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Abstract: In the literature, response style is one of the factors causing an
achievement-attitude paradox and threatens the validity of the results
obtained from studies. In this regard, the aim of this study is two-fold.
Firstly, it attempts to determine which item response tree (IRTree) models
based on the generalized linear mixed model (GLMM) approach (random
intercept, random intercept with fixed effect of extreme response and
random intercept-slope model) best fit the Trends in International
Mathematics and Science Study (TIMSS) 2015 data. Secondly, it purports
to explore how the extreme response style affects students’ attitudes toward
mathematics of students. This study is both basic research and descriptive
research in terms of seeking for answers for two different research
questions. For the sample of this research, 15 countries were randomly
selected among countries participated in TIMSS 2015. The students’
responses to items measuring attitude in the student questionnaire were
analyzed with the packages “lme4” and “irtrees” in R software. When the
model fit indices were evaluated, the random intercept-slope model was
found to be the best fit to the data. According to this model, the extreme
response style explains a significant amount of variances in the students’
attitude toward mathematics. Additionally, students with a negative attitude
toward mathematics were found to have an extreme response style. It was
concluded that an extreme response style had an effect on students’ attitude.

1. INTRODUCTION
International comparative studies investigating the relationship between attitude and
achievement have reported conflicting results. Some researchers (Kadijevich, 2008; Marsh,
Trautwein, Lüdtke, Köller, & Baumert, 2005) indicated that students with a high level of
achievement in a domain tended to hold positive attitudes toward mathematics while others
(Buckley, 2009; Van de Gaer & Adams, 2010) found that these students had negative attitudes
toward the course despite their high achievement. The negative relationship between attitude
and achievement is also observed in international comparison studies concerning student
performance, such as TIMSS and The Programme for International Student
Assessment (PISA).
In contrast to motivational theories, such as the expectancy value theory (Atkinson, 1957),
which emphasizes the positive relationship between attitude and achievement, the direction of
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the relationship between attitude and achievement varies according to the investigation being
conducted at an individual or group level. In other words, there may be a positive relationship
between the attitudes of students toward a domain within a country, but a negative correlation
may be found between student attitude and achievement between countries (Bofah & Hannula,
2015; Van de gaer, Grisay, Schulz, & Gebhardt, 2012). Therefore, the interchangeable use of
correlations identified at the individual and group levels reduces the validity of the results
obtained from the studies (Robinson, 1950).
In the literature, the attitude-achievement paradox is defined as the relationship between attitude
and achievement being positive at the individual level but negative at the group level (Van de
et al., 2012). Another reason is the response style differences between countries (Buckley,
2009). Response style is “the tendency to respond systematically to the items of a questionnaire
regardless of their content” (Paulhus, 1991, p.17). The response style of individuals creates
various psychometric problems in the data (Bolt & Newton, 2011). More specifically, it reduces
the validity of test scores by producing a systematic error in the test scores of individuals with
the same level of knowledge, attitude or similar personality characteristics (Cronbach, 1946).
When focus is narrowed from the response style to extreme response style (ERS), ERS pulls
the response away from the center (midpoint) and therefore increases the estimated variance.
Additionally, when one of the end point (extreme response categories) is more chosen, bias can
occur.  More precisely, when people are more prone to choose positive extreme category than
negative extreme category, a positive bias may ocur. One the other hand, if people are more
prone to choose negative extreme response categoy when compared to positive extreme
response category, bias will be in the negative way  (Liu, 2015). Since correlation and variance
of the scores are partially related to each other, correlation between the variables is also affected
because of the extreme response style. Specifically, since ERS causes the increased variance,
the correlation between the variables of interest decreases as the tendency of choosing extreme
end points the individuals increases (Heide & Gronhaug, 1992). Additionally, due to the fact
that several statistical techniques such as regression analysis, canonical correlation analysis,
factor analysis are based on correlation, ERS will affect the results ontained from them
(Peterson, Rhi-Perez, & Albaum, 2012). Also, within-country correlations are affect by the ERS
since the amount of the degree of ERS changes from one country to another from one culture
to another
The fact that response styles lead to erroneous inferences and misapplications on educational
decisions and policies at the national level makes it important to correct the effects of these
response styles on the scores of psychological structures, such as attitudes. In this regard, there
are several methods proposed in the literature with a number of model-free and model-based
approaches being suggested as a way to address response style in rating data. The first methods
are based on getting frequencies of certain response categories which are selected (Bachman &
O’Malley, 1984). When there are finite number of response categories, dependincies among
them may be observed. In this case, the separate effects of them will be difficult to interpret.
Due to these dependencies among these measures, it is valuable to examine whether model-
based approaches give rise to similar results. In this regard, the item response tree (IRTree)
model was used in this study because it focuses on a response process that address how response
style may affect the selection of a response category (Böckenholt, 2017). The general rationale
for selecting this model is twofold: (i) IRTree models are more flexible and informative, which
helps them to solve problems that are not fixed by using other approaches, and (ii) IRTree
models can be seen as the generalized linear mixed models (GLMM), which allows the use of
the available user friendly software R and package, namely lme4 (Bates, Maechler, Bolker, &
Walker, 2015)
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1.1. IRTree Model
Response tree models are used for categorical data. In these models, the categorical response
categories can be converted to binary responses presented in a binary response tree. In this
situation, the response process can be accepted as a sequential process of passing through the
tree to its end nodes (Jeon & de Boeck, 2016). The model is referred to as an item response tree
model because it utilizes a tree structure (Boeckenholt, 2012; de Boeck & Partchev, 2012). It
contains sub-trees, internal nodes, and branches split off from these nodes and leaves. The
leaves can be seen as terminal nodes representing the observed categorical item responses. In a
tree structure, nodes and branches are represented by circles and arrows, respectively.
The IRTree model is can be used to handle extreme response tendencies in the multidimensional
item response theory framework. With this model, when individuals respond to ordinally scaled
items, it is assumed that s/he engages in a two stage decision-making process (Böckenholt,
2012). For instance, from an item with response options “1 (Strongly Disagree)”, “2
(Disagree)”, “3 (Agree)”, and “4 (Strongly Agree)”, a person may choose response categories
depending on two processes: s/he may first decide on in which the direction s/he should give a
response (positive or negative), and then decide on the extremeness of the response (Thissen-
Roe & Thissen, 2013). Each of these processes is referred to as a pseudo-item that is modelled
with a one- or two-parameter IRT model (Böckenholt & Meiser, 2017). In other words, for the
estimation of the multiple response models, pseudo-items are used to represent the outcomes of
each response process (Böckenholt, 2012)
An IRTree model is used to measure the sequential decision-making response process. In figure
1, IRTree model developed for a four-category Likert-scaled item is presented. The probability
of the direction of response (either agree or disagree) can be represented as a function of a latent
trait, θ1, which indicates the substantive trait of interest. The probability of extremeness of the
response can be represented as a function of a latent variable θERS, which refers to person’s
tendency to choose extreme responses (Thissen-Roe & Thissen, 2013). In this situation, the
probability of response extremeness is assumed to be independent from the first decision.

Figure 1. IRTree Model for a four-category item

This tree is called a nested tree since every node is connected to another node by branches (Jeon
& de Boeck, 2016). A two-parameter logistic (2PL) is used to model the first decision:

P( 1=1| 1)= ( ) and (1)
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P( 1=0| 1) = 1- ( 1=1| 1) (2)

where 1 refers to the intercept parameter and 1 is the discrimination parameter (Thissen-Roe
& Thissen, 2013). A modified 2PL model is used to model the second decision:

P( 1=1| ERS, 1) = ( ∓ ( )) and (3)

P( 1=0| ERS, 1) = 1- ( ∓ ( )) (4)

where 2 refers to the intercept parameter and 2 refers to the slope parameter indicating the
item-specific probability of extreme responding (Thissen-Roe & Thissen, 2013). The
parameter is used to represent compensatory characteristics of the two traits. This shift term,

2( 1+ 1 1), is used as an additive term when the response categories “3” and “4” (i.e., =3
and =4) and subtractive term when the response categories “1” and “2” (i.e =3 and =4).
When is positive, respondents with moderate tendencies will only give an extreme response
when their position has a strong intensity (Leventhal & Stone, 2018).
The model formulation of IRTree is based on two main assumptions: (i) the outcomes of the
internal nodes are independent of each other, and (2) each observed outcome is associated with
only one path. More precisely, according to these assumptions, each particular sequence of
conditionally independent internal decisions are resulted in a different observed outcome (‘1’,
‘2’, ‘3’, ‘4’). For example, the probability of a response given to an item is computed as the
product of the probability of decision 1 and the probability of decision 2. To explain it with a
formula, as stated by Leventhal and Stone (2018), the probability of selecting response option

given 1 and is

P( = )= ( 1)∗ ( 2) for =1,2,3, 4 (5)

In general, for each internal node of the tree, a different latent variable for each split between
the categories are allowed in IRTree models (linear or nested response trees). In addition, a
different set of item parameters can be used depending on the split.  All these facilities make it
possible for these models to measure latent variables with a different manner when compared
to other methods using a simple correct-incorrect scoring and other classical ordered-category
models (such as partial credit model-PCM and graded response model) (Boeck & Parthchev,
2012)
1.2. Other Related models
The main characteristics of IRTree models are that (i) they can be represented as a tree structure
and (2) they take into consideration of multiple sources of personal differences. In IRT, to
model categorical item responses a tree structure is exploited implicitly. For instance, in
sequential models proposed by Tutz (1990), all options for an item are reviewed sequentially.
These models include attempt-specific parameters to account for different probabilities of
success over repeated attempts. In a study conducted by Culpepper (2014), item responses some
of which were partially ordered and others were repeatedly attempted were modelled using a
sequential decision rule. Yavuz, Bulut, Ilgun Dibek and Kursad (2018) used sequential models
for repeatedly attempted item responses to determine the effect of this modelling on the
students’ performance. In addition, in different models were used, such as the rating scale model
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(Andrich, 1978), partial credit model (Masters, 1982), generalized partial credit model (Muraki,
1992), and a divide-by-total scoring rule indicating possible options are reviewed immediately
prior to final response. For example, in a study conducted by Ilgun Dibek, Bulut, Kursad and
Yavuz (2018), students’ responses were modelled utilizing this rule in PCM.  However, these
models mentioned above address a single source of individual differences in responding to
scale. Apart from these models, there are other IRT models that take into consideration multiple
sources of individual differences in students’ responses to items. For example, Huang (2016)
used the mixture random effect model to investigate the effect of ERS on rating scales by
identifying several latent classes from different ERS levels and detecting the possible items
which function differentially due to ERS. Johnson (2007) merged multiple latent traits to
address personal differences in response styles. Bolt, Wollack and Suh (2012) extended the
nested logit model to multidimensional model which can be used for multiple latent traits to be
applied to the choice of distractors for multiple-choice items. To narrow down these studies,
De Boeck and Partchev (2012) and Boeckenholt (2012) proposed item response models which
are represented as a tree structure and allow for the handling of multiple causes of personal
differences.
To sum up, when the literature and related methods for response style were examined it is clear
that the negative effects of the extreme response style on results obtained from several
techniques and international comprasion studies occur. In addition, there are several the
handicaps of different methods to determine the effect of ERS. Therfore, using relatively new
method which is more efficient to determine effect of it is necessary.
The purpose of this study is to determine the best IRTree model based on the GLMM approach.
It is also aimed to predict how extreme response style (ERS) affect students’ attitude scores
under the best model using TIMSS 2015 data. In this context, the questions that are sought to
be answered in the study are:
1. Which of the IRTree models (random intercept model, random intercept model with ERS
effect, random intercept-slope model) is best fitted to the TIMSS 2015 subdata?
2. What is the effect of ERS on the students’ scores regarding attitude-related constructs (liking
mathematics, self-confidence in mathematics, and value on mathematics) based on the model
that best fits the data?

2. METHOD
This is a basic research study in terms of determining the model that best fits the data by
analyzing different IRTree models based on the GLMM approach, and thus contributing to the
information necessary for test development theories (Kidd, 1959) as well as a descriptive
research study in terms of determining the effect of ERS among students and items and thus
providing accurate description of the phenemonen (Johnson & Christensen, 2008).
2.1. Population and Sample
The sample of the present study consisted of eighth-grade students of the countries in which the
attitude-achievement paradox was observed in TIMSS 2015. A two-stage stratified sampling
procedure was used to select the students. In the first stage, schools were chosen randomly in
accordance with their proportion in the population. In the second stage, at least one class was
randomly chosen from each of these schools. All the students in these classes were included in
the study (LaRoche, Joncas, & Foy, 2016). The reason why eighth grade students were chosen
is that fourth grade students, who also participated in TIMSS 2015, are not considered to be
aware of their own competences and attitudes, and thus cannot evaluate themselves effectively
(Harter, 1999).
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To determine which countries would be included in this study, all the countries were ranked
according to their mathematics achievement. Also, the percentage of the students whose
attitudes were negative were taken into consideration. Accordingly, in the five of these
countries, the students’ scores were above the average mathematics achievement of all countries
that participated in TIMSS 2015, but the percentage of the students with a negative attitude
toward mathematics regarding three attitudinal constructs were higher compared to the other
countries. In another five countries, the students had low mathematics achievement, but the
percentage of the students who had a negative attitude toward mathematics regarding three
attitudinal constructs was lower than the other countries. Therefore, these 10 countries were
selected since they better displayed the paradoxial relationship between attitude and
achievement. Then, to better represent the pattern of the relationship between attitude and
achievement of all countries participated in TIMSS 2015 and to equate the number of countries
in each segment, five countries in which the students had moderate mathematics achievement
and attitude toward mathematics were also selected. As a result, 15 countries were chosen.
For the selected countries, the mathematics achievement scores and percentages of the students
who had a negative attitude toward mathematics are given in Table 1 (Mullis, Martin, Foy, &
Hooper, 2016).

Table 1. Mathematics Achievement and Percentages of the Students

Countries Mathematics
Achievement

Do Not Like Learning
Mathematics

(%)

Not Confident in
Mathematics

(%)

Do Not Value
Mathematics

(%)

Singapore 621 33 46 8
Korea 606 58 55 24
Taipei 599 56 60 41
Hong-Kong 594 46 54 29
Japan 586 59 63 29
Norway 512 48 29 8
Australia 505 50 43 12
Sweden 501 52 41 14
International
Average 500 38 43 13
Italy 494 51 43 24
Malta 494 49 49 11
Turkey 458 30 54 12
Chile 427 50 52 12
Kuwait 392 36 38 12
Egypt 368 20 34 7
Saudi Arabia 392 42 33 15

The population and sample of these countries are presented in Table 2 (LaRoche & Foy, 2016).
As it can be seen from Table 2, the number of the schools included in sample and sample size
of the students changes from 48 to 285 and from 3759 to 10338, respectively. Moreover, some
of the countries (Singapore and Malta) included all schools in their sample.
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Table 2. Population and Sample
Population Sample
School Student School Student

Singapore 167 47626 167 6116
Korea 3007 587190 150 5309
Taipei 931 285714 190 5711
Hong-Kong 477 463863 133 4155
Japan 10406 1162528 147 4745
Norway 1000 61174 142 4795
Australia 2436 272115 285 10338
Sweden 1616 95438 150 4090
Italy 5718 554401 161 4481
Malta 48 4004 48 3817
Turkey 15583 1298955 218 6079
Chile 5390 240740 171 4849
Kuwait 327 39997 168 4503
Egypt 9900 1300305 211 7822
Saudi Arabia 7343 402639 143 3759

2.2 Data Collection Tools
In the current study, the data collection tool was a student questionnaire including the items
concerning the demographic information of the students, their home environment, learning,
school environments, their perceptions and attitudes (Hooper, Mullis & Martin, 2013). In this
study, the variables related to attitude, such as students’ liking learning mathematics, self-
confidence in mathematics, and value on mathematics were addressed in order to examine the
attitude achievement paradox mentioned in the literature and in the TIMSS report (Mullis et al.,
2016). The items related to these variables have four response categories, ranging from 1
(strongly agree) to 4 (strongly disagree). Therefore, a high score obtained from these scales in
TIMSS 2015 shows a negative attitude toward mathematics, while low scores indicate a positive
attitude. The Cronbach alpha reliability coefficients of the scores of the scales obtained from
the selected countries varied between .70 and .96 (Martin, Mullis, Hooper, Yin, Foy, & Palazzo,
2016). The fact that the reliability coefficients were greater than .70 indicates that the scores
obtained from the scales are reliable (Nunnally, 1978).
2.3 Data Analysis Procedures
The missing values in the data set of each country were deleted considering the high number of
individuals in the samples and the possibility of multiple imputation affecting response
categories (Mooi, Sarstedt, & Mooi-Rec, 2018) selected by students, which is crucial and main
focus for this study. As the categories of response to the items in the scales are ranked as higher
values representing negative attitude, a reverse coding was undertaken in order that the higher
values obtained from the scales would indicate positive attitude toward mathematics. The
students’ responses for each item were modeled by the IRTree given in Figure 1, and the
responses in this figure were converted to pseudo items presented in Table 3.
In Table 3, the pseudo-items and the category probabilities for this IRTree model are given. For
each item and student, two responses were assigned. For example, if the student’s responses to
attitudinal item was “1”, namely “strongly disagree”, s/he received a score of “0” for node D
and “1” for node “E”. The same procedure was implemented for all responses to the items of
the three attitudinal constructs.
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Table 3. Pseudo-items for four-category model
Response
Categories D E Category Probability

1 0 1 1 − 11 + ( ) ( 11 + ( ∓( )))
2 0 0 1 − 11 + ( ) (1 − 11 + ( ∓( )))
3 1 0

11 + ( ) (1 − 11 + ( ∓( )))
4 1 1

11 + ( ) ( 11 + ( ∓( )))
Once the scores were assigned to nodes, three different IRTree models based on GLMM were
applied and analyzed separately for three attitudinal constructs. Model 1 was created by
including the fixed effects of students. In this model, each subject is assigned a different
intercept value. In other words, this model accounts for baseline-differences in attitude toward
mathematics, and it is referred to as the random intercept model. Model 2 was conducted by
including fixed effects of students and the fixed effect of nodes; thus, it takes into consideration
of the effect of students’ extreme response style on their attitudes toward mathematics. In Model
3, the subjects are allowed to have both differing intercepts and different slopes for the effect
of extreme response style, and this shows how the effects of extreme response style varies
within the student population. This is called the random intercept-slopes model. All models
were estimated using the R packages of lme4 (Bates et al., 2015) and irtrees (Boeck & Partchev,
2012) (see for related codes in Appendix).
After running all the three selected models, ML estimation using likelihood-based fit statistics,
such as the likelihood-ratio (LR) statistics, Akaike’s information criterion (AIC), and the
Bayesian information criterion (BIC) were performed.  The LR statistics to compare the nested
tree models was utilized since LR tests can be used to determine the significance of node main
effects (Jeon & Boeck, 2016) as follows: suppose L0 and L1 are the likelihood of the data for
Model 1 with p0 (number of parameters) and for Model 2 with p1 (number of parameters),
respectively. When Model 1 is nested within Model 2, to compare these models, the following
procedure was employed: χ2 = −2 × (log L0 − log L1) follows a Chi-squared distribution with p1
− p0 degrees of freedom. This test rejects that the null hypothesis if χ2 is greater than a Chi-
square percentile with p1 − p0 degrees of freedom.
To determine how much of the variability in the dependent variable (attitude) was attributable
to other variables, such as personal differences and extreme response style, intra-class
correlation (ICC) was computed. ICC is calculated by dividing the between-group-variance
(random intercept variance) by the total variance. It can be considered as “the proportion of the
variance explained by the grouping structure in the population” (Hox, 2002, p.15).

3. RESULT / FINDINGS
Analyses conducted to determine the most appropriate IRT model for TIMSS 2015 data resulted
in some model fit indices being discussed. Some indices, such as likelihood- (LL), the degree
of freedom (df), BIC and AIC are presented in Table 4.
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Table 4. Model Fit Indices
Variables Models AIC BIC LL Deviance df

Like Model 1 163473.90 163572.00 -81726.90 163453.90 10
Model 2 160608.60 160716.50 -80293.30 160586.60 11
Model3 138874.30 139001.90 -69424.20 138848.30 13

Self-
confidence

Model 1 170379.80 170477.90 -85179.90 170360 10
Model 2 167464.80 167572.70 -83721.40 167443 11
Model3 153184.30 153311.90 -76579.20 153158 13

Value Model 1 151333.40 151431.60 -75656.70 151313 10
Model 2 136347.30 136455.20 -68162.60 136325 11
Model3 130778.20 130905.80 -65376.10 130752 13

As shown in Table 2, the three IRT models examined with the LL, BIC and AIC values, the
model that best fits is the third model for three attitude-related constructs since lower values of
these indices indicate a better fit to the data. In addition to these indices, -2 log χ2 values can be
compared to determine which model better fits the data. For example, for the variable “students’
liking of mathematics”, Chi-Square statistics, the degree of freedom and the difference between
the values of -2 log χ2 belonging to the Model 1 and Model 2 were evaluated first. Since the
calculated value (χ2 = 81726.90-80293.3= 1433.60) is greater than the table value (χ2(1; .001)
= 10.83), the difference between -2 log χ2 values is significant. In this case, it can be said that
the Model 2 is more suitable for the data. Then, the same comparison for Model 2 and Model 3
was undertaken. Since the calculated value (χ2 = 80293.3- 69424.2= 10869.10) is greater than
the table value (χ2(2; .001) = 13.82), the difference between -2 log χ2 values is significant. In
this case, it can be stated that Model 3 was more suitable for the data. The similar logic is also
valid for the other attitude related-constructs.
The estimates of the predictors (items and node 2) for students’ liking of mathematics and the
random effects obtained from analyzing model 2 are given in Table 5:

Table 5. Model Results
Liking Learning Mathematics Self-Confidence in Mathematics Value on Mathematics
Predictor Est. CI Predictor Est. CI Predic

tor
Est. CI

item1 .90 .87 - .93 item1 .73 .70 – .76 item1 2.14 2.11 – 2.17
item2 .75 .72 - .78 item2 .31 .28 – .34 item2 1.51 1.48 – 1.54
item3 .26 .23 - .29 item3 .26 .23 – .29 item3 2.32 2.29– 2.35
item4 .88 .85 - .91 item4 .35 .32 – .38 item4 2.00 1.97 – 2.03
item5 .80 .77 - .83 item5 .42 .39 – .45 item5 .57 .54 – .60
item6 .12 -.05 - .01 item6 .11 .08 – .14 item6 1.85 1.82 – 1.88
item7 .46 .43 - .49 item7 .20 .17 – .23 item7 2.25 2.22– 2.28
item8 .20 .17 - .23 item8 .54 .51 – .57 item8 2.65 2.62 – 2.68
item9 .51 .48 - .54 item9 .34 .31 – .37 item9 2.91 2.88 – 2.94
node 2 -.95 -.98 - -.92 node 2 -.85 -.88 – -.82 node 2 -1.97 -2.00 – -

1.94Random Effects Random Effects Random Effects
τ00 person 6.30 τ00 person 3.49 τ00 person 3.38
τ11 person.node2 9.12 τ11 person.node2 5.52 τ11 person.node2 3.15
ρ01 person -.71 ρ01 person -.66 ρ01 person -.38
ICC .41 ICC .39 ICC .51
Est.= estimation, p<.001



Int. J. Asst. Tools in Educ., Vol. 6, No. 2, (2019) pp. 300–313

309

According to Table 5, for example, for item 1 of the scale concerning students’ liking learning
mathematics, a one unit increase in the score of item 1 is associated with a .90 unit increase in
the expected log odds of students’ liking mathematics. Similarly, students who chose extreme
response categories are expected to have .95 lower log odds of liking mathematics than students
who do not choose extreme response categories. More specifically, tendency of displaying
extreme response style decreases their attitude scores regarding liking mathematics by almost
3-fold (e.95 = 2.56). Additionally, the same logic was found to be valid for the other attitude-
related constructs.
For the random effects, the variance at the second node was higher than the variance for an
individual. The same was also valid for the “students’ self-confidence in mathematics”. That
is, the variability in the score of students’ liking learning mathematics and self-confidence at
mathematics was mostly caused by students’ extremeness tendency. According to the results
concerning the students’ self-confidence in mathematics construct, ICC was found to be .41.
That is, 41% of the variance of students’ attitude scores regarding liking learning mathematics
was explained by students’ extreme response style and their individual differences. In addition,
it was found that there was a negative correlation between students’ scores of attitude-related
constructs (liking learning mathematics, self-confidence in mathematics and value of
mathematics) and node 2 specific traits (ρ01 = -.71, ρ01 = -.66, ρ01 = -.38, respectively). This
means that students who display a more extreme response style tend to have a lower score
regarding attitude toward mathematics. In other words, a student whose attitude is negative
tended to more choose categories “1” or “4” since node 2 represents the propensity for selecting
an extreme response.

4. DISCUSSION and CONCLUSION
The first aim of this study was to determine which IRTree models based GLMM approach is
best fitted to analyze the TIMSS 2015 subdata. The second aim was to investigate the effect of
ERS on students’ attitude toward mathematics depending on the analysis of the model that best
fitted the data. To achieve these aims, predictions were made by utilizing three different models
for each attitudinal constructs.
The third model, which was more complex including both random effect and random slopes for
students, as well as the fixed effect of nodes, was concluded to be the best fit to the TIMSS
2015 subdata for three constructs regarding attitude. Similar findings were also found in the
study by De Boeck and Wilson (2004), who investigated the role of admission and affirmation
in the individuals’ responses to items measuring verbal aggression. To achieve this, they tested
different models by excluding and including the fixed effect of two nodes and random effect of
the individuals. In their tree structure, the first node represents admitting the aggressive
reactions and the second node concerned affirmation. They concluded that the most complex
model including the fixed effect of the nodes and random effect of the individuals was best
fitted to the data.
It was concluded that students’ extremeness tendency explained a significant amount variability
in students’ attitude toward mathematics; thus, an extreme response style had an effect on
students’ attitude. This result was also supported by a study by Bökhenholt and Meiser (2017),
in which different IRT models (mixed polytomous Rasch models and item response tree
models) were used to control response styles in rating scales. They indicated that response styles
affect students’ response to personal need for structure construct and the models used in their
study differed in presenting response styles as multidimensional sources of individuals’
variances.
In addition, students whose attitude was positive tended to choose mid-points. This result can
be related to cultural dimensions of the selected countries. In other words, structure of their



Ilgun Dibek

310

societies may shape their responses to Likert items. For example, according to Hofstede (2001),
except for Australia and European countries (Norway, Australia, Sweden, Italy and Malta), the
majority of the selected countries are considered to be collectivistic. As emphasized by
Hofstede, in collectivist societies, people generally act as members of group or organization. In
such cultures, the interconnectedness between individuals plays an important role in their life
with loyalty in these societies being at the forefront. Those from collectivistic cultures are more
likely to choose responses at midpoints as a result of their desire to maintain harmony in society.
The presence of the effect of the response style in large scale assessments, which was
demonstrated in this study, requires all educational stakeholders be more conscious and careful
for practice in educational field. Expecially, policy makers who cares the results of international
assessments must be aware that differences in attitudes of the students coming from different
countries may be caused from response style and take several steps by keeping this issue in
their mind.  Although this study has catched up some valuable points, it has several limitations.
Firstly, considering the role of response style on attitude-achievement paradox, only the Likert
scales measuring attitudinal constructs have been addressed in this study. Since response style
can affect the responses of the students to the items related to other constructs, future
researchers can test the model-data fit for the data of different scales used in TIMSS 2015. Also,
the approach used in this study could be easily expanded to analyze the effect of other respose
styles, such as midpoint response style, acquiescence response style. The items used in this
study has four response categories. To put it in different words, none of the items have mid-
point response categories. This issue may lead the students to choose extreme end-points of the
response categories. Therefore, the same approach can be used for items having mid-point
response categories to determine whether the presence of this categories change the result. In
addition, in this study IRTree models based on the GLMM approach were used due to their
flexibility; however, further studies can be conducted to compare other models used for
polytomous items and to determine which model is best fitted to the data.
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Appendix

library(irtrees)
library(glmertree)
library(reshape)
library(haven)
data <- read_sav("C:/Users/computer/Desktop/data.sav")
View(data)
data<-data.matrix(data)
datamap <- cbind(c(0, 0, 1, 1), c(1, 0, 0, 1))
dataT <- dendrify(data, datamap)
model1 <- glmer(value ~ 0 + item + (1|person) , family = binomial, data = nesrespT, control =

glmerControl(optimizer = "bobyqa"))
model2 <- glmer(value ~ 0 + item + node + (1 | person) , family = binomial, data = nesrespT,

control = glmerControl(optimizer = "bobyqa"))
model3 <- glmer(value ~ 0 + item + node + (1+node| person) , family = binomial, data =

nesrespT, control = glmerControl(optimizer = "bobyqa"))
> anova(model1, model2, model3)


