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Summary

Objectives. Missing values represent a common issue in longitudinal studies and different methodologies have been pro-
posed to approach it. We consider the particular case of longitudinal studies where vital status follow-up is more ex-
tended in time than exposure measurement follow-up. We use the example of a prospective cohort Italian study to eval-
uate the impact of treatments for heroin dependence on mortality from overdose, to show how multiple imputation (MI)
helps in properly treating the lack of information, offering a better solution than the more common list-wise deletion
method.

Methods. The study recruited 10,258 subjects and detailed information on each treatment episode was collected for an 18-
month period. Vital status was also updated at 24 months from recruitment. To account for the missing information on
treatment for the one-year period between the eénd of the study and the last vital status ascertainment, we apply a multiple
imputation approach based on all the available information included in the observed data.

Results. The number of deaths included in the complete data set is 89% higher than that in the observed data set. The Cox
model applied to the complete data set produces higher point estimates, but comparable 95%CI. The two validation mod-
els show the robustness of the adopted method.

Conclusions. The imputation model slightly changes the results of the list-wise deletion analysis, but has definitely made
these results more valid and reliable. Multiple imputation should be considered more often as an applicable choice in the
treatment of missing values in cohort studies where collecting information on exposure data might be very expensive,
while the information on outcomes could be easily updated from administrative databases.

KEY WORDS: multiple imputation, missing values, cohort study, exposure.

Introduction

Missing values are an issue of major concern in ob-
servational studies, especially so in longitudinal
studies. Two different types of missing value may
affect a longitudinal observational study: baseline
and follow-up information. In fact, in longitudinal
studies it may be difficult to collect information at
baseline, since subjects may refuse to answer the
questionnaire entirely, or in part, or it may be diffi-

cult to collect complete information from adminis-
trative databases. Moreover, in a longitudinal study,
subjects may drop-out, be lost to follow-up, or re-
fuse to participate in subsequent waves of data col-
lection (1).

A certain amount of losses at follow-up is always
taken into account in such studies; if the process that
generates the losses is not completely random, this
may cause selection bias, and the analyst should try
to correct it. Especially when there are relatively
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many missing data, the results of this selection bias
may be severe, leading to biased estimators.

The standard approach, which is a default option in
many statistical packages, is to restrict the analysis
to subjects with no missing values in the specific
sets of variables. This method, called available-case
analysis, can yield biased estimates, in the presence
of selection bias. Furthermore, when multivariate
analyses are involved, including descriptive analy-
ses, a popular approach leads to a listwise “dele-
tion”, which is defined as excluding all the subjects
that have any missing information in any of the vari-
ables used in at least one analysis. This approach
leads to both biased parameter estimators and a loss
of power.

Different methods have been developed to handle
missing values. The most popular in the literature are
weighted estimation procedures (2, 3), maximum
likelihood estimates obtained through specialized
numerical methods, such as EM (4, 5), applicable in
fully parametric models, and multiple imputations
(MI) (6, 7). All these methods have advantages and
drawbacks, but all of them possibly lead to unbiased
estimation, if used properly. However, MI is often
preferred because, although it represents an approxi-
mate solution, it has good properties and is readily
available in many statistical software packages. MI is
a simple, widely applicable and easily available ap-
proach that represents a good. solution to the problem
of missing data. The most important drawback of MI
is that is computationally expensive, although that is
not of major concern given the latest computing sys-
tems. Many examples of MI are present in the bio-
medical literature, applied either to baseline missing
information (8<10) or to follow-up missing informa-
tion (10-12).

In this paper, we apply an MI approach to a special
case of the follow-up missing data problem: a cohort
study in which, by design, treatment information has
been collected for a shorter time than information
about outcomes. Hence, for a time period we have
data on outcomes, but not on the given treatments of
interest (exposure). We have considered treatment
data in this time period as missing data. To handle the
missingness, we use an MI model. Our data come
from a prospective, national, cohort study to evaluate
the impact of treatments for heroin dependence on
mortality from overdose, in Italy (13).
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Methods and data

Data

The VEdeTTE study recruited 10,454 heroin users at
115 Public Treatment Centres (PTC) of 554 (23%)
within the National Health Service in Italy, at the
time of the study. Enrolment included incident sub-
jects that started treatment for the first time at a spe-
cific PTC during the study period, “re-entered” sub-
jects that were not in treatment at the beginning of
the study but treated by the centre in the past, and
“prevalent” subjects that had an open treatment at the
beginning of the study. Clients were recoded as
“old”, if they had been in treatment for more than 6
months at the start of the study, and as “new”, if they
had been in treatment for less than 6 months, or not
yet in treatment, at the beginning of the study. The
subjects were followed over an 18-month period, be-
tween September 1998 and March 2000. Clinical
history and personal information were collected at
the intake interview, and each treatment episode over
the study period was recorded. Patients could have
multiple periods of the same treatment or different
treatments. Treatment regimens included methadone
maintenance, methadone detoxification, admission
in a therapeutic community (residential or semi-resi-
dential), other pharmacological detoxification treat-
ments (including naltrexone, in-patient detoxifica-
tion, detoxification with non-opiate drugs, therapy
with psychotropic drugs), and psychosocial types of
treatment (including psychotherapy, counselling, so-
cial advice and job guidance). Periods without treat-
ment was recorded as well, and labelled as “treat-
ment free” (14).

In order to investigate the association between treat-
ment and overdose mortality, we analyzed the data
from 10,258 patients (98% of the whole cohort) for
which treatment information was available. Person-
years at risk were calculated from the start of the first
treatment within the study period to the end of the
eighteen-month study period or until the date of
death, whichever came first. Vital status was as-
sessed at each treatment centre and through the Reg-
istry Office of the last municipality of residence and
was reported for 96.3% of the subjects. The last date
of vital status ascertainment was March 2001 (14).
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Missing data problem

In order to investigate the association between over-
dose mortality and the different treatments, informa-
tion about treatment updated to the last follow-up as-
certainment is needed. In our data, because of the
study design, there was a one-year time gap between
the last day in which the information about treatment
was collected and the day in which vital status was
assessed. One-hundred deaths occurred within the
18-month study period (41 due to overdose) and oth-
er 90 deaths (29 due to overdose) occurred in the
year between the end of the study and the last mor-
tality follow-up update. This almost doubling of
events could not be ignored.

Initially, we excluded from the analysis the 90 cases
who died after the end of the study period (14). Since
time of death may well be related to the severity of
the addiction, this approach introduces selection bias
and, moreover, results in a loss of statistical power. In
our case, the missing data were generated by design,
since the follow-up of the subjects ended at the end of
the eighteen month period. In the notation of Little
and Rubin (7), our data are missing completely at ran-
dom (MCAR). Hence, it does not seem plausible that
we introduce selection bias, by doing an available-
case analysis. Nevertheless, in this specific case, there
is still a risk of selection bias. Indeed, as a conse-
quence of the missing information on treatments, we
would have had to exclude from the analysis those
who died later. These subjects might differ systemat-
ically from those included in the analysis. Further-
more, we reduce the sample size (with a particularly
strong impact on the number of outcomes included in
the analysis), and therefore lose statistical power. To
take into account both these problems, we decided to
handle the missing information through MI (6). This
approach properly uses the partial information avail-
able on treatments and imputes the exposure variable
for the one-year period in which it was not collected.
Such an approach assumes that the missing data were
missing at random (MAR) (7).

The MI model

First, we assume that the process of switching from
one treatment to another behaves as a Markovian
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chain with a one month cycle. Therefore, the proba-
bility of switching to a certain treatment only de-
pends on the current treatment, and given the last
treatment all other past treatment information is in-
dependent of the new treatment.

In order to impute the missing data, we estimate a
probability transition matrix, from the observed
treatment distribution. All treatments observed along
the 18 months of the study were split in one-month
long treatment sections and, for the-months that in-
cluded more than one treatment episode, only the one
of longest duration was considered. Using these frac-
tions of treatments we estimated the overall probabil-
ities of transitioning from treatment regimen at time
“i” to treatment regimen at time “i+1”, in a one-
month period of time.

The transition matrix was estimated for old and new
patients separately, since the probability of switching
treatments was known to be different between the two
groups of subjects. A different transition matrix was
produced for each couple of subsequent months. The
18 estimated matrices proved to be very similar; hence
we used the overall transition probability matrix that
was calculated for the whole 18-month period. All
analyses were performed in R, and for the MI ap-
proach we programmed our own code (Figure 1). The
patients who did not die within the first 18-month of
the study period were assigned to 12, at most, addition-
al treatments of one-month length. These additional
treatments are meant to cover the time period between
the last observed treatment and the last vital status as-
certainment. The data imputation algorithm results in a
“complete” dataset. We then fit a Cox model, to esti-
mate the hazard ratios of surviving when exposed to
each one of the possible treatments compared to being
out of treatment. The above process was repeated 600
times, and therefore 600 completed datasets were cre-
ated. The number of repetitions was chosen in order to
achieve the desired level of accuracy.

Along with the indicator variables for the treatment
effect, our aim is to account for other important co-
variates that could possibly confound or affect the as-
sociation of interest. Only baseline covariates are
available. To select among those, we used available
scientific knowledge from previous studies, along
with a model selection procedure. For the latter, we
fit the model on the whole population, without ad-
justing for treatment regimens. Hence, we had to fit
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read the last observed treatment
for each subject in the study

read the transition matrix

Tompute row cumulative frequency
distributions on the transition matrix

Generate a random number (RN)
from the uniform distribution

oint at the matrix's row
corresponding to the last observed or
imputed treatment for subject’s n

Point at the matrix's row
corresponding to the last observed
or imputed treatment fo

Repeat the process 12 times starting
gach time from the last imputed
treatment

Repeat the process for all the subjects

-

1 2 3 4 5 6
901 47 05 01 06 39
121 699 17 08 35 120

1.0 10 903 05 27 44
1.9 06 12 786 6.8 109
36 53 12 10 805 85
42 58 06 06 14 874

1 2 3 4 5 6
90.1 949 954 955 96.1 100.0
121 82.0 838 846 88.0 1000

1.0 20 923 928 956 1000
1.9 25 3.7 823 891 1000
36 89 101 111 916 1000
42 99 106 11.2 126 100.0

@ AW N =

Figure 1. Description of the algorithm used to create the imputes.

the model just once, on the original data. Covariates
that proved to be statistically significant at a level of
0.10 were included. All treatments, age and gender
were included in the model, independently of their
statistical significance. The selection model proce-
dure is exactly that followed for the available-data

analysis. To summarize the coefficients of interest,
we pooled all the parameter estimates using the mean
of the estimates obtained in each imputation. Their
standard errors are computed by taking the square
root of the sum of the between imputations and with-
in imputation variances (15).
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Model validation

To validate our imputation model, we use two differ-
ent strategies. First, we implement a more complex
probabilistic model: we assume that for the last one-
year period of the study, the probability of getting a
specific treatment regimen depends on the treatments
one receives in the last two months of the observation
period, rather on the last month only. We refer to this
model as the second probabilistic model. Second, we
applied both the first and the second probabilistic
model to the first nine months of the observed study
period, in order to predict the last nine months of the
observed period. We then compared the observed and
the predicted treatments. In this case, the transition
matrix is estimated using only the first nine months of
the observed period.

Results

We included 10,258 subjects in the analysis. The im-
putation process allows us to use all observed deaths

Multiple imputation for exposure missing values

(189, 70 from overdose), rather than just those that
correspond to the first 18-month period (100, 41
from overdose). The 29 overdose cases that corre-
spond to the last year, were younger (mean age at en-
rollment 30.8 (SD 5.7) vs 34.9 (SD 5.5)), with a low-
er prevalence of HIV sero-positives (3.4 % vs 26.8 %
of HIV-positive), and in treatment for a longer peri-
od at the beginning of the study (34.5% vs 24.4% pa-
tients in treatment for more than 6 months).

By using MI, we imputed 10,116 person years.
Table 2 shows the distributions of imputed and ob-
served person years. The most important differ-
ences are the higher percentage of person years
spent out of treatment and the decrease in the per-
centage of person years spent in methadone detoxi-
fication in the complete data set when compared to
the observed one.

Comparing the results of the Cox survival analysis
on the.completed and observed data set, we observe
an increase in the precision of all the baseline covari-
ates (that were fixed throughout the imputation
process) estimates. Moreover, HIV serological status
1s no longer statistical significant, probably due to

Table 1. Socio-demographic and drug use characteristics of the study population, VEdeTTE study.

All population -~ Deaths Deaths All deaths Deaths Deaths
before the end after the end for overdose  for overdose
of the study  of the study before the end after the end
of the study  of the study
N. % N. % N. % N. % N. % N. %
(10258) (100) (89) (189) 41) (29)
Social characteristics
Gender
men 8779 85.6 80 800 72 809 152 08 31 756 25 862
women 1479 144 20 200 17 19.1 37 02 10 244 4 138
Living Status
alone 947 92 19 190 26 292 45 238 9 220 8 276
with parents 5617 548 57 570 37 416 94 497 25 610 12 414
with partner and/or with child 2756 269 19 190 17 191 36 190 4 98 5 172
other 890 8.7 5 50 g8 90 13 69 373 4 138
missing 48 05 0 00 1 11 1 05 0 00 0 00
Education
never went to school 93 09 2 22 1 1.1 3 16 1 24 0 00
five years of education 1650 16.1 16 180 13 146 29 153 9.8 5 172
eight years of education 6071 59.2 57 640 60 674 117 619 23 56.1 20 690
secondary school 2317 22.6 22 247 14 157 36 190 12293 4 138
higher education 81 08 2 22 1 1.1 3 16 1 24 0 00
missing 46 04 1 11 0 00 1 05 0 00 0 0.
Age at enrolment
average (SD) 315(6.2) 354 (6.1) 33.1(6.5) 343(64) 34955 308 (5.7)
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Table 1. Socio-demographic and drug use characteristics of the study population, VEdeTTE study.

All population ~ Deaths Deaths All deaths Deaths Deaths
before the end after the end for overdose  for overdose
of the study  of the study before the end after the end
of the study  of the study
N. % N. % N. % N. % N. % N. %
(10258) (100) (89) (189) 41) (29)
Drug addiction history
Injectors
yes 7431 724 88 880 74 831 162 09 34 829 21 828
no 1819 17.7 7 170 6 67 13 0.1 3 73 269
missing 1008 9.8 5 50 9 101 14 01 4 98 3 103
Imprisonment
yes 1472 143 12 120 12135 24 0.1 Sy 122 269
no 8178 79.7 81 810 72 809 153 08 36 878 26 89.7
missing 608 59 7 70 5 56 12 01 0 00 1 34
Overdose in the past
yes 4170 40.7 56 560 53 59.6 109 0.6 26 634 17 58.6
no 5967 58.2 44 440 34 382 7804 15 366 11 379
missing 121 12 0 00 2 22 2 00 0 00 1 34
Co-abuse of cocaine
yes 35 350 35 393 70 04 12293 9 310
no 60 600 48 539 108 0.6 28 683 19 655
missing 5 50 6. 67 11 01 1 24 1 34
Age (yrs) at first injecting heroin use
average (SD) 20.8 (4.7) 202 (44) 1993 45) 20.8 (4.3) 20.2 (4.3)
n=9074 n=95 n=84 n=39 n=27
Clinical features
Type of client (a)
in the treatment > 6 months at the 2612 255 31 310 22 247 53 03 10 244 10 345
begin of the study
in the treatment < 6 months at the
begin of the study 7646 74.5 69 690 67 753 136 0.7 31 756 19 655
Type of client (b)
new at the treatment centre 1215 11.8 2 20 9 101 11 58 2 49 3103
already known at the treatment centre 9043 88.2 9 980 80 899 178 942 39 951 26 89.7
Psychiatric diagnosis in the past
yes 1380 13.5 30 300 20 225 50 03 13 317 10 345
no 6746 65.8 50 500 47 528 97 05 20 488 15 517
missing 2132 208 20 200 22 247 42 02 9 220 4 138
HIV
yes 841 82 43 430 26 292 69 04 11 268 1 34
no 5966 58.2 33 330 41 461 74 04 19 463 21 724
missing 3451 33.6 24 240 22 247 46 02 11 268 24.1
“In the last 12 months.

the very different distribution of added deaths rela-
tive to this covariate.

Furthermore, the “methadone maintenance  and the
“psycho-social” treatment estimates had an increased
variance (the 95% CI is almost double) , due to the
imputation variability component, while the variance
components of the rest of the treatment regimens re-
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mained more or less the same as before. The point
estimates are generally higher for all treatments, but
the CIs overlap a lot, indicating that the results of the
completed dataset and the available case are quite
similar. It is important that with the MI model we are
able to estimate the therapeutic community effect,
while there were no deaths attributed to this treat-
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Table 2. Variables associated with overdose death among heroin users. Results from the observed and complete data sets,

VEdeTTE study.

Deaths Person-years RR*

Complete Observed Imputed % Observed % Total % Complete RR  95%1IC Observed RR ~ 95%1C

Dataset  Dataset Dataset Dataset

N=T0  N=41
Treatment
Out of treatment - 31 4067 40 2914 22 6980 30 1.00 100 =
Methadone maintenace - 7 3602 36 5751 44 9353 40 021 0.1 039]0.10 004 024
Methadone detoxification - 1525 5 1496 11 2020 9 0.3 003 056|007 001 050
Other pharmacological - 1 257 3 423 3 679 3 084 026 2731035 005 258
Psychosocial - 1 1011 10 1349 10 2360 10 033 0.3 084|008 003 032
Therapeutic Comunity - 0 655 6 1189 9 1844 8 023 007 074 - -
Total 10116 100 13121 100 23238 100
Gender
Male 56 31 8659.5 11606 202654 1.00 1.00
Female 14 10 1456.7 1932 3388.7 148 082 268|203 098 4.8
Age
Five years increasing 104 100 108|136 107 1.73
Psychiatric comorbidity
No 23 13 66564 7982 1463824 1.00
Yes 35 20 1365.7 1861 322648 296 174 505|276 136 562
HIV serological status
Negative 12 11 5887.6 7951 13838.1 1.00 1.0
Positive 40 19 8295 1156 1985.6 171 087 335|288 132 624
Non-fatal overdose
No 5887.6 7182 13669 4 1.00 1.00
Yes 41173 5603 97199 205 125 335(209 1.10 397
ment in the observed data. This treatment regimen  Discussion

shows a significant protective effect, that is conso-
nant with what is otherwise known about this treat-
ment.

Model validation

Using the last two observed treatments to estimate
the transition matrix produced results that are consis-
tent with those of the chosen imputation model
(Table 3). The second procedure, instead, shows that
the adopted imputation model predicts sufficiently
accurately the person years for “methadone mainte-
nance”, “other pharmacological” and ‘“therapeutic
community”’, while it overestimates the time spent in
“methadone detoxification” and it underestimates the
time spent “out of treatment” (Table 3).

BioMEebicAL STATISTICS AND CLINICAL EPIDEMIOLOGY 2008; 2 (3): 221-230

Summary of results

Imputation allows us to incorporate all the events
that occurred in the cohort at the latest time of obser-
vation, increasing the number of overdose deaths an-
alyzed from 41 to 70. Overall person years increased
from 13,121 to 23,238.

Source of missingness

We apply a well known method for dealing with
missing values to a special case of missingness, in
which missing values are totally attributable to the
study design.
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Table 3. Results of the validation models.

Imputed values for the not observed

Imputed values for the observed

12 months 9 months
Original data Observed data ~ Adopted model  First validation ~ Adopted model ~ First validation
(all 18 months)  (second 9 months) model (last 2 model (last 2
treatments) treatments)
Person %  Person %  Person % Person %  Person % Person %
years years years years years years
Treatment
Out of treatment 2914 22 1436 35 4067 40 4115 41 1272 20 1600 25
Methadone maintenace 5751 44 186 29 3602 36 3594 36 1594 25 1543 25
Methadone detoxification 1496 11 694 17 525 5 577 6 1722 27 1531 24
Other pharmacological 423 3 125 3 257 3 231 2 269 4 239 4
Psychosocial 1349 10 383 9 1011 10 955 9 1017 16 958 15
Therapeutic Comunity 1189 9 242 6 655 6 643 6 402 6 406 6
Total 13121 100 4066 100 10116 100 10116 <100 6277 100 6277 100

It is not uncommon in cohort studies that the study
design imposes an end to the follow-up period, often
due to budget constraints. However there are out-
comes that can be followed-up very easily and sub-
stantially costless; as is the case of mortality, when=
ever a mortality register exists.

So, even if the study is not able to follow-up fully the
cohort for exposure, it might nevertheless be able to
update vital status ascertainment at future points in
time, through record linkage procedures with exist-
ing databases. Exposure data for this amount of time
may be considered missing values. They represent a
special case of missing values, because they are gen-
erated as a consequence of the study design. Then
multiple imputation. may represents an important
method to “update” exposure data, allowing a more
powerful and valid analysis.

Why multiple imputation

We chose multiple imputation among the possible
methods to deal with missing values because it has
known, good statistical properties (16, 17). One
should mention that if the imputation model is seri-
ously flawed in terms of capturing the missing data
mechanism, then so will be any analysis based on
such imputations. Consequently it must be consid-
ered as part of the MI approach to control the validi-
ty of the adopted model, by making the best use of
what is known about the data mechanism and of the
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observed data, and by performing an adequate sensi-
tivity analysis (18). In our study, because missing
values were generated because of the interruption of
the follow-up period, we could not apply any model
driven approach to the understanding of the missing
values mechanism. However the only possible hy-
pothesis is that these missing values are of the MAR
type. Furthermore sensitivity analysis results vali-
date this hypothesis. Some authors however suggest
adopting a more complex approach, like a joint-mod-
elling approach, when the necessary assumptions are
valid (19).

Nature of missing values and the problem
of potential selection bias

It is well known that multiple imputation requires at
least MAR missing values (20). In this case we have
MCAR missing values, because they are due to the
ending of the study, and involved all patients alive at
that time. As a consequence we should not be con-
cerned about potential bias. But in this specific case
we actually are. Lack of information on treatments
after the end of the study means the reduction of the
analysis to those who died in the first 18 months; ex-
cluding those who died later in time. But those who
died in the first 18 months of the study were differ-
ent from those who died later in more than one re-
spect: they were older, in treatment for a shorter
time, and had a higher prevalence of HIV sero-posi-
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tivity. So it is important that the group of those dead
in the last year of the observational period be includ-
ed in the analysis, in order to have more representa-
tive results.

Problem of power

The deletion of cases method would have required to
discarding 29 cases of overdose deaths out of 70 ob-
served at the last vital ascertainment. This implies a
loss of about 40% of the events, which makes it very
difficult to estimate the treatments effect, and indeed
makes it impossible to estimate the effect of thera-
peutic community because of the absence of cases
within that treatment group.

Comparison of estimates precision

It is interesting to note that although the MI method
has an extra component estimated in the standard er-
ror (the component estimating uncertainty due to im-
putation of missing data) the standard error from MI
is still almost equal to that produced by listwise dele-
tion for most of the treatment effects. This might
suggest that the increase of variability due to uncer-
tainty attributable to imputation is compensated for
by the increase in power. Furthermore, as expected,
we gain precision in the estimate of all the fixed co-
variates. We also observe a change in the signifi-
cance of the HIV status covariate estimate; this may
be interpreted as a better estimate for this covariate,
due to the greater representativeness of cases includ-
ed in the analysis.

The imputation model

It is. well known that for a good MI one should
choose a good and inclusive model (18). Our model
is based on a strong assumption that the current treat-
ment only depends on the last received treatment.
This may be criticized, because often the whole treat-
ment history may be important in determining a pa-
tient’s future treatments. Nevertheless, it is also true
that it is the last received treatment that best de-
scribes the situation of the person at the moment, and
so it can be used to predict the next treatment.

Multiple imputation for exposure missing values

Also, a more comprehensive model could have been
tried. But the weak evidences of an association be-
tween treatments distribution and available covari-
ates make it unnecessary.

Furthermore, both the validation models we tried give
good and reliable results and reinforce our assump-
tions that the adopted model adequately describes the
missing values mechanism. However, the observed
underestimation of the out of treatment PY and the
overestimation of the methadone detoxification PY in
the second validation approach might be due to the
adopted imputation model, in which the joint distri-
bution of observed treatments and their length in time
determine the probability to be imputed.

In this specific case we have not been able to use the
available procedures present in statistical software
packages, because of the nature of our missing val-
ues. We had to develop our own code using R. The
principle disadvantage of this method is computa-
tional inefficiency; the R code took a very long time
to run even when we used a high speed processor.

Conclusions

Although the use of more sophisticated and “scientif-
ic” methods to deal with missing values are becom-
ing more common, listwise deletion is still a fre-
quently used solution in many epidemiologic studies.
Multiple imputation has the great advantage of al-
lowing us to handle separately the incomplete-data
problems and the substantive analysis. Furthermore
it may be considered relatively friendly and easily
applicable.

Our example shows the application of this method
made it possible to increase the validity of an analy-
sis that otherwise would have been penalized by both
loss of power and potential selection bias. Further-
more, our study represents an example of how MI
can be used to impute exposure information in cohort
studies; if the validity of this use of MI is corroborat-
ed by other examples, it may be considered as a use-
ful tool to update long lasting longitudinal studies,
where it is easy to collect data on outcomes, but not
on exposure.

Even if multiple imputation requires some more ef-
forts in terms of computational skills and time than
listwise deletion, we believe that the results make it
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worthwhile, and that it should be used more, espe-
cially in the field of epidemiology.
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