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1. INTRODUCTION

Evidence-based research in health care has been devel-
oped well in recent years. One of the biggest challenges of
the researchers is the management of missing data. Missing
data is defined as a data value that is not available, and
that if it was observed, it would make a difference to the
analysis.” Missing data may affect the value of the research
findings and scientific information provided.? It can reduce
the statistical power and introduce bias in the estimation
of various parameters. The participants who withdrew or
were lost from a study may have different characteristics,
and can thus diversify the sample, compared with the
completely adherent participants. In such case, the study
sample may no longer be representative.’ For example, the
range of some of the participant’s characteristics may be
changed, such as age, gender, socioeconomic variables or
other measurements. There are several causes of missing
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data; a few may be due to the study design, and others
simply due to missing value,? especially in the case of the
questionnaire, which is commonly used in studies in the
medical and nursing sciences. For instance, older people
may avoid answering specific questions related to sexual
activities or leisure activities.’ In addition, according to
Alm-Roijer and colleagues, some people may have diffi-
culty in understanding the questions, and for that reason
do not provide an answer.® In addition, the time available
may not be enough for the respondent to complete the
questionnaire. Each study has a particular design, so there
is no universal method for managing missing data. The
management of missing data, however, needs to be ap-
proached by considering three aspects before choosing
the most appropriate way of analysis, namely (a) the pro-
portion of missing data, (b) the mechanism of the missing
data, and (c) the pattern of the missing data.”
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2. MISSING DATA

2.1. The proportion of missing data:
How much data is missing?

The quality of the results is directly related to the per-
centage of missing data. The validity of studies may be
threatened when the proportion of missing data is large. A
general rule has been reported which says that a percent-
age of missing data beyond 20% causes serious problems
in the validity of the study. In contrast, missing data of less
than 5% are reported to cause only minor problems, but
there is no common acceptable percentage of missing
data.”® Additionally, this rule may be misleading, because
if a study involves 1,000 patients and 200 are missing, then
the loss accounts for 20%. Finally, the researchers need to
take into consideration that a high drop-out rate has an
increased risk of type Il error (“false negative” findings),
without this meaning that a small proportion of missing
data cannot cause a bias.” In such cases, no management
method can be set up to reduce type Il error.?

2.2. The mechanism of the missing data

The mechanism of the missing data was first introduced
by Rubin in 1976.There are three types of mechanisms of
missing data: (a) Missing completely at random (MCAR), (b)
missing at random (MAR), and (c) missing not at random
(MNAR).”? The data are MCAR when the missing observa-
tion is not related to the intervention of the study and is
irrelevant of any other data, such as age and gender. For
example, if the intervention is linked to the assessment of
the quality of life (QoL), the missing data are irrelevant to
the QoL.? Missing data in studies that involve measurement
may be due to damage to the equipment.®’’ As another
example, work commitments or new illness may be a reason
for participant withdrawal.”? MAR data are related to the
observed variables but not the unobserved variables. For
example, a question on sexual activity is less likely to be
answered by older people, than younger people, who are
usually more sexually active.> MNAR data are deliberately
absent and depend on the observed and non-observed
variables.”” For example, if a trial applies an intervention
to improve the Qol, data may be missing when the par-
ticipant refuses to answer because of side effects from the
intervention. The missing data are therefore not related to
the intervention.

2.3. The patterns of the missing data

The patterns of missing data may be more understand-
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able when they are shown in a graphic form. The most
common classification of patterns is into monotone and
non-monotone patterns. In a monotone pattern, the miss-
ing data are distributed in such a way that if a participant
is missing a response at one point, then responses will be
absent at the subsequent points. The monotone pattern
iscommon in longitudinal studies where participants may
have died or left the study. In contrast, non-monotone
patterns are more common in clinical studies,”’* showing,
for example, participants who have left the study and par-
ticipants who just did not answer a specific question.”* This
may give two different patterns, each needing a different
approach to management of the missing data.

3. METHODS OF HANDLING MISSING DATA

Methods for handling missing data can be divided into
four categories. The first category concerns the deletion
methods. Complete case analysis is a widespread method
for the handling of missing data. This method deletes all
observations which include missing data, limiting the analy-
sis to only the observations in which a complete data set is
present. This method can be used in cases where the missing
data are MCAR. Unfortunately, this cannot be considered
as the “intention to treat” method. A major disadvantage
is the reduction in sample size that decreases the power of
the study. In addition, even a small percentage of missing
data may cause biased estimates.®'3

The second category includes the weighting methods,
which may be used along with deletion methods. The
missing data and the data observed are weighted differ-
ently. Using this method, the bias may be reduced, but the
variance is increased, and for this reason, the precision of
estimates may be reduced.”

The third strategy for handling missing data is by use
of single imputation and value replacement methods.
The various forms of the single imputation method are
mean and median imputation, regression imputation,
hot and deck imputation, worst case analysis, and the
most popular, the last observation carried forward (LOCF)
method.”? This method forwards the last observed value
tofill in the space of the missing data, considering that the
result does not change, even if the participant has left the
study. This method is not recommended, because it may
lead to falsely statistically significant results.”® Gjeilo and
colleagues, using the SF-36 questionnaire, replaced the
missing data with the mean scores, as recommended in
the SF-36 scoring algorithm.™

The fourth category includes more advanced methods,
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such as maximum likelihood estimation and the multiple
imputation. These methods are considered state of the art
for handling missing data.” They give unbiased estimates
of data for MAR and MCAR.’®

Multiple imputation uses predictive factors of the vari-
ables with missing data. It replaces any missing data with
the range of plausible predictable values. This method can
handle missing data under MAR which have monotone and
non-monotone patterns. It can also handle missing data
under MNAR after modification.”” Maximum likelihood
gives the estimate of the maximum probability using all
the available data (completed and missing). For example,
it gives the value of the parameter which, among all the
possible values of the parameter, is the most probable
based on the specific sample.’* This method has been used
by Olsen and colleagues to reduce the bias of missing data,
thus including all study patients for analysis.’”®

When the method of handling missing values has been
chosen, sensitivity analysis must be conducted to assess
how “strong” the main approach is. Sensitivity analysis
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evaluates the robustness of the results and assesses how
the effects of changes are affected. In other words, it uses
various different approaches to evaluate the strength of an
assessment, in order to identify the results that are most
dependent on questionable or unfounded assumptions.’®

4. CONCLUSIONS

In summary, in research studies, it is very important to
address the issue of missing data, which may lead to limited
statistical validity and erroneous conclusions. In clinical
trials, if the dropout rate is high, no statistical method may
be appropriate for replacing the missing values when fol-
lowing the intention to treat principle. Single imputation
methods are best avoided, and advanced methods, such as
maximum likelihood estimation and multiple imputation,
in combination with sensitivity analysis, are preferable. Au-
thors should report missing values and discuss the causes
and the handling methods they have used. Of course, the
best way to handle missing data is to prevent them during
the design and execution of the study.

NEPIAHYH

To mPoBANpA TWV EAAETTOUGWYV TIUWV OTIG TUXALOTTOINMEVEG KAIVIKEG SOKIMEG.
‘Evag tayug Kot EDKOAOG 0dNyog
A.TPQTOMATMAZL," E. AAMIMPINOY?
"Tunua Emotnuwv Yyeiag, ZxoAn Ostikwv Emotnuwy, Evpwrraiko MNavemotruio Kumpou, Asukwoia,

2Turipa NoonAeutiknig, XxoAn Emotnuwyv Yyeiag, TexvoAoyikd lMNavemotruio Kompou, Aeusodg, Kompog

Apxeia EAAnviknG latpikric 2021, 38(5):707-710

‘Eva amé ta mAéov ouvrOn poArjuaTa Tou avTIMETWTTI(OUV Ol EPEVUVNTEG OTIG TUXALOTTIOINUEVEG KAIVIKEG SOKIUEG Ei-

val ol ENAEITTOVOEG TIPHEG AOYW TTPOWPNG ATTOXWPENONG ACOEVWV 1} aoOevVWY TTou XAOnKav Tiptv and TNV OAOKANpwon

NG MEAETNG. Ta SeSopéva mou AeiTTouV eVOEXETAL VA PEIWOOLYV TN OTATIOTIKA 1OXU KAl VA TIPOKAAECOUV GOAAUA OTNV

EKTIUNON TWV ATTOTEAECUATWY, EVW UTTOPEL ETTIONG VA EMNPEACOUV TN GUVOAIKI] OTATIOTIKH EYKLPOTNTA TNG MEAETNG,

08NYWVTAC TOUG EPELVNTEG OE EOPANPEVEC EKTIUNOELG YEVIKOTEPA. MA TNV AVTIMETWTIION TWV S€S50UEVWV TTOU AEiTTOLV

Ba MPETTEL VA TIPOCEYYIOTOUV aTTO TPELG TITUXEG TTPLV ATTO TNV ETMIAOYN TNG KATAAANANG peBdSou emiduvong: (a) To moco-

oTO TwV Sedopévwy Ta omoia A&irmouy, (B) 0 HNXAVICHOG TwV SeSopévwy TTou AgiTTouv Kal (y) To poTifo twv dedopévwv

Ta omoia A&gimouv. Ooov agopd oTNV EMAUVCN TOU €V AOYW TTPOPBARUATOG, TTPOTIUWVTAL TIPONYUEVEG HEBOoOOL, OTTWG N

HéytoTn mMOavo@Avela Kal 0 TIOANATIAOG KATAAOYIOMOG, 0€ cLUVOUAOUO HE TNV avAAuon evaloOnaoiag. Aev uTTApPXEL KA-

mola KaBoAIKr péBodog yia Tn Staxeipton Twv Sedopévwy mou Agimouy, aAAd UTTAPXOUV TIOANEG SNUOPIAEIG uEBoSOL

Ol OTTOIEG €ival AVETTAPKEICG KAl ol EpeLvNTEG Ba TPETEL va TIG YVvwpilouv.

Né&erg evpeTnpiou: ENAeimovoeg Tipég, MAR, MCAR, MNAR, MoANATTAGG KATAAOYIOHOG
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