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Abstract

It is widely recognized that mathematics plays a fundamental role in the advancement
of science and technology. There is, therefore, considerable interest in research on
factors that affect mathematics achievement. The motivation of students is considered
one of the most influential factors in their performance in mathematics. The

expectancy-value theory (EVT) is one of the dominant theories of motivation.

This study uses Trends in International Mathematics and Science Study (TIMSS) 2019
data for 8th-grade students in Japan, Turkiye, and England. This study aims to
contribute to the field in terms of methodological and substantive aspects.
Methodologically, it examines the psychometric properties (factor structure, method
effects of negative coded items, reliability) of TIMSS 2019 motivation measures of
Japan, Turkiye, and England. It also compares confirmatory factor analysis (CFA) and
exploratory structural equation modelling (ESEM) measurement models in terms of
model fit. Substantively, it investigates the relationship between students' motivation
towards mathematics (mathematics self-concept (MSC), mathematics intrinsic value
(MIV) and mathematics utility value (MUV)) and student background factors (gender
and home educational resources) in predicting mathematics achievement and
educational aspiration. It also examines the interaction between MSC and task value
(MIV and MUV). A variety of advanced quantitative methods are used to analyse data,
including factor analysis, confirmatory factor analysis (CFA), exploratory structural
equation modelling (ESEM), and mediation analysis under structural equation

modelling (SEM).

Methodologically, the results of the study show that the TIMSS 2019 motivation

measures provide valid and reliable constructs for Japan, Turkiye, and England.

iv



TIMSS 2019 motivation constructs support the a priori factor structure that they are
designed to measure. However, negatively coded items negatively affect model fit.
Furthermore, the results of this study found a high correlation between mathematics
intrinsic value and mathematics self-concept. The ESEM measurement model
provides a better model fit in comparison to the CFA measurement model. Substantive
results show that mathematical self-concept is the variable with the strongest effect on
mathematics achievement among motivational constructs. The interaction of MSC and
task value also has a significant effect in predicting mathematics achievement and
educational aspiration. Gender has little effect on mathematics achievement, but male
students have higher MSC values than female students. Female students have higher
educational aspirations than male students. Furthermore, the mediation model
provides evidence that motivation constructs, particularly MSC, play a significant
mediating role in the relationship between gender and HER and mathematics

achievement.

Overall, this study makes a key contribution to analysing the psychometric properties
of TIMSS 2019 motivation data and understanding its relationship with mathematics
achievement and educational aspirations. These findings should be used to inform the
development of TIMSS motivation measures and the future development of
educational practitioners' understanding of the relationship between student

motivation and mathematics achievement.
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Chapter 1: Introduction

1.1. Introduction

Education plays an important role in establishing a country’s competitive advantage
in today’s growing global economy. Mathematics education is of great national
importance, being at the forefront of science and technology in this technologically
oriented era (Ker, 2013). As a result of globalisation and the rapid development of new
technologies, educational policies need to respond to these changes. The development
of high technology requires a solid understanding of mathematics. It has been
identified that students’ interest and motivation to learn mathematics are crucial during

the secondary school years (Brophy et al., 2008; Dawes and Rasmussen, 2007).

Large-scale international assessments provide ample data on education-related
policies and practices to monitor education systems and make global comparisons.
The Trends in International Mathematics and Science Study (TIMSS) is one of the
most respected among large-scale international assessments. This study assesses
international students’ achievement in mathematics and science at the fourth- and
eighth-grade levels. The most recent assessment, TIMSS 2019, included students from
64 countries in the fourth (average age 10) and eighth grades (average age 14) (Mullis

etal., 2017).

This thesis examines the psychometric properties of the constructs measuring students'
motivation towards mathematics in TIMSS 2019 and investigates the relationship
between motivation and mathematics achievement and educational aspirations.
Specifically, in TIMSS 2019, students' attitudes towards mathematics were measured
through the constructs "students like mathematics”, "student value mathematics", and
"student confidence in mathematics". Firstly, this thesis comparatively investigates the

1



psychometric properties of these constructs provided by TIMSS in countries with
different demographic and cultural backgrounds, such as Japan, Turkiye, and England.
It then analyses the relationship between motivational factors, gender, home
educational resources (HER) and mathematics achievement and educational aspiration

within the framework of expectancy-value theory (Eccles, 1983).

This chapter presents an overall view of the study. First, this chapter starts with
descriptive information about TIMSS, as the data source of this thesis. Then, the
chapter examines the education systems and mathematics curricula of the countries
involved in the study (Japan, Turkiye, and England) and the impact of TIMSS on their
educational systems. Next, we provide a brief overview about the key theoretical
concepts underpinning in the study, followed by a brief mention of the problem
statement, the purpose of the study, and its importance. Finally, this chapter ends with
a section describing the thesis’s overall structure and the organisation of the other

chapters.

1.2. The Data Source — TIMSS

International large-scale assessments (ILSAS) provide information about a particular
curriculum area and overall levels of student achievement in an educational system.
The importance of ILSAs has continued to increase over the last two decades as a
means of monitoring and improving the quality of education systems (Clarke and
Luna-Bazaldua, 2021). Furthermore, ILSAs have been used to monitor whether
student achievement standards have been rising or falling over time (Greaney and
Kellaghan, 2008). These assessments not only measure mathematics or science
achievement but also collect data from teachers, school principals, parents, and

students. These include educational contexts such as gender performance, students’



background, home environment, students’ attitudes towards learning, school facilities,
educational support, availability of resources, curriculum and teaching approaches,
and teacher preparation in teaching. This serves to facilitate identification of the
factors that directly affect achievement. In addition, countries can monitor their
education systems and analyse those of successful countries from a comparative

perspective through the data provided by ILSAs.

The most well-known ILSAs are the Trends in International Mathematics and Science
Study (TIMSS) and the Progress in International Reading Literacy Study (PIRLS),
organised by the International Association for the Evaluation of Educational
Achievement (IEA), and the Programme for International Student Assessment (PISA),
organised by the Organisation for Economic Cooperation and Development (OECD).
There are important differences between PISA, TIMSS, and PIRLS. The latter two
(TIMSS and PIRLS) are curriculum-based and require certain content coverage, while
PISA is focused on students’ ability to apply their skills in the modern world (Fishbein
et al., 2021; OECD, 2019). While TIMSS measures the performance of the fourth
(aged 9-10) and eighth (aged 13-14) grades, PISA investigates the performance of the
ninth grade (aged 15) (Fishbein et al., 2021; OECD, 2019). The latter provides
background data related to reading due to its focus on literacy in the latest PISA
(2018); TIMSS, on the other hand, provides mathematics-related background data,
such as information on school resources, student attitudes, instructional practices, and
home support. The data in this thesis are derived from the most recent wave of the
TIMSS from 2019 (Fishbein et al., 2021) because of my personal interest in
mathematics achievement and the related factors that go with it. A more detailed

description of the data set can be found in Section 3.2 of Chapter 3.



The TIMSS programme includes an assessment of the mathematics and science
knowledge of fourth (or fifth) and eighth (or ninth) grade students in various countries
worldwide. The International Association for the Evaluation of Educational
Achievement (IEA) conducts the TIMSS survey, which allows participating countries
to compare cross-border educational achievements in mathematics and science and
monitor educational achievement progress over time. Contextual information about
students’ homes, schools, and classrooms is also collected by TIMSS to explain their
academic achievement. The assessment consists of projects carried out on a four-
yearly basis since 1995, across grade levels four and eight. The latest cycle of TIMSS

was conducted in 64 countries (Mullis et al., 2020) in 2019.

The TIMSS mathematics and science scale was developed to range from 0 to 1,000 by
taking the distribution of achievements of the participating countries as a reference.
But in practice, student performances usually range between 300 and 700 (Mullis et
al., 2020). The mean of the overall distribution of achievement is 500 points, which is
the centre point of the scale, while the standard deviation of distribution is 100 points.
Assessment data from subsequent cycles have been linked to these scales to determine

whether average achievement has increased or decreased over time.



Figure 1. 1 International benchmarks of mathematics achievement in TIMSS 2019

. Advanced International Benchmark

625 Students can apply and reason in a variety of problem situations, solve linear equations, and make generalizations. They
can solve a variety of fraction, proportion, and percent problems and justify their conclusions. They can understand
linear functions and algebraic expressions. Students can use their knowledge of geometric figures to solve a wide range
of problems involving angles, area, and surface area. They can calculate means and medians, and understand how
changing data points can impact the mean. Students can interpret a wide variety of data displays to draw and justify
conclusions, and solve multistep problems. They can solve problems involving expected values.

O High International Benchmark

550 Students can apply their understanding and knowledge in a variety of relatively complex situations. They can solve
problems with fractions, decimals, ratios, and proportions. Students at this level show basic procedural knowledge
related to algebraic expressions and equations. They can solve a variety of problems with angles, including problems
involving triangles, parallel lines, rectangles, and congruent and similar figures. Students can interpret data in a variety of
graphs and solve simple problems involving outcomes and probabilities.

. Intermediate International Benchmark

475 Students can apply basic mathematical knowledge in a variety of situations. They can solve problems involving whole
numbers, negative numbers, fractions, decimals, and ratios. Students have some basic knowledge about properties of
two-dimensional shapes. They can read and interpret data in graphs and have some rudimentary knowledge of
probability.

O Low International Benchmark

400 Students have some knowledge of whole numbers and basic graphs.

Source: IEA’s Trends in International Mathematics and Science Study TIMSS 2019 Downloaded from

http://timss2019.org/download

The TIMSS international benchmarks levels in mathematics are summarised in
Figure 1.1. There are four levels on the TIMSS eighth-grade mathematics achievement
scale about students’ performance on the assessment items. TIMSS describes
achievement at each point along this scale as an international benchmark that allows
for interpretation of the results. These are the “Advanced International Benchmark
(625)”, “the High International Benchmark (550)”, “the Intermediate International
Benchmark (475)”, and “the Low International Benchmark (400)” (Fishbein et al.,
2021). For example, at the Low International Benchmark, students demonstrate
knowledge of whole numbers and basic graphs while at the Advanced International

Benchmark, they demonstrate some knowledge of complex situations and reasoning.

The TIMSS 2019 mathematics assessment is known to encompass two different

aspects for students in Grade 8. The first of these centres on content, which spans four
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different fields, namely algebra, data and change, geometry, and number; the second
pertains to cognition, which comprises knowing, applying, and reasoning; the
knowing area evaluates the knowledge of the learner in regard to mathematical factors,
concepts, and procedures; whereas the applying area considers the degree to which
students are able to apply their knowledge to overcome problems. Reasoning is centred
on the overall ability of the student to overcome complex contexts, unfamiliar
situations, and multi-step problems (Grenmo et al., 2015). Figure 1.2 shows the target

percentages for content and cognitive domains.

Figure 1. 2 Content and cognitive assessment target percentages

Number 30%
Algebra 30%
Geometry 20%
Data and Probability 20%

Knowing 35%
Applying 40%
Reasoning 25%

Source: IEA’s Trends in International Mathematics and Science Study TIMSS 2019 (Mullis et al., 2019)

This thesis utilises TIMSS 2019 data from Japan, Turkiye, and England. In the
following section, the reasons for selecting these countries and information about their

education systems are given.



1.3. Country Educational Profiles

The purpose of this section is to provide relevant information on the education systems
of England, Japan, and Turkiye. Therefore, as it is a comparative study in nature, it is
important to understand the educational systems of these countries and the different

impacts of TIMSS in these countries.

Two significant reasons have led to the selection of Japan, Turkiye, and England for
this study; first of all, Japan is one of the countries with the highest TIMSS scores in
mathematics; with a total of 594 mathematics achievement score, Japan had one of the
best performance in this category. England’s performance was above the central point
(500) with a mathematics achievement score of 515, whereas Turkiye was slightly
below the central score (500) with a score of 496. This selection thus allows the
investigation of the impact of student motivation in countries with different levels of
mathematics achievement. The second reason was to examine the critique that TIMSS
motivation measures are based on the West and that the factor structures, validity, and
the concern that the reliability of these scales might be lower in countries other than
Western countries (Bofah and Hannula, 2015; Marsh et al., 2013a; Metsamuuronen,
2012; Rutkowski and Rutkowski, 2010). Therefore, England is selected as a Western
country; as an Asian country Japan represents a different culture, and Turkiye is a

culturally diverse country, arguably with characteristics of both the West and the East.

For each country, | first explain the educational structures of the countries and then
explain how TIMSS has affected their education systems and educational policy and
reforms. Then | present the countries’ past TIMSS performance, and finally, I give an
overview and objectives of the mathematics curriculum in each country. This will help

me to cross-culturally discuss the psychometric properties of the TIMSS motivation



measures and their relationship with mathematics achievement and educational

aspiration (see Discussion in Chapter 7).

1.3.1. Education system of England

The Department for Education (DfE) is responsible for the school system in England
(DfE, 2019). A total of 8.82 million students attended 24,323 schools and 257 further
education colleges in 2019 (Isaacs et al., 2020). Full-time education is compulsory for
children between the ages of 5 and 16 years old. The legal requirement for young
people is to enrol in a full-time educational programme, an apprenticeship or
traineeship, or a part-time educational programme along with paid or volunteer work

until the age of 18 (Greaney and Kellaghan, 2008).

Primary school students typically move to secondary school at 11 years old. In most
secondary schools, students can remain in education until the age of 18; however,
students may also attend Sixth Form colleges, FE colleges, apprenticeships, or
traineeships as early as 16 years old (Isaacs et al., 2020). A state-funded school can be
classified as a maintained school by a local authority, an aided school by volunteering,
an academy, or a free school. “All schools, state-funded or independent, are required
to provide a broad and balanced curriculum, and there are statutory requirements for

particular subjects” (Isaac et al., 2020, p.1).

The country introduced a new national curriculum between 2014 and 2016, which is
available to academies, free schools, and independent schools (DfE, 2014). Every key
stage has its own set of programmes of study that define performance expectations

(Isaac et al., 2020).



1.3.1.1. The mathematics curriculum in England

Students taking TIMSS assessments in Grade 8 (Year 9) are generally expected to
have completed most of the Key Stage 3 mathematics programme of study, which is
designed to ensure that all students are proficient in the following areas (Isaacs et al.,

2020):

e Students need to develop conceptual understanding and be able to recall and
apply information quickly and accurately in order to become fluent in the
fundamentals of mathematics.

e Using mathematical language to develop an argument, justification, or proof
based on a line of inquiry, assuming relationships, and generalising.

e Utilise mathematics to solve problems of increasing complexity, following

simple steps and persevering to find solutions.

1.3.1.2. Impact of TIMSS in England

England has participated in all TIMSS cycles since 1995. Figure 1.3 illustrates the
trend in eighth-grade students’ mathematics scores in England. The table shows that
English eighth-grade students achieved slightly above the centre point of 500 points

after 2007.

In high-performing countries such as Japan, a higher percentage of students achieved
Advanced and High TIMSS International Benchmarks in both subjects; but in
England, the achievement gap between more advantaged and less advantaged students
was larger than in most other countries with high academic achievement (Richardson
et al., 2020). This means that the achievement gap between students is less than in
England for top achievers in countries such as Japan. In other words, the majority of

students perform well in countries with high performance in TIMSS.



In England, participating schools are provided with confidential feedback to support
their professional development and school improvement (Isaacs et al., 2020). In
addition, TIMSS school conferences are held to discuss national results and share
improvement ideas. The results of TIMSS have been used to determine improvement
priorities for policy and practice (in conjunction with other international studies).
These priorities can be identified through the National Centre for Excellence in the
Teaching of Mathematics (NCETM) and the National Science, Technology,

Engineering, and Mathematics (STEM) Learning Centres (Isaacs et al., 2020).

Figure 1. 3 Trends in mathematics in England at Grade 8 (Year 9)

1995 1999 2003 2007 2011 2015 2019

560 +

460 +

Source: IEA’s Trends in International Mathematics and Science Study TIMSS 2019 (Mullis et al., 2019)

1.3.2. Education system of Japan
The fundamental law of education in Japan was legislated in 1947 and revised in 2006
(Hou, 2006). The law outlines the fundamental principles of Japanese education and

ensures that all students have access to free, compulsory education for nine years
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(Kelly et al., 2020). School education is administered by the Ministry of Education,
Culture, Sports, Science and Technology (MEXT). Almost all public schools are
established and maintained by local governments, which are accountable to prefectural

or municipal education boards.

Atevery level of the academic hierarchy, there are both public and private institutions.
National government is responsible for covering the majority of the expenses
associated with national schools, while municipalities and prefectures are responsible
for supporting their own schools with some government assistance (Kelly et al., 2020).
The Japanese educational system has three levels of education: six years of primary
school, three years of lower secondary school, and three years of upper secondary
school. Students may also attend six-year secondary schools with a combination of

lower and upper secondary education (MEXT, 2019).

Almost all children aged 6-15 are enrolled in school, which is compulsory and
requires them to complete six years of primary and three years of lower secondary
education. The percentage of students enrolled in upper secondary school in 2018 was
98.8%, while for those entering higher education it was 53.3% (MEXT, 2019). A full-
time, part-time, or correspondence education is available in upper secondary schools.
Most students finish upper secondary school in three years in full-time schools, but it
may take longer in part-time and correspondence schools. The percentage of upper
secondary students enrolled full-time in 2018 was approximately 97.3% (MEXT,

2019).

1.3.2.1. The mathematics curriculum in Japan

It is a requirement for students in primary, lower secondary, and upper secondary

schools to study mathematics. Mathematics activities have been included in the
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curriculum objectives since the 1998 revision of the mathematics curriculum (Kelly et
al., 2020). In addition, students at the primary and lower secondary levels are expected
to enjoy mathematics, while students at the upper secondary level are expected to
develop creativity in mathematics as an objective (Kelly et al., 2020). Curricula for
mathematics are structured in three parts: a general objective, a grade-specific
objective, and a syllabus. In addition, objectives and content, teaching plans, and
remarks on content specify methods and materials to some extent. It is furthermore a
requirement of the primary school curriculum that mathematics be covered in a certain
number of class periods each year. Providing quality instruction in mathematics
content is a requirement for all schools. It is the responsibility of each school to
develop a mathematics strategy that includes a description of goals, content, qualities,
and attitudes that should be fostered, learning activities, teaching procedures, teaching

structure, and assessment strategies (Kelly et al., 2020).

In lower secondary mathematics (Grades 7 through 9), the following objectives are
intended: Enhance students’ understanding of number, quantity, and geometrical
concepts, principles, and rules; enhance students’ ability to analyse and represent
phenomena mathematically by teaching them mathematical processing and
representation; promote students to use their mathematical understandings and
abilities when thinking and evaluating, and encourage them to enjoy mathematics and

appreciate its value (MoE, 2008).

1.3.2.2. Impact of TIMSS in Japan

TIMSS has been conducted in Japan every four years since 1995 (1999, 2003, 2007,
2011, 2015, and 2019). Figure 1.4 shows the TIMSS mathematics performance of

Japanese students since 1995. As can be seen, Japanese students performed above the
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average score of 500 in all TIMSS. This makes it one of the top countries among those

participating, with the highest achievement in mathematics.

Both PISA and TIMSS are activities which are conducted by the National Institute for
Educational Policy Research (NIER) under the auspices of MEXT’s educational
policies, and both tests are administered by the NIER (Kelly et al., 2020). The TIMSS
results have been used in several research studies addressing improvements in
teaching and learning (Saruta, 2010, cited in TIMSS team in Japan, 2020). In addition,
a variety of education reform discussions have referred to TIMSS results as reference
material (TIMSS team in Japan, 2020). The NIER is the home of the TIMSS National
Study Center, which facilitates the dissemination of TIMSS’s findings to
policymakers. These are particularly useful to mathematics and science curriculum

specialists at NIER.

Figure 1. 4 Trends in mathematics in Japan at Grade 8

1995 1999 2003 2007 2011 2015 2019
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530 +

Source: IEA’s Trends in International Mathematics and Science Study TIMSS 2019 (Mullis et al., 2019)
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1.3.3. Education system of Turkiye

Education and training facilities are monitored, inspected, and assessed by the
Ministry of National Education (MoNE, 2017). The Ministry of National Education
has the following responsibilities according to the Degree Law Regarding the
Organizational Chart and Responsibilities of the Ministry of National Education

(MoNE, 2011):

Provide students with a variety of abilities, including physical, mental, moral, spiritual,

social, and cultural skills at pre-primary, primary, and secondary levels.

e Plan, implement, and update education curricula and provide educational
services for students and teachers.

e Develop, implement, monitor, and update a national policy for every level of
education as necessary.

e Design an educational system that promotes innovation, is dynamic, and meets
the needs of economic and social progress.

e Aim to ensure that all citizens have equal access to education.

e Ensure equitable access to education for female students as well as those with
special needs.

e Develop and implement a curriculum for gifted students.

According to Turkish legislation enacted in 2012, primary and secondary education is
compulsory for 12 years. It is known as the “4 + 4 + 4 Education System”, which
consists of four years of primary school, four years of lower secondary school, and
four years of upper secondary school (Parlak et al., 2019). The Turkish educational

system is structured as follows: preschool education, basic education (which
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comprises primary and secondary school), secondary education (high school), and

higher education.

1.3.3.1. The mathematics curriculum in Turkiye

Mathematics is viewed as a tool for solving problems and sharing ideas and solutions
in the current primary mathematics curriculum. Hence, the mathematics curriculum at
the primary level aims to develop students’ mathematical literacy and cognitive
abilities, to teach them to comprehend and apply mathematical concepts in daily life
(Parlak et al., 2019). The topics of the curriculum are also chosen based on the
developmental level of each grade’s students. Students are expected to become more
active participants in mathematics through these strategies (TTKB, 2018). As part of
the curriculum, students are encouraged to express their thinking and reasoning, share
and discuss their solutions, and develop their research, production, and use skills
(TTKB, 2018). It is anticipated that these processes will improve students’ responsible
and systematic characteristics. There is an emphasis throughout the primary school
mathematics curriculum on conceptual and procedural understandings of
mathematical concepts (TTKB, 2018). The philosophy of the education programme is
to develop a positive attitude towards mathematics, as well as self-confidence in
solving mathematical problems. It is intended that mathematics be integrated with

other subjects and disciplines throughout the curriculum (Argiin et al., 2010).

1.3.3.2. Impact of TIMSS in Turkiye

In the years 1999 and 2007 TIMSS assessments were administered to eighth-grade
Turkish students, while in 2011, 2015, and 2019 they were administered to Turkish
students in the fourth and eighth grades. Figure 1.5 shows the performance of Turkish

students in TIMSS mathematics since 2011 (the figure taken from TIMSS and scores
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before 2011 are not shown in the report). The table shows that the mathematics
performance of Turkish students has been on an upward trend since 2011. In the last
cycle, TIMSS 2019, Turkish students scored 496 points, very close to the centre point
of 500 points. This assessment is one of the international indicators used to monitor
education in Turkiye and the results for students in Tirkiye are considered an
important reflection of the quality of their education (Parlak et al., 2019). This
indirectly influences curriculum development and education reform through TIMSS

and other international research projects (Parlak et al., 2019).

Figure 1. 5 Trends in mathematics in Turkiye at Grade 8
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Source: IEA’s Trends in International Mathematics and Science Study TIMSS 2019 (Mullis et al., 2019)

1.4. Overview of Key Theoretical Concepts
A summary of the basic theoretical concepts used in this study is presented here briefly

as they are referred to in the following sections: "problem statement”, "study aims",
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and "significance of the study". | give an overview here of theoretical concepts, with

full details provided in the literature chapter.

The term “construct” refers to a phenomenon that has a theoretical basis (Edwards and
Bagozzi, 2000). Alternatively, this can be used synonymously with the term “concept”
(Carmines and Zeller, 1979). There are two types of constructs to consider: observed
and latent variables. In statistics, latent variables can be defined as those which are not
directly observable or measured, but can only be inferred indirectly through a
mathematical model from other variables that are directly observable or measured

(Dodge et al., 2003).

EVT is one of the theoretical approaches frequently used in broader literature to study
motivational structures. It has two main components; "expectancy of success" and
"task values" (for more details, see the chapter 2 section 2.3.1.3 ). This study examines
three constructs related to expectancy-value theory (Eccles et al., 1983); “expectancy
of success for mathematics”, “mathematics intrinsic value”, and “mathematics utility

value”, all of which are considered to be latent variables.

Expectancy of success

Expectancy of success is measured in TIMSS with the “student confident in
mathematics” scale (with items such as “l usually do well in mathematics”;
“mathematics is more difficult for me than for many of my classmates”). Although
TIMSS does not provide a clear theoretical basis for the development of these
constructs, there is a reference to the Marsh and Craven (2006) self-concept study in
the description section of the "student confident in mathematics™ scale in the TIMSS

assessment framework (Hooper et al., 2017).
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Expectancy of success is a construct that overlaps with self-concept from a theoretical
perspective (Eccles and Wigfield, 2002). It is, therefore, not surprising that several
studies on expectancy-value theory (EVT) rely on academic self-concept (ASC) as a
measurement of expectations of success (e.g., Guo et al., 2015; Marsh et al., 2013a;
Musu-Gillette et al., 2015). Therefore, in this study, the construct measured by TIMSS
as "student confident in mathematics™ and conceptualised as "expectancy of success"

in EVT will be accepted as a mathematics self-concept (MSC) and expressed as such.

Mathematics Intrinsic and Utility Value
Intrinsic and utility values are measured with “students like learning mathematics” and
“students value mathematics” scales, respectively, in the TIMSS 2019 students’

attitudes towards mathematics concepts (see table 3.2 in section 3.2.4.1). Intrinsic

value in the EVT framework is a similar concept to intrinsic motivation in self-
determination theory (SDT) (Deci and Ryan, 2012). Intrinsic value and intrinsic
motivation are used interchangeably in the wider literature (e.g.,Brown and Putwain,
2022; Fadda et al., 2020; Guo et al., 2015; Musu-Gillette et al., 2015; Simpkins et al.,
2006). Therefore, the study wuses intrinsic value and intrinsic motivation
synonymously. Likewise, utility value and extrinsic motivation refer to similar
concepts within EVT and SDT. Thus, similar to the operationalisation of self-concept
and intrinsic value, utility value and extrinsic value are used as synonymous
constructs, as can be seen in the literature (e.g.,Brown and Putwain, 2022; Fadda et
al., 2020; Guo et al., 2015; Musu-Gillette et al., 2015; Simpkins et al., 2006). Table
1.1 shows the names of these constructs used in TIMSS, the concepts they are usually
adapted from in the literature as synonyms, and their conceptual equivalents in this
thesis. For clarity, | will use the terms mathematics self-concept (MSC), mathematics

intrinsic value (MIV) and mathematics utility value (MUV) throughout this work.
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Table 1. 1 Motivational constructs used in TIMSS 2019 and their synonyms

TIMSS 2019 SVNONVIMS Operationalization in
motivational measures ynony this thesis

Mathematics Self-Concept
Student confident in Mathematics Self-Efficacy Mathematics Self-Concept
mathematics Expectancy of success in (MSC)

mathematics
Student like learning Intrinsic Motivation Mathematics Intrinsic
mathematics Intrinsic Value Value (MIV)
Student value Extrinsic Motivation Mathematics Utility Value
mathematics Utility Value (MUV)

1.5. Problem Statement

This study addresses two main issues: First, methodological, and psychometric issues;
there are potential problems emphasised in the literature regarding the validity and
reliability of the TIMSS 2019 motivational constructs in different educational systems.
This study addresses the fact that the exploratory structural equation model (ESEM),
which has recently been used to investigate psychometric characteristics and develop
the structural model, provides a better statistical and theoretical model than the
classical confirmatory factor analysis (CFA). The second problem is substantive
issues. It has been shown in numerous studies that motivation and achievement are
closely related (Martin, 2001; Martin et al., 2001a;2001b; Meece et al., 1990).
However, there is not only a direct relationship between achievement and motivation
but also an interaction between motivational constructs (Brown and Putwain, 2022;
Guo et al., 2015; Marsh et al., 2004; Meyer et al., 2019; Nagengast et al., 2011;
Trautwein et al., 2012) and demographic factors — gender and socioeconomic status
(SES) - that contributes significantly to the relationship (Eccles and Wigfield, 2020).

This section begins with a brief overview of the potential psychometric and
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methodological problems in TIMSS, followed by an overview of the substantive issues

associated with motivation and achievement in mathematics.

Psychometric and methodological issues. The TIMSS context questionnaire contains
three scales that assess students’ attitudes towards mathematics: students like learning
mathematics, students’ self-confidence in mathematics, and students value
mathematics (Fishbein et al., 2021). However, few studies have investigated the
psychometric properties (i.e., factor structure, measurement invariance) of the TIMSS
background survey, even though the structural construct validity of scales in the most
recent survey, TIMSS 2019, has been tested with principal components analysis by
the TIMSS assessment team (Yin and Fishbein, 2019). Since principal components
are not intended to analyse latent variables (Fabrigar et al., 1999), alternative validity
tests, such as CFA or structural equation modelling (SEM), must be used to assess
whether items are measuring the factors intended (Marsh et al., 2013a). In addition,
mathematics attitude instruments have been critiqued for their weakness in justifying
validity, particularly in non-Western countries because, according to some literature,
TIMSS motivational questionnaires were designed in a “Western context” in terms of
the psychometric elements included therein (Abu-Hilal and Aalhussain, 1997; Bofah
and Hannula, 2015; Marsh et al., 2013a; Metsdmuuronen, 2012; Rutkowski and
Rutkowski, 2010; Wang and Berlin, 2010). In particular, the literature emphasises the
importance of investigating mathematics achievement factors, as well as their
psychometric properties. Furthermore, many large-scale studies are based on theories
derived from Western cultures without considering that the concept of “the self” is
culturally contingent and thus varies from culture to culture (Shen and Tam, 2008),
which poses a challenge to theoretical application. Consequently, it has been

suggested that the results garnered through the student questionnaire may not be as
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reliable as those collected by other countries, including Africa, East Asia, Europe (in
parts), and the Middle East, when contrasted alongside North America, where the

design of the scales originated.

In addition, an increasing number of studies have showed that the ESEM is more
appropriate and provides a better model parameters in latent variable modelling than
CFA (Furnham et al., 2013; Guay et al., 2015; Marsh et al., 2010; Marsh, Herbert W
etal., 2014; Marsh et al., 2009; Marsh et al., 2013c; Morin et al., 2013). To the best of
my knowledge, comparative CFA and ESEM maodel fits of different countries using
TIMSS 2019 mathematics motivation data have not yet been conducted in the
literature. In this regard, one of the objectives of this research is to contribute to the
existing literature to fill the gap in the evaluation of psychometric properties of TIMSS

2019 motivation measures, and the comparison of CFA vs ESEM approaches.

Substantive issues. Knowledge and skills relating to mathematics are critical to
economic societies focused on science and technology (Ker, 2017). Nonetheless, the
percentage of learners opting to become involved in science- or mathematics-related
fields has dropped worldwide (Dawes and Rasmussen, 2007). In secondary schools,
academic achievement is the key focus when it comes to pursuing improvements, and
so the initial stage in this process is to encourage learners to become involved in
science- and mathematics-related learning tasks while simultaneously pursuing
careers or majors in this field. It is essential that the link between any changes in
significant motivational factors of the career path and involvement in maths-related
subject areas in teaching is well understood, as highlighted by, for example, Nagengast
etal. (2011). Moreover, research concerned with motivational and engagement change

can facilitate educators in providing suitable designs for motivational interventions at
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different points of the learning process and educational career. Furthermore,
motivation provides a key foundation for achievement (Martin, 2001; Martin et al.,
2001a;2001b; Meece et al., 1990). In this regard, it is important to identify the reasons
that affect mathematics attainment in order to increase mathematics achievement. The
expectancy-value theory, initially developed by Atkinson (1957), has been one of the
influential theories in understanding the complex relationship between achievement
and motivation for decades (Eccles, 1994;2009). This theory proposes that
performance and choices related to achievements are determined by the expectancy of
success and the level of value attached to a given task (Eccles, 1994;2009). The work
of Eccles and colleagues (Eccles et al., 1983) examines subjective task values and
motivational beliefs in relation to other psychological, social, and cultural factors.
However, the interaction relationship of expectancy and values, which is essential to
classical EVT (Atkinson, 1957), has received less scrutiny in modern EVT (Nagengast
et al., 2011; Trautwein et al., 2012). The reason for this gap might be the lack of
advanced statistical techniques that are suitable for measuring the interactions between
expectancy and value in non-experimental study. (Guo et al., 2015). The recent
development of latent variable approaches to interaction effects has made it possible
to analyse more accurately the latent interactions inherent in classical EVT (Brown
and Putwain, 2022; Guo et al., 2015; Marsh et al., 2004; Meyer et al., 2019; Nagengast
etal., 2011; Trautwein et al., 2012). However, with the exception of Guo et al. (2015),
these empirical studies have examined the interaction relationship by considering only
one component of task values with expectancy, but this is inconsistent with the
assumption that multiple task values of EVT simultaneously influence outcomes
related to achievement. In the EVT model, expectation and task values are assumed to

mediate the relationship between children’s backgrounds, including gender and family
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SES and educational outcomes. In recent studies, motivational beliefs have been
examined as a mediator of the relationship between SES, gender, and educational
outcomes (de la Fuente et al., 2013; Nagy et al., 2008; Nagy et al., 2006; Parker et al.,
2012). However, few studies have compared the direct and indirect effects of
motivational beliefs when considering both expectation and task values
simultaneously (Guo et al., 2015). In summary, the critical issue here is that the
relationship between SES, gender, motivational constructs, and achievement has
generally been investigated through direct effects. Therefore, in this study, the
mediating effect of motivational constructs on the relationship between gender and

SES and achievement will be highlighted.

1.6. Study Aims

This study aims to contribute to the literature in five overarching aspects: (1) a
comparison of CFA and ESEM approaches with TIMSS 2019 motivation data; (2) an
evaluation of the psychometrics properties, such as factor structure, measurement
invariance, reliability, method effects of TIMSS 2019 motivational constructs by
comparing Japan, Turkiye, and England; (3) an examination of the effect of EVT
factors on mathematics achievement and educational aspiration across Japan, Turkiye,
and England; and (4) testing the expectancy-value interaction which was present in
the original EVT (Atkinson, 1957) but is not found in modern EVT (Eccles, 1983;
Nagengast et al., 2011); and (5) measuring the mediating effect of EVT factors in the

relationship between background factors and educational outcomes.

1.7. Significance of the Study
The present thesis is a substantive-methodological synergy (Marsh and Hau, 2007),

which incorporates current methodology to address substantively significant issues
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related to mathematics motivation (self-concept, intrinsic value, and utility value).
Using data from the international TIMSS, students from Japan, Turkiye, and England
are compared to their responses to motivation constructs. Substantively, this study is
based on the theory and research associated with the EVT. From a methodological
standpoint, this study aims to analyse the psychometric properties of TIMSS
motivational constructs, test their measurement invariance across different cultures,
and conduct these psychometric analyses by comparing CFA and ESEM factor
analyses. The TIMSS data has the potential to provide a robust cross-cultural
perspective, so it is also important to assess whether theoretical models can be

generalised across cultures (Marsh et al., 2006).

This work also investigates the relationship between SES, the attitudes of learners, and
educational outcomes, not only as a direct relationship but also with interaction and
mediation effects. The findings will aid understanding about the effect of such factors
on academic attainment in mathematics. In addition, this work will contribute to the
literature available in fields relating to learners’ viewpoints about mathematics and
will further assist in generalising such constructs to different contexts. This is owing
to the recognition that most psychometric properties-based literature in specific
consideration to motivational constructs is carried out in a Western context with
unquestionably excellent psychometric properties (Heine, 2001; Markus and
Kitayama, 1991; Marsh et al., 2013a; Shen and Tam, 2008). Owing to the fact that the
TIMSS data adopt a cross-country perspective, it provides a valuable source of
reference should future researchers seek to determine generalised theories, as studies
that bring together and combine various cultural viewpoints are crucial when it comes

to identifying more universal and valuable theories (Van de Vijver and Leung, 2000).
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In summary, this research allows us to comparatively examine how the EVT factors
that influence student achievement differ across different cultures/educational
systems. This study is also intended to contribute to modern EVT by examining the
interaction effect of “expectancy” and “task values” that previously existed in the
original EVT but are ignored in the modern EVT. In addition, it is also important to
examine the mediating effects of EVT factors in the relationship between background

variables and mathematics achievement and the desire for education.

1.8. Organisation of the Thesis

This thesis consists of eight chapters. This chapter (Chapter 1) provides an overview
of the study. Chapters 2 and 3 provide a context for the study along with an explanation
of its rationale. The original empirical findings are presented in Chapters 4, 5, and 6.

The thesis concludes with a discussion and conclusion in Chapters 7 and 8.

Chapter 2: Literature review. This chapter reviews the methodological literature on
SEM, factors analysis, and the substantive work on the association between student
motivation and mathematics achievement. | first outline the extant literature on the
analysis of latent variables with ESEM and CFA. This is then followed by a brief
explanation about commonly used theories on student motivation: self-determination
theory, achievement-goal theory, self-concept, and expectancy-value theory. Later, |
present empirical research on the association of students” motivation with mathematics
self-concept (MSC), mathematics intrinsic value (MIV), and mathematics utility value
(MUV), and background factors — gender and home educational resources (HER) —
and educational outcomes (mathematics achievement and educational aspirations).
Finally, I present a summary and state the research question and conceptual framework

of the thesis.
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Chapter 3: Data and methods. The purpose of this chapter is to describe the data and
methods used in this study. A discussion of the rationale for selecting the TIMSS 2019
data set is provided in the first section, followed by an examination of its main
characteristics. It also provides an explanation of the methods that were chosen to
answer the research questions, along with a justification for their selection. An
explanation in relation to a number of significant decisions taken about several data-
related issues and methodological considerations that had to be addressed is offered.

Finally, I conclude the chapter with a brief comment on ethical considerations.

Chapter 4: Evaluation of psychometric properties of TIMSS 2019 motivation measures

and their relations with demographic variables and educational outcomes.

This section starts by comparing the CFA and ESEM measurement models in terms
of the model fit indices, parameters, and factor structures of motivation factors.
Second, the psychometric properties of motivation measures, such as factor loadings,
measurement invariance and reliability, are discussed due to the comparison of the
these two models. Finally, a multiple indicators multiple causes model (MIMIC) is
developed by adding educational outcome variables and demographic variables as
covariates into the model to evaluate the convergent and discriminant validity of
motivational factors and their relations with covariates based on correlation analysis.
My objective in this chapter is to determine which statistical modelling approach is
more appropriate (CFA vs ESEM) as well as evaluate the psychometric aspects of
TIMSS 2019. The results of this analysis are crucial for the design of the predictive

models in the chapters to come.

Chapter 5: The effects of expectancy-value beliefs and their interaction on educational

outcomes.
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This chapter studies the effects of motivation factors on educational outcomes
(mathematics achievement and educational aspirations) within the framework of EVT
with SEMs. This section also examines the latent interactions between expectancy and
value in predicting educational outcomes with the unconstrained product indicator
approach under the structural equation model. This chapter aims to investigate the
power of predicting the educational outcomes of motivation factors within the scope
of EVT in Japan, Turkiye, and England. Additionally, this chapter examines the
interaction effect of expectancy (self-concept) and value beliefs (intrinsic and utility

value).

Chapter 6: The mediation effect of expectancy-value components on educational

outcome.

This chapter seeks to explore the relationship between HER, gender, and mathematics
achievement, and educational aspirations with the mediating role of expectancy-value
factors, namely MSC, M1V, and MUV. The aim of this section is to explore the effect

of gender and HER on educational outcomes through student motivation.

Chapter 7: Discussion. In this chapter, the results of this thesis are discussed. |
consider the findings from Chapters 4 through 6 related to the research questions and
critical aspects of the literature review presented in Chapter 2. The limitations of this

study are also discussed in this chapter.

Chapter 8: Conclusions. The final chapter of the thesis concludes the thesis. This
chapter discusses the background and scope of the research, describes how it achieved
its objectives, and summarises its results. The purpose of this chapter is to provide a

brief overview of the research findings, discuss the policy, theory, and practice
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implications of this study, and highlight some of its primary contributions. Finally, in

conclusion, some recommendations are made for future research.
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Chapter 2: Literature Review

2.1. Introduction
The literature chapter consists of two main sections: “methodological background of

the study” and “substantive literature on motivation”.

This study focuses on methodology as one of its main research components. Therefore,
the first section of the literature chapter provides an overview of the relevant
methodological issues discussed in the literature. The second section reviews the
theoretical and empirical literature related to the study with regard to the motivation
to learn, background characteristics, mathematics achievement, and educational
aspirations. The literature review in this study focuses primarily on motivation studies
with large-scale assessment data, particularly TIMSS data. This decision was made in
accordance with the particular focus of the study since there is extensive literature
regarding student attitudes and motivation regarding mathematics in educational
psychology. The use of TIMSS data in this study was chosen in order to provide a
more comprehensive view of the global trends in student attitudes and motivation
research and to enable an analysis of these trends across different countries. The
TIMSS data set is particularly comprehensive and allows for a detailed and meaningful
comparison of student attitudes and motivation across different countries and has been

extensively used in academic research.

2.2. Methodological Background of the Study

An increasing number of studies show that ESEM is more appropriate than CFA in
the analysis of overlapping theoretical constructs, such as motivational constructs, and
provides a better measurement model fit through its flexible structure that allows
cross-loading between factors (Furnham et al., 2013; Guay et al., 2015; Marsh et al.,
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2010; Marsh et al., 2009; Marsh et al., 2013c; Morin et al., 2013). Therefore, this
section presents a literature review of studies comparing CFA and ESEM as

measurement models and examines the advantages and disadvantages of each.

2.2.1. The comparison of CFA and ESEM as a measurement model

Confirmatory factor analysis has been one of the most preferred methods for the
analysis of multidimensional instruments for decades (Morin et al., 2016). The CFA
and SEM frameworks have significantly influenced psychological and educational
research (Bollen, K. A., 1989; Joreskog et al., 1973). The basic assumption of CFA is
that the observed indicators (items) are linked to certain targeted factors based on
previous theory or analysis. This procedure is consistent with the constraining
independent cluster model of CFA (ICM-CFA) and allows researchers to develop
more parsimonious models. However, CFA’s independent cluster model requires
strong measurement assumptions that do not always match the real data (Guay et al.,
2015). Restricting cross-loading on untargeted factors to zero in ICM-CFA models is
often overly simplistic, restrictive, and idealistic (Asparouhov and Muthén, 2009).
Specifically, in social sciences, most items have many cross-loadings (although much
weaker than the main-loading) conceptually related to one another (Guay et al., 2015;
Marsh etal., 2010). Ideally, fitting such data to all non-targeted factors with zero cross-
loading provides a parsimonious model, but may not be accurate for the data and
theory (Xiao et al., 2019). These misidentified models can cause inflation for factor
correlations that misinterpret the relationships between constructs and thus their
meaning (Marsh et al., 2010; Marsh, Herbert W. et al., 2014; Marsh et al., 2009).
Therefore, the resulting misfit models will need to be revised to reach a better model

fit for the final models.
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On the other hand, exploratory factor analysis (EFA) is a measurement model that
provides an estimation of cross-loadings. Therefore, it is required to test conceptually
related constructs for multidimensionality (Morin et al., 2016). At its core, EFA looks
for possible latent variables (or factors) based on observed variables (or items)
included in the data, and is thus mainly performed when researchers do not have clear
information about the factor structure of their data (Alamer and Marsh, 2022).
However, EFA has often been criticised for being data driven and “exploratory” in
nature (Guay et al., 2015; Kahn, 2006). This refers to an approach where multiple
models are compared, and the model that best fits the data (based on various criteria)
is stored for later use. However, scholars argue that the validity of constructs cannot
be thoroughly evaluated using EFA alone (Alamer, 2021; Hair et al., 2019; Marsh et
al., 2009). This is due to the limitations of EFA compared to CFA, such as lack of fit
indices and validity and measurement invariance across groups. In contrast, CFA is
generally assumed to be theory driven. Models are evaluated internally using various
fit indices and allow the testing of group differences by multigroup measurement

invariance test. According to Morin et al. (2013, p.396),

This perception is reinforced by the erroneous semantically based assumption
that EFA is strictly an exploratory method that should only be used when the
researcher has no a priori assumption regarding factor structure and that
confirmatory methods are better in studies based on a priori hypotheses
regarding factor structure. This assumption still serves to camouflage the fact
that the critical difference between EFA and CFA is that all cross-loadings are
freely estimated in EFA. Due to this free estimation of all cross-loadings, EFA
is clearly more naturally suited to exploration than CFA. However,

statistically, nothing precludes the use of EFA for confirmatory purposes,
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were not, until recently, available with EFA.

except perhaps the fact that most of the advances associated with CFA/SEM

Figure 2. 1 Simplified graphical representation of CFA, ESEM
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Note: CFA, confirmatory factor analysis; ESEM, exploratory structural equation modelling; S-factor,
specific factors. The full one-headed arrow represents main factor loadings, dashed one-headed arrows
represent cross-loadings, and two-headed arrows represent correlations. Source (T6th-Kirély et al.,
2017)

To overcome the limitations of EFA and CFA, the ESEM approach has been
developed by combining the advantageous aspects of these methods (Asparouhov and
Muthén, 2009). In this way, the ESEM approach allows cross-loading between items
and factors simultaneously, like an EFA model, while also calculating goodness-of-fit
indices, allowing error terms to be estimated, and measurement invariance like a CFA
model (Alamer and Marsh, 2022). In nearly all multidimensional studies, ESEM fits
data better due to its flexibility and less restrictive procedure compared to CFA . Factor
correlations, even if small and insignificant, tend to be unbiased and reflect data
appropriately when cross-loadings are estimated (Marsh et al., 2014). For these
reasons, ESEM’s fit indices tend to be better than CFA (Alamer, 2022). In Figure 2.1,

CFA, bifactor CFA, ESEM, and bifactor ESEM models are presented visually. The
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solid lines in the ESEM model represent the item loadings on the main target factor,

while the dashed lines show the cross-loadings.

2.2.2. Empirical studies on the comparison of CFA and ESEM

Research based on ESEM has recently been used to evaluate multidimensional
constructs in the field of psychology and education (Morin et al., 2013). The first
empirical studies based on ESEM were conducted by Marsh et al. (2009), in which
they examined substantively important questions in relation to the perceptions of
university students with regard to the quality of the faculty’s teaching using a
multidimensional 36-item SEEQ (Students’ Evaluations of Educational Quality)
questionnaire. A priori nine-factor solutions in EFAs have largely been supported
(Marsh and Hocevar, 1991), yet CFAs have not been able to replicate the results
(Toland and De Ayala, 2005). The results of Marsh et al. (2009) support previous EFA
research by demonstrating that ESEM structures were able to fit the data whereas
ICM-CFA models could not. A critical finding was that the SEEQ factor correlations
in the CFAs were inflated more than in the ESEMSs, undermining their discriminant
validity as diagnostic criteria when used in CFAs. It means ESEM model provide more

optimistic factor correlations than corresponded CFA model.

A number of ESEM studies have tested the Big Five personality factor constructs
(Furnham et al., 2013; Marsh et al., 2010; Marsh et al., 2013c). Marsh and colleagues
used a new and evolving ESEM methodology for the assessment of Big Five
personality responses. Marsh et al. (2010) employed ESEM in order to reduce the high
correlation among latent factors in the Big Five-factor structure for responses to the
60-item NEO-FFI (Neuroticism, Extraversion, and Openness Five Factor Personality

Inventory). Later, Marsh et al. (2013b) employed ESEM to simulate how Big Five
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components vary throughout life with age, gender, and interaction factors, using the
15-item Big Five Inventory from the British Household Panel Survey (N = 14,021;
15-99 years). As another example, Furnham et al. (2013) performed an ESEM analysis
on a sample-based Big Five response (240-item NEO-PI-R) in a high-risk work-
related context. The results of all of these studies agreed with Marsh et al. (2009) that
ESEM provided more accurate factor correlations than CFA and fitted data
significantly better than CFA. In addition, a recent study by Alamer and Marsh (2022)
provides evidence of the effectiveness and flexibility of ESEM. These scholars are
conducting research in the field of second language research and collected two sets of
data in order to create the second language (L2) Passion Scale, which measures a
dualistic model of passion for the second language. A total of 220 L2 students
participated in this study and CFA and ESEM models were compared. According to
the results, the ESEM method offers significantly better goodness-of-fit indices and
realistic correlation factors in comparison with CFA. A structural ESEM model was
replicated in the second sample of 272 L2 students, supporting the predictive validity

of the study.

A comparison of CFA and ESEM model fit has been reported by Caro et al. (2014)
based on international large-scale assessment data from the Progress in International
Reading Literacy Study (PIRLS) 2006 and the Programme for International Student
Assessment (PISA). They evaluated and compared the factor structure of response
data from item sets to measure cultural, economic, and social capital. The ESEM
solution provided better-fit indices and higher support for discriminant validity in both
PIRLS and PISA compared to CFA solutions for these tests. Jung (2019) compared
CFA and ESEM with the application of TIMSS 2015 students’ attitudes towards the

science scale used. This research confirms that ESEM can provide a better
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representation of factor structure than CFA because it illustrates that ESEM provides
a much more flexible solution over CFA’s more traditional method. In terms of model
fit, factor loadings, factor correlations, and the interpretability of the model, the ESEM
solution was identified as the optimal model for the TIMSS 2015 science attitudes
items. The CFA and ESEM were used to assess the construct validity of the Academic
Motivation Scale scores conducted by Guay et al. (2015). Their results showed that
ESEM fit the data better, and the factor correlation pattern derived from ESEM was
more in line with their theoretical framework. Joshanloo and Lamers (2016) also
conducted CFA and ESEM with the aim of assessing mental well-being in an
individual and concluded that ESEM provided more accurate factor structure results
compared to CFA. In particular, it was found that the analysis of ESEM successfully
distinguished two dimensions of well-being that had not been empirically

distinguished in CFAs.

On the other hand, limited research shows that CFA solutions can fit better than
ESEM. Gomez et al. (2020) examined the factor structure of the Depression Anxiety
and Stress Scales-21 (DASS-21) in an adult community using CFA and ESEM. The
researchers applied the first-order CFA, ESEM, bifactor CFA (BCFA), and bifactor
ESEM (BESEM) models to compare model fit and factor structures of depression,
anxiety, and stress factors. In total, 738 adults (males = 374, females = 364) completed
the DASS-21 questionnaire with an average age of 25.29 years; a standard deviation
of 7.61 years. Although all of the models fitted the data well in terms of the total
number of factors and the number of groups and specific factors, one or more of the

group-specific factors were poorly defined in the BCFA, ESEM, and BESEM.
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In summary, overall evidence suggest that two of the most important features of
ESEM, compared to conventional CFA/SEM, are the substantial improvement in
model fit and the substantially smaller correlations between variables, both of which
have been replicated in a large number of subsequent ESEM studies. For my study,
this means that ESEM with its cross-loading flexibility is expected to provide a more
theoretically and statistically appropriate model than CFA in terms of statistical

modelling of motivational constructs.

2.3. Substantive Literature on Motivation

The section is divided into two sub-sections. An overview of motivation theories,
specifically EVT, which is the theoretical framework for this study, is provided in the
first part. The second part of the section presents a review of empirical literature

related to motivation and achievement.

2.3.1 Theoretical approaches to motivation

A substantial body of research has investigated possible predictors of science and
mathematics achievement (Bofah and Hannula, 2015; Guo et al., 2015; House, 2008;
Ker, 2017; Markus and Kitayama, 1991; Meece et al., 1990; Parker et al., 2012; Shen
and Tam, 2008; Wilkins et al., 2002). The study of motivation in education is one of
the most attractive research interests in the literature. Notwithstanding considerable
and extensive research on motivation for attainment, there is much to be learned, not
only on motivation patterns across individuals but also across countries and what
patterns of motivation are relevant to students’ achievement across countries
(Michaelides et al., 2019). Ryan (1998, p.114) stated the importance of motivation as,
“If there is a cornerstone in the science of human behaviour, it must be the field of

motivation. Motivational theories ask a fundamental question, namely: what motivates
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aperson? They are concerned with the prime force at work in human nature and human
culture”. The scope of motivation, in this case, covers the reason, purpose, intentions,
beliefs, feelings, and attitudes about what people do and why they do things they do
(Mercier and Sperber, 2017). Various theoretical frameworks have been introduced to
explain the relationship between motivation to learn and achievement. Self-
determination theory (Deci and Ryan, 1985), expectancy-value theory (Wigfield and
Eccles, 2000), and self-concept (Marsh, 2007) are the theoretical approach of my
research since the context of motivation measures in TIMSS are relevant to these

theories (Michaelides et al., 2019).

The section starts with a general introduction to the motivational and related theories.
Then, the theories used in the study are detailed under separate headings. Finally, the
conceptual framework of the research and the adaption of theory to the current study

are explained.

2.3.1.1. Self-determination theory

In the field of motivation and personality, the self-determination theory (SDT) is a
broad theoretical framework concerned with people's inner growth tendencies and
innate psychological needs. It helps clarify motivations behind individuals' choices on
their own without external influences and intervention. This theory focuses on the
degree of self-motivation and self-determination of an individual’s behaviour (Ryan
and Deci, 2000;2017). Although it is quite complex in detail (see Ryan and Deci, 2002;
2017), motivation is generally defined as either extrinsic or intrinsic (Ryan and Deci,

2000).

As highlighted in the work of Deci and Ryan (1985, p.32), intrinsic motivation is an

“energiser of behaviour”, with those learners encompassing motivation to learn
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mathematics recognising it as both enjoyable and interesting. Despite the view that all
people have intrinsic motivation to learn, environmental considerations, including
school and home, are seen to influence this motivation. Thus, the overall inclination
to learn mathematics is whether it is considered enjoyable or not (Ryan and Deci,
2009). With this noted, other works have suggested that the extent to which a learner
shows engagement in learning, and subsequently achieves performance improvement
in mathematics, is affected by intrinsic motivation (d'Ailly, 2003; Tavani and Losh,
2003). On the other hand, extrinsic motivation is explained as goals or reasons for
reaching an external reward (e.g. money, praise from others, good grades) or avoiding
negative consequences (e.g. embarrassment for having a poor test result or not being
allowed to visit a friend until the homework is completed) (Michaelides et al., 2019).
Studies in the literature clearly show that intrinsic motivation is more closely related
to success than extrinsic motivation (Becker et al., 2010; Vansteenkiste et al., 2008).
In fact, some research suggests that external rewards reduce student intrinsic
motivation (Michaelides et al., 2019). Nevertheless, few students are motivated to
learn all subjects intrinsically, so teachers and parents may need to employ extrinsic
rewards to motivate students. Because SDT claims that successful students internalise
their extrinsic motivation to improve their performance when interacting with an
environment that promotes a sense of relatedness, competence, and autonomy, such

as a home or school environment (Deci and Moller, 2005; Ryan and Deci, 2000).

Attitudes and motivation have been measured through the student questionnaires in
TIMSS 2019 (Hooper et al., 2013). Although there is no clear statement that SDT-
guided motivation measures in terms of the operationalisation of the items, there was
a reference to SDT when defining motivational structures in the recent assessment

frameworks (Hooper et al., 2013; Hooper et al., 2017).
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2.3.1.2. Self-concept

Self-concept can be viewed as relating to an individual’s sense of self, shaped through
interpretations of and interactions with one’s environment and others (Shavelson et
al., 1976) or otherwise referred to as “the totality of the individual’s thoughts and
feelings having reference to himself as an object” (Rosenberg, 1979, p.7). In this
regard, self-concept acts in such a way as to create and influence actions and goals
through positive or negative self-assessments, as held by a person about themselves,
through their own attitudes, beliefs, and thoughts (Hattie, 1992). In this regard, one’s
own view of their strengths in a particular subject area is referred to as academic self-

concept (Byrne and Shavelson, 1987).

Self-concept that is positive in nature is recognised as a driving force of academic
performance and attainment (Valentine et al., 2004) as well as academic effort,
academic motivation, anxiety, confidence, and persistence in education, (Guay et al.,
2010), academic interests (Marsh, 2007; Trautwein et al., 2006), advanced coursework
selection, educational, and career aspiration, learning intentions (Eccles and Wigfield,
2020), and academic emotions, such as test anxiety, and enjoyment (Goetz et al.,
2008). Furthermore, it has been stated by Guay et al. (2004) that learners’ ASCs aid
in predicting the educational attainment to be demonstrated by a student over a ten-
year period. Moreover, the self-concept of an individual, notably in an academic
domain, has been recognised as a stronger predictor of academic attainment than
objective individual attainment, student background, or socioeconomic status (Guay
et al., 2004; Marsh, 2007; Parker et al., 2012). In addition, the OECD (2003) stated
that academic self-concept may well be linked to the economic and successful long-
term well-being of a learner and should therefore be considered in line with academic

attainment as a fundamental educational outcome. Self-concept is incorporated into

39



other motivational models, such as the EVT model. Students’ self-concept is measured
in TIMSS by items related to their level of confidence in mathematics and science
(Michaelides et al., 2019). Similar to motivational constructs (intrinsic and utility
value), there is no clear information on the theoretical basis of self-concept constructs
in TIMSS technical reports, but reference is made to the work of Marsh and Craven

(2006) in the self-concept section.

2.3.1.3. Expectancy-value theory

When it comes to exploring the way in which motivational constructs affect and shape
the choices, performance, and persistence of learners, the expectancy-value model
(EVT) is recognised as being among one of the most valuable theoretical approaches.
Initially, Atkinson (1957) developed the model, with Battle (1966) and Feather (1988)
providing further contributions. Recently, the EVT has been developed by Eccles et
al. (1983), Wigfield and Eccles (2002) and Wigfield (1994), and is a widely applied
model of the EVT in the literature (Bofah and Hannula, 2015; Guo, 2016; Meyer et

al., 2019; Nagengast et al., 2011; Trautwein et al., 2012).

Figure 2.2 shows Eccles et al.’s EVT model of achievement-related choices (Eccles
and Wigfield, 2020). Taking the model from right to left, it appears that expectations
and values have the most direct influence on achievement-related choices and
performance. Meanwhile, goals and self-schemas, such as self-concepts of one’s
ability, affect one’s expectations and values. Likewise, these goals and self-schema
constructs are influenced by an individual’s perception of the beliefs and behaviours
of their socialisers (e.g. parents, teachers, peers) and what they have personally
experienced in the past in terms of achievement-related experiences. Furthermore,

individual perceptions of previous achievement-related experiences can be influenced
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by various cultural and social factors, such as cultural norms, gender roles, and SES
of a family, as well as the individual’s aptitudes, talents, personalities, and
temperaments. A particular aspect of modern EVT is that it proposes causal links
between achievement-related choices and previous achievements (Eccles et al., 1983).
In this manner, modern EVT makes use of a developmental and integrative approach
to describe the way individual and contextual influences shape students’ expectations

and values over time in relation to their academic choices and performance.

Figure 2. 2 Eccles’ expectancy-value model of achievement choices
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Source: “From expectancy-value theory to situated expectancy-value theory: A developmental, social
cognitive, and sociocultural perspective on motivation” Eccles and Wigfield (2020).

The EVT consists of two basic components: expectancy and value. The expectancy
component focuses on the question, “Can I do this task?” (that is, students’ perceptions
of their abilities), while a task value focuses on the question, “Do | want to do this task
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and why?” (Eccles and Wigfield, 2002). The expectation component in the model
expresses the beliefs and judgements of the individual about their ability to perform
and accomplish a task. It has clearly overlapping structures from other theoretical
approaches, such as self-schemes, self-concept, or self-efficacy. The value component
in the model refers to the various reasons individuals have for whether or not to
participate in a task and the power of these values. Moreover, Eccles and her
colleagues completed work on the value and expectancy constructs in relation to their
concepts and further stated that the expectancies of learners in regard to success,
ability beliefs, and subjective task values are all critical factors underpinning a
learner’s motivation to learn (Eccles and Wigfield, 1995; Wigfield, 1994; Wigfield
and Eccles, 2000). Both of these components are considered as significant predictors

of achievement behaviour (Wigfield and Eccles 1992).

Based on the original work of Atkinson (1957), and Bandura (1977), expectancy for
success (ESs) is defined by Wigfield and Eccles as individuals’ beliefs about how well
they will do on an upcoming task, which is similar Bandura’s self-efficacy concept
(Wigfield and Eccles, 2000). However, Eccles et al. (1983) state a theoretical
distinction between ES and individuals’ self-beliefs about their current ability (e.g.
ASC, Marsh (2007); self-efficacy, Bandura (1997)), because task-specific ES is
considered to depend on both more general ASCs and perceptions of the difficulty of
the specific tasks (Eccles and Wigfield 2020). In particular, the term “ability self-
concept™ is used to describe the perceptions of individuals as competent in a specific
domain (Harter, 1999; Marsh, 2007), whereas the term “expectations of success” refer
to one’s belief in one’s ability to accomplish a specific future task. It is theoretically
possible to distinguish between these two types of expectations; however, since the

two components show strong correlational relationships in empirical studies, self-
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concept and expectation beliefs are typically accepted as a single factor or as terms
used interchangeably (Eccles and Wigfield, 2002). Thus, due to the issue of
multicollinearity, these structures have been empirically treated as a single structure
labelled as self-concept. Therefore, it is not recommended to put them as separate
constructs in regression-based statistical analysis (Eccles and Wigfield, 2020). It is
thus not surprising that a number of studies on EVT rely on ASC as a measurement of
expectations of success (Guo, 2016; Guo et al., 2015; Marsh et al., 2013a; Musu-
Gillette et al., 2015; Nagengast et al., 2011; Shen and Tam, 2008). Hence, in this study,
ASC is used to measure expectancy and is refered with the phrase “expectations of

success”.

The value components in the EVT model are separated into four components:
attainment value, intrinsic value, utility value, and cost. According to Eccles and
Wigfield (2002), attainment value is defined as the personal importance of being
successful at a task. Intrinsic value refers to the personal interest in a task/field or the
enjoyment gained from participating in a task. If the intrinsic value is high, the reward
is positive psychological results (Meyer et al., 2019). Thus, intrinsic value can be seen
as intrinsic motivation in SDT due to the conceptual similarity. Utility value means
the perceived (future) individual benefit of engagement and achievement in a
particular task or field. Unlike intrinsic value, the utility value is recognised as being
the driving factor underpinning mathematics learning owing to the fact that learners
consider it to be valuable for them and their future careers (Eccles and Wigfield, 2002).
Utility value address to a similar concept with the extrinsic motivational component
in SDT in terms of emphasising the importance of extrinsic performance rewards.

According to Eccles et al. (1983), cost refers to the perceived negative consequences
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of participating in a task, for example, performance anxiety leading to emotional

stress. Cost also includes the perceived amount of effort required to achieve a task.

It is well documented that task value and expectancy are domain specific from pre-
adolescence to early adulthood (Wigfield et al., 2009). Recent research in mathematics
has found that empirical differentiations between four components of value (Conley,
2012; Gaspard et al., 2015; Luttrell et al., 2010), and these studies have shown that the
value components exhibit similar correlations between them. Specifically, cost has a
negative correlation with intrinsic value, utility value, and attainment value, while
intrinsic value, utility value, and attainment value are positively correlated with one

another.

Typically, intrinsic values are highly correlated with attainment values. Moreover, as
compared to other components of value, intrinsic value tends to have a stronger
correlation with expectancy. In other words, people are likely to develop competence
in tasks they find enjoyable if they feel competent in them. Furthermore, both Harter
(1978) competence motivation theory and Ryan and Deci's (2000) self-determination
model have demonstrated that competence beliefs and intrinsic value are strongly
related (Wigfield and Eccles, 2002). A number of studies have proven that the
expectancy of success is a stronger predictor of academic achievement than the value
beliefs whereas values are more closely related with choice behaviours, such as taking
courses, engaging in academic activities, and making an effort towards achieving
educational and career goals (e.g., Denissen et al., 2007; Guo et al., 2015; Wang and

Degol, 2013).

Since TIMSS motivation questionnaires do not include attainment value and cost

components, this thesis uses the “students like learning mathematics” and “student
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value mathematics” scales as a measure of MIV and MUYV, which is consistent with
typical applications of EVT in research that rarely includes more than two or three
components (e.g., Guo et al., 2015; Musu-Gillette et al., 2015; Simpkins et al., 2012;

Wang and Eccles, 2012).

After reviewing relevant theoretical literature, the following section presents empirical

research on motivation and achievement.

2.3.2. Empirical research on motivation

Motivation is generally recognised as referring to students’ energy levels and
inclination to learn to achieve their potential and work effectively both in school and
in their behaviour. It is seen to play a key role in students’ interest in and enjoyment
of school and study. Furthermore, motivation also provides a key foundation for
achievement (Martin, 2001; Martin et al., 2001a;2001b; Meece et al., 1990). Students’
involvement in learning, alongside motivational constructs, is recognised as having a
key effect on their achievement. Various research has demonstrated that greater
engagement and motivation amongst learners leads to greater attainment overall, with
both of these aspects also influencing the choices students make in regard to courses
and careers. The mathematical attainment of students has been associated with
learners’ activities, as well as their overall confidence and values in relation to
mathematics (Mullis et al., 2012). Findings from a number of different works in
TIMSS have shown that the self-confidence of a student in relation to learning
mathematics is most profoundly linked with accomplishment in the subject (Guo,
2016; Kupari and Nissinen, 2013; Marsh et al., 2013a; Meyer et al., 2019). In addition,
the self-concept of competence was further recognised as a key factor in terms of

interpreting mathematics attainment in both high- and low-achieving regions (Wang
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et al., 2012). Importantly, a meta-analysis study by Schiefele et al. (1992) found a
positive association between interest and achievement and career choices. The effects
of academic time, attitude, and motivation on attainment in science and mathematics
were examined in the work of Singh et al. (2002), with the findings illustrating the
strong effects of engagement, motivation, and positive attitude on performance in both

science and mathematics.

The following subsections provide a detailed literature review of the relationship
between motivational constructs (MSC, MIV, and MUV), mathematics achievement,
and educational aspiration. A literature review of the relationship between
demographic indicators (gender and HER), motivation, mathematics achievement, and

educational aspirations is also presented.

2.4.2.1. The relationship between self-concept and mathematics achievement

Shavelson et al. (1976) defined self-concept as the perception of oneself formed by
the experiences associated with one’s environment. In numerous educational settings,
a positive self-concept is therefore viewed as a desirable or crucial objective (Bandura,
1997; Deci and Moller, 2005; Eccles et al., 1983; Fadda et al., 2020; Marsh, 2007).
Therefore, it is unsurprising that the relationship between self-concept and success has
always been of interest to researchers (Bofah and Hannula, 2015; Brown and Putwain,
2022; Guay et al., 2010; Guo, 2016; Ker, 2017; Marsh, 2007; Nagengast et al., 2011;
Trautwein et al., 2006; Trautwein et al., 2012; Yoshino, 2012). Due to the scope of the
study, this section is limited to a review of the literature on the relationship between

self-concept and mathematics achievement.

Brown and Putwain (2022) recently conducted a study of 396 upper secondary school

students in England, examining the relationship between motivational factors and
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achievement based on average A level scores. The result of the study showed that self-
concept is the highest factor in achievement among motivational factors. Moreover,
self-concept not only has a direct effect on achievement but also increases the effect
of other motivational factors. A study carried out in Japanese and US contexts was
performed by Yoshino (2012) through the use of TIMSS (2007) data, which focused
on the link between self-concept and achievements in mathematics, with the
exploration taking into account the possible part played by culture in drawing
comparisons between MSC in consideration to learners’ parents’ education levels and
the number of books in a learner’s home. The study results emphasised a positive link
between the MSC of learners and their mathematics-related attainment across both
countries’ samples. The work of Choi et al. (2012) analysed the TIMSS (2007)
report’s background questionnaire to explore the psychological settings amongst high
achievers in eighth-grade mathematics. Three factors, namely M1V, MUV, and MSC,
as taken from the background questionnaires incorporated in the TIMSS, were utilised
for the purpose of data comparison using a t-test, z-test, and chi-square tests for the
purpose of analysis. A total of ten countries made up the context of the study, with
comparisons carried out and the countries positioned in Groups A and B; the former
of which comprised learners who had attained an advanced level. Group A represents
an Eastern cohort of countries, while Group B is Western countries. Group A
encompassed five different countries, namely Chinese Taipei, the Republic of Korea,
Singapore, Hong Kong SAR, and Japan, while Group B consisted of Hungary,
England, Russian Federation, Lithuania, and the United States. The study sought to
provide answers to two key research questions: Were the high-achieving students of
the mathematics assessment seen to possess three psychological conditions when

compared with their peers, and how do high-achieving learners illustrate their trends
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across the three psychological conditions when compared between Groups A and B,
and also Korea versus the other countries included in the sample. The study established
that those learners recognised as high achievers were seen to encompass significantly
more of the three psychological conditions (MIV, MUV, and MSC) in comparison to
their peers. When reviewing the comparison between Korea and Group A, Korea and
Group B, and Korea and the other nine countries included, no significant proportional
differences were established for the MIV index; however, a significant difference at
the country- and group-level was established for the other two conditions. It is
interesting to note that the findings pertaining to the index MUV showed that the high
achievers in Group B were far better positioned to view mathematics and its various
lessons with greater importance in their present and future lives than their peers. In the
review of the index MUV, another irregularity was identified with the high-achieving
learners in Korea seen to demonstrate lower levels of confidence in their ability to
learn and apply mathematics than their peers in Group A and all other learners in
Group B. Ker (2017) examined the relationship between motivation and mathematics
achievement of students in Chinese Taipei, Singapore, and the USA in a study
conducted with TIMSS 2011 motivation data. According to the study’s results, self-
concept is the factor with the most significant effect on mathematics achievement
among motivational constructs. In addition, although the self-concept values of the
students in the USA were higher than those in Chinese Taipei and Singapore, their
mathematics achievement was lower. Research in the literature reveals that students
in Asian countries have lower motivational beliefs but higher mathematics
achievement than students in Western countries. Possible reasons for this will be

detailed in the discussion chapter.
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A study conducted by Bofah and Hannula (2015) examined the relationship between
motivational constructs and mathematics achievement utilising the TIMSS 2011,
involving 38,806 students from five African countries (Ghana, Morocco, South Africa,
Tunisia, and Botswana) participating in the study. The first step in their research was
to investigate the psychometric properties of the mathematics motivational constructs
across all five educational systems (factor structure, reliability, method effect, and
measurement invariance). The TIMSS 2011 motivational construct was largely
invariant across cultures, and it was empirically supported as multidimensional. The
CFA also showed that negatively worded items need to be controlled in the
measurement model. The results indicate that negatively worded items are treated
differently in many cultures. Negatively worded items adversely affected factor
structures and reliability (i.e. mathematics self-concept and mathemtaics intrinsic
value). A second aspect of the study was to evaluate the relationship between the
motivation constructs, the student’s achievements, and the background variables.
Their study found significant relationships between self-belief and maths
performance, which are contrary to other work in the literature; for example, nations
with high mathematics achievement seem to have students with more negative
mathematics self-belief. Specifically, students® MSC tended to be less related to
mathematics achievement in some countries than the value of mathematics. This
situation is described in the literature as “paradoxical” (Shen and Tam 2008) or
“perplexing” (Marsh et al. 2013). Despite this, consistent with cultural stereotypes,
boys rated mathematics attainment higher than girls. Shen and Tam (2008) also
examined the relationship between eighth-grade students’ mathematics achievement
and self-concept with TIMSS 1995, 1999, and 2003 data. The results of the study show

that there is a strong positive relationship between achievement and self-concept
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within individual countries. However, a negative relationship emerges when self-
concept data are aggregated at the country level. This discrepancy is probably due to

differences in the perception of “self”” across cultures.

The literature review showed that self-concept has a significant impact on
mathematics achievement for students individually. However, cultural differences in
countries show differences in the value and effects of self-concept. Therefore, this
study examines the impact of self-concept on mathematics achievement in Japan,

England, and Turkiye by considering cultural differences.

2.3.2.2. The relationship between task values and mathematics achievement

Researchers have found mixed results for intrinsic and extrinsic motivation. In their
study about the mathematics achievement of Indian immigrants in Canada,
Areepattamannil et al. (2011) showed that extrinsic motivation was negatively
associated with high mathematics achievement for Indian immigrant adolescents in
Canada. On the other hand, extrinsic motivation was found to be positively but
insignificantly related to mathematics among Indian adolescents in India. A
longitudinal study by Murayama et al. (2013) examined 3,530 German students from
fifth to 10th grade. Their study found that academic achievement and extrinsic

motivation are mutually related.

In a recent study, Liu and Hou (2018) analysed the National Educational Longitudinal
Study 1988 (NELS88) data set, which included three waves of data, containing 1988
data for eighth graders, 1990 data for 10th graders, and 1992 data for 12th-graders.
Results of the analyses indicated that extrinsic motivation for testing was a significant
predictor of mathematics achievement. Furthermore, the results of the analyses

indicated that mathematics performance was statistically significant in predicting the

50



future extrinsic motivation of students. A longitudinal study conducted by Murayama
et al. (2013) examined 2,530 students (Grades 5 to 10) in Germany over a period of
five years. They applied latent growth curve modelling to analyse the data. As a result
of the study, it was found that extrinsic motivation predicted the level of mathematics
achievement in the short term but not growth in the long term; nevertheless, intrinsic

motivation is a more powerful predictor for the long term.

In a study conducted by Zhu and Leung (2011), eighth-grade students from nine
countries were analysed from the TIMSS 2003 data set: five East Asian countries
(Hong Kong, Japan, South Korea, Singapore, and Chinese Taipei) and four Western
countries (Australia, the United Kingdom, the Netherlands, and the United States).
Items representing intrinsic and extrinsic motivation were defined as students’
pleasure- and productivity-oriented motivations, respectively, corresponding to Deci
and Ryan’s (1985) concept of self-determination theory. The study showed that
students from all nine jurisdictions had a significantly higher level of external than
internal motivation. There was a medium difference in magnitude between the two
types of motivation in East Asian systems, contrary to Western countries which had a
significant difference. Put in another way, students valued mathematics more for its
practical application than its enjoyment as a learning experience. In all nine
educational systems, intrinsic motivation was found to affect students’ achievement
positively. The other noteworthy point of the study is that extrinsic motivation and
mathematics achievement were positively correlated across all nine countries. The
regression analyses revealed that extrinsic motivation was positively and significantly
associated with mathematics achievement in Hong Kong, Japan, Korea, and Chinese
Taipei. Singapore was the only East Asian country where extrinsic motivation was

negatively related to mathematics achievement, but the relationship was not
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significant. The opposite result was the case in all four Western countries: Australia,
the Netherlands, and the United States showed a meaningful negative relationship
between extrinsic motivation and mathematics achievement, but the results for the
United Kingdom were insignificant. The combination of both types of motivation in
East Asian educational systems appears to result in higher overall motivation levels,
and both types of motivation seem to work synergistically. In contrast, when intrinsic
and extrinsic values are combined, extrinsic motivation becomes detrimental in the

Western context or disappears.

Akben-Selcuk (2017) examined the Tirkiye PISA 2012 data in a Turkish educational
context. In this study, the researcher found that intrinsically motivated students tend
to perform better than those with less intrinsic motivation. Additionally, her findings
showed that although extrinsic motivation was positively correlated with mathematics
achievement, the relationship was not significant. Kaplan (2018) examined the
relationship between motivation and mathematics achievement with TIMSS 2015
Turkiye data. The results showed that intrinsic and extrinsic motivation predicts
mathematics achievement positively when SES is controlled. In conclusion, the degree
and direction of this relationship may vary depending on the educational and social
contexts. VVarious types of motivation have been associated with different mathematics

achievement levels, but there is no universal agreement on this point.

The literature supports this study by emphasising the importance of intrinsic and
extrinsic value. It is evident, however, that cultural factors have a significant impact

on intrinsic and extrinsic motivation, similar to self-concept.
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2.3.2.3. The interaction between self-concept and task values

As discussed earlier, EVT was inspired by the early cognitive models of the 1940s and
1950s, which replaced earlier behaviourist models (Atkinson, 1957). One of the basic
assumptions of classical EVT (Atkinson, 1957) is the multiplicative effect of
expectancy and task value (i.e., expectancy-value interaction). Specifically, the
multiplicative relationship between expectancy and value means that the individual
value of a particular domain has an impact on the relationship between expectancy and

outcomes and vice versa.

Typically, expectancy and value interactions have been described as “compensatory”
or “synergistic” in terms of their effects on the outcome (Guo et al., 2016). There is a
considerable difference in the nature of the interactions between the two
categorisations, which can have important implications for motivation researchers
from both a theoretical and substantive standpoint. Accordingly, compensatory
relationships suggest that individuals will be motivated to engage in an academic task
so long as they have high expectations or attach a high value to it. Basically, a high
level of expectation can compensate for a low level of value, and the reverse is also
true. On the other hand, a synergistic relationship suggests that high levels of task
engagement are a result of both expectations of success and task value. For instance,
the outcome of a task is likely to be low if a student does not expect to succeed, even
when the value is high. Similarly, a low value is also likely to result in a lower
outcome, even when combined with a high expectation. Nevertheless, it is important
to note that although expectancy and value interaction often occurs in conjunction with
substantial first-order effects (“main effects”) of expectancy and value, this

complicates the interpretation of the respective effects of these two variables. It may
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be for this reason that previous studies have been unable to fully develop the nature of

interactions pertaining to previous EVT predictions (Guo et al., 2016).

Feather (1982) reviewed papers based on original EVT models and found that
expectancy and value predict a task synergistically. A significant portion of the early
EVT research took place in experimental settings (e.g., Atkinson, 1957; Atkinson and
Feather, 1966). Several studies have been conducted which have been conducted using
a random assignment to conditions to manipulate self-concept and task value to

experimentally "zero" - see Feather (1982) for a more detailed discussion.

In modern EVT, Eccles (2009, p.84) stressed that “the motivational power of ability
self-concepts to influence task choice is, at least partially, determined by the value
individuals attach to engaging in the domain”. The relationship between expectancy
and value is often assumed to be purely additive in nature and it is often implicitly
assumed that this relationship will be able to provide a unique and independent
prediction of achievement-related outcomes, given that the relationship between
expectancy and value tends to be additive. The possible reason for that is, in modern
EVT research, non-experimental studies have become more popular over the years,
which has led to greater methodological problems. The lack of interactive terms in
modern research prompted Nagengast et al. (2011) to ask the question: “Who took the
‘X’ out of expectancy-value theory?” It is one of the primary objectives of this thesis
to reintroduce the expectancy by task value interaction back into the EVT model by

using modern statistical approaches.

In modern EVT research, the expectancy-by-value interaction has been omitted for
several reasons. A first explanation may be that experimental designs which

emphasised within-person (intraindividual) differences have shifted to real-world
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settings that emphasise between-person (interindividual) differences (Nagengast et al.,
2011; Trautwein et al., 2012). Experimental research used operational definitions of
expectancy and value, as well as direct manipulations of task difficulty, as key
variables in their study. It is more likely that there will be a larger difference between
the experimental factors when the manipulation is stronger. Nevertheless, the modern
approach to EVT (Eccles, 2009; Eccles et al., 1983) considers the relationships
between expectancy and value as a real-world phenomenon by linking them up to
achievement-related outcomes within the context of a typical school environment,
which places the relationship between expectancy and value in a practical context. As
a result, experimentally manipulated differences in different tasks were replaced with
naturally occurring differences in the various components of value (Busemeyer and
Jones, 1983; Nagengast et al., 2011; Trautwein et al., 2012). Thus, the interaction
effect of expectancy and value was examined on the basis of the differences between

them that naturally occur among individuals (Trautwein et al., 2012).

Interaction effects have typically been detected as small to moderate in observational
studies based on surveys or questionnaires. (Brown and Putwain, 2022; Guo et al.,
2015; Meyer et al., 2020; Nagengast et al., 2011; Trautwein et al., 2012). It is possible
to manipulate expectancy and value in experimental studies to more extreme levels to
amplify the interaction effects (Guo et al., 2016; Nagengast et al., 2011; Trautwein et
al., 2012). However, it is typically more difficult to detect interaction effects in non-
experimental, empirical settings due to the lack of cases with extreme conditions (e.g.
extremely high expectancy combined with extremely low task value) (Guo et al.,
2016). However, in cases where expectancy and value are highly correlated, empirical
studies that attempt to assess their interaction effects may be inadequate (Aiken and

West, 1991).
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Second, a lack of advanced statistical tools for estimating expectancy-by-value
interactions may cause sparse empirical research on this topic. Even though interaction
effects are detectable using manifest variables in multiple regression analysis, the
effects of interaction are likely to be underestimated (Carroll et al., 2006; Marsh et al.,
2013b). This is due to the fact that the predictors are measured with error, and the
measurement error is multiplied when generating the product terms which makes
product terms less reliable and more difficult to detect (MacCallum and Mar, 1995;
Marsh et al., 2013b). For this reason, it is important to use large sample sizes and
reliable predictors to prevent Type 2 errors (i.e. the detection of statistically significant

interactions) (Trautwein et al., 2012).

A popular technique for controlling measurement error in non-experimental designs
is structural equation modelling (SEM): a technique that uses multiple indicators to
assess latent variables in order to control for measurement error. SEM provides a
powerful way to detect interaction effects in non-experimental studies. Even though
latent interaction models have been the subject of increasing attention since the 1980s
(Joreskog et al., 1996; Kenny and Judd, 1984; Ping Jr, 1995), they have only recently
become accessible to those who wish to apply them. Among the approaches used in
the field of structural equations (Klein and Moosbrugger, 2000) are latent moderated
structural (LMS) equation models and unconstrained product indicator models (Marsh

etal., 2004).

A number of recent empirical studies have supported latent expectancy-by-value
interactions based on the latent moderated structural equation approach (LMS) (Klein
and Moosbrugger, 2000) and the unconstrained product indicator approach (Marsh et

al., 2004). For example, Trautwein et al. (2012) investigated the latent interactions
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between the four value components and the ability of ASC to promote academic
achievement in a study based on German secondary school data. The results of this
study demonstrate that the effects of four multiplicative terms (e.g. ASC-by value) on
English and mathematic achievement are statistically significant. Nagengast et al.
(2011) conducted similar research in 57 countries using the PISA 2006 data, and found
a synergistic relationship between science ASC and intrinsic value and extracurricular
activities and career aspirations in science. Furthermore, Nagengast et al. (2013)
demonstrated that ASC and value (combination of utility value and cost) were
synergistic in predicting within-person homework effort using a within-person

perspective.

Guo et al. (2015) utilised EVT to examine the relationships between mathematics
motivation (ASC and task values) and student background variables with Hong Kong
TIMSS 1999, 2003, and 2007 data. They used latent variable models that included
latent interactions to investigate the multiplicative effect of self-concept and value,
both of which are fundamental components of traditional EVT. They also examined
the effect of motivation and gendered tendencies as mediators. The findings indicate
that: (a) self-concept is more significant in predicting educational outcomes for
students with lower utility values; (b) girls and boys have comparable levels of maths
self-concept and values, but girls tend to have higher maths achievement and
educational aspirations, (c) family socioeconomic status plays a more significant role
in determining boys’ educational aspirations, and (d) the interaction of self-concept
and utility value has a statistically significant effect on maths achievement and

educational aspirations.
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Meyer et al. (2019) aimed to replicate and extend Trautwein et al.’s (2012) study in
the German federal state of Schleswig-Holstein by using a large, comprehensive
sample of students (N = 3,367) who were studying at an upper secondary school in
Schleswig-Holstein. They compared and tested the effect of the predictive value of
expectancy-value interactions on grades, final exams, and standardised test scores as
measures of achievement in English and mathematics through latent interaction
modelling. According to their findings, there are measurement and domain-specific
differences when predicting academic achievement using expectancy-value beliefs
and interactions. It has been shown that both English and mathematics final
examination results are predicted by interaction terms. Furthermore, there was a

significant interaction effect for English grades, but not for mathematics.

In the literature reviewed above, expectancy-value interaction is highlighted as an
important consideration. The number of studies on this subject has increased in recent
years. Despite this, sufficient attention has not been paid to this issue. It is therefore
the purpose of this study to provide evidence of the EVT interaction effect in Japan,
Tirkiye, and England, as well as determine whether this effect can be generalised

across the different education systems.

2.3.2.3. Background factors

Modern EVT (Eccles, 2009; Eccles et al., 1983) assumes that individuals’
performance and choices are influenced by a variety of social and cultural factors (e.g.

gender and SES).

Gender Expectancy-value theory proposes that motivational beliefs play an essential
role in explaining gender differences in academic choices (Eccles, 2009). There are,

however, some inconsistent findings regarding gender differences in mathematics
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values. For example, several studies have demonstrated that boys are more likely to
have higher values in mathematics (Marsh et al., 2005; Steinmayr and Spinath, 2008;
Watt, 2004), whereas some have indicated no gender differences between boys and
girls (Jacobs et al., 2002; Meece, J.L. et al., 1990; Wigfield et al., 1997). In a review
of EVT-based research, Wigfield et al. (2016) provide a summary demonstrating how
EVT can explain gender inequalities and achievement results in general. It has been
found in multiple studies that males usually exhibit higher levels of maths self-
concepts, attitudes, and effects than their female counterparts (Guo et al., 2015; Marsh
et al., 2013a; Pampaka et al., 2011; Wigfield and Eccles, 2002). Recently, however,
cross-national meta-analyses have shown that there exist gender similarities in maths
achievement at a number of levels (Else-Quest et al., 2010). In addition, some research
findings indicate that female students have higher educational aspirations than their
male counterparts, particularly in secondary school (Schoon and Polek, 2011),
whereas other studies indicate no significant differences between gender (Guo et al.,

2015).

In England, recent data showed that, on average, female students achieved higher
average grades at A Level than male students, despite a higher number of male
students (DfE, 2019). The data are consistent with the general literature that girls
perform better than boys in educational attainment (Kessels et al., 2014). According
to a large meta-analysis based on an analysis of hundreds of students across
elementary, middle school, high school, and university levels, girls in all subject
domains had significantly higher achievement on teacher-assessed work (Voyer and
Voyer, 2014). The results of large-scale assessments such as TIMSS, PISA, or PIRLS
have demonstrated that girls perform better in literacy subjects than boys and

underperform in mathematics (OECD, 2013). Furthermore, Kessels and Hannover
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(2008) found that girls are less confident and have less interest in these fields (Eccles,
2011). It is, therefore, evident that research findings regarding the relationship

between gender and achievement are inconsistent or at least vary across contexts.

It has been proposed that, according to EVT, socialisation processes can lead to
shaping the conception of expectancy and value beliefs as a consequence of gender
norms and roles (Eccles, 2009). The result of this is that boys acquire more favourable
beliefs in domains associated with male types, such as mathematics, while girls
develop more favourable beliefs in domains associated with female types, such as
English (Gaspard et al., 2015). There are, as mentioned above, no consistent results to
be found in the literature about gender differences in mathematics values. In a study
by Jacob et al. (2002), no evidence of gender differences in mathematics values among
a US sample of students from Grades 1-12 was found; however, Steinmayr and
Spinath (2008) reported higher maths values for males among a German sample of
students from Grades 11 and 12. On the other hand, there is evidence that gender
differences exist in maths value, depending on the component of value examined
(Gaspard et al., 2015). It has been indicated in various studies that although female
students are aware of the importance of achieving high grades in mathematics, they
have a negative perception of it as an attractive subject (Gaspard et al., 2015). The
intrinsic value of mathematics has been found to be higher for males than females in
German and Australian secondary schools (Frenzel et al., 2007; Watt et al., 2012). A
study by Watt (2004) found that there are no gender differences in utility value from
Grades 7-11, whereas Steinmayr and Spinath (2008) found male students had an
advantage in 11th grade. A study examining attainment and utility value in Grades 9
and 10 found no difference between males and females in Australia, Canada, and the

United States (Watt et al., 2012). The results of a study conducted by Gaspard et al.
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(2015) among ninth-grade students in 25 German schools, showed that, despite the
similarities between boys and girls in terms of overall value beliefs, there are gender-
related differences in the mean level of various facets of mathematics value. As
predicted by gender stereotypes associated with mathematics value, these differences
tended to favour males. As a result, girls’ intrinsic value was found to be lower
compared to their male counterparts. In addition, girls tended to perceive maths as
being less important in terms of their personal lives and less useful for their future in
terms of their professional futures than boys. There was only one difference that
favoured girls: the utility value, which is consistent with girls perceiving school and

good grades as more valuable in general (Kessels et al., 2014).

According to EVT (Eccles, 2009), gender also has an effect on achievement-related
behaviours through its relationship with motivational beliefs. In other words, gender
differences in motivational beliefs mediate gender differences in achievement-related
behaviours (Guo etal., 2015; Nagy etal., 2008; Nagy et al., 2006). A number of studies
have examined motivational factors as mediating factors (Brown and Putwain, 2022;
Parker et al., 2012); however, only a limited number of studies (Guo et al., 2015) have
examined both self-concept and multiple task values and their interaction effects and
evaluated the direct, indirect, and total effects of gender and HER on educational

outcomes.

Guo et al. (2015) examined the relationship between gender, mathematics
achievement, and educational aspirations with data from Hong Kong TIMSS 1999,
2003, and 2007. The results show that male students were found to have a higher
mathematics self-concept and intrinsic value, but not utility value, when examining

the direct effect of gender on motivational beliefs. Gender’s direct impact on
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achievement, however, was partially counterbalanced by its indirect effect. This
means that, based on the indirect path from gender to achievement via motivational
factors, boys are more likely to have a high level of maths self-concept, leading to
higher maths achievement levels. In contrast, girls have a higher level of mathematics
achievement when their self-concepts and intrinsic values are similar to boys. In terms
of the total effect, they concluded that there was no gender difference in mathematics
achievement when taking all results together. However, when the mediating effect of
motivational constructs on the relationship between gender and educational aspiration
is considered, since male students have a higher motivation than female students, the
difference in favour of girls in the relationship between gender and educational
aspiration is reduced. Overall, in total effect, girls’ educational aspirations were, to a

small extent, favoured compared to their male counterparts.

Brown and Putwain (2022) investigated gender association with achievement through
the mediation of expectancy of success, task value, and their interaction. A total of
396 participants were included in the study enrolled in their final year of upper
secondary education in England. The participants completed self-report measures of
their expectancy, task values, gender, and socioeconomic status. In addition, they were
associated with the grades obtained in the exit examinations (A Levels). The results
show that gender was not directly associated with achievement. However, gender was
indirectly related to student grades through expectations, task values, and the

interaction between expectations and task values.

Socioeconomic status (SES). According to the EVT framework (Eccles et al., 1983),
parents have social-emotional influences on children’s motivational beliefs, which in

turn affect children’s educational performance and aspirations. As there is a
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correlation between the beliefs and behaviours of parents and their SES, there are more
likely to be successful outcomes for children from families with higher SES (Eccles,
2009). Numerous studies have demonstrated that the SES of a student’s family plays
a significant role in determining their academic success (Sirin, 2005; White, 1982). In
a meta-analysis of 499 quantitative studies, Hattie (2008) concluded that SES had the
most significant effect on predicting academic achievement and explained the most
variance. The strong correlation between SES and achievement points to the
educational inequality that has been investigated in the context of international large-
scale studies such as TIMSS and PISA (OECD, 2014). Globally, comprehensive
education reforms in countries have failed to mitigate the adverse effects of SES on
educational outcomes, resulting in a lack of progress in educational equity (Marks,

2013).

The vast majority of research on family SES has only examined its direct and positive
effects on children’s academic achievement (for more detail, see Sirin, 2005),
motivation (Eccles, 2007), and educational aspirations (Halle et al., 1997). In recent
research, motivational beliefs have been examined as possible mediators of the
relationship between SES and academic achievement and educational aspirations.
(Brown and Putwain, 2022; Grolnick et al., 2009; Guo et al., 2015). For example, Guo
et al. (2015), using TIMSS 1999, 2003, and 2007 Hong Kong data, found that MSC
and MUV mediated the relationship between SES and mathematics achievement and

educational aspirations.

A study by Kriegbaum and Spinath (2016) resolved that there was a small to moderate
correlation between parents’ SES and their children’s mathematical achievement, that

is, higher SES leads to better performance. The mediated effects of motivational
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factors on the relationship between parents’ SES and the performance of children in
standardised maths tests was also investigated. The relationship between SES and
achievement was mediated by the expectancy of success beliefs (self-concept in

mathematics).

Brown and Putwain (2022) investigated SES association with achievement through
the mediation of expectancy of success, task value, and their interaction. The result
shows that parental education was a factor directly associated with achievement. On
the other hand, SES was indirectly related to student grades through expectations, task
values, and the interaction between expectations and task values. Additionally, male
students, those from more educated parents, and those with wealthy resources
performed better in their exams, because higher expectations and higher task values
also reinforce these associations. The study concluded that students’ expectations of
success and task values played a part in explaining the relationship between gender

and SES differences in achievement.

In light of the evidence presented above and the established associations between
higher SES and achievement, current research hypothesises that students with higher
SES will have higher expectations and task values and this, in turn, leads to higher

academic achievement.

2.4. Research Questions and Conceptual Framework of the Study

This section provides research questions and the conceptual framework of the study.
The purpose of this section is to discuss how theory has been employed herein.
Expectation-value theory constitutes the main theoretical framework underpinning the
study. As indicated in the previous Section 2.3.1.3, titled “Expectancy-Value Theory”,
has a complex nature that considers achievement-related choices dependent on
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different factors such as cultural milieu, previous achievements, the expectation of
success, task values, etc. In TIMSS background questionnaires, student
motivation/attitude is measured by three different constructs. The scales “students like
learning mathematics”, “students value mathematics”, and “students confident in
mathematics” were developed under the general title of students’ attitudes towards
mathematics. It should be noted that the theoretical framework of TIMSS 2019
motivational measurements is not clearly stated in the report (Hooper et al., 2017).
Although the theoretical basis on which these scales are based is not explicitly stated,
in the report prepared by Hooper et al. (2017), self-determination theory (Deci and
Ryan, 1985) was referred to for the “students like learning mathematics”, and
“students value mathematics” scales, and Marsh and Craven (2006) ASC theory for
the “students confident in mathematics” scale. In this thesis, “students like learning
mathematics”, “students value mathematics”, and “students confident in
mathematics”, used in TIMSS 2019, measures are applied as an indicator of EVT
factors: MIV, MUV, and MSC, respectively. This theory divides task value
theoretically into four facets: intrinsic value, utility value, attainment value, and cost.
The TIMSS study, however, arguably only contains structures that represent intrinsic
and utility values (Hooper et al., 2017). Due to data limitations, statistical estimation
concerns, and the broad concept of EVT, it is not possible to apply all the factors in a
single study. Therefore, this thesis uses only expectation of success/self-concept,
intrinsic value, and utility value, which is consistent with typical applications of EVT
in research (e.g. Guo et al., 2015; Musu-Gillette et al., 2015, Simpkins et al., 2012;

Wang and Eccles, 2013).

Furthermore, as demographic indicators, gender and student HER variables were

selected based on the EVT framework. Specifically, the SES of students was measured
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via the “home educational resources (HER)” scale in TIMSS. The scale consists of
three items, namely, “the number of books”, “other study supports in their homes”,
and “the highest level of their parents’ education” (Hooper et al., 2017). Therefore,

the variable “HER” is considered as an indicator of SES in this study.

First, the study compares the psychometric properties, such as factor structure,
negative items effect, and measurement invariance, of TIMSS 2019 motivation
variables based on traditional CFA and ESEM. This analysis aims to evaluate the
validity and reliability of motivation items and the measurement invariance across
Japan, Turkiye, and England to determine the best model for the data. Even though
TIMSS data is commonly applied to investigate the relationship between student
motivation and attainment (Choi et al., 2012; Guo et al., 2015; Ker, 2017; Yoshino,
2012), there are surprisingly few studies that emphasise the psychometric issues and
invariance of the latent factors (Bofah and Hannula, 2015; Marsh et al., 2013a).
Further, to the best of my knowledge, comparative CFA and ESEM model fits of
different countries using TIMSS 2019 mathematics motivation data have not yet been
conducted in the literature. In this regard, one of the objectives of this research is to
contribute to the existing literature to fill the gap in the evaluation of psychometric

properties of TIMSS 2019 motivation measures and CFA vs ESEM discussion.

The results of the psychometric analysis are presented in Chapter 4, titled “ Evaluation
of Psychometric Properties of TIMSS 2019 Motivation Measures and Their Relations
With Demographic Variables and Educational Outcomes”. For this part of the study

the following research questions are investigated.

(1) What are the psychometric properties of TIMSS 2019 motivation measures?
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a) Do TIMSS 2019 motivation variables provide reliable measurement properties
for Japan, Turkiye, and England?

b) Do negatively worded items affect model fit?

c) Is the ESEM analysis superior to CFA in the measurement model of TIMSS
2019 motivation latent constructs?

d) Do TIMSS 2019 motivation measures support the a priori factor structure for
the Japan, Turkiye, and England samples?

e) Do TIMSS 2019 motivation variables have measurement invariance among the
countries?

(2) What are the correlational relationships between motivation factors, gender, HER,
and educational outcomes (mathematics achievement and educational
aspirations)?

a) Does the relationship between motivation factors, gender, HER, and
educational outcomes vary across the countries?
b) Is there a difference between the latent means of motivation factors across the

countries?

After determining the best model fit and ensuring measurement invariance, | move to
more substantive questions by examining the relationships of motivational factors with
mathematics achievement and educational aspiration. As discussed above, the
interaction effect of self-concept and task value was emphasised in the original EVT
(Atkinson, 1957), but in modern EVT (Eccles et al., 1983), it has been omitted
(Nagengast et al., 2011). Therefore, in this section, in addition to the direct effects of
EVT factors on mathematics achievement and educational aspiration, the interaction
effects of self-concept and task value are also analysed. Figure 2.3 presents the

conceptual framework for this analysis. This conceptual framework was created
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within the framework of modern EVT (Eccles et al., 1983; Eccles, 2009), and the
interaction of expectancy and task value discussed in the literature is added based on
the literature (Nagengast et al., 2011; Trautwein et al., 2012). In other words, while
the arrows from MIV, MSC, and MUV to outcome variables (MAT ACH and EDU
ASP) seen in Figure 2.3 are based on modern EVT, the arrows from MSC to the path
from MIV and MUV to outcome variables represent the interaction that has been

criticised in the literature.

The results of this substantive analysis section are presented in Chapter 5, titled “The
Relationship Between Expectancy-values and Their Interactions With Educational

Outcomes”. The following research questions are analysed for this chapter.

(3) What is the relationship between student motivation and educational outcomes
(mathematics achievement and educational aspirations)?
a) How well do motivation factors predict educational outcomes?
b) Is there an interaction effect between expectancy and value beliefs on

educational outcomes?
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Figure 2. 3 The hypothesised conceptual framework of EVT factors and their
interaction in relation to mathematics achievement and educational aspirations

Mat Ach

Note. MIV = mathematics intrinsic value MSC = mathematics self-concept; MUV = mathematics utility
value; MAT ACH = mathematics achievement; EDU ASP = educational aspirations; the arrow from
MSC to the path of MIV and MUV to the outcome variables represents the moderation/interaction.

Although EVT theory emphasises the direct and indirect effects of SES and gender,
few studies have investigated the complex relationship between SES, gender, MSC,
MIV, MUV, mathematics achievement, and educational aspiration through mediation
(Guo et al., 2015; Brown and Putwain, 2022; Parker et al., 2012). The last part of this
thesis aims to contribute to this gap by investigating how SES and gender are related
to mathematics achievement and educational aspiration mediated by task values and

MSC. In the EVT (section 2.3.1.3), Figure 2.1 shows the theoretical approaches of the

EVT model on the indirect effects of personal characteristics and cultural milestones,
family character, and gender on achievement-related choices and performance. Based
on this theoretical framework, the study’s conceptual framework is adapted (as shown
in figure 2.4). Finally, the results of this section are presented in Chapter 6, titled “

The Mediation Effect of Expectancy-Value factors on Educational Outcome”.

As a result, the following research questions are investigated:

69



(4) What are the direct and indirect effects of gender and HER on mathematics
achievement and educational aspirations through the mediation of EVT factors in
Japan, Turkiye, and England?

(5) What is the relationship between HER mathematics achievement and educational
aspirations? Do EVT factors mediate this relationship?

Figure 2. 4 The hypothetical conceptual framework of the mediating effect of EVT in

the relationship between background factors and mathematics achievement and
educational aspirations
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Note. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics
utility value; MAT ACH = mathematics achievement; EDU ASP = educational aspirations; MSCxMIV
= interaction variable of MSC and MIV; MSCxMUYV = interaction variable of MSC and MUV.

2.5. Summary

This chapter consists of two main sections. The first contains literature related to the
SEM and factor analyses, which are the main analysis methods of this study. In this
section, first, the traditional CFA method for modelling latent data and the more recent
ESEM models, which have recently been introduced to the literature but have limited
studies, are compared. Accordingly, literature review on psychometric evaluations

such as measurement invariance, factor structure, validity, and reliability are
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presented. In the second section, theories and empirical studies related to motivation
are presented. The second section starts with theoretical approaches to motivation,
mainly EVT, and provides a theoretical framework for this study. The reason for the
use of EVT, briefly, is because it does not examine the concept of motivation in terms
of task values (intrinsic and extrinsic motivation) only. However, at the same time, the
individual’s expectation of success, a broad concept encompassing the elements of
self-concept and perceived task difficulty, relates task value and achievement to
related choices and performance. Therefore, since the interaction effect of self-concept
and task value is one of this thesis’s potential key contributions, EVT is employed in
the current study. The effects of EVT components on educational outcomes are
presented based on empirical studies in the literature. Finally, the literature review
chapter ends with the “research questions and conceptual framework of the study”
section, where | explain the study’s research questions and how these questions are

conceptualised based on the EVT and related literature.

71



Chapter 3: Data and Methods

3.1. Introduction

There is a recognised importance concerning the completion of cross-cultural works
on mathematics-related research regarding the way in which different factors could
impact current thinking and further contribute to determining more universal and
valuable theories (Chen, 2005; Marsh and Koller, 2004). These works should centre
on improving understanding not only in regards the differences between countries’
mathematics attainment factors but also in relation to the measured constructs’
psychometric properties of latent variables. In line with this, the study consists of two
main parts: the first (Chapter 4) focuses on evaluating TIMSS 2019 motivation

measures methodologically, the second (Chapters 5 and Chapter 6) aims to examine

the relationship between motivational factors and educational outcomes and
background variables. Marsh and Hau (2007) have described this approach as
“substantive-methodological synergies”, joint ventures where new methodological
developments are applied to important issues or new methodological approaches are
designed to provide better answers to core research questions. On this basis, the aim
of this study can be summarised with a single statement as follows: In essence, this
study aims to explain the relationship between motivational factors by applying the
modern and appropriate methodological approaches (methodological part detailed in
Chapter 4) and to analyse the motivation factors (expectancy and value beliefs), which
are among the significant factors that impact student mathematics attainment within

the EVT framework (substantive part detailed in Chapters 5 and 6).

This chapter is divided into two main sections: data and methods. The data section

begins with a description of the data source, sampling and plausible values and then
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details the variables and missing variables in the study. In the methods section, I first
explain the methodological approaches of the study. In the conclusion section, |
summarise the research questions and the statistical analysis method used for each

research question.

3.2. Data

3.2.1. Trends in International Mathematics and Science Study (TIMSS) 2019
The TIMSS is an international assessment project arranged by the IEA (International
Association for the Evaluation of Educational Achievement). The projects have been
conducted on a four-yearly basis since 1995 across grade levels four and eight, with
the most recent being carried out in 2019. It further delivers comparative viewpoints
on patterns concerning attainment in the context of different educational systems and
frameworks, instructional practices, and organisational approaches. This is achieved
through TIMSS gathering a wealth of different background information (Hooper et

al., 2017).

The data source in this instance is the TIMSS (2019), with the data recognised as
valuable when performing an analysis of the research questions for several reasons.
Primarily, the data were gathered internationally from a large sample population, but
as a secondary consideration, a two-stage stratified probability sampling was devised
in TIMSS bearing in mind the choice of learners and schools, while the random
sampling process was carefully carried out (LaRoche et al., 2020). Third, through the
TIMSS 2019, subjects were questioned about their attitude towards learning and their

backgrounds.
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In this work, the subjects, as detailed below in Table 3.1, are in Grade 8 in Japanese,
Turkish, and English schools. The subjects completed the student background

questionnaire.

Table 3. 1 Number of participants for each country

Countries Students Classroom Schools
Japan 4,446 142 142

Turkiye 4,077 181 181

England 3,365 161 136

3.2.2. Sampling weights and clustering

The TIMSS data utilized in this thesis demonstrate a hierarchical structure, with
students nested within schools and classes. To effectively implement a true multilevel
Structural Equation Model (SEM), it is essential to disentangle the variance existing
within school and between school/class levels, thereby enabling the simultaneous
modeling of relationships at different levels (Guo, 2016). The primary objective of
this thesis is to examine the relationships among latent variables at the individual level,
excluding any consideration of school/class-level relationships. Consequently, opting
for a single-level SEM appears to be appropriate and satisfactory (Stapleton, 2013).
However, disregarding the sampling design effects present in the clustered sample data

may lead to biased estimates of standard errors (Stapleton, 2013).

To address this issue, the thesis adopts complex design modelling, effectively
resolving the problem. This approach yields the same parameter estimates of path
coefficients as single-level modelling while appropriately accounting for the nesting
of students within the school/class level, thus ensuring corrected standard errors for

the parameter estimates. The implementation of this method is achieved in Mplus 8
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through the utilization of the function TYPE = COMPLEX (Muthén & Muthén, 1998-
2017). By employing the complex function in Mplus, corrected standard errors for the
estimates are provided, along with a scaled chi-square statistic that is robust to the

non-independence of clustered observations within the same cluster (Stapleton, 2013).

A two-stage complex survey design used in TIMSS, which brings different
probabilities for different level units (LaRoche et al., 2020). In the first sampling stage,
schools were selected based on probabilities proportional to size from a list of all
schools in the population. In addition, the school list can be stratified based on
significant demographic variables. The second sampling stage consisted of one or
more entire classrooms, randomly selected in the school (LaRoche et al., 2020). Unlike
the sample selection of PISA, in which the number of 15-year-old students was
randomly selected from among the entire school population, TIMSS chose one or more
classes from selected schools. All students in the selected classes were subject to

assessment.

In addition to two-stage sampling, student weighting methods are also applied to
accurately reflect the participating countries’ population in TIMSS. Individuals are
weighted differently by their sampling weights, reducing bias caused by stratification,
non-responsiveness, or subsamples’ disproportionality (Ker, 2017). National student
samples in TIMSS are designed within a specified sampling error margin to represent
the target populations accurately. After TIMSS 2019 data was collected, student
characteristics’ means and percentages were weighted based on each country’s
population to estimate population parameters (LaRoche et al., 2020). To make it more
straightforward, what sample weighting is and what it is used for can be explained

with the following example:

75



Assume that we are interested in the study habits of a particular
classroom with 18 students, 12 boys and 6 girls. If we randomly
choose 6 students to participate in our study, we would expect to
select 4 boys and 2 girls on average. Assume, however, that it is
important to include an equal number of boys and girls in our study
while accounting for the fact that girls represent a smaller proportion
of students in our hypothetical class. Using this approach, we would
select 1 girl for every 2 students surveyed, giving each girl a 3/6
probability of selection. Similarly, we would also survey 1 boy for
every 2 students selected, implying a 3/12 probability of selection
for each boy because we would choose 3 of 12 possible boys. To
ensure that girls are not overrepresented in our resulting estimates,
every surveyed student’s response is adjusted to reflect the student’s
actual proportional occurrence in the population. These adjustments
are the sampling weights (Rutkowski et al., 2010, p.143).

For student-level data analysis, TIMSS 2019 provides three weighting variables: total
student weight (TOTWGT), student senate weight (SENWGT), and student house
weight (HOUWGT). The TOTWGT is the overall student sampling weight, which is
the sum of the student population size in each country; SENWGT is a linear
transformation of TOTWGT to reach an equal sample size of 500 for each country;
and HOUWGT s also linear transformation of TOTWGT and based on the actual
number of students in the sample that is appropriate for the correct computation of
standard errors and tests of statistical significance (Rutkowski et al., 2010). In this
study, all analyses are based on TIMSS’s HOUWGT weighting variable, which
includes three components related to sampling of the school, class, and student and
three related to non-participation at the school, class, and student levels. Therefore,
the use of sampling weights in the analysis provides proper correction for clustering
inherent in the two-stage clustering sample (Marsh et al., 2013a). For the present

purpose, country variables were considered as grouping identification in multigroup
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analyses to control the clustered sample. Class ID was used as the clustering variable
rather than school ID because, as mentioned above, the sampling unit was based on
class in the TIMSS sampling design. A complex design option is applied to correct the
standard error caused by the two-stage sampling design (see Muthén and Muthén,

1998-2017).

3.2.3. Plausible values

To represent a full repertoire of knowledge of students' mathematics skill and
strategies, TIMSS consists of many questions for students, thus, to provide good
coverage, they need to have up to 10 ¥ hours of testing time (Fishbein et al., 2019).
However, due to time limitations and difficulties, the assessment time for each student
booklet must fit into 90 minutes for the eighth grade by clustering student items in
blocks and randomly rotating the blocks of items through the 14 student test booklets.
The questions included in these booklets were carefully selected from the TIMSS
(Trends in International Mathematics and Science Study) question pool. This selection
process took place collaboratively, incorporating the curriculum survey results
submitted by the participating countries to TIMSS. As a result of this meticulous
procedure, 14 booklets were developed and are implemented in the TIMSS
measurement program by the respective executive institutions in the participating
countries. The main advantage of using this method is that all the questions in the
question pool are put to students randomly. Consequently, although not all students
answered all the questions, each item was responded to through randomly designed
item booklets by students (LaRoche et al., 2020). This approach or design is called a
matrix sampling approach/design. Item response theory scaling method is used to
produce a broad result of the achievement of the whole student population in a country

from the combined answers of individual pupils to booklets (LaRoche et al., 2020).
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On the other hand, using a matrix sampling design comes at the cost of an inability to
make statements at an individual level. A considerable amount of uncertainty
accompanies individual proficiency estimates, and simply aggregating individual
scores will result in seriously biased demographic profiles (Haneuse and Bartell,

2011).

In order to overcome this issue, plausible value methodology was developed by
(Mislevy, 1991). International tests such as TIMSS, PIRLS, and PISA use plausible
values to assess student achievement, as measurement errors may arise in educational
studies due to many factors, such as mental and physical circumstances on the
assessment day, and the existence of potential conditions influencing the outcome of
the assessment (Mullis et al., 2020). Specifically, “the plausible values are not test
scores ... but are random numbers drawn from the distribution of scores that could be
reasonably assigned to each individual” (Monseur and Adams, 2009, p.6). Plausible
values are neither actual student scores nor imputed scores for individuals, but instead
“imputed scores for like students with similar response patterns and background
characteristics in the sampled population” to provide an accurate estimation of
population. The logic of the method is to use all available data, including background
data, to estimate the characteristics of population and sub-populations and to use

multiply imputed scores, called plausible values to account for the uncertainty.

The TIMSS 2019 data consists of five plausible values representing an overall
achievement measure in mathematics for each student. The analyses’ results are
calculated based on the combination of five plausible values using the MPlus (Muthén
and Muthén, 1998-2017) function “type = imputation” following Rubin (1987)

multiple imputations procedure.
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3.2.4. Variables used in the study

The TIMSS collects information such as students’ motivation and demographic school
environment through the student background questionnaire, and measures students’
mathematics and science achievements, which addresses their attitudes towards
mathematics as well as their interest in science. Along with the outcome variables
(mathematics achievement and educational aspirations), student attitudes towards
mathematics and home resources for learning were selected from the student

questionnaire as a requirement of this study hypothesis.

The TIMSS survey (TIMSS 2019) encompasses several different background and
contextual variables, all of which could have an influence on the links between
academic attainment and mathematics performance, including classroom and teacher
factors, demographics, school conditions, and management. Notably, however, this
work has selected only some of these so as to enable the work to provide a clearer
emphasis. The variables used in this study were operationalised under three main
categories; educational outcomes, expectancy-value constructs, and background
variables. A 4-point Likert scale was used in all motivation items and scaled from 1
“disagree a lot” to 4 “agree a lot”, in which higher scores represent more favourable

responses.

3.2.4.1. Expectancy-value measures
Expectancy-value. The MSC scale was used to evaluate students’ expectancy-value.
The scale consisted of nine items in TIMSS 2019 (e.g. “I am generally good at

mathematics”). Items of self-concept variables can be viewed in Table 3.2.

Task values. The scales of “students like learning mathematics” measure the intrinsic

value of a student to learn mathematics. Mathematics intrinsic value is assessed with
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nine items (e.g. “I enjoy learning mathematics”). Utility value is measured through
scales of “students value mathematics” in TIMSS 2019. Mathematics utility value is
assessed with nine items (e.g. “I think learning mathematics will help me in my daily
life”), each with a 4-point response format ranging from “disagree a lot” to “agree a

lot”. The items of intrinsic and utility values are represented in Table 3.2.

Table 3. 2 Items of expectancy-value factors

Latent _
) Item Wording Response scale
Variables

Mathematics Intrinsic Value (MIV)

MIV1 | enjoy learning mathematics

MIVN2* | wish I did not have to study mathematics
MIVN3*  Mathematics is boring

MIV4 | learn many interesting things in mathematics
MIV5 | like mathematics

MIV6 | like any schoolwork that involves numbers
MIV7 | like to solve mathematics problems

MIV8 I look forward to mathematics class

MIV9 Mathematics is one of my favourite subjects

Mathematics Self-Concept (MSC) 1= Disagree a ot

MSC1 | usually do well in mathematics . .
2= Disagree a little
Mathematics is more difficult for me than for
MSCN2* _
many of my classmates 3 = Agree a little
MSCN3* Mathematics is not one of my strengths
MSC4 I learn things quickly in mathematics 4= Agree a lot
| am good at working out difficult mathematics
MSC5
problems
MSC6 My teacher tells me | am good at mathematics
Mathematics is harder for me than any other
MSCN7*

subject
Mathematics Utility Value (MUV)
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| think learning mathematics will help me in my

MUV1 o

daily life

| need mathematics to learn other school
MUV2 )

subjects

| need to do well in mathematics to get the job |
MUV3

want

It is important to learn about mathematics to get
MUV4 )

ahead in the world

Learning mathematics will give me more job
MUV5 -

opportunities when | am an adult

My parents think that it is important that | do
MUV6 ) )

well in mathematics
MUV7 It is important to do well in mathematics

SOURCE: IEA's Trends in International Mathematics and Science Study — TIMSS 2019 Copyright ©
2020 International Association for the Evaluation of Educational Achievement (IEA). Publisher:
TIMSS & PIRLS International Study Center, Lynch School of Education and Human Development,
Boston College. * Negatively coded items

3.2.4.2. Outcome variables

Mathematics achievement. In this study, the mathematics achievement scores
obtained from the mathematics test of Japanese, Turkish, and English eighth-grade
students who participated in TIMSS 2019 were used. Item response theory (IRT) was
used to scale scores derived from students’ tests to evaluate achievement and obtain
accurate measures in TIMSS (Hooper et al., 2017). Since each student is only
responsible for parts of the assessment item pool, the TIMSS scale approach obtains
proficiency scores using the plausible value/multiple imputation methods (Fishbein et

al., 2021).

Educational Aspirations. Students’ long-term educational aspirations were measured
with the single item as “How far in school do you expect to go?” in TIMSS 2019. The

response scale consists of six answers ranging from “Finish lower secondary
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education” to “Finish postgraduate degree: master’s or doctor”. Education levels by
country are shown in Table 3.3. In this study the measure of educational aspirations is

treated as continuous scale variable.
3.2.4.3. Background/demographic variables
Gender. Gender was self-reported and coded 1 for girls and 2 for boys, so higher

coefficients indicate higher scores for boys (see table 3.3).

Home educational resources (HER). This was assessed with a scale including three
items which are the highest educational level of father and mother, the number of
books at home, and the number of home study supports (see table 3.3). The scale is

created with Item response modelling.

Table 3. 3 Details of outcome and background variables

Variables Description Details of Categories
MAT ACH Imputation of five plausible -
mathematics achievement
values
Japan

1 = Lower secondary school
2 = Upper secondary school

3= Advanced course of upper
secondary school

How far in education do you 4 = Junior college, college of

expect to go? technology, or specialised
training college (post-
secondary course)

EDU ASP

5 = University or college
6 = Graduate school

Tarkiye
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1 = Lower secondary
education

2 = Upper secondary
education

3 = post-secondary
vocational courses

4 = Short-cycle tertiary
education

5 = Bachelor’s level
6 = Master’s or doctor
England

1 = Lower secondary school
up to the age of 14

2 = GCSE, AS, A level, or
equivalent qualifications, e.g.
NVQ at Level 3 or GNVQ

3 = Higher education access
course

4 = Higher education
qualification below degree
level e.g. NVQ Level 4 or 5,
diploma, nursing
qualification, or higher level
in HNC, HND, or BTEC

5 = University degree (e.g.
BA, BSc, BEd)

6 = Master’s degree,
doctorate or higher degree
(e.g. MPhil, PhD)

Gender

Student gender

1= Female 2= Male

Home educational
resources (HER)

Students were scored
according to their reports
regarding the availability of
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number of books and study

supports in the home and

their parents’ education level
SOURCE: IEA's Trends in International Mathematics and Science Study — TIMSS 2019 Copyright ©
2020 International Association for the Evaluation of Educational Achievement (IEA). Publisher:
TIMSS & PIRLS International Study Center, Lynch School of Education and Human Development,
Boston College.

3.2.5. Missing data

A total of 4,444, 4,077, and 3,365 students were involved in TIMSS 2019 for Japan,
Turkiye, and England, respectively. However, observations of any item to which the
participant did not respond (2 from Japan, 29 from Turkiye, and 158 from England)
were excluded from the analysis. Therefore, a total of 4,442 observations from Japan,
4,048 from Turkiye, and 3,207 from England were included in the analysis. The
multiple imputation method was used for the remaining missing data. The number of
missing data by country and variables is shown in Table 3.4. As seen in the table, there
are much fewer missing data in the case of Japan compared to Tirkiye and especially

England.

Although the percentage of missing values is not high, many variables contain a
missing value. With increased awareness of the limitations of listwise deletion, mean
substitution, or pairwise deletion, recently methods such as full information maximum
likelihood (FIML) and multiple imputations have become more popular (Marsh et al.,
2013a). In this work, multiple imputations are applied to handle missing data. Five
imputed data sets were created for each plausible value, so 25 data sets were obtained.
One of the five data sets of each plausible value was kept for the analysis. The multiple
imputations strategy allowed me to use plausible values properly and deal with
missing data in the same data set simultaneously. All variables used in this study were
added in imputation models, and models weighted using the HOUWGT weighting

variable. The results reported in this study are based on an appropriate aggregation of

84



results from multiple data sets to obtain the appropriate parameter estimates, standard
errors, and goodness-of-fit statistics according to the Rubin (1987) multiple

imputation automatic procedure by MPlus 8.6 (Muthén and Muthén, 1998-2017).

Table 3. 4 Number of available and missing data

Japan Turkiye England

N Miss N Miss N Miss
MIV1 4,442 2 3,974 74 3,172 35
MIVN2 4,437 7 3,955 93 3,155 52
MIVN3 4,425 19 3,942 106 3,116 91
MIV4 4,430 14 3,949 99 3,152 55
MIV5 4,430 14 3,948 100 3,135 72
MIV6 4,440 4 3,929 119 3,163 44
MIV7 4,442 2 3,962 86 3,150 57
MIV8 4,434 10 3,966 82 3,155 52
MIV9 4,442 2 3,969 79 3,158 49
MSC1 4,437 7 4,007 41 3,153 54
MSCN2 4,435 9 3,997 51 3,129 78
MSCN3 4,429 15 3,977 71 3,096 111
MSC4 4,427 17 3,984 64 3,112 95
MSC5 4,434 10 3,992 56 3,131 76
MSC6 4,424 20 3,974 74 3,094 113
MSCN7 4,433 11 3,993 55 3,135 72
MUV1 4,437 7 4,007 41 3,142 65
MUV2 4,436 8 4,002 46 3,141 66
MUV3 4,420 24 3,993 55 3,130 77
MUV4 4,429 15 3,979 69 3,129 78
MUV5 4,422 22 3,997 51 3,125 82
MUV6 4,419 25 4,001 47 3,121 86
MUV7 4,433 11 4,005 43 3,127 80
MATACH1 4,444 0 4,048 0 3,207 0
MAT ACH2 4,444 0 4,048 0 3,207 0
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MAT ACH3 4,444 0 4,048 0 3,207 0
MAT ACH4 4,444 0 4,048 0 3,207 0
MAT ACH5 4,444 0 4,048 0 3,207 0
HER 4,438 6 4,044 4 3,183 24
EDU ASP 4,393 51 3,969 79 3,086 121
MALE 2,276 0 2009 0 1,715 0
FEMALE 2,168 0 2039 0 1,492 0

NOTE. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics
utility value; MAT ACH = mathematics achievement score; HER = home educational resources; EDU
ASP = educational aspirations.

3.3. Methods

The main analysis method of this study is SEM. Structural equation modelling is an
umbrella term that includes multiple statistical models widely used in social and
behavioural sciences (Bollen, Kenneth A., 1989; Hoyle, 2012). These models include,
for example, multivariate regression, path analysis, factor analysis, growth curve
models, and multilevel (regression, factor, and path) modelling. The SEM method is
often applied to analyse models containing both measured and structural parts. The
measurement model, path model, and SEM example are shown in Figure 3.1. The
measurement part relates the latent variables of the model to their manifest indicators.
The structural part assumes hypotheses about the relationships between a set of
variables of interest, some of which may be latent. The main concern of analysis in
many practical settings is the structural part as it reflects the theory that the researcher
Is testing. The measurement part only occurs when the model includes latent variables

that must be measured using (typically multiple) manifest indicators.

Confirmatory factor analysis (CFA) is probably the most common method used in the
SEM framework to examine the test structure and measurement model (Hoyle, 2012).
However, due to some limitations of CFA, which | will detail in the next section, the

ESEM approach was developed by Asparouhov and Muthén (2009). Since the ESEM
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approach is relatively new compared to CFA, its use in the literature is limited. In this
study, | will first examine the psychometric properties of TIMSS 2019 motivation
factors, such as factor structure, measurement invariance, model fit, validity, and
reliability, based on a comparison of two robust measurement model approaches, CFA
and ESEM. In the literature, some scales which were developed to measure motivation
previously tested for validity and reliability with the CFA approach are also retested
with ESEM (Alamer, 2021; Alamer and Marsh, 2022; Fadda et al., 2020; Furnham et
al., 2013; Gomez et al., 2020; Jung, 2019; Marsh et al., 2013c; Morin et al., 2020;
Morin et al., 2013; Téth-Kiraly et al., 2017; Xiao et al., 2019). However, there is no
study, at least to my knowledge, in which TIMSS 2019 motivation measures were
retested and modelled with the ESEM approach and compared with CFA. Therefore,
in this respect, the present study aims to make a unique contribution to the
methodology literature with an ESEM and CFA comparison, in addition to a detailed

examination of the psychometric properties of TIMSS 2019.

Figure 3. 1 Example of measurement and structural model

E X| g E
Xy : &
E o
E &) = x4 ; < gy :
: 0, = Xs : 's [ & '
E '5_; M X, i 1; Yo [ & i
E Measurement model i E Measurement model |

----------------------------------------------------------

Source cited from Roldan and Sanchez-Franco (2012).
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In the analysis of structural models section (section 3.4), SEM models which are
developed according to the results of the measurement models, are explained. This
section discusses the relationship between motivation, mathematics achievement,
educational aspirations, and background factors from different perspectives. First, the
SEM approach that includes product indicators is applied to discuss the first-order and
interaction effects of expectancy and value (EVT) factors on educational outcomes.
The last section examines the direct, indirect, and total effects of gender and HER
factors on mathematics attainment and educational aspirations through EVT

components with mediation analysis.

3.3.1. Measurement model: a comparison of CFA and ESEM

As mentioned in Section 2.2 of Chapter 2, in an ESEM model, items can be loaded on

both main factors (solid lines) and other factors with target rotation as close to zero
(dashed lines) (see figure 3.2). Factors and items that are allowed for cross-loading
should be theoretically related to each other to properly explain and evaluate the
association between the factors (Marsh et al., 2020). This study discusses motivational
factors within the EVT framework. Therefore, we have two primary constructs:
expectancy and value. While the expectancy structure was measured within the
framework of self-concept, the value structure was measured with two sub-factors as
intrinsic value and utility value in TIMSS 2019. Although the full ESEM model gives
better-fit statistics when the expectancy and value constructs are allowed to be cross-
loaded, it is not theoretically accurate since expectancy and value factors are
supposedly separate constructs (Marsh et al., 2020). Thus, in this study, in the ESEM
model, self-concept and value constructs do not to be need cross-loaded; following
Marsh et al. (2020), only value constructs (intrinsic and utility) are allowed to cross-

loaded within themselves. In this context, the CFA and ESEM models developed for
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this study are shown in Figure 3.2. This study uses these models to examine factor
structure, measurement invariance, reliability, validity, method effect of the
motivational constructs and their relationship with educational outcomes, and
background factors using TIMSS 2019 Japan, Turkiye, and England data through
these models. These psychometric properties are explained in detail under the

following subsections.
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Figure 3. 2 Graphical illustrations of measurement models used in the study.
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NOTE. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics
utility value.
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3.3.2. Method effects: negative item effect

Marsh and colleagues define method effects thus, “Method effects are non-trait effects
associated with idiosyncratic aspects of particular items or methods of data collection”
(Marsh et al. 2013a, p.112). Failure to include method effects appropriately can
significantly affect the goodness of fit, biased parameter estimates, and meaningful

interpretations.

Scales measuring psychological constructs are vulnerable to various responses such
as involuntary approval or careless answers during the implementation of an
instrument (Cronbach, 1946, cited in Michaelides, 2019, p.366). Including both
positive and negative statements in the structure has been suggested to reduce these
effects (Michaelides, 2019). The idea behind it is to create a cognitive mechanism
where the role of negatively worded items requires participants to have more control
than automatic cognitive processing (Podsakoff et al., 2003). However, the literature
does not support these claims; on the contrary, it has been found that responses to
negative statements produce systematic variations that are not related to the content
studied, mostly in younger age groups but including all age groups (Benson and

Hocevar, 1985; Marsh, 1986).

In this study, | examine the method effect caused by using a mix of positive and
negative statements within the same construct used to measure motivational factors in
TIMSS 2019. There are four negative items in total, two each in self-concept and

intrinsic motivation (see table 3.2).

The correlated traits and correlated uniquenesses (CTCU) framework is a commonly
used methodological approach to counter the method effect under SEM (Bofah and

Hannula, 2015; Guo et al., 2015; Guo et al., 2016; Marsh, 1986; Marsh et al., 2013a).
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The CTCU framework constructs a correlation among the error terms in a negatively
worded item so that the negative item effect is more conceptualised as a
methodological artefact rather than a discrete factor (Ye and Wallace, 2014). Hence,
the CTCU framework does not examine the negative items as a unique factor to
remove the negative item effect (Distefano and Motl, 2009). This aims to eliminate

the irrelevant empirical association between variables or constructs from the study.

Therefore, the method effects associated with negatively worded items are
hypothesised based on the information provided above. It is, therefore, necessary to
check for method effects in data in order to obtain a model with adequate model fit

and parameter estimates.

3.3.3. Measurement invariance

The measurement invariance is used in the CFA/ESEM context to test whether the
measured constructs mean the same thing for groups. The measurement invariance is
necessary to make a meaningful comparison between the group scores (Marsh et al.,
2013a). Measurement invariance is tested in three main steps: “configural, weak
factorial (also known as a metric), strong factorial (also known as scalar)” (Widaman
and Reise, 1997). This study does not compare manifest scores, so the strict

measurement invariance test does not apply.

Configural invariance. The measurement invariance test starts with the configural
invariance model. This step tests whether the constructs used in the analysis are in the
same pattern in the tested groups by freely estimating all the parameters. A lack of
configural invariance may arise due to cultural differences when constructs developed

for one culture are adapted to other cultures (Chen, 2008).
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Metric invariance. If a good model fit is reached in the configural model, the second
step is the metric invariance test. Metric invariance, also referred to as weak
measurement invariance or factor loading invariance, measures whether the factor
loading of items is invariant among the groups. Achieving metric invariance indicates
that the constructs have the same direction for factor loadings in each group (Millsap
and Olivera-Aguilar, 2012). Metric invariance failure can be caused by various
reasons, such as different meanings of measured structures for other groups,
translation errors, and differences in participants’ responses to items due to varied

cultural backgrounds. (Chen, 2008).

Scalar invariance. Scalar or strong measurement invariance requires that intercepts
and factor loadings of indicators are invariant across groups. Scalar invariance is
usually tested after metric invariance is established because differences in factor
loadings indicate that the regressions of the measured variables on factor scores are
not parallel across groups (Millsap and Olivera-Aguilar, 2012). This is because if these
regressions are variable, group differences at measurement intercepts are also possible,
as two regression lines with different slopes (i.e. factor loads) typically have different
intercepts (Millsap and Olivera-Aguilar, 2012). It is essential to establish scalar
invariance when the means of variables are compared between groups, as this implies
that differences in the means of variables must be caused by factors common to across
groups (Millsap and Olivera-Aguilar, 2012). Thus, it removes an important source of

uncertainty in explaining group differences in means (Chen, 2008).

Strict invariance. This requires the invariance of factor loadings and intercepts and
item uniqueness. Strict measurement invariance is necessary to compare manifest

scale scores (or factor scores) because reliability differences for multiple groups will
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distort the mean differences in observed scores (Marsh et al., 2013a). However, scalar
invariance support is sufficient for a valid comparison of latent means for comparisons
based on latent structures. (Marsh et al., 2013a). It does not require the additional
assumption of measurement error invariance. Since the comparison of manifest scores
is not part of this study, the strict measurement invariance test is ignored here. In this

study, three countries are considered as a grouping variable for multigroup analysis.

3.3.4. Reliability

Cronbach’s alpha (o) has been widely used as a reliability indicator test statistic for
many years (Novick and Lewis, 1967). However, there is evidence that imported
constructs have lower reliability when applied to different cultural contexts, regardless
of their high reliability in their original settings (Bofah and Hannula, 2014).
Furthermore, o may be underestimated or overestimated when correlated
measurement errors are present in the underlying structure (Brown, 2015; Raykov,
2012). Raykov (2012) suggests that the composite reliability (o) measure provides
more stable results in CFA/SEM models and should be used to support a estimates.
This means that a composite reliability estimate is more precise than one provided by
a in cases where method effects are present, such as correlation uniqueness due to
negative items (Brown, 2015; Raykov, 2012). In exploratory research, values greater
than 0.600 are also recommended as acceptable levels of reliability (Hair et al., 2019).
According to our hypothesis, the reliability of the estimates would be lower in Japan
than in Turkiye and England since the constructs are largely derived from Western
research and empirical evidence from previous TIMSS studies (Bofah and Hannula,
2015; Marsh et al., 2013a; Metsamuuronen, 2012; Rutkowski and Rutkowski, 2010).

In addition, I hypothesise that the method effect associated with the negatively worded
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item would adversely affect the reliability of the MSC and the MIV constructs (Bofah

and Hannula, 2015; Marsh et al., 2013a).

3.3.5. Convergent and discriminant validity

An intriguing aspect of the discourse surrounding the theoretical framework of self-
motivation centres on the methodologies proposed for validating this framework.
While confirmatory factor analysis (CFA) has been commonly employed to assess the
adequacy and compatibility of models, thereby confirming the theoretical soundness
of psychometric measures, recent studies in the field suggest that exploratory
structural equation modelling (ESEM) could offer a promising alternative to CFA
approaches (Fadda et al., 2020; Kocur et al., 2022; Marsh et al., 2020; Marsh et al.,
2010; Marsh et al., 2009). This is primarily attributed to the way ESEM deals with

model specification and non-target loadings within the models.

When utilizing CFA, researchers are required to predefine the parameters of the
proposed model concerning the associations between observed and latent constructs.
Typically, this approach leads to a situation where each indicator of the latent variable
is exclusively linked to only one factor, with other possible loadings being constrained
to zero. In contrast, ESEM necessitates only information on the number of latent
factors, allowing for free estimation of the other parameters. In ESEM, all factors have
the potential to be linked to all indicators, similar to exploratory factor analysis (EFA)
(Marsh et al., 2020). As a result, the ESEM procedure enables the estimation of cross-
loadings, which provides supplementary insights into the theoretical validity of the

scale.

The ability to observe cross-loadings and the flexibility offered by ESEM have led to

the notion that ESEM might present a more suitable framework for analysing the factor
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structures of psychological inventories intended to measure complex constructs of
individual differences, such as personality traits and motivational factors (Kocur et al.,

2022).

Importantly, the ESEM approach includes target rotation, granting the researcher a
priori control over the hypothesized factor structure. This involves assuming that
cross-loadings, if feasible, are close to zero but not strictly equal to zero, which
distinguishes it from the CFA. Consequently, ESEM can be employed in a
confirmatory manner, unlike EFA, which is commonly used for exploratory purposes
in understanding potential theoretical structures of a construct. In this context, ESEM
serves as a valuable means of validating the theoretical framework of a given construct
(Kocur et al., 2022). Considering these latest insights from existing literature, the
current study evaluated the validity of the latent constructs employing the multiple-

indicator-multiple-indicator cause (MIMIC) model (M11) under the ESEM approach.

The TIMSS motivation factors are further evaluated using the extended MIMIC
models by relating the latent motivation factors to pupils’ background variables
(gender and HER) and educational aspirations, and mathematics achievement scores.
This study uses a MIMIC approach where each of four correlates (gender, HER,
educational aspirations, maths achievement) is related to latent motivation factors. The
MIMIC approach is similar to multiple regression, but considerably more robust
because it is based on latent constructs that are purged of measurement errors and
controlled for method bias, rather than simply assuming the model is accurate (Marsh
et al., 2013a). In addition to latent motivational factors, variables gender, HER,
educational aspirations, and mathematics achievement have been included in this

model. It is hypothesised that academic achievement is more strongly correlated with
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self-concept than task value, and educational aspirations are more strongly correlated
with task value than self-concept (e.g. Eccles et al., 1983; Eccles and Wigfield, 2002;

Marsh et al., 2005; Wigfield et al., 2009).

3.4. Analysis of Structural Models

In this study, SEM is used to test the theoretical model using TIMSS 2019 data. It is
widely recognised that SEM is one of the most powerful multivariate analysis methods
in the social sciences (Hoyle, 2012). It is a technique for multivariate statistical
analysis that uses a confirmatory (hypothesis-testing) approach in order to examine
the relationships between a variety of variables, both observed and unobserved, and
provide precise estimates of the errors as well as the direct and indirect effects of the
variables under analysis. A further benefit of SEM is that both independent and
dependent variables can be considered latent constructs (Kline, 2015). A wide range
of analyses can be performed with SEM, from simple to complex relationships
between variables. The framework allows researchers to use empirical models to test
the validity of a theory by developing and analysing complex relationships among
multiple variables. A major advantage of the method is that it allows for the
management of measurement error, which is one of the biggest weaknesses of most

studies (Hoyle, 2012; Kline, 2015).

In this study, | compared two measurement models for TIMSS 2019 motivation
measures and found that ESEM provides a better solution than CFA in terms of model
fit and other psychometric properties. Therefore, the ESEM model was retained for
the structural model to test whether the self-concept and task value were predictive of

educational aspirations and maths performance.
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First, the task value variables (MIV and MUV) were added to the structural model,
followed by the self-concept variables. This was followed by the self-concept and
intrinsic value interaction variables and, finally, the self-concept and utility value

interaction values.

The main hypotheses of our study are as follows. It is expected that the mathematics
self-concept and intrinsic value would be highly correlated based on both conceptual
considerations and previous empirical findings. The second hypothesis is that self-
concept and value beliefs are positive predictors of achievement and educational
aspirations when entered separately into the model. Third, when both expectancy and
value beliefs are included in the regression equation, | expect expectancy beliefs to be
the stronger predictor of academic achievement. The fourth objective of the study is
to examine whether expectancy and value beliefs predict achievement and educational
aspirations additively or synergistically. It is my primary interest here to determine

whether or not the interaction term indicates a synergistic/multiplicative relationship.

3.4.1. Mediation analysis

Mediation models are statistical models that attempt to explain observed relationships
between independent and dependent variables by including a third hypothetical
variable known as a mediator variable (MacKinnon, 2008). Mediation models propose
that the independent variable influences the mediator variable, which in turn affects
the dependent variable rather than being a direct causal relationship. Thus, the
mediation variable provides insight into the relationship between the independent and
dependent variables (MacKinnon et al., 2007; VanderWeele, 2016). Mediation
analysis with cross-sectional data is a statistical technique used to investigate the

underlying mechanism through which an independent variable (IV) influences a
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dependent variable (DV) by operating through one or more intermediate variables
known as mediators. This analytical approach aims to explore the indirect effect of the
IV onthe DV, as well as the direct effect, thereby shedding light on the potential causal

pathways involved in the observed relationships (Shrout and Bolger, 2002).

Mediation analysis with cross-sectional data can provide valuable information about
the indirect relationship between variables, but it cannot determine causality. In other
words, statistical mediation analyses using nonexperimental data offer suggestive
indications rather than conclusive proof concerning causal relationships. The findings
can propose potential causal mechanisms but cannot definitively establish causality
due to the limitations of the study design and potential confounding factors (Shrout
and Bolger, 2002). To establish causality, longitudinal studies or experimental designs

are required.

Through a mediator variable, mediation analyses examine how one variable influences
another to understand a well-known relationship. It is particularly useful when there
is no obvious direct relationship between independent and dependent variables

(MacKinnon, D.P. et al., 2007).

The purpose of this part of the study is to examine the mediation role of motivational
factors. Motivational factors (MSC, MIV, and MUV) act as a mediating variable in
this model, where gender and HER are the independent variables. This analysis aims
to examine the mediating role of motivation factors in the relationship between
demographic variables (gender and HER) and educational outcomes (maths
achievement and educational aspiration). It is hypothesised that self-concepts and task
values would mediate the relationship between SES, gender, and educational

outcomes. The hypothesised structural model is presented in Figure 3.3.
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Figure 3. 3 A hypothesised final structural model with mediating relationships and
interaction terms.
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Note. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics
utility value; MAT ACH = mathematics achievement score; HER = home educational resources; EDU
ASP = educational aspirations. MSCxMIV = interaction term of MSC and MIV; MSCxMUV =
interaction term of MSC and MUV.

3.4.2. Estimation

All analyses in the study were performed using MPlus version 8.6 (Muthén and
Muthén, 1998-2017) with IBM SPSS (version 26) for data screening. The analyses are
based on the MPlus robust maximum likelihood estimator (MLR) with standard errors
and fit tests, which are robust for the use of categorical variables with at least four or
more response categories, especially when the non-normality of the observations is
not extreme (Marsh et al., 2013a). On this basis, considering the complexity of the
models used in the study, | chose to use MLR estimation which treats Likert responses
as continuous variables instead of a categorical estimation procedure. This decision is
based on studies in the literature (Muthén and Muthén, 1998-2017) and research
conducted with the MLR estimation method (Bofah and Hannula, 2015; Guo et al.,
2015; Marsh et al., 2013a), which suggests that the categorical estimation method has

little or no difference to parameter point estimate, especially when extensive as in the
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current study. In addition, the skewness and kurtosis of the items and composite
variables in the study are not excessive (Hau and Marsh, 2004); the average skewness
is —0.76 (none more than 1.7), and the average kurtosis is -0.22 (kurtosis of only one

item is greater than 2 in absolute value).

Another reason for using the MLR estimation method in this study is to investigate the
complex relationships of variables in SEM models (moderation and mediation
analysis). Because the WLS estimation method used for analyses of categorical
variables in mediation and moderation analyses is not available in Mplus 8 version.
Accordingly, the programme developers recommended using MLR estimation for a
related question on the MPlus blog site (Muthen, 2015). In addition, studies have
shown different advantages and disadvantages of using MLR and WLS in ordinal data.
For example, in simulation studies, it has been observed that factor loading of ordinal
data with DWLS estimator is better and less biased (Bandalos, 2014), while MLR
produces a less biased standard error, more accurate intercorrelation and structural
model (Li, 2016). Current research practice lacks agreement on preferred estimation
methods when dealing with observed variables of varying scale types. However,
although the use of MLR in a technical sense is seen as a limitation in this study,
considering that the primary purpose of the study is to examine the structural
relationship with mediation and moderation analyses, using MLR as an estimation
method offers more advantages than WLS as recommended by Li (2021). In
conclusion, upon comprehensive examination of the strengths and drawbacks
associated with assuming ordinal variables as continuous variables, it becomes evident
that this approach may present theoretical limitations, notably concerning non-normal
distribution. Nonetheless, the implementation of the MLR estimation procedure

allows for the mitigation of such non-normality concerns, rendering it more suitable
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and relevant for this study to treat Likert scale-type ordinal variables as continuous
variables. This is particularly advantageous, considering the need for conducting

mediation and moderation analyses in the context of this research.

3.4.3. Model evaluation criteria and model fit

Multiple criteria were applied for model fit evaluation. Since the chi-square test is
sensitive to large sample sizes, it can be problematic as a single model evaluation
criterion (Marsh et al., 1988). Thus, applied CFA and SEM research focuses on model
indices that are independent of the sample size, such as root mean square error of
approximation (RMSEA), the Tucker-Lewis index (TLI), and the comparative fit
index (CFI) (e.g. Marsh et al., 2013a; Bofah and Hannula, 2015; Guo et al., 2015;
Meyer et al., 2019; Nagengast et al., 2011; Trautwein et al., 2012). The two indexes,
TLI and CFI, can take values in the range of 0 to 1, and values above 0.90 are
acceptable; values over 0.95 are considered to be a better model fit (Hu and Bentler,
1999). Meanwhile, RMSEA values below 0.8 and 0.6, respectively, are considered
acceptable and a good model fit (Hu and Bentler, 1999). However, in model
comparisons for nested models, the increase or decrease in model fit indices is more
important than any model’s absolute fit level (Kline, 2015; Marsh et al., 2013a).
Cheung and Rensvold (2001) suggested that there is reason to support the more
parsimonious models when the decrease in model fit for these models is less than 0.01
for CFI, and increases by less than 0.015 for RMSEA. Although these guidelines are
used as a reference in the present study, it should be kept in mind that these are only
general guidelines (Marsh et al., 2004) and can vary across studies (Kline, 2015).
Marsh et al. (2013a) recommended that applied researchers should consider different

indices such as chi-square, detailed evaluations of the real parameter estimates related
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to the theory, a priori predictions, comparison of viable alternative models, and

common sense to evaluate the goodness of fit.

3.5. Ethics

This thesis is based on the analysis of secondary quantitative data, which ensures that
schools and students participating in the study remain anonymous throughout the
entire process. As secondary data was used in this study, the University of Leeds light
touch ethical protocol was applied, and a copy of the ethics report can be found in
Appendix 1. The research conducted in this project has adhered to guidelines

established by the University of Leeds (UoL, 2021).

Secondary data analysis involves using existing research data to answer different
research questions from the primary study (Tripathy, 2013). Secondary data can be
data collected for large-scale surveys or personal research. One of the main concerns
with the secondary use of data is the possibility of harming the people involved and
ensuring that their consent is respected (Tripathy, 2013). However, the analysis
excludes human subjects if the data do not identify participants' personal information
(UCONN, No Date). In the TIMSS 2019 data used in this study, the participant's
personal information was kept confidential by TIMSS, and this information was
presented to the researchers coded with numbers. Therefore, this study's participants’

information is anonymous and considered an exemption for human subjects.

There are some ethical responsibilities associated with the use of secondary data by
the researcher. First, it is important to ensure that the data are made publicly available
in the main data source, and it remains anonymous to protect personal information's
privacy and confidentiality. The reader should also be informed about the data used in

the study in the necessary level of technical detail. Further, the data must be suitable
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for the study's purpose and hypotheses and not be manipulated to achieve the desired

outcome.

3.6. Summary

This chapter consists of two main sections describing the data set used in the study
and the method of the study. In the first part, TIMSS 2019 data for Japan, Turkiye,
and England are explained, while in the second, the statistical approaches used to

analyse these data are presented.

As stated in the introduction and literature chapter, this study aims at substantive-
methodological synergy (Marsh and Hau, 2007). In this context, the first part of the
analysis compares CFA and ESEM to find the most suitable factor analysis
methodologically. Therefore, the method section introduces factor analysis, factor
structure, measurement invariance, negative item effect, and reliability analysis. Then,
it details how substantive analyses are applied, specifically model development, latent

interaction, and mediation models of SEM models.

The following table (Table 3.5) provides a summary of the research questions,
literature, theoretical bases, purpose, main analytical approaches, and chapter of

analysis.
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Table 3. 5 An overview of the study’s research questions, their basis, their purpose, and methods of analysis

Theoretical/Literature Bases Research Questions Purpose Analysis Methods | Results
TIMSS was designed in a Western context (Bofah .
] ] Factor analysis,
and Hannula, 2015; Marsh et al., 2013a; To determine the most suitable model for
i ] . ] o measurement
Metsdmuuronen, 2012; Rutkowski and Rutkowski, the analysis of TIMSS 2019 motivation del
model,
2010). Mathematics attitudes instruments have been structures under SEM.The evaluation of
measurement
critiqued for their weakness in justifying validity, 1) What are the psychometrics properties such as factor ] .
. . invariance,
particularly in non-Western countries (Abu hilal, psychometric properties | structure, measurement invariance, liabili Chapter
reliability test.
2001; Bofah and Hannula, 2015; Marsh et al., of TIMSS 2019 reliability, and method effects of TIMSS 4
motivation measures? ivati i
2013a). 2019 motivational constructs by comparing Measurement
o N _ Japan, Tirkiye, and England model comparison
ESEM superiority over traditional CFA in terms of
) ) ) based on CFA and
model fit, factor corrections and theoretical
) ESEM model.
representations (Marsh et al., 2014).
2) What are the
correlational To test the correlation between TIMSS
relationships between 2019 motivational constructs with each
. . _ motivation factors, other and the correlations of these Multiple indicators
A concern with TIMSS motivation data is the . ] P
. . ) o gender, HER, and constructs with educational outcomes multiple causes
possible high correlation between maths intrinsic ) ) ) Chapter
] educational outcomes (mathematics achievement and educational | (MIMIC) model
value and maths self-concept, which threatens the o S 4
o o (mathematics aspirations) and demographic indicators
convergent and discriminant validity of constructs. )
achievement and (gender and HER) to examine whether they
educational aspirations)? | support convergent and discriminant
validity.
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Task value (mathematics intrinsic and utility values)
will positively predict educational aspirations,
whereas mathematics self-concept should be the
strongest predictor of mathematics achievement
(Eccles and Wigfield, 2002; Marsh et al., 2013a;
Simpkins et al., 2006). Although EVT emphasises

3) What is the
relationship between
student motivational

factors and educational

To investigate the effectiveness of EVT
factors for predicting mathematics
achievement and educational aspirations in

different education systems (Japan,

Structural equation

modelling with

. Tarkiye, and England). A further objective ] ] Chapter
the effects of cultural factors on academic outcomes (mathematics ) latent interaction
o ) ) would be to examine how expectancy and ) ) 5
motivation and performance, most tests with this achievement and . . . with unconstrained
) task value interaction, which has
model have been conducted in Western cultures educational aspirations)? ] . . approach.
o . disappeared in modern EVT, predict
(Wigfield et al., 2004). In addition, expectancy and ] . .
) o ) mathematics achievement and educational
value interaction is one of the main elements of o
o ] . . aspirations.
original EVT (Atkinson, 1957), but is not used in
modern EVT (Eccles, 1983).
In the EVT framework, gender and SES are linked 4) What is the As noted, few studies have investigated the
to educational performance (Eccles, 2007, 2009). relationship between complex relationships between gender,
Since parental behaviour and attitudes are related to | gender mathematics SES, MSC, task values (MIV and MUV),
SES, students from high SES families tend to achievement and mathematics achievement, and educational
perform better academically (Eccles, 2009). educational aspirations? | aspirations in a single model. In this part of
Similarly, gender indirectly affects academic Do EVT factors mediate | the thesis, | examine the relationship Structural equation
) ) o o ) ) ] Chapter
performance through its relationship with motivation | this relationship? between SES and gender with regard to modelling with 6

(Eccles, Barber, and Jozefowicz, 1999; Brown and
Putwain, 2022; Guo et al., 2015). The mediating role
of motivation factors has been discussed in the
literature (Brown and Putwain, 2022; Guo et al.,
2015; Parker et al., 2012), but to the best of my

knowledge, no study has examined how expectancy,

5) What is the
relationship between
HER mathematics
achievement and

educational aspirations?

educational aspirations and mathematics
achievement, as well as the interaction
between MSC and task value. The main
objective of this analysis is to extend
previous empirical studies by exploring

how these factors explain the complex

mediation model.

106




task value, and their interaction effects influence
mathematics achievement and educational

aspirations from a comparative perspective.

Do EVT factors mediate

this relationship?

picture of mathematical achievement and

educational aspirations.
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Chapter 4: Evaluation of Psychometric Properties of TIMSS

2019 Motivation Measures and Their Relations with

Demographic Variables and Educational Outcomes

4.1. Introduction

In the first three chapters, the introduction, literature review, and data and methods
chapters are presented, respectively. The results of this study are presented in three
separate chapters. This chapter mainly focuses on the measurement models and
psychometric features of latent variables based on the comparison of CFA and ESEM
approaches while the second and third results chapters present predictive SEM models
results which include mediation and moderation models that focus on explaining the
relationship between motivational factors, attainment, and demographic factors. These
chapters are organised taking into account the research questions and analysis

methods.

This chapter develops as follows; First, the relevant research questions are restated
and research hypotheses are explained. Next, | present the results of the analysis in the
following section. This section is divided into four subsections: descriptive statistics,
reliability of the TIMSS 2019 motivation scales, factor structure of TIMSS 2019
mathematics motivation scales, and construct validity of TIMSS 2019 mathematics

scales: relations to correlates. Finally, the summary section is presented.

The result section starts by giving descriptive statistics of variables used in this study.
Next, the psychometric properties of motivation measures, such as factor loadings,
measurement invariance, and reliability are discussed as a result of the comparison of
the CFA and ESEM models. Finally, a MIMIC model is developed by adding both
educational outcome and demographic variables as covariates into the model to
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evaluate the convergent and discriminant validity of motivational factors and their

relations with covariates based on correlation analysis. My objective in this chapter is

to determine which statistical modelling approach is more accurate (CFA vs ESEM)

and also to evaluate the psychometric aspects of TIMSS 2019. The results of this

analysis are important to help in the design of the predictive models for the chapters

to come.

4.2. Research Questions

Here the relevant research questions and associated hypothesis are presented.

(1) What are the psychometric properties of TIMSS 2019 motivation measures?

a)

b)

Do TIMSS 2019 motivation variables provide reliable measurement

properties for Japan, Turkiye, and England?

H1: Based on the wider literature, | expect motivation data will meet the
reliability requirement in all three countries; however, since the
questionnaire was developed in Western countries, England’s reliability

indexes will be higher than that of Japan and Tiirkiye.

Do TIMSS 2019 motivation measures support the priori factor structure for

the Japan, Turkiye, and England samples?

H2: | expect responses to motivation items will support three a priori
factors (mathematics intrinsic value, mathematics self-concept, and

mathematics utility value) in all countries.

Is the ESEM analysis superior to CFA in the measurement model of

TIMSS 2019 motivation latent variables?
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d)

H3: Models based on ESEM will provide better model fit indices for
motivational factors data than models based on CFA.

Do negatively worded items affect model fit?

H4: Negatively worded items will negatively affect the model fit indices

for CFAs and ESEM models.

Do TIMSS 2019 motivation variables have measurement invariance
among the countries?
H5: TIMSS 2019 data from Japan, Turkiye, and England will be able to

provide configural, metric, and scalar invariance.

(2) What is the correlational relationship between motivation factors, gender,

HER, and educational outcomes?

a)

b)

Is there a difference between the latent means of motivation factors across
the counties?

H6: The latent means of motivation factor will differ significantly between
countries and Japanese students are the least motivated across the three
countries.

How does the relationship between motivation factors, gender, HER, and

educational outcomes vary across the countries?

H7: Motivational factors will be correlated with gender, HER, long-term
educational aspirations, and mathematics achievement scores across all

countries. MSC and MIV will also have a strong correlation.

110



4.3. Results

4.3.1. Descriptive statistics

Descriptive statistics are presented in Table 4.1. The tabulated data presents
descriptive statistics for the variables under scrutiny. It is important to acknowledge
that M1V, MSC, and MUV are latent variables, and the displayed skewness, kurtosis,
and mean values in the table were derived from the averaging of scale items.
Additionally, detailed individual distributions of the scale items can be found in
Appendix 2. This appendix further provides distribution graphs for the variables
denoted as home educational resources (HER), educational aspirations (edu asp), and
mathematics achievement (mat ach). In this study, the Likert scale items, including
MIV, MSC, and MUV, are treated as continuous variables. The rationale for adopting
this assumption, along with its advantages and disadvantages, are extensively

discussed in the estimation section (3.4.2. Estimation) of the method chapter.

Japan is the country with the highest mean achievement score of approximately 594,
while English students had approximately 517 achievement scores, and the average
for Turkish students had around 495. The CenterPoint scale provided by TIMSS is 500

as the reference point for country comparisons.

Turkiye’s mathematics achievement mean is slightly below the reference point (500),
while England’s is slightly above it. On the other hand, Japan has an average
mathematics achievement score well above the reference point and is the fourth
highest scoring country in the overall ranking. It is notable that, while the mathematics
scores of boys and girls are very similar in Japan and England, this difference is

relatively greater in Tlrkiye (Boys = 490, Girls = 501).
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The motivation factors were measured on a 4-point Likert scale, with a high score
indicating high motivation. There is similar pattern between the average motivation
scores across all three countries. As part of the MIMIC model section, | will evaluate
the latent mean comparison between countries to determine if motivation values differ
significantly. That said, according to descriptive statistics, Japanese students are
apparently less motivated than English and Turkish students. English male students
have the highest MSC average of 2.82, while Turkish female students have the highest
MIV and MUV averages of 2.91 and 3.40, respectively. Students in all three countries
have higher MUV values than MIV and MSC values, which means that extrinsic
factors motivate more than intrinsic and self-concept factors. It should be noted that
the effects of these values on mathematic achievement and educational aspiration may

differ across countries, as will be analysed in the MIMIC model section.

Mathematics achievement scores for all countries tended towards a normal
distribution; skewness values vary between -0.13 and 0.06, while kurtosis values are
between -0.16 and 0.09. The skewness and kurtosis of motivation measures and HER
meet the normality assumption (Kline, 2015). According to our analysis, the variable
EDU ASP does not satisfy the assumption of normality. This could be due to the fact
that this variable actually contains six categorical responses. The EDU ASP variable
is, however, accepted as a continuous variable in this study. A robust maximum
likelihood estimator (MLR) is used to control this non-normality issue in skewness

and kurtosis (Muthén and Muthén, 1998-2017).
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Table 4. 1 Descriptive statistics of motivational items and continuous variables

Variables MIV MSC MUV HER EDU ASP MAT ACH
Japan

Skewness A0 .34 -.48 -.05 -9.17 -13
Kurtosis -.62 -.54 -25 43 82.22 .09
Mean (SE)

Male (N=2,168) 2.55 (.03) 2.32 (.03) 2.95 (.03) 10.90 (.04) 4.19 (.04) 595.41 (3.58)
Female (N=2,276) 2.32 (.03) 2.10 (.03) 2.84 (.03) 10.86 (.04) 4.28 (.04) 593.21 (3.45)
Skewness -.59 -.18 -1.41 -14 -6.95 .06
Kurtosis .98 .95 .78 1.46 46.31 -.16
Mean (SE)

Male (N= 2039) 2.89 (.05) 2.65 (.05) 3.30 (.05) 9.38 (.10) 4.77 (.05) 490.18 (6.65)
Female (N= 2009) 2.91 (.05) 2.61 (.05) 3.40 (.05) 9.56 (.10) 5.19 (.04) 501.01 (5.47)
England

Skewness -.02 -.28 -1.14 -.02 -4.85 -.07
Kurtosis -.90 -.76 1.00 -.01 21.58 .06
Mean (SE)

Male (N=1,492) 2.61 (.04) 2.82 (.05) 3.34 (.04) 10.63 (.08) 4.01 (.07) 518.24 (7.63)
Female (N=1,715) 2.40 (.05) 2.58 (.05) 3.26 (.04) 10.81 (.09) 4.34 (.06) 515.47 (6.49)

Note. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics utility value; MAT ACH = mathematics achievement score; HER = home
educational resources; EDU ASP = educational aspirations.
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4.3.2. Reliability of TIMSS 2019 motivation scales

Cronbach’s alpha (o) value is provided as a reliability indicator in the TIMSS 2019
technical report. In support of the a estimates, the composite reliability measure of
McDonald’s omega (®) (Raykov, 2012), which is usually associated with CFA/SEM
models, is also estimated in this study. Using o provides reliability estimates directly
associated with the estimated factor analysis. Because the composite reliability
considers the factor loadings, error variances, and error covariances (if any), which
are called method effects (e.g. the associated uniqueness (errors) associated with
negatively worded items), seems to be more precise than the estimates provided by o
(Brown, 2015; Raykov, 2012). The cut-off criteria of McDonald’s omega are the same

as a; 0.600—0.700 is considered acceptable in exploratory research (Hair et al., 2019).

In response to research question la, | calculated McDonald’s omega (w) values to
examine TIMSS 2019 composite reliability scores (see Table 4.2). In addition, the
alpha values in the TIMSS 2019 technical report are given in Table 4.2. In order to
examine whether the negatively worded items also influence reliability, | calculate
McDonald’s omega (®) separately for the situation of the error terms of negative items

in correlated and uncorrelated.

The results indicate that the composite reliability assumption is provided for alpha and
omega values in all cases (>0.700). Overall sample reliabilities (®: 0.854—0.931) are
of a desirable standard for the ® estimates (Hair et al., 2019). As in the previous
section, negative coded items affected reliability, at the least in England and the most
in Turkiye. The results showed that reliability appeared to be high without accounting
for negative items’ error terms correlation (®), but low reliability emerged after the

model was appropriately estimated (wi). There is almost no difference between

114



McDonald’s omega (®) and Cronbach’s alpha (a) estimates for the factors without
negative items error terms correlated for all three factors. Nevertheless, McDonald’s
omega estimates with correlated error terms (wi) are slightly lower than corresponded
omega without correlated error terms (w). Thus, calculating alpha and omega without

error terms leads to overestimating construct reliability.

Table 4. 2 Composite reliability of TIMSS 2019 motivational constructs used in the
study

Country MIV MSC MUV
® i o i ® a ® o

Japan 0.94 090 094 0.88 0.79 0.90 0.85 0.87
Turkiye  0.92 084 092 0.86 0.73 0.89 0.85 0.88
England  0.93 087 093 0.86 0.72 0.88 0.87 0.88
Total 0.93 0.85 - 0.854 0.71 - 0.85 -

Note. Mathematics intrinsic value (MIV); mathematics self-concept (MSC); mathematics utility value
(MUV); a: Cronbach alpha (derived from TIMSS 2019 technical report (Yin and Fishbein, 2019); o :
Composite reliability (CR), wi: Composite reliability with correlated uniqueness.

4.3.3. Factor structure of TIMSS 2019 mathematics motivation scales

This section examines the psychometric properties of TIMSS 2019 motivation scales
used in this study under the subheadings of the goodness of model fit statistics and
method effects, factor loading of TIMSS 2019 motivation scales, and measurement

invariance.

4.3.3.1. The goodness-of-fit statistics and method effects

This study examines TIMSS motivational factors within the scope of the expectation-
value theory. The justification and clarification of the theoretical approach have been
detailed in the theoretical framework and literature chapters. In the TIMSS 2019 study,
student motivation factors are given under three substructures: “students confident in

mathematics”, “students like learning mathematics”, and “students value
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mathematics”. Although TIMSS does not specify a clear theoretical basis for the
development of items for these factors, self-determination theory (Deci and Ryan,
1985) and self-concept theory (Marsh and Craven, 2006) are mentioned in the
assessment framework section (Hooper et al., 2017). In this section, | examine models
1,2,3,4,5,6,and 7, which are detailed in Table 4.3. All the data were analysed as a
single group in the first four models and in the others multi-group models applied. It
is the purpose of this section to address the second hypothesis (H2) to determine
whether the current motivational items used in the study support TIMSS’s a priori
factor structure. Additionally, | conducted a comparative analysis to determine
whether the ESEM measurement model provides a better measurement model than the
CFA model (H3). Moreover, the effect of negative items on the model fit was
examined to test the fourth hypothesis (H4). The analysis starts with a base model
based on the a priori factor structure of TIMSS motivation measures in the TIMSS

assessment framework.

Models 1 and 3 are the basic CFA and ESEM models that reflect the a priori factor
structure of motivational factors. The a priori model (Table 4.3) posits that 23
motivation items can be explained by three factors, namely MIV, MSC, and MUV.
This result confirms our second hypothesis (H2). Although the model fit indices of
this model do not fit the data adequately for Models 1 and 3, this result is consistent
with our fourth hypothesis. According to hypothesis three (H4), negatively worded
items in the questionnaire reduce model fit statistics, as negative wording is perceived
as a potential source of variance unrelated to the construct being measured, especially

in studies involving young individuals.
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In this study, to test the method effect, a total of six negatively worded items’ errors —
four items on the MSC scale, and two on the MIV — are correlated with each other. In
model M1 the entire data set is run as a single group, and it was observed that the
model fit indexes (i.e. CFI = 0.901, TLI = 0.889, and RMSEA = 0.066) almost meet
the acceptable level fit apart from TLI (i.e. CFI >0.90, TLI >0.90, and RMSEA <0.08).
However, in Model M2, when the error terms of the negatively coded items freely
covary with each other, the goodness of model fit has significantly increased reaching

an adequate level (i.e. CFl = 0.946, TLI =0.937, and RMSEA = 0.050).

Similar to M1 and M2, | first estimate the ESEM model (M3) without correlated
uniqueness and then add correlated uniqueness in M4. Like the CFA models, the
goodness-of-fit statistics are substantively increased in M4 (i.e. CFl = 0.953, TLI =
0.941, and RMSEA = 0.048) compared to M3 (i.e. CFI = 0.908, TLI = 0.890, and
RMSEA =0.065). These findings validate the hypothesis that negatively worded items
should be correlated with each other to improve and reach an acceptable model fit. In
other words, if the negative and positively worded items in the data set are used
together, these items’ error terms should correlate to reduce the method effect to
achieve an acceptable model fit. Other studies in the literature also support this result

(Bofah and Hannula, 2015; Chiu, 2012; Marsh et al., 2013a).

The total groups’ analysis results (compare model M1 vs M3 and M2 vs M4) also
show that ESEM resulted in a higher level of fit to the data than CFA (lower
information criteria and RMSEA and changes in CFI/TLI >.010). In contrast to CFA,
in the ESEM approach, cross-loading of items is allowed but targeted to be close to
zero. With this aspect, the ESEM approach offers the advantages of both CFA and

EFA factor analysis in a single solution. A comparison of the CFA and ESEM models
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is also conducted on the multigroup analyses. Model 5 and Model 7 model fit results
indicate that the ESEM model (M7) is significantly better than the CFA model (M5)
as the difference between CFI and TLI is greater than 0.01 between the models (for
M5 CFI: 0.942, TLI: 0.932, RMSEA: 0.052; for M7 CFI: 0.952, TLI: 0.941, RMSEA:
0.049). This result is consistent with the third hypothesis (H3), which means that it is
more appropriate to use the ESEM model with the current TIMSS 2019 data. Due to
this, ESEM maodels are applied in subsequent analyses. The characteristics and factor
loadings of these items in the ESEM and CFA analyses were also examined in the
following section based on the metric invariance analysis of models M6 and M8. In
addition, Models M7-M11 also meet the criteria for an adequate model fit. The results
of CFA-based M6 and ESEM-based M8 are compared in detail in the following
section in order to evaluate the differences between factor loadings in the two models.
Moreover, Models M7-M10 examine the measurement invariance. Finally, a
correlation analysis based on the MIMIC model is used to explore the relationship
between motivational constructs, educational outcomes, and demographic indicators
in model M11. The Mplus syntaxes of the 11 models developed for this chapter are

presented in appendix 3.
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Table 4. 3 Summary of goodness-of-fit statistics for CFA and ESEM models

Model Factors in the model MLR 2 df CFlI TLI RMSEA  Model Description
Total Group Analysis
Total group CFA model without negative item
M1 MIV + MSC + MUV 11,625.015 227 0.901 0.889 0.066
correlated
Total group CFA model with negative item
M2 MIV + MSC + MUV, CU 6,455.818 217 0.946  0.937 0.050
correlated
Total group ESEM model without negative item
M3 MIV + MSC + MUV 10,804.654 213 0.908 0.890 0.065
correlated
Total group ESEM model with negative item
M4 MIV + MSC + MUV, CU 5,597.824 203 0.953 0.941 0.048
correlated
Multigroup Analysis
MIV + MSC + MUV, CU, No All parameters are freely estimated in CFA
M5 ) 7,480.838 651 0.942 0.932 0.052
inv model across groups
MIV + MSC + MUV, CU, Factor loadings are held equal (invariant) in CFA
M6 ] ) 8,363.693 691 0.933 0.928 0.053
Metric (FL inv) model across the groups
MIV + MSC + MUV, CU, No All parameters are freely estimated in ESEM
M7 ) 6,221.931 609 0.952 0.941 0.049
inv model across groups
MIV + MSC + MUV, CU, Factor loadings are held equal (invariant) in
M8 ) ) 7,332.636 677 0943  0.936 0.050
Metric (FL inv) ESEM across the groups
MIV + MSC + MUV, CU, Scalar Factor loadings and item intercepts are held
M9 13,576.309 717 0.890 0.884 0.068

(FL and item intercept inv)
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MIV + MSC + MUV, CU, Partial

M10 Scal 8,569.051 699 0.933 0.927 0.054 Eight item intercepts are freely estimated
calar
Extended MIMIC model
MIV+MSC+MUV+EDU Motivation factors are related to the educational
M1l ASP+MACH+HER+GENDER+ 10,555.038 939 0.925 0.916 0.051 outcomes and demographic variables in ESEM
SCHOOL SES, CU model

Note. These are average results over five imputed data. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics utility value;
MAT ACH = mathematics achievement score; HER = home educational resources; EDU ASP = educational aspirations. MLR = robust maximum likelihood
estimator, ¥? = chi-square, df = degrees of freedom, RMSEA = root mean square error of approximation, CFl = comparative fit index, FL = factor loadings, CU =
correlated uniqueness. All models are based on a 5-imputed data set. MIVN2, MIVN3, MIV9, MSC1, MSC6, MSCN8, MUV2, MUVS8 item intercepts freely
estimated for both partial CFA and ESEM models. Values below the cut-off point (i.e. CFI >0.90, TLI >0.90 and RMSEA <0.08) are highlighted in red.
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4.3.3.2. Factor loadings of TIMSS 2019 motivation scales

This section examines the factor loading of motivation measures using both CFA and
ESEM approaches. First of all, it should be noted that only cross-loading between MIV
and MUV factors is allowed in ESEM models since task value and MSC are clearly
separate theoretical concepts. In this section, factor loadings of TIMSS 2019
motivational constructs (MIV, MUV and MSC) in CFA and ESEM models are
presented in Table 4.4 according to the results of model 6 and model 8. Research
question 1b (Comparison of CFA and ESEM) is evaluated through the model fit value
in the previous section; this section examines and compares factor loadings of latent
variables in CFA and ESEM models. Therefore, this section is a continuation of

research question 1b.

The analysis of parameter estimates shows that both the CFA and ESEM models are
capable of providing reasonable factor loadings. With respect to ESEM, the 23 target
factor loadings are within a preferred range as shown in Table 4.4. The items’ factor
loadings ranged from 0.448 to 0.935 for ESEM, and 0.398 to 0.904 for CFA. The non-
target loadings for the ESEM solution are systematically lower (from 0.001 to 0.159)
than the target loadings for the ESEM solution (non-target loadings are constrained to
be zero in the CFA solution). CFA and ESEM solutions appear to follow very similar
patterns when both target and non-target factor loadings are considered. On the other
hand, a detailed analysis of the cross-loadings indicated that the ESEM model provides
a more flexible solution psychometrically. An example of this is MIVN2 (main-
loading = 0.513; cross-loading = 0.140), which shows a substantial loading on the
MIV while exhibiting moderate loading on the MUV, which is not the target scale.
There are also noticeable cross-loadings on MIV for MUV1 (main-loading = 0.465;

cross-loading = 0.159) and MUV2 (main-loading = 0.474; cross-loading = 0.102).
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These results appear to indicate that multiple meaningful cross-loadings exist and that
this overlap in conceptual ideas should not be ignored, as in the CFA model. A
consideration of cross-loadings is important because the omission of even a few small

cross-loadings might result in biased correlations (Morin et al., 2013).
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Table 4. 4 Unstandardised factor loadings (L) for confirmatory factor analysis (CFA) and exploratory structural equation modelling (ESEM)

ESEM (model 8)

CFA (model 6)

Item Wording MIV(AD) MUV() MSC®OH) | MIV(A) MUV() MSC(H)

| enjoy learning mathematics 0.768  -0.022 0.758

| wish I did not have to study mathematics 0.513  0.140 0.589

Mathematics is boring 0.612 0.040 0.634

| learn many interesting things in mathematics 0.569  0.091 0.615

| like mathematics 0911  -0.052 0.885

| like any schoolwork that involves numbers 0676  0.017 0.686

| like to solve mathematics problems 0.823  -0.019 0.816

| look forward to mathematics class 0.738  0.001 0.739

Mathematics is one of my favourite subjects 0.935  -0.062 0.904

| think learning mathematics will help me in my daily life 0159  0.465 0.557

| need mathematics to learn other school subjects 0.102  0.474 0.534
-0.007 0.601 0.593

| need to do well in mathematics to get the job | want
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It is important to learn about mathematics to get ahead in the world -0.009  0.705 0.698
Learning mathematics will give me more job opportunities when | am an adult  -0-074 ~ 0.675 0.621
My parents think that it is important that I do well in mathematics -0.073  0.448 0.398
It is important to do well in mathematics -0.023  0.499 0.480
| usually do well in mathematics 0.664 0.665
Mathematics is more difficult for me than for many of my classmates 0.462 0.461
Mathematics is not one of my strengths 0.678 0.676
| learn things quickly in mathematics 0.641 0.640
| am good at working out difficult mathematics problems 0.692 0.692
My teacher tells me | am good at mathematics 0.581 0.581
Mathematics is harder for me than any other subject 0.578 0.575

Note. The results are based on model M6 and M8 (metric invariance models) and are averaged over five imputed data sets. Factor loadings are unstandardised estimates. Factor
loadings were constrained to be equal across three countries. For model identification, factor variances are fixed to one in CFA model. All estimates are statistically significant
at (p <.05). Items identified with a star (*) are all negatively worded items. All items were reverse coded, so that higher values correspond to higher responses. Boldface
indicates target ESEM factor loadings.
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4.3.3.3. Measurement invariance

This section analyses research question 1e and hypothesis 5. This is done using model

5 through model 10 in table 4.3.

Multigroup CFA is used to test to what extent the factor structures of MIV, MSC, and
MUYV can be generalised to each group, and it is not affected across the countries. As
mentioned in the data and methods chapter, measurement invariance analysis usually
begins with a configural invariance. Configural invariance refers to the number of
factors and the loading patterns that are the same across the groups. In other words,
the specific items loaded on each of the relevant factors are the same for each group
(Rhudy et al., 2020). As seen in Table 4.3, the configural invariance model for both
the CFA model (M5) and the ESEM model (M7) fitted the data well (i.e. for M5 CFI
=0.942, TLI = 0.932, and RMSEA = 0.050; for M7 CFI = 0.952, TLI = 0.941, and
RMSEA = 0.049) and showed support for configural validity across nations, and thus

allowed the passing to test metric invariance.

Metric invariance (also called weak invariance) means that the same items are loaded
on the same factors for each group and that the actual magnitude of the loads between
groups for each relevant item is the same. To achieve metric invariance, the decrease
in CFIl and TLI between the configural and the metric model should be less than 0.01
for CFl and TLI, while the increase in RMSEA should not be more than 0.015 (Kline,
2005). The fit statistics of the metric invariance model CFA model (M6) is CFI =
0.933, TLI = 0.928, and RMSEA = 0.058, while CFI = 0.943, TLI = 0.936, and
RMSEA = 0.050 for ESEM (M8). Therefore, it can be concluded that metric
invariance is achieved, and the data fit well for both CFA and ESEM. The MIV, MSC,

and MUV variables are invariant in these three countries. In other words, these
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motivational structures, which have the same dimensional measurement

characteristics, can be generalised for Japan, Turkiye, and England.

After that, | test the scalar invariance. Also referred to as strong invariance, this
imposes the same constraints as configural and metric invariance (equal factor
loadings) but keeps the item intercepts equal across groups. For the scalar invariance
model test, | look at the change in the model fit indexes similar procedure to the metric
invariance test. However, the scalar invariance model M9 fit is not as good as in the
metric model. Since the model failed to accomplish cut-off criteria (less than 0.90 for
CFl and TLI) and the drop in CFI and TLI is greater than 0.01, scalar invariance is not
achieved. Chen (2008) has explained this situation as follows: due to possible cultural
differences and social desirability, measurement invariance, especially full scalar
invariance, is rarely achieved in cross-cultural studies. As scalar invariance is essential
to make valid interpretations and comparison of the latent means, the alternatively
partial scalar model should be tested to compare latent means across the groups
(Steenkamp and Baumgartner, 1998). Following the suggestion of Byrne et al. (1989),
| presented the partial invariance model by freely estimating the intercepts of items
with the most variants in modification indices. Accordingly, model 10 (M10) freely
estimates four of seven “mathematics self-concept items”, three of nine “mathematical
value items”, and one of seven “mathematical utility value items” across countries.
The result of model M10 supports partial invariance for item intercepts, allowing
comparison of latent mean differences between countries (CFI = 0.933, TLI = 0.927,
and RMSEA = 0.054). As full metric invariance and partial scalar invariance is
achieved across the countries, any estimated latent mean differences between

countries can be reliably predicted (Chen, 2008; Steenkamp and Baumgartner, 1998).
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4.3.4. Construct Validity of Mathematics Scales: Relations to Correlates via
MIMIC model

This section consists of two sub-sections: “latent mean differences” and “MIMIC
model: the relationship among motivational constructs, background variables, and
educational outcomes”. This section studies research questions 2a and 2b and related
hypotheses 6 and 7. For this purpose, model 11 is developed and the necessary

information is presented in table 4.5.

4.3.4.1. Latent mean differences

After applying scalar invariance in which the intercepts of measurements are kept
constant between groups, the overall mean structure of the factor model between
groups is fixed to 0 in one group and can be defined by freely estimating the factor
mean in all other groups. A positive value indicates that the compared groups had
higher latent mean values than the reference groups; a negative value indicates the
opposite. This analysis considered the Japanese sample as the reference group and
therefore fixed the latent means of the three constructs to 0 in the Japanese sample in
order to assess the size and direction of differences between the remaining four

countries.

As an illustration of the rationale for these comparisons, the first discussion focuses
on the latent mean of the MIV in the Japanese sample which, although fixed to 0, has
a standardised latent mean value of 0.764 in the Turkish sample and 0.257 in the
English sample (Table 4.5). Therefore, the mean of MIV in Japan is significantly lower
than in Turkiye and England, and since these are standardised mean differences (SDs
of latent variables are 1.0 in all countries), the difference between countries is in units
of standard deviation. A similar pattern is seen for MSC and MUYV latent constructs.

It is possible to say that Turkish students have a higher motivation value than English
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and Japanese students and that the latter are the least motivated across the countries.
This result supports our hypothesis that Japanese students have lower motivation than
Turkish and English students (H6). In the following section, | examine the correlations
between motivational constructs (MSC, MIV and MUV) and background factors
(gender and HER) and educational outcomes (mathematics achievement and

educational aspirations).

Table 4. 5 Estimated latent means and correlations (Model 11)

\C/‘:rj:;tg?'e/ MIV.  MSC MUV  HER i[s)g '\A/'CAJ Gender
Japan

(L;‘é‘;m Means 5000 0000  0.000 ?ﬁf %g%r’ 7(22?
MIV 1.000

MSC 812 1.000

MUV 460 350  1.000

HER 141 205 128 1.000

EDU ASP 216 274 213 306 1.000

MAT ACH 433 583 230 352 447 1.000

Gender 161 203 077 013  -036* 013  1.000
Tarkiye

Latent Means 764 .801 714 5.175 4.159 4,527 i
(SE) (05)  (04)  (05)  (14)  (14)  (13)

MIV 1.000

MSC 804 1.000

MUV 624 539 1.000

HER -006° 134 065  1.000
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EDU ASP .206 .266 274 335 1.000

MAT ACH 251 460 244 480 469 1.000

Gender -.0072 .041 -.074 -.048 -.173 -.050 1.000
England

Latent Means 257 .681 .626 7.180 2.964 5.766

(SE) (.04) (.05) (.04) (.15) (.07) (:24)

MIV 1.000

MSC 749 1.000

MUV 487 391 1.000

HER 0412 .097 0.040? 1.000

EDU ASP 189 .206 226 310 1.000

MAT ACH 242 428 .099 410 371 1.000

Gender 27 .198 .078 -.060? -121 -.0152 1.000

Note. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics utility value;
MAT ACH = mathematics achievement score; HER = home educational resources; EDU ASP = educational
aspirations. Non-significant values are marked with "@". 1= Female, 2 = Male. SE = Standard Errors

4.3.4.2. MIMIC model the relationship among motivational constructs, background
variables, and educational outcomes

The first step is to evaluate the correlations between the three multi-item motivation
factors (see Table 4.5). Although correlation patterns are similar in each country, the
correlations between MIV and MSC are always highly correlated (0.749-0.812),

which potentially undermines their discriminant validity.

In all three countries, a positive correlation between motivational constructs and
achievement was found, but the effect size for MUV and achievement in England is
small. As shown in Table 4.5, the achievement is strongly correlated with MSC, while
correlations with MUV (0.230 for Japan, 0.244 for Turkiye, and 0.099 for England)

and MIV (0.433 for Japan, 0.251 for Turkiye, and 0.242 for England) are smaller.
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Students’ long-term educational aspirations (EDU ASP) are positively related to the
motivational constructs in Japan, Tirkiye, and England. The interesting point here is
that while MSC is more associated with mathematics achievement in all three
countries, MUV has a stronger relationship with EDU ASP than other motivational
structures. In Turkiye and England, there is a statistically no relationship between HER
and the MIV, whereas in Japan, a positive correlation exists. In addition, there is a
significant positive correlation between HER and the student’s self-concept (MSC) for

all three countries.

It is particularly concerning that the correlation between the MIV and the MSC is very
high in the TIMSS data. There is a robust correlation between MSC and M1V for all
countries, which could pose a problem for discrimination validity. However, the
relationship between these and external variables reveals distinct structures and
ensures discriminant validity. In all three countries, the MSC variable appears to be
more strongly correlated with mathematics achievement than MIV. Moreover, the
MIV variable is not significantly associated with HER in Turkiye and England and

has a stronger correlation in Japan.

In England and Japan, the relationship between motivation factors and gender is higher
in favour of male students. In particular, the MSC correlation of male students is
higher than female students (Japan = 0.203; England = 0.198). However, no
relationship is found between mathematic achievement and gender in both countries.
On the other hand, among Turkish students, there is a significant but small relationship
between gender and motivation structures in favour of male students only with MSC,
while there is no relationship with MIV and MUV. There was also a weak correlation

between achievement and gender in favour of Turkish female students.
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4.4. Summary

A psychometric evaluation of the motivation measurements in TIMSS 2019 is
presented in this chapter. Although some of the findings of our study are consistent
with those of the literature, there are other findings which are not. The results are
organised into three subheadings: The subsections begin with a reliability analysis and
proceed to examine the “Factor Structure of TIMSS 2019 Mathematics Motivation
Scales” finally, latent mean and correlation analyses are conducted to evaluate

construct validity.

In the reliability analysis, MC Donald’s omega was calculated in addition to the alpha
value provided in the TIMSS 2019 technical report (Yin and Fishbein, 2019). In short,
some studies in the literature have found that TIMSS motivation measures are
unreliable in non-Western countries (Bofah and Hannula, 2015; Marsh et al., 2013a).
However, the results of this study, contrary to the literature, provided strong evidence
that TIMSS motivation measures are reliable measures based on alpha and omega
estimation in Turkiye, England, and Japan. Additionally, the omega value was
estimated in this study by considering the effect of negatively worded items. In
comparison to alpha and omega that ignore negative items’ effects, the estimation is
lower but acceptable. Therefore, the omega reliability test may be preferred to avoid
overestimation, which is an issue for alpha in a structure with latent variables used and

negative items present in this study.

In the second part of the results, the factor structures of TIMSS 2019 motivation items,
including model fit, negative items’ effect, factor loadings, and measurement
invariance are examined. As a first step, the CFA and ESEM measurement models

were compared, and the ESEM measurement model provided a better model fit
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consistent with the literature and our expectations. In a second analysis, we examined
the effect of negative items on the model fit, and we found that the correlation of the
error terms between negative items significantly increased the fit, as expected. In
addition, factor loadings were examined in the CFA and the ESEM models and, as a
result, it was demonstrated that the ESEM model has an advantage over the CFA
model when it comes to the possibility of cross-loading in structures that are
theoretically highly correlated. The final analysis investigated whether the
motivational structures of TIMSS 2019 provide measurement invariance in Japan,
Tirkiye, and England. According to the results of this analysis, configural and metric
measurement invariance were provided, but scalar invariance could not be achieved.
Based on the literature, the intercepts of some items were released, and the

measurement invariance was obtained by applying the partial scalar invariance test.

In the final results of this section, in addition to the motivation factors, variables such
as gender, HER, mathematics achievement, and educational aspirations were added to
the model. First, the latent means of motivation values of Japanese, Turkish, and
English students were compared. In line with our expectations, Japanese students have
the lowest motivation among the three. The second part of this section examined the
relationship between motivational factors and other variables. According to the results
of this model, a high correlation was found between MIV and MSC in all three
countries, which poses a problem in terms of discriminant validity. However, when
the relationship of MSC and M1V with achievement and other variables was examined,
evidence was obtained that these structures support discriminant validity. For
example, MSC and achievement have a stronger relationship than MIV, and MSC has

a significant relationship with HER, while MIV does not.
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Overall, this chapter focuses on TIMSS 2019 motivational constructs from a
psychometric perspective, while the next chapter examines motivational constructs in

relation to mathematics and educational aspirations.
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Chapter 5: The Relationship Between Expectancy-values

and Their Interactions with Educational Qutcomes

5.1. Introduction

This chapter studies the effects of motivation on educational outcomes within the
framework of expectancy-value theory (EVT) and using multi-group structural
equation models (SEM). This section also examines the latent interactions between
expectancy and value in predicting educational outcomes with the unconstrained
product indicator approach under the SEM (see chapter 3). The aim of the chapter is
to investigate its power to predict the educational outcomes of motivation factors and
the interaction effect of expectancy (self-concept) and value beliefs (intrinsic and
utility value) that have not been used recently in the application of EVT (Nagengast et

al., 2011) within its scope in Japan, Turkiye, and England.

This chapter develops as follows: First, the relevant research questions and hypotheses
are introduced. Next, the analysis of SEM is explained. The results of the analysis are
then presented in the following section. This section provides the results of SEM
models for each outcome variable (mathematics achievement and educational

aspirations) separately. Finally, a summary of the chapter is presented.

5.2. Research Questions and Hypotheses

In this chapter, | focus on research questions 3a, 3b, and 3c.

(3) What is the relationship between student motivation and educational outcomes
(mathematics achievement and educational aspirations)?

a) How well do motivational factors predict educational outcomes?
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H8: Value beliefs will have a positive effect on educational outcomes.
However, if expectancy beliefs are incorporated into the model, value
beliefs will weaken, and expectancy beliefs (MSC) become the strongest
predictors for mathematics achievement. However, educational
aspirations will remain more strongly influenced by value beliefs than
expectancy beliefs.

b) Is there an interaction effect between expectancy beliefs and value beliefs
on educational outcomes?
H9: Self-concept and value will have a significant interaction effect on

mathematics achievement and educational aspirations.

5.3. Analysis of Structural Equation Models

In order to answer research questions 3a and 3b, | use SEM to predict mathematics
achievement and educational aspirations and test the latent interaction effect of
expectancy and value beliefs. The hypothesised model is shown in Figure 5.1, which
shows the arrows from MIV, MSC, and MUV to outcome variables (MAT ACH, EDU
ASP) representing the direct effect, while the arrows following the path from MSC to

MIV and MUV represent the interaction between MSC and MIV/MUV.

First, I specify a set of models with an increasing number of predictors in the SEM.
In the first model (M12), | use value variables MIV and MUV as predictors. In the
next step, the expectancy variable (MSC) is added to the model (M13) along with task
value variables to predict the educational outcomes (mathematics achievement and
educational aspirations). In the next step, | use the unconstrained approach to test the
latent interaction between expectancy and value beliefs to predict mathematics

achievement and educational aspirations in Models 14 and 15. Although the latent
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variable model with interactions became available in theory in the 1980s (Kenny and
Judd, 1984), SEMs with latent interactions have relatively recently become more
accessible to applied researchers (Klein and Moosbrugger, 2000; Marsh et al., 2004).
Latent interaction terms (product terms) are created by multiplying mean-centred
indicators of first-order effects (i.e. MSC x MIV/MUV). As suggested by Marsh et al.
(2004), interaction terms are formed using a matched-pair strategy. Based on this
strategy (Marsh et al., 2004), the indicator should be used once to create a product
term, and indicators are matched based on their factor loadings (i.e. the best item in
MSC with the best item in MIV). Due to the different number of indicators for the
latent variables (MSC = 7; MIV = 9), two MIV indicators are excluded from the
product terms of MSCxMIV but kept in MIV. The results of the SEM analyses for
mathematics achievement and educational aspirations are presented in Tables 5.1 and
5.2, respectively. The significant interaction effect is also demonstrated with graphics.

Figure 5. 1 The hypothesised conceptual framework of EVT factors and their
interaction in relation to mathematics achievement and educational aspirations

Note. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics utility value;
MAT ACH = mathematics achievement; EDU ASP = educational aspirations. The arrow from MSC to the path of
MIV and MUV to the outcome variables represents the interaction.
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5.4. Results

A total of four models were developed to answer research Question 3 (M12 to M15).
These models use mathematics achievement and educational aspiration variables as
dependent variables. However, the results are reported in two separate tables for each
dependent variable for clarity. The section, therefore, consist of two main subsections:
the first section presents the results related to mathematics achievement, and the

second presents the results related to educational aspiration.

5.4.1 Predicting mathematics achievement

This section discusses regression models (Models 12, 13, 14, and 15) developed using
the SEM approach. Models 12 and 13 examine the additive effects of expectancy-
value variables, while Models 14 and 15 emphasise their multiplicative (interaction)
effects on the dependent variables. A summary of the statistical parameters for each

of these models can be found in Table 5.1.

| first specify Model 12, which includes only value beliefs variables (MIV and MUV).
The SEM provided a good fit for the data: RMSEA: 0.57, CFI: 0.941, and TLI: 0.934.
In this model, the explained variance for mathematics achievement is 0.188, 0.077,
and 0.060 for Japan, Turkiye, and England, respectively. It was found that the path
from MIV to mathematics achievement is stronger than the corresponding path from
MUV. Specifically, the predictive  power of the path from MIV to mathematics
achievement is 0.414, 0.165, and 0.256 for Japan, Turkiye, and England, respectively.
In addition, MUV has a small effect size for Japan (B = 0.040) and is not statistically
significant for England (p = -0.025). Nevertheless, the predictive power of the MUV
(B =10.142) for Turkiye is almost comparable to the MIV (B = 0.165). In the next step,

| regress mathematics achievement on MSC along with MIV and MUV (see Model
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M13in Table 5.1). Statistical analysis of the data indicates that the model fits the data
reasonably well: RMSEA = 0.51, CFI =0.935, and TLI = 0.927. The results show that
MSC is statistically significant for the prediction of mathematics achievement across
all three countries (B = 0.702 (Japan), 0.700 (Turkiye), 0.587 (England)) with an
explained variance increase to 0.367, 0.244, and 0.214 for Japan, Turkiye, and
England, respectively. The important point in this model is that the MIV variable loses
its predictive power when the MSC variable is added to the model. Possibly, this is
caused by the high correlation between the two variables, as revealed by the
correlation analysis conducted in the previous chapter (see Chapter 4, Section 4.3.4.2).
In other words, this high correlation between MSC and MIV likely causes a
suppression effect (Meyer et al., 2019). The result of this model is consistent with the
literature-based hypothesis (H8) we have developed (Guo et al., 2015; Lauermann et
al., 2017; Meyer et al., 2019; Nagengast et al., 2011; Trautwein et al., 2012) in that a
high correlation between intrinsic value and self-concept makes intrinsic value less
predictive when self-concept is included in the analysis and it becomes the strongest

predictor.
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Table 5. 1 Structural equation model results for predicting mathematics achievement with expectancy and value beliefs and their

interaction

M12 M13 M14 M15

JPN TUR ENG | JPN TUR ENG | JPN TUR ENG | JPN TUR ENG

Value Beliefs

Mathematics
Intrinsic Value .414 .165 .256 -.152 -.396 -.163 -.140 -.310 -.185 -.152 -414 -.156
(MIV) (.019) (.031) (.033) | (.041) (.041) (.045) |(.039) (.051) (.048) | (.040) (.042) (.045)

Mathematics
Utility Value .040 142 -.0252 | .061 .097 -.044 .060 .090 -.0422 | .043 .207 -.059

(MUV) (020) (.026) (.032) |(.020) (.024) (.027) |(.019) (025) (.027) |(.020) (.030) (.030)

Expectancy Beliefs

Mathematics Self- 702 700 587 |.711 696 614 |.721 660  .586
Concept (MSC) (.042) (.039) (.041) |(.042) (.042) (.045) | (.042) (.043) (.040)

Expectancy-Value Interaction
MSCxMIV -.075 190 .080
(.018) (.025) (.027)

MSCXMUV 068 143 -.029°
(019) (.027) (.022)
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R? 188 077 060 |.367 244 214 | 368 275 218 | 373 254 214
(015) (011) (013) | (023) (021) (024) |(023) (020) (024) |(022) (021) (.023)

Model Fit

X2 5.454.733 8,755.942 11,755.647 11,254.87

df
404 799 1,325 1,325

RMSEA 057 051 046 047

CFl 941 935 013 900

TLI 934 927 905 891

Note. Motivation factors are modelled as latent variables. Standardised regression coefficients are given, with standard errors in parentheses. X2 = chi-square; df =
degrees of freedom; CFI = comparative fit index; RMSEA = root mean square error of approximation; TLI = Tucker-Lewis index. a represents non-significant

associations.
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In addition, one of the major contributions of this section is the testing of expectancy
and value interaction. To do this, Models 14 and 15 were developed. In Model 14, the
interaction term named MSCxMIV of expectancy (MSC) and intrinsic value (MIV)
value has been added to the model. Although there is a clear decrease compared to the
previous model (M13) the goodness-of-fit statistics indicate that the model fits the data
well: RMSEA = 0.46, CFI = 0.913, and TLI = 0.905. This model indicates that the
MSCXMIV variable has a statistically significant effect across all three countries (f =
-0.075 for Japan; B = 0.190 for Tirkiye; B = 0.080 for England). There is also an
increase in the explained variance rates. As compared to Model 13, the variance
explained increased from 0.367 to 0.368 for Japan, from 0.244 to 0.275 for Turkiye,
and from 0.214 to 0.218 for England in Model 14. Thus, it can be seen in this model
that the explained variance values for Japan and England have increased at a small

rate, while an increase of more significance is observed in Trkiye.

The significant interaction effect is presented with a simple slope graph in Figure 5.2.
Simple slopes are depicted at +1 standard deviation from the mean of MSC and MIV.
In spite of the different effect sizes of interaction terms across the three countries, the
graph shows a similar trend for Turkiye and England while a slightly different pattern
exists for Japan. There is a downward trend in mathematics achievement among
students with low MSCs and high MIVs in England and Turkiye. In addition, for
students with high MSC, high MIV does not have much effect on achievement in
England and Tirkiye. So, in the case of a low MSC, a high MIV does not compensate
but rather has a detrimental effect on mathematics achievement for the student. On the
other hand, when MIV is low, MSC contributes more to maths achievement in Japan
for students with a high level of MSC. In other words, the increase in the intrinsic

motivation of students with high MSC negatively affects mathematics achievement in
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Japan. The possible reasons and implications for these detrimental and complex

associations will be examined in the discussion section.

Figure 5. 2 Plots of the significant effect effects of MSC and MIV interaction on

mathematics achievement.
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Model M14 for England
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In the next model, Model 15, I tested the interaction effect of the MSC and MUV
variables. The MSCxMUYV variable was added to the model. The model fit values are
as follows: RMSEA = 0.47, CFI = 0.900, and TLI = 0.891. It must be reminded that
although there is no consensus, it is recommended that the RMSEA for model fit
indicators should not be higher than 0.10, preferably less than 0.08; and CFl and TLI
values should be higher than 0.90 (Hu and Bentler, 1999; Kline, 2015; Marsh et al.,
2004). However, the TLI for Model 15 is 0.89. In line with Trautwein et al. (2012), |
consider a model fit acceptable when at least two fit indices meet the typical range.
Moreover, | also note that unique characteristics of data structures influence fit indices
(Heene et al., 2011) which invalidates sweeping generalisations regarding cut-off

values (Trautwein et al., 2012).

The interaction effect of MSC and MUV s statistically significant in Japan (p = -
0.068) and Turkiye (p = 0.140), but insignificant in England ( = -0.029) sample (see
Table 5.1). However, there is an increase in the explained variance rates for all
countries when compared to the variance values explained in Model 13. The variance
explained for Japan increased to 0.373, 0.254 for Tirkiye, and 0.214 for England.
Although the explained variance rates and effect size are seen as small, the point to be
considered here is the trend that this interaction effect shows us. In Figure 5.3, | obtain
a similar graph to Figure 5.2. The graph reveals that students with high mathematics
utility values have higher mathematics achievement if they have high MSC beliefs. In
other words, an increase only in the student’s mathematical utility value does not make
a positive contribution to success. Furthermore, it is evident from the graph that if

students have a low MSC, the increase in MUV is of almost no significance.
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Figure 5. 3 Plots of the significant effect effects of MSC and MUV interaction on
mathematics achievement.
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5.4.2 Predicting educational aspiration

In the same set of SEM analyses, | predict educational aspiration as an educational
outcome instead of mathematics achievement. As in the previous section, I mainly aim
to reveal the predictive power of expectancy-value components and their interaction
terms over educational aspirations. Since the same models are used as in the previous
section (predicting mathematics achievement), the values of the goodness-of-fit
statistics are not discussed in this section. However, it should be borne in mind that all
motivation variables are mathematics specific, while educational aspiration is a single
indicator representing students’ general view for further education. Given that MSC
and value beliefs (MIV and MUYV) are expected to measure mathematics-specific
motivation, a student with a high motivation towards mathematics can contribute to
educational aspirations. The summary of the statistical analysis is presented in table

5.2.
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First, I regress educational aspirations on MIV and MUV in Model 12. In line with my
expectation, value beliefs (MIV and MUV) are positively associated with educational
aspiration when entering the model without expectancy beliefs (MSC). However, as
with mathematics achievement, when MSC is added to the regression equation, the
value beliefs lose their predictive powers on educational aspirations (M13). According
to Model 12, the MUV is the strongest predictor of educational aspiration in Tirkiye
(B =0.237) and England ( = 0.176), whereas, in Japan, MIV and MUV (B = 0.145)
have almost similar effects on the educational aspiration of students. The variances
explained by value beliefs are 0.063, 0.077, and 0.059 for Japan, Turkiye, and
England, respectively, as shown in Model 12. It is evident from Model 13 that the
effect of MIV on the dependent variable turns out to be statistically insignificant or
negative, possibly due to the high correlation between MIV and mathematics
achievement. As a result of the high correlation between MIV and MSC, MIV may
have no unique effect on educational aspirations when expectancy and values are taken
into consideration together as in model 13. Compared to model 12, the explained
variance for Japan, Turkiye, and England increased from 0.063, 0.077, and 0.059 to
0.100, 0.093, and 0.071, respectively, when the MSC variable was added to model 13.
This means there is a 37%, 16% and 12% increase for Japan, Turkiye, and England,

respectively, in explained variance.
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Table 5. 2 Structural equation model results for predicting educational aspiration with expectancy and value beliefs and their interaction
M12 M13 M14 M15

JPN TUR ENG |JPN TUR ENG |JPN TUR ENG |JPN TUR  ENG

Value Beliefs

Mathematics 149 058 103 |-102 -146 .001* |-098 -082 -0.016%|-101  -.154  -.0042
Intrinsic ~ Value (.017) (.027) (.024) |(.034) (.043) (.035) |(.032) (.049) (.037) |(.033) (.043) (.035)
(MIV)

Mathematics Utility .145  .237 176 |.154 217 171 |.153 213 174 |.151 287  .187
Value (MUV) (019) (.030) (.025) |(.019) (.029) (.024) |(.019) (.030) (.025) |(.020) (.032) (.025)

Expectancy Beliefs
. 314 .254 .145 .325 247 .168 317 .225 146

Mathematics Self-

Concept (MSC) (.032) (.037) (.036) | (.032) (.040) (.037) | (.033) (.042) (.036)

Expectancy-Value Interaction

MSCXMIV 057 131  .080
(019) (.023) (.021)
MSCxMUV -025¢ 108  .034
(019) (.031) (.025)
R2 063 077 059 |.100 093 071 |.101 .109 .078 |.106 .095  .074

(.009) (.012) (.011) |(011) (0120 (.012) |(.011) (012) (013) |(.011) (.011) (.012
Note. Motivation factors are modelled as latent variables. Standardised regression coefficients are given, with standard errors in
parentheses. X2 = chi-square; df= degrees of freedom; CFI = comparative fit index; RMSEA = root mean square error of approximation;
TLI = Tucker-Lewis index. a represents non-significant associations.
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The intrinsic value and self-concept interaction significantly predict educational
aspirations for all countries (Figure 5.4). The graph shows a similar trend for Turkiye
and England, but the direction for Japan differs. The interaction effect is evident that
the effect of MSC on educational aspiration becomes more favourable when MIV is
high in Tirkiye and England. In other words, it has been shown that students’
educational aspirations increase when their self-concepts of mathematics and intrinsic
values increase simultaneously. In contrast, students with a low MSC have lower
educational aspirations despite a high MIV value. The lack of MSC negatively affects
education aspirations even if a high M1V is present for Turkiye and England. There is
an inverse relationship between the effect of MSCxMIV interaction and educational
aspirations for Japan. There is a decrease in educational aspirations among students
with high MSC and MIV.

Figure 5. 4 Plots of the significant effect effects of MSC and MIV interaction on
educational aspiration
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There is also a significant interaction effect between the MUV and MSC on
educational aspiration only in Turkiye. Therefore, only the graph of the interaction
effect of Turkiye is presented in Figure 5.5. This result suggests that MUV increases
the impact of MSC on educational aspiration for students with both low and high MSC.
In other words, the graph shows that an increase in MUV positively affects educational

aspirations, regardless of MSC level.
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Figure 5. 5 Plots of the significant effect effects of MSC and MUYV interaction on
educational aspiration
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5.5. Summary
This chapter examines the effect of expectancy-value components on educational

outcomes and their relations with each other under research Questions 3a and 3b.

The results are consistent with my expectations that show expectancy-value beliefs
are significant predictors of educational outcomes for each country when they entered
the model separately. Mathematics self-concept is a stronger predictor of mathematics
achievement and educational aspiration than value beliefs. However, due to the strong
association among expectancy-value beliefs, value beliefs lose their power when used
together as predictors in the model. Therefore, it is important to bear in mind that the
interaction effect must be interpreted with caution because of the high correlation
between MSC and MIV. Theoretical reasons and statistical limitations will be
considered further in the discussion chapter. Although there are some minor
differences, the results for educational aspiration are similar to mathematics
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achievement. The MSC is still the strongest predictor of educational aspiration in
Japan and Turkiye but not as strong as mathematics achievement. The effect size of
value beliefs, especially MUV, significantly increases to predict educational aspiration
compared to mathematics achievement. The MUYV is the strongest predictor of
educational aspiration in England. Even though MSC is a stronger predictor for Japan
and Turkiye, the power of value beliefs is much closer to MSC in educational
aspiration. It is consistent with my prior hypothesis that value beliefs are a better

predictor of an educational aspiration than mathematics achievement.

| found mixed results regarding an interaction effect. Specifically, expectancy by
intrinsic value interaction is significantly associated with mathematics achievement in
all countries with similar directions but different effect sizes. Expectancy and intrinsic
value interaction are also significantly associated with educational aspirations for all
countries. The interaction of expectancy and utility value does not have a statistically
significant effect on either mathematics achievement or educational aspirations for
England. In addition, Turkiye is the only country in which expectancy and utility value
interaction have statistically significant relations with educational aspirations. The
results of this study reveal that given the positive effects of the interaction between
expectancy and value beliefs on educational outcomes, it is essential for teachers to
simultaneously emphasise increasing students’ expectancy and value beliefs, with
particular attention paid to strengthening the self-concept of students with low value
beliefs. Although the interaction variables in this study have a small effect size, it is
not that small in comparison with the variance explained by expectancy-value
components. The interaction term explains approximately 10% of the variance
explained by these constructs. The discussion section will explain in depth what these

effects entail and their practical implications.
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The next chapter will investigate the relationship between expectancy-value beliefs
and demographic indicators (HER and gender) through the mediation role of

expectancy and value beliefs.
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Chapter 6: The Mediation Effect of Expectancy-Value

Constructs on Educational Outcomes

6.1. Introduction

In Chapter 5, SEM models were used to study the additive and multiplicative effects
of EVT components on educational outcomes in Japan, Tlrkiye, and England. This
chapter seeks to explore the relationship between HER, gender and mathematics
achievement, and educational aspirations with the mediating role of expectancy-value
components, namely MSC, MIV, and MUV. | employed the SEM with mediation
paths to estimate the structural relationship between HER, gender, MSC, MIV, MUV,

and mathematics achievement and educational aspirations.

This chapter is structured in the same way as Chapter 5. First, the research questions
and hypotheses provided in this chapter are presented. Then the SEM analysis is
explained. Next, the results of the analysis are presented and finally, in the last section,

a summary of the chapter.

6.2. Research Questions and Hypothesis
In this chapter, | focus on research Questions 4 and 5 are detailed below alongside

associated hypotheses based on the reviewed literature.

(4) What is the relationship between gender mathematics achievement and

educational aspirations? Do EVT factors mediate this relationship?

H10: There will be some inconsistent findings regarding gender differences in

mathematics achievement and attitudes towards mathematics.
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For example, several studies have demonstrated that boys are more likely to have
higher values in mathematics (Marsh et al., 2005; Steinmayr and Spinath, 2008; Watt,
2004), although some have indicated no gender differences between boys and girls

(Jacobs et al., 2002; Wigfield et al., 1997).

In a review of EVT-based research, Wigfield et al., (2009) provide a summary
demonstrating how EVT can explain gender inequalities and achievement results in
general. It has been found in multiple studies that males usually exhibit higher levels
of maths self-concepts, attitudes, and effects than their female counterparts (Eccles
and Wigfield, 2002; Guo et al., 2015; Marsh et al., 2013). Recently, however, cross-
national meta-analyses have shown that there exist gender similarities in maths
achievement at a variety of levels (Else-Quest et al., 2010). Therefore, no hypothesis

was determined for this research question, and it is considered as an open question.

(5) What is the relationship between HER mathematics achievement and

educational aspirations? Do EVT factors mediate this relationship?

H11: As a positive relationship between socioeconomic indicators and academic
achievement is well known (Hattie, 2009; Sirin, 2005), it is expected that HER
will affect both achievement and educational aspiration directly and indirectly

through EVT constructs.

6.3. Analysis of Structural Equation Model

In this chapter, the moderated meditational model proposed in Figure 6.1 is tested
using an SEM. To do this, the structural equation model with multiple mediators where
measurement models for latent constructs are incorporated, including both the direct

effects between the exogenous manifest variable HER, gender and endogenous latent
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variable mathematics achievement and educational aspirations (outcome), as well as
the indirect effects from HER and gender via the latent mediators MSC, MIV, and
MUYV on the outcome variables mathematics achievement and educational aspirations.
To be more specific for model specification in MPlus, mathematics achievement and
educational aspirations are regressed on MSC, MIV, MUV, MSCxMIV, MSCxMUV,
HER, and gender (direct effect), and MSC, MIV, and MUYV are regressed on HER and
gender (direct effect), and mathematics achievement and educational aspirations

regressed on HER and gender via MSC, M1V, and MUV (specific indirect effect).

In the models employed in this study, there exists a correlation between the dependent
and independent variables. Notably, the dependent variables, namely mathematics
achievement and educational aspiration, were jointly estimated within the structural
models, allowing for the consideration of their correlation. However, the correlation
links between variables were not explicitly displayed in the figures depicting the
models. This decision was primarily driven by the research's specific focus on

regression analysis rather than emphasizing the correlation relationships.

By not showing correlation links in the figures, | aimed to maintain visual simplicity
and enhance the ease of comprehension for readers. Displaying correlation
relationships on the figures could potentially lead to visual complexity, making it more

challenging for readers to grasp the critical insights from the models.

It is essential to emphasize that even though the correlation relationships are not
visually presented in the figures, they were taken into account during the analysis. The
existence of a correlation between dependent and independent variables was
appropriately considered and accounted for in the statistical modelling and regression

analysis conducted in the study. As such, the research findings and conclusions take
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into consideration the correlation relationships among the variables, despite not being

explicitly depicted in the figures for the reasons explained above.

Figure 6. 1 The hypothetical conceptual framework of the mediating effect of EVT in
the relationship between background factors and mathematics achievement and
educational aspirations.
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Note. MIV = mathematics intrinsic value; MSC = mathematics self-concept; MUV = mathematics
utility value; MAT ACH = mathematics achievement; EDU ASP = educational aspirations; MSCxMIV
= interaction variable of MSC and MIV; MSCxMUYV = interaction variable of MSC and MUV.

6.4. Results
Model 16 was developed for the fourth and fifth research questions addressed in this
chapter. This model investigated the complex relationship of EVT constructs with

demographic constructs and educational outcomes.

This section starts with an assessment of the model fit and then concludes with the

results of Model 16 for Japan, Turkiye, and England separately.

6.4.1. Goodness of model fit
In the hypothesised model (Figure 6.1), the effects of gender and HER (a measure of

SES) on mathematics achievement and educational aspirations are mediated by
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expectancy and values (MSC, MIV, and MUV), and the latent interactions
(MIVXMSC and MUVXMSC) influence the mathematics achievement and
educational aspirations. The SEM model fitted the data partly well in our
sample (y2 =17,390.483, df = 2,187, CFI = 0.900, TLI = 0.885, RMSEA = 0.042). It
is acceptable for CFl and RMSEA values to be within the acceptable range but for TLI
values to be below the acceptable range (0.90). It is also necessary to remind ourselves
that although there is no consensus, it is recommended that the RMSEA for model fit
indicators should not be higher than 0.10, preferably less than 0.08, and CFI and TLI
values higher than 0.90 (Hu and Bentler, 1999; Kline, 2015; Marsh et al., 2004). In
line with Trautwein et al. (2012), I consider a model fit acceptable when at least two
fit indices meet the typical range. Moreover, | also note that unique characteristics of
data structures influence fit indices (e.g. Heene, Hilbert, Draxler, Ziegler, and Buhner,
2011), which invalidates sweeping generalisations regarding cut-off values

(Trautwein et al., 2012).

The total amount of variance explained is 42%, 43%, and 35% for maths achievement
and 17%, 21%, and 18% for educational aspirations in Japan, Turkiye, and England,
respectively. There is less explained variance in educational aspirations than in
mathematics achievement in all three countries. This may be due to the fact that the
EVT constructs include specific items related to mathematics to measure students’
attitudes towards mathematics whereas educational aspiration is a variable that
indicates students’ general future educational goals.

6.4.2. The relationship between gender, home educational resources (HER), EVT,
and educational outcomes

The section is presented based on country results of the multigroup SEM analysis. In

line with this, tables 6.1, 6.2 and 6.3 provide results for Japan, Turkiye, and England,
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respectively. In addition, the relationship of variables is demonstrated through
diagrams for each country with significant paths in Figure 6.2 for Japan, Figure 6.3
for Turkiye, and Figure 6.4 for England. The figures demonstrate the effect sizes of
the direct path coefficients of the standardised solutions, while the tables present the

indirect path coefficient effect sizes.

Japan

Figure 6.2 shows that Japanese male students tend to have high expectancy-value
beliefs over their female peers (MSC: = 0.196; MIV: f =0.158; MUV: = 0.071).
In contrast, the direct relationship between gender and mathematics achievement
favours female students (B = -0.102). Interestingly, as shown in Table 6.1, the
corresponding indirect path largely offsets the direct path from gender to mathematics
achievement. These results suggest that boys are more likely to have higher EVT
beliefs, which are associated with higher mathematics achievement (the indirect path
from gender), whereas girls tend to perform better in mathematics when their EVT
beliefs are similar to those of boys (the direct path from gender). Overall, however,
there is no gender difference in mathematics achievement with respect to the total

effect (B=10.011).
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Figure 6. 2 Structural model of Japan
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Note. Standardised effect size (standard errors) for statistically significant paths was presented in the model for clarity. Note. MSC=mathematics self-concept; MIV=
mathematics intrinsic value; MUV = mathematics utility value; HER = home educational resources; MAT_ACH = mathematics achievement; EDU_ASP =
educational aspiration. MSC xMIV = mathematics self-concept by intrinsic value interaction. 1= female, 2 = male
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Table 6. 1 The direct, indirect, and total effects of gender and HER via EVT factors
on educational outcomes in Japan

Direct Indirect effect of EVT Total Total
Outcome Variables effect of Via Via Via Indirect effect
EVT MSC MIV MUV  of EVT
Gender
Mathematics -.102 131 -.021 .0022 112 .0114
Achievement (.015) (.013)  (.006) (.001) (.010) (.016)
Educational -.088 .053 -.012 .010 .051 -.038
Aspirations (.017) (.008) (.005) (.003) (.006) (.017)
Home Educational Resources (HER)
Mathematics 234 132 -.018 .0042 118 .352
Achievement (.021) (.014) (.006) (.002) (.011) (.019)
Educational .248 .053 -.010 .016 .060 .308
Aspirations (.019) (.008)  (.004) (.003) (.006) (.018)

Note: MSC = mathematics self-concept; MIV = mathematics intrinsic value; MUV = mathematics
utility value. 1 = female 2 = male. @ represents an insignificant association. Standardised effect size
(standard errors) is presented in the table.

As for educational aspirations, the direct path leading to girls having higher aspirations
(B = -0.088) is only slightly countered by the corresponding indirect path leading to
boys having higher educational aspirations. In other words, when girls and boys have
similar MSC, girls have higher educational aspirations (p = -0.088), but since boys
have higher MSC (B= 0.053), it reduces the gender gap in educational aspirations.
Despite this, there is a small advantage in educational aspirations for girls in the total

effect (B =-0.038).

As shown in Figure 6.2, there is evidence that HER has a positive direct effect on
students’ motivational beliefs and educational outcomes. This indicates that students
with better HER are likely to be more motivated, realise higher mathematics
achievement, and have higher educational aspirations. In particular, high HER is a

statistically significant predictor of mathematics achievement ( = 0.234). In addition,
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as shown in Table 6.1, there is a significant and positive indirect path from HER to
mathematics achievement, indicating that MSC has a positive role in mediating
mathematics achievement (3 = 0.132). It can therefore be concluded that an increase
in HER promotes children’s MSC and that this positive relationship results in
increased mathematics achievement. Most likely, due to the high correlation between
MSC and MIV, which we have previously discussed (see Chapter 5), the mediating

effect of MIV has a detrimental effect on educational outcomes.

The relationship between HER and educational aspirations yields a similar result.
Specifically, students with higher HER have higher educational aspirations (3 =0.248).
The relationship between HER and educational aspirations is positively mediated by
MSC (B =0.053), even if it is not as strong in mathematics achievement. On the other
hand, when the direct effect of HER on mathematics achievement and educational
aspiration is considered, the impact of HER on educational aspiration ( = 0.248) is
slightly higher than that of mathematics achievement (p = 0.234). At this point, EVT
factors seem to mediate more strongly between HER and achievement. However, HER
is a stronger predictor of mathematics achievement (f = 0.352) than educational
aspirations (B = 0.308) in terms of the total effect. As mentioned earlier, to possible
reason for this is that EVT factors include items specific to mathematics, whereas

educational aspiration is about general educational goals.

In the relationship between motivation factors and achievement, MSC is the strongest
predictor among motivation factors (B = 0.670). Contrary to expectations, MIV has a
negative effect on achievement (B = -0.133). As underlined in Chapter 5, the most
likely reason for this negative effect is the high correlation between MIV and MSC.

In addition, while MUV has no significant effect on achievement, it has a significant
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effect on educational aspiration (= 0.133). Moreover, the MSCxMIV interaction also
has a statistically significant effect on achievement (B = -0.45) and educational
aspirations (B = -0.55). The relationship between EVT factors and educational

outcomes, as well as the interaction effect, is explained in detail in Chapter 5.

Tarkiye

The findings in Figure 6.3 indicate that gender influences motivational beliefs directly,
with boys showing higher MSC (B = 0.051) and girls higher MIV ( = -0.074), but
there are no significant differences in MUV between boys and girls. On the other hand,
as indicated in Table 6.2, the MSC has a mediating effect ( = 0.030) in favour of male
students in the relationship between gender and mathematics achievement, which
means an indirect path offsets the path from gender to mathematics achievement.
Based on these findings, it is likely that boys could have higher MSC beliefs, which

are indirectly associated with higher mathematics achievement.
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Figure 6. 3 Structural model of Turkiye
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= mathematics intrinsic value; MUV = mathematics utility value; HER = home educational resources; MAT_ACH = mathematics achievement; EDU_ASP =
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Table 6. 2 The direct, indirect, and total effects of gender and HER via EVT factors
on educational outcomes in Tirkiye

Outcome Variables Direct Indirect effect of EVT Total Total
effect Via Via Via indirect effect
of EVT MSC MIV MUV effect

of EVT

Gender

Mathematics -.043 .030 .0022 -.0042 .026 -0172
Achievement (.018) (.012) (.004) (.003) (.010) (.021)
Educational -.149 .009 .0012 -.012 -.0032 -.152
Aspirations (.016) (.004) (.001) (.005) (.007) (.017)
Home Educational Resources (HER)

Mathematics 375 .086 .0012 .0042 .091 467
Achievement (.026) (.015) (.004) (.003) (.013) (.029)
Educational .283 .026 .0012 .010 .037 .320
Aspirations (.021) (.008) (.001) (.004) (.010) (.022)

Note: MSC= mathematics self-concept; MIV = mathematics intrinsic value; MUV = mathematics utility
value. 1= female, 2 = male.? represents an insignificant association. Standardised effect size (standard
errors) is presented in the table.

On the other hand, when female and male students’ MSC beliefs are similar, girls may
have higher mathematics achievements than males. Female students outperformed
male students in mathematics achievement with a statistically small effect size in
direct effect (B = -0.043), but the mediating effect of MSC (p = 0.030) in favour of
male students reduced the gap in mathematics achievement between male and female
students. This implies that there is no gender difference in terms of the total effect, but

there is an indirect effect of MSC that favours boys.

Regarding educational aspirations, it can be seen in Table 6.2 that the direct path from
gender to educational aspirations favours female students ( = -0.149). Although MSC
has a very small but significant indirect effect in favour of boys, the total effects show
results in favour of girls (B = -0.152). It is also seen that female students have more

MUYV than male students, albeit with a small effect (B = -0.012).
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It is evident from Figure 6.3 that the positive direct effects of HER on student
motivation, mathematics achievement, and educational aspirations indicate that
students who live in a high HER environment are likely to have more positive
motivation, higher mathematics achievement, and higher educational aspirations.
Contrary to expectations, however, this study found that HER has no significant direct
effect on MIV. The indirect path from HER to mathematics achievement has a
significant effect via the mediation of MSC (B = 0.086). This result suggests that high
HER has both a substantial direct effect on mathematics achievement and an indirect

effect on mathematics achievement by enhancing the student’s MSC beliefs.

The effect of HER on educational aspirations is mediated via both MSC and MUV.
As Table 6.2 illustrates, the regression coefficient between HER and educational
aspirations (f = 0.283), that between MSC and educational aspirations (f = 0.026),
and that between MUV and educational aspirations (f = 0.010) are significant. This
result is consistent with our expectations (H11), indicating that HER is an important
factor in predicting educational aspirations directly and indirectly by promoting

students’ MSC and MUV.

In the relationship between motivation factors and achievement, MSC is the strongest
predictor among motivation factors ( = 0.556). Contrary to expectations, MIV has a
negative effect on achievement (B = -0.179). As underlined in Chapter 5, the most
likely reason for this negative effect is the high correlation between MIV and MSC.
In addition, while MUV has no significant effect on achievement, it has a significant
effect on educational aspiration ( = 0.160). Besides, the MSCxMIV interaction also

has a statistically significant effect on achievement (B = 0.146). The relationship
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between EVT factors and educational outcomes, as well as the interaction effect, is

explained in detail in Chapter 5.

England

Figure 6.4 shows that there is no difference in maths achievement between boys and
girls. However, the direct effect of gender on expectancy-value beliefs reveals that
boys typically seem to have a high MSC (B = 0.198), MIV (B = 0.126), and MUV (B
=0.078). It appears that boys are more likely to possess higher MSC beliefs and
therefore are more likely to perform better in mathematics (the indirect path from
gender), whereas it appears that girls and boys perform equally well in mathematics
when their MSC beliefs are similar (the direct path from gender). Specifically, a strong
mediation effect of MSC in favour of male students emerged (f = 0.109). In summary,
the effects of the relationship between gender and mathematics achievement are
indirect, which means that, even though there are no direct effects of gender on
mathematics achievement, the relationship between gender and mathematics

achievement is mediated by MSC (see Table 6.3).
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Figure 6. 4 Structural model of England
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1= female, 2 = male.

166



Table 6. 3 The direct, indirect, and total effects of gender and HER via EVT factors
on educational outcomes in England

Outcome Variables Direct Indirect effect of EVT Total Total
effect Via Via Via indirect effect
of EVT MSC MIV MUV effect

of EVT
Gender
Mathematics -.0362 109 -.017 -.006 .085 .0492
Achievement (.029) (.016) (.006) (.003) (.013)  (.033)
Educational -.144 .029 .0022 .013 .043 -.101
Aspirations (.020) (.008) (.004) (.002) (.008) (.021)
Home Educational Resources (HER)
Mathematics .362 .057 -.0072 -.003¢? .047 409
Achievement (.031) (.015) (.004) (.002) (.012) (.033)
Educational 279 .015 .0012 .0072 .023 .302
Aspirations (.023) (.006) (.002) (.004) (.008)  (.023)

Note: MSC= mathematics self-concept; MIV = mathematics intrinsic value; MUV = mathematics utility
value. 1 = female, 2 = male. @ represents an insignificant association. Standardised effect size (standard
errors) is presented in the table.

With regard to educational aspirations, it can be noted that the direct path from gender
to educational aspirations favours female students (f = -0.144). Even though MSC (B
=0.029) and MUV (B =0.013) have significant indirect effects in favour of boys, they
also have significant direct effects in favour of girls both directly (B = -0.144) and

totally (B = -0.101).

As shown in Figure 6.4, there is evidence that HER has a positive direct effect on
mathematics self-concept (B = 0.104), mathematics achievement (B = 0.362), and
educational aspirations (= 0.279). This finding suggests that students with high levels
of HER are likely to have a higher self-concept, mathematics achievement, and
educational aspirations than those with low levels of HER. Furthermore, Table 6.3

shows that in relation to HER, mathematics achievement and educational aspirations
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are mediated by MSC, suggesting that HERs influence MSC and promote mathematics

achievement and educational aspirations.

In the relationship between motivation factors and achievement, MSC is the strongest
predictor among motivation factors (B = 0.551). Contrary to expectations, MIV has a
negative effect on achievement (B = -0.137). As underlined in Chapter 5, the most
likely reason for this negative effect is the high correlation between MIV and MSC.
In addition, while MUV has a negative significant effect on achievement (§ = -0.080),
it has a positive significant effect on educational aspiration (B = 0.166). Furthermore,
the MSCxMIV and MSCxMUYV interaction also has a statistically significant effect
on achievement. The relationship between EVT factors and educational outcomes, as

well as the interaction effect, is explained in detail in Chapter 5.

6.5. Summary

This chapter aimed to examine how the relationship between HER, gender, and
educational outcomes (mathematics achievement and educational aspirations) is
mediated by the expectancy-value components, which are mathematics self-concept,

and intrinsic and extrinsic values.

The results are generally in accordance with our expectations, although some are
contrary to those expectations. Our results show that gender did not have a significant
effect on mathematics achievement in all three countries. Our study reveals, however,
that female students have higher educational aspirations than their male counterparts
in all three countries. As expected, these findings are consistent with the recent gender
difference observed in educational aspirations favouring girls, which is in line with
our expectations (Guo et. al, 2015; Schoon and Polek, 2011). It is also important to
note that male students have higher MSC, MIV, and MUV beliefs in England and
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Japan than female students. Albeit only a slight positive difference in favour of male
students in MSC beliefs, females have a small advantage in MUV beliefs in Turkiye.
Furthermore, there is no gender difference in MIV for Turkiye. Therefore, we can
conclude that while male students are more motivated than female students in England

and Japan to learn mathematics, a similar gender gap cannot be found in Turkiye.

In parallel with our expectations, HER contribute directly and indirectly to
mathematics achievement and educational aspirations. Another noteworthy point is
that the mathematic self-concept is the most powerful mediator of mathematics
achievement and educational aspirations among the EVT components. In addition, it
plays an important role in promoting boys’ achievement in mathematics. Contrary to
our expectations, the findings indicate that there is no relationship between HER and

MIV in either Turkiye or England.

In the next chapter, all the results from Chapters 4, 5, and 6 will be discussed in the
context of the wider literature and theory in order to answer the research questions in

full.
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Chapter 7 Discussion

The discussion chapter is organised according to the research questions (see Section

2.4 in Chapter 2). Accordingly, each research question and its subparts are discussed

in light of my findings, and relevant literature and theory. The first two research
questions analyse the psychometric properties of the TIMSS 2019 motivational items
and compare measurement models based on CFA and ESEM (Chapter 4). The third
research question investigates the predictive power of EVT factors for mathematics
achievement and educational aspiration and the interaction effect of expectancy and
value constructs on these dependent variables (Chapter 5). Finally, the last two
research questions, RQ4 and RQJ5, investigate the mediating role of EVT constructs
in the relationship between demographic variables (gender and HER) and educational
outcomes (mathematics achievement and educational aspirations) (Chapter 6).

7.1. What are the psychometric properties of TIMSS 2019 motivation
measures?

In this research question and corresponding hypotheses, reliability, the goodness of
model fit and negative item effect, factor structure, CFA and ESEM comparison, and

measurement invariance are investigated. | take each of these in turn.

7.1.1. Reliability

In the reliability analysis, McDonald’s omega was calculated in addition to
Cronbach’s alpha value provided in the TIMSS 2019 technical report. Some studies in
the literature have found that TIMSS motivation measures are unreliable in non-
Western countries (Bofah and Hannula, 2015; Marsh et al., 2013a; Rutkowski and
Rutkowski, 2010). Therefore, in this context, | hypothesised that the TIMSS 2019

motivational constructs would meet the reliability criteria, but that England would
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present a higher reliable index than Japan and Turkiye. For example, Marsh et al.
(2013a) found that the reliability of mathematics motivation constructs was higher in
Western countries than Arab countries. However, the results of this study, contrary to
the literature, provide strong evidence that TIMSS motivation measures are reliable
measures based on alpha and omega estimation in Turkiye, England, and Japan (see

Section 4.3.2 in Chapter 4). Additionally, the omega value is estimated in this study

by considering the effect of negatively worded items. The reliability indices may
overestimate results when this issue is not considered (Bofah and Hannula, 2015). In
this study, alpha and omega indices, where the negative item effect was not
considered, are very close to each other and provided high reliability values. However,
when the omega value was calculated by correlating the error terms of negative items
with three items in MSC and two items in MIV, thus controlling the negative item
effect, it provided more realistic reliability scores. In line with the literature, this study
concludes that under certain situations, such as the analysis of latent constructs with
negative items, the alpha may overestimate the reliability and might not provide an
appropriate measure (Bentler, 2009; Fu et al., 2022; Raykov, 2001; Yang and Green,

2011). Therefore, the omega reliability test may be preferred in such cases.

7.1.2. The goodness of model fit and method effect: negative item effect
This study found a substantial method effect associated with negatively worded items

to measure motivational constructs in TIMSS 2019 (Section 4.3.3.1 in Chapter 4). In

accordance with the literature and our hypothesis, the findings of the model fit and
reliability estimation confirm the claim that negatively worded items can adversely
affect the validity and reliability of scales (Bofah and Hannula, 2015; Marsh et al.,
2013a; Raykov, 2001). It was determined that measurement models that did not

consider the effects of negatively worded items fit the data once they established a
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correlation between error terms of negative items within the measurement model. In
other words, when negative item effects are not controlled by correlating their error
terms, the measurement model is poorly defined and does not meet the model fit
criteria (see the comparison of model fit with and without negative item effects in

Table 4.3 in Chapter 4). Most of the secondary analyses conducted with TIMSS have

used manifest scores (i.e. observed variables), but it not simple to incorporate these
method effects into analyses based on manifest scores (Marsh et al., 2013a). Therefore,
the result of this study agrees with the recommendation of Marsh et al.,(2013a), which
encourages researchers to use latent variable models rather than methods based on

manifest scores, to minimise biased measurement effects due to negative items.

The adverse effects of negatively worded items on model fit have long been known,
particularly for children as well as for adults and adolescents (Hooper et al., 2013;
Marsh, 1986). Moreover, negative item effects have been found in the literature to be
significantly higher in countries with low achievement levels, possibly because
students have poor reading comprehension and cannot fully understand negatively
worded items (Bofah and Hannula, 2015; Hooper et al., 2013; Metsé&muuronen, 2012).
The possible reason for the method effect may be related to the extent to which
reading, and comprehension proficiency is affected by the negatively worded items.
There is, however, a method effect presents in not only underperforming countries but
in all countries, although the effect differs by country. As a result of the study
conducted by Michaelides (2019) with TIMSS motivation data, fourth-grade students
with low reading ability responded differently to negative and positive items in such
a way that their total scores deviated downwards. This is also in line with Marsh’s
(1986, 1996) findings that method effects are reduced for more verbally competent

and older students. Hence, this result could be explained by difficulties processing
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negatively worded items. Thus, it may be regarded as an aspect of the cognitive
development phenomenon. This study demonstrates a negative item effect in all three
countries possibly due to the age of eighth-grade students, as expected (Marsh, 1996).
Nevertheless, in accordance with the literature, the reliability index calculated with

and without the negative item effect (see Table 4.2 in Chapter 4) indicates that the

highest effect can be found in Turkiye, where achievement is the lowest among the
countries examined in this study (Bofah and Hannula, 2015; Hooper et al., 2013;
Metsdmuuronen, 2012). Overall, our findings suggest that method effects, if not
handled explicitly, are not only likely to obscure the underlying structure of these
scales but also cause a bias through an unreliable estimation process and poor model
fit.

7.1.3._ Factor structure, CFA and ESEM comparison, and measurement
invariance

In TIMSS 2019, students’ motivations for mathematics were measured in the context
of student attitudes towards mathematics through three latent constructs: student
confidence in mathematics, students like learning mathematics, and student value of
mathematics (Mullis et al., 2020). Therefore, | hypothesised that the factor structure
of motivation measures supports the a priori structure (derived from TIMSS 2019
motivation scale) that they intend to measure. After negative item effects were
considered, the CFA and ESEM models were developed to test this, and both models
clearly support the a priori factor structure. The ESEM model provided better model

fit values than CFA.

There could be many cross-loadings in a measurement instrument (although they are
less significant than main loadings) that are consistent with the underlying theory.

Otherwise, by setting cross-loading to zero, researchers might specify a parsimonious
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model that does not adequately fit the data when using the independent cluster model
of CFA (Guay et al., 2015). More importantly, when cross-loadings, even small ones,
are not estimated, then the only way to represent these associations between specific
indicators and other constructs is through the latent factor correlations, which end up
being overestimated in many applications of CFA (e.g. Asparouhov and Muthén,
2009; Marsh et al., 2009; Morin et al., 2013). As discussed in the literature, ESEM
overcomes the limitations of CFA by estimating all cross-loadings between indicators
and latent constructs. In this study, I only allowed cross-loading between intrinsic and
utility value measures since self-concept is considered a separate construct
theoretically (Marsh et al., 2010). It was consistent with theoretical expectations to
find cross-loadings between intrinsic and utility value indicators using the ESEM
approach. Further, it is evident from the literature that ESEM structures are more
closely aligned with the theoretical conceptualisation of factors (Alamer, 2021;
Gomez et al., 2020; Guay et al., 2015; Marsh et al., 2020; Marsh et al., 2010; Marsh,
Herbert W. et al., 2014; Morin et al., 2013; van Zyl and Ten Klooster, 2021; Xiao et
al., 2019). For instance, the theoretical framework of this study, EVT, considered
intrinsic and extrinsic value as a subcomponent of task value (Eccles and Wigfield,
1983). Even though intrinsic and extrinsic value can be distinguished in theory, in
most applications, it is not as black and white as it appears in theory (Guay et al.,
2015). The results are consistent with recent findings and our hypothesis, indicating
that ESEM tends to provide a better model fit factor when cross-loadings are present
in the population model but remains unbiased when cross-loadings are absent

(Asparouhov et al., 2015).

Since the ESEM model provided better results than the corresponding CFA, the

analyses after this stage were performed with ESEM. In the measurement invariance
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test conducted within the ESEM framework, though there was strong evidence for
configural and metric invariance, partial evidence for scalar invariance was found
among the three countries. Scalar invariance is important for comparing latent means
(Marsh etal., 2013a). In the scalar invariance test, the intercepts of some items differed
across countries, so these items were freely estimated to achieve partial scalar
invariance. When these items were examined, it could be seen that there were
negatively coded items in the MSC and MIV measures. Therefore, as in the model fit
and reliability test, the negative items are likely to cause bias in scalar invariance. The
findings of this study agree with Chiu’s (2012) argument that negatively worded items

can be unreliable in cross-cultural studies.

7.2. What is the correlational relationship between motivation factors,
gender, HER, and educational outcomes (mathematics achievement and
educational aspirations)?

In this research question, the latent mean comparison across countries and the
relationship between EVT constructs and demographic indicators and educational

outcomes are investigated.

7.2.1. Latent mean comparison

The results of this study show that the mean value of motivational beliefs is highest in
Turkiye and lowest in Japan. However, in mathematics achievement, the opposite is
the case, and Japan has the highest mean achievement score, while Turkiye has the
lowest (see Chapter 4). In this context, the results of this study seem “perplexing” and
“paradoxical”, but they are in line with other large-scale survey studies (Bofah and
Hannula, 2015; Marsh et al., 2013a; Shen and Tam, 2008). There was a positive
correlation between students’ motivational constructs (such as self-concept) and their

achievement at the individual level but a negative correlation at the country level (Ker,
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2017). The frame of reference effect can partly explain this “paradoxical” and
“perplexing” situation based on self-concept theory (Marsh, 2007). Clearly, frame of
reference effects significantly influenced motivational constructs (Marsh, 2007,
Marsh et al., 2008). Thus, Turkish students develop their self-concepts in relation to
other Turkish students rather than Japanese, English, or students from other countries.
Hence, achievement in Turkiye is similarly related to motivation constructs as
elsewhere; neither are motivational constructs lower than in countries with high
performance. On the contrary, Japanese students are not likely to compare themselves
with students from other countries but rather with their classmates and schoolmates
around them. As a result of comparing their mathematics achievements with their
peers who have relatively higher maths achievements on average, they may see
themselves needing improvement. Shen and Pedulla (2000, p.237) offered a related
suggestion by arguing that this pattern may reflect “low academic expectations and
standards in low-performing countries and high academic expectations and standards
in high-performing countries” in more comprehensive terms. Parallel to this, Marsh et
al., (2006) suggested that cultural differences affect the way in which one expresses
positive things about oneself, such as self-concept. A similar phenomenon has been
suggested by Minkov (2008) in relation to the cultural value of “monumentalism” in
terms of self-enhancement versus self-effacement, and self-stability/consistency
versus self-flexibility, as well as the need to reinforce self-improvement through high
performance. The findings of these studies suggest that monumentality at the national
level is positively associated with positive self-beliefs but negatively associated with

achievements.
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7.2.2. The relationship among motivational constructs, background variables,
and educational outcomes

The discriminant validity of measures with multidimensional constructs plays a
critical role in their construct validity and usefulness (Marsh et al., 2013a). More
attention needs to be paid regarding the distinction between self-concept and intrinsic
value in applied self-concept and motivation research and in the theoretical models
that underpin this applied research, particularly given the high correlation between
these concepts. Accordingly, recent research has typically found a correlation between
self-concept and intrinsic value of 0.7 or greater (Marsh et al., 2013a; Meyer et al.,
2020; Nagengast et al., 2011). Despite the high correlations between MSC and MIV
determined in this study, their discriminant validity is also supported by my work. In
particular, consistent with a priori predictions, there is a substantial correlation
between achievement and MSC, but the achievement and MIV correlation are weaker
than MSC and achievement, especially for Turkiye and England. In addition, MSC
has a higher correlation with educational aspiration than MIV (see section 4.3.4.2 in

chapter 4).

Gender differences in achievement, educational aspirations, and motivation are
particularly interesting in this study. This study supports the conclusions in the
literature concerning student gender and mathematics achievement that there are no
statistical differences between males and females in mathematics achievement in this
age group (Else-Quest et al., 2010) in Japan and England but a small difference in
favour of females in Tirkiye (Hyde etal., 1990). In addition, in line with the literature,
there is also a correlational difference between gender and educational aspiration in
favour of female students in Turkiye and England, but not in Japan. Regarding the

associations between gender and EVT constructs, Japanese and English male students
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have a higher correlation with mathematics motivation and MSCs than female
students. On the other hand, in Turkiye, there is a more balanced result. While there is
no difference between male and female students in terms of MIV, the MSC of male
students and the MUYV of female students are higher, concurring with other literature

(Schoon and Polek, 2011; Guo et al., 2015).

Taken all together, although there is no association between gender and mathematics
achievement in Japan and England, there is a correlation between gender and
motivation in favour of boys. However, in Turkiye, there is a correlation with
achievement in favour of girls, albeit slight, as well as a correlation between gender
and motivational beliefs in favour of girls in MUV and in favour of boys in MSC. This
can be explained by the gender equality paradox, which states that in countries with
greater gender equality, there are differences in self-beliefs to the disadvantage of girls
(Else-Quest et al., 2010; Guo et al., 2019; Marsh et al., 2021; Marsh et al., 2019). This
may be due to the fact that female students in developed countries have more freedom
in course selection regardless of economic concerns compared to their counterparts in
less developed countries. Thus, in contrast, female students in economically less
developed countries may feel pressured to pursue STEM fields by their families and
internally since STEM is concerned the safer option for economic success (Else-Quest

et al., 2010).

7.3. What is the relationship between student motivational factors and
educational outcomes?

This research question examines the influence of expectancy (MSC) and task values
(MIV and MUV) and the effect of their interaction on mathematics achievement and
educational aspirations. Structural equation modelling (SEM) was applied for the
analysis, and interaction terms were formed using an unconstrained approach guided
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by Marsh et al., (2004) to measure the interaction effect. The results are presented in
Chapter 5. Four different SEM models were developed for the analyses, and the results
are presented in Table 5.1 for EVT and mathematics achievement, and in Table 5.2

for educational aspiration in Chapter 5.

7.3.1. The additive effect of EVT

Based on the two models (M12 and M13, see Chapter 5), MSC appears to be more
closely associated with achievement than value beliefs (MIV and MUV) (see Wigfield
et al., 2009). However, the presence of value beliefs is an important predictor of other
outcomes, such as educational aspirations (Guo et al., 2015; Nagengast et al., 2011).
As MSC and MIV are closely associated, MIV loses predictive power when MSC is
also included in the regression equation, which is a common issue according to the
literature (see Guo et al., 2015; Lauermann et al., 2017; Meyer et al., 2019; Trautwein
etal., 2012). Japan is the country with the highest variance ratio explained by the EVT
structures. On the other hand, Tirkiye and England have similar variance-explained

ratios.

There is growing recognition that culture has had an impact on learning and motivation
(Salili and Hoosain, 2007). As suggested by Hernandez and lyengar (2001), people
need the support of their cultures and beliefs to be motivated. Tonks et al. (2018)
discussed the ways in which cultural background and culture can be included within
the EVT model. It might be helpful to include various aspects of culture in the
“Cultural Milieu” box; for example, “individualism” and “collectivism” may be
considered broad cultural characteristics, while more specific interaction styles and
processes among parents and children could be included. For instance, Ng (2003)

argued that collectivist cultures and corresponding school practices shape Asian
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societies' perspectives on motivation. As a result of these views, parents and teachers
in Asia often believe that learning is inextricably linked to achievement and that
achievement is, at the same time, regarded as a social obligation. The author also
argues that such cultural influences place a lesser emphasis on personal interests and
enjoyment, compared with performance and achievement being significantly
influenced by external factors. A similar argument was made by Markus & Kitayama
(1991), who argued that in Asian societies, motivation tends to be derived from what
benefits others or a group, whereas, in Western cultures, people tend to have self-
interested motivations that benefit them directly. Regarding mathematics, Leung
(2001) argued that educators in the West place high value on intrinsic motivation, but
in contrast, extrinsic motivation (such as exam pressure) is considered a negative
factor (such as exam pressure), whereas extrinsic factors (such as pressure) are more
tolerated in the East Asian countries. In a way, this is one of the factors explaining
why East Asian students report a lower level of motivation despite performing
academically better than their counterparts in international comparison studies (PISA
and TIMSS). The results of this study support these arguments by showing that utility
value is significantly positive in Japan, a typical Asian country, but statistically
insignificant in England, a typical Western country. These results also align with the
literature as Zhu and Leung (2011) found that MIV has a positive effect on

achievement, but MUV has a negative effect on achievement in Western countries.

In addition, Tonks et al. (2018) discuss how a given construct (e.g. MSC) may have
different meanings for different cultures, indicating that the relationships specified in
the model may differ substantially. Therefore, in order to understand how academic
motivation functions and affects students from different cultures, it is essential to

consider the effects of cultural values, norms, and practices. In the absence of such
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consideration, we may misguide students from different cultures and motivate them in
a culturally inappropriate way. As Leung (2001) points out, such a difference in
perception might be a result of the different views on human nature held by people
from the East and the West. A proper level of pressure could well assist in directing
students’ attention and energy towards studying, since East Asians tend to believe that
humans need some form of “push” in order to learn (Leung, 2001). In contrast, in the
West, they are more likely to believe it is more important to stimulate students’ interest

to start learning.

The effect of utility value on this level of mathematics achievement in Turkiye should
be investigated further. The possible reason for this situation may be that STEM fields
offer amore prosperous life in economic and social terms and accordingly bring family
and internal pressure. For example, a study by Mullis et al. (2016) found that 82% of
Turkish parents exhibited positive attitudes toward mathematics and science among

the participants in TIMSS 2015.

On the other hand, in line with the literature (Guo et al., 2015; Nagengast et al., 2011;
Nagengast et al., 2011; Meyer et al., 2019; Trautwein et al., 2012), MSC was found to
have the highest association with mathematics achievement among the EVT factors

for all three countries in this study (for more discussion see section 7.2.2).

7.3.2. The effect of expectancy and task values interactions

One of the key contributions of this study is to test the interaction of expectancy and
task value in the EVT theoretical framework. In this context, the interaction effects of
MSC and task value were tested in this study. This study proved that the interaction
of MSC and task value has a statistically significant effect on mathematics

achievement, even at different levels and at different levels of instruction in the three
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countries (see for more detail section 5.4 in chapter 5 ). This is important because
modern EVT (Eccles et al., 1983) usually ignores the expectancy task value interaction
that was present in the original EVT (Atkinson, 1957). However, most of the studies
conducted within the framework of modern EVT are non-experimental — see
Trautwein et al. (2012) who state that non-experimental studies have two main
disadvantages in terms of identifying interaction effects; namely, (1) scores for
predictor variables are generally normally distributed, and (2) there is measurement
error in analyses based on manifest scores in the measurement of predictor and
criterion variables in non-experimental studies. This means that there is typically
insufficient statistical power to detect interaction effects unless these effects are
unusually large. However, in recent years, international large-scale assessments
programmes such as TIMSS and PISA have provided large data for researchers, and
the development of latent models and interaction analysis approaches within the
framework of SEM where measurement error is minimal, such as latent moderated

SEM and unconstrained product indicator approach have eliminated these limitations.

The interaction of MSC and MIV is analysed in model 14 and illustrated in figure 5.2.
Figure 5.2 simply revealed that a downward trend is evident in mathematics
achievement among students in England and Turkiye with low MSCs and high MIVs.
Furthermore, a high MIV has little effect on achievement for students with high MSC
in England and Turkiye. Therefore, a low MSC will not compensate for a high MIV
but will adversely affect the student's mathematics achievement. In Japan, students
with a high MSC level contribute more to mathematics achievement when their M1V
is low. Thus, higher levels of intrinsic motivation in students with high mathematics
self-concept negatively affect mathematics achievement in Japan. When all countries

are considered comparatively, MIV has a detrimental effect as the MSC level
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decreases in Turkiye and England, while the opposite is the case in Japan, where the
increase in MIV has a negative effect as the MSC level rises. In other words, the
negative effect of MIV is higher for Turkish and English students with low MSC,
while it is more for students with high MSC in Japan. The negative effect of MIV on
the interaction with MSC is also consistent with the recent literature (Meyer et al.,
2020; Trautwein et al., 2012). On the other hand, a similar picture emerges in the
impact of the MSCxMIV interaction on the educational aspirations of Tirkiye and
England (see figure 5.4). The only difference that emerges here is that for students
with high MSC, high MIV has a positive effect, not a negative in contrary to
mathematics achievement. However, in other cases, the increase in MIV in parallel
with the decrease in MSC causes a negative effect on educational aspirations. In Japan,
for students with a high MSC, a higher MIV has a negative impact on educational

aspirations.

The interaction effect of MSC and MUV was investigated in Model 15, and the
relationship with mathematics achievement in figure 5.3 and the relationship with
educational aspirations in figure 5.5 was visualised. MSC and MUV exhibited a
significant interaction effect in Japan and Turkiye, whereas the effect was insignificant
in England for mathematics achievement (see figure 5.3). An overview of figure 5.3
shows that students with higher MSCs tend to do better in mathematics regardless of
the level of MUV for Japan and Turkiye. Specifically, however, for Japan, the increase
in the MUV of students with low MSC is positively reflected in mathematics
achievement, while it is almost ineffective for students with high MSC. For Turkiye,
the opposite is the case, the increase in MUV is virtually insignificant for students with
low MSC; however, the rise in MUV for students with high MSC promotes

mathematics achievement. It was also found that the mathematics utility value and the
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mathematics self-concept had a significant interaction effect on educational aspiration
only in Turkiye (see figure 5.5). Utility value enhances students' self-concept, which

leads to a positive increase in educational aspirations.

In Chapter 5, we specifically report the results of the expectancy-value interaction
effect by country and variable. It is evident from the findings that the interaction
variable has only a very small effect on many models, and this is in line with most
literature (Guo et al., 2015; Nagengast et al., 2013; Trautwein et al., 2012); however,
what does this mean for a theoretical and practical interpretation of the interaction
effect? As a point of emphasis, it should be noted that in many models, expectancy
and task value interaction variables have a larger effect size than MUV (see section
5.4 in chapter 5). Furthermore, the interaction variable (MSCxMIV and MSCxMUV)
contributes between 1% and 15% in the explained variance ratios. It should also be
noted that there may have been a negative effect on the interaction variable due to the
high correlation between the MSC and the MIV. Therefore, as Nagengast et al. (2013)
pointed out, the results of this study should not be interpreted as indicating that
interaction terms are of no theoretical significance to EVT. On the contrary, the
presence of significant interactions indicates that the two predictor variables might be
related in a multiplicative manner (Arnold and Evans, 1979; Busemeyer and Jones,
1983), regardless of predictive power. This study provides evidence for the interaction
effect of expectancy and task value. It should be emphasised that the contribution of
the interaction variable to mathematics achievement, which is produced from the
multiplicative of these constructs (interaction), is more important than the statistical
effect size. In particular, this study revealed the positive effect of increasing students'
MSCs and MIVs on mathematics achievement. This study also justifies applying latent

interaction modelling because models with manifest variables would likely yield even
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smaller effect sizes, potentially resulting in the unjustified rejection of multiplicative

relations in error due to the small interaction effects (Meyer et al., 2020).

7.4. What is the relationship between gender mathematics achievement and
educational aspirations? Do EVT factors mediate this relationship?

The prominent results of this research question are that gender is a statistically
significant predictor of achievement in favour of female students in Japan and Turkiye,
whereas gender has no effect on mathematics achievement in England. Similarly,
mixed results were found in the literature, with some studies finding a difference in
favour of female students (Ma, 2008), while others found none (Else-Quest, 2010).
There is also a gender difference in educational aspiration in favour of female students
in all three countries, similar to the findings in the literature (Schoon and Polek, 2011).
In the relationship between gender and EVT factors, Japanese and English male
students tend to have higher MIV, MSC, and MUV than female students, which is also
in line with some literature (Eccles and Wigfield, 2002; Guo et al., 2015; Marsh et al.,
2005, 2013; Steinmayr and Spinath, 2008; Watt, 2004). A more balanced result was
found for Turkiye, with a trend in favour of boys in MSC and in favour of girls in
MUV, with no gender difference found in MIV. Considering the mediating effects of
EVT constructs between gender and achievement, these mediate in favour of male
students, especially in MSC, and reduce the gender effect in Japan and Turkiye in
terms of the total effect. Moreover, although the EVT constructs also mediate the
relationship between gender and educational aspirations in favour of male students,
the total effect for educational aspirations is still in favour of female students for all

countries (see section 6.4.2 in chapter 6 ).

In international research on gender inequality, gender stratification is a hypothesis
proposed by Else-Quest et al. (2010). It suggests that systems of wider gender
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inequality in society influence gender differences in mathematics achievement. As
Riegle-Crumb et al. (2012) points out, girls are usually aware of their gender-specific
opportunities and rely more on them to succeed. This affects their performance by
affecting how much they invest in their education. According to Else-Quest et al.
(2010) gender differences in mathematics and science achievement are systematically
correlated with wider societal gender inequalities. Typically, scientists have
historically been portrayed as men in white lab coats, shaping the image of scientists
(Eccles, 1989). Since society typically considers STEM fields to be masculine, women
can find it challenging to participate in them (Goldman and Penner, 2016). Therefore,
these cultural stereotypes of gender may cause girls to be less motivated and feel less
confident in mathematics. This is also in line with the EVT literature (Eccles, 2009;
Eccles et al., 1983), which suggest that mathematics-related motivation/beliefs are

more important for boys.

7.5. What is the relationship between home educational resources (HER),
mathematics achievement, and educational aspirations? Do EVT factors
mediate this relationship?

This research question examines the mediating effects of EVT constructs on the
relationship between HER and achievement and educational aspiration through a
mediation model. A moderated meditational model was developed to answer this
research question. The results of this model (M16) are provided in Tables 6.1, 6.2, and
6.3 in Chapter 6 and the graph showing the structural relationship is provided in

Figures 6.2, 6.3, and 6.4 for Japan, Tlrkiye, and England, respectively.

As hypothesised, HER have a significant positive relationship with maths achievement
and educational aspirations in all three countries. In addition, HER has a significant

and positive effect on all EVT structures in Japan, with MSC and MUV in Turkiye,
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and only MSC in England. The latter has a positive and significant mediating effect
on the relationship of EVT constructs with HER and mathematics achievement and
educational aspirations in all three countries. On the other hand, MIV has a negative
mediating role with HER in mathematics achievement and educational aspirations in
Japan. In addition, MUV has a small but significant mediating effect between HER
and educational aspirations in Turkiye and Japan. In parallel with the literature and as
in other models in this study, MSC is the EVT construct that has the most important
effect on both the direct relationship with and the relationship between HER and
educational aspirations, which is an indirect effect and educational outcomes (Guo et

al., 2015; Parker et al., 2012).

This study shows that MSC mediates the relationship between HER and maths
achievement in all three countries. The HER variable used as an SES indicator in this
study consists of three main components: the number of books and study supports in
the home and their parents’ education level (see section 3.2.4 chapter 3). Family
socialisation models (Eccles and Davis-Kean, 2005) have been proposed to explain
the association between HER and MSC by considering certain sociocultural factors,
such as socioeconomic status (SES), that impact motivational factors. Accordingly, it
is claimed that parents with higher educational levels and higher SES will provide
better educational experiences, set high expectations for future education paths and
career plans, and act as role models for their children. Students’ perceptions of their
parents’ expectations can play a part in determining their own expectations and task
values. This may result in students modelling, communicating expectations, and
providing differential experiences on the part of their parents. It is expected that

students with a higher level of HER tend to perform better since this increases their
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self-concept. Therefore, the expectation that positive relations with HER and

educational outcomes would be mediated by expectations (MSC) is justified.

The findings from RQ4 and RQ5 are strongly in line with EVT that claims expectancy

(MSC) and task values (MIV and MUV) predict educational outcomes and are affected

by demographic variables such as HER and gender (Eccles, 2007; Guo et al., 2015;

Brown and Putwain, 2022).

7.6. Summary

This section summarises the highlights of the discussion chapter according to the

research questions.

Research question 1

The omega and alpha indices of TIMSS 2019 found motivational structures
within acceptable ranges in Japan, Tirkiye, and England. It should be noted,
however, that negatively coded items had an adverse effect on reliability in the
omega analysis. This study concludes that omega reliability indices provide a
more consistent and accurate result than alpha for unidimensional or
multidimensional constructs, especially for constructs that include negative
items since the alpha may estimates overestimate reliability (Raykov and
Shrout, 2002).

The literature has reported negatively coded items effect, particularly in young
participants (Marsh, 1996; Michaelides, 2016). This may be related to the fact
that reading skills and comprehension are lower among young participants due
to cognitive development. Therefore, this study suggests that the error terms
of negative items in the model should be correlated to avoid such adverse
effects (Marsh et al., 2013a).
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e ESEM models performed better than CFA models regarding model fit values.
This is because ESEM allows items to be cross loaded between constructs,
which should be theoretically related (Marsh et al., 2020). ESEM enables such
theoretical relationship to be applied to the statistical model with a more

flexible approach than CFA.

Research question 2
e Motivational beliefs are highest in Turkiye and lowest in Japan. On the other
hand, Japan has the highest mean achievement score in mathematics, while
Turkiye has the lowest. These findings are "perplexing™ and "paradoxical™, but
they are consistent with those of other large-scale studies (Bofah and Hannula,
2015; Marsh et al., 2013a; Shen and Tam, 2008). The reason may be that
Japanese and Turkish students compare themselves to their classmates and
classmates around them rather than students from other countries (Shen and
Tam, 2008). As a result, they may have low academic expectations in low-
performing countries and high academic expectations in high-performing ones.
e Inline with other studies using TIMSS data, this study found a high correlation
between MIV and MSC, which may compromise discriminant validity (Bofah
and Hannula, 2015; Guo et al., 2015; Marsh et al., 2013a). There is, however,
a significant difference in the correlation of MIV and MSC with mathematics
achievement; therefore, discriminant validity is supported (Marsh et al.,
2013a). Nevertheless, multicollinearity may occur in regression analyses. This
should be considered when analysing these variables due to the high

correlation between MSC and MIV.
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Research question 3

Utility value is a stronger predictor of mathematics achievement than intrinsic
value in Japan and Turkiye. However, in England, utility value does not play
a significant role in predicting mathematics achievement. Cultural differences
might explain this result. In Asian cultures, collectivist cultures and
corresponding school practices shape motivational perspectives, whereas
performance and achievement are significantly influenced by external factors
rather than personal interests and enjoyment. Leung (2001) argues that
teachers in Western countries place a high value on intrinsic motivation, while
educators in East Asian countries place a high value on extrinsic motivation.
This study supports these arguments.

The interaction effect between MSC and task value significantly predicts
mathematics achievement. This suggests that increasing MSC and task value
values simultaneously would be beneficial rather than focusing on only one
motivational construct. Furthermore, the importance of MSC should be
emphasised, as this and relevant literature show that a low MSC combined with

a high M1V can negatively affect students' achievement (Guo et al., 2015).

Research question 4

Even though there is no statistically significant direct relationship between
gender and mathematics achievement, motivational constructs mediate this
relationship in favour of males. This study found that male students have
higher motivational beliefs than female students, which is consistent with the
literature (Guo et al., 2015; Marsh et al., 2013a; Pampaka et al., 2011; Wigfield

and Eccles, 2002). Several reasons are discussed in the literature, including the
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possibility that gender inequality in society may contribute to this (Else-Quest

etal., 2010).

Research question 5
e It has been found that HER is significantly associated with mathematics
achievement. Furthermore, mainly MSC, motivational constructs mediate the
relationship between HER and mathematics achievement. There is evidence
from the EVT (Eccles and Davis-Kean, 2005) that shows both the level of
education in the family and the home opportunities have a positive impact on
both the school achievement of the student and their self-concept and

motivation to perform well.

In this chapter, | discussed the findings from the analysis results with the relevant
literature and theory. A summary of key findings and their implications for practice
and theory are discussed in the following conclusions chapter. The chapter also

provides limitations of the study and some recommendations for future research.
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Chapter 8 Conclusion

This thesis’s main findings were discussed in the previous chapter. The main
conclusions of this study are now presented in this chapter as a result of that
discussion. As a first step in this conclusion chapter, | briefly comment on the context
of the research. Then, | describe how these objectives are accomplished in this thesis,
through a brief summarisation of the major findings (covered in more detail in Chapter
7). This is followed by limitation of the study. After that, implications for policy and
practice, and a summary of the overall contribution of this study is presented. Next, |
conclude with recommendations for future researchers interested in the relationship
between students’ educational outcomes and motivation via large-scale assessment

data. Finally, the thesis ended with the section of reflection on the thesis.

8.1. Context of the Research
The topic of interest in this thesis is the association between students’ motivation in
the framework of EVT and educational outcomes by using TIMSS 2019 data of Japan,

Turkiye, and England.

It firstly begins with the examination of psychometrics properties of TIMSS 2019
motivation constructs since, although using large-scale assessment data is common,
surprisingly little research is interested in evaluating the validity or reliability of data.
As noted in Chapter 1, my interest in this topic is to bring substantive-methodological
synergy into my research, the importance of which is emphasised by Marsh et al.
(2004) who highlight that a robust theoretical and substantive interpretation can be

achieved using appropriate methods.
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Secondly, there are discussions on the relative absence in the recent literature of
expectancy-value interaction, which has an important place in the original EVT but
not in the modern EVT. In this study, a small but significant effect of the interactive
effect was found (see chapter 5). My stance on this issue is that it is not surprising to
obtain a small effect due to the use of cross-sectional data in the study as stated by
Trautwein et al. (2012). However, | believe that direction is more important than effect

size in examining the interaction effect.

Third, the student’s background/demographic indicators play an important role in the
complex relationship between motivation and educational outcomes. Considering this
motivation, Chapter 6 examined EVT as a mediating factor between demographic
indicators and educational outcomes. In the discussion chapter, | have suggested some
possible cultural determinants of this gender gap in motivation. However, more
evidence to explain why it exists is still needed, so more research is required to identify

these factors.

8.2. Major Findings and Contributions of the Study

In summary, the thesis has answered the research questions and tested the hypotheses
outlined in Chapter 3 to achieve its aims. As a result, this thesis has contributed
significantly to the methodological issues surrounding TIMSS motivation data and
understanding of students’ motivation in relation to educational outcomes
(mathematics achievement and educational aspirations) and demographic factors

(gender and HER). These contributions are summarised below in detail:

(1) The TIMSS 2019 motivation constructs provide overall valid and reliable

measurements despite some psychometric shortcomings.
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e In each of the three countries, negatively coded items in the MSC and MIV
measures depress the omega reliability estimate and weaken the model fit
indices (RMSEA, CFI, and TLI) considered in this research). Therefore, this
detrimental effect should be controlled by allowing the correlation of the error
terms of negative items (Marsh et al., 2013; Raykov, 2001). (see section 4.3.3.1
in chapter 4)

e Confirmatory factor analysis (CFA) and exploratory structural equation
modelling (ESEM) were compared as measurement models. It was determined
that ESEM was superior to CFA based on the model fit indices (see section
4.3.3 in chapter 4).

e Since country comparisons are made in this study, measurement invariance
tests are applied. As a result, while configural and metric invariance were
achieved, scalar invariance was not. Therefore, only partial scalar invariance
was obtained by estimating the intercepts of some items free (see section
4.3.3.3 in chapter 4).

e There is a high correlation between M1V and MSC in all three countries, which
might impact on discriminant validity. However, the correlation of these
measures with mathematics achievement and educational aspiration has
different effects and thus does suggest discriminant validity (see section

4.3.4.2 in chapter 4).

(2) Expectancy-value constructs predict mathematics achievement and educational

aspirations in all three of the countries considered.

e When the task values (MIV and MUV) are considered alone (without MSC)

(model 12), MIV is a strong predictor of mathematics achievement, while
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MUV is a strong predictor of educational aspirations. However, when the
expectancy variable (MSC) is included in the model, MSC becomes by far the
strongest predictor for achievement and MIV loses its predictive effect (see

section 5.4.1 and 5.4.2 in chapter 5).

Expectancy-value interaction has a significant effect on maths achievement
and educational aspiration. Although there are some specific differences
between the three countries, in summary, a high MSC has a generally positive
effect on educational outcomes. In other words, when MSC is low, an increase
in MIV and MUV can have a detrimental effect on these outcomes (see section

5.4.1 and 5.4.2 in chapter 5).

(3) The relationship between demographic indicators (gender and HER) and

educational outcomes (mathematics achievement and educational aspirations) is

mediated by EVT structures.

It is shown that female students are more likely to have higher mathematics
achievement and educational aspirations. EVT values are higher for male
students, especially in MSC. This allows EVT factors to mediate the
relationship between gender and achievement and to close the gap in
mathematics achievement in terms of total effects. Specifically, if males and
females have equal levels of belief in EVT, female students are more likely to
do well in maths. In the big picture, however, boys have a higher belief in EVT
than girls, which results in equal maths achievement (see section 6.4 in chapter
6).

Home educational resources (HER), a proxy for socio-economic status,

positively predicts maths achievement and educational aspirations. It also has
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a strong relationship with MSC. Therefore, this study find that HER has a
direct and indirect effect on educational outcomes by promoting expectancy

beliefs (see section 6.4 in chapter 6).

8.3. Limitations of this Research

Some limitations of this study are listed below.

First, this study consists of Japanese, Turkish, and English students who
participated in the TIMSS 2019 programme. The study is limited to these three
countries in its capacity to analyse TIMSS motivational constructs from a
psychometric perspective and explain their relationship with achievement.
However, in this context, especially these three countries from different
cultures rather than countries with similar cultural characteristics were
analysed so that the psychometric characteristics of TIMSS constructs in
different cultures and the relationship between motivation and achievement of
students from different cultures could be examined.

This study analysed a cross-sectional data set, and so fundamentally is
correlational research. Structural equation modelling and regression analysis
assume causal directions, however, for causal relationships, longitudinal data
derived from controlled experiments are generally required (Nagengast et al.,
2011). An analysis of cross-sectional data can provide insight into the
associations between variables; however, the interpretation of the effect should
be treated with caution when causality is asserted. This limitation might partly
be compensated by using the theoretical framework developed based on earlier
research evidence (Guo et al., 2015; Nagengast et al., 2011; Trautwein et al.,

2012).
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In this study, we are not able take into account previous mathematics
achievements as TIMSS 2019 does not provide them. There is significant
evidence that previous achievement affects the learning outcomes of students
(Hattie, 2012). In this case, controlling for previous mathematics achievement
might have give different results.

In TIMSS, HER is used as an SES indicator. However, this SES variable is
narrowly defined and missing some arguably essential elements such as
parents’ income and occupation (Guo et al., 2015).

In this study, EVT constructs, and achievement are mathematics-specific
variables, but the educational aspirations variable focuses on the student’s
overall future educational goal with a single item. The fact that expectancies
and task values differ considerably across domains makes it necessary to
include items that assess a student's intentions regarding studying or taking up
a career related to mathematics (Eccles & Wigfield, 2002). This is because
when it comes to domains such as mathematics, a student's expectancy or task
values may be an important factor in their decision to pursue a career in that
field. Thus, it is important to assess these intentions in order to get a better
understanding of a student's motivations for studying or taking up a career
related to mathematics.

In this study, the relationship between mathematics, educational aspiration and
motivation was analysed within the scope of EVT. However, it is important to
note that EVT examines the task values in four facets: attainment value,
intrinsic value, utility value, and cost (Eccles and Wigfield, 2002). Therefore,
this is study is limited to address all of components of task values given in

EVT. Accordingly, attainment value and cost were not taken into account in
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this study since there are only structures related to intrinsic and utility value in

TIMSS 2019.

8.4. Recommendations and Implications
This section briefly proposes some possible recommendations and implications for
teachers and policy makers, TIMSS and researchers based on the findings of this study,

its limitations, and recent improvements in data availability.

8.4.1. Recommendations and Implications for teachers and policy makers

This study has practical and theoretical implications for a range of stakeholders. In
this study, it was found that EVT constructs positively affected mathematics
achievement and educational aspiration. In line with the literature, intrinsic value is a
stronger predictor of achievement than utility value in England and Japan. However,
in Turkiye, the utility value is at least as strong a predictor of achievement as the
intrinsic value. The reason for this may be related to the idea that STEM fields, such
as mathematics, provide more stable income (see Chapter 7 for a detailed discussion).
Furthermore, MSC is the strongest predictor among the EVT constructs. One of the
key contributions of this study is to investigate the effect of the interaction of
expectancy and task value, which is not used in modern EVT, on mathematics
achievement and educational aspiration. In this study, the interaction of MSC and MIV
successfully predicts mathematics achievement. Therefore, this study provides
empirical evidence that the interaction term is a critical component of EVT and

provides empirical evidence to support this claim.

In conjunction with previous research, our findings can be discussed in detail with
regard to practical applications for education. Our results suggest that both

expectations and value beliefs should be improved simultaneously, in accordance with
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the findings of Guo et al. (2015) and Meyer et al. (2020). Increasing value beliefs alone
may, however, have a detrimental effect on academic performance for these students
while maintaining low expectations beliefs. In this manner, practitioners’ attempts to
increase students’ expectancy-value by giving priority to MSC will positively affect
academic achievement. For example, an interactive teaching and learning approach
and fostering achievement motivation are among the important strategies and

methodologies to enhance student motivation (De la Fuente and Justicia, 2007).

Despite the fact that there is little evidence of gender differences in mathematics
achievement, the gender stereotypic difference between boys and girls in the
perception of expectancy and task value in mathematics remains in favour of boys.
Due to these gender differences, it is likely that girls will be underrepresented in
maths-related fields, which is an important concern as a result of these differences
(Parker et al., 2012). This may also cause female students to subconsciously consider
themselves inadequate in STEM fields, as the typical scientist portrait is drawn over a
male figure, as stated in the discussion section. Therefore, practitioners and policy
developers need to implement practices that increase the self-confidence and

motivation of female students in STEM fields.

The findings of this study indicate that SES has an impact on achievement, educational
aspirations, and motivation. In this context, the reduction of disparities between
students will have a positive effect on educational outcomes, both directly and

indirectly.

8.4.2. Recommendations and Implications for TIMSS
This section provides some recommendations and implications for TIMSS. A

substantial number of findings regarding construct validity have been found in the
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TIMSS 2019 mathematics motivation scales. Mathematics intrinsic value,
mathematics utility value, and mathematics self-concept were all moderately to
strongly correlated with each other. Motivation theories consider three constructs
different in line with the multidimensional conceptualisation of academic motivation
(Eccles et al., 1983; Raci and Dyan, 1987). In this study, the strongest relationships
were found between MSC and M1V, which is consistent with the findings reported by
Marsh et al. (2013a). The high correlation between motivation constructs may seem
to threaten construct validity; however, it is critical to note that the significantly
different correlation between mathematics achievement and motivation constructs is
evidence that construct validity is present. Nevertheless, this high correlation can
potentially lead to multicollinearity in regression analyses. Therefore, the results of
this study suggest that it would be helpful for the TIMSS team to revisit the items
causing this high correlation and to revise these constructs. This high correlation may
also be attributed to the lack of a theoretical framework in the construction of TIMSS
motivational constructs. Therefore, TIMSS constructs may be improved with a more

explicit theoretical framework, which may reduce their high correlation.

As another possible implication of this study, future revisions of TIMSS background
questionnaires may reconsider the use of negatively stated items. The results of this
study indicate that negatively coded items have a significant impact on model fit
parameters. In this study, the degree of model fit is significantly reduced when the
negative item effect is not controlled, which was accomplished by correlating the error
terms. The use of positive statements is an alternative to using negative statements;
however, the intended benefit of reducing response sets would be lost if the statements
were reworded to use positive statements (Michaelides, 2019). As another option, they

could be kept in the instrument, but instead of counting them for scoring purposes,
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they could just be retained for the instrument’s purposes (Marsh, 1996). In other
words, negatively worded items can be kept in the instruments because they can lead
to more thoughtful responses from the participants, which can help to reduce the
chance of them responding in an acquiescent manner. In order to prevent problems
with model fit, negatively worded items can be removed before scoring. At the very
least, TIMSS should consider this situation's detrimental impact when converting

constructs with negative items into manifest scores.

In the TIMSS 2019 assessment, the variable HER is used as a student socioeconomic
indicator. This data includes the educational levels of parents and the number of books
in the home. This can be considered a narrow definition of the SES indicator (Guo et
al., 2015). Therefore, if the TIMSS committee were to provide additional information
about the family’s occupation and income for this variable used as an SES indicator,
it would make it a more comprehensive indicator. Furthermore, as mentioned in
Chapter 2, even though self-determination theory and self-concept theories are
referred to in the construction of TIMSS motivational constructs, the theoretical
frameworks of these constructs are not clearly stated. | believe that a review of these
constructs in TIMSS in a clearer theoretical framework will contribute positively to
the validity and reliability of the motivational constructs in terms of theory and for

researchers to adapt these constructs to their own studies.

There is a need to develop items that will assess students’ intention to study or pursue
a career related to maths, as both expectancy and task values are highly domain
specific (Eccles and Wigfield, 2002). It is important to note that the EVT examines
the task values in four facets: attainment value, intrinsic value, utility value, and cost

(Eccles and Wigfield, 2002). However, attainment value and cost were not considered
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in this study since there are only structures related to intrinsic and utility value in

TIMSS 2019.

8.4.3. Recommendations for researchers

This study uses structural equation modelling (SEM) as a statistical analysis technique.
It would be helpful for the investigation to experiment with different alternative
statistical approaches that address relatively recent issues (e.g., Rash modelling or
multilevel modelling). In this context, it should be reminded that the SEM method has
many advantages over the traditional regression method, such as reducing
measurement error and negative item effect. As mentioned in the previous section,
negative items have a significant effect on model fit and model parameters. Therefore,
this study encourages researchers to use latent variable models to reduce the effect of

these negative items.

As stated in Section 8.4, this study used cross-sectional data. Future studies could
replicate this study with longitudinal data with a suitable data set. In this way, a more
robust conclusion about interaction effects would be obtained. In addition, in this
study, only two subcomponents of task value, intrinsic and utility, have been invented.
Future studies may investigate other components of task value (attainment value and

cost) where the data are available.

In this study, gender and socioeconomic factors as background/demographic variables
are applied. In future studies, research with different variables that may have a direct
effect on the motivation and achievement of the student, such as the expectations of
the family and the teacher, will contribute to understanding this complex relationship

among students’ motivation and educational outcomes and demographic factors.
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This study is limited to Tirkiye, Japan, and England. Therefore, this study could be
repeated with different countries participating in TIMSS in order to evaluate TIMSS
2019 data in terms of validity and reliability and to improve the effect of motivational
structures in different educational systems and cultures in both theoretical and

practical terms.

8.6. Reflections on the thesis
After a long and tiring but instructive PhD process, | am the final steps away from
finishing my thesis. The purpose of this section is to share my personal experiences

regarding my PhD journey and the process of writing my thesis.

The scope of my thesis has significantly changed from what | envisioned at the
beginning and what it has become as it has been finalised. Along the way, I
encountered various challenges, such as finding the right sources, understanding the
technical aspects of my thesis, and dealing with the complexity of research. | had to
adjust my scope multiple times to ensure that | was addressing the most relevant topics.
My doctoral studies were initially intended to examine the school, class and
motivational factors influencing students’ mathematics achievement from a broader
perspective; however, this idea evolved into a more specific investigation of the
relationship between motivation and achievement, guided by my supervisors and the
literature. There were several factors that played a significant role in this
transformation, including the articles I read in the literature and their methodology. In
my initial observations, | observed that studies addressing the factors affecting success
from a broader perspective generally used single or multilevel regression models
based on manifest scores. Comparatively, | have observed that specialised methods,

such as the SEM method, are more effective in studies that focus on a narrower topic,
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such as the present study. This is because the SEM method can provide more accurate
results due to its ability to account for the complex relationships between variables.
Furthermore, the SEM method allows for the inclusion of latent variables, which can
help to provide a more comprehensive analysis of the data. The articles and studies
that I read in the literature influenced my decision during this critical stage of the
process. Specifically, Herbert Marsh's studies on motivation, self-concept, and EVT
were influential in shaping my thesis which interested in both theoretical and
substantive aspects of these constructs and the psychometric properties of the

constructs used to measure them.

The theoretical background of the thesis developed in parallel with the clarification of
its purpose and scope. Expectancy-value theory (EVT) and self-determination theory
(SDT) theories are prominent in studies of student motivation. EVT and SDT provide
insight into the factors that influence students' motivation and engagement, and they
help to explain why students may have different levels of motivation. These theories
have been used to explain how students' perceptions of their environment and their
goals can impact their motivation levels. Even though both theories explain the
relationship between motivation and achievement in many similar ways, some
differences also exist between the two theories. The study's theoretical background
was determined by these differences. In my research, EVT theories have a more
appropriate structure regarding the variables in the research and the study's objectives.
Furthermore, EVT more accurately reflects how different variables interact with each
other, allowing for a more comprehensive understanding of the effects of motivation
on students' academic performance. Ultimately, we determined that the study should
be based on the EVT theory in light of the literature, as the EVT theory incorporates

not only the motivational structures (intrinsic value and utility value) but also the self-
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concept (expectancy of success) structure in relation to achievement, and the direction
in which this connection is oriented. It should be noted that the adapted theory was not
selected because it was superior to other theories but rather because it was more

appropriate for the purposes and scope of the research.

One of the most challenging aspects of the thesis writing process was developing a
methodology and analysing the data. This thesis used a secondary dataset. Despite its
many advantages, it also has some disadvantages. Perhaps the greatest advantage of
secondary data is that the process of collecting the data is carried out on your behalf
by a professional organization that uses proficient methodologies. There are, however,
a number of disadvantages to this, such as not being able to specify a framework for
surveys or questionnaires. There might be some limitations to the theoretical
construction and conceptualization of questionnaire structures because the content was
determined by someone else. On the other hand, the study consists of data from three
different countries from a large number of students. This means it is unlikely that a

doctoral student will be reached individually.

The complex data structure used in TIMSS as well as the complexity of the SEM
analysis method, has been challenging for someone like me who does not have a
background in advanced statistical methods. This process required me to participate
in training in statistics and quantitative research methods from numerous institutions,
including the University of Manchester, the University of Nottingham, and the
International Association for the Evaluation of Educational Achievement (IEA). | was
especially encouraged to pursue these courses by my supervisor, Matt. After the
training, | started to analyse the classical measuring model used in the SEM method

with CFA. After performing a more in-depth analysis, | realised that the ESEM model
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might be superior in such cases in terms of flexibility, accuracy, and overall capability
compared to the classical CFA model. Additionally, the ESEM model was able to
accommodate more complex research questions, allowing me to explore my research
topic on a deeper level. Following the primary analysis method (SEM), | added a new
research question to my thesis, aiming to contribute to the comparison of CFA and
ESEM in a more advanced measurement model in the current literature. By
introducing a more complex and realistic measurement model, | sought to provide a

more nuanced comparison of CFA and ESEM.

The present thesis is the outcome of this process. My academic identity and interests

were discovered during this journey, which was rewarding and instructive.
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Bar chart of the responses to the
Mathematics Intrinsic Motivation (MIV)
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Bar chart of the responses to the
Mathematics Self-Concept (MSC) scale
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Histogram graph of home educational resources (HER)

Distribution of home educational resources (HER) (Japan)
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Histogram graph of mathematics achievement (pv1) score

Distribution of mathematics achievement scare (pvl} (apan)
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Appendix 3

The appendix includes the Mplus syntaxes corresponding to the analysis presented in

chapter 4.

Model 1

TITLE: Total CFA (Model 1);
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIVV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 CNTCLS;

CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT,
MISSING ARE ALL(-999);

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;

MODEL: MIV by MIV1* MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8
MIV9;

MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7,

MUV by MUV1* MUV2 MUV3 MUV4 MUV5 MUV6 MUV7;

MIV@1; MSC@1; MUV@1,

OUTPUT: SAMPSTAT MODINDICES STDYX;
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Model 2

TITLE: Total CFA with correlated uniqueness;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 CNTCLS;

CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT,
MISSING ARE ALL(-999);

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;

MODEL: MIV by MIV1* MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7
MIV8 MIVY;

MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7,

MUV by MUV1* MUV2 MUV3 MUV4 MUV5 MUV6 MUV7,

MIV@1; MSC@1; MUV@1;

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCNY7 ;

OUTPUT: SAMPSTAT MODINDICES STDYX;
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Model 3

TITLE: ESEM;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 CNTCLS;

CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT,
MISSING ARE ALL(-999);

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;

ANALYSIS: TYPE IS COMPLEX;

ESTIMATOR = MLR;

ROTATION = TARGET;

I The factors are defined with main loadings from their respective items

I'In addition to these main loadings, all other cross-loadings are estimated but
targeted

I to be as close to 0 as possible (~0)

I Factors forming a single set of ESEM factors (with cross-loadings between factors)
I are indicated by using the same label in parenthesis after * (*1)

MODEL:  MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIVS
MIV9
MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0 MUV6~0
MUV7~0 (*1);
MSC by MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN?7 ;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0 MIV7~0 MIV8~0
MIV9~0 (*1) ;
OUTPUT: SAMPSTAT SVALUES TECH4 STDYX;
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Model 4

TITLE: ESEM with CU;

DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;

VARIABLE:

NAMES ARE ITSEX HER_SCL EDU_ASP

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 CNTCLS;

CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT,
MISSING ARE ALL(-999);

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;

ANALYSIS: TYPE IS COMPLEX;

ESTIMATOR = MLR;

ROTATION = TARGET,

I The factors are defined with main loadings from their respective items

I In addition to these main loadings, all other cross-loadings are estimated but

targeted

I'to be as close to 0 as possible (~0)
I Factors forming a single set of ESEM factors (with cross-loadings between factors)
I are indicated by using the same label in parenthesis after * (*1)

MODEL.:

MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIVS
MIV9

MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0 MUV6~0
MUV7~0 (*1);

MSC by MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN?7 ;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7

MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0 MIV7~0 MIV8~0
MIVO~0 (*1) ;

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCNY7 ;

OUTPUT: SAMPSTAT SVALUES TECH4 STDYX;
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Model 5

TITLE: CFA configural invariance;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MuUVv1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
CNTCLS;

CLUSTER IS CNTCLS;

WEIGHT IS HOUWGT,

GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);

ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR,;
model = configural;

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
MODEL: MIV by MIV1* MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8
MIV9;

MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7,

MUV by MUV1* MUV2 MUV3 MUV4 MUV5 MUV6 MUV,
MIV@1; MSC@1;, MUV@1,

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCNY7 ;

OUTPUT: SAMPSTAT STDYX;
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Model 6

TITLE: CFA metric invariance;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MuUVv1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
CNTCLS;

CLUSTER IS CNTCLS;

WEIGHT IS HOUWGT;

GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);

ANALYSIS: TYPE IS COMPLEX:
ESTIMATOR = MLR;
model = METRIC;

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
MODEL: MIV by MIV1* MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8
MIV9;
MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT7,
MUV by MUV1* MUV2 MUV3 MUV4 MUV5 MUV6 MUVT7;
MIV@1; MSC@1; MUV@1;

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 ;

OUTPUT: SAMPSTAT STDYX;
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Model 7

TITLE: ESEM configural inv;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MuUVv1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
CNTCLS;

CLUSTER IS CNTCLS;

WEIGHT IS HOUWGT,

GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);

ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR,;
ROTATION = TARGET;
model = configural;

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
I The factors are defined with main loadings from their respective items
I' In addition to these main loadings, all other cross-loadings are estimated but targeted
I to be as close to 0 as possible (~0)
I Factors forming a single set of ESEM factors (with cross-loadings between factors)
I are indicated by using the same label in parenthesis after * (*1)
MODEL: MIV by MIV1MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8  MIV9
MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0 MUV6~0
MUV7~0 (*1);
MSC by MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7 ;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0 MIV7~0
MIV8~0 MIV9~0 (*1);

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVNZ MIVN3 MSCN2 MSCN3 MSCN7;

OUTPUT: SAMPSTAT STDYX;
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Model 8

TITLE: ESEM metric inv;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MuUVv1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
CNTCLS;

CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT;
GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);
ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;
ROTATION = TARGET;
model = metric;
DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
I The factors are defined with main loadings from their respective items
I In addition to these main loadings, all other cross-loadings are estimated but targeted
I 'to be as close to 0 as possible (~0)
I Factors forming a single set of ESEM factors (with cross-loadings between factors)
I are indicated by using the same label in parenthesis after * (*1)

MODEL:  MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIVS
MIV9 MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5-0
MUV6~0 MUV7~0 (*1);

MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNY7 ;

MSC@1;

MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0
MIV7~0 MIV8~0 MIV9~0 (*1);

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCN?7 ;

OUTPUT: SAMPSTAT STDYX;
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Model 9

TITLE: ESEM scalar inv;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MuUVv1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
CNTCLS;

CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT,
GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);
ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;
ROTATION = TARGET,
model = scalar;

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;

I The factors are defined with main loadings from their respective items

I' In addition to these main loadings, all other cross-loadings are estimated but targeted
I to be as close to 0 as possible (~0)

I Factors forming a single set of ESEM factors (with cross-loadings between factors)
I are indicated by using the same label in parenthesis after * (*1)

MODEL:  MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIVS
MIV9 MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0
MUV6~0 MUV7~0 (*1);
MSC by MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT7;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0
MIV7~0 MIV8~0 MIV9~0 (*1);

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCNY7,
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Model 10

TITLE: ESEM partial scalar;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MuUVv1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
CNTCLS;

CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT;
GROUPING IS IDCNTRY ( 392=Japan 792=T{rkiye 926=England);
MISSING ARE ALL(-999);
ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;
ROTATION = TARGET,
model = scalar;
DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
I The factors are defined with main loadings from their respective items
I In addition to these main loadings, all other cross-loadings are estimated but targeted
I 'to be as close to 0 as possible (~0)
I Factors forming a single set of ESEM factors (with cross-loadings between factors)
I are indicated by using the same label in parenthesis after * (*1)

MODEL:  MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIVS
MIV9 MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0
MUV6~0 MUV7~0 (*1);
MSC by MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN?7 :
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0
MIV7~0 MIV8~0 MIV9~0 (*1);
MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 ;

I freely estimate intercepts of below selected items
[MIVN2 MIVN3 MIV6 MIV9]; [MSC1 MSC5 MSCN7]; [muv2 MUV6];
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Model 11

TITLE: ESEM MIMIC model,
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

ITSEX HER_SCL EDU_ASP

MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9

MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MUV1 MUV2 MUV3 MUV4 MUV5 MUV6E MUV7 MAT_ACH CNTCLS;

CLUSTER IS CNTCLS;

WEIGHT IS HOUWGT,

GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);

ANALYSIS: TYPE IS COMPLEX;

ESTIMATOR = MLR,;

ROTATION = TARGET;

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;

MODEL:  MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8
MIV9 MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5-~0
MUV6~0 MUV7~0 (*1);
MSC by MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT7;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0
MIV7~0 MIV8~0 MIV9~0 (*1);

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCN7,;

[MIVN2 MIVN3 MIV6 MIV9]; [MSC1 MSC5 MSCN7]; [muv2 MUVS];
MIV MSC MUV, ITSEX HER_SCL EDU_ASP MAT_ACH with
MIV MSC MUV, ITSEX HER_SCL EDU_ASP MAT_ACH;

OUTPUT: SAMPSTAT SVALUES TECH4 STDYX;
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Appendix 4

The appendix includes the Mplus syntaxes corresponding to the analysis presented in
chapter 5.

Model 12

TITLE: ESEM task values;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6E MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are
EDU_ASP MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6E MUV7 MAT_ACH CNTCLS;

CLUSTER IS CNTCLS;

WEIGHT IS HOUWGT,

GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);

ANALYSIS: TYPE IS COMPLEX;

ESTIMATOR = MLR;

ROTATION = TARGET;

DEFINE: CNTCLS = (IDCNTRY*1000000) + IDCLASS:

MODEL:MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIVS MIV9
MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0 MUV6~0 MUV7~0 (*1);
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 MIV1~0
MIVN2-0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0 MIV7~0 MIV8~0
MIV9~0 (*1);

MIVN2 MIVN3 WITH MIVN2 MIVN3 ;

[MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9];
[MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUVT];
[MIV@0]; [MUV@O];

EDU_ASP ON MIV MUV,

MAT_ACH ON MIV MUV;

OUTPUT: SAMPSTAT Svalues TECH4 STDY X;
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Model 13

TITLE: ESEM task value+expectancy;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;

usevariables are

EDU_ASP MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7

MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 MAT_ACH CNTCLS;

CLUSTER IS CNTCLS;

WEIGHT IS HOUWGT,

GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);

ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;
ROTATION = TARGET;
DEFINE:  CNTCLS = (IDCNTRY*1000000)+IDCLASS;
MODEL: MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0 MUV6~0 MUV7~0 (*1);
MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7 ;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0 MIV7~0 MIV8~0
MIVO~0 (*1);

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 ; MSC@1,

[MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9Y];
[MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT];

[MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUVT],
[MIV@0]; [MSC@0]; [MUV@O];

EDU_ASP ON MIV MUV MSC ;

MAT_ACH ON MIV MUV MSC ;

OUTPUT: SAMPSTAT Svalues TECH4 STDYX;
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Model 14
TITLE: ESEM mscxmiv interaction;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;
usevariables are
EDU_ASP MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 MAT_ACH
CNTCLS
S1XI7 S2X14 S3XI5 S4X19 S6X11 S7XI3 S8XI6;

CLUSTER IS CNTCLS;

WEIGHT IS HOUWGT,

GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);

ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;
ROTATION = TARGET ;

DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
I here we centered the items to create interaction term
if (identry eq 392) then cmivl = miv1-2.624;
if (identry eq 392) then cmiv3 = mivn3-2.748;
if (identry eq 392) then cmiv4 = miv4-2.481;
if (idcntry eq 392) then cmiv5 = miv5-2.388;
if (identry eq 392) then cmivé = miv6-2.129;
if (identry eq 392) then cmiv7 = miv7-2.624;
if (idcntry eq 392) then cmiv9 = miv9-2.206;
if (identry eq 392) then cmscl = msc1-2.109;
if (identry eq 392) then cmsc2 = mscn2-2.485;
if (identry eq 392) then cmsc3 = mscn3-2.214;
if (idcentry eq 392) then cmsc4 = msc4-2.338;
if (identry eq 392) then cmsch = msc5-1.928;
if (idcntry eq 392) then cmsc6 = msc6-1.884;
if (idcentry eq 392) then cmsc7 = mscn7-2.419;
if (identry eq 792) then cmivl = miv1-3.300;
if (idcntry eq 792) then cmiv3 = mivn3-2.764;
if (idcentry eq 792) then cmiv4 = miv4-3.195;
if (identry eq 792) then cmiv5 = miv5-3.148;
if (idcntry eq 792) then cmiv6 = miv6-2.953;
if (idcentry eq 792) then cmiv7 = miv7-2.951;
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if (identry eq 792) then cmiv9 = miv9-2.740;

if (idcntry eq 792) then cmscl = mscl1-2.845;

if (idcntry eq 792) then cmsc2 = mscn2-2.662;

if (identry eq 792) then cmsc3 = mscn3-2.655;

if (idcntry eq 792) then cmsc4 = msc4-2.893;

if (idcentry eq 792) then cmsch = msc5-2.421;

if (identry eq 792) then cmsc6 = msc6-2.652;

if (identry eq 792) then cmsc7 = mscn7-2.324;

if (idcntry eq 926) then cmivl = miv1-2.798;

if (identry eq 926) then cmiv3 = mivn3-2.320;

if (idcntry eq 926) then cmiv4 = miv4-2.731;

if (idcntry eq 926) then cmivb = miv5-2.681;

if (identry eq 926) then cmivé = miv6-2.284;

if (idcntry eq 926) then cmiv7 = miv7-2.502;

if (idcntry eq 926) then cmiv9 = miv9-2.144;

if (idcentry eq 926) then cmscl = mscl1-3.027;

if (idcntry eq 926) then cmsc2 = mscn2-2.662;

if (idcentry eq 926) then cmsc3 = mscn3-2.417;

if (idcentry eq 926) then cmscd = msc4-2.739;

if (identry eq 926) then cmsch = msc5-2.636;

if (idcentry eq 926) then cmsc6 = msc6-2.581;

if (idcntry eq 926) then cmsc7 = msen7-2.797;

S1XI7 = CMSC1*CMIVT,;

S2Xl14 = CMSC2*CMIV4;

S3XI5 = CMSC3*CMIVS5;

S4X19 = CMSC4*CMIV9;

S5XI11 = CMSC5*CMIV1;

S6XI3 = CMSC6*CMIV3;

S7X16 = CMSC7*CMIV6;

MODEL: MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0 MUV6~0 MUV7~0 (*1);
MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT7 ;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MIV1~0 MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0 MIV7~0
MIV8~0 MIV9~0 (*1);
SCXIV BY S1XI7* S2X14 S3X15 S4X19 S5X11 S6XI13 S7XI6;
MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCNY;

miv with msc (1);

miv with muv;

muv with msc;

MSC@1; SCXIV@1;

[MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9];

[MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT];

[MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUVT];

[S1X17 S2X14 S3XI5 S4X19 S5XI11 S6XI13 S7XI6];

[MIV@Q]; [MSC@0]; [MUV@O0]; [SCXIV](1);

EDU_ASP ON MIV MSC MUV SCXIV;

MAT_ACH ON MIV MSC MUV SCXI1V;

OUTPUT: SAMPSTAT Svalues TECH4 STDY X;
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Model 15
TITLE: ESEM mscxmuv interaction;
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplus
results/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;
usevariables are
EDU_ASP MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 MAT_ACH CNTCLS
S1XU2 S2XU1 S3XU3 S4XU6 S5XU5 S6XU4 S7TXU7,
CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT;
GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);
ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;
ROTATION = TARGET;
DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
if (identry eq 392) then cmscl = mscl1-2.109;
if (identry eq 392) then cmsc2 = mscn2-2.485;
if (idcentry eq 392) then cmsc3 = mscn3-2.214;
if (identry eq 392) then cmsc4 = msc4-2.338;
if (identry eq 392) then cmsc5 = msc5-1.928;
if (identry eq 392) then cmsc6 = msc6-1.884;
if (identry eq 392) then cmsc7 = mscn7-2.419;
if (identry eq 392) then cmuvl = muv1-2.910;
if (identry eq 392) then cmuv2 = muv2-2.801;
if (identry eq 392) then cmuv3 = muv3-2.913;
if (identry eq 392) then cmuv4 = muv4-2.736;
if (identry eq 392) then cmuv5 = muv5-2.906;
if (identry eq 392) then cmuv6 = muv6-2.648;
if (identry eq 392) then cmuv7 = muv7-3.328;
if (idcntry eq 792) then cmscl = mscl1-2.845;
if (idcentry eq 792) then cmsc2 = mscn2-2.662;
if (identry eq 792) then cmsc3 = mscn3-2.655;
if (idcntry eq 792) then cmsc4 = msc4-2.893;
if (idcentry eq 792) then cmsch = msc5-2.421;
if (identry eq 792) then cmsc6 = msc6-2.652;
if (identry eq 792) then cmsc7 = mscn7-2.324;
if (identry eq 792) then cmuvl = muv1-3.194;
if (identry eq 792) then cmuv2 = muv2-2.997;
if (identry eq 792) then cmuv3 = muv3-3.322;
if (idcentry eq 792) then cmuv4 = muv4-2.331;
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if (identry eq 792) then cmuv5 = muv5-3.415;
if (idcntry eq 792) then cmuv6 = muv6-3.604;
if (idcentry eq 792) then cmuv7 = muv7-3.620;
if (identry eq 926) then cmscl = mscl-3.027;
if (idcntry eq 926) then cmsc2 = mscn2-2.662;
if (idcentry eq 926) then cmsc3 = msen3-2.417;
if (identry eq 926) then cmsc4 = msc4-2.739;
if (idcntry eq 926) then cmsc5 = msc5-2.636;
if (idcntry eq 926) then cmsc6 = msc6-2.581;
if (idcentry eq 926) then cmsc7 = msen7-2.797;
if (idcntry eq 926) then cmuvl = muv1-3.133;
if (idcentry eq 926) then cmuv2 = muv2-3.148;
if (identry eq 926) then cmuv3 = muv3-3.226;
if (identry eq 926) then cmuv4 = muv4-3.111;
if (identry eq 926) then cmuv5 = muv5-3.420;
if (identry eq 926) then cmuv6 = muv6-3.565;
if (identry eq 926) then cmuv?7 = muv7-3.557;
S1XU2 = CMSC1*CMUV?2;

S2XU1l = CMSC2*CMUV1;

S3XU3 = CMSC3*CMUV3;

S4XU6 = CMSC4*CMUVE6;

S5XU5 = CMSC5*CMUV5;

S6XU4 = CMSC6*CMUV4;

S7XU7 = CMSC7*CMUVT;

MODEL:MIV by MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIVV8 MIV9
MUV1~0 MUV2~0 MUV3~0 MUV4~0 MUV5~0 MUV6~0 MUV7~0 (*1);
MSC by MSC1* MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN?7 ;
MUV by MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 MIV1~0
MIVN2~0 MIVN3~0 MIV4~0 MIV5~0 MIV6~0 MIV7~0 MIV8~0

MIV9~0 (*1);
SCXUV BY S1XU2* S2XU1 S3XU3 S4XU6 S5XU5 S6XU4 S7TXU7,;
MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 ;
miv with muv;
muv with msc;
muv with msc (2);
EDU_ASP WITH MAT_ACH,;
MSC@1; SCXUV@1;
[MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9];
[MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT7];
[MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUVT];
[S1XU2 S2XU1 S3XU3 S4XU6 S5XU5 S6XU4 STXUT];
[MIV@0]; [MSC@0]; [MUV@O0]; [SCXUV](2);
EDU_ASP ON MIV MSC MUV SCXUV;
MAT_ACH ON MIV MSC MUV SCXUV;,

OUTPUT: SAMPSTAT Svalues TECH4 STDYX;
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Appendix 5

The appendix includes the Mplus syntax corresponding to the analysis presented in
chapter 6.

Model 16

TITLE: ESEM mediation model,
DATA: FILE IS
"/Users/tevfikcankarabiyik/Desktop/tez/Mplusresults/imputation/timss19pv_list.dat";
TYPE=IMPUTATION;
VARIABLE:
NAMES ARE ITSEX HER_SCL EDU_ASP
MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9
MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7
MAT_ACH IDCLASS HOUWGT IDCNTRY;
usevariables are
ITSEXHER_SCL EDU_ASP MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7
MIV8 MIV9 MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCN7
MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUV7 MAT_ACH
CNTCLS S1XI17 S2X14 S3XI5 S4XI9 S5XI11 S6XI3 S7X16
S1XU2 S2XU1 S3XU3 S4XU6 S5XU5 S6XU4 S7TXU7,;
CLUSTER IS CNTCLS;
WEIGHT IS HOUWGT,
GROUPING IS IDCNTRY ( 392=Japan 792=Tlrkiye 926=England);
MISSING ARE ALL(-999);
ANALYSIS: TYPE IS COMPLEX;
ESTIMATOR = MLR;
H1ITERATIONS=20000;
ITERATIONS=100000;
DEFINE: CNTCLS = (IDCNTRY*1000000)+IDCLASS;
if (idcentry eq 392) then cmivl = miv1-2.624;
if (identry eq 392) then cmiv3 = mivn3-2.748;
if (idcntry eq 392) then cmiv4 = miv4-2.481;
if (idcentry eq 392) then cmiv5 = miv5-2.388;
if (identry eq 392) then cmiv6 = miv6-2.129;
if (idcntry eq 392) then cmiv7 = miv7-2.624;
if (idcentry eq 392) then cmiv9 = miv9-2.206;
if (identry eq 392) then cmscl = msc1-2.109;
if (identry eq 392) then cmsc2 = mscn2-2.485;
if (idcentry eq 392) then cmsc3 = mscn3-2.214;
if (identry eq 392) then cmsc4 = msc4-2.338;
if (identry eq 392) then cmsc5 = msc5-1.928;
if (idcentry eq 392) then cmsc6 = msc6-1.884;
if (idcentry eq 392) then cmsc7 = mscn7-2.419;
if (identry eq 392) then cmuvl = muv1-2.910;
if (identry eq 392) then cmuv2 = muv2-2.801;
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if (identry eq 392) then cmuv3 = muv3-2.913;
if (idcntry eq 392) then cmuv4 = muv4-2.736;
if (idcentry eq 392) then cmuv5 = muv5-2.906;
if (identry eq 392) then cmuv6 = muv6-2.648;
if (identry eq 392) then cmuv7 = muv7-3.328;
if (identry eq 792) then cmivl = miv1-3.300;
if (identry eq 792) then cmiv3 = mivn3-2.764;
if (idcntry eq 792) then cmiv4 = miv4-3.195;
if (idcentry eq 792) then cmiv5 = miv5-3.148;
if (identry eq 792) then cmivé = miv6-2.953;
if (identry eq 792) then cmiv7 = miv7-2.951;
if (idcentry eq 792) then cmiv9 = miv9-2.740;
if (identry eq 792) then cmscl = mscl-2.845;
if (identry eq 792) then cmsc2 = mscn2-2.662;
if (identry eq 792) then cmsc3 = mscn3-2.655;
if (identry eq 792) then cmscd = msc4-2.893;
if (identry eq 792) then cmsc5 = msc5-2.421;
if (idcntry eq 792) then cmsc6 = msc6-2.652;
if (identry eq 792) then cmsc7 = mscn7-2.324;
if (identry eq 792) then cmuvl = muv1-3.194;
if (idcntry eq 792) then cmuv2 = muv2-2.997;
if (idcentry eq 792) then cmuv3 = muv3-3.322;
if (identry eq 792) then cmuv4 = muv4-2.331;
if (identry eq 792) then cmuv5 = muv5-3.415;
if (idcentry eq 792) then cmuv6 = muv6-3.604;
if (identry eq 792) then cmuv7 = muv7-3.620;
if (idcntry eq 926) then cmivl = miv1-2.798;
if (idcentry eq 926) then cmiv3 = mivn3-2.320;
if (identry eq 926) then cmiv4 = miv4-2.731;
if (idcntry eq 926) then cmiv5 = miv5-2.681;
if (idcntry eq 926) then cmiv6 = miv6-2.284;
if (identry eq 926) then cmiv7 = miv7-2.502;
if (identry eq 926) then cmiv9 = miv9-2.144;
if (identry eq 926) then cmscl = mscl1-3.027;
if (identry eq 926) then cmsc2 = mscn2-2.662;
if (identry eq 926) then cmsc3 = mscn3-2.417,
if (idcntry eq 926) then cmsc4 = msc4-2.739;
if (idcentry eq 926) then cmsch = msc5-2.636;
if (identry eq 926) then cmsc6 = msc6-2.581;
if (identry eq 926) then cmsc7 = mscn7-2.797,;
if (idcentry eq 926) then cmuvl = muv1-3.133;
if (identry eq 926) then cmuv2 = muv2-3.148;
if (idcntry eq 926) then cmuv3 = muv3-3.226;
if (idcentry eq 926) then cmuv4 = muv4-3.111;
if (identry eq 926) then cmuv5 = muv5-3.420;
if (idcntry eq 926) then cmuv6 = muv6-3.565;
if (idcentry eq 926) then cmuv7 = muv7-3.557;

S1XI7 = CMSC1*CMIVT,;
S2X14 = CMSC2*CMIV4;
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S3XI5 = CMSC3*CMIV5;
S4X19 = CMSC4*CMIV9;
S5X11 = CMSC5*CMIV1;
S6X13 = CMSC6*CMIV3;
S7X16 = CMSC7*CMIV6;
S1XU2 = CMSC1*CMUV?Z,;
S2XU1 = CMSC2*CMUV1,
S3XU3 = CMSC3*CMUV3;
S4XU6 = CMSC4*CMUVE;
S5XU5 = CMSC5*CMUV5;
S6XU4 = CMSC6*CMUV4,
S7XU7 = CMSC7*CMUVY,

MODEL: miv BY miv1*0.765 ;
miv BY mivn2*0.514 ;
miv BY mivn3*0.608 ;
miv BY miv4*0.569;
miv BY miv5@0.909 ;
miv BY miv6*0.676 ;
miv BY miv7*0.819 ;
miv BY miv8*0.739 ;
miv BY miv9*0.933 ;
miv BY muv1*0.157;
miv BY muv2*-0.098;
miv BY muv4*-0.010;
miv BY muv6*0.001;
miv BY muv7@-0.074;
miv BY muv8*-0.076;
miv BY muv9*-0.023;
msc BY msc1*0.682 ;
msc BY mscn2*0.506 ;
msc BY mscn3*0.732 ;
msc BY msc4*0.673 ;
msc BY msc5@0.721 ;
msc BY msc6*0.517 ;
msc BY mscn7*0.625 ;
muv BY muv1*0.485 ;
muv BY muv2*0.491 ;
muv BY muv3*0.630 ;
muv BY muv4@0.729 ;
muv BY muv5*0.696 ;
muv BY muv6*0.456 ;
muv BY muv7*0.524 ;
muv BY miv1*-0.023;
muv BY mivn2*0.144;
muv BY mivn3*0.042;
muv BY miv4*0.098;
muv BY miv5*-0.050;
muv BY miv6*0.016;
muv BY miv7*-0.020;
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muv BY miv8@-0.002;
muv BY miv9*-0.066;

SCXIV BY S1XI17*0.617,
SCXIV BY S2X14*0.447;
SCXIV BY S3XI5@0.724;
SCXIV BY S4X19*0.645;
SCXIV BY S5X11*0.613;
SCXIV BY S6XI13*0.443;
SCXIV BY S7X16*0.551,

SCXUV BY S1XU2*0.438;
SCXUV BY S2XU1*0.330;
SCXUV BY S3XU3*0.468;
SCXUV BY S4XU6*0.314;
SCXUV BY S5XU5@0.497;
SCXUV BY S6XU4*0.465;
SCXUV BY S7XU7*0.3009;

miv with msc (1);

miv with muv ;

muv with msc (2);
edu_asp with mat_ach;
itsex with her_scl;

msc with SCXIV SCXUV;,
miv with SCXIV;

muv with SCXUV;

MIVN2 MIVN3 MSCN2 MSCN3 MSCN7 WITH
MIVNZ MIVN3 MSCN2 MSCN3 MSCN7 ;

S1XI17 WITH MSC1 MIV7,;
S2X14 WITH MSCN2 MIV4,
S3XI5 WITH MSCN3 MIV5;
S4X19 WITH MSC4 MIV9;
S5XI11 WITH MSC5 MIV1;
S6XI3 WITH MSC6 MIVNS;
S7X16 WITH MSCN7 MIVE6;

S1XU2 WITH MSC1 MUVZ2;
S2XU1 WITH MSCN2 MUV1;
S3XU3 WITH MSCN3 MUVS3;
S4XU6 WITH MSC4 MUVE6;
S5XU5 WITH MSC5 MUV5;
S6XU4 WITH MSC6 MUV4;,
S7TXU7 WITH MSCN7 MUV,

[MIV1 MIVN2 MIVN3 MIV4 MIV5 MIV6 MIV7 MIV8 MIV9];

[MSC1 MSCN2 MSCN3 MSC4 MSC5 MSC6 MSCNT7];
[MUV1 MUV2 MUV3 MUV4 MUV5 MUV6 MUVT];
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[S1XI17 S2X14 S3XI5 S4XI9 S5XI11 S6XI13 S7XI6];
[S1XU2 S2XU1 S3XU3 S4XU6 S5XU5 S6XU4 S7XUT];

[MIV@0]; [MSC@0]; [MUV@0]; [SCXIV](1); [SCXUV](2);
EDU_ASP ON SCXIV SCXUV MIV MSC MUV ITSEX HER_SCL;
MAT_ACH ON SCXIV SCXUV MIV MSC MUV ITSEX HER_SCL;
MIV on ITSEX HER_SCL;

MSC on ITSEX HER_SCL;

MUV on ITSEX HER_SCL;

MODEL INDIRECT:
EDU_ASP IND ITSEX;
EDU_ASP IND HER_SCL;
MAT_ACH IND ITSEX;
MAT_ACH IND HER_SCL;

OUTPUT: STAND CINTERVAL stdyx;
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