t al., 2018 ). Their HbA1c and fasting p l asma
gluc ose w ere meas ure d at baseline and then periodically to as-
s es s their respon s e. During the first 3 months, visits oc curre d
ev ery 2 w e eks a nd the n eve ry 12 w e eks up to 52 w e eks . The
m ain outc ome of in te res t ( Y ) was cha n ge in H bA1c from base-
line to the final visit after 52 w e eks of follo w -u p. Insul in was indi-
cated as resc ue med ication for patie n ts with in ade quate glyc emic
control. Up to visit 9, rescue was c onsidere d if patie n ts’ fas t-
ing p l asm a gluc ose (FPG) exc e e de d a visit spe c i fic threshold,
while at visits 10–12, rescue was c onsidere d if their HbA1c
exc e e de d a spe c i fied threshold. I f p atie n ts exc e e de d the rele-
va n t threshold they then had an extra visit and their FPG or
HbA1c value was meas ure d again . Res cue w as then initiated
if this value exc e e de d the thr eshold. Once r esc ue med ication
was s ta rted , pat ie n ts con tin ued taking it for the re mainde r of
the s tudy. The re we r e no dea th s o bs erv e d during the study
period. 

For simplicity, we wi l l focus on the comparison of da-
pagliflozin and saxagliptin to glimepiride. We chose this com-
parison to i l lustrate the pote n tial effect of an imbalance in
use of rescue me dication, giv en th at in the glimeperide arm
12.3% re c eiv e d rescue me dication while in the dapagliflozin and
saxagliptin arm only 6.2% re c eiv e d it. Ac c es s to this tri al d ata
we re a pprov e d by the spon s or As traZe neca a nd reques ted via the
p l atform Vivli (Vivli Data Request: 6764). 
3 E  ST I M A  N D  A  N D  I D E N T I F I A  B I L I T Y  

A S S U M  P  T I O N S  

To precisely define our es tima nd of in te res t, we wi l l introduce 
s ome notation . Le t A de note ra ndomized tr ea tme n t a nd E k de-
note a binary indicator whether by visit k the patie n t h ad h ad an 

ICE (of eithe r type). Patie n ts who s ta rted resc ue or d iscontin- 
ued tr ea tme n t, re mained on rescue or without study treatme n t 
for the rest of the follow up. The ove rba r de notes the his tory 
of a v ari ab le up to and including visit k (eg E k ) or throughout 
the e n tire follo w -u p (u p to and includ ing visit 9), for example 
E . We let Y 0 denote HbA1c at baseline. Y 

a, e k−1 
k denotes the po- 

t ent ia l o u t co me for change in HbA1c from baseline th at w ould be
meas ure d at visit k if w e w ere to s e t treatme n t A = a and ICE
oc currenc e E k−1 = e k−1 . We emph asize th at s uch pote n tial out- 
c omes are ass ume d to be w ell-define d for all patie n ts, rega rdless 
of their actual tr ea tme n t assi gnme n t A a nd actual ICE occur- 
rence up to visit k, E k (Rubin, 1974 ). In particul ar, imp licit in the 
notation Y 

a, e k−1 
k is that a give n patie n t’s pote n tial outcome does 

not depend on the tr ea tment (and in our s e tting, ICE v alues) 
assigned to any other patients (no-interference) and that there 
do not exist multiple (s ub)v ersions of tr ea tment tha t mi gh t give 
rise to diffe re n t outcomes (no-versions-of-tr ea tment) (Rubin, 
1980 ). 

Our es tima nd of in te res t is the n 

E 

(
Y 

a =1 , e = 0 
10 − Y 

a =0 , e = 0 
10 

)
. (1) 

In word s, thi s i s the effect (as a mea n diffe re nc e) on the ch ange 
in HbA1c meas ure d at the fin al (10th) visit ( Y 10 ) of dapagliflozin 

and saxagliptin ( A = 1 ) c ompare d to glimeperide ( A = 0 ) as 
add-on medications, if resc ue med ication had not been made 
av ail ab le and patients h ad c ontinue d taking their assigned tr ea t- 
me n t during the full follo w - up ( E = 0 ). The e s tima nd is a n ex-
ample of a c ontrolle d dire ct effe ct—it is the dire ct effe ct of ran- 
domized tr ea tme n t on outc ome not me diate d via the tr ea tme n t’s 
effect on the ICE, and where the mediator (the ICE) is con- 
tr olled a t a spec i fic level (he re ze ro) (He rnán a nd Ro bin s, 2024 ).

Figure 1 s umm arizes the ass ume d caus al structure be tw e en 

r andomiz ed tr ea tment A , r epea te d meas ure me n ts of outcome Y 

and the oc curenc e of the ICE in a simplified setting with 3 visits 
a fter base line. L 0 denote s v ari ab les meas ure d at baseline and L k 
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TAB LE 1 Summ a ry of the diffe re n t es timators a nd their imple me n tation in R. 

Prior MI to handle 
Method R package Da ta forma t missing data Pos t-IC E values S tand ard e rror 

MMRM mmrm Long No No Li keli hood-based 

MI mice Wide Yes No Rubin’s rules 
IPTW ipw Long Yes No Boots tra p 

G-formula gfoRmula Long No Yes Boots tra p 

G-formul a vi a MI mice Wide Yes Yes Raghun ath an’s formula 
G-est imat ion None Wide Yes Yes Boots tra p 
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 ari ab les meas ure d at e ach follo w -up visit k. The choice of which
 ari ab les to include in L 0 and L k should be made in order to ren-
er the following identifiability assumptions plausible: 

(1) Consis te ncy: for those ra ndomized to arm a who do not
expe rie nce a n ICE, their o bs erv e d outc ome is e qual to
their pote n tial outcome Y 10 = Y 

a, e = 0 
10 . 

(2) Seque n tial excha ng e ability: tog ether with A and E k−1 ,
L k and Y k are su ffic ient to control for confounding
betw e en each E k and Y 10 . Formally, Y 

a, e = 0 
10 ⊥ E k | A =

a, L k , Y k , E k−1 = 0 for all k and for a = 0 , 1 . 
(3) Positivity: if a p articip a n t is ICE-free up to visit k − 1 ,

there is a positive probability of again not having the
ICE at visit k, c ondition al on any pos sib le c ombin a-
tion of cov ari ate (and past outcome) history and tr ea t-
me n t a rm: P (E k = 0 | A = a, L k = l k , Y k = y k , E k−1 =
0 ) > 0 for all k, for a = 0 , 1 and for any ( l k , y k ) such
th at the c ondition al c ov ari ate (a nd pas t outcome) de n-
sity given tr ea tment arm and “no ICE” is bounded
away fr om zer o a t ( l k , y k ) . Note tha t as sumption s such
as P (E k = 1 | A = a, L k = l k , Y k = y k , E k−1 = 0 ) > 0
are not re quire d be cause w e a re only in te res ted in ICE-
free pote n tial outc omes . 

We note that the consis te ncy, no-in te rfe re nce a nd no-ve rsions-
f-tr ea tme n t as sumption s to ge ther make up what Rubin termed

he Stable Unit Tr ea tme n t Value Assumption (Rubin, 1980 ;
a nde r We ele and Hernan, 2013 ). The above ide n tifiability con-
itions allow the es tima nd to be expres s ed as a function of the
 bs erv e d data. How ev er, unless all variables are discr ete, sta tis-

ical infe re nc e re quires use of additional s tatis tical modelling as-
umptions (He rnán a nd Ro bin s, 2024 ), which we describe fur-
her in Section 4 for each estimator. 

Ideally, when defining such an estimand for a future trial, one
 ould c ons ult with experts in the c orresponding the ra peutic

r ea a t pr ot ocol stage t o ens ure the c olle ction of v ari ab les such
hat the ide n tifiabil ity cond itions (spec i fically exchang e ability
nd positivity) wi l l be p l ausib ly s at isfied . In our cas e of re tro-
pe ctiv e an alysis of an already c onducte d trial, w e instead ne c-
s s arily chos e the v ari ab les t o go int o L 0 and L k based on what
 as co llected a nd th us av ail ab le from the or iginal tr ial, our sub-

e ct m a t te r knowled ge, a nd the tri al’s protoco l. 
We chose the baseline covariates L 0 to consist of age, sex,

ody mass index (BMI), systolic blood pr essur e, dura tion of di-
bete s and C-pe ptide (indicator of the production of insulin),
hich wer e pr es ented in Tab le 1 in the original tri al pub lication .
n the version of the d atas e t to which we had ac c es s, age w as
rouped in to 5-yea r cate gories, exc ept for the first category that

ncluded patie n ts from 18 to 30 years ( n = 10 ). We used the
id -poin t of e ach categ ory to cr ea te a v ari ab le that w as tr ea ted

s a con tin uous va riable in these an alyses . When doing the pri-
a ry a nalysis of a trial, this would not be neces s ary as the actual

ge would be av ail ab le; this appr oxima tion is only to facilitate
he analysis here. B MI w as av ail ab le only as 3 categories (nor-
 al w ei gh t, ove rwei gh t a nd obesity) a nd th us was included as

ategorical. 
The time-varying cov ari a tes L k wer e chosen to be FPG and

idney funct ion (est im ate d glome rula r filtr ation r ate, eGFR).
s we exp l ained in Section 2 , rescue medication was indicated

c c ording to FPG and HbA1c. We chose to include only their
che dule d meas ure me n ts a nd not the addition al meas ure me n ts
aken in those patients whose planned measure exceeded the
hr eshold a t the sche dule d vi sit. Thi s was de cide d to av oid
os sib le vio l ation s of the positivity as s umption, and be cause
mission of these measure me n ts would only vio l ate the ex-
hang e ability assumption if they exerted a large direct effect
ie, not through the effect on s ubse que n t r escue initia tion) on
he outcome, which s eem s unlikely. We also accounted for kid-
ey function via inclusion of eGFR because impairme n t ca n

ead to the discon tin uation of these me dications . A s w ith other
aseline cha racte ris tics, including r epea te d meas ure me n ts of
PG and eGFR m akes the exch ang e ability assumption more
 l ausib le. 

4 M ET H O D S  

n this se ction, w e describe the diffe re n t es tim ators use d to es ti -
ate the hypothetical es tima nd defined in Section 3 . For each,
e describe and con tras t their s tatis tical as sumption s and how
ur v ari ab le and mode ling choice s w ere m ade to increase the
h anc e s the s e as sumption s were s at isfied . We s ta rt b y r eplica ting
he original analysis with MMRM and then provide altern ativ es
hat include MI, IPTW, G-form ula, a nd G-es t imat ion. We dis-
us s v ari ation s of thes e appr oaches tha t include other r eleva n t
 ari ab le s be side s the one s included in the original an alysis . The
iffe re n t methods a nd imple me n tations a re n umbe re d se quen-

ially as they are being described to link them with their corre-
ponding result in Section 5 . The more detailed step by step im-
le me n tation of each method and the corresponding software
nd c ode use d to imple me n t the m ca n be found in the online
upplemen ta ry Mate rial . 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae167#supplementary-data
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4.1 Meth ods us ing o nl y values befo re the ICE 

4.1.1 Mixed-m o del re pe ate d me a sure s 
The original paper publishing the trial results was based on
MMRM, which tr ea ts the uno bs erv e d no-ICE outc omes in
those patie n ts who expe rie nc e d an ICE as mis sing d ata. In gen-
eral, in line with re c ommend ation s of the ICH E9 addendum
(ICH, 2019 ), we should use in the analysis informa tion fr om all
r andomiz e d patients . How ev er, in the original trial, results were
based on the “full analysis s e t”, defined as the s e t of patie n ts who
re c eiv e d at least one dose of the tr ea tme n t, had a bas eline v alue of
HbA1c, a nd at leas t one follo w -up me asure me n t. We res tricted
our analyses to this subs e t s o that any differences in results from
those in the original paper are not due to a different choice of
patie n ts used in the analysi s. Thi s s ame s e t of p articip ants was
used for all the analyses we conducted. Only measure me n ts of
the outcome (change in HbA1c) before rescue treatme n t or dis-
con tin uation we re included. This mea ns that for individuals who
had either ICE, we are s e tting Y to missing at visits after the ICE
oc curre d, ev en if it was actually observ e d. The MMRM model
( M etho d 1 ) spec i fies fixed effects of tr ea tme n t , visit , and their in-
tera ction, baseline H bA1C a nd its in te raction w ith v isit, a nd a n
unstructur ed r esidual err or cov ari anc e m atrix. The model thus
ass ume d 

Y 

a, ̄e =0 
k = α0 ,k + αA,k a + αY 0 ,k Y 0 + εk (2)

for k = 1 , . . . , K, with ( ε1 , . . . , εK ) T ∼ N( 0 , �) a nd whe re
� denotes an arbitrary (unstructured) positive definite cova ri -
anc e m atrix. MMRMs m aximize the o bs erv e d dat a like lihood,
and provide valid inferences when the full data (here the hypo-
thetical no-ICE outcomes) model is c orre ctly spe cifie d and the
uno bs erv e d no-ICE potential outcome data satisfy the missing
at random (MAR ) ass umption. This MAR ass umption, which
in the case of monotone missingness is the same as the sequen-
tial exchang e ability as sumption (Ol a rte Pa rra et al., 2022 ), is vio-
lated by the presence of the variables L k which affect HbA1C and
the ICE but which are not used in the MMRM model. How ev er,
the exte n t to which it is vio l ate d m ay be mitigate d b y the hi gh
corr ela tion betw e e n FPG a nd HbA1c (Holzhaue r et al., 2015 ).
In principle, one could fit an extended MMRM model which in-
cludes the FPG measure me n ts at each visit as part of the out-
c ome v e ctor. How ev e r, this a pproach is not suitable whe neve r
the time-va rying confounde rs a re s uch th a t the r esulting m ul -
tiv ari ate normal assumption would not be p l ausib le (eg, if one
w ere bin ary). The MI approach we describe next offers a more
flexible and c onv enient approach to incorporate v ari ab les like
FPG which affect the outcome of in te res t a nd also ICE occur-
rence. 

4.1.2 Mu ltip le impu ta ti o n 

Using the same data as in the M MRM analysi s and assuming
MAR, the no-ICE pote n tial outc omes w ere impute d using MI.
We used the MI by ch aine d e quations (or fully c ondition al spe ci-
fica tion) appr oach t o imput e the missing no-ICE values ( M etho d
2 ). The base imputation model for Y ̄

e =0 
k ass ume d 

Y 

a, ̄e =0 
k = β0 ,k + βA,k a + βY 0 ,k Y 0 + βT 

Y −k ,k Y 

a, ̄e =0 
−k + εk , (3)
where Y 

a, ̄e =0 
−k = (Y 

a, ̄e =0 
1 , . . . , Y 

a, ̄e =0 
k−1 , Y 

a, ̄e =0 
k+1 , . . . , Y 

a, ̄e =0 
K ) de- 

notes the v e ctor of ch an ges in H bA1c (under no -ICE) f rom base- 
line except for visit k and εk ∼ N(0 , σ 2 

k ) . This is equivale n t to 

imputa tion fr om the joint multiv ari ate model ass ume d in the 
MMRM mode l (Hu ghe s et al., 2014 ). We do not expect these re- 
sults to be n ume rically ide n tical to MMRM for reas on s dis cus s ed 

b y Wa ng a nd Ro bin s ( 1998 ) (eg, taking only a finite n umbe r of
imputations); how ev e r, for a la rge sa mple size a nd a la rge n um-
ber of imputations, the differ ences ar e expe cte d to be v ery sm all. 
An adva n tage of MI compa red to M MRM i s that it allows the in- 
clusion of a diffe re n t s e t of v ari ab le s in the imput ation a nd a nal -
ysi s model s. By includin g a dditional v ari ab le s in the imput ation 

model , the MAR assumpt ion can be r ender ed mor e p l ausib le. 
Thus, we also imple me n ted othe r ve rsions of MI th at include d 

the bas eline ( Meth od 3 ) and time-v arying v ari ab les ( Meth od 4 )
listed in Section 3 in the imputation models. As such, FPG and 

eGFR w ere impute d using norm al imput ation mode ls analogous 
to Equation ( 3 ), and they serv e d as c ov ari ate s in the imput ation
models for HbA1C. 

4.1.3 Inverse pr ob a bility of tr eatmen t weigh ting 
MMRM and MI re ly on mode ls for the outcome s (and time- 
va rying confounde rs in the case of MI). For MI, c orre ctly spe c- 
ifying all of the se mode ls may be pa rticula rly de ma nding with 

mult iple t ime-va rying confounde rs. An alte rnative a pproach 

which avoids this r equir e me n t is to instead model the ICE mech- 
a nism, which he r e corr esponds to the mis singnes s (in no-ICE 

outc omes) me ch a nism, a nd the n use inve r se probabil ity of tr ea t- 
me n t/mis singnes s wei gh t ing (I PTW, M etho d 5 ). For this s e t-
t ing, the t ime-varying “tr ea tme n t” corresponds to the the occur- 
rence of the ICE. The wei gh ts we re es timated based on a pooled 

log i stic r egr e ssion mode l assuming 

P (E k = 0 | A, Y 0 , Ȳ k , L 0 , ̄L k , Ē k−1 = 0) 

= expit (γ0 + γA A + γY 0 Y 0 + γY Y k 

+ γY −1 Y k−1 + γG −1 G k−1 ) , (4) 

where G k−1 was the average HbA1c up to and including visit 
k − 1 . For those patie n ts who did not expe rie nce a n ICE 

through the final follo w -up, their wei gh t was calculated as V = ∏ K 
k=1 

1 
P(E k =0 | A,Y 0 , ̄Y k ,L 0 , ̄L k , ̄E k−1 =0) . Sometime s st ab ili ze d w ei gh ts 

are used in IPTW for est imat ing parameters of m argin al struc- 
tural models, but here, wher e ther e is no such model, their use 
w ould m ake no diffe re nce (the n ume rat or t e rm would be ide n-
tical among all patie n ts who a r e ICE fr ee thr ough to the final 
follo w -up visit). We chose to include HbA1c at the same visit 
 k , the previous one ( Y k−1 ) and the average of the ea rlie r ones 

on the basis that this should constitute a parsimonious r epr e- 
se n tation of how past HbA1c may have affected the occurrence 
of ICE. Since the trial was double-blind, in principle, we could 

h av e omitte d the r andomiz ed tr ea tment A fr om the model. We 
nonethe le ss included it since it is predictive of outcome if there 
is a tr ea tme n t effe ct (B rookh art et al., 2006 ). Below, we exp l ain
furthe r va riations whe re addition al c ov ari a tes wer e included in 

the log i stic model to increase the p l ausibility that s eque n tial ex- 
chang e ability was sat isfied . 
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The wei gh ts for IPTW we re es tim ate d using the ipwtm func-
ion of the ipw R package (van der Wal and Geskus, 2011 ). An
mporta n t issue to hi ghli gh t is that the ipw package does not al-
ow missing values. To overcome this, we imputed the missing
 alues before app ly ing IPTW. A s w ith MI, w e h av e the flexibil-
ty to include additional cov ari ates in the model for the wei gh ts
Equation [ 4 ]) in order to make the seque n tial excha ng e abil-
ty assumption more plausible. Thus, we additionally conducted
PTW als o including bas eline cov ari ates ( Meth od 6 ) and time-
 arying v ari ab les without interactions ( Method 7 ). 
It is worth hi ghli gh ting that in MMRM or MI, which do not

s e post-ICE d a ta, ther e is no ne e d and inde e d one cannot dis-
inguish betw e en the types of ICE which oc cur in the models .
hi s i s because, by definition, ther e is no informa tion in the ob-

erv e d data about how the type of ICE expe rie nc e d by a patie n t
i gh t predict their uno bs erved no-ICE outcome. In con tras t, for

PTW, as the ways covariates predict the occurrence of the 2 dif-
e re n t ICE types may diffe r, a n a ppr oach tha t di stingui shes be-
w e e n the diffe re n t ICE may be prefe rable. We c ould c onsider
aving separate log i stic model s for e ach IC E a nd the n using the
roduct of the probabilities of having e ach IC E to construct the
ei gh ts. Howeve r, this would imply that the eve n ts a re indepe n-
e n t. Alte rn ativ ely, w e can construct the ICE v ari ab le as a factor
 ari ab le to indicate whether no ICE oc curre d ( E k = 0 ), only res-
 ue ( E k = 1 ), only d iscon tin uation ( E k = 2 ) or both oc curre d
 E k = 3 ) and use this to estimate the wei gh ts b y spec i fying a
ultinomi al lo g i stic r egr e ssion mode l in the a rgume n t fa mily of

he ipwtm function with all baseline a nd time-va rying va riables
s cov ari ates ( Meth od 8 ). Since the multinomi al model only in-
ludes contributions up until a patie n t has non-ze ro ICE s tatus
 nd the re we re no patie n ts who in the same visit were both res-
 ued and d iscon tin ued, in fact only the probabilities of E k = 1
nd E k = 2 v ers us E k = 0 were modeled. 
For this and the following methods that re quire d the boot-

 tra p, we chose to draw 100 boots tra p sa mple s, unle ss other-
ise spec i fied. Often one would use a la rge r n umbe r of boots tra p
 amp les to minimize the Monte-Carlo error in the bootstrap es-
imate of v ari ance. We chos e a r ela tive ly s mall value here be-
ause the boots tra p va ria nce es timates a re the m s e lve s averaged
cross the 100 imputed d atas e ts to calcul ate the average within-
mputation v ari ance. 

Est imat ing the effect on each imputed d atas e t a nd boots tra p-
in g within ea ch imputed d atas e t to o bt ain a within-imput ation
 ari anc e estim ate is c omputation ally fas te r tha n boots tra pping
he o bs erv e d d atas e t with mis sing v alues a nd the n imputing
n each boots tra p sa mple (Schomake r a nd Heuma nn, 2018 ).

ore ov e r, Rubin’s va ria nce es timator using boots tra pping to
 stimate the within-imput ation v ari anc e h as previously be en
hown to work well when combining MI with inverse probability
ei gh ting (Leyrat et al., 2019 ). 

4.2 Meth ods exploit ing post -ICE v alues 
n adva n tage of not using outcome values after the ICE occ ur s

s that it avoids the need to model the effect of the ICE on the
utcome. Nonethe le ss, to an increasing exte n t, trials con tin ue to
 olle ct inform a tion on pa tie n ts afte r expe rie ncing IC Es. We no w
es cribe me thods that can exp loit s uch inform ation, pote n tially
ncr easing sta t ist ical efficiency, but at the expen s e of having to
 ake addition al modeling ass umptions . 

4.2.1 Pa ra m etri c G-fo rmula 
he G-formula ( M etho d 9 ) by default makes use of measure-
e n ts take n afte r the ICE occ ur s, in con tras t to the approaches

es cribed previously. G-formul a fits models for the time-varying
 onfounders L k , outc omes Y k , and the final outcome Y 10 . It then
imulat es pot ential out c omes base d on these and the tr ea tment
e quenc e of interest, which for the hypothet ical est im and c orre-
ponds to s e t ting the ICE to 0 thr oughout. Our firs t G-form ula
mple me n tation did not use the time-va rying confounde rs L k ,

hile for the outcomes Y k , it assumed a pooled model of the
orm 

Y k = δ0 + δA A + δE −1 E k−1 + δW 

W k + δY 0 Y 0 

+ δY −1 Y k−1 + δG −1 G k−1 + εk , (5)

here εk ∼ N(0 , σ 2 ) and W k denotes the number of w e eks
ince the patie n t expe rie nc e d the ICE, or 0 if no ICE had oc-
urred by visit k or it had just oc curre d at visit k. We chose this, as
pposed to the n umbe r of visits since the ICE first occurred, be-
ause the time in te rval betw e en visits varie d, as explaine d in Sec-
ion 2 . Our model spec i fication thus allow e d for an effe ct of h av-
ng ea rlie r had a n ICE, a nd this effect was allow e d to depend on
ow long since the ICE oc curre d. The terms Y k−1 and G k−1 were

ncluded as a parsimonious summary of how past HbA1C was
ss ume d to affe ct curre n t HbA1c . Rel axing this as sumption and
llowing indepe nde n t effects of all pas t HbA1c values is more
eadily imple me n ted using the G-form ul a vi a MI me thod we de-
cribe in Section 4.2.2 . 

To re nde r the seque n tial excha ng e ability assumption being
ade more p l ausib le, we als o ra n G-form ul a ( Meth od 10 ) in-

ludin g a ddition al c ov ari ate s in the HbA1c mode l (ste p 2) and
ncluding FPG and GFR as time-varying c onfounders . Be side s
 andomiz ed tr ea tment, the ICE indica tor, the W k ICE v ari ab le,
urre n t H bA1c, lagged H bA1c, and lagge d av er age Hb A1c, the
odels for FPG, GFR, and HbA1c included the same baseline

 nd time-va ryin g co v ari a tes for the pr evious method s li sted in
ection 3 . We also included a lagged value and lagged average
alue of FPG and GFR in all the models . The fin al model using
he simul ated d at a (ste p 3) was not modified that is, it only in-
luded r andomiz ed tr ea tme n t a nd baseline H bA1c as co v ari ates
ith simulate d ch ange in HbA1c at the last visit as respon s e v a ri -
 ble. T hese G-formula imple me n tations ass ume th at the effect
f an ICE on s ubse quent outc omes is the same irrespe ctiv e of
hich type of ICE h ad oc curre d, which is likely false in reality. To

c c ommodate this, w e also include d an addition al imple me n t a -
ion where the ICE was a categor ical var iable indica ting tha t the
CE had not occurred ( E k = 0 ), only rescue ( E k = 1 ), only dis-
on tin uation ( E k = 2 ) or both had occurred ( E k = 3 ) ( M etho d
1 ). 
In con tras t to the ipw package, the gfoRmula package can

e used with datasets with missing value s. A single mode l is fit-
ed for each time-varying confounder to the pooled long-form
a ta. Any r o ws (me asure me n ts of a patie n t at a g iven vi sit) in
hich a missing value occ ur s in the response or covariates in

he se mode ls a re i gnored b y default b y R’s r egr e ssion mode l
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fitt ing funct ions . The res ulting “c omp le te cas e” fits yield v alid
e stimate s pro vided missin gne ss is inde pe nde n t of the respon s e
v ari ab le, giv en the c ov ari ates. In general, this as sumption does
not coincide with an MAR assumption, and indeed it may often
be de eme d more p l ausib le tha n MAR (White a nd Ca rlin, 2010 ).

4.2.2 G-f orm ula via MI 
An altern ativ e approach to h andlin g missin g data when usin g G-
formula is to use MI to first impute missing data, then use G-
formula on each imputed dataset, pooling results using Rubin’s
rules. While this is pos sib le, it is highly c omputation ally inten-
siv e, partly be cause of the use of boots tra pping to obtain within-
imputation v ari anc e estim ates . To av oid this high c omputation al
burden, we also imple me n ted G-form ula b y using synthetic data
MI methods ( M etho d 12 ), as proposed by Bartle tt e t al. ( 2023 ).
This inv olv es usin g B ayesi an MI me thods t o both imput e miss-
ing data and simulate the pote n tial outcomes of in te res t. Because
w e use d existing MI s oftw are to do this, which impute s dat a in
the wide form, our imple me n tation ass ume d when imputing no-
ICE pote n tial outcomes 

Y k = λ0 ,k + λA,k A + λT 
Ē k−1 ,k ̄E k−1 + λY 0 ,k Y 0 

+ λT 
Ȳ k−1 ,k ̄Y k−1 + εk , (6)

whe re εk ∼ N(0 , σ 2 
k ) . Th us, this G-form ul a imp le me n tation fit-

t ed separat e models for H bA1c at ea ch visit, relaxin g the assump-
tions of common effects across visits made in Equation ( 5 ) with
the g foRmula package, and also allowing indepe nde n t effects of
all past HbA1c values. 

Analo gous to G-formul a, to re nde r the seque n tial excha nge-
ability assumption more plausible, we imple me n te d a v ersion of
G-formul a vi a MI ( Meth od 13 ) th at include d the baseline and
time-varyin g co va riates lis ted for the previous methods in both
imput ation mode ls a nd a nothe r with all thes e cov ari a tes but ca t-
egorical ind icator s of the ICE type ( M etho d 14 ). 

4.2.3 G-est imat i o n 

G-est imat ion ( M etho d 15 ) is a n alte rn ativ e approach th at h as re-
ce n tly bee n used for est imat ing hypothet ical est imands (Lasch
a nd Guizza ro, 2022 ; Las ch e t al., 2022 ). In this approach, out-
comes are seque n tially adjus t ed t o remov e the effe cts of the me-
diator, which unde r ce rtain as sumption s pe rmits es t imat ion of
c ontrolle d dire ct effe cts, of which as note d ea rlie r, the hypothet-
ical es tima nd is a n exa mp le (Lo h e t al., 2020 ). The approach
is based on assuming a so-called s tructural nes ted mea n model
(S NMM), which spe c i fies the effect of the mediator (here the
ICE) being s e t to 1 at a g iven vi sit on the fin al outc ome, s e t-
ting the mediator to 0 at all s ubse que n t visits (Va ns teela ndt a nd
Sj o l a nde r, 2016 ). To define the S NMM w e us e, le t M k denote the
bin ary indicator th at the ICE occ ur s at (rather than by) visit k,
and let Y 

a, m 

10 denote the final outcome s e tting r andomiz ed tr ea t-
me n t to a and M to m . Let c k denote a length 9 v e ctor whose en-
tries are 0 except the kth, which is 1. Then, our S NMM ass umes
that for k = 1 , . . . , 9 

E 

[ 
Y 

a, m = c k 
10 − Y 

a, m =0 
10 | A = a, M k−1 = 0 , Y 0 , Y k−1 , L k 

] 
= ψ k . 

(7)
The pa ra mete r ψ k ca ptures the effe ct of h aving the ICE at visit k
c ompare d to nev er h avin g the ICE, amon g those ICE fr ee befor e 
visit k. It more ov er ass umes th at this effect does not vary with the 
ea rlie r values of the time-varying confounders and outcome. Un- 
der the ass ume d S NMM and the ide n t ificat ion assumpt ions de- 
scribed in Section 3 , it can be shown that E(Y 

a, m =0 
10 ) = E(Y 10 −∑ k=9 

k=1 ψ k M k | A = a ) , from which the hypothetical es tima nd ca n 

be estim ate d (Lo h e t al., 2020 ). The term Y 10 −
∑ k=9 

k=1 ψ k M k 
corresponds to an individual’s outcome with the effects of the 
ICE remov e d, if they experienc e d the ICE. To estimate the pa- 
ra mete rs ψ k , a series of r egr ession models are fitt ed t o the suc-
c essiv ely adjuste d outc omes . Th us, whe reas G-form ula requires 
models for the time-va rying confounde rs L k , G-es t imat ion of 
S NMM re quire s mode ls for the s e medi at or adjust ed out comes. 
As s uch, G-estim ation of SNM M i s ar gua b ly les s de ma nding
from a model spec i ficat ion perspect ive, part icularly when, as is 
typically the case, L k consists of multiple variables. 

We als o imp le me n te d a v e rsion of G-es t imat ion where we in-
clude d addition al baseline and time-varyin g co v ari ates ( Meth od 

16 ) and one with all the cov ari ates and the cate gorical v ersion of 
the ICE ( M etho d 17 ). 

Table 1 shows a s umm ary of the diffe re n t es timators with the 
correspondin g R pa ckage us ed, the d a ta forma t r equir ed, how 

mis sing d a ta wer e h andle d, whether it include d post-ICE values 
and how the corresponding SEs were estim ate d. 

5 R E S U LTS  

Table 2 s umm arizes the ch a racte ris t ics of the pat ie n ts ra ndom-
ized to each tr ea tme n t a rm of the trial. The re a re fewe r patie n ts
than in the original trial publication because some of them with- 
drew con s e n t ( n = 33 ). The re we re ve ry few mis sing bas eline
v alues, with many v ari ab les having comp le te information and the 
re st having le s s than 0.5% mis sing per v ari ab le. It is worth not-
ing that most of the missing values oc curre d in the dapagliflozin 

arm, that was not included in our a nalysis. Compa red to the da- 
pagliflozin + saxagliptin a rm, the re we re more treatme n t dis- 
con tin uations ( n = 14 , 4.6% vs. n = 7 , 2.3%) and use of res-
c ue med ication ( n = 37 , 12.3% vs. n = 19 , 6.2%) than in the
glimepe ride a rm. 

Table 3 s umm a rizes the n umbe rs of missing outcomes per visit 
in each arm . A t each visit, the re we r e mor e mis sing v alues in the
glimepe ride a rm tha n in the da paglifloxin a nd saxagliptin a rm. 
Tr ea ting post-ICE values as missing increases missing outcome 
values from 0.1%–5 to 3%–20% per v isit. In v isit 9, which has the 
hi ghe r n umbe r of mis sing v alues, the mis singnes s increas es from 

5% to 15% when outcome values after the ICE are deleted. 
In Se ction 2 , w e note d th a t r esc ue med ica tion a t visits 1–8

was indicate d ac c ording to the values of tw o meas ure me n ts of 
FPG, only the first of which is used in our an alyses . The omis- 
sion of the se c ond meas ure me n t is expe cte d to av oid positiv-
ity vio l ation s, although near-vio l ation s are sti l l a c onc ern. The
figure in the Supplementary Material shows a plot of the (first) 
FPG values per visit with the colour indicating whether rescue 
w as initi a ted either a t tha t visit, or a n ea rlie r visit. The threshold
(which ch ange d betw e e n visits 6 a nd 7) used for the FPG mea- 
sure me n t is indicated by the b l ack line, and the distribution of 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae167#supplementary-data
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TA BLE 2 Pat ie n t cha racte ris tics. 

Vari a ble Glimepiride Dap agliflozin 10m g and 

Dap agliflozin 10m g 1m g/2m g/4m g Saxagliptin 5mg Overall 
(N = 299) (N = 302) (N = 305) (N = 906) 

Ag e (ye ars), me an (SD) 56.9 (9.59) 58.2 (8.43) 58.8 (7.98) 58.0 (8.71) 
Sex, n (%) 

Women 108 (36.1%) 98 (32.5%) 119 (39.0%) 325 (35.9%) 
Men 191 (63.9%) 204 (67.5%) 186 (61.0%) 581 (64.1%) 

Baseline body mass index (kg/m 

2 ) 
19 < x ≤ 25 9 (3.0%) 9 (3.0%) 20 (6.6%) 38 (4.2%) 
25 < x ≤ 30 76 (25.4%) 83 (27.5%) 87 (28.5%) 246 (27.2%) 
30 < x ≤ 80 212 (70.9%) 210 (69.5%) 198 (64.9%) 620 (68.4%) 
Missing, n (%) 2 (0.7%) 0 (0%) 0 (0%) 2 (0.2%) 

Bas eline systo lic b lood pres sure (mmHg), mean (SD) 138 (14.4) 139 (13.0) 139 (14.0) 139 (13.8) 
Missing, n (%) 1 (0.3%) 0 (0%) 0 (0%) 1 (0.1%) 

Bas eline w ais t circumfe re nce (cm), mean (SD) 111 (14.0) 112 (13.2) 109 (12.4) 111 (13.2) 
Missing, n (%) 2 (0.7%) 3 (1.0%) 2 (0.7%) 7 (0.8%) 

Baseline hip cir cumfer ence (cm), mean (SD) 113 (12.5) 112 (11.9) 111 (11.4) 112 (11.9) 
Missing, n (%) 4 (1.3%) 2 (0.7%) 3 (1.0%) 9 (1.0%) 

Years since first di agnos e, mean (SD) 6.88 (5.24) 6.73 (5.14) 7.39 (5.95) 7.00 (5.46) 
Missing, n (%) 1 (0.3%) 0 (0%) 0 (0%) 1 (0.1%) 

B aseline H bA1c (%), mean (SD) 8.29 (0.718) 8.31 (0.753) 8.25 (0.661) 8.28 (0.711) 
Missing, n (%) 1 (0.3%) 3 (1.0%) 0 (0%) 4 (0.4%) 

Baseline FPG (mmol/L), mean (SD) 10.6 (2.31) 10.4 (2.11) 10.4 (1.99) 10.5 (2.14) 
Baseline eGFR (MDRD, mL/min/1.73m2), mean (SD) 86.8 (18.8) 85.8 (17.5) 88.1 (19.7) 86.9 (18.7) 
Base line C-Pe ptide (nmol/L), mean (SD) 0.925 (0.356) 0.936 (0.345) 0.920 (0.375) 0.927 (0.359) 
Discon tin uation of r andomiz ed tr ea tment, n (%) 

No 281 (94.0%) 288 (95.4%) 298 (97.7%) 867 (95.7%) 
Yes 18 (6.0%) 14 (4.6%) 7 (2.3%) 39 (4.3%) 

Use of rescue medication, n (%) 
No 254 (84.9%) 265 (87.7%) 286 (93.8%) 805 (88.9%) 
Yes 45 (15.1%) 37 (12.3%) 19 (6.2%) 101 (11.1%) 

TABLE 3 Number of missing HbA1c values by visit and tr ea tment gr oup. 

Visit 

Tr ea tme n t group 1 2 3 4 5 6 7 8 9 10 

Da pagliflozin a nd Saxagliptin 5 2 5 7 5 10 7 7 14 4 
Glimeperide 9 8 8 12 10 14 11 15 16 14 

Sett ing pos t-ICE val u es to missing 
Da pagliflozin a nd Saxagliptin 9 9 9 17 14 14 19 27 33 29 
Glimeperide 15 16 15 22 16 19 29 49 58 55 

t  

p  

c
 

b  

d  

v  

a  

p  

a  

m  

v  

c  

g  

−  

t  

y  

c  

p
 

h  

t  

p  

F  

o  

m  

t  

e  

e  

 

I  

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/article/81/1/ujae167/7985413 by guest on 29 January 2025
he red points both above and below the line r eassur es us that
ositivity is not vio l a ted, a t least for the FPG v ari ab le, where the
 onc ern is gr ea test. 
The results for the diffe re n t es timators a re prese n ted in Ta-

le 4 . The e stimate s for the pote n tial no-ICE outcome unde r
apagliflozin + saxagliptin are consis te n t across all the diffe re n t
 ari ation s of the methods, except for G-formula 10 and 11 that
r e somewha t la rge r in magnitude. The es timates of the mean
ote n tial no-ICE outcome under glimeperide h av e a gr ea ter vari-
bility across methods, c ompare d to the variability of the es ti -
ates for dapagliflozin + saxagliptin, with MMRM, G-formula

ia MI and G-est imat ion yielding estimates of lower magnitude
 ompare d to MI and IPTW. Here, G-formula 10 and 11 also
 ave larg er e stimate s. The tr ea tme n t effect es timates ra nge from
0 . 071 to −0 . 189 across the diffe re n t methods. Compa red to

he tr ea tme n t effect es tima te fr om the original publishe d an al-
sis, these are consis te n tly sli gh tly smalle r in magnitude, which
ould be exp l ained by the fact that the d atas e t c ontaine d 33 fewer
atie n ts, as noted ea rlie r. 
For most methods, including addition al c ov ari ates did not
 av e much impact on the e stimate s, either of the mean poten-

ial outcomes or the tr ea tme n t effect. This indicates that the im-
a ct of a ddition al c onfounding due to thes e cov ari ates w as small.
or the G-formula, how ev er, there does se em to be an impact
f including these additional cov ari ates, particul arly for the esti-
ates of the two mean pot ential out c omes . As it was only with

his method, it is unlikely due to confounding, and more likely
ither due to the mode ling choice s made for the pooled mod-
ls used in G-formula, or the diffe re n t assumptions made by G-

form ula rega rdin g missin g dat a, as de scribe d abov e. 
Comparing methods that only use values before the ICE,

PTW had sli gh tly la rge r S E as expe cte d. Including values
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TABLE 4 Pote n tial outcome mean and tr ea tment effect e stimate s under no rescue or discon tin uation of r andomiz ed tr ea tment using the different 
estim ators . 

No Method Da pagliflozin a nd Tr ea tme n t Computational 
Saxag liptin , Glimeperide, effect, time (mins) 

es timate ( SE) es timate ( SE) es timate ( SE) 
Using only values before the ICE 

MMRM 

Orig inal publi shed analysi s −1.20 (0.05) −0.99 (0.05) −0.21 (0.07) 
1 Replicating original analysis −1.230 (0.0430) −1.093 (0.0449) −0.137 

(0.0621) 
1 

Mult iple imputat ion 

2 HbA1c and tr ea tment −1.234 (0.0425) −1.115 (0.0443) −0.119 
(0.0615) 

1 

3 + all baseline covariates −1.234 (0.0421) −1.115 (0.0445) −0.119 
(0.0611) 

1 

4 + all time-varying cov ari ates −1.234 (0.0420) −1.120 (0.0439) −0.114 
(0.0604) 

4 

IPTW ∗
5 HbA1c and tr ea tment −1.249 (0.0430) −1.144 (0.0462) −0.105 

(0.0630) 
19 

6 + all baseline covariates −1.247 (0.0437) −1.143 (0.0468) −0.104 
(0.0638) 

32 

7 + all time-varying cov ari ates −1.215 (0.0521) −1.133 (0.0488) −0.082 
(0.0717) 

35 

8 Separate ICE me ch anisms −1.207 (0.0611) −1.136 (0.0493) −0.071 
(0.0783) 

368 

Exploiting post-ICE values 
G-formula 

9 HbA1c and tr ea tment −1.272 (0.0412) −1.125 (0.0453) −0.147 
(0.0600) 

241 

10 + all cov ari ates −1.433 (0.0433) −1.246 (0.0465) −0.187 
(0.0627) 

1506 

11 Separate ICE me ch anisms −1.420 (0.0446) −1.231 (0.0477) −0.189 
(0.0629) 

1561 

G-formul a vi a MI 
12 HbA1c and tr ea tment −1.205 (0.0457) −1.062 (0.0533) −0.143 

(0.0637) 
2 

13 + all cov ari ates −1.238 (0.0501) −1.083 (0.0449) −0.155 
(0.0690) 

6 

G-est imat ion ∗
15 HbA1c and tr ea tment −1.212 (0.0440) −1.065 (0.0531) −0.147 

(0.0639) 
15 

16 + all cov ari ates −1.206 (0.0445) −1.053 (0.0532) −0.153 
(0.0658) 

25 

∗Thes e me thods r equir ed a combination of MI and bootstrapping to deal with missing data and derive corresponding s ta nda rd e rrors. 
As described further in the text, est imat ion failed for methods 14 and 17. 
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post-ICE has the potential to improve the efficiency of e stimate s,
at the cost of having to make and rely on more modeling assump-
tion s (Ol a rte Pa rra e t al., 2022 ), but in thes e analys es the SEs of
G -formula, G -formul a vi a MI and G-est imat ion we re compa ra-
b le to thos e of the estimators which only us ed d ata up until the
ICE oc curre d. The treatme n t effect e stimate s were larger from
the methods that used post-ICE data, but we caution that there
is no reason such a sys te matic diffe re nc e w ould be expe cte d in
ge ne ral. Such diffe re nc es c ould be due to the modeling assump-
tions in the methods that used post-ICE data not being c orre ct,
but such diffe re nces could also occur randomly as a result of the
post-ICE dat a e stimators being more efficie n t. Allowing for dis-
tinct me ch anisms for the two diffe re n t IC Es in IPTW incre ased
the SE, as one would expect. For G-formula, allowing for se pa - 
rate ICE me ch anisms h ad r ela tively lit tle impact on infe re nc es . 
For G-formul a vi a MI (me thod 14) and G-est imat ion (method 

17), MI of the missing data ac c oun ting for sepa rate ICE mech- 
anisms failed due to sparsity issues, and so e stimate s for these 
could not be o btained. Simil a rly, for G-es timation (methods 15 

and 16), in some bootstrap s amp le s e stimate s of the coefficie n t 
of the ICE whose effect was to be remov e d c ould not be es ti - 
m ate d, and in such cases we s e t ψ k = 0. 

In terms of c omputation al time, MMRM and MI were much 

fas te r tha n the othe r method s. Thi s i s because they handle in- 
t ermitt ent missing data in the same process as est imat ing poten- 
tial outcomes and they do not r equir e boots tra pping to obtain 
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 stimate s of the SE . I PTW a nd G-es t imat ion we re m uch slowe r
ecause they r equir ed handlin g missin g data with MI as a first
 tep a nd also boots tra pping. Somewh at unexpe cte dly, the slo w -
st me thod w as G-formul a even though we did not combine it
ith MI to handle missing data. As explained before, the pack-

ge fits a pooled model across visits so there are less models and
a ra mete rs to be estim ate d c ompare d to those methods fitting
e parate mode l s per vi sit, s uch as MI or G-estim ation. The c om-
utat ional t ime was gr ea tly impr ov e d whe n using the alte rn ativ e
-formul a vi a MI th at av oids the ne e d for boots tra pping. 

6 D I S  C U S S  I O N 

e h av e describe d diffe re n t tr ea tme n t effect es timators a nd their
 tatis tical as sumption s, to ac c ount for rescue me dication use and
r ea tme n t discon tin ua tion thr ough the hypothetical strategy in a
i abe tes tri al . Overall , est im ate d effe cts a nd s ta nda rd e rrors we re
uite simil ar acros s all the estim ators c onsidere d. Although the
roportions of patie n ts with a n ICE in the trial we re non-trivial,

rom a missing data perspe ctiv e the proportions of uno bs erv e d
o-ICE outc omes w ere sm all in both arms. As such, one can rea-
 onab ly a n ticipa te tha t the differ ent estima tors wi l l yield simi-
a r infe re nces, a nd that it wi l l only be in trials with subs ta n tially
i ghe r occurre nce of ICE whe r e ma te rially diffe re n t infe re nces
i gh t be obtained. 
A key decision in choosing an estimator is whether to use one

hat exp loits post-ICE d ata or not. Estimators that use such data
 re ge ne rally mor e or, a t leas t, as efficie n t as those that do not,
ut only by makin g a ddit ional stat ist ical assumpt ions r egar ding

he effects of ICEs on s ubse que n t outcomes (Ola rte Pa rra et al.,
022 ). Sinc e w e do not a n ticipa te ma te rial diffe re nces in infe r-
nc es betw e en the estim ators unless the proportions with an
CE a re quite la r ge, we belie ve that ge ne ral ly it wi l l be prefer-
ble to estimate hypothetical es tima nds using estimators which
o not use post-ICE data. This re c ommendation is further rein-

orc e d by the various iss ues w e enc ountere d when using e stima -
ors which us e post-ICE d a ta r ela ting to missing data and spar-
ity. Prese n tly trial analyses targeting a hypothetical es tima nd
o a large exte n t eithe r use r epea te d meas ure s mode ls such as

MRM or MI, fitted using pr e-ICE da ta only, wher eas IPTW
s in our expe rie nce ra rely use d in this c on text. Whe n the re a re
ime-va rying confounde rs that have effects on ICE occurrence
nd the outcome these should be adjus ted for, a nd MI a nd IPTW
oth offer a rout e t o doing this . Spe c i fying the model for the ICE
c currenc e in IPTW is ar gua bly an easier task than modelling

he distributions of all time-varying confounders, as r equir ed by
I. How ev e r, IPTW ca nnot rea dily a c c ommod ate mis singnes s

n time-va rying confounde r s, which occ ur s often in practice. As
 uch, w e view MI as the most desirable approach for the trial’s
rima ry a nalysi s, g iven its ability to adjust for time-varying con-

ounde rs a nd ha ndle mis sing d ata prior to the ICE. 
An importa n t compone n t of the ICH E9 Adde ndum is to e m-

h asize th at trial an alyses should include asse ss me n ts of se nsi -
ivity of results to estimator as sumption s (ICH, 2019 ). If MI is
dopte d, a n a tural appr oach to as s es s ro bustnes s to its modelling
s sumption s is to compar e r esults with those from IPTW, which
e lie s instead on a model for the ICE oc currenc e. The other key
ssumption to assess is the MAR/seque n tial excha ng e ability as-
umption. MI provides a flexible approach to assess sensitivity–
mputation s of uno bs erv e d no-ICE outc omes m ade under MAR
an be s uc c essiv ely adjuste d, or pa ra mete rs in the imputation
odels varied, in a tipping point type analysis (O’Kelly and
atitch, 2014 ). 
The diffe re n t es tim ators c onsidere d can be applied using stan-
 ard s oftw are. The package for IPTW is very flexible but cannot
c c ommod ate mis sing v alue s. This limit ation of handling miss-
ng (in te rmitte n t) values ca n be ove rcome with MI combined

ith boots tra pping which is c omputation ally in te nsive. As al -
eady exp l ained the gfoRmula packag e allo ws to us e d atas e ts
ith missing values (under complete case type assumptions)
ut sti l l r equir es boots tra pping. An a t tractiv e altern ativ e is G-

formul a vi a MI th at av oids boots tra pping a nd is m uch fas te r.
e re c e n tly dev elope d a pa ckage to fa cilitate its imple me n tation

Bartle tt e t al., 2023 ). 
For methods whose imple me n tation in R use the dataset in
ide format (MI, G-formul a vi a MI and G-est imat ion), se pa -

ate models are fitted at each visit. These models are more flex-
b le than thos e usin g the lon g for m (IPTW and G-for mula) be-
ause they allow for diffe re n t cova riate effects and intercept per
isit. The long form d atas e t imp le me n tation s us e a more pa rsi -
onious model which has the adva n tage of improv e d pre cision

ut at the expen s e of potential bias due to model misspec i fica-
ion . Thus, more comp lex model spec i fica tions ar e r equir ed to
chieve the same flexibility as the wide format imple me n tations.
or example, in the G-formula model for HbA1c, we included
 andomiz ed tr ea tment and earlier values of HbA1c (the value at
he prev ious v isit a nd the ave rage un til the visit) as cov ari ates.
n altern ativ e w ould be to addition ally include time or visit as
 categorical v ari ab le and its interaction with tr ea tment to more
exibly model the evolution of the tr ea tme n t effe cts . 
In some trials, it wi l l often be the case that the ICE is a (near-

dete rminis t ic funct ion of the cov ari at e hist ory, because the ICE
orresponds to clinical decision s bas ed on o bs erv ation s on the
atie n t. In such cases, inclusion of such cov ari ates is crucial to en-
 ure the se que n tial excha ng e ability as sumption is s at isfied . This,
ow ev er, leads to a (near-)vio l ation of the positivity as sumption .

n this con text, IPTW es tim ators m ay h av e l arge v ari ance, which
 s a log ical con s equence of the lack of ove rla p in the correspond-
n g co v ari ate’s distribution be tw e en patients with or without an
CE. In con tras t, es tim ators th at model c ov ari ates and outcomes,
uch as G- formula, MMRM , and MI, may be more stable be-
aus e they extrapo l ate beyond the d ata bas ed on the model as-
 umptions . Thus, in situations where positivity is vio l ated, thes e
stim ators m ay be pr eferable to IPTW, pr o vided the modelin g
s sumption s and the extrapo l ation bas ed on thes e is de eme d rea-
 onab le given subject ma t te r knowled ge. 

When a hypothetical estimand is chosen, we have described
ow est imat ion re lie s on v ari ab le s which a ffe ct outc omes and the
CE being used in the analysis. As such, at the design stage trials
arge ting hypothe tical es tima nds should ide n tify such va riables
 nd e nsure as bes t as pos sib le that they wi l l be meas ure d when
he trial is run. More ov e r, trial desi gns a nd protoc ols c ould be

odified in order to avoid or minimize vio l ation of the positiv-
ty as sumption . For examp le, in the cas e of res cue treatme n t in
i abe tes tri als, res cue could be initia ted pr obabi listical ly, rather

han as a deterministic function of bioma rke rs. 
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In this pa pe r, w e c onsidere d the hypothetical es tima nd that
w as targe ted b y the a nalysis pe rformed from the ori ginal trial
pub lication . Thi s correspond s to the effect had all patie n ts re-
m aine d on r andomiz ed tr ea tme n t without r escue thr oughout
follo w - up. To dru g spon s ors and regul atory agencies it may be
of in te res t to is o l ate the s o le effects of the study dru gs, se pa -
ra te fr om any effects of r escue tr ea tme n t a nd discon tin uation.
For othe r s t ake holders, it may be le ss in te res tin g, since in pra c-
tic e rescue w ould not be withheld if it w ere cl inically ind icated,
and because we would similarly not preve n t discon tin uation in
c ertain situations, s uch as if the patie n t expe rie nc e d an adv erse
eve n t linked to the study drugs. They may moreover be some-
what i l l-defined unless one can describe how the corresponding
hypothe tical tri al, where all discont inuat ions ar e pr ev ente d and
rescue is withheld, would be run. 

If instead both rescue and discon tin uation a re ha ndled using
the tr ea tme n t policy s trat egy, out comes may reflect what would
be realized in the presence of these possible eve n ts. Such a n in-
terpr eta tion r equir es, how ev er, th a t r es cue us e and dis continua-
tion is refle ctiv e of what would be seen in routine practice. More-
ove r, in te rpr eta tion of such effects is ar gua bly d iffic ult if the ICE
oc currenc e differe d betw e en arms . In cases such as the diabetes
tri al con side red he re, a less efficacious drug may lead to more res-
cue use, which leads to improv e d short term outcomes, but does
not provide a long term vi ab le tr ea tment s o lut ion for the pat ie n t.
A tr ea tme n t policy a n alysis w ould then s u gge st such a drug is
preferable, but only because its use led to more rescue treatme n t
bein g a dminis te re d (Ke ene et al., 2021 ). 

An altern ativ e appr oach is to r e c ognize the ICEs in the e nd -
poin t definition, b y using the composite s trategy. While this
may be s trai gh tforwa rd for bina ry outcomes, it is more d iffic ult
for con tin uous outcomes, like he re, since the r e is no na tural or
o bvious v alue to as si gn if a patie n t has a n ICE. An alte rn ativ e
appr oach tha t may be a t tractive is to use a win ratio or “pr o-
portion in favour of tr ea tme n t” type approach ( Buyse , 2010 ).
This r equir es exp licit con sidera tion of wha t combina tions of
outcomes and ICEs constitute better respon s es, which m us t be
made with clinical input. While the resulting effect measure is
no longer on the original outcome v ari ab le s cale, such es tima nds
av oid c onc ept ion of hypothet icals a nd ca n prope rly re c ognize
th at c ertain ICEs (e g, r escue tr ea tme n t us e) con stitute “bad”
outc omes . 

All of these considerations r egar din g choosin g the strategy to
deal with a pa rticula r ICE rese mble the considerations of the tar-
ge t tri al e m ulation fra mework (He rnán a nd Ro bin s, 2016 ). W ith
this framework, o bs erv ational studies are an alyze d to estimate
the tr ea tme n t effect in a n ideal tr ial. For tr i als, it may be une th-
ical to randomly assign insulin as rescue for patie n ts with high
gluc ose lev el s, but it i s pos sib le to imagine a hypothe tical tri al
where this could be the cas e. W ith such a target trial in mind, the
t arget e stimand can be described. 

We hope that these con sideration s of the suitability of a hypo-
thetical strategy to handle a particular ICE in a given context, the
ste p- by-ste p de scription of diffe re n t av ail ab le es timators a nd fur-
the r conside rations of the implications of their diffe re n t unde r-
lying as sumption s are us eful for p l annin g, conductin g and ana-

lyzing trials using the es tima nd fra mework. 
A  C K N O W L  E D  G M E N TS  

D.W. is a full time e mplo yee of As traZe neca a nd owns sha res in 

As traZe neca a nd provided some of his time to support COP in 

he r resea rch . This pub lication is bas ed on res earch using d ata 
fr om da ta con tributors As traZe neca that has been made avail- 
able through V ivli, Inc. V ivli has not contributed to or approved, 
and is not in any w ay respon sib le for, the contents of this pub- 
lication. J.W.B.’s pas t a nd prese n t ins t itut ions h av e re c eiv e d c on-
s ultancy fe es for his advice on s tatis tical me thodo lo gy from As- 
tr aZeneca, Bay er, Novartis, and Roche. J.W.B. has received con- 
s ultancy fe es from Bayer and Roche. 

S U P P L E M E N TA  RY  M AT E R I A  L S  

Supple me n ta ry mate rial is available at Biometrics online. 
Web Appe ndices, Fi gures a nd code refe re nc e d in Se ctions 4 

a nd 5 a re av ail ab le with this pa pe r at the B iometrics website on
Oxford Acade mic . 

F U N D I N G  

This work was funded by UK Medical Research Council grant 
MR/T023953/1 and MR/T023953/2. 

CO N F L I C T  O F  I N T E R E ST  

DW is a full time e mplo yee of As traZe neca a nd owns shares in 

As traZe neca a nd provided some of his time to support COP in 

he r resea rch . This pub lication is bas ed on res earch using d ata 
fr om da ta con tributors As traZe neca that has been made avail- 
able through V ivli, Inc. V ivli has not contributed to or approved, 
and is not in any way responsible for, the con te n ts of this publi- 
cation. JB’s past and present inst itut ions h av e re c eiv e d c ons ul-
t ancy fee s for his advice on st at ist ical me thodo lo gy from As- 
tr aZeneca, Bay er, Novartis, and Roche. JB has received consul- 
t ancy fee s from Baye r a nd Roche. 

DATA  AVA  I L A  B I L I T Y  

The da ta tha t su pport the find ings in this pa pe r m ay be obtaine d
in ac c ordanc e w ith A s traZe ne ca’s data sh aring po licy des cribed
at h ttps://astraze necag rou ptri als.pharmacm .com/ST/Submis s 
ion/Disclosure . As traZe neca Vivli me mbe r page is als o av ail- 
able outlining further detail s: htt ps://vivli.org/ourmember/as 
trazeneca/ . 

R E F E R E N C E S  

Bartlett , J. W. , Ola rte Pa rr a, C., Gr a nge r, E., Keo gh, R. H., v an Zwe t, E. W.
a nd Da niel, R. M. (2023). G-form ul a for caus al infe re nce via m ultiple
imputation. arXiv, arXiv:2301.12026, preprint. 

B rookh art , M. A. , Schne ew eiss, S., Rothman, K. J., Glynn, R. J., Avorn, J.
a nd Stürme r, T. (2006). Va ri ab le s election for propen sity s core mod- 
els . America n Jou rn a l of Epi dem iology , 163, 1149–1156. 

Bu yse , M . (2010). Ge ne ralized pairwise comparis on s of prioritized out- 
comes in the two-s amp le pro b lem . S ta t is t ics i n Me dici ne , 29, 3245–
3257. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae167#supplementary-data
https://astrazenecagrouptrials.pharmacm.com/ST/Submission/Disclosure
https://vivli.org/ourmember/astrazeneca/


Biometrics , 2025, Vol. 81, No. 1 � 11 

H  

 

H  

 

H  

 

H  

 

 

I  

 

K  

 

 

L  

 

L  

 

 

 

L  

 

 

L  

 

L  

 

 

M  

 

 

 

O  

O  

 

R  

 

R  

 

S  

v  

V  

V  

 

W  

W  

 

R
©
A
c

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/article/81
e rnán , M. A. a nd Ro bin s, J. M. (2016). Using big data to e m ulate a ta r-
ge t tri al whe n a ra ndomized trial is not av ail ab le. Am erica n Jou rnal of
Epi dem iology , 183, 758–764. 

e rnán , M. A. and Ro bin s, J. M. (2020). Causa l Inference: Wh at I f . United
St ate s: Boca Raton : Ch apm an & Hall/CRC, https://miguelhernan.o
rg/wh atifbook (Ac c esse d on 25/04/2021). 

olzh auer , B. , Akach a, M. a nd Be rma nn, G. (2015). Choice of es tima nd
a nd a nalysi s method s in di abe tes tri als with res c ue med ication. Phar-
maceu t ic al Sta t is t ics , 14, 433–447. 

u ghe s , R. A. , White, I. R., Sea ma n, S. R., Ca rpe n te r, J. R., Ti l l-
ing, K. a nd Ste rne, J. A. (2014). Joint modelling rationale for
ch aine d e quations . BMC Med ical Resea rc h Methodo logy , 14,
1–10. 

CH , (2019). Int erna t io nal Council fo r Hamo nisa t io n Topic E9(R1) on Es-
tim an ds an d Sensitivity An a lysis i n Cli nica l Tria ls . Av ail ab le at www.ich .
org (Ac c es s ed on 10/02/2021). 

eene , O. N. , Wright, D., Phi l l ips, A. and Wright, M . (2021). Why
ITT analysi s i s not alw ays the an swer for est imat ing treat-
me n t effects in clinical trials. Co nt empo rary Clinic a l Tria ls , 108,
106494. 

asch , F. a nd Guizza ro, L. (2022). Estimators for handling COVID-19-
r ela t ed int er curr ent events with a hypothetical strate gy. Pha rmaceu t i-
ca l St atistics , 21, 1258–1280. 

asch , F. , Guizzaro, L., Pétavy, F. and Gallo, C. (2022). A simulation
study on the est imat ion of the effect in the hypothetical sc en ario of
no use of symptomatic treatme n t in trials for dis eas e-modifying age n ts
for Alzheimer’s dis eas e. S ta t is t ics i n B io p ha rmaceu t ic al Research , 15(2),
386–399. 

eyrat , C. , Sea ma n, S. R., White, I. R., Douglas, I., Smeeth, L., Kim, J. et al.
(2019). Propen sity s c ore an alysis with parti ally o bs erv e d c ov ari ates:
How should multiple imputation be us ed? S ta t is t ic al Methods in Med-
ical Research , 28, 3–19. 

ipkovich , I. , Ratitch, B. and Mallinckrodt, C. H. (2020). Causal infe re nce
a nd es tima nds in clinical tri als. S ta t is t ics in Bio p ha rmaceu t ic al Research ,
12, 54–67. 
e c eiv e d: Septe mbe r 1, 2023; Revise d: O ctober 19, 2024; Ac c epte d: Ja n ua ry 3, 2025 
The Author(s) 2025. Published by Oxford University Press on behalf of The In te rn ation al Biometri
 ttribution Licen s e ( https://creativ ec ommons .org/lic enses/by/4.0/ ), which permits unr estricted 

ited. 
oh , W . W . , Moe rke rke, B., Loeys, T., Poppe, L., Crombez, G. and Vanstee-
landt, S. (2020). Est imat ion of controlled direct effects in longitudinal
me diation an alyses with late n t va riables in ra ndomized s tudies. Multi-
va ri a t e Behavio ral Research , 55, 763–785. 

üller-W iel and , D. , Kellerer, M., Cypryk, K., Skr ipova , D., Rohw e dder,
K., Jo hn s s on, E. e t al. (2018). Efficacy and s afe ty of d apagliflozin or d a-
pagliflozin p lus s axagl iptin ver sus gl imepiride as add-on to metformin
in patie n ts with type 2 di abe tes . Di ab etes, Ob esity a n d M et ab ol is m , 20,
2598–2607. 

’Kelly , M. and Ratitch, B. (2014). Cl in ical Tri als with Missing Data: A
Gu i de for P rac titioner s . Unite d Kingdom: Jo hn W iley and Son s. 

la rte Pa rra , C. , Da niel, R. M. a nd Ba rtlett, J. W. (2022). Hypothetical
es tima nds in clinical trials: a unification of causal infe re nce a nd miss-
ing data methods. Sta t is t ics in Bio p ha rmaceu t ic al Research , 15(2), 421–
432. 

ubin , D. B. (1974). Est imat ing causal effects of tr ea tme n ts in ra ndom-
iz ed and nonr andomiz e d studies . Jou rnal of Ed u c a t io nal Psyc ho logy , 66,
688. 

ubin , D. B. (1980). Randomization analysis of experimental data: The
Fishe r ra ndomization tes t comme n t. Jo urn a l of the American Sta t is t ic al
Associa t io n , 75, 591–593. 

chomake r , M. a nd Heuma nn, C. (2018). Boots tra p infe re nce whe n using
mult iple imputat ion. Sta t is t ics in Me dici ne , 37, 2252–2266. 

a n de r Wal , W. M. a nd Geskus, R. B. (2011). ipw: an R package for inverse
probability wei gh tin g. Jo urn a l of Sta t is t ic al Software , 43, 1–23. 

a nde r We ele , T. J. and Hernan, M. A. (2013). Causal inference under
m ultiple ve rsions of tr ea tme n t. Jo urn a l of Causal Inference , 1, 1–20. 

a ns teela ndt , S. a nd Sj o l a nde r, A. (2016). Revisiting g-es timation of the
effect of a time-varying exposure subject to time-varying confounding.
Epi dem iologic M etho ds , 5, 37–56. 

a ng , N. a nd Ro bin s, J. M. (1998). L arge- s amp le theory for parametric
mult iple imputat ion proc e dure s. B iometrika , 85, 935–948. 

hite , I. R. and Carlin, J. B. (2010). Bias and efficiency of multiple im-
puta tion compar ed with comp le te-cas e analysis for missing cov ari ate
v alues. S ta t is t ics in Medicine , 29, 2920–2931. 
c S ociety. T hi s i s a n Ope n Ac c ess a rticle dis tributed unde r the te rms of the C re ative Commons 
r euse, distribution, and r epr oduction in any me dium, provide d the origin al w ork is properly 

/1/ujae167/7985413 by guest on 29 January 2025

https://miguelhernan.org/whatifbook
https://www.ich.org/
https://creativecommons.org/licenses/by/4.0/

	1 INTRODUCTION
	2 MOTIVATING EXAMPLE
	3 ESTIMAND AND IDENTIFIABILITY ASSUMPTIONS
	4 METHODS
	5 RESULTS
	6 DISCUSSION
	Acknowledgments
	SUPPLEMENTARY MATERIALS
	FUNDING
	CONFLICT OF INTEREST
	DATA AVAILABILITY
	REFERENCES

