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A B S T R A C T  

Loss to fol low - up oc curs in ran dom ized con trolled tri als. Miss ing data meth ods, in clud ing mul ti ple im pu ta tion 
(MI), can be used but of ten rely upon untestable as sump tions. Sen si tiv ity analy sis can quan tify vi o la tions of 
these as sump tions. Since an ad e quate sen si tiv ity analy sis re quires eval u a tion of mul ti ple sce nar ios, pre sent ing 
this in for ma tion in an eas ily in ter pretable man ner is chal leng ing. 

We pro pose to graph i cally rep re sent a thor ough sen si tiv ity analy sis dis play ing all pos si ble out comes for 
loss to fol low - up in ran dom ized con trolled trial data re lat ing a com pletely ob served bi nary ex po sure to a bi - 
nary out come. We de scribe plau si ble re sults un der dif fer ent miss ing ness mech a nisms us ing data from the EA - 
GeR Trial (n  =  1228) on low - dose as pirin ver sus placebo on preg nancy and live birth, in which 140 par tic i - 
pants had early with drawal. For the ef fect of as pirin on live birth, sen si tiv ity analy sis risk ra tios (RR) for all 
po ten tial out come sce nar ios ranged from 0.88 to 1.34, ap plic a ble to any pos si ble miss ing ness mech a nism. MI 
pro duced RR  =  1.10; 95% con fi dence in ter val: (0.98, 1.22). RRs from in di vid ual im pu ta tions ranged from 
1.04 to 1.16, the range of re sults that could have been ob served if data were miss ing at ran dom. Un der this 
mech a nism, the con clu sions about the ef fi cacy of low - dose as pirin could have been sen si tive to the miss ing 
out come data. Rather than lim it ing sen si tiv ity analy sis for loss to fol low - up to a few sce nar ios that can be pre - 
sented tab u larly, re sults of a com plete sen si tiv ity analy sis can be pre sented in a sin gle plot, which should be 
im ple mented in all stud ies with miss ing out come data to con vey cer tainty or un cer tainty, con fi dence or cau - 
tion. 

1 . Introduction 

Loss to fol low - up oc curs in nearly every lon gi tu di nal epi demi o - 
logic study [ 1 , 2 ], in clud ing ran dom ized con trolled tri als. While it can 
be a source of se lec tion bias [ 3 ], its im pact is rarely quan ti fied. Nu - 
mer ous tech niques, com monly com plete - case analy sis and, in creas - 
ingly, mul ti ple im pu ta tion, can be used to pro duce un bi ased es ti mates 
ac count ing for miss ing data, in clud ing loss to fol low - up. Im plicit to all 
miss ing data tech niques are as sump tions about the un der ly ing miss ing 
data and the man ner or mech a nism by which it came to be un ob - 
served. 

The im pact of loss to fol low - up on es ti ma tion de pends on both the 
de gree of loss to fol low - up and its in de pen dence with re spect to mea - 
sured or un mea sured vari ables that arise from cer tain causal struc - 

tures [ 4 – 8 ]. Miss ing data is gen er ally de scribed in the lit er a ture as re - 
sult ing from one of three miss ing ness mech a nisms, miss ing com pletely 
at ran dom (MCAR), miss ing at ran dom (MAR) and miss ing not at ran - 
dom (MNAR). De tailed dis cus sion of these mech a nisms has been pro - 
vided ex ten sively in ex ist ing lit er a ture [ 1 , 7 , 9 , 10 ] but briefly, data 
could be miss ing be cause loss to fol low - up is in de pen dent of all other 
mea sured or un mea sured vari ables (MCAR), or the miss ing ness could 
be de pen dent on ob served (MAR) and/ or un ob served (MNAR) vari - 
ables. Vi o la tions of these as sump tions can lead to bias and un for tu - 
nately, some as sump tions can not be em pir i cally tested. Since miss ing 
data meth ods rely upon untestable as sump tions about the miss ing 
data mech a nism, sen si tiv ity analy ses are nec es sary to quan tify the po - 
ten tial im pact of vi o la tions of these as sump tions [ 9 ]. De spite a ro bust 
lit er a ture on miss ing data meth ods [ 11 – 17 ], and specif i cally, ex ist ing 
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work on loss to fol low - up and se lec tion [ 18 – 20 ], ran dom ized con - 
trolled tri als un der - utilize sen si tiv ity analy sis in as sess ing the po ten - 
tial im pact of loss to fol low - up. 

A com plete sen si tiv ity analy sis con sists of quan ti fy ing all po ten tial 
re al iza tions of out comes for the un ob served out come data. Given this 
po ten tial large vol ume of re sults, re searchers of ten limit their sen si tiv - 
ity analy sis to a few sce nar ios that can be pre sented tab u larly. Ex ist - 
ing sen si tiv ity analy sis to ac count for loss to fol low - up and se lec tion 
[ 18 – 20 ] have fo cused on bound ing po ten tial bias, but this nei ther 
pro vides an in tu itive un der stand ing of all pos si ble re sults, nor in sight 
into likely trial find ings had all of the out come data been ob served. 

We pro pose con duct ing the com plete sen si tiv ity analy sis for loss to 
fol low - up and em ploy ing a graph i cal rep re sen ta tion to vi su al ize pos si - 
ble and prob a ble trial find ings, had all of the out come data been ob - 
served. We do this by iden ti fy ing and map ping three com po nents of 
the graph i cal rep re sen ta tion: 1) point es ti mates from com plete - case 
and MI based on the ob served data, 2) all com bi na tions of po ten tial 
out comes for the un ob served out come data bounded by the ex tremes 
of what could have been ob served, and 3) what is likely to have been 
ob served un der as sump tions about the mech a nism be hind the miss ing 
out comes. Es ti ma tion based on the ob served data (com po nent 1) is 
not a sen si tiv ity analy sis but acts as the an chor and ref er ence for com - 
po nents 2 and 3. This sen si tiv ity analy sis and re sult ing plot are lim - 
ited to the re la tion of a bi nary ex po sure to a bi nary out come, in 
which one vari able (most of ten ex po sure or treat ment as sign ment for 
a ran dom ized con trolled trial) is com pletely ob served. 

As mo ti va tion for a sen si tiv ity analy sis, we in tro duce the Ef fects of 
As pirin in Ges ta tion and Re pro duc tion (EA GeR) trial on the ef fec tive - 
ness of low - dose as pirin on im prove ment of preg nancy and live birth 
rates that was im pacted by with drawals. We ap ply this sen si tiv ity 
analy sis to the EA GeR trial data to demon strate the in ter pre ta tion of 
the sen si tiv ity plots, and dis cuss the ne ces sity and im pli ca tions of ap - 
ply ing this sen si tiv ity analy sis to other tri als with miss ing bi nary out - 
come data. 

1. 1 . Example: The EAGeR trial 

The Ef fects of As pirin in Ges ta tion and Re pro duc tion (EA GeR) trial 
[ 21 ], a placebo - controlled ran dom ized trial of 81  mg low dose as pirin 
(LDA) fo cused on the ef fects on preg nancy and live birth among 
women with a his tory of preg nancy loss. The trial block ran dom ized 
1228 women by site and two el i gi bil ity strata (Orig i nal: 1 doc u - 
mented preg nancy loss less than 20wks ges ta tion in the prior 12 
months, Ex panded: 1 or 2 doc u mented preg nancy losses at any ges ta - 
tional age or tim ing). The with drawal rate in the trial was 11.4% 
(140/ 1228), 12.7% (78/ 615) in the low - dose as pirin arm, and 10.1% 
(62/ 613) in the placebo arm (e Table 1 ). A com plete - case, in tent - to - 
treat analy sis of the 1088 women with com plete fol low - up yields rel a - 
tive risks (RR) and 95% con fi dence in ter vals (CI) of 1.10 (0.99, 1.23) 
and 1.09 (1.02, 1.18) for live birth and pos i tive preg nancy test (PPT), 
re spec tively, over all ( Table 1 ). Mul ti ple im pu ta tion us ing M  =  500 
datasets re sults in nearly iden ti cal es ti mates for both live birth and 
PPT ( Table 1 ). The im pu ta tion model only con sisted of treat ment ran - 
dom iza tion (low - dose as pirin  =  1, placebo  =  0) for both PPT and 
live birth out comes. Due to bor der line sig nif i cant find ings, the 140 
with drawals have the po ten tial to im pact trial in ter pre ta tion and con - 
clu sions, mak ing it an ideal set ting to in ves ti gate the im pact of loss to 
fol low - up. The In sti tu tional Re view Board at each study site and data 
co or di nat ing cen ter ap proved the trial pro to col and ob tained ap - 
provals. All par tic i pants pro vided writ ten in formed con sent prior to 
en rolling. 

Table 1 
Rel a tive risks and 95% con fi dence in ter vals for live birth and pos i tive preg - 
nancy test (PPT) in the EA GeR trial, over all and by el i gi bil ity stra tum (orig i - 
nal and ex panded) us ing com plete case analy sis, mul ti ple im pu ta tion, and for 
bound ing miss ing out come data sce nar ios. 

Outcome Overall Live 
birth 

Expanded Overall PPT Expanded 

Eligibility stratum  Original   Original  

Complete case 1.10 
(0.99, 
1.23) 

1.17 
(1.00, 
1.36) 

1.04 
(0.90, 
1.22) 

1.09 
(1.02, 
1.18) 

1.16 
(1.05, 
1.29) 

1.04 
(0.94, 
1.15) 

Multiple imputation 1.10 
(0.98, 
1.22) 

1.17 
(1.00, 
1.36) 

1.04 
(0.89, 
1.21) 

1.09 
(1.01, 
1.18) 

1.15 
(1.04, 
1.28) 

1.04 
(0.94, 
1.16) 

Poor outcomes 
regardless of the 
exposure 

1.07 
(0.95, 
1.20) 

1.12 
(0.96, 
1.32) 

1.02 
(0.87, 
1.20) 

1.07 
(0.98, 
1.16) 

1.13 
(1.00, 
1.27) 

1.02 
(0.90, 
1.14) 

Positive outcome 
regardless of the 
exposure 

1.10 
(1.01, 
1.21) 

1.17 
(1.02, 
1.33) 

1.05 
(0.92, 
1.19) 

1.09 
(1.02, 
1.16) 

1.15 
(1.05, 
1.26) 

1.04 
(0.95, 
1.14) 

Positive outcome in 
the placebo and 
poor outcome in 
the treatment 
assignment and 
vice versa 

0.88 
(0.79, 
0.98) 

0.96 
(0.83, 
1.12) 

0.81 
(0.70, 
0.94) 

0.93 
(0.86, 
1.00) 

1.01 
(0.91, 
1.12) 

0.87 
(0.78, 
0.96) 

Positive outcome in 
the treatment and 
poor outcome in 
the placebo 
assignment 

1.34 
(1.21, 
1.49) 

1.36 
(1.17, 
1.58) 

1.32 
(1.14, 
1.53) 

1.25 
(1.16, 
1.35) 

1.29 
(1.16, 
1.43) 

1.22 
(1.10, 
1.35) 

2 . Methods 

Three graph i cal com po nents are used to rep re sent the sen si tiv ity 
analy sis pre sented here. In the first com po nent, point es ti mates are 
cal cu lated us ing com plete - case analy sis and mul ti ple im pu ta tion, used 
as a ref er ence for the sen si tiv ity analy sis. In the sec ond com po nent, 
all com bi na tions of po ten tial out comes for the un ob served out come 
data are es ti mated. The last com po nent in cludes a smaller range of re - 
sults un der a pri ori as sump tions of MCAR or MAR for un ob served data 
sce nar ios. 

2. 1 . First component 

Com plete - case analy sis [ 10 ], the most com monly em ployed and 
eas i est method of han dling miss ing data, pro vides a fit ting start ing 
point for a sen si tiv ity analy sis. Records with any miss ing data (here, 
the out come) are not uti lized. This analy sis pro vides an un bi ased es ti - 
mate when data are MCAR. How ever, com plete - case analy sis may suf - 
fer from in ef fi ciency and bias un der MAR and MNAR [ 1 , 5 , 7 , 9 , 10 ]. 
Specif i cally, in a ran dom ized con trolled trial, miss ing out come data 
could be MAR or MNAR if there was dif fer en tial loss to fol low - up by 
ex po sure (MAR) and/ or out come sta tus (MNAR). If, for ex am ple in 
EA GeR, there was dif fer en tial loss to fol low - up by live birth sta tus, 
then the miss ing ness mech a nism would be MNAR. Only if not and 
there was dif fer en tial loss - to fol low - up by as pirin treat ment, then the 
miss ing ness mech a nism would be MAR. MCAR could be re al ized if ex - 
po sure were blinded, there were no side ef fects of treat ment that were 
re lated to study with drawal, par tic i pants who ex pe ri enced an un de - 
sired out come did not dif fer en tially with draw, and with drawal was in - 
de pen dent of one or more un bal anced co vari ates (mea sured or un - 
mea sured). Of these cri te ria, side ef fects and un de sired out come re - 
lated to with drawal may be the most dif fi cult to achieve in trial prac - 
tice, though they are in deed trial spe cific, de pen dent upon trial treat - 
ment and the de sir abil ity of a pos i tive out come, re spec tively. Miss ing 
out come data could also be MAR or MNAR by a mea sured or un mea - 
sured co vari ate that by chance hap pened to be un bal anced be tween 
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treat ment strata (MAR if ob served, MNAR if un ob served). Al though 
there are some causal struc tures in which com plete - case analy sis can 
be used to pro vide un bi ased es ti mates for data that are MAR [ 5 ], as - 
sum ing MAR over MNAR is an untestable as sump tion. In our study in 
which data are miss ing if the out come is un ob served, if this miss ing - 
ness is de pen dent upon the out come, the mech a nism is MNAR [ 5 ]. 
Un less the mech a nism is known to be MCAR then sen si tiv ity analy sis 
is needed. 

An other com mon method for han dling miss ing data is mul ti ple im - 
pu ta tion, which is more prin ci pled than com plete - case analy sis in that 
miss ing ness is di rectly ad dressed, rather than ig nored. An ex ten sive 
lit er a ture ex ists for mul ti ple im pu ta tion; briefly, the method mod els 
the re la tion be tween the ob served and miss ing data and im putes val - 
ues from those mod els, form ing mul ti ple, com plete datasets. Each im - 
puted dataset is an a lyzed, and the re sult ing point es ti mates are com - 
bined to pro duce a sin gle un bi ased es ti mate (given the data are MCAR 
or MAR [ 15 ]) and a stan dard er ror that is ap pro pri ate for the mod eled 
data used in place of the un ob served data. Since all ob ser va tions are 
uti lized, mul ti ple im pu ta tion can be more ef fi cient than com plete - case 
analy sis. To im pute miss ing data, mul ti ple im pu ta tion re quires build - 
ing a model from ob served data that char ac ter izes the re la tion be - 
tween vari ables and car ries with it as sump tions (of ten mul ti vari ate 
nor mal ity) re gard ing the re la tion of the miss ing data and the ob served 
data, which in the ory could lead to bias. How ever, mul ti ple im pu ta - 
tion has been shown to be fairly ro bust to model mis spec i fi ca tion 
[ 22 ]. 

2. 2 . Second component 

Given point es ti mates from com plete - case analy sis and mul ti ple 
im pu ta tion, the next step is to map the space of all po ten tial re sults 
that could have been ob served had the out come data been com plete. 
This space is con structed by at tribut ing every com bi na tion of po ten - 

tial out comes for the miss ing data be gin ning with the bound ing sce - 
nar ios. For a clin i cal trial with loss to fol low - up, these bounds are cre - 
ated by as sign ing all in di vid u als with miss ing out come to: 1) poor 
out comes re gard less of the ex po sure; 2) pos i tive out comes re gard less 
of the ex po sure; 3) pos i tive out comes in the placebo and poor out - 
comes in the treat ment as sign ment and vice versa, 4) pos i tive out - 
comes in the treat ment and poor out comes in the placebo as sign ment. 

These four sce nar ios cor re spond to the cor ners of the sen si tiv ity 
plot in Fig. 1 . The axes of Fig. 1 are the per cent of the miss ing in the 
treat ment and con trol group as signed to a pos i tive out come, such that 
the fig ure ori gin (0,0) cor re sponds to sce nario 1, (100,100) cor re - 
sponds to sce nario 2, and the points (0,100) and (100,0) cor re spond 
to sce nar ios 3 and 4, re spec tively. Since the four es ti mates form the 
bounds of the po ten tial analy sis re sults, any po ten tial re al iza tion of 
miss ing out come data will lie in the space of Fig. 1 , re gard less of the 
miss ing ness mech a nism. 

2. 3 . Third component 

Within these bounds of all pos si ble com plete data sce nar ios, we 
can iden tify and com pare sub sets of sce nar ios within Fig. 1 , which we 
de fine a pri ori , that are more plau si ble given the ob served data and/ or 
prior knowl edge. 

A rea son able sce nario would be that miss ing data could be in 
align ment with the null hy poth e sis. This cor re sponds to the 45° di ag o - 
nal in Fig. 1 (la beled non - differential im pu ta tion), in which the per - 
cent of miss ing with a pos i tive out come is non - differential by treat - 
ment group. This null sce nario is not tied to any miss ing ness mech a - 
nism and leaves any ex ist ing re la tion in the ob served data un changed, 
so does not nec es sar ily cor re spond to a null es ti mate for the trial over - 
all. 

Other plau si ble sce nar ios rely on the same as sump tion of MCAR or 
MAR nec es sary for the com plete - case and mul ti ple im pu ta tion es ti ma - 

Fig. 1 . Plot of sen si tiv ity analy sis of the rel a tive risk for the re la tion be tween a bi nary ex po sure and a bi nary out come with miss ing ness in the out come. The dot - 
ted line (white re gion) de picts the per cent of miss ing al lo cated pos i tive out come in each group for the over all trial re sults to be null (rel a tive risk, RR  =  1.0); in - 
creas ing darker gra da tion re flects fur ther de par tures from the null. The full plot en com passes any po ten tial mech a nism, in clud ing MNAR. 
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tors, re spec tively. Rea son able un der MCAR would be that the miss ing 
data could mir ror ob served data, in which the pos i tive out come 
preva lence in the miss ing data would equal the ob served preva lence 
within treat ment groups. In this sce nario, miss ing out comes would be 
im puted in the ob served pro por tions, cor re spond ing to the ver ti cal 
and hor i zon tal lines of Fig. 1 , which in ter sect at the point es ti mate for 
com plete - case analy sis. Fi nally, rea son able un der MAR would be the 
mod eled mul ti ple im pu ta tion datasets, rep re sented in Fig. 1 by the 
cloud of points. Mul ti ple im pu ta tion is a tech nique for han dling miss - 
ing data where the re la tions and vari abil ity within the ob served data 
are im posed by fill ing in the un ob served data to form mul ti ple com - 
plete datasets. Rather than mar gin al iz ing re sults across po ten tial sce - 
nar ios (as is done for a mul ti ple im pu ta tion point es ti mate), we con - 
sider the in di vid ual es ti mates in the con text of all pos si ble po ten tial 
out comes for the miss ing out come data. Each point in Fig. 1 con sti - 
tutes a ran dom draw from a con di tional dis tri b u tion that cap tures dif - 
fer en tial re la tions be tween the ob served data and the im puted out - 
come. Band ing these es ti mates by a 95% el lip ti cal con fi dence re gion 
pro duces a dis tinct sen si tiv ity re gion for MAR. This MAR re gion in 
Fig. 1 is gen er ated as sum ing the de fault bi vari ate t - distribution within 
the “stat_el lipse” func tion in R. 

In ter pre ta tion of re sults within and be tween each com po nent pro - 
vides in sight into the sen si tiv ity of the re sults from a given dataset. To 
fur ther aid in ter pre ta tion, other key plot fea tures can be added such 
as a line de pict ing per cent of miss ing al lo cated pos i tive out come in 
each group for the over all trial re sults to be null. This is rep re sented 
in Fig. 1 , as the dashed line, which de picts a trial rel a tive risk of 1.0 
for the es ti ma tor of in ter est. If p - values from hy poth e sis test ing are of 
in ter est, a bound ary line of sig nif i cance can ad di tion ally be added. 
These com po nents com prise a thor ough sen si tiv ity analy sis for loss to 
fol low - up that is easy to in ter pret graph i cally and can con vey main 
analy sis re li a bil ity. 

3 . Example revisited: Sensitivity analysis in the EAGeR trial 

Given point es ti mates from com plete - case analy sis and mul ti ple 
im pu ta tion (first com po nent), con duct ing the sen si tiv ity analy sis as 
out lined fol lows with con struct ing com plete datasets un der each of 
the four bound ing sce nar ios (sec ond com po nent) and all pos si bil i ties 
con tained within. For women lost to fol low - up in EA GeR, these 
bounds are con structed by con sec u tively im put ing 1) no live births 2) 
all live births 3) all live births in placebo arm and none in LDA arm 4) 
all live births in LDA arm and none in placebo arm. These rel a tive risk 
bounds are listed in Table 1 and cor re spond to the cor ners of the plots 
in Fig. 2 , in which the x - and y - axes are the per cent ages of the miss ing 
out comes as signed a pos i tive out come (live birth or PPT) in the LDA 
and placebo arms, re spec tively. Bounds are sim i larly con structed for 
the preg nancy sen si tiv ity analy sis ( Table 1 ). The plots in Fig. 2 con - 
tain trial rel a tive risks that in clude all pos si ble com bi na tions of out - 
comes for the 140 in di vid u als with un ob served out come data. No - 
tably, the dot ted line in the white re gion re flects the miss ing out come 
sce nar ios for the over all trial re sults to be null (RR  =  1.0), with in - 
creas ing darker gra da tion re flect ing fur ther de par tures from the null. 

Within the bound aries of pos si ble sce nar ios are fea tures cor re - 
spond ing to more likely sce nar ios (third com po nent). The 45° di ag o - 
nals in Fig. 2 cor re spond to all sce nar ios of no treat ment ef fect of LDA 
on live birth and preg nancy among the miss ing ob ser va tions. The ver - 
ti cal and hor i zon tal lines in Fig. 2 cor re spond to the ob served rate of 
live birth and preg nancy in the LDA and placebo arms, re spec tively. 
In tu itively, these two lines in ter sect at the point es ti mate for com - 
plete - case analy sis. Un der a MCAR mech a nism, the tri an gu lar re gion 
formed by these two lines and the main di ag o nal uses the point es ti - 
mate un der the MCAR as sump tion as the strongest po ten tial ef fect in 
the miss ing data, and only con sid ers al ter na tives to wards a non - 
differential ef fect of treat ment among the miss ing out come data. 

Fig. 2 . Sen si tiv ity plots of rel a tive risks for a ran dom ized con trolled trial ac count ing for all pos si ble miss ing out come (live birth and pos i tive preg nancy test 
(PPT)) sce nar ios. Per cent of miss ing al lo cated to pos i tive out come within the as pirin and placebo treat ment arms is dis played on the x - and y - axis, re spec tively. 
Trial re sults are dis played over all (first col umn) and strat i fied by two block ran dom ized el i gi bil ity strata (orig i nal – sec ond col umn, and ex panded – third col - 
umn). The dot ted line (white re gion) de picts the per cent of miss ing al lo cated pos i tive out come in each group for the over all trial re sults to be null (rel a tive risk, 
RR  =  1.0); in creas ing darker gra da tion re flects fur ther de par tures from the null. The full plot en com passes any po ten tial mech a nism, in clud ing MNAR. 
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Also for the third com po nent, we plot the 500 in di vid ual datasets 
from mul ti ple im pu ta tion as points in Fig. 2 , with the el lipse form ing 
a de fined re gion that cap tures 95% of the im puted datasets. We con - 
sider this a rea son able re gion un der a MAR mech a nism (as with the 
mul ti ple im pu ta tion point es ti mate) for sen si tiv ity to miss ing live 
birth and preg nancy. Code for im ple men ta tion is pro vided in the sup - 
ple men tary ma te r ial. 

In ter pre ta tion of the re sult ing plots in Fig. 2 is now largely in tu - 
itive. The plots dis play the bounds for the po ten tial for sen si tiv ity due 
to miss ing out comes, with shad ing vari abil ity cor re spond ing to rel a - 
tive risk sen si tiv ity. Within the Orig i nal stra tum of Fig. 2 , it is easy to 
see that re sults for live birth are more sen si tive than for preg nancy 
dis played by the stronger dif fer ence in gra da tion. The plots for the 
Orig i nal stra tum also show that there is no sce nario whereby miss ing 
out comes could lead to a null or harm ful point es ti mate for preg - 
nancy, as the null line is ab sent from the plot. How ever, a null point 
es ti mate is pos si ble for live birth, de picted by the pres ence of the null 
line. We use the tri an gu lar and the el lip ti cal re gions to re fine our in - 
ter pre ta tion from what is pos si ble to what is more rea son able. These 
re spec tive re gions rep re sent MCAR and MAR mech a nism as sump tions, 
whereas the full plot en com passes any po ten tial mech a nism, in clud ing 
MNAR. The sizes of these re gions rel a tive to one an other and the full 
plot show the po ten tial for sen si tiv ity of point es ti mates un der MCAR 
rel a tive to MAR, and each rel a tive to any po ten tial mech a nism. This 
will largely de pend on the group wise preva lence of miss ing ness, 
mean ing that larger mag ni tudes of sen si tiv ity are pos si ble with in - 
creas ing miss ing out come preva lence. 

For live birth and pos i tive preg nancy test Over all, Fig. 2 shows 
that the com plete - case re sult and the en tire tri an gu lar re gion are of 
sim i lar shad ing, mean ing that when us ing the point es ti mate un der an 
MCAR as sump tion as the strongest po ten tial ef fect in the miss ing data, 
and only con sid er ing al ter na tives to wards a null ef fect of treat ment in 

the miss ing data, point es ti mates would likely have not mean ing fully 
changed had all of the data been ob served. Fur ther, Fig. 3 , a “tip ping - 
point” plot [ 23 ], shows that the com plete - case re sult and the en tire 
tri an gu lar re gion are non - significant for live birth and sig nif i cant for 
pos i tive preg nancy test, in di cat ing that un der this same sce nario up - 
per bounded by the MCAR point es ti mate, sig nif i cance would not 
have changed and no tip ping - point ex ists for live birth or pos i tive 
preg nancy test over all had all of the data been ob served. How ever, 
about 40% and 80% of the 500 im pu ta tions for live birth and pos i tive 
preg nancy test, re spec tively, lie in the sig nif i cant re gion in Fig. 3 . 
When a de ci sion point is con sid ered, this im plies that un der MAR, the 
con clu sions about the ef fi cacy of LDA could have been sen si tive to the 
miss ing data and war rant fur ther in ves ti ga tion. 

4 . Limitations 

To un der stand the po ten tial ef fects of miss ing out come data on 
study re sults, we per formed a sen si tiv ity analy sis in which all miss ing 
data re al iza tions were cal cu lated, high light ing likely pos si bil i ties 
based on rea son able miss ing data mech a nisms, and pre sented our re - 
sults in an eas ily in ter pretable plot in stead of in mul ti ple ta bles. In 
con text of the EA GeR find ings, use of this method ol ogy en abled us to 
de ter mine the sen si tiv ity of es ti mates to with drawal and dis play this 
in for ma tion com pletely in a sin gle Fig ure ( Fig. 2 ) rather than us ing a 
sub set of re sults and mul ti ple ta bles. How ever, this sen si tiv ity analy sis 
and plot are lim ited to bi nary ex po sure and out come data. While we 
ap plied this method ol ogy to ran dom ized con trolled trial data for 
which the ex po sure data are com plete, this method ol ogy has been 
used in more com plex set tings such time - to - event data [ 24 ], and 
could po ten tially be ex tended to the set ting of ob ser va tional data in 
which ex po sure data are in com plete. 

Fig. 3 . Sen si tiv ity plots of sig nif i cance for a ran dom ized con trolled trial ac count ing for all pos si ble miss ing out come (live birth and pos i tive preg nancy test (PPT)) 
sce nar ios. Per cent of miss ing al lo cated to pos i tive out come within the as pirin and placebo treat ment arms is dis played on the x - and y - axis, re spec tively. Trial re - 
sults are dis played over all (first col umn) and strat i fied by two block ran dom ized el i gi bil ity strata (orig i nal – sec ond col umn, and ex panded – third col umn). The 
full plot en com passes any po ten tial mech a nism, in clud ing MNAR. 
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Since we do not typ i cally know with cer tainty the data miss ing ness 
mech a nism or the un der ly ing causal struc ture, it is im por tant to con - 
sider a va ri ety of miss ing data mech a nisms and prin ci pled meth ods 
that ac count for miss ing data. Here we uti lized mul ti ple im pu ta tion 
for MAR sce nar ios be cause com plete datasets are mod eled and formed 
as part of the stan dard pro ce dure, and it can be eas ily per formed on a 
va ri ety of sta tis ti cally com put ing soft ware plat forms. Al ter na tive 
meth ods ex ist, such as max i mum like li hood and in verse prob a bil ity 
weight ing, that could also be used to gen er ate point es ti mates and the 
sen si tiv ity analy sis. With re spect to miss ing data, these meth ods are 
un bi ased un der dif fer ent as sump tions and re searchers should choose 
the method or meth ods best suited to their par tic u lar data. Each of 
these cited meth ods de pend on the untestable as sump tion that the 
value of the out come does not af fect its prob a bil ity of be ing ob served 
(as sum ing MAR vs. MNAR) and that there are no un mea sured com - 
mon causes of the out come and miss ing ness. Since miss ing data tech - 
niques do not ad dress the other po ten tial sources of bias that may ex - 
ist, such as con found ing or model mis spec i fi ca tion, sen si tiv ity analy sis 
in ter pre ta tion should not be ex tended to the re la tion of in ter est be - 
sides with re spect to the miss ing data. 

5 . Conclusions 

While prin ci pled es ti ma tion tech niques such as mul ti ple im pu ta - 
tion are im por tant, they only tell a por tion of the story. The sen si tiv ity 
analy sis demon strated herein dis plays all pos si ble trial re sults had all 
the miss ing out come data been ob served (ap plic a ble for any miss ing - 
ness mech a nism), as well as likely re sults if the miss ing data mech a - 
nism can be as sumed to be MCAR or MAR. It is ac cord ingly an im por - 
tant tool in con vey ing cer tainty or un cer tainty, con fi dence or cau tion 
in re sults with miss ing data. The plots demon strated here pro vide a 
con text and ve hi cle for in tu itive in ter pre ta tion of a broader as sess - 
ment of a re sult's sen si tiv ity to miss ing data and should be im ple - 
mented in other stud ies with miss ing out come data, as well as in 
other ar eas of study, to al low re searchers to un der stand how re sults 
could have changed had all out come data been ob served. 
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