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Abstract

This thesis concerns the development of a practical and theoretical framework for
adapting of questionnaires building on van de Vijver and Leung's (1997) Theory of
Equivalence and Bias. In contrast to extant research which has largely concentrated on
the adaptation of ability measures the present research was operationalised through
adapting and translating Orpheus, a work-based Big Five personality questionnaire, into
English, Arabic, Chinese (Mandarin) and Spanish.

The first phase, ‘Quality Control’, used a mixed method technique in two studies. Study
1 (Translation and Monitoring) was qualitative and used forward and back translation
followed by dyads and triads. Results from this study (n = 10) reflected the importance
of qualitative judgment techniques in test adaptation and showed the emergence of three
main types of bias (linguistic, psychological, and conceptual), which were discussed in
the literature review but do not constitute part of the Theory of Equivalence and Bias
(van de Vijver & Leung, 1997). Study 2 (n = 185) (Pre-Testing) and Study 3 (n = 12)
(Cognitive interview) combined quantitative (pre-test) and qualitative techniques
(cognitive interviews). Results were inconclusive as to what extent p values or Cohen's
d is better at detecting potential problems in adaptation of items. Cognitive interviews
were shown to be effective for interpreting statistically significant results as they
unravelled many linguistic, psychological, and cultural problems that went unnoticed in
back translation dyads/triads.

The second phase (‘Field Pilot’) was laid out over two studies that used the same data
but focused on different statistical investigations. Study 4 (n=815) centred on item bias
analysis using Logistic Regression as well as ANOVA and showed that 12 items in
Arabic, 11 in Chinese and 3 in Spanish were functioning differently than the English
version of the items. Study 4 examined the metric equivalence between the four groups
using EFA and MG-CFA. Results showed that no model fits the data as it was. Intrinsic
test problems and using criterion-related validity as a sole method of validation were
identified as two potential causes of model failure.
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Chapter 8: Reliability and Differential Item
Functioning Analysis
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8.1. Chapter overview

The first two studies in chapters 6 and 7 represented the quality control
phase that was aimed at maximising the linguistic, psychological and cultural
equivalence of the adapted versions. This was achieved through the use of mixed
method techniques, relying on several bilingual speakers and psychometrics
experts, and piloting the adapted versions. The following two chapters outline the
second phase of the adaptation process, piloting. Both chapters are based on the
same methodology, which involves administering the four parallel versions,
including the original English one, to approximately 200 pérticipants in each
culture. However, they differ with regards to the focus of the statistical analysis
employed.

This chapter investigates the reliability of Orpheus scales, in addition to
item difficulty and discrimination across the four cultures as recommended by
van de Vijver and Leung (1997). The second part of this chapter focuses on the
examination of differential item functioning (DIF) across cultures.

We will begin this chapter by reviewing the concepts of bias and fairness and the
techniques that are usually implemented to assess DIF. While there are many
such techniques, we will focus mainly on Logistic Regression (Zumbo, 2003)
and ANOVA (van de Vijver & Leung, 1997) as two techniques that can be
applied on polytomous data. Although Logistic Regression will be used as the
main analysis in this study, its results will be compared to ANOVA to investigate
any differences they produce.

We will conclude this chapter with a discussion of the findings and their
implication for future adaptation of work based personality tests into Arabic,

Chinese, and Spanish.
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8.2. Fairness as a social concept

Fairness is a fundamental element in assessment in organisations from a
business, ethical, and legal point of view (Gilliland, 1993). While the definition
of fairness is context dependent and can vary accordingly, it is reasonable to say
that fairness is a social concept that assumes equality in treatment between
different groups of people (SIOP, 2003). Following up on earlier discussion in
chapter 4, fairness is not a psychometric principle as such, but rather relates to
the inferences that are drawn from any assessment method and the equal
treatment of candidates that may or may not result from this assessment (SIOP,
2003). An assessment mgthod that does not treat participants equally is unfair,
and therefore biased. Nevertheless, the definition and implementation of the
concept of fairness in assessment is not that simple. Fairness in assessment is
multifaceted because it requires that 1) all the attributes necessary for a job are
assessed, 2) the method of assessment used is empirically proven to be valid,

reliable and free from bias, and also that 3) these methods need to be perceived

as fair and reasonable by all parties involved (Bartram, 2005).

8.2.1 Fairness in multi-cultural environments

Employment laws in different countries, such as the US and the UK, also
define how fairness is perceived and implemented in selection and recruitment
contexts (Baron, & Janman, 1996). These laws are increasingly moving towards
encouraging diversity through the introduction of equal opportunities legislations
(Trubek & Mosher, 2003). In the UK for example, the groups that employers
need to ensure fairness against include gender (sex discrimination act 1975), race

(race relations act, 1976 and 2000), disability, (disability act, 1998) and more
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recently age (age discrimination act, 2006). This adds to the complexity of
assessing fairness because it adds new groups, in addition to gender, that the
assessment needs to be ensure fairness to.

This issue becomes more challenging when dealing with multi national
organisations. Fairness in assessment needs to be insured within each country but
also between the countries where the organisation is operating. This renders the
implementation of fairness even more complex by adding one more group of
interest, that is, culture. New sources of bias are likely to emerge in such context,

hence threatening the fairness in assessing employees.

8.2.2 Fairness in psychometrics

From a psychometrics perspective, ensuring fairness is achieved through
minimising bias, which becomes more challenging to achieve when the number
of comparison groups increases and test adaptation is implemented. Jenson
(1980, in Kline, 1993) explains that some items in psychometric tests are based
on aspects that might be more common or familiar to one culture group than
another, which he referred to as culture bound fallacy. In personality assessment,
for example, each item pertains to a specific psychological construct based on
behaviours associated with it. Some of these behaviours might have alternative
interpretation in different cultures, which could make them culturally bound and
likely to result in bias. For example, standing up to your seniors might be a
behaviour indicative of tough mindedness in the workplace in the UK, but it is
unlikely to denote that in a culture where standing up to seniors is against

cultural values such as in China.
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8.2.3 Fairness and bias in psychometrics

Fairness encompasses the psychometric properties of a test to cover, as
mentioned earlier, the appropriateness of using a certain method of assessment
and how the recipient views it. Fairness of psychometric tests can be assessed by
investigating its validity and reliability, but most importantly its freedom from
bias against groups of interest. Fairness and bias are not parallel concepts but
closely related ones. When an item is biased, it is undeniably unfair against
certain groups of people. However, it is possible for an item to be unbiased but
be unfair at the same time. To clarify, an unfair item is an item that discriminates
against a certain groups of examinees whether this affects their responding or not
(Hambleton & Rodgers, 1995). However, an item is biased when “examinees
from one group are less likely to answer an item correctly than examinees of
another group because of characteristics of the test item or the measurement
situation that are not relevant to the testing situation” (Slocum, Gelin, & Zumbo,
2003, p3). For example, the item in figure 8.1 below was part of the 3" edition of
Stanford Binet Intelligence Test (Terman & Merrill, 1937) and asks: which one
of the two women is more attractive? Equally knowledgeable test takers might
have equal chance of getting this item right. Therefore the item is not necessarily

biased; rather it is more likely to be offensive or unfair than biased.

Figure 8.1: Item from the 3" edition of Stanford Binet Intelligence Test (1937)
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8.3. Item bias and item impact

Item bias is usually marked by differences in performance on a specific
question by equally knowledgeable individuals from different groups of interest
(Hambleton & Rodgers, 1995). In ability testing, equal knowledge refers to
matching test takers on their fofal score on the test (Solcum, Gelin, & Zumbo
2003). In personality testing this could be the participants’ score on the scale or
the construct being measured. For example, females with a specific cognitive
ability should be as likely as males with the same level of cognitive ability to
answer an item correctly. Should the probability of getting the item correctly be
significantly different between these two groups, the item should be inspected for
potential item bias. In terms of personality assessment, the matching could be
done on the probability of a certain group to endorse an item or not. As a result,
participants could be matched on their scale score, which is computed as the
product of endorsing a set of items that make up the scale.

Item bias exists when the differences in performance between groups
result from a characteristic unrelated to the latent variable being measured, such
as age, familiarity with item format, mistranslation or many other reasons
discussed in chapter 4. Item bias is therefore an anomaly at item level that affects
the fairness of the inferences drawn from psychometric tests (Hambleton &
Rodgers, 1995). When an item is identified as biased, it is unfairly discriminating
against a certain group of individuals while advantaging another group.

When an item is biased, it functions differently between the two groups
of interest, which results in differences in their mean score on the item.
Differential item functioning (DIF) is a statistical term used to describe the

existence of a discrepancy in performance between two groups (Slocum. Gelin,
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& Zumbo, 2003), and it “is necessary, but not sufficient, for item bias” (Slocum,
Gelin & Zumbo, 2003, p3). An observed discrepancy in performance between
groups on the variable of interest is not always a reflection of item bias as it
could be the result of real differences between them (Zumbo, 2006). Therefore
assuming that an item is biased based on mean group differences alone is false
and insufficient (Kline, 1993).

When DIF is detected, items need to be scrutinised in order to unveil the origins
of the difference in performance between groups (SIOP, 2003; Zumbo, 1999 and
2006; Slocum, Gelin & Zumbo, 2003). So is it caused by characteristics of the
item itself or by existing and real differences between groups? When the
observed difference on an item is the result of real differences between the
groups, it is referred to as item impact (Zumbo, 2006). Otherwise, the difference
represents and measurement artefact and is referred to as item bias (Zumbo,
1999). For example, analysis of BarOn Eqi emotional intelligence questionnaire
revealed that women tend to score higher on most items assessing empathy than
men (BarOn, 2002). This is a case of item impact whereby the difference
detected in the mean score of males and females on items measuring empathy is
a real one whether it is due to genetic predispositions or to culturally acceptable
norms. To conclude, item bias is a case of unfairness towards a certain group of
assesses whereas item impact is a fair and realistic difference between two

groups of interest.

8.3.1 Uniform and non-uniform bias

van de Vijver and Leung (1997) distinguish between two forms of bias:

uniform and non-uniform. Uniform bias affects scores consistently in one group
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of participants, whereas non-uniform bias affects these scores inconsistently.
In cross cultural research, the main groups of interest for comparison are culture
groups. When uniform bias occurs in this case, it implies that one of the groups is
consistently endorsing extreme items or in other words performing consistently
better or consistently worse than the other groups on a specific item (van de
Vijver & Leung, 1997). In contrast, non-uniformly biased items indicate that in a
certain culture A, participants with higher score levels are likely to perform
differently, say better, than cultures B and C whereas participants with lower
score levels are likely to perform in the opposite direction, in this case lower,
than cultures B and C. Therefore differences between groups of interest are
inconsistent across score levels, whether these are total scores (i.e. ability tests)
or scale score (i.e. personality) (Mungas et al, 2000).

van de Vijver and Leung (1997) illustrate the distinction between uniform
and non-uniform bias using the weighing scale as an example. If a scale adds
1Kg to every measure, all the measures will be biased but consistently since the
error is always equal to one. So a person that weighs 60 Kg will come out as
weighing 61K g on this scale, and a person weighing 80 Kg will weigh 81Kg on
this scale. However, if each 1Kg is being wrongly measured as 1.1Kg, then a
person weighing 60 Kg will be 66kg and the person weighing 80 Kg will come
out as 88Kg. In uniform bias, all the scores have a consistent error of 1Kg,
whereas in the case of non-uniform bias one score has an error of 6 Kg while the
other one has an error of 8Kg.

To clarify the concept of non-uniform bias further, let us consider this

hypothetical example. Say a researcher was interested in examining the

relationship between strength of family ties and parents’ perception of their
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children’s happiness among Lebanese and British parents. Considering that
strong family ties are highly correlated with view of happiness among Lebanese
nationals, parents with close relationships to their children would therefore be
likely to rate them as very happy. In contrast, parents without close relationships
with their children would be more likely to rate them as unhappy. However, this
will not be apparent in the British sample if the same correlation did not exist
between family ties and happiness. This could therefore be interpreted as a non-
uniform bias where strong family ties are associated with higher happiness and
weak family ties are associated with low happiness. Non-uniform bias is rarely
reported in the literature and is much less likely to occur than uniform bias (Van
de Vijver & Leung, 1997).

In conclusion, when items are flagged as functioning differentially
between two groups, it is essential to investigate the nature of these differences
qualitatively to distinguish between item bias and item impact (Zumbo, 1999).
However, if the item is judged to be biased, understanding the uniformity of the
bias can help decipher some of the group differences that might have lead to this

bias.

8.3.2 Statistical methods for assessing DIF

Several statistical techniques, more recently referred to as differential
item functioning (DIF) analysis, have been designed to detect item bias in cross-
cultural research such as ANOVA, Mantel Haenszel statistic (MH), Item
Response Theory (IRT), logistic regression (LogR), Simultaneous Item Bias Test
(SIBTEST), log-linear, logistic regression, and ordinal logistic regréssion (Le,

2006; Zumbo, 2005; Griel, Jodoin & Ackerman, 2000; Zumbo, 1999; Van de
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Vijver & Leung 1997; Swaminathan & Rogers, 1990). However, these analyses
fall short in that they point to differences in performance without distinguishing
between item impact and item bias. Although little emphasis has been put on the
development of techniques that distinguish between these two items, many rely
on the use of sound qualitative in-depth techniques such as cognitive
interviewing previously discussed in chapter 7.

As with most other statistical procedures, some of the statistical
techniques aforementioned tend to work better with parametric data and others
with nonparametric data. Ability tests tend be dichotomously scored as a wrong
or right (nominal or categorical data) and should be analysed using non-
parametric tests. Normative personality tests, such as Orpheus, are usually
polytomously scored on a Likert scale (ordinal data) and should also be analysed
with non-parametric tests. Yet, many academic journal articles treat this type of
data as interval and use parametric tests to analyse it (Fife-Shaw, 2006).

Most DIF analysis techniques developed are for dichotomously scored
items (Zumbo, 1999). Van de Vijver and Leung (1997; 2005) and Zumbo (1999;
2005) provide a detailed description of running several DIF analyses statistically

using SPSS and will be used as the main references for the following sections.

8.3.2.1. DIF for dichotomously scored data

Historically, DIF analysis gained attention in aptitude, achievement,
certification and licensing tests for analysing bias against minority groups
(Wendt & Worcester, 2000; Zumbo, 2006). These types of tests fall under the
umbrella of ability testing and are scored dichotomously. It is therefore not

surprising that most DIF analysis methods are designed for dichotomously
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scored tests.

Mantel Haenszel (MH) is the most popular DIF method used for
analysing bias in binary data and produces powerful statistics (Van de Vijver &
Leung, 1997; Sireci, Patsula, & Hambleton, 2005, in Hambleton, Merenda, &
Spielberger, 2005). MH technique, for example, was assigned by the National
Council of State Boards of Nursing as the official method for identifying DIF in
licensure examination for nurses in the US (Wendt & Worcester, 2000).
Although popular, MH technique suffers from several limitations highlighted by
van de Vijver and Leung (1997) and these are as follows:

1) MH only applies to dichotomous data

2) It does not allow for detection of non-uniform bias and

3) It only produces pairwise comparison and does not allow for comparisons
of more than two groups.

van de Vijver and Leung (1997) suggest log-linear as an alternative DIF method
for dichotomous data. They argue that it outweighs MH since it allows for the
detection of non-uniform bias and also for comparison between more than two
groups. Nonetheless, log-linear can only be applied to dichotomous data so it
cannot be used to detect DIF in personality questionnaires.

Zumbo (1999) argues that the most recommended and effective method
for detecting DIF in dichotomous data is logistic regression (LogR). LogR
outweighs MH and log-linear analyses because it can detect uniform and non-
uniform bias, it allows for comparing more than two groups but most importantly
it can be used on both dichotomous and polytomous data sets (binary logistic
regression and ordinal logistic regression consecutively). Moreover, a study by
Gierl and Jodoin (2001) comparing the use of MH, LogR and SIBTEST for

analysing DIF, found that both MH and LogR are as powerful in correctly
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detecting uniform DIF. Therefore, LogR is not necessarily more powerful than
MH in detecting DIF, it only has a wider scope in terms of allowing for the
detection of non-uniform bias and the analysis of ordinal data.

The main challenge associated with LogR is the inflated type I error
(Jodoin & Gierl, 2001). However, the Zumbo-Thomas effect size was developed
by Zumbo and Thomas (1997 in Zumbo, 1999) in order to provide a measure of
the magnitude of bias in LogR. This measure was created in order to increase the
accuracy of hypothesis testing and reduces Type I error in LogR (Gierl, Jodoin &
Ackerman, 2000). Using the Zumbo-Thomas effect size should decrease the
probability of flagging items as DIF when they actually are not. Jodoin and
Gierl’s study (2001) revealed that when flagging DIF items in LogR using the p

value of the 2 degrees of freedom chi square ( Ay ®), the type I errors increased as

sample size increased. However, when Zumbo-Thomas effect size was used as
the criterion for flagging DIF, they observed a decrease in type I error as the
sample size increased, regardless of how large the proportion of DIF items was.
Conversely, when the difference in sample sizes under comparison were very
large (1000 vs 250 participants), the results were inconsistent. These findings
suggest that when using LogR for flagging DIF, relatively equal sample sizes

should be used in addition to Zumbo-Thomas effect size (Jodoin & Gierl, 2001).

8.3.2.2. DIF for polytomously scored data

With the scarcity of DIF techniques for polytomous data, ANOVA is
typically employed for this type of analysis (van de Vijver & Leung, 1997).

Zumbo (1999) proposed ordinal LogR as an extension of binary logistic
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regression for detecting DIF in polytomously scored data. We will first begin by
exploring ANOVA as a DIF technique before moving to Ordinal LogR, which

builds up on concepts that we will discuss in ANOVA.

8.3.2.3. ANOVA

ANOVA can be considered as a widely used DIF method for identifying
uniform and non-uniform bias in polytomously scored data (van de Vijver &
Leung, 1997). ANOVA uses 3 main variables in the analysis: item score, total
score and groups. The item score is the score on the item being analysed and is
entered as the dependent variable (DV); the total score is total score on the test or
scale and is entered as the first independent variable (IV) in the analysis; and the
group, which could be the culture, gender, ethnicity or any other group of
interest, 1s the second independent variable (IV) in the analysis (van de Vijver &
Leung, 1997).

As for the interpretation of results, a main effect of culture is interpreted
as a uniform bias where people from a certain group or from a certain total score
are consistently performing better or worse than other groups. However, the
effect of score group is expected to be significant since low scorers by default
score differently than high scorers, and is therefore overlooked in item bias
analysis (Byrne & Watkins, 2003). A statistically significant interaction between
culture and total score is a reflection of non-uniform bias. It is recommended to
use Bonferroni adjustment with ANOVA in order to control for the increase in
type I error through multiple comparisons (Lee, Falbo, Doh, & Bark 2001). In a

study examining the identity of Koreans living in China and the US through a
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questionnaire, ANOVA was used to analyse DIF and 3 items were shown to have
a significant interaction (Lee, Falbo, Doh, & Park, 2001). However, after

adjusting for Type I error using Bonferroni correction procedure, none of these

items showed DIF.

8.3.2.4. Ordinal Logistic Regression

As discussed earlier, Logistic regression is the most recommended
method of DIF analysis for binary data (Zumbo, 1999). Ordinal logistic
regression is an extension of binary logistic regression and follows the same
logic as ANOVA but is more hierarchical by nature. The item score is always the
DV but in hierarchical analyses such as regression it is important to specify the
order for entering the IVs. The total score is entered first in the LogR analysis
(Zumbo, 1999). Naturally, candidates with a higher total score will perform
differently than those with lower ones. So by entering the total score as the first
step, the amount of the variance explained by the total score will be removed
from the equation. The group is entered in the second step to consider uniform
bias, and the interaction between group and total score is entered in the last step
to test for non-uniform bias (Zumbo, 1999). As discussed earlier with binary
logistic regression, Zumbo-Thomas effect size is used as the criterion for

flagging DIF items.

8.3.2.5. Comparing ANOVA and LogR

ANOVA and ordinal LogR both have the advantage of flagging the two

types of DIF and can be applied to polytomous data. However, one conceptual

_24 -



difference between them is that ANOVA treats Likert scales as interval, whereas
LogR rightly treats them as ordinal. This is a controversial issue because Likert
type scales are widely treated as interval, although they are not, and therefore
their mean is not a suitable measure of central tendency (Fife-Schaw, 2006).

For the purpose of this study, we will employ ordinal LogR as the main method
for detecting DIF. Nonetheless, we will also provide a comparison of LogR with
ANOVA in order to provide an empirical investigation of the statistical power of

these two methods in accurately identifying DIF items.

8.3.2.6. Matching and purification

DIF analysis requires matching “equally knowledgeable persons” from
each group in order to investigate whether they have equal chance of endorsing
the item (Zumbo, 2005). This is done by computing their total score of the test,
which could be different from one test to the other depending on the length of the
test. van de Vijver and Leung (1997) recommend having at least 50 participants
in each score group. That is, if a test comprises of 10 questions and is scored on a
1 to 4 Likert scale, the lowest score possible is 10x1=10 and the largest score is
10x4= 40. Scores of 10 and 40 represent floor and ceiling effect respectively and
should therefore be removed from the analysis (van de Vijver & Leung, 1997).
Therefore, this test has 39 possible score groups. However, it is unlikely to have
at least 50 participants in each of these score groups leading to total of 1950
participants. Therefore these could be grouped into a smaller manageable number
of groupsl.

Gierl, Jodoin & Ackerman, (2000) point out that the number of items

1 See van de Vijver and Leung, 1997 for a detailed description of this procedure
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flagged as DIF in cross-cultural studies is usually quite substantial compared to
the total number of items in the test. They argue that these DIF items will
undeniably contaminate the matching procedure if they are included in the
calculation. As an alternative, they suggest a “purification procedure”, originally
suggested by Lord (1980 in Gierl, Jodoin, & Ackerman, 2000), which consists of
two steps. Initially, all items are included in the analysis to flag DIF items. In the
second step however, these items are removed from the test, and the total score is
calculated based on non-DIF items only. Nevertheless, it is recommended that
the particular item under investigation for DIF should be included in the
calculation of the total score (Holland & Thayer 1988 in Zumbo, 1999).

It is arguable that the purification technique does not have an effect on
DIF detection when the proportion of DIF items was small (Miller & Oshima.
1992, in Gierl, Jodoin, & Ackerman, 2000). However, when the proportion of
DIF items was large (20 to 40%), the purification resulted in MH DIF analysis to

be more accurate in flagging DIF.
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8.4. Methods

8.4.1 Participants

Participants in this study (N=815; Arab world n=198, China n=222, Spain
n=191, UK n=204) were sampled using a snowballing technique where an initial
sample of convenience was contacted through email and individuals were asked
to forward the invitation email and also though social networking websites
(described in the section 8.4.3 below). Age information was collected using age
groups: 18-25; 26-30; 31-35; 36-40; 41-45; 46-50; 51-55; 56-60; 61-65; 66 and
above. Participants across the four cultures were predominantly between 18 and

35. Gender ratio is approximately equal in all groups as summarised in table 8.1

below.
% fromthe % fromthe % from % from Spain
UK Arab world  China
n 204 198 222 191
Age bands
18-25 12.7 29.3 73.9 38.4
26-30 17.6 49.5 10.8 30.5
31-35 19.1 10.1 5.0 17.4
36-40 9.3 3.5 1.8 5.3
41-45 9.3 1.5 0 2.1
46-50 6.9 1.0 0 2.1
56-60 7.4 5 0.5 S
61-65 4.4 4.5 0 S
999 34 29.3 8.1 32
Gender
% Male 51.5 52.5 51.8 52.9
% Female  48.5 47.5 46.4 47.1

Table 8.1: Gender and age percentage across cultures
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All the samples had a relatively equal number of males and females filling out

the questionnaires as illustrated in figure 8.2 below.

Gender distribution across cultures

140 ‘
120 ]
100 DArabworld‘
%’ 80 @ China
o— 60 ‘ . |
3 o O Spain
0O UK
20 \
0 |
Male Female
Gender ‘

Figure 8.2: Gender distribution across cultures

8.4.2 . Materials

Four multi-lingual electronic versions (V5) of the Orpheus questionnaire
in: Arabic, Chinese, English and Spanish comprising of 190 items each

(appendix 35, 36, and 37).

8.4.3 Procedure

The electronic versions of Orpheus were circulated with an introductory
email explaining confidentiality issues and the purpose of the research (appendix
27) through snowballing technique. Each participant took the test in his or her
native language. Additionally, the link to the questionnaire with a brief about the
study was posted on social media networks such as Facebook and MySpace to
attract more participants since there was no funding available for incentives for

participants. However, in China data was partly collected in paper and pencil
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format. The instructions clearly states that there was no time limit associated
with the test and encouraged participants to answer as honestly as possible
because the questionnaire contains honesty check. After completing the test,
participants received a thank you email with a feedback report describing their

personality preferences at work with an opportunity for further feedback.

8.4.4 Analysis

8.4.4.1. Reliability analysis

Scale reliability analysis was computed for each scale and for each
culture separately. The analysis was conducted on the raw data to be consistent
with the measurement invariance analysis that will follow. Reliability coefficient
a, item facility and item discrimination are reported in tables 8.4, 8.5, 8.6, 8.7,

and 8.8 below.

8.4.4.2. DIF Analysis

Ordinal Logistic Regression was used as the main method for analysing
DIF, but ANOVA was also conducted in order to compare the scores that these
two DIF analysis techniques provide. For both analyses Total Scores and Score

Groups were calculated as outlined in the section below.
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Calculating the score groups

A total score for every scale was calculated by adding all the positive
items to all the reversed negative items and labelled TSF (for fellowship), TSA
(for agreeableness) etc.

The total scores were then grouped into 8 groups comprising of
approximately 50 participants each following the procedure suggested by van de
Vijver and Leung (1997). This entails combining the total scores (TSF for
fellowship, TSA for authority etc.) of UK data with the total scores of the target
culture data separately for each scale, in order to determine the cut off points
using the frequency option in SPSS. These cut off points were used to group the
scores into 8 groups with a relatively equal number of participants in each. The
new variables were called score group SGFArabic (fellowship Arabic)
SGFChinese (fellowship Chinese) SGFSpanish (fellowship Spanish) SGA Arabic
(for authority Arabic) and so on. As an example, the cut of points for Arabic and

English data are presented in table 8.2 below.

TSA TSC TSE TSD TSF
N Valid 400 397 401 399 397
Missing 2 5 1 3 5
Percentiles 12.5 37.00 48.00 38.00 44.00 50.00
25 39.00 51.00 41.00 48.00 53.00
37.5 41.00 53.00 43.00 51.00 55.00
50 43.00 55.00 45.00 53.00 56.00
62.5 45.00 57.00 47.00 56.00 58.00
75 47.00 59.00 49.00 58.00 59.00
87.5 50.00 60.00 52.00 61.00 62.00

Table 8.2: cut off points for Arabic and English data combined.
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Therefore, Total Score between 32 and 37 on Fellowship (TSF) were recoded as
Score Group 1 (SGFArabic), scores between 38 and 39 were recoded as
SGFArabic 2 and so on.

Ceiling and floor scores were also calculated by multiplying the number of items
in the scale (for example 22 for Fellowship) by the lowest option possible in the
Likert scale (1) to get the floor score (22) and by the highest option possible in
the Likert scale (4) (van de Vijver & Leung, 1997) to get the ceiling score (88) as
shown in the first two columns of table 8.3 below. As no ceiling or floor scores

were observed, no participant was disregarded form the analysis.

Scale Minimum Maximum Number of Number of possible scores
score score possible scores without ceiling and floor
F
A
C Copyrighted information
E
D

Table 8.3: Ceiling, floor and total scores for the 6 scales

Logistic Regression
As suggested by Zumbo (1999), Score Group was entered in the first

level of Ordinal Logistic Regression, Language was entered in the second step
and the interaction between Total Score and Culture was entered in the last step.

The two-degrees-of-freedom Chi-Square for detecting DIF was calculated by
deducting the Ay Chi-square of step 3 ¥ i (3) from Chi-squared of step 1 X (1)
as follows:

Ax*= x*(2)=Step 3 x*(3)- Step 1 x*(1)
DIF item; were flagged based on the two-degree-of-freedofn Chi-square having

p value less or equal to 0.01 and a Zumbo-Thomas effect size larger than 0.130.
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Neglecting to examine the effect size can lead to trivial effects being statistically
significant especially in large sample sizes (Zumbo, 1999). The Zumbo-Thomas

effect size is a weighted least squares effect size measure for LogR calculated as

follows:

AR* (Nigelkerke) = Step 3 R?-Step 1 R’
As discussed earlier, flagging an item as DIF results in a simultaneous test of
uniform and non-uniform bias (Swaminathan & Rogers, 1990 in Zumbo, 1999).
Therefore, further examination of the difference between R” from steps 2 and 3

is necessary for determining whether the DIF is uniform or non-uniform (Zumbo,

1999). These will be presented in the results section below.

ANOVA
Analyses of variance (ANOVA) was carried out with the items as

dependent variable and Language (two levels: English and Target language) and
Score Groups (eight levels) as independent variables. The analysis for each scale
in each culture was performed separately. The results are presented for all the
cultures but for each scale independently in tables 8.4, 8.5, 8.6, 8.7, and 8.8

below.
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8.5. Results

8.5.1 Reliability Analysis

Table 8.4 below presents a summary of the scale means and standard
deviations across the four cultures. Then for each scale, the results internal
consistency, item facility and item discrimination are summarized for the four
cultures. This will be followed up with tables to present the full result for each

scale across the four cultures.

8.5.1.1. Fellowship

Copyrighted information

8.5.1.2. Authority

Copyrighted information

8.5.1.3. Conformity

Copyrighted information

8.5.1.4. Emotion

Copyrighted information

8.5.1.5. Detail

Copyrighted information
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Alpha Mean Std. N of

Deviation Items
Authority Arabworld  0.62 43.45 5.078
China 0.44 42.41 4.021
Spain 0.63 41.71 5.174
UK 0.82 43.56 6.992
Fellowship Arab world  0.51 56.35 4.759
China 0.56 55.70 4.833
Spain 0.64 56.43 5.860
UK 0.64 55.49 5.563
Conformity Arabworld 0.47 55.68 4.725
China 0.42 55.87 4.255
Spain 0.46 55.89 4.663
UK 0.67 54.15 5.429
Emotion Arabworld 0.76 45.34 6.001
China 0.72 45.58 5.121
Spain 0.74 45.93 5.898
UK 0.81 44.74 6.207
Detail Arabworld 0.72 56.46 5.767
China 0.59 52.85 4.684
Spain 0.62 53.19 5.217
UK 0.85 49.32 7.768

Table 8.4: Scale means and Standard Deviations for the 4 cultures
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Culture (Coefficient a) Arab World (0.51) China (0.56) Spain (0.64) UK (0.64)

Item Facility  Discrimination  Facility  Discrimination  Facility = Discrimination Facility Discrimination
3.41 -.142 3.26 078 3.21 -.087 2.82 -.210
2.71 328 2.45 .190 2.62 g 2.30 288
3.10 094 237 217 2.78 143 2.84 .051
291 377 2.97 270 3.10 330 2.69 D2
2.32 13 2.58 231 2.66 .098 ; 2.60 046
2.94 137 2.72 .329 2.69 362 2.29 217
2.86 53 | 221 368 2952 443 2.92 .366
3.10 217 2.80 231 2.48 140 265 190
2.80 .260 2.39 118 2.68 239 2.57 299
2.78 299 2.83 S13 2.66 455 2.48 i b

Copyrighted information 2.39 034 220 019 2.21 -.004 2.27 096
2.16 140 2.62 013 2.37 300 2.19 351
2.09 .026 1.58 065 2.49 332 2,599 .095
1.88 124 L.97 -. 140 2.29 232 2.54 274
1.97 079 2.19 176 2.28 .158 2.27 309
2.37 214 2.52 312 2.82 342 2.60 .366
162 001 235 .188 219 158 223 043
2.10 .1 b7/ 2.90 233 2.25 405 2.46 420
3.03 223 2.56 138 2.52 .099 2.72 .089
225 -.053 2.54 207 227 002 2.44 SEF
2,72 191 2.67 283 2,35 185 2165 347
2013 182 2.58 041 2.84 065 297 246

Table 8.5: Comparing item facility for Fellowship scale across cultures
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Discrimination below 0.3; negative discrimination
b -

Culture (Coefficient a) Arab World (0.62) China (0.44) Spain (0.63) UK (0.84)
Item Facility Discrimination Facility Discrimination Facility Discrimination Facility Discrimination
222 .245 2.03 .088 2,57 135 2.05 .396
2.96 .199 3.05 115 2.76 155 2.54 326
3.05 215 2.74 292 2.59 .290 2.58 D17
2.50 160 2.90 064 2.38 187 2.37 296
2.55 474 2.16 240 1.77 446 2.21 .664
2.48 .493 245 .285 2.36 310 2.54 444
2.68 .206 2.80 057 2.61 .068 2.59 486
2.56 485 2.30 249 2.44 385 2.45 499
241 29T 2.55 268 2.83 070 2.42 .599
Copyrighted information 1.67 183 2.30 238 1.85 341 2.27 485
2:.92 218 2.16 210 2.61 036 2.72 496
1.83 034 2.28 016 1.79 .268 2.21 238
2.24 .081 2.15 -121 2.69 A17 2.67 354
2.41 174 2.36 .078 2.21 330 2.58 484
2.61 306 2.06 .248 2.44 292 2.79 548
2.24 217 1.77 117 1.80 325 2.16 441
217 .055 2.25 -.002 2.18 264 2.32 396
1.86 013 2.07 .053 1.87 127 2:21 121

Table 8.6: comparing item facility and discrimination for Authority scale across cultures

Discrimination below 0.3; negative discrimination

- 36 -




Culture (Coefficient a) . Arab World (0.47) China (0.42) Spain (0.46) UK (0.64)

Item Facility  Discrimination  Facility  Discrimination  Facility  Discrimination  Facility Discrimination

2.21 224 1.89 .143 1.82 325 1.62 292

2.25 .044 2.60 .081 2.00 200 2.12 409

2.88 .299 2.58 102 2.65 073 2.27 202

2.89 -.010 2.44 -.093 2.66 .028 2.32 -016

2.26 .091 2.70 .185 2.10 .103 2.08 .118

2.11 2075 2.24 .081 2.30 057 1.98 .363

2.97 -.022 2.76 154 2.83 -.125 2.60 239

2.13 133 2.32 211 2.37 032 2.26 .198

2.79 208 2.61 167 2.39 .022 2.33 441

2.53 107 3.11 .074 2.15 120 2.23 211

3.10 .086 2.81 119 2.84 -.139 2.74 .188

: . ; 2.57 .356 2.79 164 2.46 224 2.22 254
Copyrighted information 2.24 -.105 1.86 034 2.10 138 2.35 096
1.83 176 2.32 .161 2.05 404 2.39 .192

1.99 249 2.03 A21 2.47 133 2.45 .188

1.74 .199 2.00 .298 2.15 316 2.15 370

1.94 190 1.88 .195 1.97 272 2.31 140

1.81 -.040 1.85 -.098 2.01 171 1.81 254

2.40 .100 2.16 .082 2.38 155 2.41 149

2.18 214 2.16 186 2.65 036 2.25 169

1.83 -.044 1.70 .089 1.92 156 2.32 195

2.11 166 2.40 .035 2.28 .093 2.12 134

2.41 324 2.45 175 2.94 207 2.58 136

2,27 -.073 2.23 .018 2.39 .004 2.39 .098

Table 8.7: comparing item facility and discrimination for Conformity scale across cultures Discrimination below 0.3; negative discrimination
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Coefficient a Arab World (0.71) China (0.72) Spain (0.74) UK (0.81)

Item Facility  Discrimination  Facility  Discrimination  Facility  Discrimination  Facility  Discrimination
2.93 .348 2.96 222 241 .390 2:55 259
2.46 400 2.35 320 2.61 .359 2.48 335
3.28 213 2.65 144 2.82 .066 3.02 171
3.08 443 2.83 .507 2.76 296 247 617
2.67 488 2.76 393 2.79 271 2.51 .593
2.39 480 2.81 426 2.60 502 2.41 472
2.47 401 2.64 .280 2,71 e P47 2.51 375
2.58 367 2.50 358 2.53 342 2.40 436
2.91 AL 2.71 .348 2:72 281 2.66 404
Copyrighted information 1.99 396 2.50 423 2.30 361 2.44 604
222 -.014 2.30 279 232 .199 2.34 134
2.58 21 2.28 138 2.19 147 2.13 155
2.81 410 2.68 215 2.86 451 3.02 529
2.01 259 2.31 352 2.37 .284 2.05 .362
2.84 408 2.49 .025 2.79 492 2.74 222
1.88 318 2.07 .359 2.25 358 2.04 465
2.20 232 2.45 272 2.26 .289 2.42 302
1.92 440 2.31 387 2.64 343 2.64 476

Table 8.8: comparing item facility and discrimination for Emotion scale across cultures

Discrimination below 0.3; negative discrimination
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Culture (Coefficient a) Arab World (0.72) China (0.58) Spain (0.62) UK (0.85)

Item Facility Discrimination Facility Discrimination  Facility = Discrimination  Facility = Discrimination

3.41 375 3.24 310 3.21 224 2.83 539

3.17 383 2.79 438 3.01 455 2.54 .709

3.31 269 2.53 134 3.09 312 2.62 436

2.54 122 2.95 130 2.10 -.063 241 -.102

2.89 271 2.18 147 2.65 351 2.31 567

3.05 472 245 468 2.71 423 2.57 615

2.87 468 2.78 354 222 378 2.25 517

3.30 .350 3.00 035 2.89 220 2.66 .594

3.06 353 2.82 .168 2.88 297 2.68 .284

. . . 2.68 141 3.04 .261 2.86 230 2.45 .526
Copyrighted information 2.44 382 2.15 185 2.32 149 1.88 500
2.48 203 2.80 303 2.21 122 2.08 578

3.02 .286 249 -.003 3.08 239 2.87 216

2.31 301 2.31 138 2.15 133 1.99 402

2.80 217 2.70 110 2.65 176 2.71 232

237 294 2.37 244 2.53 .184 2.18 .550

2.59 .288 2.72 .081 2.67 229 2.54 484

2.88 405 2.58 377 2.66 384 2.67 492

2.81 328 2.55 311 2.80 194 2.89 077

2.08 -.052 2.61 -.239 2.47 =211 207 .299

Table 8.9: comparing item facility and discrimination for Detail scale across cultures

Discrimination below 0.3; negative discrimination
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8.5.2 Logistic Regression

The results of two-degrees of freedom Chi square Ax” (Step3-Stepl) and

the Zumbo Thomas effect size AR’ flagged DIF for approximately 12% of
Arabic items, 11% of Chinese items and 3% of Spanish items. Therefore, the
purification technique was not conducted on this data because the proportion of
items showing DIF is smaller than 20%, which is the smallest proportion that
would affect DIF detection (Miller & Oshima. 1992, in Gierl, Jodoin, &
Ackerman, 2000). This will be discussed further in the discussion.

For Arabic, 4 out of 22 items were flagged as DIF for Fellowship; 1 out
of 18 items for Authority; 4 out of 24 items for Conformity; 3 out of 18 of
Emotion items, but none of the items measuring Detail showed DIF. In the
Chinese sample, 3 out of 22 items were flagged as DIF for Fellowship; 2 out of
18 items for Authority; 5 out of 24 items for Conformity; none of the Emotion
items showed DIF, whereas one out of the 20 Detail items showed DIF.
Finally, for the Spanish sample, 2 out of 18 items for Authority and lout of 24

items for Conformity showed DIF. Fellowship, Emotion and Detail did not have

any DIF items. The results Ax” and AR are listed in tables 8.10, 8.11, 8.12,

8.13, and 8.14 with the DIF items highlighted in blue.
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Items Arab World (18% DIF) China (14% DIF) Spain (0% DIF)

A}(z p value AR? sz p value AR’ sz p value AR

64.205 <0.001 0.169 46918  <0.001 0.125 2777  <0.001 0.081
26.022 <0.001 0.057 2.703 >0.2 0.007 14.423  <0.001 0.035
11.302 <0.01 0.031 23282  <0.001 0.059 2.414 >0.2 0.007
10.639 <0.01 0.024 19238  <0.001 0.044 3491  <0.001 0.085

4.58 <0.2 0.012 4.474 <0.2 0.011 0464  >0.2 0.001
63.511 <0.001 0.146  37.678  <0.001 0.082 22.961  <0.001 0.057
14.423 <0.001 0.033  31.078  <0.001 0.066 2.433 >0.2 0.005

31.844 <0.001 0.075 4.101 <0.2 0.009 7.834  <0.02 0.021

4.795 <0.1 0.011 1.641 >0.2 0.004 0.773 >0.2 0.001
13.034 <0.01 0.028 32575  <0.001 0.069 3.472 <0.2 0.008
) ) ) 1.094 >0.2 0.003 1.074 >0.2 0.003 1.878  >02 0.006
Copyrighted information 7.201 <0.05 0.017  33.778  <0.001 0.077 1.959  >0.2 0.005
35.628 <0.001 0.092  148.954  <0.001 0.326 8211  <0.02 0.021

101.563 <0.001 0.242  99.153  <0.001 0.243 18.142  <0.001 0.052
22572 <0.001 0.056 3.45 <0.2 0.008 2566  >0.2 0.007

15.685 <0.001 0.036 2.149 >0.2 0.004 6.071  <0.05 0.014

83.08 <0.001 0.214 3.468 <0.2 0.009 3.680 <02 0.011

41.061 <0.001 0.094  64.691 <0.001 0.143 17.863  <0.001 0.086

17.263 <0.001 0.044 6.342 <0.05 0.016 9.688  <0.01 0.028

16.225 <0.001 0.043 2.811 >0.2 0.007 13.166  <0.01 0.037

0.134 >0.2 0 0.19 >0.2 0.001 11367  <0.01 0.031

6.664 <0.05 0.017 2.079 >0.2 0.006 1.4  <0.0l 0.03

Table 8.10: Uniformly and non-uniformly biased items from the Fellowship scale using Ordinal Logistic Regression
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Items Arab World (6% DIF) China (11% DIF) Spain (11% DIF)
Ay’ p value AR? Ay’  pvalue AR? Ay? pvalue  AR?
6.45 <0.05 0.015 1.512 >0.2 0.004 54.078 <0.001  0.136
48.404 <0.001 0.118 74.822  <0.001 0.174 15672 <0.001  0.042
44.453 <0.001 0.099 11.794  <0.01 0.024 4114 <02 0.01
4.531 <0.2 0.011 82.511  <0.001 0.2 0.586  >02 0.002
32.328 <0.001 0.056 2.476 >0.2 0.005 20.501 <0.001  0.038
13.883 <0.001 0.028 1.637 >0.2 0.004 1.924  >0.2 0.005
1.701 >0.2 0.004 20.624  <0.001 0.05 5375  <0.1 0.015
7.258 <0.05 0.014 0.857 >0.2 0.001 2979  >02 0.007
) . . 3.128 >0.2 0.007 11.69  <0.01 0.024 61.791 <0.001  0.153
Copyrighted information 66.382 <0.001 0.146 4.955 <0.1 0.01 16.959 <0.001  0.036
9.939 <0.01 0.022 53.807  <0.001 0.105 11.309  <0.01 0.028
29.252 <0.001 0.075 2.929 >0.2 0.007 20.444  <0.001  0.051
28.091 <0.001 0.068 48.018  <0.001 0.113 3767 <02 0.01
6.936 <0.05 0.017 8.048  <0.02 0.019 16.489 <0.001  0.038
6.633 <0.05 0.014 101.222  <0.001 0.182 13.985 <0.001  0.031
1.341 >0.2 0.003 24241  <0.001 0.053 14967 <0.001  0.033
10.641 <0.01 0.028 3.864 <0.2 0.01 0.633  >0.2 0.001
25.141 <0.001 0.066 4.303 <0.2 0.01 18.568  <0.001 0.05

Table 8.11: Uniformly and non-uniformly biased items (in bold) from the Authority scale using Ordinal Logistic Regression
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Items Arab World (17% DIF) China (21% DIF) Spain (4% DIF)

Ax*®  pvalue AR? Ay’ p value AR? Ay’ pvalue AR’
65.105  <0.001 0.145 10.889 <0.01 0.028 4221 <02 0.012
9.703  <0.01 0.023 32.261 <0.001 0.071 12.566 <0.01 0.031
69218  <0.001 0.153 10.902 <0.01 0.027 25487  <0.001 0.07
39.185  <0.001 0.099 1.108 >0.2 0.003 13.155 <0.01 0.038
4.05 <0.2 0.011 72.447 <0.001 0.166 1.017 >0.2 0.003
451 <0.2 0.01 15.233 <0.001 0.035 32192 <0.001  0.083
2662  <0.001 0.071 2.851 >0.2 0.007 17276  <0.001  0.054
8615  <0.02 0.022 2.296 >0.2 0.005 1.855 >0.2 0.005
38389  <0.001 0.081 12.612 <0.01 0.029 13.172 <0.01 0.035
18.078  <0.001 0.047 178.405  <0.001 0.361 4.488 <0.2 0.013
202 <0.001 0.051 0.564 >0.2 0.002 9.459 <0.01 0.028
C :hted inf " 13.637  <0.001 0.03 58.488 <0.001 0.131 3.814 <0.2 0.01
opyrighted mniormation 4.731 <0.1 0.013 53.949 <0.001 0.136 14.751 <0.001  0.042
89291  <0.001 0.223 4.571 <02 0.011 44.648  <0.001  0.118
47816  <0.001 0.115 44.62 <0.001 0.109 3.495 <0.2 0.009
57.055  <0.001 0.134 21.241 <0.001 0.048 4.366 <0.2 0.01
37529  <0.001 0.096 52.982 <0.001 0.131 43.441  <0.001  0.116
9988  <0.01 0.028 10.324 <0.01 0.028 2.71 >0.2 0.007
0844  <0.02 0.002 21.692 <0.001 0.058 3.539 <0.2 0.011
5.11 <0.1 0.013 5.471 <0.1 0.014 15.73 <0.001  0.043
65048  <0.001 * 0.17 117.414  <0.001 0.285 48206  <0.001  0.136
2.902 >0.2 0.007 11.502 <0.01 0.029 1.726 >0.2 0.005
21218  <0.001 0.05 9.091 <0.02 0.024 16204  <0.001  0.044
6246  <0.05 0.019 10.29 <0.01 0.03 0.03 >0.2 0

Table 8.12: Uniformly and non-uniformly biased items (in bold) from the Conformity scale using Ordinal Logistic Regression
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Items Arab World (12% DIF) China (0% DIF) Spain (0% DIF)
Ay’ p value AR? Ay’ p value AR? Ay’ pvalue AR?
2628 <0001 0.058 33.136 <0001 0.076 8019 <002 0.2
2846  >02 0.006 7.044 <005 0015 2564  >02  0.006
21544 <0001  0.057 36.865  <0.001  0.091 9325  <0.01 0.027
93.337  <0.001  0.157 2026 <0001  0.047 20774  <0.001 0.043
4297 <02 0.007 20066  <0.001  0.035 20723 <0.001  0.041
2074 >02 0.004 4475 <0001 0.086 4763 <01  0.011
1875  >02 0.004 2137 >02 0.005 4638 <01 0011
7.164 <005 0016 2091 02 0.007 2581  >02  0.007
. . . 16.963  <0.001 0.04 0643  >02 0.001 0.028  >02 0
Copyrighted information 58.874 <0001  0.105 6.045 <005 0011 19.959  <0.001  0.04
4312 >02 0.012 4038 <02 0.01 1686  >02  0.005
57409  <0.001  0.148 11014 <0001  0.031 1126  >02  0.003
12.875  <0.01 0.026 99335  <0.001  0.081 10294 <001  0.02
0773  >02 0.002 16.183  <0.001  0.036 15061  <0.001 0.037
752 <005  0.018 19252 <0.001 0.05 12792 <001  0.03
13491 <0.01 0.031 1854 >02 0.005 3912 <02 0.009
13495  <0.01 0.033 0.086  >02 0 11.874 <001  0.03
122.903  <0.001  0.231 3481 <0001  0.069 2245 02 0.005

Table 8.13: Uniformly and non-uniformly biased items (in bold) from the Emotion scale using Ordinal Logistic Regression
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