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Abstract Introduction: Missing
values occur in nearly all clinical
studies, despite the best efforts of the
investigators, and cause frequently
unrecognised biases. Our aims were
(1) to assess the reporting and han-
dling of missing values in the critical
care literature; (2) to describe the
impact of various techniques for
handling missing values on the study
results; (3) to provide guidance on the
management of clinical study analysis
in case of missing data. Meth-
ods: We reviewed 44 published
manuscripts in three critical care
research journals. We used the
Conflicus study database to illustrate
how to handle missing values.
Results: Among 44 published
manuscripts, 16 (36.4 %) provided no
information on whether missing data
occurred, 6 (13.6 %) declared having
no missing data, 20 (45.5 %) reported

that missing values occurred but did
not handle them and only 2 (4.5 %)
used sophisticated missing data han-
dling methods. In our example using
the Conflicus study database, we
evaluated correlations linking job
strain intensity to the type and pro-
portion of missing values. Overall,
8 % of data were missing; however,
using only complete cases would
have resulted in discarding 24 % of
the questionnaires. A greater number
and a higher percentage of missing
values for a particular variable were
significantly associated with a lower
job strain score (indicating greater
stress). Among respondents who fully
completed the job strain question-
naire, the comparison of those whose
questionnaires did and did not have
missing values showed significant
differences in terms of age, number of
children and country of birth. We
provided an algorithm to manage
clinical studies analysis in case of
missing data. Conclusion: Missing
data are common and generate inter-
pretation biases. They should be
reported routinely and taken into
account when modelling data from
clinical studies.
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Introduction

In clinical studies, missing data are common despite the
best efforts of the investigators [1, 2]. Although missing
data are virtually unavoidable, their existence is not
always reported. In many studies, the existence of missing
data is simply ignored. Another common strategy, which
is the default setting of statistical software, consists in
deleting observations that have missing values.

A missing value occurs when data for a variable or
question are not collected, not available or not appropri-
ate, leading to an empty cell in the data set. Sometimes,
missing information may constitute a meaningful value
(as when the response is ‘‘I don’t know’’) that deserves to
be analysed. Ignoring or inadequately handling missing
values can lead to biases and to loss of statistical power
[3–5]. In randomised controlled trials (RCTs), patients
with adverse events often discontinue their treatment and
therefore fail to undergo an evaluation of the primary end-
point. Consequently, the population of patients with data
on the primary end-point is not representative of the ini-
tial population. In extreme cases, the bias and loss of
power can cancel out or even reverse the treatment effect.
Also, sample size calculations are often performed with-
out accounting for incomplete observations, and the
sample included in the statistical analysis is therefore
smaller than expected. Missing data affect not only RCTs,
but also all observational studies.

The missing value issue was first investigated in depth
in the 1970s, most notably by Rubin, who developed
multiple imputation in 1987 [6]. As the need for practical
solutions to handle missing values became recognised,
research in the field expanded and the number of theo-
retical and applied studies increased at a fast pace. Today,
strategies for handling missing data in clinical research
continue to generate vigorous controversy.

The patterns of missing values in a data set can be
classified into three main categories [4] depending on the
relationship between the process causing the absence of
data and the measured or unmeasured variables. The
effect of ignoring the missing data on the reliability of the
statistical analysis varies across the three categories.

In the missing completely at random (MCAR) pattern,
the probability of the value being missing is independent
from all patient characteristics. When representing the
data set as a large matrix, the missing values are scattered
randomly throughout the matrix. Consequently, the sub-
sample of observations without missing data is
representative of the original sample. This pattern is
unlikely to be observed. In the missing at random (MAR)
pattern, the probability of data being missing is dependent
on other observed covariates. In a survey, for instance,
young adults are more likely not to declare income;
therefore, income is MAR on age. In the third pattern, not
missing at random (NMAR), it is assumed that the

probability of data being missing cannot be explained
solely by other observed covariates but depends instead
on the incomplete information itself. For example, it may
be assumed that persons with high incomes are less likely
to communicate their incomes; therefore, the non-
response probability depended on the nature of the
missing value.

Analyses such as missing indicator modelling can be
performed to distinguish between the two random
mechanisms (MCAR and MAR) but do not allow testing
of NMAR assumptions.

The objectives of this study were to assess the fre-
quency of missing data reporting in the published critical
care literature and to illustrate, on the basis of a large data
set from the Conflicus study [7], the consequences of
handling versus ignoring missing data and the impact of
various techniques for handling missing data. Recom-
mendations on how to handle missing data are provided.

Methods

Review of the ICU literature

To evaluate the reporting and handling of missing data in
clinical studies, we reviewed the articles published in the
October 2010 issues of three major critical care journals,
Intensive Care Medicine (ICM), American Journal of
Respiratory and Critical Care Medicine (AJRCCM) and
Critical Care Medicine (CCM). All articles providing a
statistical analysis on a patient population were reviewed,
regardless of study design or size (observational study or
clinical trial). Each article was carefully reviewed by two
readers (AV and JFT) working independently of each
other. The evaluation was standardised by having the
readers answer three questions: (a) Were there any
missing values? (b) Was information on missing values
provided in the methods or results section? (c) Was a
specific strategy used to handle the missing data and, if
yes, which one? The readers then met to discuss their
reviews and to reach a consensus.

The Conflicus study

The Conflicus study is a 1-day cross-sectional study
designed in 2006 by the European Society of Intensive
Care Medicine (ESICM) from 306 ICUs in 26 countries.
The ESICM ethics section prepared a questionnaire to
collect data on ICU conflicts, to be completed by all staff
members working in each participating ICU on 7
December 2006. The primary objective of the study was
to examine the frequency, characteristics and risk factors
of conflicts in ICU [7]. As job strain was known to be
strongly associated with conflicts in the ICU, an ancillary

1397



objective was to identify risk factors for job strain in ICU
workers.

Job strain was measured using a 12-item scale
derived from the Job Content Questionnaire [8]. This
scale explores three domains (job demand, job control
and social support). The score is the difference
between well-being (represented by job control score
plus social support score) and the job stress (job
demand score). A high score indicates a low level of
stress. In addition to respondent characteristics, each
ICU was asked to provide detailed information on
the ICU and hospital. Country characteristics were
retrieved from the World Health Organisation website
(http://www.who.int/research/en/). For the sake of
simplicity, we decided to focus only on respondents’
characteristics.

Among the 7,771 respondents initially included, 7,209
(93 %) completed the job strain questionnaire. For the

remaining questionnaires the level of missingness of other
variables was higher than 94 %, making imputation of job
strain hazardous.

Because the questionnaires were self-completed by the
ICU workers, missing data were expected. As reported in
Table 1, the frequency of missing data for each of the 17
items ranged from 0 to 8 %. The first step in dealing with
missing data is to identify the nature of the missing
information.

Statistical analysis of Conflicus study data

Respondent characteristics were described using n (%) for
qualitative variables, and median (interquartile range,
IQR) or mean ± SD for quantitative variables. The fre-
quency and percentage of missing values for each variable
were collected.

Table 1 Characteristics of respondents when information was available and frequencies of missing values per variable

Variable Missing, n (%) Modalities Datab

Age 197 (2.7) 34 [28; 42]
Sex 30 (0.4) Female 5,079 (70.7)
Single 259 (3.6) 2,807 (40.4)
Number of children 443 (6.1) 1 [0; 2]
Born in the country of current employment 62 (0.9) 6,293 (88.1)
Years of experience in the ICU 222 (0.3) 6 [2; 12]
Degree of religiosity 290 (4.0) 0: not religious 2,074 (30)

1 833 (12)
2 966 (14)
3 1,677 (24.2)
4 663 (9.6)
5: very religious 706 (10.2)

Graduated in the country of
current employment

255 (3.5) 6,387 (91.8)

Job title 160 (2.2) Nurse 3,235 (45.9)
Nurse assistant 1,130 (16)
Head nurse 267 (3.8)
Physiotherapist 352 (5)
Junior physician 504 (7.1)
Senior physician 582 (8.3)
Consultant 318 (4.5)
Director 143 (2)
Other 518 (7.3)

Average hours of work per week 129 (1.8) 40 [36; 50]
Number of weeks since last vacation 416 (5.8) 12 [5; 17]
Average hours of work per day 151 (2.1) 8 [8; 12]
Formal training in ethics or communication 0 (0) 3,123 (43.3)
Number of end-of-life patients cared

for within the last week
364 (5.0) 1 [0; 2]

Number of treatment-limitation
decisions shared within
the last week

607 (8.4) 0 [0; 1]

Number of deaths within the last week 387 (5.4) 0 [0; 2]
Receiving antidepressant therapy 61 (0.8) 575 (8)
Job strain scorea 0 (0) 5 [3, 6]
Number of conflicts 0 (0) 0 2,301 (31.9)

1 4,906 (68.1)
C2 2 (0)

a A low score reflects a high level of stress
b The data are n (%) for qualitative variables and median [25 % quartile; 75 % quartile] for quantitative variables
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A missingness indicator was built for each item by
assigning a value of 1 in the event of missing data for a
respondent and of 0 otherwise. We then used the Wilcoxon
non-parametric test to assess the relationship between the job
strain score and the missingness indicator for each item.

Respondent-related variables associated with the job
strain score were identified using a linear mixed model
including random effects for country and ICU and dis-
carding missing values. We then built a multivariate
model including all respondent-related variables yielding
p values smaller than 0.10 by univariate analysis.
Observations with at least one missing value for one
included variable were withdrawn from model fitting (this
corresponded to the default process when using SAS
software, i.e. ‘‘complete-case analysis’’ or ‘‘listwise
deletion’’). Then, the multivariate model was rebuilt
twice, by replacing missing values with the median value
for quantitative variables or the most frequent modality
for qualitative variables and by using multiple imputa-
tions with IVEware. Multiple imputations create several
copies of the original data set, in which missing values are
imputed by values that differ slightly across the copies.
This approach reflects the uncertainty regarding the
imputed value. IVEware uses sequential regression mul-
tiple imputation (SRMI). Briefly, it specifies an
imputation model for each incomplete variable, using
other variables as predictors. The imputed variables are
used in subsequent imputation models, and the process is
repeated until convergence occurs (see electronic sup-
plementary material 1 and 2 for details).

We did not check for interaction among risk factors in
the multivariate model and did not address the issue of
multiple testing. Post-imputation diagnostics were used
for multiple imputation process assessment [9]. We
assumed that our data were MAR. It was an intermediate
compromise between plausibility (multiple imputation
methods behave well with MAR which is more realistic
than the MCAR assumption) and complexity (considering
NMAR would need more complex consideration going
beyond the scope of this article). For both imputation
techniques, the percentage of variation of estimates [and
standard errors (SEs)] from the complete case analysis
were computed.

All statistical analyses were performed using the
MIXED and MIANALYZE procedures in SAS software
v9.3 (Cary, NC, USA) and IVEware v0.1 (Survey
Research Centre Institute for Social Research, University
of Michigan, MI, USA).

Results

Literature review

The detailed characteristics of the articles are reported in
the electronic supplementary material 6. Of the 44

articles, 4 (9 %) were clinical trials and the remaining
40 (91 %) were observational studies. The median (IQR)
number of analysed subjects was 749 (138–3,213). From
the 44 articles, 16 (36.4 %) provided no information on
whether missing data occurred, 6 (13.6 %) declared
having no missing data, 20 (45.5 %) reported that
missing values occurred but did not handle them (com-
plete case analyses) and only 2 (4.5 %) used
sophisticated statistical methods to manage missing data
(multiple imputation and missing variable indicator,
respectively).

Conflicus data analysis

The characteristics of respondents when information was
available and frequencies of missing values per variable
are described in Table 1. The proportion of missing data
for independent variables ranged between 0 and 8.4 %
(median = 2.9 %). Taking the missing-data pattern into
consideration, multivariate analysis using the software
default complete-case approach and including all 18
variables would have excluded 24 % of the data set
observations (data not shown).

When studying the relationship between the missing-
data pattern and job strain, we found that numerous
questionnaire items with missing values were associated
with the job strain score. Significantly higher job strain
scores (i.e. lower stress) were noted in respondents with
missing values for the following items: age (p \ 0.0001),
number of children (p = 0.003), degree of religiosity
(p = 0.007), average number of work hours per week
(p = 0.001), number of weeks since last vacation
(p = 0.02), number of patients cared for during life-sus-
taining treatment withdrawal within the last week
(p = 0.038), number of patients who died within the last
week (p = 0.019) and use of antidepressant therapy by
the respondent (p = 0.043) (Table 2). Also, the number
of missing items per respondent was significantly asso-
ciated with the respondent’s job strain score (Fig. 1). The
final multivariate model obtained for the complete-case
analysis and the same models built using the two different
imputation methods are shown in Table 3. Diagnostics
analyses on the values imputed using multiple imputation
were performed but did not reveal critical behaviour
(electronic supplementary material 3 and 4).

Although the estimates obtained using the three
methods seemed similar, estimates varied from 0.2 to
60 % between complete case analysis and imputed-data
analyses. Similarly, SEs varied from 7.1 to 18.2 %.
Variables showing the highest estimates variation were
age (up to 60 % in multiple imputation and up to 39 % for
median/most frequent modality imputation method), and
the number of children (respectively 45 and 52 %). All
estimates and SEs variation rates are shown in electronic
supplementary material 5. The SEs were lowest using the
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median/most frequent modality imputation method, in
keeping with the fact that this method artificially
decreases the variability within a variable by using the
same value to replace all missing data. SEs were largest
with the complete-case model because of the smaller

respondent sample (24 % fewer respondents). Most of the
multiple imputation SEs were intermediate between those
of the other two methods, as the number of observations
used was 100 % and the uncertainty of imputations was
taken into account.

Table 2 Differences in respondent job strain scores based on the missing values

Questionnaire item Job strain scorea in respondents
who answered the relevant item

Job strain scorea in respondents
who failed to answer
the relevant item

p valueb

(n) mean ± SD (n) mean ± SD

Age (7,012) 4.48 ± 2.5 (197) 3.25 ± 2.8 \0.0001
Sex (7,179) 4.45 ± 2.5 (30) 3.87 ± 3.4 0.4
Single (6,950) 4.45 ± 2.5 (259) 4.34 ± 2.8 0.5
Number of children (6,766) 4.48 ± 2.5 (443) 4.06 ± 2.6 0.003
Born in the country of current employment (7,147) 4.45 ± 2.5 (62) 4.00 ± 3.0 0.3
Years of experience in the ICU (6,987) 4.45 ± 2.5 (222) 4.40 ± 2.7 0.9
Degree of religiosity (6,919) 4.47 ± 2.5 (290) 4.02 ± 2.6 0.007
Graduated in the country of

current employment
(6,954) 4.45 ± 2.5 (255) 4.37 ± 2.7 0.8

Job title (7,049) 4.46 ± 2.5 (160) 4.05 ± 2.8 0.11
Average hours of work per week (7,080) 4.46 ± 2.5 (129) 3.71 ± 2.6 0.001
Number of weeks since last vacation (6,793) 4.47 ± 2.5 (416) 4.15 ± 2.6 0.02
Average hours of work per day (7,058) 4.46 ± 2.5 (151) 4.18 ± 2.8 0.3
Number of end-of-life patients cared for

within the last week
(6,845) 4.46 ± 2.5 (364) 4.28 ± 2.7 0.3

Number of treatment-limitation decisions
shared within the last week

(6,602) 4.47 ± 2.5 (607) 4.22 ± 2.6 0.038

Number of deaths within the last week (6,822) 4.47 ± 2.5 (387) 4.10 ± 2.7 0.019
Receiving antidepressant therapy (7,148) 4.46 ± 2.5 (61) 3.69 ± 2.8 0.043

There were no missing values for the items ‘‘formal training in ethics or communication’’ and ‘‘number of conflicts’’
a A low score reflects a high level of stress
b Wilcoxon non-parametric test

Fig. 1 Histogram of the
number of missing variables per
respondent according to the job
strain score
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Discussion

A cross-sectional analysis of a representative subset of
the ICU literature at one specific time point showed that
more than one-third of the articles did not mention data
completeness and that missing data were noticed in
almost half of these studies. Also, missing data were
handled very rarely. In our illustrative case, discarding
incomplete observation would have led to the exclusion
of 24 % of the responders, who were also the ones
observing stronger job strain. Then, we did observe
changes in parameter estimates and SEs (thus in results
interpretation) after using missing data imputation.
Finally, we proposed an algorithm to help the clinician
through the statistical analysis in the event of missing
data.

Our analysis had some limitations. First, the review of
critical care literature was based on three majors critical
care journals but consequently was not exhaustive of the
overall critical care literature. Considering the statistical
analysis, the assumption of MAR missingness may be
unrealistic in our data. Also, we discarded 7 % of persons
who completed neither job strain items nor other ques-
tions, and who were probably very different from the
7,209 respondents of our analysis sample. Another limi-
tation was that the multiple testing issue was not addressed
in our article. Although this can (as missing data) lead to
erroneous conclusions, this matter was beyond of the
scope of our objectives. We proposed the use of multiple
imputation using SRMI because it was adapted to the
survey design of our data. However, this method may not

Table 3 Risk factors for job strain in the Conflicus study ICU workers

Variable Complete-case analysis Median/most frequent
modality imputation

Multiple imputation

n = 5,504 (76.3 %) n = 7,209 (100 %) n = 7,209 (100 %)

Beta (SE) p value Beta (SE) p value Beta (SE) p value

Age in years
\28 0 (–) 0 (–) 0 (–)
28–34 -0.349 (0.095) 0.0003 -0.245 (0.083) 0.0033 -0.216 (0.085) 0.0107
34–42 -0.195 (0.113) 0.0849 -0.180 (0.097) 0.0632 -0.086 (0.101) 0.3936
C42 -0.200 (0.132) 0.1295 -0.123 (0.112) 0.2712 -0.080 (0.117) 0.4924

Female -0.130 (0.072) 0.0709 -0.104 (0.064) 0.1031 -0.100 (0.065) 0.1204
Number of children
0 0 (–) 0 (–) 0 (–)
1 -0.050 (0.088) 0.5708 -0.024 (0.072) 0.7394 -0.065 (0.078) 0.4085
C2 0.212 (0.084) 0.0120 0.161 (0.075) 0.0327 0.117 (0.076) 0.1248

Born in the country of current employment -0.495 (0.103) 0.0000 -0.352 (0.089) 0.0000 -0.373 (0.089) 0.0000
Years of experience in the ICU
\2 0 (–) 0 (–) 0 (–)
2–5 -0.531 (0.090) 0.0000 -0.570 (0.080) 0.0000 -0.561 (0.080) 0.0000
6–11 -0471 (0.106) 0.0000 -0.530 (0.090) 0.0000 -0.550 (0.093) 0.0000
C12 -0.464 (0.118) 0.0000 -0.462 (0.102) 0.0000 -0.480 (0.104) 0.0000

Job title
Physician 0 (–) 0 (–) 0 (–)
Nurse -1.041 (0.088) 0.0000 -1.039 (0.079) 0.0000 -1.046 (0.079) 0.0000
Physiotherapist -0.099 (0.151) 0.5097 -0.106 (0.137) 0.4393 -0.122 (0.137) 0.3717
Other -0.541 (0.144) 0.0002 -0.683 (0.125) 0.0000 -0.701 (0.126) 0.0000

[4 months since last vacations 0.247 (0.071) 0.0005 0.222 (0.064) 0.0005 0.222 (0.064) 0.0005
Average hours of work [8/day 0.285 (0.071) 0.0000 0.272 (0.063) 0.0000 0.288 (0.064) 0.0000
Formal training in ethics or communication -0.359 (0.062) 0.0000 -0.350 (0.055) 0.0000 -0.355 (0.055) 0.0000
End-of-life patients cared for within the last week
0 0 (–) 0 (–) 0 (–)
1 -0.270 (0.085) 0.0015 -0.228 (0.072) 0.0015 -0.261 (0.079) 0.0009
[1 -0.574 (0.081) 0.0000 -0.521 (0.073) 0.0000 -0.551 (0.074) 0.0000
At least one treatment-limitation decision shared within

the last week
-0.357 (0.074) 0.0000 -0.353 (0.067) 0.0000 -0.380 (0.067) 0.0000

Receiving antidepressant therapy 0.760 (0.109) 0.0000 0.818 (0.098) 0.0000 0.815 (0.098) 0.0000
At least one conflict in the ICU -0.504 (0.072) 0.0000 -0.541 (0.063) 0.0000 -0.537 (0.062) 0.0000

High job strain scores means a lower stress; negative estimates
suggest greater stress. For multiple imputations, sequential regres-
sion multiple imputation (SRMI) was used; the imputation models
varied with the type of variable to be imputed; 200 imputation data
sets were created and variable-specific bounds were defined for

imputation values (see electronic supplementary material 2 for
details on parameterisation and SAS code sample). The variation of
both imputation methods estimates and standard errors are shown in
electronic supplementary material 5
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be adapted for other specific study designs in clinical
research, for which other suitable methods must be pre-
ferred. Finally, despite all efforts that can be provided to
ensure appropriate missing data completion, their accu-
racy will never reach that of the true data, highlighting the

fact that one should prioritize efforts on data collection
rather than on post data completion.

We could not find other estimations of the frequency
of missing data in clinical studies in the literature. Our
partial literature review was sufficient to unmask the

Fig. 2 Suggested algorithm for analysing data sets with missing values

1402



existence of this issue in many cases. Although awareness
among clinicians of the impact of missing data has
improved in recent years, little practical information is
available about how to report and handle missing data or
about the impact of inadequate reporting and handling on
the validity of the data. In recent years, guidelines were
developed to help improve the reporting of missing data
in health research (see Equator Network website for
reporting guidelines), and to address the missing value
issue in RCTs [10, 11]. There is no unanimous agreement
on missing data handling strategy. Thus, we proposed an
algorithm based on our experience for analysing data sets
with missing values (Fig. 2).

From our analysis we saw that discarding observations
with missing values raises two major problems: the
induction of bias (leading to erroneous results) and loss of
statistical power (leading to loss of precision). As shown
by our analysis of the Conflicus study, job strain was
greater in respondents who supplied incomplete data and
increased with the number of unanswered items. Thus,
confining the analysis to complete cases would not only
diminish statistical power by eliminating 24 % of the
population, but also bias the results by producing spuri-
ously low job strain levels. More specifically, on the basis
of a strict interpretation of the 5 % significance threshold,
ICU workers having at least two children would have
significantly increased their job strain score of 0.21
points, whereas multiple imputation analysis revealed a
non-significant increase of 0.11 points (50 % less).
Another important issue when considering biases intro-
duced by missing data in a clinical study such as
Conflicus is the possible existence of specific interactions
between questionnaires with missing data (i.e. respon-
dents giving no replies for a given variable) and the
outcome variable (i.e. the job strain level). Several levels
of interaction may occur. First, it is likely that the char-
acteristics of respondents providing no information on
their personal life (having children, being happy or living
alone) may differ between respondents with high versus
low job strain, leading to bias for the identification of job
strain risk factors based on NMAR data. Second, reasons
for not replying to a question may be directly related to
the outcome variable. Job strain may prevent clinicians

from building a relationship with a partner and from
having children; in this case, not having children is a
consequence and not a cause of high job strain.

Many methods exist to cope with missing data; how-
ever, the simplest may result in unrealistic interpretations
and the most sophisticated may appear daunting to use.

Complete-case analysis (or listwise deletion) is the
most widely used method and consists in deleting obser-
vations that have missing values. Complete-case analysis
is the default setting of standard statistical software. It
produces unbiased estimates only with MCAR data, as the
analysed subpopulation remains representative in this
situation. Nevertheless, even with MCAR data, the loss of
power induced by the deletion of observations may be
problematic if the original data set is not large enough.
The use of simple imputation methods (median or most
frequent value, hot deck imputation) artificially reduces
data variability and thus artificially increases confidence
in the results obtained. These methods should be avoided.

We encourage clinicians to use multiple imputation
using SRMI (or chained equation) for several reasons :
first, the overall principles of multiple imputation and the
SRMI are understandable; second, this approach uses
well-known models (linear, Poisson, logistic regressions
models); third, the fitting of the imputation models is
based on common guidelines of regression modelling, as
is the post-diagnostics of the fitted model; fourth, this
approach allows one to specify bounds or to perform
conditional imputation (number of cigarettes smoked
imputed only for ‘ever smokers’). Additional information
and an introduction to different alternative methods are
available in electronic supplementary material 1.

In conclusion, the existence of missing data is a
common problem in medical studies. Ignoring or not
handling this problem is the most often encountered
behaviour in the clinical literature but amounts to con-
cealing part of the results. This mainly biases study results
and reduces statistical power that might result in errone-
ous study conclusions. We strongly encourage clinicians
to report missing data and to use appropriate statistical
techniques for handling missing data. To this purpose we
provided a decision algorithm to handle missing data in a
clinical study analysis.
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