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ABSTRACT The aim of this study is to compare various methods used in solving missing data problems in terms
of the validity and reliability of scale results under some conditions such as missing completely at the random
mechanism, normal distribution, unidimensionality, a large sample size and different missing data rates. In the
study the PISA 2012 Math Work Ethics Scale results of Turkey sample were used. In the research process estimated
values of validity and reliability from original complete and new complete data sets of various methods were
compared. The findings reveal that the estimated values of validity and reliability from the new complete data sets
of the expectation maximization, regression imputation and multiple imputation methods are the most similar
values estimated from the complete data set.

INTRODUCTION

Missing data is a significant problem encoun-
tered by researchers in a lot of research. It is
most often present in the fields of social (Van-
steelandt et al. 2010) and behavioral sciences
(Ginkel et al. 2010). Mechanical errors such as
skipping questions in long questionnaires or not
recording all the data in experimental studies,
research on sensitive topics such as sexual be-
havior (Field 2009) and unanswered questions
due to lack of attention (Finch and Margraf 2008)
are some of primary causes of missing data prob-
lems. Missing data in any research means a lack
of knowledge and loss of information.  As sta-
tistical analysis package programs are prepared
for complete data sets, encountering missing
data affects study results in various ways (Bal
2003).

Missing data affect both descriptive and in-
ferential statistics estimated from that data. Thus,
there may be bias and estimation errors depend-
ing on the pattern and amount of missing data
(Demir and Parlak 2012; Demir 2013). In particu-
lar, when the amount of missing data is high, the
generalizability of the research findings and the
statistical inferences are affected negatively as
well as the validity and reliability of the results
(McKnight et al. 2007). Therefore, researchers
are expected to prevent missing data problems
at the beginning or to correct them when they
encounter them (McKnight et al. 2007).

In order to decide whether the presence of
missing data is a significant problem for research,

and if it is, how to overcome it, one needs to
understand what causes missing data and
through what kind of pattern it emerges. Miss-
ing completely at random (MCAR), missing at
random (MAR) and nonignorable (NI) are the
missing data mechanisms patterns. Determining
the mechanism is very important in determining
the method that should be used to solve it (Allison
2003).

There are different methods that can be used
to deal with missing data problems. While some
methods require the analysis to continue with
missing data, some methods require the missing
data to be deleted, and others require data to be
input to replace the missing data (Little 1988;
Downey and King 1998; Bal 2003; Carpita and
Manisera 2011). The most preferred methods for
the missing data problem are listwise deletion
and pairwise deletion, which involve leaving the
variable with the missing data out of analysis.
However, it has been shown that these methods
cause problems such as bias, sample loss, etc.
(Oguzlar 2001; Allison 2009; Satici and Kadilar
2009; Van Der Ark and Vermunt 2010; Cumming
2013), and as a result they decrease the level of
representation of the population by the sample
(Little 1988; Demir and Parlak 2012). In order to
reduce bias, to make effective parameter predic-
tions and to ensure greater statistical power, in
recent years researchers have increasingly sug-
gested the use of other methods such as expec-
tation maximization, regression imputation, mul-
tiple imputation etc. instead of deletion methods
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(Enders 2013). However, it should not be forgot-
ten that each of these methods used for dealing
with missing data has a different effect on the
conclusions to the research (Cheema 2012). As
missing data impacts on the conclusions in dif-
ferent ways depending on the conditions (Ginkel
et al. 2007), it is important to choose the appro-
priate method by considering those conditions
such as the mechanism of the missing data, the
sample size, the structure of the data distribu-
tion, the structure of the data gathering tool, the
missing data rate etc. (Cheema 2012; Kose and
Oztemur 2014; Akbas and Tavsancil 2015; Nart-
gun 2015).

The Purpose of Research

Using the knowledge that missing data af-
fects the results of research in different ways, as
mentioned above, this study aims to compare
the different missing data methods used in solv-
ing the missing data problem in terms of the va-
lidity and reliability of the scale results by exam-
ining their effectiveness under certain conditions
such as missing completely at the random mech-
anism (MCAR), normal distribution, unidimen-
sionality, large sample size and different missing
data rates. Finding out the effectiveness of these
different missing data methods in the above-
mentioned conditions is considered the most
important aspect of this study.

Approximate value imputation methods - se-
ries mean, mean of nearby points, median of near-
by points, linear interpolation, linear trend at
points - listwise deletion, expectation maximiza-
tion, regression imputation and multiple imputa-
tion are the methods compared in this study.

METHODOLOGY

Research Model

This study is based on fundamental research
in which the effectiveness of various missing
data methods used in the solution of missing
data problems are compared under different con-
ditions. Fundamental research are theoretical or
experimental studies which are carried out to add
to the existing knowledge (Karasar 2007).

Sample, Data Collection Tools and Data

In this study, the PISA 2012 “Math Work Eth-
ics” scale (nine items and the four-option Likert-

type scale) and the PISA 2012 Turkey sample
were used. In the research process, a complete
data set of 1,000 students was taken from the
PISA 2012 Turkey sample randomly, and 5 per-
cent, 10 percent and 20 percent of the data were
deleted from the complete data set to generate
missing data sets under the MCAR data mecha-
nism. After completing these missing data and
creating new complete data sets using approxi-
mate value imputation methods - series mean,
mean of nearby points, median of nearby points,
linear interpolation, linear trend at points - list-
wise deletion, expectation maximization, regres-
sion imputation and multiple imputation, analy-
sis of validity and reliability were carried out.

In this study, the values estimated for the
complete data set for each missing data rate, with-
in the context of the validity and reliability of the
scale, were compared with the values estimated
for the new complete data sets. The estimated
values for the complete data set were used as
reference values for comparison with the values
estimated from the new complete data sets.

Data Analysis Process

In the first phase of data analysis, the nor-
mality of the distribution of the data and the sin-
gle factor construct of scale were tested. The
skewness and kurtosis coefficients for the com-
plete data set were found to be 0.458 and 0.321,
respectively. That these coefficients lie between
the values of -1 and +1 has been taken as an
indicator of the normality of the distribution of
the data (Huck 2012). To test the factor construct
of scale, principal component analysis was used.
This analysis showed that all the items on the
scale had high factor loadings in the first factor,
and the eigenvalue for this single factor were
5.24. The variance explained by this single factor
was determined as 58.20 percent of the total vari-
ance. An eigenvalue of 1 or more and a minimum
explained variance of 30 percent are sufficient
values for a scale to be accepted as a single fac-
tor construct (Buyukozturk 2012).

In the second phase of the data analysis pro-
cess, 5 percent, 10 percent and 20 percent of the
data from the complete data set of 1,000 students
were deleted to create missing data sets. Al-
though randomness was taken into account in
the deletion of the data, a Little’s MCAR test
was applied to the data to ensure randomness.
To this end, the Little’s MCAR test, which is
calculated by the EM algorithm of the SPSS 20.0
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program, was used. The Little’s MCAR test yield-
ed a p value of 0.80 for the 5 percent, 0.23 for the
10 percent and 0.80 for the 20 percent missing
data rates. Since these p values are greater than
0.05, the data are accepted as being suitable for
the MCAR mechanism (IBM 2012).

Once the single factor construct, normality
of data and the results of little’s MCAR test had
been examined, the missing data sets of 5 per-
cent, 10 percent and 20 percent were converted
into the new complete data sets using different
missing data methods. These methods are ap-
proximate value imputation methods - series
mean, mean of nearby points, median of nearby
points, linear interpolation, linear trend at points
- listwise deletion, expectation maximization, re-
gression imputation and multiple imputation.
Analyses and comparisons regarding the valid-
ity of the complete data set and the new com-
plete data sets were carried out with the values
estimated from exploratory factor analysis. Fur-
thermore, analyses and comparisons regarding
reliability were carried out using Cronbach alpha
reliability coefficients and Fisher’s z statistics.
The values related to validity and reliability ob-
tained through the analysis of the complete data
set of 1,000 students were used as reference val-
ues for comparison.

RESULTS

Findings Related to Validity

The results of the validity analyses for the
complete data set and the new completed data
sets, for each missing data rates, are given sepa-
rately, below in Tables 1, 2 and 3.

The item factor loadings estimated for the
complete data set of 1,000 students vary between
0.72 and 0.80. The eigenvalue for this data set is
5.24, while the explained variance value is 58.20.
These values have been taken as references for
the comparison of the values obtained from the
new completed data sets, which are created by
using different missing data methods.

When the values given in Table 1 are exam-
ined, it can be seen that the estimated factor load-
ings of all the items from all the new complete
data sets are the same as those estimated from
the complete data set except for item four for the
new data sets of series mean and the linear trend
at point methods, and items one and three for
the new data set of listwise deletion.

It can be seen that in Table 1 the eigenvalues
vary between 5.22 and 5.27. The eigenvalues
estimated for the new complete data sets of the
regression imputation and multiple imputation
methods are the same as the eigenvalue estimat-

Table 1: Results of validity analysis for the complete data set (sample size of 1,000) and the new
completed data sets created by using different missing data methods for the condition of the 5%
missing value rate

1 .75 .75 .75 .75 .75 .75 .76 .75 .75 .75
2 .80 .80 .80 .80 .80 .80 .80 .80 .80 .80
3 .77 .77 .77 .77 .77 .77 .78 .77 .77 .77
4 .76 .75 .76 .76 .76 .75 .76 .76 .76 .76
5 .77 .77 .77 .77 .77 .77 .77 .77 .77 .77
6 .80 .80 .80 .80 .80 .80 .80 .80 .80 .80
7 .77 .77 .77 .77 .77 .77 .77 .77 .77 .77
8 .72 .72 .72 .72 .72 .72 .72 .72 .72 .72
9 .72 .72 .72 .72 .72 .72 .72 .72 .72 .72
E 5.24 5.22 5.22 5.23 5.22 5.22 5.27 5.25 5.24 5.24
EV 58.20 58.00 58.02 58.02 58.01 58.00 58.52 58.31 58.18 58.21

E= Eigenvalue; EV = Explained Variance
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ed for the complete data set (5.24). The lowest
and most distant eigenvalues from that of the
complete data set were estimated for the new
complete data sets of series mean (5.22), the mean
of nearby points (5.22), the linear interpolation
(5.22), and the linear trend at point methods (5.22),
while the highest eigenvalue was obtained for
the new complete data set of the listwise dele-
tion method (5.27).

Table 1 shows that the new complete data
set of the multiple imputation method (58.21) has
the closest explained variance value to that esti-
mated for the complete data set (58.20). The great-
est explained variance value was estimated for
the new complete data set of the listwise dele-
tion method (58.52), while the lowest value was
estimated for the new complete data sets of se-
ries mean and the linear trend at point methods
(58.00).

When the item factor loadings given in Table
2 are examined, it can be seen that the new com-
plete data set of the expectation maximization
method and the complete data set have the same
factor loadings except for items 1, 2, 3 and 9.
Three items’ factor loadings are different from
the complete data set for the new complete data
sets using the following methods: median of near-
by points (items 1, 4 and 7), regression imputa-
tion (items 2, 3 and 9) and multiple imputation
(items 3, 4 and 9). The most similar results to the

complete data set were estimated for the new
complete data sets of the series mean and the
linear trend at point methods. For these two meth-
ods only the fourth items are different from those
of the complete data set.

An examination of the eigenvalues given in
Table 2 shows that the values vary between 5.17
and 5.28. The estimated eigenvalues for the new
complete data set of the linear trend at point (5.22)
and multiple imputation (5.26) methods are the
closest to those estimated for the complete data
set. The lowest and most distant eigenvalue from
that of the complete data set was estimated for
the new complete data set of the linear interpola-
tion method (5.17), while the highest eigenval-
ues were estimated for the new complete data
sets of listwise deletion (5.28) and expectation
maximization (5.28) methods.

Table 2 shows that the new complete data
set of the multiple imputation method (58.42) has
the closest explained variance value to that esti-
mated for the complete data set. The greatest
explained variance value was estimated for the
new complete data set of the listwise deletion
method (58.65), while the lowest value was esti-
mated for the new complete data set of the linear
interpolation method (57.48).

When the item factor loadings given in Table
3 are examined, it can be seen that the estimated
values for the new complete data sets of the ex-

Table 2: Results of validity analysis for the complete data set (sample size of 1,000) and the new
completed data sets created by using different missing data methods for the condition of the 10%
missing value rate

1 .75 .75 .75 .74 .75 .75 .75 .76 .75 .75
2 .80 .80 .80 .80 .80 .80 .80 .81 .81 .80
3 .77 .77 .77 .77 .77 .77 .78 .78 .78 .78
4 .76 .75 .75 .75 .75 .75 .76 .76 .76 .75
5 .77 .77 .77 .77 .76 .77 .77 .77 .77 .77
6 .80 .80 .80 .80 .80 .80 .81 .80 .80 .80
7 .77 .77 .76 .76 .77 .77 .77 .77 .77 .77
8 .72 .72 .72 .72 .72 .72 .72 .72 .72 .72
9 .72 .72 .72 .72 .72 .72 .72 .73 .73 .73
E 5.24 5.21 5.19 5.19 5.17 5.22 5.28 5.28 5.27 5.26
EV 58.20 57.93 57.67 57.68 57.48 57.94 58.65 58.64 58.52 58.42

E= Eigenvalue; EV = Explained Variance
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pectation maximization, regression imputation
and multiple imputation methods are closest to
that of the complete data set. Three items’ factor
loadings are different from the complete data set
for the new complete data sets of the expecta-
tion maximization (items 2, 3 and 9), regression
imputation (items 2, 4 and 7) and multiple impu-
tation (items 2, 3 and 7) methods. Four items’
factor loadings are different from the complete
data set for the new complete data sets of the
median of nearby points (items 4, 5, 6 and 7) and
the mean of nearby points (items 4, 5, 6 and 7),
and five items’ factor loadings are different from
the complete data set for the new complete data
sets of the series mean (items 1, 4, 5, 6 and 7), the
linear interpolation (items 3, 4, 5, 6 and 7) and the
linear trend at points (items 1, 4, 5, 6 and 7) meth-
ods. Finally, only two items (items 7 and 8) of the
new complete data set of listwise deletion are
similar to that estimated for the complete data
set.

It can be seen that in Table 3 the eigenvalues
vary between 5.12 and 5.34. The eigenvalue esti-
mated for the new complete data sets of the mul-
tiple imputation (5.24) method is the same as the
eigenvalue estimated for the complete data set
(5.24). The lowest and the most distant eigenval-
ues from that of the complete data set were esti-
mated for the new complete data sets of the me-
dian of nearby points (5.12) and linear interpola-

tion (5.12), while the highest eigenvalue was
obtained for the new complete data set of the
listwise deletion method (5.34).

Table 3 shows that the new complete data
set of the multiple imputation method (58.20) has
the closest explained variance value to that esti-
mated for the complete data set. The greatest
explained variance value was estimated for the
new complete data set of the listwise deletion
method (59.32), while the lowest value was esti-
mated for the new complete data set of the linear
interpolation (56.86) method.

In terms of single factor construct, taken as a
whole, all missing data methods give the similar
results at all missing data rates. These findings
can be interpreted as all missing data methods
operate in the same way at this context.

For all the missing data rates, although simi-
lar item factor loadings were observed in terms
of the small and large size of the factor loadings,
there is a fall in the resemblance of the item fac-
tor loadings estimated for the new complete data
sets was observed as the rate of the missing data
increased. These results can be interpreted that
researchers should be much more careful in their
research process when they encounter the big
missing data rates.

In terms of explained variance and eigenval-
ues, the estimated values for the new complete
data sets are varies to that of complete data set

Table 3: Results of validity analysis for the complete data set (sample size of 1,000) and the new
completed data sets created by using different missing data methods for the condition of the 10%
missing value rate

1 .75 .74 .75 .75 .75 .74 .76 .75 .75 .75
2 .80 .80 .80 .80 .80 .80 .81 .81 .81 .81
3 .77 .77 .77 .77 .76 .77 .78 .78 .77 .78
4 .76 .75 .75 .75 .75 .75 .77 .76 .75 .76
5 .77 .76 .76 .75 .75 .76 .78 .77 .77 .77
6 .80 .79 .79 .79 .79 .79 .81 .80 .80 .80
7 .77 .76 .76 .76 .76 .76 .77 .77 .76 .76
8 .72 .72 .72 .72 .72 .72 .72 .72 .72 .72
9 .72 .72 .72 .72 .72 .72 .74 .73 .72 .72
E 5.24 5.16 5.13 5.12 5.12 5.16 5.34 5.28 5.23 5.24
EV 58.20 57.32 57.04 56.92 56.86 57.33 59.32 58.71 58.12 58.20

E= Eigenvalue; EV = Explained Variance
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at different missing data rates. These results can
be interpreted as the use of some methods are
more accurate than the others.

Findings Related to Reliability

The results of the reliability analysis (Cron-
bach alpha reliability coefficients and Fisher’s z
test) of the complete data set and the new com-
pleted data sets are given in Table 4 for each of
the 5 percent, 10 percent and 20 percent missing
data rates.

The Cronbach alpha coefficient estimated for
the complete data set of 1,000 students is 0.910.
This value has been taken as reference for the
comparisons of values obtained from the new
completed data sets, which are created by using
different missing data methods.

As shown in Table 4, for the 5 percent miss-
ing data rate the estimated Cronbach alpha reli-
ability coefficients of the new complete data sets
vary between 0.909 and 0.911. The lowest Cron-
bach alpha coefficients (α= 0.909) were estimat-
ed for the new complete data sets of the approx-
imate value imputation methods and regression
imputation method, while the new complete data
sets of the expectation maximization and multi-
ple imputation methods have the same coeffi-
cients (α=0.910) as that of the complete data set.
On the other hand, the highest coefficient (α=
0.911) was estimated for the new complete data
set of the listwise deletion method.

For the 10 percent missing data rate, the esti-
mated Cronbach alpha reliability coefficients of
the new complete data sets vary between 0.907
and 0.911. While the new complete data sets of
the regression imputation and multiple imputa-

tion methods have the same coefficient (α= 0.910)
as that of the complete data set, the highest co-
efficient (α=0.911) was estimated for the new
complete data sets of the listwise deletion and
expectation maximization methods. Although the
new complete data sets of the listwise deletion
and expectation maximization methods yielded
higher coefficients compared to the complete data
set, these coefficients are still quite close to that
of the complete data set. The lowest coefficient
compared to that of the complete data set was
estimated for the new complete data sets of the
mean of nearby points, the median of nearby
points and the linear interpolation (α= 0.907)
methods.

For the 20 percent missing data rate, the esti-
mated Cronbach alpha reliability coefficients of
the new complete data sets vary between 0.904
and 0.913. While the lowest coefficient (α= 0.904)
was estimated for the new complete data sets of
the median of nearby points and linear interpola-
tion methods, the highest coefficient value (α=
0.913) was estimated for the new complete data
sets of the listwise deletion method. While the
coefficient (α= 0.910) estimated for the new com-
plete data set of the multiple imputation method
is the same as the coefficient estimated for the
complete data set, the new complete data sets of
the expectation maximization (α= 0.911) and re-
gression imputation (α= 0.909) methods have the
closest values to the coefficient of the complete
data set. Finally, it can be seen that the coeffi-
cients estimated for the new complete data sets
of the approximate value imputation method are
the lowest compared to that estimated for the
complete data set.

The results of the Fisher’s z test that was
carried out to determine whether there is a sig-

Table 4: Results of reliability analysis for the complete data set (sample size of 1,000) and the new
completed data sets created by using different missing data methods for the condition of the 5%, 10%
and 20% missing value rates

Missing data method 0% missing      5%     10%         20%
(Complete Data)
Cronbach á Cronbach á Cronbach á    Cronbach á

(Fisher z)  (Fisher z)       (Fisher z)

Series mean .910 .909 (.000) .908 (.000) .906  (.650)
Mean of nearby points .909 (.000) .907 (.650) .905  (.650)
Median of nearby points .909 (.000) .907 (.650) .904  (.650)
Linear interpolation .909 (.000) .907 (.650) .904  (.650)
Linear trend at point .909 (.000) .908 (.000) .906  (.650)
Listwise deletion .911 (.000) .911 (.000) .913 (-.650)
Expectation maximization .910 (.000) .911 (.000) .911  (.000)
Regression imputation .909 (.000) .910 (.000) .909  (.000)
Multiple imputation .910 (.000) .910 (.000) .910  (.000)
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nificant difference between the Cronbach alpha
reliability coefficient of the complete data set and
the Cronbach alpha reliability coefficients of the
new complete data sets created by using differ-
ent missing data solving methods shows that
the z values calculated for all the new complete
data sets, under the conditions of the 5 percent,
10 percent and 20 percent missing data rates, lie
within the limits of -1,96 and + 1,96 (Akhun 1994;
Kenny 1987), which means that there is no sig-
nificant difference between the Cronbach alpha
reliability coefficients estimated for the complete
data set and for the new complete data sets.

In terms of Cronbach alpha reliability coeffi-
cient, taken as a whole, all missing data methods
give the similar results at all missing data rates.
These findings can be interpreted as all missing
data methods operate in the same way at this
context.

DISCUSSION

The comparisons between the complete data
set and the new complete data sets for validity
show that for the different missing data rates, no
matter which missing data method was used, the
single factor construct of the complete data set
was retained. This finding is consistent with
some studies in the relevant literature (Cokluk
and Kayri 2011; Chen et al. 2012).

When the item factor loadings are taken in
the context of the exploratory factor analysis, a
fall in the resemblance of the item factor load-
ings estimated for the new complete data sets
was observed as the rate of the missing data
increased. However, it was seen that for all the
missing data rates, similar item factor loadings
were observed in terms of the small and large
size of the factor loadings. However, under the
condition of the high missing data rate in partic-
ular, the similarity of the item factor loadings es-
timated for the complete data set and the new
complete data sets of the approximate value im-
putation and listwise deletion methods de-
creased. On the other hand, the estimated item
factor loadings of the new complete data sets of
the expectation maximization, regression impu-
tation and multiple imputation methods are the
closest to those estimated for the complete data
set under all conditions, especially when the
missing data rate is high.

In terms of explained variance and eigenval-
ues, the estimated values for the new complete
data sets of the approximate value imputation
methods are low compared to the estimated val-

ues for the complete data set. This finding is
consistent with the findings of Cokluk and Kayri
(2011) and Akbas and Tavsancil (2015). The low-
est values are obtained from the new complete
data set of the linear interpolation method of the
approximate value imputation methods. On the
other hand, the highest values are obtained from
the new complete data set of listwise deletion for
all the missing data rates. The estimated ex-
plained variance and eigenvalues for the new
complete data set of the multiple imputation meth-
od are the closest values to that of the complete
data set. As well as the multiple imputation meth-
od, similar values were also estimated for the new
complete data sets of the expectation maximiza-
tion and regression imputation methods. These
findings are similar to the findings of some stud-
ies in the literature (Graham et al.  1994; Bernaards
and Sijtsma 2000; Musil et al. 2002; Streiner 2002;
Bal 2003; Enders 2004; Peng et al. 2006; Cheema
2012).

When analyzed as a whole, under the condi-
tions of all the missing data rates, it is seen that
the estimated values of the Cronbach alpha reli-
ability coefficients for all the new complete data
sets are very close to or the same as that estimat-
ed for the complete data set. However, it can be
seen that under the conditions of high missing
data rates, the coefficients estimated for the new
complete data sets of the approximate value im-
putation methods were slightly low compared to
that estimated for the complete data set. These
results are consistent with the results of some
studies in the field literature (Cokluk and Kayri
2011; Demir 2013; Nartgün 2015). Under the con-
ditions of low missing data rates, the estimated
coefficients of the new complete data set of list-
wise deletion are very similar to that of the com-
plete data set, but when the missing data rates
increased, the estimated coefficients were high-
er than that estimated for the complete data set.
This finding is also consistent with the finding
of Demir (2013). The estimated coefficients of
the new complete data sets of the expectation
maximization, regression imputation and multi-
ple imputation methods are the closest coeffi-
cients to that estimated for the complete data
set. Among them the estimated coefficients of
the new complete data set of the multiple impu-
tation method is especially noteworthy. The
multiple imputation method performing better
than the other methods is supported by some
studies in the field (Granberg-Rademacker 2007;
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Leite and Beretvas 2010; Young et al. 2011). While
some descriptive differences were observed in
the reliability coefficients for the different miss-
ing data methods under different missing data
rates, according to Fisher’s z test there is no sta-
tistically significant difference between the co-
efficients estimated for the complete data set and
the new complete data sets.

According to the literature, it can be seen
that the relative superiority of the different miss-
ing data methods changes depending on factors
such as the missing data rate, the sample size,
the missing data mechanism etc. In the present
study some missing data methods designed to
solve the missing data problems are compared
under the conditions of the missing completely
at random mechanism (MCAR), normal distribu-
tion, unidimensionality, large sample size and
different missing data rates. As a result of this
study, the values estimated for the new complete
data sets of the different missing data methods
in terms of validity and reliability are similar to or
the same as some cases with that estimated for
the complete data set. The findings of this study
may be explained by using the fact that the miss-
ing data structure was the MCAR (Bernaards
and Sijtsma 2000; Buyukozturk 2012; Buhi et al.
2008; Graham 2009).

CONCLUSION

The single factor construct of complete data
set and the new complete data sets, no matter
which missing data method was used, remained
same for all missing data rates.

When the item factor loadings are taken in
the context of the exploratory factor analysis, a
fall in the resemblance of the item factor load-
ings estimated for the new complete data sets of
different methods was observed as the rate of
the missing data increased.

In terms of explained variance and eigenval-
ues, the estimated values for the new complete
data sets of different methods are varies to that
of complete data set at different missing data
rates.

When analysed as a whole, under the condi-
tions of all the missing data rates, it is seen that
the estimated values of the Cronbach alpha reli-
ability coefficients for all the new complete data
sets of different methods are very close to or the
same as that estimated for the complete data set.

RECOMMENDATIONS

The following suggestions may be consid-
ered based on the aims and findings of the present
study:
1. Under the conditions considered in this

study the multiple imputation, expectation
maximization or regression imputation meth-
ods may be preferable to create new com-
plete data sets when the missing data rates
are high.

2. Under the conditions considered in this
study, when the missing data rates are low,
all the methods except for listwise deletion
can be used to create new complete data
sets.

NOTE

*This article was presented at the 1st International
Conference on Lifelong Education and Leadership,
in Olomouc, Czech on October 29-31, 2015.
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