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Abstract

The Trends in Mathematics and Science Study (TIMSS) and Progress in Reading and
Literacy Study (PIRLS) provide important data on learners' academic self-perceptions and
motivational beliefs, which are constructs known to influence students' educational
outcomes. However, a critical methodological challenge emerges when comparing these
measured constructs across socioeconomic groups. Observed score differences in the
constructs could reflect genuine differences in underlying self-perceptions and
motivation, or simply that groups interpret survey questions differently because items
hold different meanings for students from different backgrounds. The study uses
multigroup confirmatory factor analysis to investigate measurement invariance of self-
concept, intrinsic motivation, extrinsic motivation, and affective engagement across
socioeconomic groups using TIMSS 2019 (Grades 5 and 9 mathematics) and PIRLS 2021
(Grade 4 reading) South African data, comparing learners from the poorest 60% of schools
(Q1-3) with those from Q4 and Q5 schools. Results reveal substantial measurement non-
invariance, most pronounced between Q1-3 and Q5 groups. Failures at metric and scalar
levels particularly affect mathematics self-concept and extrinsic motivation. Analysis of
the PIRLS data reveals that language of instruction also moderates measurement
equivalence. These findings highlight the need for caution when interpreting group
differences in learner-reported self-perception and motivational constructs, especially in
highly unequal societies such as South Africa.



1. Introduction

11.  Background

Educational achievement is an important determinant of a developing country's
international competitiveness and social development (Demir & Gelbal, 2023).
International assessments like TIMSS and PIRLS, coordinated by the International
Association for the Evaluation of Educational Achievement (IEA), provide critical data for
policymakers. Beyond overall achievement, these studies offer insights into performance
disparities across demographic groups defined by gender, socioeconomic status, and
region (Mullis & Martin, 2013). Analysing this disaggregated data allows policymakers to
identify specific needs, evaluate educational equity, and design targeted interventions to
improve the system for all learners, making these surveys vital tools for national
development.

The student questionnaires in TIMSS and PIRLS capture data on students' self-
perceptions, motivation, and engagement, such as academic self-concept, intrinsic and
extrinsic motivational beliefs, and school belonging, which are known to influence
academic achievement (Wang & Eccles, 2013; Mullis, et al, 2016). Comparing the
measures of these self-perceptions and motivational beliefs across groups is common in
educational research. A central challenge, however, is that the measurement of these
skills can vary significantly across social groups, developmental stages, and gender
(Wurster, 2022; Demir & Gelbal, 2023). This creates a fundamental puzzle, namely that
when we observe group differences in these constructs, this may reflect genuine
disparities in academic self-perceptions and motivational beliefs or could be artefacts of
a measurement tool that functions differently across groups. This distinction is critical, as
a score difference could indicate a true divergence in the underlying trait (e.g., students in
one group genuinely have lower mathematics self-concept) or stem from measurement
bias, where the survey items themselves are interpreted and responded to differently due
to varying cultural norms, linguistic frameworks, or even life experiences (Wurster, 2022;
Demir & Gelbal, 2023; Abulela, et al,, 2024). Consequently, to ensure valid comparisons,
survey items must be tested for measurement invariance or equivalence. Without this
step, our understanding of true group differences in academic self-perceptions and
motivational beliefs remains limited.

Measurement invariance is a critical prerequisite for valid cross-group comparisons of
learner’s self-perceptions and motivational belief constructs in educational research. It
confirms that individuals with the same level of an underlying trait have the same
probability of achieving a particular score on a survey item, regardless of group
membership (Schmitt & Kuljanin, 2008). It assesses the psychometric equivalence of a
construct across groups, demonstrating the construct has the same meaning for different
populations (Widaman & Reise, 1997, Putnick & Bornstein, 2016). As membership in
sociocultural groups can affect how an underlying trait is conceptualized, establishing
measurement invariance is a required condition for comparing group means and
construct associations (Bryne & van De Vijver, 2010; Wurster, 2022). Comparisons without



established invariance can lead to inaccurate results, invalidating meaningful evaluations.
Establishing invariance is essential to ensure observed differences stem from genuine trait
differences rather than differing response tendencies (Vandenberg & Lance, 2000).

To perform measurement invariance testing, a theoretical model specifying the
relationship between the latent variables (the unobserved construct, e.g., self-concept)
and observed variables (survey items) is developed. Two commonly used traditional
methodological approaches for measurement invariance testing are Confirmatory Factor
Analysis (CFA) and Iltem Response Theory (IRT) (Reise, et al,, 1993; Raju, et al., 2002). IRT
posits a probabilistic non-linear relationship between a person's level of a latent trait and
their response to a specific item. IRT models estimate the probability of a particular
response based on item properties: the difficulty parameter (how much of the trait is
needed to endorse the item) and the discrimination parameter (how well it distinguishes
between individuals with different levels of the trait). Measurement invariance in IRT
means these item parameters are consistent across groups (Reise, et al,, 1993). This is
assessed using Differential Item Functioning (DIF) tests. DIF indicates that individuals from
different groups with the same level of the underlying trait have different probabilities of
selecting a given response, violating measurement invariance and compromising the
validity of group comparisons.

The second method, CFA, assumes a linear relationship between the latent variable and
the observed survey items. Each item is modelled as a linear combination of its latent
factor plus a unique error term, typically loading onto a single factor for construct clarity.
The standard procedure for invariance testing within this framework is Multigroup
Confirmatory Factor Analysis (MGCFA), which involves fitting the same CFA model
simultaneously across different groups, such as socioeconomic groups, to test for
equivalence (Wurster, 2022). This method allows for a structured, hierarchical
examination of whether the measurement instrument performs in the same way for all
participants, which is essential for drawing fair and accurate conclusions from the data
collected in diverse contexts.

MGCFA tests measurement equivalence through a sequential hierarchy of increasingly
restrictive models. The first level, configural invariance, tests whether the same factor
structure holds across groups, indicating a shared conceptual understanding of the
construct (Vandenberg & Lance, 2000). The second level, metric invariance (also weak
invariance), tests whether the factor loadings (strength of item-construct relationships) are
equal, ensuring items are equally strong indicators for all groups and allowing comparison
of relationships like correlations or regression coefficients (Vandenberg & Lance, 2000;
Wurster, 2022; Demir & Gelbal, 2023; Ding, et al., 2023). The third level, scalar invariance
(also strong invariance), tests whether item intercepts (the baseline or starting values of
observed survey items) are equal, ensuring individuals with the same true trait level have
the same expected score. This is essential for validly comparing latent mean scores,
confirming that the differences reflect genuine disparities in learners’ actual academic
self-perceptions and motivational beliefs (Wurster, 2022; Demir & Gelbal, 2023; Ding, et
al., 2023). However, achieving full invariance at every level is often challenging. When it is
not achieved, researchers can investigate partial invariance (Bryne, et al., 1989; Steenkamp
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& Baumgartner, 1998), an approach that is adopted in this present study. Partial invariance
acknowledges some survey items may function differently across groups due to
contextual factors unrelated to the underlying trait, but meaningful group comparisons
can proceed if the core meaning of the construct is preserved through a subset of invariant
items (Steenkamp & Baumgartner, 1998).

12. Research objectives

The primary aim of this present study is to evaluate the measurement invariance of
learner-reported academic self-perceptions, motivational beliefs, and engagement
across socioeconomic groups using data from large-scale educational assessments in
South Africa. Specifically, the study examines key learner-reported constructs at three
critical grade levels: (1) reading self-concept, intrinsic motivation, and sense of school
belonging among Grade 4 learners in PIRLS 2021, and (2) mathematics self-concept,
intrinsic motivation, extrinsic motivation, and sense of school belonging among Grade 5
and Grade 9 learners in TIMSS 2019. These grade levels represent important
developmental and decision-making junctures in South Africa. Grade 4 captures early
literacy development when language of instruction effects may be most pronounced,
Grade 5 represents the transition to upper primary schooling where subject-specific self-
perceptions solidify, and Grade 9 precedes the transition into the FET phase (Grade 10-12)
of the South African education system, when important subject-choice decisions are
made.

Previous research that has investigated these learner self-perceptions and motivational
constructs in international assessments has either focused on single items, failed to test
measurement invariance, or examined cross-national rather than within-country
socioeconomic comparisons. This current study addresses these gaps by conducting
measurement invariance testing using MGCFA to investigate whether learners from
different socioeconomic contexts conceptualize these constructs through the same
factor structure (configural invariance), interpret survey items with the same strength of
association to underlying constructs (metric invariance), and use rating scales with
equivalent reference points (scalar invariance). The study specifically makes comparisons
between learners from the poorest 60% of schools (Quintiles 1-3) with those from more
advantaged schools (Quintiles 4 and 5). For PIRLS reading constructs, the analysis further
investigates how language of instruction at home moderates these measurement
properties by comparing learners who do and do not speak the language of the test at
home.

Establishing measurement invariance is important before meaningful comparisons of the
self-concept and motivational constructs can be made across socioeconomic groups. If
full invariance cannot be achieved, this signals that some survey items in the survey
function differently for disadvantaged learners compared to learners from wealthier
backgrounds, potentially because aspects like "doing well in mathematics," "finding
reading interesting," or "feeling proud of school" hold different meanings or importance
depending on learners' educational contexts and lived experiences. Such findings would
indicate that policy interventions for boosting learner's academic performance should
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account for how disadvantage shapes both the measurement and the underlying reality
of academic self-perceptions, which in themselves are important determinants of
educational outcomes. This research therefore contributes to understanding not only
whether disadvantaged South African learners report different levels of academic
motivations, but whether the very instruments used to measure these academic self-
perceptions and motivational beliefs capture equivalent psychological processes across
the socioeconomic divides that characterize South African society.

2. Literature Review

21  Self-concept

Academic self-concept refers to learners’ domain-specific perceptions of their
competence and abilities. Research has consistently shown that self-concept predicts
academic achievement, cognitive engagement, and educational investment choices
across diverse contexts (Marsh & Shavelson, 1985; Bandura, 1997; Marsh, et al, 2019).
Rather than reflecting a general sense of academic capability, self-concept operates in a
domain-specific manner, with learners’ mathematics self-concept and reading self-
concept functioning as distinct constructs even when actual abilities in these domains are
strongly correlated (Marsh, 1986; Marsh et al, 1988). The Internal/External (I/E) frame of
reference model explains this pattern. Learners evaluate their abilities through two
simultaneous comparison processes, an external frame comparing their performance to
peers within the same domain (social comparison), and an internal frame comparing their
achievement across different domains (Méller & Marsh, 2013). These frames of reference
are highly sensitive to educational context, which raises critical questions about
measurement equivalence across contexts. If disadvantaged learners develop self-
concepts through fundamentally different comparison processes and reference points
than their wealthier peers, survey items asking about "doing well" or *finding subjects
difficult” may capture different realities across socioeconomic groups.

A primary concern stems from well-documented disparities in language exposure and
cognitive development associated with SES differences (Hart & Risley, 1995; Hoff, 2003;
Heckman, 2006; Cunha & Heckman, 2007; Fernald, et al., 2013). For instance, the seminal
work of Hart and Risley (1995) revealed that by age three, children from high-SES families
are exposed to approximately 30 million more words than their low-SES counterparts,
which may lead to differential comprehension of terminology commonly used in self-
concept assessments (Solano-Flores & Li, 2009).

Attributional styles also differ by socioeconomic background in ways that may affect how
students interpret self-concept items. Research suggests that learners from higher-SES
backgrounds tend to attribute academic success to stable, internal factors such as innate
ability (Heckman, 2006),! while their lower-SES peers more often associate achievement

1 Heckman (2006) argues that families with more resources can invest in environments which may encourage children to view skills as a natural endowment,
meanwhile low-SES contexts foster effort-based attributions to acquired skills due to resource constraints, and this affects educational investment returns.
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with effort and external factors (Claro, et al,, 2016).2 This difference in how success is
conceptualized may affect responses to items like | am good at mathematics." If high-
SES students interpret this as asking about natural ability, which they may have been
socialized to believe they possess, they may rate themselves higher. While, if low-SES
students interpret the same item as asking about natural ability but have been socialized
to view success as primarily effort-based, they may rate themselves lower even when
actual ability levels are similar. However, the direction of these effects on measurement
functioning requires empirical testing rather than assumption.

While direct evidence on measurement invariance of self-concept across socioeconomic
groups remains limited, cross-national studies may provide some relevant insights
because countries differ in both cultural orientations and socioeconomic developmental
levels. This type of evidence would have implications for within-country socioeconomic
comparisons especially for a highly diverse country like South Africa. For instance, Cicero
(2020) examined the Self-Concept Clarity Scale among 2 707 East Asian, Southeast Asian,
White, Pacific Islander, and Multiracial undergraduate students at a large U.S. university.
The study found configural, metric, and scalar invariance across these racial groups,
indicating that the 12-item scale measured the construct equivalently across all
subgroups. This evidence suggests that when samples are drawn from similar educational
contexts, racial or ethnic differences may not necessarily threaten measurement
equivalence. Cross-national studies using large-scale assessment data reveal more
complex patterns. Jin et al. (2023) evaluated measurement invariance of a self-concept
scale using PISA 2018 data from 42 countries. The analysis supported configural
invariance, indicating that learners conceptualise self-concept in similar ways across
countries. Metric invariance was achieved for 80.5% of factor loadings (169 of 210 factor
loadings), with only seven countries showing non-invariance for the item ‘I usually
manage one way of another.”® Partial scalar invariance was established with 74.2% of the
intercepts (156 of 210), demonstrating equivalence. However, numerous developing
economies showed non-invariance intercepts for multiple items.* The authors suggest
that cultural dimensions, such as differences in the extent to which students are expected
to take active roles in learning, and individualism versus collectivism, may explain why
certain countries struggled to achieve scalar invariance.

Ding et al. (2023) investigated mathematics self-concept (MSC) and self-efficacy (MSE)
constructs by testing the measurement invariance of the constructs using PISA 2003 and
2012 data across 40 countries in each cycle. The initial model fit, which assumed all survey
items were measuring a single trait, did not fit the data well. The model showed
improvement after accounting for residual covariances, indicating that method effects,
such as those caused by similarly or negatively worded item, form part as a significant

2 The findings by Claro et al. (2016) suggest that innate ability beliefs, such as having a fixed mindset mediates poverty’s impact on achievement.

3 The item "l usually manage one way or another' showed metric non-invariance (unequal factor loadings) in Australia, B-S-J-Z (China), Dominican Republic,
Montenegro, Moscow Region (Russia), Peru, and Portugal, while achieving metric invariance across the remaining 35 countries in the sample.

4 Non-invariant intercepts were particularly concentrated in developing economies, including Argentina, Baku (Azerbaijan), B-S-J-Z (China), Georgia, Malaysia,
Philippines, Saudi Arabia, and Thailand. These countries have distinct cultural orientations towards collectivism and high power-distance, which suggests that both
economic development level and cultural norms shape how students interpret and respond to self-concept items.
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aspect of the construct's structure and must be explicitly modelled for accurate
measurement. Using the alignment method and multigroup CFA, their findings
confirmed configural and metric invariance for both mathematics self-efficacy and
mathematics self-concept across all models, enabling comparisons of structural
relationships. However, scalar invariance was consistently not achieved, even when
analyses were restricted to culturally and educationally similar Nordic countries
(Denmark, Finland, Norway, and Sweden). This means that even when countries
conceptualise self-concept similarly and items function as equally strong indicators, the
baseline response levels differ across the countries.

A key finding from Ding et al's (2023) study is the high level of non-invariance found
particularly in negatively worded items (e.g., items like ‘I am just not good at
mathematics"), which often introduce method effectsand threaten measurement
equivalence across diverse populations. Method effects is a systematic variance which is
attributable to item wording rather than the underlying trait being measured. Despite
repeated model refinements and subgroup analyses, the proportion of non-invariant
intercepts for both self-concept and self-efficacy exceeded the 25% threshold that
Asparouhov and Muthén (2014) propose as acceptable for approximate invariance. This
persistent challenge in achieving scalar invariance points to differences that are driven by
factors beyond cultural differences.

2.2. School belonging

Students' sense of school belonging is defined as the extent to which a student feels
accepted, respected, included, and supported within their school's social environment
(Goodenow & Grady, 1993). Sense of school belonging has emerged as an important
predictor of academic outcomes including achievement and motivation (Goodenow, 1993;
Osterman, 2000). This construct, reflects the emotional dimension of students’
connection to their educational environment. Research has consistently shown that
students who also report stronger feelings of school belonging tend to display better
academic motivation, self-esteem, and achievement (Goodenow & Grady, 1993; OECD,
2013; Sirin & Rogers-Sirin, 2004; Wang & Holcombe, 2010).

However, these relationships depend on the social desirability attached to academic
achievement across different social groups, specifically socioeconomic groups. Socio-
economically advantaged students consistently report greater school belonging than
disadvantaged students across diverse educational systems (Isdale, et al,, 2017). In PISA
2015, this pattern held in almost every participating education system (OECD, 2017),
though this finding assumes measurement equivalence across countries, which is an
assumption that subsequent research has shown may not hold (He, et al, 2018; Law, et
al, 2022). In the South African context specifically, research shows that SES significantly
predicts learners’ school belonging (Isdale, et al, 2017). Learners from more affluent
backgrounds tend to attend schools with adequate resources (Spaull, 2013; Isdale, et al.,
2017), greater safety, and environments that encourage collaboration among peers and
teachers, which are factors considered to foster stronger sense of belonging (Masitsa,
2008; Martinot, et al, 2022). Meanwhile, learners in under-resourced schools
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characterized by infrastructure deficits, safety concerns, and limited opportunities for
positive student-teacher relationships may develop fundamentally different emotional
connections to their school environments.

The socioeconomic pattens of school belonging raises important questions about
measurement equivalence. Cross-national evidence on measurement invariance of the
school belonging constructs reveals varying challenges in establishing equivalence
across diverse contexts, especially those that would be relevant for a diverse country
context such as South Africa. For example, using Grade 8 data from the 2015 TIMSS and
PISA data, He et al. (2019) found that the sense of school belonging scale achieved only
metric invariance in TIMSS across the 29 countries participating in both assessments. In
contrast, the PISA data failed to meet the metric invariance criterion, which suggests that
for both assessments, comparisons of the mean score of the measured constructs would
be invalid due to the failure in testing beyond metric invariance. Similarly, Abubakar et al.
(2015) investigated the Psychological Sense of School Membership (PSSM; Goodenow,
1993) across two non-Western countries (Kenya and Indonesia) and two Western
countries (Netherlands and Spain). The authors reported that the original unidimensional
factor structure proposed by Goodenow (1993) did not adequately fit across these
contexts. Multiple models were tested adjusting for the impact of negative worded items
and also proposing a two-factor model that distinguished between positively and
negatively worded items, but the model still did not fit the data well Examining
measurement invariance of school connectedness, a measure closely related to school
belonging, Law et al. (2022) confirmed configural and metric invariance of the the 5-item
school connectedness construct across Canadian, Chinese, and Tanzanian adolescents.
Partial scalar invariance could only be established for all the comparisons, which means
that students with the same true level of school connectedness used different reference
points when rating themselves on Items about school enjoyment and school safety.

2.3. Intrinsic and extrinsic motivation

Within the Expectancy-Value Theory framework (EVT, Eccles, et al, 1983; Wigfield &
Eccles, 2000, 2002), learner task values represent the perceived worth or importance
learners assign to academic activities. The TIMSS and PIRLS assessment frameworks
contain two constructs that form part of this framework, namely intrinsic motivation and
extrinsic motivation. Intrinsic motivation refers to engaging in a specific academic domain
because it inherently interesting, enyoyable, or satisfying, without external benefit or
pressures (Eccles, et al,, 1983; Ryan & Deci, 2009). Extrinsic motvation refers to engaging
in an activity to obtain a separable outcome (Eccles, et al, 1983), such as a better career
outcome or further educational opportunities (Nagengast & Marsh, 2014). When learners
value mathematics primarly for its extrinsic benefit rather than for intrinsic enjoyment,
learning becomes instrumental, as a means to an end rather than an end in itself (Ryan &
Deci, 2016). Both motivational constructs have been shown to predict academic
achievement, subject selection, and persistence across different educational contexts
(Wigfield & Cambria, 2010).



Socioeconomic status shapes how students develop motivational beliefs through distinct
socialization pathways. Students from lower-SES often prioritize the extrinsic benefits of
education, such as escaping poverty, but may simultaneously doubt the attainability of
these outcomes given structural barriers they observe in their communities (Destin, et al,
2019). Similarly for intrinsic motivation development, learners from higher-SES
backgrounds are exposed to “concerted cultivation” parenting (Lareau, 2003), which
provides them with resource-intensive enrichment experiences that nurture interest and
enjoyment in specific academic domains (Bodovski & Farkas, 2008; Simpkins, et al., 2012).
In the South African context, where socioeconomic disparities intersect with cultural
differences (Branson, et al., 2024), these differences in socialization processes can be
exarcebated by disparities in school resources, curriculum coverage, and exposure to
career role models.

Research on measurement invariance of motivational constructs across socioeconomic
and cultural contexts remains limited. To our knowledge, only one study by Liou & Lin
(2021) has examined measurement invariance of motivational beliefs across cultural
contexts. Using PISA data from 2015, the authors investigate measurement invariance
among adolescents from Taiwan, Australia, and the United States. After accounting for the
effects of the negatively worded items, the authors could only establish configural and
metric invariance. This means that students from Taiwan, Australia, and the United States
with the same level of academic motivation used different reference points when
responding to PISA survey items about motivation, making direct comparisons of mean
scores of motivation levels invalid.

3. Data and methodology

3.1 Data

Conducted every four years and five years since 1995 and 2001, respectively, the TIMSS
and the PIRLS are international studies developed by the IEA and managed by the TIMSS
and PIRLS International Study Centre. TIMSS aims to provide a detailed picture of
performance in mathematics and science across countries and over time, using nationally
representative samples of Grade 4 and Grade 8 learners and their schools. PIRLS aims to
evaluate reading literacy among Grade 4 students worldwide, capturing how well
students can understand and interpret written texts. The study is designed to assess
both reading comprehension and the influence of school and home environments on
students' literacy development. This study will make use of the TIMSS conducted in 2019
and PIRLS conducted in 2021.

The sampling technique for TIMSS and PIRLS is a two-stage stratified cluster sampling
method design, which ensures that the sample selected is representative of the
population of learners in South Africa. In the first stage, schools are selected using
stratification, where the schools are grouped based on key characteristics and selected
within each stratum using probability-proportional-to-size sampling. The second stage
samples the classes and learners from each school, where a single intact Grade 4 class in
PIRLS and Grade 9 or Grade 5 class in TIMSS are randomly chosen. Every learner from
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each selected class participates in the assessment, such that the learners themselves are
clustered within their schools and classrooms.

In the 2019 wave of TIMSS, achievement and contextual data in South Africa was collected
from 20 829 Grade 9 learners taught in 519 schools by 543 mathematics and science
teachers. This represents a larger sample compared to previous rounds, as the Gauteng
and Western Cape provinces participated as 'benchmarking participants’. This meant that
whilst the usual 30 schools were sampled from the remaining seven provinces, 150
schools each were sampled from Gauteng and the Western Cape. In the Grade 5 sample,
data was collected from 11 891 learners taught in 297 schools by 297 mathematics and
science teachers. In PIRLS 2021 for South Africa 12 426 Grade 4 learners were sampled
from 321 schools. Gauteng, KwaZulu-Natal, and the Eastern Cape had the largest
representation in the study due to their higher population densities. Sample weights are
provided in the PIRLS and TIMSS data so that data from each province in the sample
makes an appropriately sized contribution to the overall national performance.

Contextual and background data are collected through questionnaires administered to
teachers, learners, and schools. For the TIMSS 2019, South Africa administered the paper-
based assessment and questionnaires in English and Afrikaans, following a translation
process overseen by the TIMSS and PIRLS International Study Center and verified by IEA
Amsterdam in collaboration with capstan Linguistic Quality Control. The translation
process required the participation of qualified translators with knowledge of both English
and the target language, experience with the country's cultural context, and expertise in
mathematics and science education. Translators ensured that the texts in the
questionnaires maintained the same register, correct grammar, equivalent qualifiers and
modifiers, and appropriate adaption of idiomatic expressions without adding and
removing information. After translations, the instruments are reviewed to document
quality and comparability to international versions. Any inconsistencies identified were
directed back to the National Research Coordinator for clarification and correction.

For PIRLS 2021, South Africa adapted the reading assessment and questionnaires into all
11 official South African languages for Grade 4 learners. The translation process evolved
into a five-step procedure, which involved forward translation from English to the 10 other
official languages, and then back-translation from the target language to English.
Language specialists then revised both translated versions of the instruments, and
consulted with the Department of Basic Education and language experts, who assisted in
the reconciliation of discrepancies against the source text, with all changes documented
in the National Adaption Forms. This process ensured that every language version
underwent extensive quality checks before printing, addressing the complexity of
preserving text equivalence, item difficulty, and comparability across languages with
different linguistic structures (Roux, et al, 2022; DBE, 2023). Students completed
questionnaires in the language of the reading test they took, which for Grade 4 learners is
also the language of learning and teaching (LOLT).
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3.2. Measures

The survey items that measure learners' underlying academic self-perceptions and
motivations are obtained from the TIMSS and PIRLS student questionnaire. All items were
coded on a four-point Likert scale, with 1 indicating "Agree a lot" and 4 indicating "Disagree
a lot". For the purposes of this study, reverse-scoring was adopted so that higher values
represent more favourable perceptions and attitudes.

3.2.1. Mathematics and reading self-concept

Mathematics self-concept is measured using seven items for TIMSS for both Grades 5 and
9 learners, and six items for PIRLS reading self-concept, as shown in Table 1. Three of the
seven items are negatively worded statements (e.g. "Mathematics is not one of my
strengths’) in the TIMSS student questionnaire, and were reverse-scored to match the
positive statements. Four of the six items in PIRLS were negatively worded statements,
and were reverse-scored as well (e.g., "“Reading is harder for me than any other subject”).

Table 1. Self-concept questionnaire items

Mathematics Self-Concept Grade 5 and 9 Reading Self-Concept Grade 4

1) lusually do well in mathematics 1) lusually do well in reading

2) Mathematics is more difficult for me than for many o
2) Reading is easy for me
of my classmates”

o 3) | have trouble reading stories with difficult
3) Mathematics is not one of my strengths” "
words

. . . . 4) Reading is harder for me than for many of my
4) | learn things quickly in mathematics
classmates’

5) I am good at working out difficult mathematics o ]
5) Reading is harder for me than any other subject”
problems

6) My teacher tells me I am good at mathematics 6) | am just not good at reading *

7) Mathematics is harder for me than any other

subject”

Note: " refers to reverse-scored negatively-worded items.

3.2.2. School belonging

School belonging (SB) is measured using five items in the TIMSS survey for Grades 5 and
9 learners, and six items in the PIRLS survey for the Grade 4 learners. The PIRLS survey
includes one additional item not found in TIMSS, which asks learners if they have friends
at school. A full list of the items is provided in Table 2.
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Table 2: School belonging questionnaire items

TIMSS school belonging Grade 5 and 9

PIRLS school belonging Grade 4

1 I like being in school
2) | feel safe when | am at school

3) | feel like | belong at this school
4) Teachers at my school are fair to me

5) I am proud to go to this school

1) I like being in school
2) | feel safe when | am at school

3) | feel like | belong at this school
4) Teachers at my school are fair to me
5) I am proud to go to this school

6) | have friends at this school

3.2.3. Intrinsic motivation

Intrinsic motivation is measured using nine items in the TIMSS instrument for both Grade
5 and Grade 9 students. Two of the items are reverse-scored because they are negatively
worded items (e.g. "Mathematics is boring"). Eight items were used to measure interest
and enjoyment in engaging in reading activities, with only one item being a negatively
worded statement (e.g., “l think reading is boring").

Table 3: Intrinsic motivation questionnaire items

Mathematics Intrinsic Motivation Grade 5 and 9

Reading Intrinsic Motivation Grade 4

1) I enjoy learning mathematics

2) | wish | did not have to study mathematics”

3) Mathematics is boring”
4) | learn many interesting things in mathematics

5) I like mathematics
6) | like any schoolwork that involves numbers
7) | like to solve mathematics problems

8) | look forward to mathematics class

9) Mathematics is one of my favourite subjects

1) I like talking about what | read with other people

2) I would be happy if someone gave me a book as a
present

3) I think reading is boring”

4) I would like to have more time for reading
5) | enjoy reading

6) | learn a lot from reading

7) I like to read things that make me think

8) I like it when a book helps me imagine other worlds

Note: " refers to reverse-scored negatively-worded items.
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3.2.4. Extrinsic motivation

Extrinsic motivation is captured through nine items in the Grade 9 TIMSS data. This
motivational construct is only captured in the Grade 9 TIMSS data. None of the items for
this construct were negatively worded statements. The items making up this construct are
shown in Table 4.

Table 4. Extrinsic motivation questionnaire items

Mathematics Extrinsic Motivation Grade 9

1) I think learning mathematics will help me in my daily life

2) | need mathematics to learn other school subjects

3) I need to do well in mathematics to get into the university of my choice

4) I need to do well in mathematics to get the job | want

5) I would like a job that involves using mathematics

6) It is important to learn about mathematics to get ahead in the world

7) Learning mathematics will give me more job opportunities when | am an adult
8) My parents think that it is important that | do well in mathematics

9) It is important to do well in mathematics

3.2.5. Socio-economic status

The South African education system functions as a bimodal system which serves two
groups of learners in the system but operating under one umbrella. The one system
serves a group of learners that come from 20% of the wealthiest households (Hofmeyr,
2022), who attend schools that are mostly functional and perform at the standard of
schools in high-income countries (Spaull & Taylor, 2012). The second part of the system
serves the other majority 80% of households, attending schools that are under-resourced
and perform poorly even at the standard of an upper middle-income country (Spaull &
Taylor, 2012; Hofmeyr, 2022). Therefore, in the present study the SES variable is split-up
to reflect the two separate education systems in which measurement comparisons of the
self-perception and motivational constructs are made.

The socioeconomic status variable is calculated by the DBE as a poverty index for each
public school according to the poverty of the community around the school, as well as
certain infrastructural factors such as access to electricity and running water (Reddy, et
al, 2020). The public schools are categorised into five equal different school
socioeconomic quintiles with quintile 1 to quintile 3 (Q1-3) representing the poorest 60
percent (%) of schools which are the most under-resourced schools and are typically no-
fee charging schools. While quintile 4 (Q4) and quintile 5 (Q5) are allowed to charge fees,
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and Q5 schools are some the most well-resourced schools in South Africa. The weighted
distribution of learners across the different wealth groups is shown in Figure 1 below:.

Figure 1. Weighted distribution of learners across different SES groups

PIRLS Grade 4 - 2021 19,0% 18,3%

TIMSS Grade 9 - 2019 69,8% 15,8% 14,3%

TIMSS Grade 5 - 2019 72,0% 12,1% 15,9%

m Poorest 60% (Q1-Q3) mQuintile4 mAQuintile5

Note: The distribution shown is based on weighted survey estimates, not simple headcounts. Each student's
response is multiplied by their survey weight (totwgt), which accounts for the stratified sampling design used
in TIMSS/PIRLS. This ensures the results are representative of all Grade4/5/9 learners in South Africa.
Percentages reflect the weighted proportion of learners in each school wealth quintile within the national
population.

3.3. Methodology

3.3.1 The single-group reflective measurement model

A single-group reflective measurement model is developed for the latent variables
discussed in Section 3.3. This approach is foundational to Structural Equation Modelling
(SEM) and is defined by its specific causal direction: latent variables are theorized to
cause the variations in the observed indicators (Bollen & Lennox, 1991; Chen, 2007). This
contrasts with a formative model, where indicators are combined to form the latent
variable. Since learner responses to self-perception and motivational questionnaire items
require them to reflect on their underlying beliefs and motivations, a reflective
measurement model is appropriate for the purposes of this study. The reflective
measurement model will be used to test for measurement invariance across groups, a
process described by Horn and McArdle (1992) as the test of “whether or not, under
different conditions of observing and studying a phenomenon, measurement
observations yield measures of the same attribute” (Horn & McArdle, 1992, p. 117). In this
study, “different conditions” refers to the different socioeconomic contexts, which
represent different educational environments, and peer reference groups for developing
self-perceptions. Ml ensures that comparisons across these SES groups are valid, as the
measures must reflect the same constructs consistently across diverse populations
(Putnick & Bornstein, 2016).

To clarify, Figure 2 presents a single-group measurement model for a latent variable (),
such as mathematics or reading self-concept, measured by three hypothetical items, Y;
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toY;. These items represent learners' reported perceptions of their capabilities in
mathematics or reading. Each item is hypothesized to be associated with the latent
variable through the factor loadings 4, to 4;. In reflective models, loadings reflect the
strength of association between the latent variable and each item, thereby demonstrating
how well each item “reflects” the underlying construct (Bollen & Lennox, 1991). Each item
has a corresponding measurement error term (g to &), which captures variability not
explained by the latent variable (Kline, 2016). By incorporating measurement error, we can
achieve a more reliable assessment of the latent variable.

Figure 1: Single-group Reflective Measurement Model

A Ay

Y. V.

3.32. Multiple group confirmatory factor analysis (MGCFA)

To examine MI, we follow the multi-group factor analysis model below which also follows
Figure 2 above:

Yipg = Vog + Dpgig + €ipg Y
In formalizing the MGCFAp = 1, ..., P represents the number of observed items, g = 1, ..., G
refers to the number of groups to be compared, and i = 1, ..., N; where N, denotes the
number of individual observations in group g. Define Y, 4 as the P x 1 vector of observed
item scores for individual i in group g. In addition, let A, , represent the P x1 vector of
factor loadings for group g, 1,4 is the P x1 vector of intercepts, and 7,45 as the latent
variable for individual i in group g. The measurement error term (g;,4) follows a normal

5 Without loss of generality, | restrict the model to a single latent variable n for illustration purposes
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distribution, N(0,0,4). with 8,4 = Cov(e,g, &54) being the group-specific error covariance
matrix. This leads to the measurement model formulation above in equation 1 (Eq. (1)).

The respective mean and covariance structure for the latent variable are specified as
follows (MACS; Little, 1997):

hg = Vg + Agas (2)
Cov(YyYy) = Aoy + O 3)

where p, represents the observed mean of the observed item scores Y, while ay and ¢
denote the latent mean and variance of n,4, respectively, which is also assumed to follow
a normal distribution: ny ~ N(ag, @4).

Following established literature (e.g., Meredith, 1993; Leitgob et al, 2023), measurement
Invariance testing involves a sequence of nested models with progressively stricter
constraints, with each level allowing for different types of important comparisons. The first
and least restrictive level is configural invariance. This tests whether the basic factor
structure is identical across groups. Configural invariance examines whether items like “I
usually do well in mathematics,” and “mathematics is not one of my strengths” all load
onto the same mathematics self-concept construct for both Q1-3 and Q5 learners.
Establishing configural invariance would indicate that the groups conceptualize the
construct in the same way, but does not allow for quantitative comparisons of
relationships or means. Model fit is assessed using three indices including the
Comparative Fit Index (CFI), which measures the improvement in fit of the hypothesized
model compared to a baseline model. The second index is the Root Mean Square Error of
Approximation (RMSEA), which measures how well the model approximates the
population data, assuming the model is correct, while penalizing model complexity. The
third statistic index used is the Standardized Root Mean Square Residual (SRMR), which
measures the average difference between observed and model-predicted correlations.
Acceptable fit is indicated by CFl > 0.950°, RMSEA < 0.087, and SRMR < 0.08% (Cheung &
Rensvold, 2002; Chen, 2007, Wurster, 2022).

The second level, metric invariance (or weak invariance), introduces equality constraints
on the factor loadings (A in Figure 2 or in the vector A, 4 (EQ. 1)) across groups. This level of
the test checks whether the item “l usually do well in mathematics” has the same strength
of association with the underlying mathematics self-concept construct for learners from
the poorest 60% of schools as it does for Q5 learners. If metric invariance holds, it justifies
comparing relationships between constructs (such as correlations or regression
coefficients) across groups. Metric invariance is supported if the model fit does not
deteriorate significantly when factor loadings are constrained to equality. The model
‘deterioration” refers to the change in fit indices when moving from the configural, where

6 A fit index above the threshold (0.95) means the hypothesized model shows a 95% improvement over the baseline model, and below the threshold the model is
generally considered unacceptable.

7 Fitness value below the threshold (0.08) indicates the model is a relatively plausible representation of the population data.

8 A smaller value than the threshold (0.08) indicates that the discrepancy between the observed and predicted correlations are very small
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loadings are freely estimated for each group, to the metric model where loading are
constrained equal across groups. Negligible deterioration is indicated by ACFI < -0.010,
ARMSEA < 0.015, and ASRMR < 0.030, where delta (A) represents the difference between
the metric and configural model fit values (Cheung & Rensvold, 2002; Chen, 2007).

Table 5: Levels of measurement invariance

Group comparisons How the invariance

Invariance level What it implies

allowed level may be assessed
The same items
. . measuring the same CFI=0.950, RMSEA <
Configural Invariance None
constructs across 0.08, SRMR = 0.08
groups
Unstandardized
The same items have o
associations
the same factor )
(covariances,

ACFI = 0.010, ARMSEA <
0.015, ASRMR = 0.030

. . loadings across groups )
Metric Invariance unstandardized
(at least two equal ) o
) regression coefficients
factor loadings for i .
o ) with other theoritical
partial invariance)

constructs of interest)

The same items have
the same factor

loadings and intercepts
Unstandardized

across groups (at least
Scalar Invariance
two items with equal

associations and latent

ACFl = 0.010, ARMSEA =
0.015, ASRMR = 0.015

factor loadings and means
intercepts for partial
invariance)
The same items have
the same factor Unstandardized

ACFl = 0.010, ARMSEA =
0.015, ASRMR = 0.010

Strict Invariance loadings, intercepts, and  associations and latent

error variances across means

groups

Source: (Leitgob, et al,, 2023)

The third level, scalar invariance (or strong invariance), adds equality constraints on the
item intercepts (v, in the vector of intercept ;4 (Eq. 1)). Scalar invariance tests whether
learners from different groups with the same level of the latent trait would provide the
same mean response to items. If two learners, one from Q1-3 schools and one from Q5
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schools, both have identical mathematics self-concept, scalar invariance ensures they
would have the same expected response to ‘I usually do well in mathematics.” Without
scalar invariance, observed score differences could reflect different reference points or
rating scale usage rather than true differences in the underlying trait. Establishing scalar
invariance is therefore a prerequisite for valid comparisons of the latent means across
groups. The fit of the scalar model is compared to the metric model, with nonsignificant
deterioration indicated by ACFI < -0.010, ARMSEA = 0.015, and ASRMR < 0.015 (Cheung &
Rensvold, 2002; Chen, 2007).

The final and most stringent level is strict invariance, which requires the residual error
variances (g; in Figure 2 and in the vector of errors g, (Eq. 1)) to be equal across groups.
This ensures that the measurement precision is equivalent for each item across groups.
Strict invariance testing would require that the item “I usually do well in mathematics” has
the same reliability for learners from Q1-3 schools and Q5 learners. While not always
necessary for latent mean comparisons, strict invariance provides the most robust test for
such comparisons by ensuring that group differences are not confounded by differences
in measurement reliability (Widaman & Reise, 1997; Vandenberg & Lance, 2000). The fit
of the strict model is compared to the scalar model using the same change-in-fit
thresholds: ACFI £ -0.010, ARMSEA < 0.015, and ASRMR < 0.010. In practice, overall fit is
also considered, with thresholds such as CFl = 0.950 being desirable (Rutkowski & Svetina,
2014). Among the change-in-fit indices, ACFI is often prioritized for its robustness in
detecting non-invariance. This sequential testing procedure ensures that any observed
group differences can be attributed to substantive differences in self-perceptions and
motivational beliefs rather than measurement artefacts.

Analysis of the CFA and MGCFA was performed using the R software (R Core Team, 2020)
with the package lavaan 0.6-7 (Rosseel, 2012). The package semTools and semPaths
often used along with lavaan were also used for CFA and Ml testing.

4, Internal Consistency Results

The reliability of each construct that Is described in section 3.2. above is determined by
calculating the Cronbach's alpha value that measures the internal consistency of
respondents’ answers. For example, a learner agreeing that they enjoy mathematics
would be expected to disagree that they find mathematics to be boring. Reliability scores
measure the degree to which the items measure the latent constructs (Hair, et al,, 2006).
An alpha value of 0.7 or greater is taken as suitable (Cronbach & Meehl, 1995; Hair, et al,
2006). The Cronbach estimated scores for the measured constructs is presented in Table
6 below.

The internal consistency of the motivational and self-perception constructs is presented
in Table 6 below, and shows varying results across grade levels and socioeconomic
contexts. For TIMSS Grade 9, most of the latent constructs demonstrate acceptable
reliability (aero > O.7) across quintiles, with intrinsic motivation showing the highest overall
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reliability (acro = 0.896) and particularly strong consistency in Q5 schools (acro = 0.924).
Mathematics self-concept reliability scores ranges from acro = 0.709 in Q1 to acro = 0.869
in Q5, suggesting that the self-perception construct may be measured with greater
precision among the more advantaged students. Affective engagement shows more
modest reliability (oo = 0.656 to acre = 0.750), with the lowest values observed in Q1 and
Q2 (acre = 0.656), potentially indicating that items measuring school belonging and safety
function less consistently for learners in the poorest schools. For TIMSS Grade 5 learners,
a similar pattern emerges, with the intrinsic motivation construct maintaining strong
reliability (acs = 0.791 overall), while the mathematics self-concept construct shows
considerable variation from agrs = 0.646 in Q1 to acs = 0.788 in Q5.

Table 6: Cronbach's alpha scores of self-perception and motivation measures by school

quintiles
School SES quintile
Measure 1 2 3 4 5 All

TIMSS Gr 9

MSC 0.709 0714 0.725 0.773 0.869 0.771

AE 0.656 0.656 0.675 0.726 0.750 0.699

IM 0.875 0.872 0.882 0.895 0.924 0.896

EM 0.827 0.830 0.825 0.817 0.868 0.834
TIMSS Gr 5

MSC 0.646 0.655 0.644 0.725 0.788 0.661

AE 0.686 0.683 0.670 0.619 0722 0.678

IM 0.760 0.760 0.774 0.807 0.874 0791
PIRLS Gr 4

RSC 0.629 0.584 0.594 0.573 0.616 0.595

AE 0.684 0.690 0.723 0.748 0.782 0724

IM 0.774 0711 0.683 0.714 0724 0722

Source:; Author's own calculations from TIMSS (2019) and PIRLS (2021)

Note: MSC = mathematics self-concept; AE = affective engagement; IM = intrinsic motivation; extrinsic
motivation; RSC = reading self-concept

The PIRLS Grade 4 reading motivational and self-perception constructs demonstrate
comparable patterns. Reading self-concept reliability ranges from acr = 0.573 in Q4 to acr
= 0.629 in Q1, with notably lower overall reliability (a = 0.595) than the mathematics self-
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concept construct, while intrinsic motivation shows moderate reliability across quintiles
(aGra = 0.683 to acrs = 0.774). The consistent pattern of lower alpha coefficients in lower
quintile schools across all constructs and grade levels suggests that these constructs may
be less internally consistent for disadvantaged learners and younger students. This
potentially reflects genuine differences in how these students conceptualize and respond
to items measuring self-perceptions and motivational beliefs. This pattern underscores
the importance of formally testing measurement invariance across socioeconomic groups
for the different constructs at each grade levels rather than assuming construct
equivalence.

5. TIMSS Grade 5 Analytical Results

51 Overall reflective measurement models for Grade 5 constructs

511 Analysis of school belonging reflective measurement model

This section presents the empirical findings structured to establish a foundation for valid
group comparisons for Grade 5 learners across different SES groups. The analysis begins
by examining the single-group reflective measurement models for learners’ sense of
school belonging, mathematics self-concept, and intrinsic motivation. This initial step is
fundamental, as it verifies that each theoretical construct is adequately operationalized by
its indicators within the overall sample prior to more complex multi-group analysis. A well-
specified measurement model is a prerequisite for testing measurement invariance.
Subsequently, the results of the Multi-Group Confirmatory Factor Analysis (MGCFA)
models are detailed to evaluate measurement invariance across groups (see Table 7 to
9).

The model for school belonging demonstrates excellent fit. The fit indices, including a CFl
of 0.998 and a Tucker-Lewis Index (TLI) of 0.996, indicate a near-perfect alignment
between the hypothesized model and the observed data. This level of fit suggests that
the pattern of responses learners give to the school belonging items are almost exactly
what we would expect if the single concept of “sense of school belonging” truly exists and
causes their responses.

The strength of the relationship between each item and the latent school belonging
construct is quantified by its standardized factor loadings® as shown along the arrows in
Figure 3 below. The items ‘I am proud to go to this school” (item 5: A = 0.65) and “| feel like
| belong at this school” (item 3: A = 0.60) demonstrate the strongest loadings, indicating
they are strong manifestations of the construct school belonging. The items ‘| feel safe
when | am at school” (item 2: A = 0.55) and ‘| like being in school” (item 1: A = 0.59) also show

9 Research by Tabachnick & Fidell (2007) follow that of Comrey & Lee (1992) in suggesting stringent cut-offs for factor loadings based on different sample sizes, and
when the items have different frequency distributions. The authors suggested cut-offs going from 0.32 (poor), 0.45 (fair), 0.55 (good), 0.63 (very good) or 0.71
(excellent).
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moderate to strong relationships. The comparatively lower loading for item related to
teacher fairness, “Teachers at my school are fair to me" (item 4: A = 0.41), suggests that
while perceptions of teacher engagement is related to feelings of school belonging, this
specific indicator may capture a greater proportion of unique variance not attributable to
the common latent factor. The high model fit indices confirm that, collectively, these items
form a coherent and well-defined measure of the school belonging construct, thereby
justifying its use in subsequent invariance testing.

The values below the Item boxes in the figure below are the measurement error values
and the Intercept values of each of the Items measuring the latent construct, respectively.
The Intercept values represent the expected score of the item when the associated latent
construct, school belonging, is equal to zero. The positive item scores indicate that
learners report some baseline level of each of the items associated with school belonging.
Particularly, the learners rate themselves higher on item 1 (v = 4.71) and item 2 (v = 4.29).

Figure 3. Grade 5 school belonging measurement model

it1 it2 it3 it4 itS
i 111 ¥¥i 1 5
0.?5 0.|69 0.?4 0.|83 0.?8
4.71 4.29 3.70 3.09 3.98

Note: "SB" = School belonging; "it" = item; "item 1" = | like being in school; "item 2" = | feel safe when | am at school;
‘item 3" = | feel like | belong at this school; ‘item 4" = Teachers at my school are fair to me; "item 5" =  am proud
to go to this school.

51.2. Analysis of self-concept reflective measurement model

The initial measurement model for Mathematics Self-Concept (MSC) demonstrates
inadequate fit, with indices falling far below or above acceptable thresholds (CFl = 0.533,
TLI = 0.300, RMSEA = 0177, SRMR = 0.116). This poor fit is a common issue in items
containing both positively and negatively worded items, as respondents may process
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them differently, creating a systematic 'method effect" beyond the intended latent
construct. This phenomenon, often attributed to acquiescence bias!® or careless
responding, introduces shared variance that contaminates the measurement model
(Podsakoff, et al., 2003; Yang, et al.,, 2012). To account for this, the model was adjusted by
incorporating a method factor for the negatively worded items as illustrated in Figure 4
below. This was operationally achieved by allowing the measurement errors of the
negatively worded ltems to correlate with each other and allowing them to load onto a
single, orthogonal method factor, thereby isolating the variance specific to their wording.
Following this adjustment, the model fit shows a significant improvement, achieving
excellent levels (CFl = 0991, TLI = 0.983, RMSEA = 0.024, SRMR = 0.015). These results
indicate that the adjusted model provides a good representation of the data. Within this
well-fitting model, the indicators for the mathematics self-concept construct exhibit
moderate to strong standardized factor loadings, ranging from 0.535 to 0.964 (see Figure
4). The strong negative correlation (r = -0.69) between the mathematics self-concept
factor and the method factor is expected, confirming that the method factor successfully
captures the shared variance attributable to the negative wording, which is inversely
related to the positive self-concept trait.

Figure 4: Grade 5 mathematics self-concept measurement model with method effects
adjustment

it7 3052 203 .
it3 =0 221 .
it2 [*0p1 206 .
it 3072 312 .
its [=o0} 331 .
it4 [=0ps 3.57 .
it1 3087 442 .
Note: "MSC" = Mathematics self-concept; "MET" = Method factor; "it" = item; "item 1" = | usually do well In

mathematics; "item 2" = Mathematics is more difficult for me than for many of my classmates; ‘item 3" =
Mathematics is not one of my strengths; "item 4" = | learn things quickly in mathematics; "item 5" = | am good

10 Also known as agreement bias, this is a category of response bias common to survey research in which respondents tend to select a positive response option or
indicate a positive connotation disproportionately more frequently.
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at working out difficult mathematics problems; "item 6" = My teacher tells me | am good at mathematics; "item
7" = Mathematics is harder for me than any other subject.

5.13. Analysis of Intrinsic motivation reflective measurement model

The CFA for the Intrinsic motivation (IM) construct reveals that, after adjusting for method
effects associated with negatively worded items, the model achieves an excellent fit (CFl
= 0.990, TLI = 0.986, RMSEA = 0.030, SRMR = 0.013). Which is an indication of an accurate
measurement of the construct through the nine Items as shown in Figure 5 below. The
analysis provides clear insight into how each item functions as an indicator. The strongest
direct manifestation of the construct is the Item, "I like mathematics" (item 5: A = 0.748),
which shows a strong, positive relationship with intrinsic motivation. As expected, the
contrapositive items, ‘I wish | did not have to study mathematics" (item 2) and
"Mathematics is boring" (item 3), initially demonstrate weak loadings. After accounting for
the shared method variance of their negative wording, these items align well with the
latent factor. The results further highlight differences in indicator strength. The latent
construct explains a substantial portion of the variance in the contrapositive item “I wish |
did not have to study mathematics’, meaning a student's level of intrinsic motivation is a
primary driver of their response to the item. In contrast, the construct explains less
variance in the statement "l learn many interesting things in mathematics®, suggesting that
while related, this item may also tap into external factors affecting learner's response to
these items related to intrinsic motivation.

Figure 5. Grade 5 mathematics intrinsic motivation measurement model with method
effects adjustments

it3 =072 261 .
it2 =035 223 4
ito [=053 3.46 4
it8 =05 352 4
it7 [=0p2 3,62 4
it6 =059 3.78 4
itS ::9,45 410 4
it4 [*072 378 4
it1 [*057 463 4

Note: "IM" = Intrinsic motivation; "MET" = Method factor; "it" = item; "item 1" = | enjoy learning mathematics; "item
2" = | wish | did not have to study mathematics; ‘item 3" = Mathematics is boring; "item 4" = | learn many
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interesting things In mathematics; "item 5" = | like mathematics; "item 6" = | like any schoolwork that Involves
numbers; "item 7" = | like to solve mathematics problems; "item 8" = | look forward to mathematics class; "item
9" = Mathematics is one of my favourite subjects.

Establishing well-fitting reflective measurement models for school belonging,
mathematics self-concept, and intrinsic motivation provides the necessary foundation for
the subsequent analysis. The preceding analysis confirms that the hypothesized factor
structure is an appropriate representation of the data. The results validate the basic model
structure before testing whether this measurement structure remains equivalent across
groups. Consequently, the research proceeds to the core psychometric objective: testing
for measurement invariance to determine if the constructs are measured equivalently for
different subgroups, such as those defined by socioeconomic status.

52. Measurement invariance across school quintiles

521. Grade 5 school belonging

Table 7 presents the MGCFA examining measurement invariance of the mathematics
sense of school belonging construct across different school quintile groups of Grade 5
South African learners. Specific comparisons are made between learners from the Poorest
60% of schools (Quintiles 1 to 3) with those from the wealthier quintiles (4th and 5th
Quintiles). The analysis follows a systematic approach to testing measurement invariance
by progressively constraining model parameters, beginning with configural invariance,
which helps to establish that the basic factor structure is identical across groups.
Measurement invariance testing then advances through to metric invariance to verify that
the strength of the relationship between the items and the latent construct is the same
across the groups, which is important for comparing how school belonging relates to other
variables. Scalar invariance follows the metric model in the hierarchical testing, checking
that the scale's intercepts are equal, allowing for valid comparisons of the latent mean
scores between two groups.

The analysis of model fit indices in Table 7 shows that the comparison between learners
from the Poorest 60% and Quintile 4 schools demonstrate acceptable fit. The configural
invariance model serves as the foundational baseline, confirming that the basic structure
of the construct is equivalent across the two groups. Specifically, the model confirms that
the items in Table 2 correspond to the latent factor of school belonging. The fit indices
(CFI = 0.994, RMSEA = 0.028, SRMR = 0.010) indicate that learners from both wealthier and
poorer quintiles conceptualize the sense of school belonging in the same way. The metric
invariance model constrains factor loadings to be equal, testing whether each item
contributes to the latent construct with the same strength in both groups. The negligible
deterioration in fit (ACFI = -0.002, ARMSEA = -0.001) supports metric invariance, meaning
that the relationships between the items and the underlying construct are equivalent.
Scalar invariance testing further constrains item intercepts to be equal. This tests whether
learners from the different quintile groups with the same sense of school belonging would
provide the same average score on each item. The minimal change in fit indices (ACFI = -
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0.004, ARMSEA = 0.002) supports scalar invariance. The test for strict invariance, which
requires equal residual variances, revealed a significant decrease in model fit (ACFI = -
0.012). The model revealed that the item "l am proud to go to this school" (item 5) functions
with different precision or reliability across the groups. To address this, a partial invariance
approach was employed, whereby this parameter was freely estimated (i.e,, its residual
variance was allowed to differ between groups) while all other parameters remained
constrained. This modified strict invariance model showed a markedly improved fit (CFI =
0.984), indicating that strict invariance holds for the model with this minor modification.

Table 7: MGCFA model fit for Grade 5 school belonging measurement invariance

Fit Indices Model Comparisons

Model df x> CFlI RMSEA SRMR ACFI ARMSEA  ASRMR

Configural 10 47564 0994 0028 0.010

Metric 14 63617 0992 0027 0013 -0.002 -0.001 0.003
Scaler 18 90145 0989 0029 0015 -0.004 0.002 0.002
Strict 23 170014 0977 0036 0.018 -0.012 0.008 0.003

stict(partial | o5 157373 0984 0031 0017 -0005 0003 0002

Poorest 60% and Quintile 4

item 5)

Configural 10 24684 0998 0.017 0.008
Metric 14 31129 0997 0.016 0.010 0.000 0.005 0.007
Scaler 18 256586 0965 0052 0.022 -0.033 0.036 0.012

Scalar (partial:

. 17 98168 0988 0.031 0.015 -0.009 0.015 0.005
item1)

Poorest 60% and Quintile 5

Scalar (partial:

) 16 69341 0992 0.026 0.014 -0.005 0.010 0.004
item1, 5)

Source; Own calculations from TIMSS (2019)

Note: ltems in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For quintile 5 vs poorest 60%, model achieved partial scalar invariance and
estimated the strict invariance model with items “I like being in school” (item 1) and ‘| am proud to go to this
school’ (item 5) intercepts remaining unconstrained. Model did not converge for strict invariance with sufficient
parameters to constraint.

The analysis reveals a similar but more nuanced pattern when comparing learners from
the Poorest 60% of schools with those from the most affluent Quintile 5 schools. As with
the previous comparison, the measure demonstrates strong configural and metric
invariance. This confirms that the fundamental concept of the sense of school belonging
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construct is recognized similarly by both groups, and that the survey items relate to this
concept with statistically equivalent strength. However, achieving scalar invariance, which
is necessary for comparing average scores between groups proved more challenging. A
significant deterioration in model fit (ACFI = -0.033) for the full scalar model indicates a
systematic bias in how the groups use the response scale for certain items. Specifically,
even when learners from the Poorest 60% and Quintile 5 schools possess the same
underlying sense of school belonging, they report different average scores on the items
‘I like being in school" (item 1) and "I am proud to go to this school" (item 5). This suggests
that factors related to school affluence influence how students interpret or respond to
these specific questions. To resolve this, a model of partial scalar invariance was tested,
in which the intercepts for these two items were freely estimated (i.e., allowed to differ
between groups). This adjustment resulted in a well-fitting model (CFI = 0.992, ACFI = -
0.005), indicating that after accounting for the unique scaling of these two items, the core
measurement of school belonging is equivalent. This partial invariance allows for valid
comparisons of the latent means between the groups, provided that the differences in the
two non-invariant items are acknowledged.

5.2.2. Grade 5 self-concept

The results in Table 8 demonstrate that the mathematics self-concept construct functions
similarly for learners from the Poorest 60% of schools compared to those in Quintile 4. The
configural model establishes a strong baseline fit (CFI = 0.992, RMSEA = 0.026, SRMR =
0.014), confirming an equivalent factor structure. Support for metric invariance is clear
from the negligible fit deterioration (ACFI = 0.000, ARMSEA = -0.003), indicating the items
relate to the latent construct with equal strength across groups. Scalar invariance is also
achieved (ACFI = -0.002, ARMSEA = 0.001), confirming that learners with the same level of
self-concept provide similar scores on the items. The achievement of strict invariance
(ACF| = -0.006, ARMSEA = 0.003) confirms full measurement equivalence, meaning any
observed differences in scores can be attributed confidently to true differences in
mathematics self-concept.

A more complex picture emerges, however, when comparing learners from the Poorest
60% to the most affluent Quintile 5 schools. While configural and metric invariance hold,
the scalar model shows a more pronounced, though still acceptable, deterioration (CF| =
0.979, ACFI = -0.009). The strict invariance model, however, exhibits severe misfit (ACFI =
-0.035, ARMSEA = 0.017), indicating significant non-invariance. To identify the source of
non-invariance, a partial invariance approach was used. The sequential release of
parameters revealed that four items functioned differently between these
socioeconomically distant groups. Releasing constraints for the item 'l learn things quickly
in mathematics” (item 4) alone was insufficient (ACFI = -0.025). Acceptable fit (ACFI = -
0.007, ARMSEA = 0.004) was only achieved after also freeing the parameters for the items
‘I am just not good at mathematics" (item 3), "l usually do well in mathematics” (item 1), and
"Mathematics is harder for me than any other subject” (item 7). This pattern indicates that
perceptions of innate ability, performance, and comparative difficulty are measured with
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a lot less precision between the different socioeconomic groups, requiring a model of
partial strict invariance to achieve measurement equivalence of the mathematics self-
concept construct among Grade 5 learners.

Table 8: MGCFA model fit for Grade 5 mathematics self-concept measurement invariance

Fit Indices Model Comparisons

Model af o2 CFl RMSEA SRMR ACFI ARMSEA ASRMR
= Configural 22 93388 0992 0026 0014
c
o v Metric 30 105420 0991 0023 0015 0000 -0003 0001
o =
%‘g Scaler 35 127503 0989 0023 0016 -0002 000 0001
go
4 Strict 42 183686 0983 0026 0018 -0006 0003 0002

Configural 22 83795 0993 0024 0014

Metric 30 139235 0988 0027 0020 -0005 0003 0006
[Ve]
P Scaler 35 222820 0979 0033 0022 -0009 0006 0002
=
3 Strict 42 552536 0944 0050 0034 -0035 0017 001
5 ,
3 St”Ct(pj)t'al' M | 41 458007 0954 0045 0031 -0025 0012 0009
3
° Strict (partial it
7 e (pf;')a "M 1 40 392953 0961 0042 0029 -0018 0009 0006
§ i
o . .

Strict (fa;'la)l' oM | 39 306485 0968 0039 0026 -0011 0006 0004
Str'Cté:psr;'a;;'tem 38 288030 0973 0036 0024 -0007 0004 0002

Source: Own calculations from TIMSS (2019)

Note: ltems in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For quintile 5 vs poorest 60%, model achieved partial strict invariance. Model
also achieved partial strict invariance by constraining the error terms for “l usually do well in mathematics”
(item 1), “l learn things quickly in mathematics” (item 4), “Mathematics is harder for me than any other subject”
(item 7), and “I am just not good at mathematics” (item 3).

5.2.3. Grade 5 Intrinsic motivation

Table 9 presents the analysis of measurement invariance for the mathematics intrinsic
motivation construct across socioeconomic quintile groups. This analysis tests whether
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the construct that is measured by items such as 'l enjoy learning mathematics' (item 1) and
"I like mathematics' (item 5; see Table 3) function equivalently for learners from the Poorest
60% of schools compared to their peers in the 4th and 5th socioeconomic school quintiles.
The objective is to determine if socioeconomic context influences the measurement
properties of intrinsic motivation in mathematics.

Table 9: MGCFA model fit for Grade 5 mathematics intrinsic motivation measurement

invariance

Fit Indices Model Comparisons

Model df x? CFI RMSEA SRMR ACFI ARMSEA ASRMR

Configural 52 312602 0987 0032 0.015

T
c
@
§ :; Metric 61 328314 0987 0030 0.018 0.000 -0.002 0.002
© =
c
‘g’: g Scaler 68 340646 0986 0029 0.018 0000 -0.001 0.000
]
[e]
o Strict 77 514009 0978 0034 0021 -0.008 0.005 0.003

Configural 52 369.008 0986 0035 0.016
Metric 61 551340 0.978 0040 0.034 -0.008 0.005 0.018

Scalar 68 785776 0968 0.046 0.036 -0.010 0.006 0.003

Scalar(partial | o7 55716 0975 0041 0034 -0003 0001 0001
item 4)
Strict (partial:

) 72 972366 0956 0.050 0.039 -0.016 0.009 0.005
item5,1,9, 6)

Poorest 60% and Quintile 5

Source: Own calculations from TIMSS (2019)

Note: ltems in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For quintile 5 vs poorest 60%, model achieved partial scalar invariance, with
the item “I learn many interesting things in mathematics” (item 4) freely estimated. Model did not achieve strict
invariance. By constraining the error terms for items “I like mathematics” (item 5), “l enjoy learning mathematics”
(item 1), "Mathematics is one of my favourite subjects” (item 9), “I like any schoolwork that involves numbers”
(item 6) along with intercepts of Item 4 freely estimated at the scalar level, partial strict invariance model does
not converge with sufficient parameters constrained.

The measurement invariance analysis, for the comparisons between learners from the
Poorest 60% and Quintile 4 schools, demonstrates generally acceptable equivalence at
most stages of invariance testing. The configural model establishes adequate baseline fit
(CFI = 0.987, RMSEA = 0.032), confirming equivalent factor structure across these two
socioeconomic groups. Both metric and scalar invariance are achieved with minimal
deterioration in fit indices (metric: ACFI = 0.000; scalar: ACFI = 0.000), indicating that factor
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loadings and item intercepts function equivalently across these groups. This suggests that
students from the Poorest 60% and the Q4 socioeconomic quintile group interpret or
respond to mathematics intrinsic motivation items in fundamentally similar ways, meaning
that these groups may probably not represent the most extreme socioeconomic
contrasts. The progression to strict invariance also confirms that the measurement
precision of the items between the two groups is equivalent, and therefore achieving full
invariance of the intrinsic motivation construct between learners from the Poorest 60%
and Quintile 4 schools.

The comparison between learners from the Poorest 60% and Quintile 5 schools provides
strong evidence that larger socioeconomic gaps correspond with poorer measurement
invariance. A major finding emerges at the scalar level or the third most stringent level of
the MI test, which is necessary for comparing average scores. Significant model
deterioration (CFl = 0.968, ACFI = -0.010) was observed, primarily driven by the item "l learn
many interesting things in mathematics® (item 4). This scalar non-invariance indicates that
learners from different socioeconomic backgrounds interpret this item's scale differently;
for the same level of intrinsic motivation, their scored responses appear to be
systematically different. The analysis could not establish strict invariance, as constraining
error variances for the majority of items caused the model to fail. This fundamental
convergence issue further underscores that the measurement instrument itself performs
with different consistency and precision across this pronounced socioeconomic divide,
challenging the validity of direct comparisons between these groups.

6. TIMSS Grade 9 Analytical Results
6.1. Overall reflective measurement models for Grade 9 constructs

6.11. Analysis of school belonging reflective measurement model

This section evaluates the foundational measurement structure of the four key latent
constructs by examining their single-group reflective measurement models. The purpose
is to verify that the hypothesized constructs— school belonging (SB), Mathematics self-
concept (MSC), intrinsic motivation (IM), and extrinsic motivation (EM)—are coherently
represented by the observed data before testing for group differences. A well-specified
model indicates that the latent variable is a plausible common cause of its indicators,
establishing a valid foundation for subsequent analysis. The results reveal distinct levels
of measurement precision across the constructs.

The school belonging measurement model demonstrates one of the strongest
measurement structures, with excellent fit indices (CFI = 0.996, TLI = 0.992, RMSEA -
0.025, SRMR = 0.009). As shown in Figure 6, the factor loadings range from 0.35 to 0.70,
with the item “Teachers at my school are fair to me” (item 4: A = 0.35) being the weakest
indicator. The Iltem with the strongest association to the underlying construct Is the ltem I
feel like | belong at this school" (Item 3: A = 0.70). The other items, measuring feelings of
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safety and pride, show moderate to strong relationships with the latent construct,
confirming school belonging as a well-defined construct overall. The Item 'l like being in
school" (item 1) appears to be the one item that could mostly be Influenced by student
response bias or external factors that are not part of the "school belonging" construct
being measured. This Is because the Item has the highest expected score as given by the
Intercept (v = 5.24) In the figure below.

Figure 6: Measurement model for school belonging

Note: "SB" = School belonging; "it" = item; "item 1" = | like being in school; "item 2" = | feel safe when | am at school;
‘item 3" = | feel like | belong at this school; "item 4" = Teachers at my school are fair to me; "item 5" =  am proud
to go to this school.

6.1.2. Analysis of self-concept reflective measurement model

The mathematics self-concept model exhibits a strong factorial structure after accounting
for method effects associated with negatively worded items. Three items reflecting
negative self-perceptions (i.e.,, “Mathematics is more difficult for me than for many of my
classmates’, "Mathematics is not one of my strengths’, “Mathematics is harder for me than
any other subject”) were modelled to load onto both the main mathematics self-concept
factor and a separate orthogonal method factor, as illustrated in Figure 7. This
specification allows the model to separate substantive variance in self-concept from
method variance introduced by the negative wording format. The revised measurement
model demonstrates excellent fit to the data (CFI = 0.995, TLI = 0.990, RMSEA = 0.029,
SRMR = 0.009). Factor loadings across most indicators affirm its robustness (A = 0.67-1.01),
indicating a strong relationship between the items and the underlying latent construct of

mathematics self-concept. The substantial negative correlation (r = -0.79) between the
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mathematics self-concept factor and the method factor validates the presence of method
variance and confirms the successful isolation from the substantive construct.

Further examination of the item-level parameters in Figure 7 demonstrate that the
intercept values for most of the positively worded items generally have higher expected
scores (v = 2.33 — 3.47) than negatively worded items (v = 2.08 — 2.34). This result Is
consistent with the tendency for students to endorse positive self-statements more
readily. The residual variances also vary considerably across items, suggesting differential
measurement precision. Positively worded items show smaller residual variances,
demonstrating more reliable measurement, as a greater proportion of their variance Is
explained by the latent construct.

Figure 7. Measurement model of MSC with method effects adjustment
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Note: "MSC" = Mathematics self-concept; "MET" = Method factor; "it" = item; "item 1" = | usually do well In

mathematics; "item 2" = Mathematics is more difficult for me than for many of my classmates; “item 3" =
Mathematics is not one of my strengths; "item 4" = | learn things quickly in mathematics; "item 5" = | am good
at working out difficult mathematics problems; "item 6" = My teacher tells me | am good at mathematics; "item
7" = Mathematics is harder for me than any other subject.

6.1.3. Analysis of intrinsic motivation reflective measurement model

The IV model shows adequate fit to the data (CFI = 0.986, TLI = 0.980, RMSEA = 0.048,
SRMR = 0.016), though a bit weaker than the other motivational constructs. As illustrated
in Figure 8, factor loadings range from moderate to strong (A = 0.58 to 0.91), with most
ltems loading strongly on the intrinsic motivation construct. The measurement model was
adjusted for method effects by including a separate method factor for two negatively
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worded Items (i.e., “I wish | did not have to study mathematics “and “Mathematics is
boring”), which load on both the main intrinsic motivation factor and the method factor.
Notably from the results is the substantial positive correlation (r = 0.79) between the
intrinsic motivation factor and the method factor, rather than the negative correlation that
is typically expected. This result may suggest that the wording effect may actually be
aligned with the construct itself, potentially indicating that negative perceptions of
mathematics are an important component of low intrinsic motivation rather than merely a
measurement artefact.!

Figure 8: Measurement model of mathematics IM with method effects adjustments
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Note: "IM" = Intrinsic motivation; "MET" = Method factor; "it" = item; "item 1" = | enjoy learning mathematics; ‘item
2" = | wish | did not have to study mathematics; ‘item 3" = Mathematics is boring; "item 4" = | learn many
interesting things In mathematics; "item 5" = | like mathematics; "item 6" = | like any schoolwork that Involves
numbers; "item 7" = | like to solve mathematics problems; ‘item 8" = | look forward to mathematics class; "item
9" = Mathematics is one of my favourite subjects.

6.1.4. Analysis of extrinsic motivation reflective measurement model

Finally, the Extrinsic motivation (EM) model demonstrates adequate but modest fit (CFI =
0.961, TLI = 0.948, RMSEA = 0.062, SRMR = 0.028). The range of factor loadings (A = 0.48-
0.73) indicates a moderate to strong link between the items and underlying construct as
illustrated in Figure 9 below. This means that these self-reported measures of

11 This means the data suggests that, for these group of students, agreeing with a negative statement like “I do not like mathematics” is not just a problem with the
survey's wording, this may reflect true low motivation in mathematics.
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mathematics extrinsic motivation indicate a sufficient manifestation of the actual
underlying extrinsic motivation. The item related to specific goals?3' (e.g., “to get the job
| want") show much stronger links as manifestations of the actual underlying construct
than those concerning general extrinsic motivation. The goal-oriented Items also show
higher baseline endorsement levels through high intercept values (v = 4.69 — 5.68). This
suggests that even students with low underlying extrinsic motivation for mathematics
likely recognize the value of mathematics for achieving specific educational or labour
market outcomes.

Figure 9: Measurement model for mathematics extrinsic motivation
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Note: "EM" = Extrinsic motivation; "it" = item; "item 1" = | think learning mathematics will help me in my daily life;
"item 2" = | need mathematics to learn other school subjects; ‘item 3" = | need to do well in mathematics to get
Into the university of my choice; "item 4" = | need to do well in mathematics to get the job | want; "item 5" = |
would like a job that Involves using mathematics; ‘item 6" = It is important to learn about mathematics to get
ahead In the world; "item 7" = Learning mathematics will give me more job opportunities when | am an adult;
"item 8" = My parents think that it is important that | do well In mathematics ; "item 9" = It is important to do well
in mathematics.

12 The item related to the specific goal of getting a job the learner wants has the strongest factor loading of A = 0.73.
13 The item related to the specific goal of getting into the desired university has the second highest loading A = 0.72.

14 The item related to the specific goal of getting ahead in the world has a factor loading of A = 0.68.
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6.2. Measurement invariance across school quintiles

6.2.1. Grade 9 school belonging

MGCFA was used to assess the measurement invariance of the school belonging
construct for ‘Grade 9 learners across school socioeconomic quintile groups. As shown in
Table 10, both comparisons of learners from the Poorest 60% versus Quintile 4 and
Poorest 60% versus Quintile 5 schools, show a strong support for configural invariance
(CFI20.990 RMSEA = 0.08, SRMR = 0.08). Establishing configural invariance confirms that
the factor structure of the school belonging construct is equivalent across these groups,
meaning that the model shows that the same set of observed items are manifestations of
the same underlying theoretical construct. Furthermore, metric invariance was also
established for both group comparisons (ACFI < -0.010, ARMSEA < 0.030, ASRMR < 0.030),
indicating that the strength of the relationship between the individual items and the
underlying latent construct is statistically equivalent across the socioeconomic groups.

Table 10: MGCFA model fit for Grade 9 school belonging measurement invariance

Fit Indices Model Comparisons
Model df x> CFlI RMSEA SRMR ACFI ARMSEA ASRMR
Configural 10 84014 0994 0030 0011
o
s < Metric 14 94457 0994 0027 0012 -0001 -0.004 0002
N
Q
3 § Scaler 18 202928 0985 0.035 0.019 -0008 0009 0.006
%3 Strict 22 329027 0976 0.041 0.030 -0015 0.012 0.014
o
a

Strict (partial: item

n 21 176898 0988 0.030 0.020 -0.003  0.001 0.004

Configural 10 90361 0994 0032 0.011
Metric 14 108254 0992 0.029 0014 -0001 -0.003 0.004
Scaler 18 1126747 0912 0.088 0.044 -0.081 0.059 0.030

Scalar (partial:

item 1) 17 132074 0991 0029 0016 -0.002 0.000 0.001

Strict 22 950977 0926 0073 0.055 -0065 0044 0.039

Poorest 60% and Quintile 5

Strict (partial: ltem

1 4) 20 161806 0.989 0.030 0.017 -0002 0.001 0.002

Source; Own calculations from TIMSS (2019)

Note: ltems in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are estimated with previously freely
estimated/unconstrained items. For quintile 4 vs poorest 60%, model achieved partial strict invariance with
the error term unconstrained for the item ‘I like being in school” (item 1). For the quintile 5 vs poorest 60%
comparison, the model achieved partial scalar invariance with the intercept for item “I like being in school”
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(item 1) freely estimated. In addition to the error term of item “item 1" freed, the error term for the item “Teachers
at my school are fair to me" (item 4) was also unconstrained to achieve partial strict invariance.

The results for scalar invariance revealed a clear divergence between the socioeconomic
comparisons. For learners from the Poorest 60% versus Quintile 4 schools, scalar
invariance was supported. Although the model fit showed a discernible decrease from the
metric level (ACFI = -0.008), the final indices nonetheless remained within acceptable
thresholds (CFI = 0.985, RMSEA = 0.035). This indicates that the measurement scale
possesses an equivalent baseline; students with the same underlying sense of school
belonging are expected to provide the same score on the survey items, validating
subsequent comparisons of their average engagement levels. In contrast to the Quintile 4
comparison, the comparison between the Poorest 60% and the most affluent Quintile 5
schools initially failed to achieve scalar invariance, with a substantial deterioration in
model fit (ACFI = -0.081). This significant misfit indicated that learners from these different
backgrounds were not using the response scale for all items in the same way. To address
this, a partial scalar invariance model was tested by freeing the intercept for the item I
like being in school" (item 1). This modification resulted in a well-fitting model (ACFI = -
0.002), establishing partial scalar invariance. This finding confirms that the core construct
is measured equivalently only using four out of the five items measuring school belonging.
This equivalence allows for latent mean comparisons between these stark socioeconomic
groups, accounting for the item that is answered differently between the two groups.

The tests for strict invariance revealed further differentiation between the socioeconomic
groups. For the comparison between the Poorest 60% and Quintile 4, the initial strict
model showed a notable decline in fit (ACFI = -0.015). However, after releasing constraints
on the residual variance of the item 'l like being in school" (item 1), model fit improved
significantly (ACFI = -0.003, ARMSEA = 0.001, ASRMR = 0.004), achieving patrtial strict
invariance. A more pronounced pattern emerged for the comparison between the Poorest
60% and Quintile 5. The initial strict model demonstrated substantial misfit (ACFI = -0.065,
ARMSEA = 0.044, ASRMR = 0.039), indicating differences in measurement precision. To
establish an acceptable model, it was necessary to free the residual variances for two
items: 'l like being in school" (item 1) and "Teachers at my school are fair to me" (item 4).
This modification resulted in a well-fitting partial strict invariance model (ACFI = -0.002,
ARMSEA = 0.001, ASRMR = 0.002). These results confirm a clear gradient in measurement
equivalence. While configural and metric invariance hold fully, to attain scalar and strict
invariance, it requires progressively more extensive partial invariance adjustments,
particularly for the comparison spanning the widest socioeconomic divide (Poorest 60%
vs. Quintile 5). This pattern indicates that the most significant measurement differences lie
in the baseline scores (intercepts) and the precision (error variances) of specific items that
are freed, reflecting how socioeconomic context shapes the response processes for these
indicators.
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6.2.2. Grade 9 mathematics self-concept

Measurement invariance of the mathematics self-concept construct was examined to
determine if it functions equivalently across socioeconomic groups. When comparing
learners from the Poorest 60% and Quintile 4 schools, the construct demonstrates full
measurement invariance. Excellent model fit at the configural level (CFI = 0.995, RMSEA -
0.028, SRMR = 0.009) confirms both groups recognize the same conceptual framework
of self-concept. Critically, the minimal fit deterioration at metric (ACFI = 0.000), scalar (ACFI
= -0.004), and strict (ACFI = -0.003) levels establishes complete measurement
equivalence. This robust pattern validates direct comparisons of both relationships with
other variables and latent mean scores between these groups.

Table 11. MGCFA model fit for Grade 9 mathematics self-concept measurement

invariance

Fit Indices Model Comparisons

Model df x? CFI RMSEA SRMR ACFI ARMSEA  ASRMR

Configural | 22 159757 0995 0028  0.009
Metric 30 181553 0.995 0.025 0.012 0.000 -0.003 0.003
Scaler 35 287926 0991 0.030 0015 -0.004 0.005 0.003

Poorest 60% and
Quintile 4

Strict 42 386020 0988 0.032 0019 -0.003 0.002 0.004

Configural | 22 216807 0994 0.033 0.010
Metric 30 470706 0.986 0.043 0.035 -0.009 0.012 0.030

Metric
(partial: item | 29 412542 0.988 0.041 0.032 -0.006 0.007 0.022
6)

Scalar 34 629267 0981  0.047 0034 -0.007 0.006 0.003

Poorest 60% and Quintile 5

Strict 41 1037297 0968  0.055 0.044 -0.013 0.008 0.009

Strict (partial:

39 881317 0973 0.052 0.040 -0.008 0.005 0.005
Item 6, 4)

Source; Own calculations from TIMSS (2019)

Note: ltems in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For quintile 5 vs poorest 60%, model achieved partial metric invariance and
estimated the scalar invariance model with item “My teacher tells me | am good at mathematics” (item 6)
loadings remaining unconstrained. Model achieved full scalar invariance. Partial strict invariance was achieved
with the error term for items “My teacher tells me lam good at mathematics” (item 6) and “I learn things quickly
in mathematics” (item 4) freely estimated across groups, with loading for “item 6" still unconstrained.
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In contrast, the comparison between the Poorest 60% and the most affluent Quintile 5
schools revealed notable measurement non-invariance. While the basic factor structure
was shown to be equivalent (configural CFl = 0.994, RMSEA = 0.033, SRMR = 0.010), metric
invariance was compromised, as indicated by a significant change in the SRMR fit index
(ASRMR = 0.030). This signifies that the relationship strength between certain items and
the underlying self-concept construct differs between these groups. Partial metric
invariance was only achieved after allowing the parameter for the item "My teacher tells
me | am good at mathematics” (item 6) to vary. This was necessary again at the strict
invariance level, where the error variances for this item and an additional item "l learn
things quickly in mathematics" (item 4) had to be freed again to establish partial strict
invariance. This pattern is a potential indicator that external validation (teacher feedback)
and perceived learning speed are interpreted or experienced inconsistently across this
pronounced socioeconomic divide (poorest 60% vs Q5), challenging the validity of using
the constructs in group comparisons.

6.2.3. Grade 9 mathematics intrinsic motivation

The measurement invariance analysis for the mathematics intrinsic motivation shows
distinctly different outcomes across socioeconomic comparisons. For learners from the
Poorest 60% versus Quintile 4 schools, the construct demonstrates full, sequential
invariance. The model maintained strong fit from configural invariance (CFl = 0.986,
RMSEA = 0.047, SRMR = 0.017) through to strict invariance (ACFl = 0.000, RMSEA = 0.042,
SRMR = 0.032), with negligible changes at each sequential level of testing. This robust
pattern confirms that the constructs factor structure, factor loadings, item intercepts, and
measurement precision are entirely equivalent between these groups, thereby validating
all subsequent comparisons of latent means and structural relationships.

The comparison between the Poorest 60% and Quintile 5 schools revealed significant
measurement non-invariance, indicating the items may function differently across the two
groups of students. Although configural invariance was established (CFI = 0.985, RMSEA =
0.049, SRMR = 0.017), metric invariance (ASRMR = 0.055) was not established, due to the
variation in the item "Mathematics is boring" (item 3), which appears to relate to the latent
construct with different strength in each group according to the model test. Achieving
partial scalar invariance (ACFI = -0.008, ARMSEA = 0.008, ASRMR = 0.006) further required
freeing intercepts for items measuring enjoyment of mathematics class and work with
numbers, indicating that students with the same level of intrinsic motivation provided
systematically different baseline responses to these items. Most critically, the strict
invariance model failed to converge, suggesting fundamental differences in the reliability
of the items. This convergence failure signifies that the measurement instrument itself
may lack equivalent precision across these groups, presenting a substantial challenge for
valid quantitative comparisons.
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Table 12: MGCFA model fit for Grade 9 mathematics intrinsic motivation measurement

invariance

Fit Indices Model Comparisons

Model df x? CFI RMSEA SRMR ACFI  ARMSEA ASRMR

Configural | 52 978831 0986  0.047 0.017
Metric 61 1045033 0985 0.044 0032 -0001 -0.003 0.009

Scaler 68 1135125 0983 0.044 0.033 -0.001 -0.001 0.001

Poorest 60% and
Quintile 4

Strict 77 1163470 0983  0.042 0032 0000 -0.002 0.000

Configural | 52 1044102 0985 0.049 0.017

Metric 61 1367679 0981  0.052 0.072 -0.005 0.003 0.055

Metric
(partialitem | 61 126759 0983  0.049 0.025 -0.002 -0.001 0.008
3)

Poorest 60% and Quintile 5

Scalar partial:

: 68 1860.97 0975 0.056 0.031 -0.008 0.008 0.006
(item 6, 8)

Source: Own calculations from TIMSS (2019)

Note: Items in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For quintile 5 vs poorest 60%, model achieved partial metric invariance and
estimated the scalar invariance model with item “Mathematics is boring" (item 3) loadings remaining
unconstrained. Model also achieved partial scalar invariance with the intercept for the items "I like any
schoolwork that involves numbers “(item 6) and I look forward to mathematics class” (item 8) unconstrained.
[tem “item 3" loadings remain unconstrained across groups when estimating the partial scalar invariance
model.

6.2.4. Grade 9 mathematics extrinsic motivation

The analysis of the extrinsic motivation construct across the Poorest 60% and Quintile 4
schools showed good fit across all invariance levels. Configural invariance (CFl = 0.957,
RMSEA = 0.064, SRMR = 0.028) indicated a stable factor structure. Metric invariance (ACFI
= 0.000, ARMSEA = -0.004, ASRMR = 0.001) and scalar invariance (ACFI = -0.003, ARMSEA
= -0.002, ASRMR = 0.002) confirmed the equivalence of item relationships and latent
means, respectively. At strict invariance, some decline in fit (ACFI = -0.011) was observed,
suggesting differences in measurement precision. Adjustments for the specific item, ‘I
need to do well in mathematics to get into the university of my choice” (item 3) improved
fit, revealing the differences in the measurement error for learner's perception of
mathematics being a tool for future academic opportunities.
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For the Poorest 60% vs Quintile 5 comparison, fit indices were less consistent. While
configural invariance showed acceptable fit (CFl = 0.947, RMSEA = 0.073, SRMR = 0.031),
constraining factor loadings led to declines in the comparative fit index (ACFI = -0.010),
suggesting some variability in response patterns between the groups. Factor loadings on
the item related to the learners rating on how important their parents think mathematics
is for them were freely estimated to achieve partial metric invariance. Scalar invariance
showed more substantial deterioration (ACFI = -0.026), indicating differences in some item
mean scores. The two items showing the most variation relates to the learners’ career
aspirations of getting a job which would require mathematics (item 5), and also the
learner's perception of their parent's expectation for their performance in mathematics
(item 8). Partial scalar invariance was achieved after freeing the intercepts of those two
items. Strict invariance again for this model between the Poorest 60% and Quintile 5
groups did not converge, with most items showing high variability in measurement error.

Table 13: MGCFA model fit for Grade 9 mathematics extrinsic motivation measurement

invariance

Fit Indices Model Comparisons

Model af o2 CFl RMSEA SRMR ACFI  ARMSEA ASRMR
© Configural 54 1863243 0957 0064 0028
'§ Metric 62 1888302 0957 0060 0030 0000 -0004  0.001
E" Scaler 70 2025986 0954 0058 0031 -0003 -0002 0002
§ Strict 79 2505664 0943 0061 0037 -0011 0003 0005
o
g Strict (pzr)tial: tem |7 2300409 0947 0059 0034 -0007 0001 0003

Configural 54 2433068 0947 0073 0031

Metric 62 2878411 0938 0074 0047 -0010 0001 0017

Metric (partial: item

8) 61 262343 0943 0071 0037 -0.004 -0.002 0.007

Scalar 69 381769 0917 0081 0.048 -0026 0.010 0.010

Scalar (partial: item

8) 68 334118 0928 0076 0.043 -0.016 0.005 0.006

Poorest 60% and Quintile 5

Scalar

. 67 305391 0934 0073 0041 -0.009 0.002 0.003
(partial: Item 8, 5)

Source; Own calculations from TIMSS (2019)

Note: ltems in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
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estimated/unconstrained items. For quintile 5 vs poorest 60%, model achieved partial metric invariance and
estimated the scalar invariance model with item "My parents think that it is important that | do well in
mathematics” (item 8) loadings remaining unconstrained. Model also achieved partial scalar invariance with
the addition to the intercept for the item “Iltem 8," the item “I would like a job that involves using mathematics”
(item 5) was also unconstrained to achieve partial scalar invariance. Item ‘“item 8" loadings remain
unconstrained across groups when estimating the partial scalar invariance model.

7. PIRLS Grade 4 Analytical Results
7.1.  Measurement Invariance across SES groups and test language speakers

7.11. Grade 4 school belonging

This analysis in Table 14 examines whether the school belonging construct for Grade 4
learners’ functions equivalently across learners from the Poorest 60% and Quintile 5
schools, with a specific focus on whether they speak the language of the test at home,
which is also the language of instruction. For learners who speak the language of the test
at home, the items demonstrate strong cross-socioeconomic validity, achieving full
configural, metric, and scalar invariance. This indicates that the construct is
conceptualized similarly, the items relate to a sense of school belonging with equal
strength, and the rating scale is used with the same baseline across affluent and poor
schools. Consequently, both relationships with other variables and latent mean scores can
be validly compared between these socioeconomic groups. The only deviation was at the
strict invariance level (ACFI > -0.010), where the item "l have friends at this school" (item 6;
see Table 2) exhibited differing measurement precision; however, partial strict invariance
was achieved by freeing its error variance, preserving the overall robustness of the
measurement model.

The findings reveal a more complex picture when language status differs between
groups. For non-language speakers, the items demonstrate full measurement invariance
across socioeconomic groups, including strict invariance. However, a critical divergence
occurs in the cross-group comparison between affluent language speakers and poor hon-
language speakers, where metric invariance was not established, specifically, fewer than
two factor loadings were equivalent across these two cross-groups. The failure to achieve
even partial metric invariance (ACFI > -0.010) indicates that the items do not relate to the
underlying engagement construct with the same strength for these groups, rendering
their scores fundamentally incomparable. Conversely, the items demonstrate full
measurement invariance in the reverse comparison, between affluent non-language
speakers and poor language speakers. This pattern may suggest that the disruptive effect
of language disparity is not symmetrical; it primarily undermines measurement when the
language disadvantage is concentrated within the lower socioeconomic group, thereby
highlighting a specific intersection of socioeconomic and linguistic marginalization.
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Table 14: MGCFA model fit for Grade 4 school belonging measurement invariance

Fit Indices Model Comparisons
Model df 7 CFI RMSEA SRMR ACFI ARMSEA  ASRMR
Within language
speakers
Scaler 28 178778 0975 0.038 0.026 -0.007 0.002 0.002
Strict 34 375171 0942 0.052 0.037 -0.032 0.014 0.011

Strict (partial: item | 31 340280 0948 0052 0.036 -0.027 0.014 0.011

6)
Within non-
language speakers
Scalar 28 46131 0989 0026 0.023 -0.005 0.006 0.002
Strict 34 59392 0985 0028 0026 -0004 0.002 0.003

Poorest 60%: Non-

Poorest 60% and Quintile 5

language

speakers'®

Configural 18 54113 0990 0.035 0016

Metric 23 119819 0973 0.050 0.041 -0.017 -0.019 0.025

Metric (partial: item | 24 105497 0.977 0045 0.030 -0.013 0.010 0.014
6,532

Quintile 5: Non-

language
speakers'®
Scalar 28 75797 0988 0024 0016 0.000 -0.002 0.000
Strict 34 83236 0988 0022 0.017 0.000 -0.002 0.001

Source: Own calculations from PIRLS (2021)

Note: ltems in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For the Poorest 60%: Non-language speakers, the model only establishes
full configural invariance and could not establish any invariance level beyond metric invariance due to less
than two items having equal loadings across the cross-group comparisons with Quintile 5: language speakers.

15 This panel of the table compares learners from the Poorest 60% schools who do not speak the language of the test at home to Learners from Quintile 5 schools
who speak the language of the test at home.

16 This panel compares the reverse comparison of the panel above—learners in Quintile 5 schools who do not speak the language of the test at home to learners
from the Poorest 60% of schools who speak the language of the test at home.

41



7.12. Grade 4 reading self-concept

Table 15 presents the analysis of the literacy self-concept construct, examining its
measurement invariance across different combinations of school affluence and home
language. For learners who share the same language status, the items measuring reading
self-concept demonstrate strong validity. The model for learners who speak the test
language at home achieved scalar invariance, confirming that learners from the Poorest
60% and Quintile 5 schools conceptualize RSC identically. The only deviation was for
learners who do not speak the test language at home at the strict invariance level, where
the initial model showed a significant deterioration in fit (ACFI > -0.010). The item "Reading
is easy for me" (item 2, see Table 1) showed differential precision, and allowing its error
variance to differ established partial strict invariance (final ACFI < -0.010).

An important difference emerges when language status and school affluence are crossed.
The model comparing learners from the Poorest 60% of schools who do not speak the
test language at home with learners from Quintile 5 schools who do speak it failed to
achieve metric invariance (ARMSEA > 0.015), even after freeing factor loadings for four of
the six items measuring literacy confidence. Conversely, the reverse comparison achieved
full measurement invariance, with the scalar model showing no deterioration (ACFI =
0.000, ARMSEA = -0.003) and the strict model demonstrating excellent fit (ACFI = -0.002,
ARMSEA = 0.000). This demonstrates that the construct functions identically for these
cohorts of students, indicating that the disruptive effect of language disparity is again most
likely acute when it coincides with economic disadvantage.

Table 15: MGCFA model fit for Grade 4 reading self-concept measurement invariance

Fit Indices Model Comparisons
Model df 7 CFI RMSEA SRMR ACFI ARMSEA ASRMR
Within language
speakers
Scaler 22 67921 0991 0.024 0.015 -0.001 -0.001 0.001
©
)
E Strict 28 98089 0986  0.026 0019 -0.005 0.002 0.004
=
% Within non-
3 language
%" speakers
©
§ Scalar 22 42392 0.986 0.031 0.026 -0.002 -0.001 0.002
S
o
< Strict 28 80709 0963 0.045 0032 -0023 0.013 0.006
Str'i‘t:;:]faZr)t'al: 27 50972 0977 0036 0021 -0009 0005 -0.005
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Fit Indices Model Comparisons

Model daf Ve CFI RMSEA SRMR ACFI ARMSEA ASRMR

Poorest 60%:
Non-language
speakers

Configural
Metric 18 52138 0986  0.034 0027 -0.014 0.034 0.020

Metric (partial:

. 15 27438 0995 0.022 0.019 -0.005 0.022 0.012
item®,5,4,1)

Quintile 5: Non-

language
speakers
Scalar 22 48051 0993 0020 0.014 0.000 -0.003 0.000
Strict 28 62087 0991  0.020 0015 -0.002 0.000 0.001

Source: Own calculations from PIRLS (2021)

Note: Items in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For the Poorest 60%: Non-language speakers, the model only achieved
configural invariance and could establish any invariance level beyond metric invariance due to less than two
items having equal loadings across the cross-group comparisons with Quintile 5: language speakers.

7.13. Grade 4 reading intrinsic motivation

The analysis of the intrinsic reading motivation construct first examines learners who share
the same language status. For learners who speak the test language at home,
comparisons between those from the Poorest 60% and Quintile 5 schools demonstrate
full measurement invariance through to strict invariance. This confirms the items function
identically across the socioeconomic divide for this group. Similarly, for learners who do
not speak the test language at home, comparisons between the Poorest 60% and Quintile
5 schools also show strong equivalence, achieving scalar invariance. However, to achieve
an acceptable model at the strict invariance level for this group, the error variance for the
item “I would like to have more time for reading” (item 4; see Table 3) had to be freely
estimated, resulting in a partial strict invariance model.

The analysis reveals a critical and asymmetric pattern when language status and
socioeconomic status are crossed. The comparison between learners from the Poorest
60% of schools who do not speak the test language at home and learners from Quintile 5
schools who do speak the language achieved only partial invariance. Partial metric
invariance (ACFl < -0.010, ARMSEA < 0.015, ASRMR < 0.030) was established after freeing
the factor loadings for the enjoyment items I think reading is boring” and ‘I enjoy reading.”
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Scalar invariance initially failed (ACFI = -0.018) and was only achieved partially (final ACFI =
-0.009) after freeing the intercepts for the item related to the learners perceived benefit
of reading ‘I learn a lot from reading” (i.e,, item 4) and the socially orientated item “| like
talking about what | read with other people” (ie, item 1). Finally, partial strict invariance
(ACFI < -0.010) required also freeing the error variance for the latter social item and the
item “I would be happy if someone gave me a book as a present” (i.e., item 2). The reverse
comparison testing of the learners from Quintile 5 schools who do not speak the test
language versus learners from the Poorest 60% who do speak the test language achieved
full measurement invariance through to strict invariance. This wide difference in
measurement Invariance results may be indicative that the measurement instrument may
at times fail to function equivalently when language disadvantage is concentrated within
the less affluent group, but works well when the same language difference exists
alongside socioeconomic advantage.

Table 16: MGCFA model fit for Grade 4 reading intrinsic motivation measurement

invariance
Fit Indices Model Comparisons
Model af 7 CFI RMSEA SRMR ACFI ARMSEA  ASRMR
Within language
speakers
Scaler 53 414316 0966 0043 0.031 -0.004 0.002 0.002
Strict 61 472474 0961 0.043 0.033 -0.005 0.000 0.003
Within non-
language speakers
Scalar 53 123454 0977 0.038 0.031 -0.007 0.004 0.002
Strict 61 169.065 0965 0043 0.036 -0.012 0.006 0.005

Strict (partial: item | 60 151480 0.971 0.040 0.036 -0.007 0.003 0.005
4)

Poorest 60%: Non-

Poorest 60% and Quintile 5

language speakers
Configural 40 173378 0975 0.045 0.024
Metric 47 269372 0958 0053 0.048 -0.017 0.009 0.024
Metric 45 209126 0969 0.047 0034 -0.006 0.002 0.010

(partial: item 3, 5)

Scalar 51 308481 0951 0055 0.041 -0.018 0.008 0.006
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Fit Indices Model Comparisons

Model daf Ve CFI RMSEA SRMR ACFI ARMSEA  ASRMR

Scalar 49 262398 0960 0051 0.038 -0.009 0.004 0.003
(partial: item 1, 6)

Strict 57 357781 0943 0.056 0.049 -0.016 0.005 0.011

Strict 55 317972 0950 0053 0.042 -0.009 0.002 0.005
(partial: item 1, 2)

Quintile 5: Non-

language speakers
Configural 40 211019 0980 0.038 0021
Metric 47 215416 0980 0.035 0.022 0.000 -0.003 0.001
Scalar 53 228957 0979 0034 0.022 -0.001 -0.001 0.000
Strict 61 270475 0975 0.034 0023 -0.004 0.001 0.001

Source: Own calculations from PIRLS (2021)

Note: Items in parenthesis are freely estimated at each level of invariance, to achieve partial invariance.
Subsequent to achieving partial invariance, the models are then estimated with previously freely
estimated/unconstrained items. For the Poorest 60%: Non-language speakers, the model only achieved
configural invariance and could establish any invariance level beyond metric invariance due to less than two
items having equal loadings across the cross-group comparisons with Quintile 5: language speakers.

8. Discussion and conclusion

8.1. Summary of main results

The aim of this paper is to validate the measurement of learners' self-perception and
motivational belief constructs across socio-economic groups in South African TIMSS and
PIRLS data. The analysis of internal consistency, using Cronbach's alpha, reveals
consistent patterns across the different socioeconomic status (SES) groups. Firstly, for
every construct (e.g., self-concept, intrinsic motivation), reliability is consistently higher in
Grade 9 than in Grade 5 or 4. For instance, the intrinsic motivation alpha score is estimated
at 0.897 for Grade 9 learners, compared to an estimate of 0.791 for Grade 5, and 0.722 for
Grade 4 learners. Secondly, a strong socioeconomic effect is evident; reliability is almost
always lowest amongst learners in Quintile 1 schools (lowest SES) and highest in the
Quintile 5 subset (highest SES). For instance, learners in Grade 5 present a mathematics
self-concept reliability score of 0.646 in Ql compared to 0.788 in Q5. In Grade 9 the
mathematics self-concept reliability score has an estimate of 0.709 in Q1 compared to an
estimate of 0.869 in Q5. Overall, the motivational constructs, intrinsic- and extrinsic
motivation, are the most reliable constructs with reliability scores generally above the 0.7
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threshold (Hair, et al,, 2006), while self-concept (MSC/RSC) and school belonging show
much more variability, especially among younger learners, and those from low-SES
schools.

These patterns can be explained through developmental and contextual lenses. One
potential explanation for the higher reliability in older grades is that students' self-
perceptions and motivations become more stable and well-defined over time (Kuzucu, et
al, 2013). The strong socioeconomic effect observed in the data, where reliability
estimates for constructs such as mathematics self-concept and intrinsic motivation
consistently increase from the lowest (Quintile 1) to the highest (Quintile 5) SES groups,
suggests that the measurement properties of these constructs differ depending on the
contextual environment the constructs are measured. This effect may be influenced by
school environmental factors that are associated with higher SES, such as better
resources or instructional quality, which could provide a setting where students develop
clearer and more differentiated self-perceptions and motivations (Mndawe, et al.,, 2024;
Chen, et al,, 2025). However, there is a danger in using aggregate reliability scores, which
is that the scores mask substantial measurement differences for specific subgroups. For
instance, the overall reliability coefficient for the Grade 5 mathematics self-concept
construct is 0.661, which is misleading, because the measure performs notably better in
higher-SES schools (e.g., Quintile 4, a = 0.725) and notably worse in mid-to-lower SES
schools (e.g., Quintile 1, a = 0.646). These overall scores cannot be directly used to identify
‘low self-concept,” because if the low scores in low-to-mid SES schools are partly due to
poor measurement reliability, an attempt to intervene in improving learner's motivation
and expectancy beliefs could potentially be misguided. The reliability scores which are
below the 0.7 threshold likely reflect measurement artefacts more than it shows that the
learners have a low score or a true lack of motivation or expectancy of success. Beyond
these Cronbach's alpha estimates, the multi-group confirmatory factor analysis (MGCFA)
further substantiates varied measurement functioning across these subgroups for the
different constructs. In other words, measurement invariance further shows that we
cannot trust a low score truly means a student lacks confidence or motivation, but rather
that the survey tool itself may be faulty in certain school contexts and grades.

8.2. Limitations

Measurement invariance testing fundamentally depends on correct specification of the
underlying factor structure, where misspecification of the baseline model would hold true
through all subsequent invariance tests. Since measurement invariance testing proceeds
hierarchically, errors at earlier levels compromise the validity of conclusions at later levels.
Additionally, decisions about whether invariance has been achieved rely on fit index cut-
offs (such as ACFl < .01 or ARMSEA < .015) that represent conventions rather than absolute
thresholds. When full invariance cannot be achieved, partial invariance models require
decisions about which items to free, typically based on identifying those showing the
largest changes in fit indices. However, different researchers might reasonably make
different choices about which parameters to free, potentially leading to different
conclusions about the degree and nature of non-invariance. A fundamental limitation is
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that measurement invariance testing identifies where differences exist between groups
without explaining why they occur. This is because measurement invariance testing
cannot definitively determine whether detected non-invariance reflects genuine
psychological differences in how groups experience and conceptualize the constructs or
if its measurement artefacts arising from differential item functioning across contexts, or
some combination of both. The theoretical interpretations offered in this study, while
grounded in existing research remain somewhat speculative, and alternative explanations
may be equally plausible.

The PIRLS dataset presents unique challenges because it was translated into all 11 official
South African languages. Subtle differences in item meaning across languages could
create non-invariance that reflects translation artefacts rather than genuine differences in
how language groups experience reading engagement or self-concept. The cross-
sectional nature of this study further limits conclusions about how motivational and belief
frameworks develop over time. While comparing Grade 5 and Grade 9 cohorts from TIMSS
2019 provides some evidence of stability in non-invariance patterns, these are
independent samples rather than longitudinal data following the same learners. Observed
differences between Grades could reflect developmental changes in how learners
conceptualize motivational constructs, or cohort effects from different educational
experiences, or both.

8.3. Conclusion

The measurement invariance results have demonstrated that socioeconomic background
does not only predict differential educational outcomes among students as research has
previously shown (Taylor & Yu, 2009; Shepherd & Van der Berg, 2020; Gutfleisch & Kogan,
2022), but also shapes how students understand and respond to survey items measuring
their self-perceptions and motivation. The growing global recognition of learners’ self-
concept and motivation makes the measurement invariance findings in this study
particularly significant. The non-invariance observed across socioeconomic groups
provide evidence that students from different backgrounds are navigating distinct
educational contexts that shape how they perceive their capabilities, value academic
subjects, and experience school. One other critical finding that emerges from the results
is the language-mediated effects that compound existing disadvantages for specific
groups of learners, particularly those from poorer socioeconomic contexts who also do
not speak the language of instruction at home.

From an educational equity perspective, these measurement invariance results suggest
important limitations in how we currently understand student experiences across different
school environments and demographic groups. The assessment tools used to measure
learners' self-perceptions and motivation appear to function differently depending on
students' socioeconomic contexts, raising questions about the validity of direct
comparisons across these groups. The results reveal that disadvantaged learners may
systematically interpret and respond to questions about their academic experiences
differently than their advantaged peers. This finding has important implications for how
we understand educational inequality. When we assume that all students interpret survey
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items about self-concept, motivation, and belonging in the same way, we risk
misunderstanding the actual experiences and needs of disadvantaged students. This
strongly suggests that simply collecting more student voice data without accounting for
measurement non-equivalence may misrepresent learners' true self-perceptions and
motivation. When disadvantaged Grade 9 learners, for example, report lower self-
perceptions and motivational beliefs than their more advantaged peers, the results show
that there is systematic difference in how they respond to and interpret items about “doing
well," *finding mathematics useful for careers,” or “being good at difficult problems.”" These
interpretations are likely shaped by the learners constrained educational experiences,
different peer reference groups, and limited exposure to certain career pathways. Policy
interventions designed to “boost academic motivation” based on these survey responses
may therefore be misdirected if they fail to recognize that measurement itself is capturing
different realities across socioeconomic contexts.
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