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Abstract

In this study, it was aimed to model the school characteristics in multivariate structure, and according to this
model, aimed to test the invariance of this model across five randomly selected countries and economies from
PISA 2012 sample. It is thought that significant differences across group in the context of school characteristics
have the potential to explain the effectiveness of schools and educational systems. This study was conducted
with correlational model as a basic research. Secondary level analyses were conducted on PISA 2012 School
Questionnaire data. To construct “school characteristics model”, whole data from 65 participant countries and
economies were considered. One country from each proficiency level and totally 5 countries were randomly
selected for the research sample. These countries and economies are Shanghai-China, Korea, Ireland, Turkey and
Uruguay. In this way sample was composed of totally 835 schools. Multi-group confirmatory factor analysis was
used to test the invariance of school characteristics across countries. According to the results, Shanghai and
Uruguay differed from each other and other countries. Across Korea, Ireland and Turkey, School characteristics
provide strong invariance. These three cultures were more similar. Main result of this study is that school
characteristics cannot be invariant across some cultural groups or sub-groups. In order to provide equal
opportunity to all stakeholders of the educational system, and also provide school effectiveness, such kinds of
differences are considered carefully.

Keywords: measurement invariance, multi-group confirmatory factor analysis, school characteristics, cultural
differences, PISA 2012

1. Introduction

As the state populations become more diverse and international communications grow faster, the issue of culture
and its effects becomes more important. Culture is one of the important key concepts in this context. As a
general definition, culture is defined as “the values, norms, and traditions that affect how individuals of a
particular group perceive, think, interact, behave, and make judgments about their world” (Chamberlain &
Medeiros-Landurand, 1991). Beside the classical definitions, culture can be evaluated as a key in order to
understanding the nature of the main differences across countries or some sub-groups, like gender subgroups,
socioeconomic subgroups, minorities, educational sub-groups, etc. Time living in a culture, experience of
interacting, increased endorsement of a main culture and decreased endorsement of one’s own culture could
explain the differences across cultures (Bjornsdottir & Rule, 2016).

Culture is an important variable which has become widely considered in education. Many studies indicate that
there are relationships between culture and individual learning style (Joy & Kolb, 2009), and between teachers
cultural background and students cultural background (Hofstede, 1986), between school characteristics and
immigration status (Rich, Ari, Amir, & Eliassy, 1996); between culture and student achievement (Hirchfeld &
Brown, 2009; Husen, 1967; Kao & Thompson, 2003; Oakes, 1990), between culture and using computers (Li &
Kirkup, 2007), culture and linguistic diverse of the students (Chamberlain, 2005). All these research provides
some solutions to get educational systems better and more effective. Generally, findings of these researches
indicate that there are significant differences across cultures and it is possible that these differences should be the
source of inequalities of opportunities in education against some groups. For example Oakes (1990) emphasized
that women and minorities, especially in inner cities, had lower educational opportunities and resources.
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It is obvious that there are many latent dimensions of culture and it is difficult to define. For this reason, it is
difficult to understand how and which cultural differences create problems in education (Gudykunst, 1997).
There are some technical approaches in order to test the differences across cultures or some other groups. Some
of these techniques are discussed under the concept of “measurement invariance”.

Measurement invariance is defined as equivalence of a psychological structure or model across groups. Initial
definitions of this concept indicate that measurement invariance is one of the important psychometric
characteristic of the measurement tools (Byrne, 2006; Hambleton, 1994; Joreskog & Sorbom, 1996). It is stated
that if groups are going to be compared each other in a specific characteristic, principally, this characteristic
which is modelled with a psychological structure should be invariant across groups (Byrne, 2008; Milfont &
Fischer, 2010; Wu, Li, & Zumbo, 2007). In this context, providing invariance indicates the generalizability of
the psychological structures and that psychological structures aren’t affected by differences of the groups. And
also, bias which result from group differences are not significant (Meredit, 1993).

Technical and conceptual framework, and also process of measurement invariance, was determined by Joreskog
(1971). This technique was based on “variance-covariance structures model”, and it is widely known as
“Multi-Group Confirmatory Factor Analysis (MG-CFA)” (Joreskog, 1971; Little, 1997). This is a multivariate
and includes hierarchical steps. According to the structure of the initial model, four or five steps can be followed
forward steps model from 1 to 5 or backward steps model from 5 to 1, respectively. Testing invariance begin
with an initial model. This model is multivariate and/or multilevel. And also, it is often about complex structures.
For further steps, it is recommended that the initial model should be strong and high level of model-data fit
(Meredith, 1993; Horn & McArdle, 1992).

Commonly, forward steps model form 1 to 5 is preferred to investigate the invariance. This way, if there is
significant violation at a level, analysis can be stopped and made a decision about invariance level. Otherwise,
steps of the analyses must be continued until defining the point of invariance level. For forward steps model, at
first step, also known as full free model, all model parameters and path coefficients are set free for all groups. If
there are significant model-data fit within each group, it means that “configural invariance” can be provided
across groups. At second step, factor loadings or path coefficients between observed variables and latent
variables are limited as constant. If there is no significant difference of model-data fit between first and second
step, it means that “metric invariance” can be provided across groups. Configural and metric invariances are also
known as “weak invariance”. At third step, also known as “strong invariance”, factor correlations, as well as
factor loadings, are limited as constant. If there is no significant change in model-data fit, it means that “scalar
invariance” can be provided. Finally, at fourth step, error variances of observed variables, as well as factor
loadings and factor correlations, are limited as constant. If there is no significant difference, it means that “strict
invariance” or “full invariance” can be provided across groups (Van de Schoot, Lugtig, & Hox, 2012; Widaman
& Reise, 1997).

Initial studies on measurement invariances are very technical and on the theoretical baseline (Byrne, Shavelson,
& Muthén, 1989; Cheung & Rensvold, 2002; Horn & McArdle, 1992; Joreskog, 1971; Little, 1997; McArdle &
Cattle, 1994; Meredith, 1993). Also, measurement invariance is used for providing validity evidence of a
measurement tool (Hambleton, 1994; Gerber, Carvacho, & Gonzales, 2016; Grouzet, Otis, & Pelletier, 2006),
testing measurement bias across sub-groups (Oakes, 1990), examining the gender differences or gender gap
(Hirschfeld & Brown, 2009; Li & Kirkup, 2007; Oakes, 1990). In addition to these studies, measurement
invariance is widely used for defining cultural differences in education and for understanding the nature of
educaiton (Glanville & Wildhagen, 2007; Joy & Kolb, 2009; Marsh, Hau, Artelt, Baumert, & Peschar, 2006;
Stein, Lee, & Jones, 2006; Wu, Li, & Zumbo, 2007). Although school characteristics and educational
environment impact on the effectiveness of the educational system (Heck & Marcoulides, 1996), relationship
between culture and school characteristics with measurement invariance is less studied issue. As one of the quite
rare example, Rich et al. (1996) investigated the school characteristics and impact of these characteristics on the
immigrant students who recently immigrated to Israel from the former Soviet Union. They found that school
characteristics delayed the integration across cultures. Appropriate schools were needed for schooling of
immigrant students. As another example, Heck (1996) researched the invariance of administrative leaderships on
school effectiveness across two schools from two different cultural settings. He observed that measurement
invariance of the leaderships was not provided across cultural settings. According to this finding, he argued that
there were some educational disadvantages for one of these two schools. These limited numbers of researches
indicate that differences of school characteristics across cultural groups have the potential in order to understand
and explain some important problems of educational systems.
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In this study, it was aimed to construct the “school characteristics model” and to test the invariance of this model
across five randomly selected countries and economies from PISA 2012 sample. It was investigated that whether
this model provided invariance or not. And also, it was tried to define the significant differences across these
cultural groups. It is thought that significant differences across group in the context of school characteristics have
the potential to explain the effectiveness of schools and educational systems.

2. Methods
2.1 Research Design

This study was conducted with correlational model as a basic research. With basic researches, it is aimed to
provide pure information about facts and phenomena. And, with correlational model, it is tried to explain the
relationships between variables (Bryman, 2015; Slavin, 1992). In this study, it was aimed to explain the relations
between school characteristics and cultural differences. And also, it was tried to determine the cultural
differences in the context of school characteristics.

2.2 Research Sample

In this study, secondary level analyses were conducted on PISA 2012 School Questionnaire data (Note 1). This
data set includes totally 18,139 schools from 65 different countries and economies. As an average, there are 279
schools for each. Mexico (8.1%) and Italy (6.6%) have the highest rates in the school samples. Macao-China
(0.1%), Luxemburg (0.2%) and Liechtenstein (0.2%) have the lowest rates. For 52 out of 65 countries, this ratio
is between 1% and 2%.

Data for all 65 countries and economies were considered in order to construct school characteristics model. After
constructing this model, invariance of the model were testing across 5 countries and economies from all
participants. For selecting countries, mathematical literacy proficiency levels were considered. In PISA 2012,
mathematical literacy was the main domain for student assessment. For each domain, six proficiency levels are
defined (OECD, 2013). In this study, it was decided that sample should include one country or economy from
each level at least. According to the average scores of student achievements, there are no countries and
economies at 6™ level. Shanghai-China is only one economy placed at 5™ level. Other levels include more than
one country or economy. 4" level includes 4, 3™ level includes 28, 2™ level includes 19 and 1% level includes 13
countries and economies. One country from each level was selected randomly. With this way, totally 5 countries
and economies were determined as sample of cultural group. Selected countries/economies and number of
schools in these countries/economies are shown at the following table.

Table 1. Countries/economies in the sample and number of schools

Country/Economy OECD Membership Proficiency Level Number of School
Shanghai-China No 5 155
Korea Yes 4 153
Ireland Yes 3 183
Turkey Yes 2 170
Uruguay No 1 174
Toplam 835

As seen at Table 1, totally 835 schools were placed in the sample. Numbers of schools are close to each other.
Two countries are the memberships of OECD.

2.3 Data Collection Tool

In this study, analyses were conducted on the PISA 2012 School Questionnaire data. School questionnaire is one
of the instruments that providing information about background of the educational systems of the countries and
economies. With this tool, some important information can be gathered about (1) the structure and organization
of the school, (2) the student body and teachers, (3) the school’s resources, (4) the school’s instruction,
curriculum and assessment, (5) the school climate, (6) the school’s policies and practices and optionally and (7)
financial education at school. So, it includes 6 or 7 sections and 30 to 40 items. It was filled by school
administrators (OECD, 2013).
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PISA 2012 Student Questionnaire data set includes separate variables for each sub-content. Also, there are index
and continuous variables which are derived from these variables in the data set. These indexes are representing
the sub-contents as standardized total scores. And, these are appropriate and available for further multilevel and
advanced statistical analyses (OECD, 2014).

2.4 Data Analysis

In this study, “principal component analysis” and “confirmatory factor analysis” were used to construct the
school characteristic model. After constructing the model, “Multi-Group Confirmatory Factor Analysis
(MG-CFA)” was used to test measurement invariance of “school characteristics model” across cultural groups.
Within the MG-CFA technique, measurement invariance was defined and considered four hierarchical steps: (1)
configural invariance, (2) metric invariance, (3) scalar invariance and (4) strict invariance. First two steps were
evaluated as week invariance and third step was evaluated as strong invariance as well. Significance of X’
differences and difference of goodness of fit statistics between consecutive steps were considered to evaluate
invariance. If X° differences were statistically significant and differences of most of the goodness of fit statistics
were higher than 0.01, then it was decided to violate the invariance (Joreskog & Sorbom, 1996; Cheung &
Rensvold, 2002).

As known, these techniques are multivariate. So, variables must be interval at least. For this reason, it was
preferred to use the index variables and continuous variables in the PISA 2012 School Questionnaire data set.
There are close to 300 variables defined in this data set. Most of them are categorical. On the other hand, some
groups of continuous variables are defined with index or total standardized scores. According to these
preliminary reviews, in this study, it was decided that 44 indexes and continuous variables were available for
further analyses. Analyses for constructing the model and testing invariance were executed on these variables.

3. Results
3.1 Constructing the School Characteristics Model

As explained before, totally 44 index variables and continuous variables could be defined as available for
constructing the initial model. First of all, these variables were checked for basic statistical assumptions; missing
value, extremes, normality, linearity and multicollinearity. Variables providing these assumptions were preferred
to include the initial regression model.

It was seen that there were possible missing data problem for most of these 44 variables. 27 out of 44 variables
have missing values over 5%, 15 variables have over 10%, and 8 variables have over 15%. It is well-known that
missing data leads to decrease the power of analysis, and it is possible source of bias. Although there are no strict
criteria, especially for multivariate statistical techniques, it is recommended that there is no missing over 5%
each variable. Also, if missing data mechanism is providing the complete or partial randomization, it is stated
that some missing data methods like EM algorithms and multiple imputation should be used to handle with
missing problem (Enders, 2010; Tabachnick & Fidell, 2013). In this context, it was decided that 17 out of 44
variables including missing values under 5% should be considered for further analysis. And, values were
imputed to missing by using EM algorithms method, and completed data set were obtained.

On the completed data set, these 17 variables were checked for extreme. For this purpose, standardized Z scores
were obtained for each variable. Observation units which had Z scores out of the range (-3, +3) were evaluated
as extreme. And, totally 225 units were removed from the data set.

And then, these variables were checked for normality with graphical and descriptive methods. Except two
variables, it was seen that 15 variables met normality assumption. For these 15 variables, mean and mod and
median were close each other. Skewness and kurtosis indexes were between -1 and +1, and close to 0.
Histograms and P-P Plots and Q-Q plots indicated that variables contributed normally. Two variables were
removed from data set, and further analysis was continued with 15 variables.

Linearity was checked with Pearson correlation coefficient, and multicollinearity was checked with collinearity
diagnostic statistics. It was seen that highest bivariate correlation between variables was 0.614. Other bivariate
and partial correlations were under this value. Tolerances were over 0.30 and Variance Inflation Factors (VIF)
were under 3.00 and Condition Indexes (CI) were under 15. These statistics indicated that there was no
multicollinearity problem.

After controlling basic assumptions, principal component analysis was executed with 15 variables. Number of
variables and observations were available for this analysis (KMO = 0.762, for Bartlett’ test X’= 80503.354, df =
105 and p < 0.01). It was seen that one variable (class size) had low extraction value (0.167) and factor loading
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(under 0.27). Also, this variable had the same factor loading for more than one factor and there was an
overlapping. So, it was decided that this variable should be removed from model. For other 14 variables,
extractions were changing between 0.441 and 0.784. There were 4-factors structure and total variance explained
by 4 factors was 64.10%. Respectively, variances of each factor were 21.74%, 20.30%, 12.89% and 9.17%. Also,
bivariate correlations between factors are very low and close to 0 (r;; = 0.10, r;3 = 0.07, 114 = -0.26, rp; = -0.05,
4 = -0.06 and r3; = -0.17). The distributions of the variables to the factors and factor loadings are shown with a
pattern matrix at the following table.

Table 2. Distributions of the variables to the factors and factor loadings

Factors

1 2 3 4
Teacher morale 147
Teacher focus 725

Teacher related factors affecting school climate .709

Student-related factors affecting school climate .639

Instructional Leadership .882

Framing and communicating the school’s goals and curricular development .838

Teacher participation in leadership .829

Promoting instructional improvements and professional development 799

School autonomy .824

Index of school responsibility for curriculum and assessment .809

Teacher participation/autonomy .803

Quality of school educational resources -.849
Quality of physical infrastructure -.828
Shortage of teaching staff .611

Note. Extraction Method: Principal Component Analysis.

Rotation Method: Oblimin with Kaiser Normalization.

As seen at Table 2, first and second factors include four variables, and other factors include 3 variables. These
factors were named respectively as “School Climate (SCCL)”, “School Leadership and Development (SCLD)”,
“School Autonomy (SAUT)” and “School Resources (SCRS)”.

After defining the factors, confirmatory factor analysis was executed with this 4 factors and 14 variables
structure. Some modifications were made to improve model-data fit. According to the results, it was seen that
significant model with perfect model-data fit could be obtained. Some goodness of fit statistics are shown at the
following table.

341



www.ccsenet.org/jel Journal of Education and Learning Vol. 5, No. 2; 2016

Table 3. Goodness of fit statistics for school characteristics model

Statistics

Normal Theory Weighted Least Squares Chi-Square (X°) 3376.64 (df = 66 and p < 0.05)
Root Mean Square Error of Approximation (RMSEA) 0.053
Root Mean Square Residual (RMR) 0.046
Standardized (RMR) 0.044
Goodness of Fit Index (GFI) 0.97
Adjusted Goodness of Fit Index (AGFI) 0.96
Normed Fit Index (NFT) 0.97
Non-Normed Fit Index (NNFI) 0.95
Comparative Fit Index (CFI) 0.97
Incremental Fit Index (IFI) 0.97
Relative Fit Index (RFI) 0.95

As seen at Table 3, school characteristics model with 4 factors and 14 variables show perfect model-data fit. X°
is statistically significant. For error terms, RMSEA, RMR and SRMR are under 0.053. And, other model-fit
indices are over 0.95. These results indicate that school characteristics model with 4 latent variables and 14
observed variables could be constructed significantly with high level of model-data fit. Conceptual diagram of
this model is shown at following graphic. And also, standardized path coefficients are shown at following table.
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Figure 1. Conceptual diagram of school characteristics model
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Table 4. Standardized path coefficients of school characteristics model

Error Terms Observed Variables Path Coefficients Latent Variables
0.69 TCMORALE 0.55

0.89 TCFOCST 0.33

0.18 TEACCLIM 0.91 ScCL
0.63 STUDCLIM 0.60

0.19 LEADINST 0.90

0.39 LEADCOM 0.78

0.36 LEADTCH 0.80 SCLD
0.55 LEADPD 0.67

0.30 SCHAUTON 0.84

0.57 RESPCUR 0.66 SAUT
0.63 TCHPARTI 0.61

0.71 SCMATBUI 0.54 SCRS
0.65 SCMATEDU 0.59

0.61 TCSHORT -0.62

* All statistics and paths are statistically significant at the 0.05 significance level.

As seen at Table 4, standardized error terms are positive and under 0.90. Except one, all variables are positive
predictors. According to the path coefficients or factor loadings, best predictors of school characteristics are
“Teacher Related Factors Affecting School Climate (TEACCLIM)” and “Instructional Leadership
(LEADINST)”. One unit change of these variables leads 0.9 unit change of school characteristics. It is followed
by “School Autonomy (SCHAUTON)” and “Teacher Participation in Leadership (LEADTCH)” respectively.
One unit change of these variables leads 0.8 unit change for total structure.

3.2 Invariance of School Characteristics Model across Cultural Groups

Invariance of school characteristics model was tested across six different countries with four step model. For
each step, goodness of fit statistics across groups and general were calculated. All these statistics are shown at
Table 5.

Table 5. Goodness of fit statistics for invariance of school characteristics model across countries

Group Goodness of Fit

. ) Country/ Statistics Model Goodness of Fit Statistics
nvariance

Steps E ? Contributi x v
conomy el RMR ig/) ontribution Vg1 Jff CFI RMSEA
0

Shanghai 0.92 0.075 19.35
Korea  0.93 0.060 15.70
Ireland 091 0.061 22.33 090 096 096 0061  532.35 330 0.0
Turkey 0.93 0.052 18.89
Uruguay 0.90 0.088 23.73

Configural
Invariance

Shanghai 0.86 0.180 23.32
Metric Korea  0.91 0.090 12.95
Invariance freland  0.90 0.090 19.26
Turkey 091 0.076 17.38

0.86 0.93 0.93 0.077 766.82 386 0.0
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Uruguay 0.84 0.150 27.08

Shanghai 0.86 0.190 22.80
Korea 091 0.10 12.67

Scalar Ireland  0.89 0.10 18.90 085 092 092 0079  837.14 410 0.0
Invariance

Turkey 0.90 0.087 17.07

Uruguay 0.81 0.18 28.56

Shanghai 0.78 028 19.23

Korea 0.82 0.13 15.95
. Ireland  0.84 0.16 19.20 074 081 081 0.2 1502.2 466 0.0
Invariance

Turkey 0.83 0.12 20.79
Uruguay 0.74 0.20 24.82

As seen at Table 5, at first step of invariance, configural invariance are provided each culture. Model-data fit
indices are at acceptable range. RMSEA and RMR are between 0.05 and 0.10. GFI and NFI are between 0.90
and 0.96. On the other hand IFI and CFI indices are over 0.95. Also, X° is statistically significant (p < 0.05) and
X°/df ratio is 1.613. These three values indicate to the perfect model-data fit. As a result, it is seen that school
characteristics model are statistically significant and provides high model-data fit for each country and economy.

At second step, it is seen that metric invariance are not provided across cultures. Differences between indices are
higher than 0.01 (ANFI = 0.04, AIFI = 0.03, ACFI = 0.03, ARMSEA = 0.016). Also, differences of X is
significant (AX” = 234.47, df = 56 and p < 0.10). Because metric invariance cannot be provided, it is obvious that
scalar and strict invariances cannot be provided. Similar to the previous one, for other steps, it can be seen that
differences between model-data fit indices were over 0.01, and also differences of X° is not significant. To
support this, changes of the group model-data fit indices for each country or economy indicate that school
characteristics are not invariant in itself. This finding indicates that there are significant differences across
cultures in the context of the parameters of the model.

As further and deeper analyses, measurement invariance was tested for all possible pairwise of cultures in order
to understand the reason and resource of the violation. Totally 10 pairwise comparisons were executed separately.
According to the results of the comparisons;

- For Shanghai and Korea, metric invariance and further steps cannot be provided. For first and second steps,
differences between indices are higher than 0.01 (ANFI = 0.03, AIFI = 0.03, ACFI = 0.04, ARMSEA = 0.01).
Also, differences of X” is significant (AX” = 54.81, df = 14 and p < 0.005). There are just configural and week
invariance between Shanghai and Korea in School Characteristics Model.

- For Shanghai and Ireland, metric invariance and further steps cannot be provided. For first and second steps,
differences between indices are higher than 0.01 (ANFI = 0.03, AIFI = 0.03, ACFI = 0.04, ARMSEA = 0.011).
Also, differences of X” is significant (AX* = 60.76, df = 14 and p < 0.005). There are just configural and week
invariance between Shanghai and Ireland in School Characteristics Model.

- For Shanghai and Turkey, metric invariance and further steps cannot be provided. For first and second steps,
differences between indices are higher than 0.01 (ANFI = 0.03, AIFI = 0.02, ACFI = 0.03, ARMSEA = 0.017).
Also, differences of X” is significant (AX* = 68.49, df = 14 and p < 0.005). There are just configural and week
invariance between Shanghai and Turkey in School Characteristics Model.

- For Shanghai and Uruguay, metric invariance and further steps cannot be provided. For first and second steps,
differences between indices are higher than 0.01 (ANFI = 0.04, AIFI = 0.03, ACFI = 0.03, ARMSEA = 0.014).
Also, differences of X is significant (AX® = 74.98, df = 14 and p < 0.005). There are just configural and week
invariance between Shanghai and Uruguay in School Characteristics Model.

- For Korea and Ireland, metric invariance and scalar invariance can be provided. For first and second steps,

differences between indices are lower than 0.01 (ANFI = 0.00, AIFI = 0.00, ACFI = 0.00, ARMSEA = 0.002).

Also, differences of X° is not significant (AX* = 16.36, df = 14 and p > 0.10). For second and third steps,

differences between indices are lower than 0.01 (ANFI = 0.01, AIFI = 0.00, ACFI = 0.00, ARMSEA = 0.001).
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Also, differences of X° is not significant (AX’ = 8.36, df = 6 and p > 0.10). But, strict invariance cannot be
provided. For third and fourth steps, differences between indices are higher than 0.01 (ANFI = 0.03, AIFI = 0.02,
ACFI = 0.03, ARMSEA = 0.017). Also, differences of X” is significant (AX’ = 94.95, df = 14 and p < 0.005). As
a result, there are scalar and strong invariance between Korea and Ireland in School Characteristics Model.

- For Korea and Turkey, metric invariance and scalar invariance can be provided. For first and second steps,
differences between indices are lower than 0.01 (ANFI = 0.00, AIFI = 0.01, ACFI = 0.00, ARMSEA = 0.004).
Also, differences of X° is not significant (AX* = 10.95, df = 14 and p > 0.10). For second and third steps,
differences between indices are lower than 0.01 (ANFI = 0.01, AIFI = 0.01, ACFI = 0.00, ARMSEA = 0.000).
Also, differences of X is not significant (AXz = 6.56, df = 6 and p > 0.10). But, strict invariance cannot be
provided. For third and fourth steps, differences between indices are higher than 0.01 (ANFI = 0.08, AIFI = 0.08,
ACFI = 0.08, ARMSEA = 0.039). Also, differences of X* is significant (AX” = 148.12, df = 14 and p < 0.005). As
a result, there are scalar and strong invariance between Korea and Turkey in School Characteristics Model.

- For Korea and Uruguay, metric invariance and further steps cannot be provided. For first and second steps,
differences between indices are higher than 0.01 (ANFI = 0.01, AIFI = 0.01, ACFI = 0.01, ARMSEA = 0.01).
Also, differences of X° is significant (AX® = 57.97, df = 14 and p < 0.005). There are just configural and week
invariance between Korea and Uruguay in School Characteristics Model.

- For Ireland and Turkey, metric invariance and scalar invariance can be provided. For first and second steps,
differences between indices are lower than 0.01 (ANFI = 0.01, AIFT = 0.00, ACFI = 0.00, ARMSEA = 0.001).
Also, differences of X° is not significant (AX° = 21.89, df = 14 and p > 0.05). For second and third steps,
differences between indices are lower than 0.01 (ANFI = 0.00, AIFT = 0.00, ACFI = 0.00, ARMSEA = 0.000).
Also, differences of X° is not significant (AX’ = 9.14, df = 6 and p > 0.10). But, strict invariance cannot be
provided. For third and fourth steps, differences between indices are higher than 0.01 (ANFI = 0.07, AIFI = 0.07,
ACFI = 0.07, ARMSEA = 0.018). Also, differences of X” is significant (AX’ = 96.04, df = 14 and p < 0.005). As
a result, there are scalar and strong invariance between Ireland and Turkey in School Characteristics Model.

- For Ireland and Uruguay, metric invariance and further steps cannot be provided. For first and second steps,
differences between indices are higher than 0.01 (ANFI = 0.03, AIFI = 0.03, ACFI = 0.03, ARMSEA = 0.014).
Also, differences of X” is significant (AX* = 83.56, df = 14 and p < 0.005). There are just configural and week
invariance between Ireland and Uruguay in School Characteristics Model.

- For Turkey and Uruguay, metric invariance and further steps cannot be provided. For first and second steps,
differences between indices are higher than 0.01 (ANFI = 0.03, AIFI = 0.04, ACFI = 0.03, ARMSEA = 0.021).
Also, differences of X” is significant (AX” = 103.87, df = 14 and p < 0.005). There are just configural and week
invariance between Turkey and Uruguay in School Characteristics Model.

In summary, invariance levels across cultures are shown at the following table.

Table 6. Results of the pairwise comparisons for invariance of school characteristics model

Shanghai Korea Ireland Turkey
Korea Week (Configural)
Ireland Week (Configural) Strong (Scalar)
Turkey Week (Configural) Strong (Scalar) Strong (Scalar)
Uruguay Week (Configural) Week (Configural) Week (Configural) Week (Configural)

As seen at Table 6, there are week invariances between Shanghai and other countries and between Uruguay and
other countries. Except Shanghai and Uruguay, there are not strict but strong invariances between other three
countries. Given that it is difficult to provide the strict invariance in education, it can be claimed that school
characteristics remain invariant across these cultures.

It is clear that Shanghai and Uruguay differ from other three countries in school characteristics. Indeed, best

predictors of school characteristics are “teacher related factors affecting school climate” and “student-related

factors affecting school climate” in Shanghai and “school autonomy” and “teacher participation in leadership” in

Uruguay. On the other hand, predictive levels to the school characteristics and order of predictors are close to

each other in Korea, Ireland and Turkey. In these countries, best predictors are “teacher morale” and

“instructional leadership”. On the other hand, lowest predictors are “teacher morale” and “teacher focus” in
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Shanghai, while “index of school responsibility for curriculum and assessment” and “teacher focus” in other
countries. In addition, correlations between factors or latent variables are higher in Shanghai and Uruguay than
the other countries in general.

Furthermore, if paid attention, it can be seen that Shanghai is located at the highest proficiency level and
Uruguay is located at the lowest proficiency level. This finding indicates the possibility that school
characteristics can be correlated with academic performance of the students.

4. Discussion

One of the important results is that it is difficult to construct the psychological multivariate model like school
characteristics. In this study, over 300 school variables were examined, 44 continuous variables were defined,
but school characteristics could be structured with just 14 variables. Gudykunst (1997) emphasized that
modelling the cultural characteristics was difficult in education, because these characteristics are often latent and
very complex.

In this study, school characteristics could be modelled in a multivariate structure with significant and high
model-data fit. This model constructed with all PISA 2012 school data. Meredith (1993) emphasized that initial
model was important for such kind of multivariate analysis. He recommended that strong initial models should
be structured with high level of model-data fit for further analyses.

According to the “School Characteristics Model”, best predictors of school characteristics are “teacher related
factors affecting school climate” and “instructional leadership”. It is followed by “school autonomy” and
“teacher participation in leadership” respectively. These findings indicate the impact of the teachers and
leaderships on effectiveness of the school. These findings are supported by some other researches. For example,
Heck (1996) observed that the cultural settings and school leaderships were highly correlated each other. Also,
he explained the differences of school effectiveness with cultural differences. In another study, Hofstede (1986)
and Chamberlain (2005) emphasized the teacher role on education.

As another results, it was seen that school characteristics were different across cultures at some invariance steps.
For Shanghai and Uruguay, school characteristics are completely different from other countries and each other.
Just configural and week invariance can be provided between Shanghai and Uruguay and the other countries. On
the other hand, for Korea, Ireland and Turkey, these differences are lower. Not strict, but strong invariance can
be provided across these countries. So, Korea, Ireland and Turkey are more homogenous cultural groups in the
context of school characteristics. Although not quite similar, Wu et al. (2007) observed the differences across
countries on students’ mathematical achievement according to the TIMSS 1999 results of six countries; New
Zealand, Canada, USA, Taiwan, Korea and Japan. They found that, although strict invariance could be provided
within each country, just configural and week invariance could be provided across cultures. In another study,
Rich et al. (1996) found that school characteristics were not invariant across some cultures and this situation led
to delay the integration across cultures. In the similar way, Oakes (1990) observed that some cultural sub-groups,
especially minorities, could not benefit educational resources and opportunities equally.

A remarkable detail is that Shanghai is located at the highest proficiency level and Uruguay is located at the
lowest proficiency level. This finding indicates the possibility that school characteristics can be correlated with
academic performance of the students. Also, it is possible that school characteristics can be predictors of
students’ academic achievement.

Main result of this study is that school characteristics cannot be invariant across some cultural groups or
sub-groups. In order to provide equal opportunity to all stakeholders of the educational system, and also provide
school effectiveness, such kinds of differences are considered carefully. For further researches, it is
recommended that school characteristics should be modelled with multilevel by using secondary level latent
variables, like school achievement. Also, it is thought that these relations can be studied on the different sample.
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