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Abstract

This study investigates the determinants of academic progression among low-income learners
within two contrasting South African educational contexts: Low-income schools and higher-
income schools. Drawing on data from the 2022 General Household Survey, the analysis employs
factor analysis, multivariate regression, structural equation modelling, and machine learning
techniques to identify eight latent constructs that characterise learners from lower socio-economic
backgrounds, namely, family structure, learner health, supported retention, food security, welfare
income, sanitation, energy, and environmental conditions.

Although learners across both contexts share similar socio-economic disadvantages, the influence
and function of these factors diverge considerably. Learners attending schools with lower socio-
economic status tend to benefit from greater institutional support and increased access to welfare
income, yet they often face more precarious household conditions. In contrast, learners enrolled
in higher status schools are generally situated in more stable home environments but receive
comparatively less institutional assistance. The analysis reveals that regular school attendance,
age appropriate grade placement, access to school-provided meals, and welfare income are con-
sistently critical for academic progression across both contexts, though their relative significance
varies.

To substantiate these findings, the analytical approach was applied to an independent high
school case study. This application confirmed that, once foundational needs are adequately
met, higher-order factors such as paternal involvement, future-oriented optimism, and intrinsic
motivation become increasingly influential in determining academic success. These insights
informed the development an educational hierarchy of needs decision-support model, which
outlines five sequential levels essential for the academic development of low-income learners.
Level 1 addresses foundational needs, including regular school attendance and age-appropriate
grade placement. Level 2 emphasises the necessity of access to school meals to ensure adequate
nutrition. Level 3 focuses on financial stability, particularly the receipt of welfare income such
as the child support grant. Level 4 centers on the importance of family support structures, with
a particular emphasis on paternal involvement. Level 5 culminates in mental well-being, marked
by self-motivation and a positive outlook on the future.

The decision-support model is grounded in the principle that educational progression must follow
a bottom-up trajectory, whereby higher-level development is contingent upon the fulfilment of
lower-level needs. For instance, strong psychological well-being (Level 5) cannot compensate for
irregular school attendance (Level 1) or nutritional deficiencies (Level 2). As such, this hierarchi-
cal decision-support framework offers a structured and systematic approach to identifying and
addressing the most pressing barriers to educational success for low-income learners within South
Africa’s bifurcated education system, where profound disparities persist along socio-economic
lines.
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Opsomming

Hierdie studie ondersoek die onderliggende faktore wat akademiese vordering onder lae-inkomste
leerders beinvloed, binne die twee kontrasterende Suid-Afrikaanse onderwyskontekste van lae-
inkomsteskole en hoér-inkomsteskole. Die analise steun op data uit die 2022-weergawe van
die Algemene Huishoudelike Opname en gebruik metodologiese tegnieke soos faktoranalise,
meerveranderlikeregressie-analise, strukturele vergelykingsmodellering en masjienleer. Hierdie
benadering het agt latente faktore geidentifiseer wat leerders uit lae sosio-ekonomiese agtergronde
kenmerk, naamlik gesinstruktuur, leerdergesondheid, ondersteunende behoud, voedselsekerheid,
welsyninkomste, basiese higiénefasiliteite, toegang tot energie en omgewingsomstandighede.

Hoewel leerders in beide kontekste soortgelyke sosio-ekonomiese uitdagings ervaar, verskil die
aard en invloed van hierdie faktore beduidend. Leerders in skole met 'n laer sosio-ekonomiese
status geniet dikwels groter institusionele ondersteuning en beter toegang tot welsynshulp, maar
leef in meer onstabiele huishoudings. Daarteenoor leef leerders in hoérstatuskole gewoonlik in
stabieler huishoudelike omgewings, maar ontvang minder eksterne ondersteuning. Die ontleding
toon dat gereelde skoolbywoning, ouderdomsgepaste graadplasings, toegang tot skoolvoeding en
welsynsinkomste sleutelvoorspellers van akademiese vordering is in albei kontekste, hoewel hul
relatiewe gewig verskil.

Ter bevestiging van hierdie bevindings is dieselfde analitiese raamwerk toegepas op 'n onafhank-
like hoérskool-gevallestudie. Hierdie toepassing het getoon dat, sodra basiese behoeftes aange-
spreek is, hoér-orde faktore soos vaderlike betrokkenheid, toekomsgerigte optimisme en intrin-
sieke motivering al hoe meer bepalend word vir leerderprestasie. Hierdie insigte het aanleiding
gegee tot die ontwikkeling van 'n hiérargiese besluitsteunmodel vir opvoedkundige ingryping,
wat vyf opeenvolgende vlakke voorstel wat noodsaaklik is vir die akademiese ontwikkeling van
leerders uit lae-inkomste huishoudings.

Die grondvlak fokus op fundamentele behoeftes soos gereelde skoolbywoning en graadplasings.
Die tweede vlak beklemtoon voldoende voeding deur toegang tot skoolvoedsel. Die derde vlak 1é
klem op finansi€le sekuriteit, insluitend welsynsvoordele soos die kindondersteuningstoelae. Die
vierde vlak behels gesinssteun, met spesifieke fokus op vaderlike betrokkenheid. Die vyfde vlak
beklemtoon geestesgesondheid, gekenmerk deur selfmotivering en 'n positiewe lewensuitkyk.

Die model is gegrond op die beginsel dat ontwikkeling volgens 'n opwaartse trajek verloop.
Hoérvlakvaardighede kan slegs ontwikkel word indien laervlakbehoeftes vervul is. Byvoorbeeld,
geestelike welstand (vlak vyf) kan nie 'n gebrek aan skoolbywoning (vlak een) of voeding (vlak
twee) kompenseer nie. Hierdie raamwerk bied dus 'n gestruktureerde metode om sleutelhin-
dernisse tot akademiese vordering in Suid-Afrika se verdeelde onderwyslandskap te identifiseer
en aan te spreek.
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1.1 Background

Situated at the southern tip of Africa, South Africa is marked by the historical imprint of
apartheid, an institutionalised system of racial segregation. The struggle against apartheid,
pioneered by leaders such as Nelson Mandela, culminated in the nation’s inaugural democratic
elections in 1994 [85]. Despite comprising a well-established industrial sector, abundant mineral
wealth, and a successful agricultural domain, the nation confronts a pronounced socio-economic
crisis, marked by an elevated unemployment rate of 31.9% as of 2023 [90]. This crisis is further
exemplified by the fact that in 2023, 34.2% of the youth (i.e., those aged 15 to 24 years) were
neither employed nor engaged in education or training [60]. Such figures portend significant
implications for South Africa’s future, spanning economic prospects, social development, and the
daunting challenges in addressing youth unemployment and educational attainment disparities.

Reflecting on the words of the influential figure in the civil rights movement, Malcolm X,

“Education is the passport to the future, for tomorrow belongs to those who prepare
for it today.”
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emphasises the pivotal role of education in shaping the trajectory of a country. Improving the
education system is of paramount importance as it serves to equip citizens with the required
knowledge and skills that are imperative for their meaningful integration as productive contribu-
tors to the South African society [9]. This, in turn, augments the competitiveness of South Africa
within the global economy, thereby presenting a potent antidote to the prevailing socio-economic
crises faced within the country.

1.1.1 Introduction to the South African education system

The governance of the South African education system is overseen by the Department of Higher
Education and Training (DHET) [89] and the Department of Basic Education (DBE) [88]. The
DHET directs vocational training and higher education, emphasising post-school education and
training, while the DBE is responsible for primary and secondary school education. The DBE
oversees public schools, independent schools, early childhood development centres, and special
needs education facilities up to Grade 12. DBE’s vision is to provide equal access to education
for all within South Africa.

The public education system comprises four distinct phases through which learners progress from
entry to the successful completion of the National Senior Certificate (NSC) [58]. A learner enters
the system during the foundation phase at the age of five years in Grade R (the reception year)
and remains until Grade 3. The intermediate phase begins in Grade 4 at the age of nine years and
concludes in Grade 6. The senior phase commences at twelve years of age in Grade 7 and ends in
Grade 9. The final phase is Further Education and Training (FET), which begins at age fifteen
in Grade 10 and culminates in Grade 12 (the matriculation year) after successful completion of
the NSC examination. This progression reflects the prescribed grade—age trajectory. However,
due to factors such as early or late school entry and grade repetition, actual learner progression
may deviate from this pattern. The policy objective is to encourage adherence to this progression
path.

Generally, the public education system is organised into the primary school phase (i.e., Grades 1
to 7) and the high school phase (i.e., Grades 8 to 12). According to the South African Schools
Act of 1996 [91], children are obligated to attend school from the beginning of the year in which
they turn seven years old until the end of the year in which they turn fifteen.

The South African education system is characterised by two the distinct and parallel education
systems, namely the public system and the independent system [58]. Public schools, which are
government-owned and funded, often offer a more economically accessible option for learners.
In contrast, independent schools are privately owned, funded, and operated. In 2022, out of the
13.4 million learners in South Africa, 94.5% were registered within the public education system,
with the remaining 5% attending independent educational institutions [28].

For learners opting out of the mainstream schooling system, attending a School of Skills presents
a viable option [102]. These institutions cater to students struggling in conventional settings,
offering practical skills aligned with labour market demands. Students receive academic and
technical training tailored to their abilities and interests, preparing them for vocational training
or employment. Skills offered range from automotive repair to needlework and housekeeping,
addressing diverse needs within the educational system. Thus, Schools of Skills play a crucial role
in facilitating educational attainment and future prospects for learners with varied requirements.
By equipping students with practical skills and vocational training, Schools of Skills enable
them to make valuable contributions to the economy through employment and entrepreneurship,
thereby fostering economic growth and sustainability.
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In an attempt that all learners within public schools in South Africa receive equal educa-
tion, the DBE provides schools with the national Curriculum and Assessment Policy Statement
(CAPS) [86]. CAPS provides the policy for learning and teaching from Grade R to Grade 12.
Each specific subject is governed by a CAPS document, encompassing an introductory section
outlining the objectives of the curriculum, relevant teachings and expected learning outcomes for
the subject, the requisite content to be covered, and the methodology and policy for evaluating
acquired knowledge. In essence, CAPS serves as a framework aimed at preparing learners for
the NSC, which is undertaken at the culmination of the matriculation year (which is the final
year of secondary school), commencing from the first day of formal education in Grade R [87].

The public school system is subdivided into quintiles based on socio-economic status (SES)! [23].
Quintile 1 to 3 schools are indicative of lower SES-ranked schools, which benefit from a more
substantial percentage of the annual education budget provided by the government. Schools
falling within this range are designated as no-fee schools, where learners are not required to pay
school fees [24]. Conversely, Quintile 4 and 5 schools serve learners from a higher SES ranking
and consequently receive a more limited percentage of funding from the government. These
schools possess the autonomy to levy school fees and are thus fee-paying institutions. Public
schools operate on a zoning basis, prioritising learners residing within a specified kilometre radius
from the school [35].

1.1.2 The state of the South African public high school system

The current South African education system faces significant challenges, manifesting in declining
academic performance and persistent disparities among learners. These challenges expose the ur-
gent need for comprehensive reforms to address issues of enrolment patterns, gender disparities,
and socio-economic inequalities within the education system.

Various assessments are employed internationally to determine educational achievement. The
Progress in International Reading and Literacy Study (PIRLS) [46] is a framework that assesses
a learner’s reading achievement in Grade 4. In this grade, a learner transitions from learning
to read to reading to learn; thus, PIRLS evaluates a learner’s ability to read accurately and
for meaning. According to the 2016 PIRLS report, slightly more than one in every four South
African learners in Grade 4 exhibited the ability to read coherently.

Similarly, the Trends in International Mathematics and Science Study (TIMSS) [47] assesses
learners’ mathematical and scientific knowledge and understanding. The 2019 TIMSS findings
indicated that one in every three Grade 9 South African learners was overage for their grade,
suggesting prior grade repetition. Moreover, only 41% of Grade 9 learners in South Africa
reached the low benchmark in mathematics, signifying an ability to demonstrate some proficiency
in whole numbers and basic graphing concepts. Similarly, only 36% of learners reached the low
benchmark in science, which encompasses basic knowledge in biology, physical sciences, and
earth sciences [72].

The Research on Socio-Economic Policy (ReSEP) group at Stellenbosch University focuses on
issues related to poverty, education, social mobility, income distribution, and social policy [73]. In
2023, Wills and Qvist [103], two researchers at ReSEP, released a report summarising the impact
of the COVID-19 pandemic on South Africa’s education system, drawing from administrative
records and household surveys. They revealed a nuanced landscape characterised by shifts in

1SES is determined by a combination of social and economic factors, including occupation, income, education
level, and residential location [7].
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enrolment patterns, persistent gender and socio-economic disparities, and cautious optimism
regarding post-pandemic recovery.

Initially, there were concerns about increasing attrition and repetition rates in South African
schools as a result of the pandemic. However, administrative records and household surveys
indicate that although non-participation and extended absenteeism increased, realised attrition
and repetition rates actually decreased. Specifically, in 2020, prior to the pandemic, approx-
imately 11% of adolescents aged fifteen to nineteen years were neither enrolled in school nor
had completed secondary education. This figure declined to 8.6% in 2021 and rose slightly to
10.2% by 2023. Furthermore, the Grade 10 repetition rates in 2019 and 2020 were 31% and
17% respectively, and a shift in enrolment patterns was observed [36]. The number of learners
enrolled in secondary education increased, partially due to lenient progression requirements and
the lack of economic alternatives outside of school.

A 2022 report by Van der Berg et al. [98] noted a concerning trend in South African basic
education, revealing a decline in academic performance among Grade 3, 6, and 9 learners.
To attain a passing score, learners must achieve a minimum mark of 30%. Specifically, the
proportion of Grade 3 learners passing a language test decreased from 68% in 2019 to 59% in
2021. Similarly, the percentage of Grade 6 learners achieving a passing score decreased from
85% in 2019 to 76% in 2021. This decline in performance was also evident in systemic tests for
both language and mathematics across Grades 3, 6, and 9, with average scores in 2021 falling
below those recorded in 2019. In Grade 3, the average language scores decreased from 42.4%
in 2019 to 38.7% in 2021, while the average mathematics scores decreased from 59.5% to 50.7%
during the same period. For Grade 6, the average language scores declined from 50.5% in 2019
to 45.0% in 2021, and the average mathematics scores fell from 55.7% to 47.3%. Similarly, in
Grade 9, the average language scores decreased from 59.1% in 2019 to 56.2% in 2021, and the
average mathematics scores dropped from 37.7% to 31.5%. This casts a shadow of doubt on
any optimism that the improved grade progression rates shown by Wills and Qvist could have
evoked.

The Reading Panel 2030 [1] constitutes a group of experts tasked with evaluating and analysing
the prevailing education system to ascertain the underlying causes behind the inability of children
to read with meaning. Their evaluation encompasses the review of governmental initiatives and
strategies, with the objective of securing adequate political attention and will to address the
ongoing reading crisis. The overarching goal of the Reading Panel 2030 is to achieve literacy
among all South African children by the year 2030.

In the South African education system, Spaull [92] discussed bimodality and the existence of two
distinct levels of academic performance among learners. He showed that there were two observ-
able groups with one performing at an acceptable level and the other struggling academically.
These differences can be seen across different grade levels, subjects, socio-economic backgrounds,
and types of schools.

Spaull offered three illustrative examples. Firstly, findings from the third Southern and East
Africa Consortium for Monitoring Educational Quality (SACMEQ III) [62] revealed a striking
bimodal distribution in reading scores. One mode of learners (from families within the wealthiest
25% of South African families) achieved an approximate reading score of 80%, while the other
mode (of learners from families within the poorest 75% of South African families) achieved
merely around 40%.

Additionally, data from the PIRLS [63] conducted in 2006 provides further evidence of bimodality
in South African learners. Specifically, one mode of learners (from English or Afrikaans speaking
schools) attained a reading proficiency level of approximately 75%, while the other mode (of
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learners from an African language speaking school) achieved a significantly lower score of around
25%.

Finally, insights from the National School Effectiveness Study (NSES) [32] highlighted another
instance of bimodality, this time in numeracy scores. According to the NSES findings, one mode
of learners (from historically white only schools) demonstrated a numeracy proficiency level
of approximately 80%, while the other mode (of learners from traditionally homeland schools)
achieved only around 25%.

Through these examples, Spaull demonstrated the complexity and diversity of learning achieve-
ment within the context of the nation’s education system. Bimodality reflects the significant
disparities in educational outcomes between these two groups of learners. It suggests that there
are effectively two separate education systems with one serving affluent learners with ample
resources, and the other serving disadvantaged learners with limited resources. Recognising this
divide is crucial for designing targeted interventions to address the specific needs of learners in
each group. Failing to acknowledge bimodality may lead to misunderstandings of educational
data and ineffective policy decisions. Therefore, it is essential to adopt strategies that promote
educational equity and improve outcomes for all learners.

Recently, an in-depth analysis of the outcomes from the class of 2023 lays bare the profound
education crisis confronting South Africa [37]. In 2023, a total of 715719 full-time learners and
182 056 part-time learners, equating to 897 775 candidates, participated in the NSC examinations
across the country. The national pass rate stood at 82.9%, marking a rise from 80.1% in 2022. To
pass the NSC examination, learners must attain a minimum achievement mark of 40% in three
subjects (including an official home language) and 30% in three other subjects. However, only
approximately 40% of all Grade 1 learners eventually progress to sit for the NSC examination
in Grade 12 [92]. Among full-time learners, a mere 41 273 individuals achieved scores exceeding
60% for Mathematics. Similarly, a modest 35468 learners attained marks of at least 60% for
Physical Sciences. These figures suggest that less than 6% of NSC examinees demonstrate
proficiency in fundamental mathematics or physical science concepts. Consequently, the South
African education system appears to be in a dire state, with implications extending to the
nation’s future economic prospects, as learners exit the educational sphere without adequate
preparation. This dilemma poses a significant challenge warranting urgent attention.

1.2 Problem description

The current condition of the South African education system signals a profound crisis, marked
by diminishing academic achievements, enduring inequalities among learners, and significant
challenges in establishing educational quality and fairness. Assessments such as PIRLS, TIMSS,
and reports from research entities like ReSEP and the Reading Panel 2030 make clear the
pressing necessity for extensive reforms aimed at addressing enrolment disparities, gender gaps,
socio-economic discrepancies, and the fundamental shortcomings in reading, writing, and math-
ematical competencies among learners. The stark reality of bimodality in academic performance
further emphasises systemic inequalities within the educational framework, where one cohort of
learners excels while another faces persistent obstacles, perpetuating a cycle of disparity and
underperformance. Prompt and decisive action is essential to confront these issues and instigate
meaningful transformations in South Africa’s educational landscape. Without determined in-
terventions and targeted strategies to enhance educational outcomes and champion equity, the
nation risks significant repercussions for its future economic advancement and societal progress.
Consequently, urgent systemic reforms and sustained endeavours are imperative to ensure that
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all South African children have access to high-quality education and the opportunity to thrive
academically, thereby securing the nation’s future prosperity and societal well-being.

These challenges have prompted an in-depth analysis to explore their underlying complexity.
The Systems Thinking for Education Policy (STEP) [95] research group, based in the Depart-
ment of Logistics at Stellenbosch University, is actively engaged in this endeavour. Their focus
revolves around the escalating decline in basic education and the widening disparities in aca-
demic opportunities within South Africa. Using sophisticated simulation modelling techniques
(such as system dynamics, agent-based modelling, and statistical analysis) STEP researchers
alm to conduct a thorough examination of the current education system and propose solutions
to enhance its effectiveness.

In 2020, Venter pioneered the development of the Primary School Model (PSM), tailored to
simulate public primary schools in the Western Cape province [99]. This model focused on
discerning the determinants of academic performance from Grade 3 to Grade 6.

Expanding on Venter’s groundwork, Slamang further refined the PSM into the High School
Model (HSM) during the same year [83]. This expanded model incorporated additional factors
influencing academic outcomes across Grades 6, 9, and 12. Slamang identified ten pivotal factors
from literature. These included the quality of school resources, class size, teacher effectiveness,
engagement time, economic status, familial and community health, learner motivation, learner
attrition rate, social support, and the preparedness of learners for high school at the time
of enrolment. Slamang attempted to simulate not only the physical progression of learners
through successive grades upon completion of required assessments, but also the evolution of
their cognitive capacities, measured through literacy and numeracy metrics.

In 2024, Becker contributed to the refinement and validation of the HSM mapping [12]. Through
rigorous statistical analysis and qualitative methodologies, Becker enhanced confidence in the
accuracy of the relational mapping process.

Learners and schools are typically categorised into quintiles based on SES, aligning such that
quintiles of learners and schools correspond. This alignment, while not legally mandated, often
occurs due to factors such as zoning laws and residential proximity, resulting in a homogenous
system where learners share similar SES backgrounds within their respective schools and peer
groups. Scenarios arise, however, where learners from lower quintiles attend higher quintile
schools, creating a heterogeneous system. For example, learners from lower SES backgrounds
may gain access to higher quintile schools by means of bursaries or donations. Alternatively,
parents might adopt a self-sacrificial rearing strategy, foregoing financial and emotional security
at home in an effort to afford an education beyond their means. Such scenarios introduce greater
diversity into a cohort that must be served by a single, predetermined system, often designed
to accommodate the (hypothetical) average learner. This situation prompts exploration of the
emotional, academic, and physical adjustment of lower quintile learners within higher quintile
environments.

Departing from the assumption that broad policies targeting the average learner suffice, this
study adopts advanced statistical techniques to model how the overarching system accommo-
dates heterogeneous individuals. Although this study does not include the explicit modelling
of cognitive development (in the form of literacy and numeracy proficiency), the assumption
is made that a physically progressing learner has achieved at least the minimum development
required to pass the assessments necessary for grade progression.

Embedded within this research is an acknowledgment of the system’s bimodal nature, as dis-
cussed by Spaull [92]. The study seeks to explore how learners from disadvantaged backgrounds
thrive within an educational environment designed for the nonexistent average learner. Con-
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versely, it examines the potential frustrations experienced by high-performing learners. Through
this comprehensive approach, the research aims to provide insights into the efficacy of educa-
tional policies and interventions in addressing the diverse needs of learners within the South
African context. The assumption that the national government could resolve South Africa’s
education crisis solely by increasing funding and sending all learners to quintile four and five
schools overlooks the intricate factors influencing academic success. Thus, a comprehensive
approach must recognise these multifaceted dynamics, emphasising the creation of inclusive
learning environments conducive to academic achievement.

1.3 Research questions

This study seeks to address the following research questions:

1. Which latent factors characterise public high school learners from lower socio-economic
backgrounds across two contrasting schooling contexts in South Africa?

2. How are these factors interrelated within and between these contexts, and what systemic
patterns emerge from these relationships?

3. To what extent do these factors predict academic progression within the broader public
education system?

4. Building on the findings of the preceding exploratory questions, how do the characteristics,
interrelationships, and predictive significance of these factors manifest within a case study
school serving lower socio-economic learners, and how do these patterns compare to those
observed at the system level?

1.4 Aim and objectives

The aim of this thesis is to develop a systems-informed understanding of the factors influencing
learner progression within the South African education system, particularly among learners from
lower socio-economic backgrounds. To achieve this, the following objectives are pursued:

I Analyse literature pertaining to:
(a) existing modelling methodologies that adopt a systems approach within educational
contexts,
(b) a justification of the methodological approach, and
(c) simulation methodologies applied in the context of the South African education sys-

tem.

IT To map the factors influencing the South African public high school system, with a specific
focus on learners from lower socio-economic backgrounds, by:

(a) conducting data selection by creating two distinct datasets (one comprising lower
socio-economic learners attending lower socio-economic schools, and the other com-
prising lower socio-economic learners attending higher socio-economic schools) and
performing data wrangling on these datasets,

(b) applying factor analysis to identify latent constructs within the datasets,
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(c) conducting multivariate regression analysis to identify relationships between a depen-
dent variable and multiple predictors, and

(d) employing structural equation modelling to explore complex interrelationships be-
tween variables by conceptualising the system holistically.

III Design a survey comprising the most pertinent questions to ask lower socio-economic
learners in South Africa, with the objective of predicting their school progression by:

(a) applying machine learning techniques to rank the factors by their relative importance,
and

(b) selecting the most appropriate questions based on the outcomes of the machine learn-
ing analysis, consultations with the school, and insights from existing literature.

IV To map the factors influencing the learners within the case study school by:

(a) applying factor analysis to identify latent constructs within the dataset,

(b) conducting multivariate regression analysis to identify relationships between a depen-
dent variable and multiple predictors,

(c) employing structural equation modelling to explore complex interrelationships be-
tween variables by conceptualising the system holistically, and

(d) applying machine learning techniques to rank the factors by their relative importance.

V Critically evaluate the findings from the analyses of the public high school system and
the case study school in order to inform the development of a decision-support hierarchi-
cal framework intended to guide educational interventions for learners from lower socio-
economic backgrounds in South Africa.

VI To consolidate the findings of the study, critically reflect on its limitations, and propose
avenues for future research within this domain.

1.5 Research methodology

In the domain of complex systems modelling, a range of analytical techniques is available to
support comprehensive investigation. This study adopts a quantitative, explanatory case study
design, drawing on secondary survey data and advanced statistical modelling techniques to
examine the determinants of learner progression among lower socio-economic learners. The
integration of these methods enables a nuanced understanding of the interactions between key
variables, offering insight into their relationships within the broader systemic context under
review.

1.5.1 Methodological approach

The methodological approach adopted in this study comprises a sequence of interrelated an-
alytical techniques, collectively referred to as variate analysis, each selected to address a spe-
cific aspect of the research objectives within the broader systems framework. This approach
is grounded in the methodological foundation outlined by O’Rourke and Atcher [67], and has
since been applied and refined in the context of education systems research by Venter [100],
Becker [12], and van der Heever et al. [97] across three distinct studies. Their work demon-
strated the relevance and efficacy of this analytical structure in addressing the multifaceted
nature of educational data, thereby justifying its adoption in the present study:
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1. Factor analysis (FA) is employed to extract latent constructs from the General Household
Survey (GHS) and the case study dataset.

2. Multivariate regression analysis (MRA) is used to evaluate the relationships between latent
constructs and learner progression outcomes.

3. Structural equation modelling (SEM) is applied to model and visualise the complex inter-
dependencies among the identified factors in a holistic manner.

4. Machine learning (ML) is used to conduct a factor importance analysis to identify the
most influential variables predicting learner progression.

5. Case study application: The independent school under review is analysed using the same
methodological framework to assess whether system-level patterns hold at the school level.

1.5.2 Study data

The primary data source for this research is the South African GHS, publicly accessible via the
DataFirst portals, covering the period from 2010 to 2024 [33]. Conducted annually since 2002
by Statistics South Africa, the GHS offers a comprehensive overview of household dynamics,
including education, health, and housing. Data are collected through in-person interviews. The
survey employs a master sample frame based on the 2011 national census, ensuring representation
across both provincial and urban—rural divides.

Given the methodological disruptions caused by the COVID-19 pandemic, the 2020 and 2021
datasets are excluded from this study due to their deviation from typical conditions and that at
the outset of the study, the 2022 dataset was the most recent version available. Consequently,
the 2022 dataset is deemed the most appropriate for analysis. Data pertaining to the case study
school were provided directly by the institution, and as such, no primary data collection was
required for this component of the study.

Figure 1.1 provides a visual overview of the methodological approach adopted in this study,
illustrating how each method corresponds to the research objectives and contributes to the
overall analytical framework.

1.6 Limitations and delimitations

This study is constrained by the data sources available for analysis. Both the publicly accessible
GHS and the case study school rely on survey-based data collection methods, which introduce
the potential for subjectivity in respondents’ answers.

The delimitations of the study include the target population, geographical scope, data sources,
and chosen methodology. A deliberate decision was made to focus exclusively on learners from
lower socio-economic backgrounds in South Africa, specifically those attending lower quintile
public high schools or the selected case study school. These parameters were intentionally
selected to align with and address the research questions guiding the study. Geographically,
learners from across the country were included, as limited available data did not allow regional
segmentation. The 2022 GHS data set was selected as it represented the most recent data
available at the start of the study and was considered the first dataset collected under normal
conditions following the disruptions caused by the COVID-19 pandemic. The methodological
approach was informed and shaped by existing literature and the research aims of the study.
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1.7 Ethical considerations

In the pursuit of assessing educational system improvements, the ethical integrity of using socio-
economic and household data is of paramount importance. The author affirms a steadfast
commitment to ethical principles, ensuring that the research adheres to the highest standards
of integrity and respect for individuals’ rights. By emphasising that this data is freely accessible
to any analyst, the author reinforces the transparency and inclusivity of the research process.
It is crucial to note that data gathering is overseen by designated government officials. This
arrangement shows a commitment to accountability and integrity in the data collection process.
Moreover, stringent measures are taken to safeguard privacy and confidentiality, reassuring
stakeholders that the data extracted from sources, (i.e., GHS) contains no personally identifiable
information regarding South African learners. The meticulous depersonalisation of data within
these sources serves as a testament to the author’s unwavering dedication to ethical practices.
Through sensitive analysis, efforts are made to prevent the unfair labeling of certain learner
groups based on socio-economic status or household circumstances. Above all, the ethical use
of data remains grounded in the constructive purpose of identifying areas of educational need
and designing interventions for positive impact. Through responsible data analysis, the author
ensures that the research serves the betterment of educational outcomes while upholding the
highest standards of integrity and respect for individuals’ rights. This ethical approach shows
the author’s dedication to conducting research that not only produces valuable insights but also
upholds ethical principles at every stage of the process.

1.8 Publication disclaimer

Chapters 3 and 4 have been compiled as a research article entitled Feature analysis of learner
adaptation across the socio-economic divide in South African public high schools, which has been
reviewed and accepted for publication in the South African Journal of Industrial Engineering.
Publication information is currently pending.

1.9 Chapter 1 summary

This chapter introduced the broader context and motivation for the study, focusing on the
systemic challenges facing the South African public high school system. It outlined the educa-
tional inequalities rooted in socio-economic disparities and the persistent bimodality observed
in learner performance. Drawing on national and international assessments, as well as recent
reports from academic and policy institutions, the chapter illustrated the need for nuanced and
data-driven approaches to improve educational outcomes.

The research questions guiding this study were presented, focusing on the identification, interre-
lation, and predictive value of key factors influencing learner progression within heterogeneous
schooling contexts. The scope and objectives of the study were then detailed, including the
application of statistical modelling and machine learning techniques to analyse learner data.

These elements establish a strong foundation for the subsequent chapters, which review existing
literature, describe the methodology, present the analysis, and extract the implications of the
study.
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This literature review contextualises the study within systems-based approaches to educational
modelling in pursuit of Objective I. The chapter begins by examining international case studies
that employ a systems approach to understand and improve education systems in Section 2.1.
In Section 2.2, the methodological framework employed is substantiated through a critical re-
view of alternative approaches. Finally, the present study is contextualised within the body of
work produced by the STEP research group, outlining prior contributions and methodological
developments in Section 2.3. This provides a foundation for the current research, situating it
within a broader academic trajectory and showing its relevance to ongoing efforts to model and
enhance learner progression in the South African education context.

2.1 Modelling education systems using a systems approach

Various researchers have sought to map education systems across diverse international contexts
to comprehend their underlying structural complexities. Using system dynamics apparoaches,
particularly through the application of causal loop diagrammes (CLDs), these studies reveal

13
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feedback mechanisms, interdependencies, and unintended consequences. This approach offers
valuable insights into policy formulation, reform implementation, and systemic resilience. The
following section briefly reviews a selection of recent papers that illustrate how researchers have
applied system dynamics within this domain.

In 2024, Liew et al. applied a system dynamics perspective to analyse the integration of artifi-
cial intelligence (AI) into higher education systems [56]. Using CLDs, the authors mapped the
feedback loops between key components such as technological advancement, pedagogy, institu-
tional structures, and societal expectations. The CLDs were constructed from empirical data
and existing literature to reflect real-world complexities. By modelling these interdependencies,
the study demonstrated how AT influences student learning, faculty responsibilities, and admin-
istrative practices. The systems approach enables a nuanced understanding of the structural
and behavioural shifts that accompany AI adoption in higher education.

In 2025, Ramasu and Kanakana-Katumba employed a system dynamics approach to examine the
complex dynamics of implementing fee-free higher education in South Africa [70]. Through lit-
erature review, stakeholder interviews, and participatory model testing, the authors constructed
CLDs that integrate both scientific and experiential knowledge. The diagrammes illustrated
key feedback loops and structural interdependencies within the policy environment. By the
prioritisation of qualitative analysis and conceptual mapping, this systems approach effectively
captures the multifaceted nature of education policy, offering valuable insights into the potential
consequences and trade-offs associated with fee-free higher education.

In 2022, Constanza adopted a qualitative system dynamics approach to analyse the local-level
impacts of COVID-19 pandemic-related educational policies in Italy, focusing on state schools
in Palermo [27]. Using CLDs, the researcher illustrated the interactions between policy de-
cisions, socio-economic factors, managerial discretion, and the role of street-level bureaucrats.
The CLDs were developed through a multi-step process involving literature review, stakeholder
engagement, iterative model building, and validation using SD software. By identifying 31
interacting feedback loops, the study provided a comprehensive systems view of educational
service adaptation during the pandemic, offering insights into co-creative processes and policy
implementation.

In 2024, Keith et al. applied a qualitative system dynamics approach to anticipate the un-
intended consequences of educational reform in an urban U.S. school district [53]. Through
interviews and workshops with educators, parents, and administrators, the authors constructed
CLDs to model feedback relationships contributing to declining enrolment and academic out-
comes. The CLDs, grounded in fieldwork and literature, reveal a “capability trap” wherein
reform efforts are undermined by systemic constraints, leading to policy resistance. This systems-
based conceptual model illustrated the complex interplay of trust, resources, and institutional
capacity, offering a structured framework for anticipating reform side effects.

In 2021, Ammara et al. employed systems thinking to model the complex dynamics of stu-
dent learning during and beyond the COVID-19 pandemic. Using CLDs and stock and flow
diagrammes, the authors explored how systemic structures contribute to persistent educational
challenges [4]. The CLDs were developed by identifying key variables from literature and con-
ceptual insights, mapping their cause-and-effect relationships with defined polarities to reveal
reinforcing and balancing feedback loops. These diagrammes illustrated interconnections be-
tween student motivation, curriculum reforms, and online distractions. Field insights revealed
that quick-fix, top-down policies often produce unintended consequences, such as teacher demo-
tivation and reduced academic performance.
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The use of CLDs in the reviewed studies demonstrated both the relevance and practical ap-
plicability of system dynamics in educational research. However, these studies predominantly
relied on existing literature, stakeholder assumptions, or expert input to construct their models.
In contrast, the present study aims to develop a systemic view of the South African education
system using raw empirical data as its foundation. Consequently, the methodological approaches
employed in the aforementioned studies are not directly transferable to this context.

2.2 Methodological justification

The methodological framework employed in this study is based on the approach outlined by
O’Rourke and Hatcher [67]. Their work presents a comprehensive methodology for progressing
from raw data to the extraction of latent constructs using exploratory and confirmatory FA,
followed by the identification of significant relationships among these constructs through MRA
and SEM. Prior to adopting O’Rourke and Hatcher’s framework, the techniques they propose
were critically assessed and compared with alternative methods capable of yielding comparable
analytical outcomes.

2.2.1 Alternative approaches for factor theme identification

To identify latent factor themes in the data, O’Rourke and Hatcher used FA which is a well
established method. Alternative methods which can be used are thematic analysis, principle
component analysis (PCA), or latent class analysis (LCA).

Thematic analysis comprises a set of methodological approaches used to identify, analyse, and
interpret patterns of meaning within qualitative data [17]. The data employed in this research
project is quantitative in nature; therefore, thematic analysis is not an appropriate methodolog-
ical approach.

PCA is a statistical method employed to reduce the dimensionality of large datasets by trans-
forming the original variables into a smaller set of principal components that capture the greatest
amount of variance [41]. Although PCA is effective for simplifying data, it does not reveal the
underlying structure or conceptual relationships between variables [78]. In contrast, exploratory
FA is designed to identify latent constructs that account for observed correlations. Given that
this study seeks to explore the underlying themes shaping the education system, PCA is deemed
unsuitable, as it focuses solely on variance reduction rather than uncovering deeper theoretical
structures within the data.

LCA is a statistical method used to identify unobserved subgroups within a population based
on individuals’ responses to categorical items, typically in the form of binary options such
as “yes” or “no” [82]. These latent groups are not immediately apparent but are inferred
from patterns in the data. LCA enables researchers to classify individuals who exhibit similar
response patterns, thereby facilitating a more nuanced understanding of heterogeneity within
the population. In contrast to FA, which seeks to identify continuous underlying dimensions that
explain correlations among items, LCA is concerned with categorising individuals into distinct,
non-overlapping classes based on their observed responses. Although LCA could offer valuable
insights into the types of learners present, this research is primarily concerned with the broader
system in which these learners exist and the nature of their interactions within that system.
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2.2.2 Alternative approaches for factor relationship identification

To identify latent factor relationships within the data, O’Rourke and Hatcher employed MRA
and SEM to represent the relationships among the latent factors. An alternative approach that
may be used for this purpose is network analysis.

Network analysis is a statistical method used to explore and visualise the relationships between
multiple variables by representing them as a network of variables and connections between
variables [16]. Rather than reducing data or identifying hidden traits, this approach focuses
on understanding how variables directly relate to one another. Network analysis is particularly
useful for identifying which variables are most central or influential, evaluating how robust these
relationships are, and gaining insight into the overall structure of the data. It can be applied to
both single-time-point data and data collected over time, offering flexibility in how relationships
are examined.

In this case, both the MRA and SEM approach proposed by O’Rourke and Hatcher and network
analysis appear suitable for application in the current study. However, given the intention to
follow and validate O’Rourke and Hatcher methodological framework, this study proceeds with
their approach.

2.3 Foundations in prior modelling of South African education

The South African education system grapples with substantial challenges, necessitating in-depth
investigation to uncover its underlying complexities. Engaged in this effort is the STEP research
group, situated in the Department of Logistics at Stellenbosch University. The group’s primary
focus centres on addressing the escalating deterioration in basic education and the widening dis-
parities in academic opportunity across South Africa. Employing advanced simulation modelling
techniques, most notably system dynamics (SD), agent-based modelling (ABM), and statisti-
cal analysis—STEP researchers aim to comprehensively examine the education landscape and
propose data-informed solutions to improve its efficacy.

Venter [99] explored the intricate dynamics of the South African basic education system, employ-
ing a systemic approach to understand the causal linkages and interventions influencing learner
performance. Through the development of simulation models, Venter investigated key factors
related to school leadership, teacher effectiveness, early childhood development, and primary
school achievement. The outcomes of this work illuminated the complexity of the system and
showed the need for holistic strategies to improve educational outcomes.

The primary aims of Venter’s dissertation encompassed several facets of the education system in
South Africa. Firstly, the influence of school leadership on academic performance was analysed
to better understand systemic dynamics. Secondly, the study examined the impact of teacher
quantity and quality, with a focus on interventions to improve effectiveness. It also addressed
early childhood development, simulating developmental trajectories and identifying factors af-
fecting school readiness. Finally, factors influencing academic achievement in Grade 3 and
Grade 6 were analysed, culminating in the development of the Primary School Model (PSM).
The CLD for the PSM is shown in Figure 2.1.

Venter advocated for the adoption of systems thinking, emphasising the recognition of inter-
connected factors influencing learner outcomes as an imperative strategy. Additionally, Venter
emphasised the importance of implementing equitable initiatives, including measures to alle-
viate community poverty and the strategic allocation of resources to enhance both classroom
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FIGURE 2.1: The CLD for learner achievement at primary school level as per Venter[99].

and home environments. Notably, the overarching finding of Venter’s research suggests that, in
South African public primary schools, the most substantial influence on academic achievement
occurs when there is an improvement in home support and structure. Primary school learn-
ers are significantly influenced by their home environments, showing the critical role of family
support in educational success.

Expanding on Venter’s groundwork, Slamang [83] provided a comprehensive analysis of the
factors influencing academic performance in public high schools in the Western Cape region of
South Africa. The study employed a system dynamics approach to simulate the interactions of
various determinants over time within the public high school system.

Slamang identified key factors affecting academic performance, particularly in Grades 9 and 12,
which are pivotal for progression to higher education. These factors include school resources,
class size, teacher effectiveness, engagement time, economic status, familial and community
health, learner motivation, learner attrition rate, social support, and the preparedness of learn-
ers for high school at the time of enrolment. A visual depiction of the CLD is presented in
Figure 2.2. The data for these factors were collected from the GHS, which provided insights
into the perceptions of learners attending public schools in the Western Cape.

The study explored interventions to enhance academic performance and address disparities in
the Western Cape high school system, focusing on home-based, classroom, and poverty-related
strategies. Home-based interventions aimed to supplement the educational experience by en-
hancing parental involvement, providing additional learning resources, and addressing socio-
economic challenges. Classroom interventions targeted the school environment, striving to im-
prove teacher effectiveness, optimise resources, and foster a conducive learning atmosphere.
Crucially, the study emphasised the need to address poverty-related challenges, advocating for
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FicUrRE 2.2: The CLD for high school learner achievement. Determinants and causality for learner
achievement in the high school system as per Slamang [83].

socio-economic support, access to basic needs, and equal opportunities for all learners, thereby
fostering a more equitable learning environment.

Slamang noted that, in the Western Cape high school system, the intervention that had the
most profound effect on academic performance was the classroom intervention. This involved
increasing the number of teachers and enhancing both school resources and teacher effectiveness.
By improving elements such as teacher salaries, the quality of school facilities, and the provision
of learning materials, this intervention significantly improved the standard of education and the
level of student engagement in the classroom. A notable divergence from Venter’s research is
the emphasis placed on the influence of classroom interventions, as opposed to interventions
at home or those addressing poverty. While Venter emphasised the significance of home-based
interventions in boosting academic performance at the primary school level, Slamang showed
the crucial role of classroom interventions at the secondary school level.

Subsequent to Slamang, in 2024, Becker conducted a comprehensive investigation into the South
African public high school system, with a particular focus on identifying and understanding the
factors influencing learner progression from Grade 8 through to Grade 12 [12]. The principal
objective of this study was to refine and validate a causal mapping of these contributing factors
within the broader context of the South African education landscape.

Drawing on statistical analysis and using data from the 2019 GHS, Becker identified nine critical
factors that significantly affect learner progression. These include supported learner retention,
academic performance, school resource availability, family structure, household extravagance,
food insecurity, household wealth, access to basic utilities, and environmental challenges. These
factors are presented as a relational mapping in Figure 2.3.

The findings reveal that learners from stable family structures and wealthier households are more
likely to experience improved academic outcomes. Furthermore, reduced levels of food insecurity
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FIGURE 2.3: Relational mapping of the significant factors via path modelling of the 2019 GHS as per
Becker [12].

and consistent access to utilities are positively associated with learner retention. These results
show the profound impact of socio-economic stability on educational success.

Although health-related variables did not emerge as prominent direct determinants, environ-
mental factors, most notably food insecurity and household wealth, proved to be stronger pre-
dictors of learner outcomes than previously assumed. This points to a growing recognition of
the household and community context as critical determinants in shaping learners’ educational
trajectories.

While both Slamang and Becker have contributed valuable insights into the systemic challenges
and enablers within the South African education system, it is also imperative to consider the
influential work of Spaull [92]. Spaull delineates a marked bimodality within the system, char-
acterised by a pronounced division of learners into two distinct educational cohorts. This bifur-
cation is largely based on socio-economic status, language of instruction, and school typology.

In light of the combined findings of Slamang, Becker, and Spaull, there is a compelling rationale
for exploring the systemic underpinnings of this dual education reality. By employing cohesive
methodologies, particularly those informed by the approaches of Slamang and Becker, deeper
insights into the structural dynamics sustaining these disparate schooling systems may be gained.
Such an analytical perspective could prove instrumental in formulating holistic strategies aimed
at addressing inequality and fostering inclusive educational development in South Africa.

2.4 Chapter 2 summary

This literature review contextualised the study within systems-based approaches to educational
modelling in pursuit of Objective I. The chapter began by examining international case studies
that employed a systems approach to understand and improve education systems. Thereafter,
the methodological framework used in the present study was substantiated through a critical
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review of alternative approaches. Finally, the study was positioned within the body of work
produced by the STEP research group, outlining prior contributions and methodological de-
velopments. This provided a foundation for the current research, situating it within a broader
academic trajectory and demonstrating its relevance to ongoing efforts to model and enhance
learner progression in the South African education context.
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In this chapter, variate relationships are investigated within the context of the South African
education system as a means to achieve Objective II. Section 3.1 introduces the GHS, followed
by a preliminary examination of the dataset to identify patterns, trends, and potential relation-
ships. Subsequently, Section 3.3 provides a detailed account of the data selection and wrangling
processes employed in this study.

In Section 3.4, the theoretical framework underpinning the methodologies used to determine
variate relationships is outlined. These methodologies encompass FA, MRA, and SEM. The
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application of these techniques to two distinct datasets is presented in Sections 3.5 and 3.6. In
Section 3.7, the learner profile is unpacked to deepen the understanding of the characteristics
and circumstances of these learners.

3.1 Introduction to the General Household Survey

The findings in this study are based on an analysis of the 2022 edition of the GHS. This annual
survey, conducted through face-to-face interviews, collects data on a broad spectrum of topics
related to households and individuals in South Africa. Household-level characteristics include
household type, home ownership, access to water and sanitation, service access, transportation,
household assets, land ownership, and agricultural production. Individual-level characteristics
encompass demographic details, the respondent’s relationship to the household head, marital
status, language proficiency, education level, employment status, income, health, fertility, mor-
tality, disability, and access to social services [33].

The GHS has been conducted annually since 2002 by Statistics South Africa (StatsSA) and
employs a master sample frame to ensure representativeness at both provincial and urban-rural
levels. The dataset is publicly accessible via the DataFirst open data portal hosted by the
University of Cape Town [34]. With an average response rate of 88.6%, approximately 20000
households are surveyed each year. The GHS data were processed using the Statistical Analysis
System (SAS) software, selected for its comprehensive capabilities in data manipulation, analysis,
and visualisation [77].

GHS datasets from the COVID-19 period are considered anomalies due to the exceptional cir-
cumstances of the pandemic. As such, the 2020 and 2021 datasets are excluded from this study,
as numerous variables were likely distorted by lockdown conditions. The 2022 dataset is pre-
sumed to be the first to reflect a return to more typical conditions, making it the preferred
dataset for this analysis.

3.2 Initial insights of the 2022 GHS

The primary objective of exploratory data analysis is to identify underlying patterns, trends, and
anomalies within the data, providing a foundational understanding of the study population. This
initial analysis serves as a crucial precursor to subsequent, more in-depth statistical procedures.
The descriptive findings presented here are based on the statistical release published by StatsSA
alongside the GHS dataset [34].

Household composition in South Africa is highly diverse. Nuclear family units, comprising
parents and children, account for 40.1% of households, while extended family arrangements,
including two- and three-generation households, constitute 43.8%. Single-person households
represent 25.1%, and 4.4% are skip-generation households. These varied structures significantly
shape the domestic environments in which learners are raised.

Educational participation rates among youth remain relatively high. While 97.0% of fifteen-year-
olds (the terminal age for compulsory schooling) are enrolled in educational institutions, this
rate drops to 66.3% for eighteen-year-olds. Notably, 23.4% of twenty-year-olds remain enrolled in
high school, reflecting extended educational trajectories. The implementation of no-fee schools
has substantially expanded access: in 2022, 67.7% of learners attended such institutions, up from
21.4% in 2007. However, challenges persist. The main reasons cited for early school leaving are
academic underperformance (24.2%) and financial constraints (22.4%). Family responsibilities
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disproportionately affect female learners, with 12.1% leaving school for this reason, compared
to just 0.2% of males.

Educational attainment has improved, with the proportion of individuals aged 20 and older who
completed Grade 12 rising from 30.5% in 2002 to 50.5% in 2022—though these gains have not
always been matched by improvements in educational quality.

Access to basic services and overall living conditions remain critical determinants of educational
outcomes. While 89.6% of households were connected to the main electricity supply in 2022,
disparities persist in energy access for cooking and heating, particularly in rural areas. Social
grants continue to play a vital role, with 37.0% of households receiving support. Housing
remains a concern, with 12.3% of the population residing in informal settlements. Environmental
challenges (such as declining waste removal services and low recycling rates) also affect overall
household wellbeing.

These findings help explain the living conditions of the learners in this study and set the back-
ground for analysing their progression within the South African education system.

3.3 Data selection and wrangling

Data wrangling entails the cleaning and transformation of data from the GHS to enable sta-
tistical analysis. SAS is used to analyse data from two GHS files, namely household.csv and
person.csv. The household-level file contains data on various aspects of household-level charac-
teristics, including demographics, income, housing conditions, and access to services, while the
person-level file contains individual-level data on personal demographics, education, employ-
ment, health, and other personal attributes. By merging these files based on unique identifiers,
one can link individual characteristics to their household’s SES. This integration enables more
nuanced statistical analyses by providing the ability to explore the interactions between person-
level characteristics and household conditions. It is then possible to examine how household
factors influence individual outcomes, and the merged dataset facilitates multilevel modelling,
where both individual and household variables can be included to account for hierarchical data
structures, leading to more accurate and insightful conclusions. The data were processed using a
series of filtering steps to remove extraneous observations and ensure the remaining data aligned
with the research objectives. This data cleaning process was essential for obtaining reliable and
accurate results.

After the initial data cleaning process, further filters were applied to isolate the target learner
population for analysis. This involved isolating individuals between the ages of thirteen and
twenty-one years who attended public high schools within South Africa. Additionally, only
learners enrolled in Grades 8 through 12 are considered. To account for attrition, individuals of
this same age group who were neither enrolled for formal education nor obtained an NSC were
included in the analysis. By implementing these filters, the analysis pertains to a specific and
relevant group of learners within the broader educational system.

Next, a total household income was calculated and attributed to each learner. Within the
context of this analysis, the household income encompasses the total annual monetary inflows
received by all members residing in a single household. This included income sources such as
grants, salaries, wages, pensions, and any remittances received by household members. The
household income was used to determine the socio-economic quintile category of each learner
based on their household’s economic standing.
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This study employed a stratified approach based on learner quintile (LQ) and the school quintile
(SQ) that the learner attended. Learners were categorised into two groups: Learners in the
lower three quintiles (LQ13) typically describe learners from the lower-income segments of the
population, often characterised by limited access to resources, lower educational attainment,
and higher vulnerability to economic hardships. These learners originated from households
with a total annual household income less than the specified threshold of R15600, determined
by considering the average annual household income [29]. Learners in the upper two quintiles
(LQ45) are typically from the higher-income segments of the population, often characterised
by greater access to resources, higher educational attainment, and improved living standards.
These learners originated from households with a total household income greater than a specified
threshold. For the objectives of this study, only LQ13 learners were retained for analysis.

While not formally mandated, there is a tendency for learner quintile to align with school quintile
due to socio-economic factors. Quintile 1 to 3 schools (SQ13) are no-fee schools, receiving the
highest level of government funding. Quintile 4 to 5 schools (SQ45) charge fees and serve more
affluent communities, receiving lower levels of government funding due to their better access to
resources and financial support from the surrounding communities [24]. To reflect this alignment
and generate a meaningful union between learner and school quintiles, learners in the merged
dataset were each assigned a quintile identifier based on their calculated total household income.
This approach aimed to capture the perspectives of learners within their specific school contexts,
particularly those from lower socio-economic backgrounds (LQ13) attending either low-resource
(SQ13) or high-resource (SQ45) schools, respectively. This process enables the analysis of learner
characteristics while considering both their household income and the school’s socio-economic
context.

To incorporate the influence of attrition, it was assumed that learners who have left the education
system due to financial constraints (given that SQ13 schools are typically fee-exempt), academic
challenges (as SQ45 schools often have higher academic standards), geographical inaccessibility
(since LQ13 learners are more likely to reside near SQ13 schools), or social barriers to entry (as
SQ45 schools may have more stringent admission criteria) would have previously attended SQ45
schools. While acknowledging the inherent subjectivity of this assumption, it was considered
essential to account for attrition in the analysis where this metric is not immediately captured
in the 2022 GHS. This approach was deemed the most appropriate method given the available
data and research constraints.

The filtered dataset consisted of 302 features, including categorical data. These categorical
variables were transformed into binary indicators through a process of one-hot encoding. This
involved the generation of a binary variable for each feature within each categorical variable. For
instance, the question “What means of transport is usually used by the learner to get to school?”
with nine possible responses was transformed into a binary variable to most appropriately rep-
resent the data space. The prompt “Does the learner walk to school?” would be represented
by a value of 1 for a “yes” response and a value of 0 for a “no” response. Generated variables,
termed indicators, store this binary encoded data. Data processing was applied in this way for
all relevant survey prompts, adhering to the survey structure and addressing sections within the
GHS. The generation of indicators may involve some subjectivity, as decisions regarding their
construction required subject matter expertise and personal judgment. The categorisation for
the features from the GHS into relative indicators is displayed in Table A.1 for the person-level
indicators and in Table A.2 for the household-level indicators in Appendix A.

The GHS data presents a hierarchical structure, with learners nested within households. To
fully capture the complexities of this structure, multilevel modelling is the ideal analytical
approach [69]. To address the hierarchical nature of the data while maintaining analytical
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tractability, a random sampling technique was employed. Within households containing multi-
ple learners, a single learner was randomly selected to represent the household. This approach
flattens the data structure, enabling the application of traditional single-level analysis methods.
Becker demonstrated that household members, particularly siblings, often share similar experi-
ences and influences [12]. This suggests that analysing a single learner within a household can
provide valuable insights into the broader dynamics and challenges faced by the entire family
unit. While acknowledging the potential limitations of this simplification, it is believed that this
approach provides a reasonable approximation of the underlying data structure for the purposes
of this study.

3.4 Theoretical framework of techniques

To establish variate relationships within the GHS dataset, a series of analytical techniques was
employed. FA is firstly used to reduce the high dimensionality of the data. By identifying
underlying latent factors, FA reduces the complexity of the dataset, making it more manageable
for subsequent analyses. MRA is then employed to examine the relationships between the
resultant factors to determine the nature of their relationships. Finally, SEM is applied to
estimate the strength and direction of variate relationships between the factors, providing a
more comprehensive understanding of the underlying processes and thereby offering a potential
causal loop diagramme with which the public high school system may be described.

3.4.1 Factor analysis

FA is a method for dimensionality reduction, transforming complex datasets into fewer and more
meaningful features [96]. The technique operates by uncovering latent patterns within a set of
observed variables. By identifying a smaller set of underlying factors that encapsulate the key
information, FA facilitates more efficient data analysis [54]. FA provides a summary of multiple
observed variables to capture a broader concept inherent in the data by uncovering underlying
structures and themes concealed within large datasets. FA consists of two distinct approaches,
namely exploratory FA (EFA) and confirmatory FA (CFA). EFA, originally developed by Charles
Spearman [93] in the area of human abilities, serves as a method for uncovering the underlying
structure within a dataset, operating without pre-established hypotheses. Originally, FA was
merely an exploratory statistical method, but in 1973, Jéreskog [50] developed a method to test
and validate specific hypotheses regarding the data’s structure and defined this method as CFA.

At the initialisation of the FA process, the suitability of the technique for the specific dataset
is examined by means of two distinct tests [101]. Firstly, Bartlett’s test of sphericity evaluates
the overall strength and significance of correlations within a dataset [11]. This test focuses on
the null hypothesis, which posits that the correlation matrix (a representation of all pairwise
correlations between variables) is an identity matrix. In the context of the correlation matrix, an
identity matrix signifies that all variables are independent, exhibiting no correlation. The test
alms to assess whether this assumption holds true. A statistically significant result, typically
indicated by a p-value less than 0.05, leads to the rejection of the null hypothesis. This rejection
implies that the correlation matrix deviates significantly from an identity matrix, suggesting
the presence of meaningful relationships or structure within the data. Such structure is a
fundamental requirement for the successful application of EFA.

Secondly, the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy (MSA) serves as a
statistical index that quantifies the proportion of variance within each variable in a dataset that
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can be explained, without error, by the remaining variables [52]. Essentially, the KMO measure
assesses the extent to which variables in the dataset share common underlying factors. A KMO-
MSA value closer to 1 indicates a stronger likelihood that FA is an appropriate technique for the
data. Conversely, values below 0.5 suggest that the dataset may not be well-suited for FA due
to a lack of shared variance among variables. Values ranging from 0.6 to 0.8 suggest that FA
might be cautiously considered, with a higher potential for successful analysis as the KMO value
approaches 0.8. Values exceeding 0.8 are generally considered favourable for FA, suggesting a
high degree of shared variance that can be effectively captured through FA.

Subsequently, the determination of the number of factors to retain in FA involves two distinct
methods. A factor is a dimension or construct that is a condensed statement of the relationships
between a set of variables [54]. Firstly, the eigenvalue-greater-than-one rule can be applied,
where the number of factors to retain corresponds to the number of factors that adhere to this
rule [51]. Alternatively, a scree plot can be constructed, with the number of factors on the z-axis
and the eigenvalues on the y-axis [25]. A key point in this plot is where the curve’s slope changes
abruptly, known as the elbow of the curve. The factor number at this point of change indicates
the number of factors to retain, as visually depicted in Figure 3.1.
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FIGURE 3.1: An example of a scree plot to determine the appropriate number of factors to retain during
EFA (adapted from [25]).

EFA is undertaken when suitable variables and a desired number of factors are specified. The
EFA output comprises a rotated factor pattern, essential for interpreting the underlying data
structure. Rotated factor patterns achieve “simple structure,” where each variable loads heavily
on one factor and minimally on others, simplifying interpretation [67]. Varimax rotation, an
orthogonal technique, produces uncorrelated factors and aims to maximise the differences in
factor-variable associations. This results in each variable being strongly associated with only
one factor, making the interpretation clearer by distinctly separating the correlations between
factors and variables. These factor loadings are considered high if they exceed 0.6 (regardless of
sign) and moderately high if they are above 0.3; other loadings can typically be disregarded [54].
In this way, common conceptual meanings among variables that load on the same factor can be
identified, aiding in the understanding of underlying constructs. The rotated factor pattern ma-
trix assists in assigning meaningful themes to factors by examining variables with high loadings.
In this way, rotated factor patterns are important in EFA for simplifying factor interpretation,
identifying latent constructs, and determining factor names. Ultimately, uncovering the latent
structure of the data allows informed analytical decisions to be made.
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CFA is employed to evaluate the extent to which a theoretical model aligns with empirical
data. A well-fitting model effectively accounts for the observed covariances within the data [67].
Assessing model fit is complex, as no single index provides a definitive evaluation [19]. Conse-
quently, multiple fit indices are typically examined.

The comparative fit index (CFI) compares a specified model to a null model, with values greater
than 0.94 indicating a satisfactory fit. The standardised root mean square residual (SRMR)
represents the average discrepancy between observed and predicted correlations, with values
below 0.055 suggesting a good fit [43]. Finally, the root mean square error of approximation
(RMSEA) estimates the model’s deviation from population parameters [55]. Values less than
0.055 indicate a close approximation [20].

To build upon the exploratory findings of FA, Cronbach’s alpha is computed to verify that the
extracted factor structures are internally consistent and reliable for further analysis. Introduced
by Lee Cronbach in 1951 [30], this widely adopted metric evaluates the internal consistency of a
scale by measuring how closely related the indicators within a factor are. Represented as a value
between 0 and 1, higher alpha values denote stronger internal consistency and greater reliability
in capturing the same underlying construct.

FA is an iterative process, involving repeated refinements to the model. This approach allows for
adjustments and modifications based on the interpretability of the factors and the fit of the CFA
model. Through iterative refinement, the extracted factors become more meaningful, offering a
more useful representation of the underlying latent constructs in the data. This iterative process
improves the overall quality and interpretability of the FA results.

3.4.2 Composite factors for further analysis

FA is employed to reduce the dimensionality of the GHS to fewer latent constructs. However,
each factor still consists of multiple significant variables. To calculate a single score per factor,
a weighted average approach is implemented. Specifically, factor loadings produced by the
FA are multiplied by binary values representing the observed responses per record for each
indicator. This process yields composite factor scores ranging from 0 to 1, with higher values
indicating more favourable conditions. For instance, a score of 1 for a factor describing family
structure would represent a household with both parents married and their biological child
residing together. A household experiencing food insecurity, characterised by insufficient food
intake, food depletion, or hunger among members, would receive a composite factor score of 0 for
the food security construct. The mathematical formulation for the generation of these composite
factors is presented in Equation 3.1, where £; represents the factor loading for indicator j derived
from EFA, and ¢; is the binary encoding of indicator j, for the n indicators that comprise each
composite factor. Therefore, for all factors Fj,
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3.4.3 Multivariate regression analysis

MRA is a versatile statistical technique employed to examine the relationship between a quan-
titative dependent variable and a set of independent variables [14]. These independent variables
can be either quantitative or categorical, and the model can accommodate both linear and non-
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linear relationships. MRA enhances the ability to assess the influence of multiple predictors
simultaneously while controlling for the effects of other variables.

Towards the exploration of the relationship between a dependent variable, denoted as Y, and
a set of k independent variables (i.e., x1, x2, 3, ..., ), MRA is employed [15]. Data for
these variables are collected from N cases. For example, one might seek to predict household
energy access (Y') based on factors such as household employment (z1), learner health (z2), and
school support (x3). To estimate the dependent variable, the model multiplies each independent
variable score for a given case by its corresponding coeflicient, sums these products, and adds
a constant term, as illustrated in Equation 3.2. The resulting value is the predicted value of Y
for that case, denoted as Y. The regression coeflicient between the observed Y values and the
predicted Y values is quantified by the multiple regression coefficient, R. If a high degree of
regression coeflicient exists among predictor variables within a model, this condition is referred to
as multicollinearity. Such circumstances can pose challenges for statistical analysis. To address
multicollinearity, techniques such as principal component analysis may be employed [31]. The
significance of the relationship derived from MRA is determined through a hypothesis test where
p < 0.001 is strongly significant and p < 0.05 is moderately significant.

Y = By + Bix1 + Boxo + Bsxs (32)

3.4.4 Structural equation modelling

Over a decade ago, methods for modelling the structure of relationships among variables using
systems of equations began to gain traction among sociologists, as evidenced by the work of
Bagozzi [10], Oliver and Bearden [66], and Shimp and Kavas [81]. These methods evolved into
what is now recognised as modern statistical techniques. SEM is defined as a sophisticated
technology that investigates the complex relationships between latent or observed factors, in
this context, at both the individual and household levels [6].

SEM is applied to the relevant dataset to uncover and explore further relationships between
variables. Complementing MRA, SEM facilitates the simultaneous modelling of multiple re-
lationships, thereby providing a holistic view of the entire system. SEM extends traditional
regression analysis by incorporating latent variables and their interrelationships, enabling the
assessment of both direct and indirect effects within a cohesive framework. Furthermore, SEM’s
global fit indices offer an overall evaluation of how well the theoretical model corresponds with
the observed data. Similar to CFA, model fit is assessed using CFI, SRMR, and RMSEA [67].
As with CFA, CFI is deemed satisfactory when values exceed 0.94. SRMR suggests a good fit
when values are below 0.055 [43]. Lastly, RMSEA indicates a close approximation when values
are less than 0.055 [20].

The standardised path coefficients (5), which are rescaled, estimate the strength and direction of
relationships between variables, measured on a common scale with a mean of zero and a standard
deviation of one. In SEM, the standard error (SE) represents the degree of variability associated
with an estimated path coefficient. A smaller SE indicates higher precision in the estimate,
suggesting that the results are less likely to vary substantially across different samples. The ¢-
value, derived as the ratio of the estimated path coefficient to its standard error, as presented in
Equation 3.3, serves to evaluate the statistical significance of the relationship between variables.
A higher absolute t-value signifies a stronger relationship and a reduced likelihood that the
observed effect is attributable to chance.
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t= 1 (3.3)

3.5 Variate relationship analysis for LQ13 learners in SQ13 schools

The first analysis focuses on LQ13 learners attending SQ13 schools, using a sample of 2839
learners, comprising 52% male and 48% female. Home languages varied, with 28% speaking
isiZulu, 17% Sepedi, 15% isiXhosa, and 11% Sesotho. In an effort to determine variate relation-
ships within the South African public high school system for LQ13 learners in SQ13 schools,
this dataset is analysed using FA, MRA, and SEM.

3.5.1 Significant factors for LQ13 learners in SQ13 schools

Towards a comprehensive view of the factors influencing learners, FA was conducted on the
dataset pertaining to LQ13 learners in SQ13 schools. This approach enabled an in-depth ex-
ploration of the factors influencing individual learners and the broader household environment,
providing insights into how these factors collectively shape the learner’s educational trajectory.

Firstly, the analysis centres on variables concerning the person-level characteristics of the learner,
including sections on education, health, and family structure. EFA was conducted on a prede-
fined set of indicators, which are enumerated in Table A.1 of Appendix A. The suitability of
the data for EFA was ascertained with an overall MSA of 0.62, indicating sufficient common-
ality among the variables to justify the use of FA. In Table 3.1, the relative indicators, their
corresponding KMO-MSA values, and the factor loadings for the three factors uncovered are
presented. The factor loadings are multiplied by a factor of 100 to better display their cluster-
ing. CFA results yielded ideal fit indices (CFI = 0.92, SRMR = 0.03, and RMSEA = 0.07),

indicating a well-fitting model.

TABLE 3.1: KMO-MSA and the rotated factor pattern for person-level characteristics for LQ13 learners
in SQ13 schools.

Person F1: Person F2: Person F3:
Indicator KMO-MSA  Family structure Learner health Supported retention
Maternal participation 0.60 85* -1 1
Co-residence with parents 0.67 85* 1 1
Maternal vitality status 0.60 63* -4 1
Paternal participation 0.65 59* 2 -2
Good hygiene 0.62 0 80* 6
Good memory 0.65 -1 76* 2
Good communication 0.68 0 73* 0
Retention 0.56 2 9 84*
School feeding 0.57 4 5 80*
Walk to school 0.70 -4 -3 60*

The three identified factors represent unique aspects of person-level characteristics:

1. person_F1 captures variance in family structure, clustering indicators related to the pres-
ence and involvement of parents and guardians in the learner’s life.

2. person_F2 clusters indicators describing learners’ physical capabilities, focusing on diverse
aspects of physical and cognitive function. These encompass abilities such as effective
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communication, self-care skills (including dressing and hygiene), and cognitive functions
like memory and concentration.

3. person_F3 groups indicators such as learner access to educational transport, the availabil-
ity of meals through school feeding programs, and learner retention rates, as a latent factor
describing a learner’s retention in the system through institutional support.

The overall variance (R?) explained by the person factors is 56.97%, indicating that just over
half of the total variability in the observed variables is accounted for by the underlying person-
related latent constructs. This suggests a moderately strong factor solution. The distribution
of this explained variance across the three factors is presented in Table 3.2.

TABLE 3.2: Variance explained by the extracted person factors for LQ13 learners in SQ13 schools.

Factor R?
Person F1: Family structure 22.10%
Person F2: Learner health 17.60%

Person F3: Supported retention 17.20%

In Table 3.3, the Cronbach’s alpha values for the extracted person factors are presented. These
reliability coefficients indicate the internal consistency of the indicators within each factor,
demonstrating that the grouped indicators are sufficiently correlated to measure the same under-
lying construct. The three person factors exhibit moderate Cronbach’s alpha values, suggesting
adequate internal consistency.

TABLE 3.3: Cronbach’s alpha values for the extracted person factors for LQ13 learners in SQ13 schools.

Factor Cronbach’s alpha
Person F1: Family structure 0.71
Person F2: Learner health 0.65
Person F3: Supported retention 0.62

The process is repeated for indicators pertaining to the characteristics of the learner’s house-
hold, covering aspects such as social security, economic activities, household information, and
indicators of welfare and hunger. EFA was performed on a predefined set of indicators, specified
in Table A.2 of Appendix A. The suitability of the data for EFA was confirmed by an overall
KMO-MSA of 0.69, indicating sufficient common variance among the variables to justify the
application of FA. In Table 3.4, the relevant indicators, their corresponding KMO-MSA values,
and the factor loadings for the five factors derived from the analysis are presented. CFA re-
sults yielded ideal fit indices (CFI = 0.97, SRMR = 0.05, and RMSEA = 0.05), indicating a
well-fitting model.

The five identified factors represent unique aspects of household-level characteristics:
1. hhold_F1 clusters indicators related to food security, a fundamental human right, reflecting

a household’s ability to consistently access safe, nutritious food to meet dietary needs and
preferences.

2. hhold _F2 groups indicators related to household sanitation, recording access to safe drink-
ing water, sanitation facilities, and waste management.

3. hhold F3 describes a household’s energy access, clustering indicators for the availability
and type of energy sources used.
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TABLE 3.4: KMO-MSA and the rotated factor pattern for household-level characteristics of LQ13 learners
in SQ13 schools.

hhold F1 hhold F4

Food hhold F2 hhold F3 Welfare hhold_F5
Indicator KMO-MSA security  Sanitation Energy income Environment
Food available 0.84 93* 2 2 -3 9
Food sufficient 0.84 92* 2 2 -3 9
Food has variety 0.85 88* 1 2 -3 8
Household not hungry 0.85 8T* 1 4 -2 9
General toilet available 0.85 -2 93* -3 -6 -1
Managed waste collection 0.67 0 90* -4 -4 3
Inhouse water 0.83 6 82% 9 -8 4
Main electricity meter 0.60 6 3 91%* -1 2
Energy access 0.66 1 8 83* -1 -2
Paid electricity 0.72 1 -9 78% 2 7
Grant received 0.54 1 0 -2 95* -2
Childcare grant received 0.54 1 3 -4 94* -3
Unearned income earned 0.90 -9 -18 4 55% 3
No air pollution 0.90 0 -2 9 0 81%*
No water pollution 0.70 14 8 0 2 80*
No littering 0.78 13 1 1 -2 74*

4. hhold_F4 describes welfare income, derived from state-provided support such as child
support grants, which is a significant factor in sustaining households facing economic
hardship.

5. hhold_F5 describes the environment in which the household is located, clustering indicators
for pollution and litter.

The overall variance (R?) explained by the household factors is 73.9%, indicating that a substan-
tial proportion of the total variability in the observed household-related variables is captured
by the five underlying latent constructs. This suggests a strong factor solution, reflecting well-
defined and distinct dimensions within the household context. The distribution of the explained
variance across the five factors is presented in Table 3.5.

TABLE 3.5: Variance explained by the extracted household factors for LQ13 learners in SQ13 schools.

Factor R?
Hhold F1: Food security 20.51%
Hhold F2: Sanitation 14.98%
Hhold F3: Energy 13.47%
Hhold F4: Welfare income 13.20%
Hhold F5: Environment 11.74%

Table 3.6 presents the Cronbach’s alpha values for the extracted household factors. The five
household factors exhibit high Cronbach’s alpha values, suggesting strong internal consistency.

3.5.2 Factor regression for LQ13 learners in SQ13 schools

MRA was employed on the eight extracted factors that were revealed through FA. The composite
factors were consolidated as described in §3.4.2 to investigate the relationships among these
major themes within the dataset. In Table 3.7, the regression coefficients derived from the
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TABLE 3.6: Cronbach’s alpha values for the extracted household factors for LQI13 learners in SQ13
schools.

Factor Cronbach’s alpha
Hhold F1: Food security 0.92
Hhold F2: Sanitation 0.87
Hhold F3: Energy 0.79
Hhold F4: Welfare income 0.76
Hhold F5: Environment 0.70

MRA are presented. A regression coefficient was considered statistically significant at a p-value
less than 0.05 (*), with particularly strong significance indicated at p < 0.001 (**). The colour
gradient within each cell visually represents the magnitude of the regression coefficient, with
darker shades indicating stronger associations.

TABLE 3.7: Regression matrix for the eight composite factors based on MRA for LQ13 learners in SQ13
schools. Rows represent predictors, columns represent outcomes. Cell shading indicates the magnitude
of the regression coefficient. ** indicates p < 0.001, * indicates p < 0.05.
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Through MRA, a series of significant associations were uncovered, each providing valuable in-
sights into the interconnectedness of the factors within the study context. Expanding on the
possible reasons behind these relationships enhances the understanding of the underlying dy-
namics.

Supported retention positively predicts learner health (r = 0.28, p = 0.001), suggesting the
important role that comprehensive school support programmes play in fostering learner well-
being. Schools that provide health services and nutritional support create a more conducive
learning environment, which can lead to better academic outcomes. This relationship might
also reflect the broader influence of such programmes in reducing absenteeism due to health-
related issues, thereby improving retention rates.

Supported retention strongly predicts welfare income (r = 0.28, p < 0.0001), and the relation-
ship is significantly bidirectional. This suggests that learners from households receiving financial
support mechanisms are more likely to attend schools that offer institutional support. Addition-
ally, it could reflect targeted efforts of welfare programmes to align with educational support
services, leading to increased retention.

Food security is a strong predictor of the environment (r = 0.22, p < 0.0001), and this relation-
ship is significantly bidirectional. This suggests that learners from households with adequate and
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nutritious food are also likely to reside in cleaner areas. Furthermore, the interplay between food
security and environmental quality may contribute to a cycle where access to proper nutrition
and a healthy living environment mutually reinforce one another, promoting overall well-being.

Environment positively predicts food security (r = 0.18, p < 0.0001). This points to the inter-
connectedness of environmental health and nutritional support. Investments in environmental
improvements, such as enhancing air and water quality, often go hand-in-hand with improve-
ments in food security.

These regression coeflicients suggest that the eight composite factors are closely linked, with
each composite factor influencing and being influenced by others. The findings point to the
value of adopting holistic and integrated approaches when designing policies and interventions
aimed at improving education.

3.5.3 Factor mapping for LQ13 learners in SQ13 schools

SEM was applied to the composite factors comprising LQ13 learners attending SQ13 schools.
The results are presented in Table 3.8. These findings provide a useful perspective on the
relationships and dynamics within the system, showing how the composite factors interact and
influence one another. The outcome of the SEM yielded ideal fit indices (CFI = 0.99, SRMR =
0.0015, and RMSEA = 0.006), indicating a well-fitting model.

TABLE 3.8: Standardised effects of predictors on outcomes, including the estimated path coefficients (),
standard errors (SE), and t-values for each relationship among the eight composite factors.

Predictor Outcome I5] SE t-value
Environment Food security 0.21 0.02 11.73
Welfare income Supported retention  0.13  0.02 6.83
Environment Energy 0.09 0.02 4.69
Supported retention  Learner health 0.08 0.02 4.26
Family structure Sanitation 0.08 0.02 4.13
Sanitation Welfare income -0.08 0.02 -4.05
Sanitation Environment 0.05 0.02 5.56
Family structure Energy -0.05 0.02 -2.94

The SEM findings and MRA results provide a broad view of the interrelationships among var-
ious composite factors. The strongest relationship observed in the SEM results is between the
environment and food security (5 = 0.21, SE = 0.02, ¢ = 11.73), which aligns with the MRA
results. This suggests that as families’ ability to move to cleaner neighbourhoods increases, their
food security is also likely to improve. The environment is also positively associated with energy
access (B = 0.09, SE = 0.02, t = 4.69), indicating that such a move tends to result in better
access to basic services and utilities.

A strong relationship is revealed between welfare income and supported retention (8 = 0.13,
SE = 0.02, t = 6.83), and to a lesser extent, supported retention positively influences learner
health (8 = 0.08, SE = 0.02, t = 4.26). This suggests that programmes supporting learner re-
tention may yield benefits that extend beyond academic outcomes, indirectly supporting learners
physically and socially. It also indicates that families receiving financial support are more likely
to enrol their children in schools with higher levels of institutional support.

Sanitation shows a negative effect on welfare income (5 = —0.08, SE = 0.02, t = —4.05), sug-
gesting that improvements in sanitation—as an indicator of better household conditions—may
reduce families’ reliance on financial support. Conversely, sanitation is positively associated with
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the household environment (8 = 0.05, SE = 0.02, t = 5.56), suggesting that improved service
delivery may encourage communities to maintain their surroundings. A positive relationship is
also observed between family structure and sanitation (8 = 0.08, SE = 0.02, ¢t = 4.13), indicat-
ing that nuclear families are more likely to reside in households with better conditions. A less
intuitive finding is the small negative relationship between family structure and energy access
(8 =-0.05, SE =0.02, t = —2.94).

In Figure 3.2, the relational mapping of the predictors and outcomes included in the estimated
path coefficients as a network diagramme of the eight composite factors for LQ13 learners in
SQ13 schools is presented.

structure

Sanltatlon +0.04 Environment
+0.07
Learner \4 Food
health security
+0.06 +0.21
+0.09
0.06 Energy
Welfare Supported
income retention

N~ A

FIGURE 3.2: Relational mapping of the predictors and outcomes included in the estimated path coeffi-
cients as a network diagrammeme of the eight composite factors for LQ13 learners in SQ13 schools.

Upon examination of the relational mapping of the predictors and outcomes, it was observed
that environment, energy, and food security do not have direct relationships with the learner’s
education-oriented factors. To further explore how specific indicators within significant compos-
ite factors influence learners, an additional analysis was conducted. The five relevant composite
factors (i.e., sanitation, family structure, learner health, supported retention, and welfare in-
come) were disaggregated into their original seventeen indicators. MRA was applied to assess
the relationships among these indicators, with the resulting regression coefficients presented in
Table A.4 in Appendix A. SEM was then employed, and the results are shown in Table A.5 of
Appendix A. These relationships, visually represented in Figure 3.3, provide a network-based
view of the interconnections among the seventeen indicators for LQ13 learners in SQ13 schools.

In an effort to avoid redundancy, only relationships between indicators that do not originate
from the same composite factor are discussed. The strongest of these relationships is observed
between the mother’s survival status and receipt of a childcare grant (5 = 0.12, SE = 0.02,
t = 6.63). This relationship suggests that the presence of a mother plays an important role in
determining eligibility for a childcare grant.

A further association is identified between access to in-house drinking water and the receipt of
unearned income (5 = —0.13, SE = 0.02, ¢t = —7.48). This may suggest that households with
access to in-house drinking water are less likely to require unearned income, such as remittances,
pensions, or grants.
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cients as a network diagram of the seventeen indicators that influence LQ13 learners in SQ13 schools.

Another relationship is observed between co-residence with parents and the receipt of unearned
income (8 = —0.13, SE = 0.02, t = —6.55), suggesting that more secure family structures tend
to be more financially stable and, therefore, less reliant on unearned income. The direction of
this relationship is worth noting: the absence of unearned income is more likely to follow from
co-residence with parents.

Finally, a negative relationship is found between unearned income and retention (8 = —0.08,
SE = 0.02, t = —5.15). This indicates that learners receiving less unearned income are more
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likely to remain in the school system. Unearned income emerges as a central indicator, linking
dimensions such as sanitation, family structure, and supported retention.

To uncover the relationships between factors influencing LQ13 learners in SQ13 schools, a series
of analytical techniques was employed. FA was first used to identify eight latent composite
factors, providing a broader perspective on the data. These were then analysed using MRA and
SEM to examine how the factors relate to and affect one another. This stage of analysis offered
insight into the structural patterns in the system. To further investigate the influence of specific
indicators on learner retention, a second round of MRA and SEM was conducted on seventeen
individual indicators. This level of analysis revealed several associations that are central to the
next stage of the study.

3.6 Variate relationship analysis for LQ13 learners in SQ45 schools

The second analysis focused on LQ13 learners attending SQ45 schools, using a sample of 1716
learners, comprising 53% male and 47% female. Home languages varied, with 25% speaking
isiZulu, 18% isiXhosa, 12% Afrikaans, and 11% Setswana. In an effort to determine variate
relationships within the South African public high school system for LQ13 learners in SQ45
schools, this dataset is analysed using FA, MRA, and SEM.

3.6.1 Significant factors for LQ13 learners in SQ45 schools

To comprehensively analyse the factors influencing L.Q13 learners in SQ45 schools, FA was
conducted. Firstly, the analysis centres on variables concerning the person-level characteristics
of the learner, including sections on education, health, and family structure. FA was conducted
on a predefined set of indicators, which are enumerated in Table A.1 of Appendix A. The
suitability of the data for EFA was confirmed with an overall KMO-MSA of 0.74, indicating
sufficient commonality among the variables to justify the use of FA. In Table 3.9, the relative
indicators, their corresponding KMO-MSA values, and the factor loadings for the three factors
discovered are presented. CFA results yielded ideal fit indices (CFI = 0.99, SRMR = 0.03, and
RMSEA = 0.03), indicating a well-fitting model.

TABLE 3.9: KMO-MSA values and the rotated factor pattern for person-level characteristics of LQ13
learners attending SQ45 schools.

KMO-MSA Person_F1: Person F2: Person_F3:
Indicator Family structure Learner health Supported retention
Co-residence with parents 0.57 89* 1 -2
Maternal participation 0.60 81* 1 4
Paternal participation 0.65 72% 2 -11
Good hygiene 0.62 4 88* 3
Good walking 0.54 3 87* 0
Good communication 0.79 -1 52% -4
School feeding 0.57 -10 2 80*
Walk to school 0.59 -13 0 78%
Retention 0.68 11 -4 57%*

The three identified factors, which correspond to unique aspects of person-level characteristics,
are comparable to those observed in SQ13 schools. These latent factors represent themes related
to family structure, supported retention schemes within schools, and learner health.
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The overall variance (R?) explained by the person factors is 60.18%, indicating that a substantial
proportion of the total variance in the observed variables is accounted for by the three extracted
factors. This supports the adequacy of the factor structure in capturing key underlying dimen-
sions of person-related influences. The distribution of this explained variance across the three
factors is presented in Table 3.10.

TABLE 3.10: Variance explained by the extracted person factors for LQ13 learners in SQ45 schools.

Factor R?
Person F1: Family structure 22.43%
Person F2: Learner health 20.15%

Person F3: Supported retention  17.60%

In Table 3.11, the Cronbach’s alpha values for the extracted person factors are presented. These
reliability coefficients assess the internal consistency of the indicators comprising each factor.
Family structure demonstrates good internal consistency, learner health shows acceptable reli-
ability, and supported retention yields a lower alpha, indicating moderate internal consistency.
Overall, the results suggest that the indicators grouped within each factor are reasonably coher-
ent in measuring the respective underlying constructs.

TABLE 3.11: Cronbach’s alpha values for the extracted person factors for LQ13 learners in SQ45 schools.

Factor Cronbach’s alpha
Person F1: Family structure 0.74
Person F2: Learner health 0.65
Person F3: Supported retention 0.54

The process is repeated for the indicators pertaining to the characteristics of the learner’s house-
hold, covering aspects such as social security, economic activities, household information, and
indicators of welfare and hunger. EFA was performed on a predefined set of indicators, specified
in Table A.2 of Appendix A. The suitability of the data for EFA was confirmed by an overall
KMO-MSA of 0.67, indicating sufficient common variance among the variables to justify the
application of FA. In Table 3.12, the relevant indicators, their corresponding KMO-MSA values,
and the factor loadings for the five factors identified are presented. CFA results yielded ideal fit
indices (CFI = 0.97, SRMR = 0.05, and RMSEA = 0.05), indicating a well-fitting model.

The five extracted factors represent distinct dimensions of household-level characteristics that
closely align with those identified for SQ13 schools, encompassing food security, welfare income,
household sanitation, household energy, and household environmental factors.

The total variance (02) explained by the household factors is 73.88%. This indicates that a
considerable portion of the overall variability in the observed household-related indicators is
accounted for by the five latent constructs. The result reflects a strong factor solution, with
clearly defined and distinct dimensions characterising the household context. The proportion of
variance explained by each of the five factors is summarised in Table 3.13.

FA was conducted on learners from two specific strata: Those in the lowest socio-economic
quintiles (1-3) attending both low and middle socio-economic schools (Quintiles 1-3 and 4-5).
This targeted analysis aimed to capture the learner’s perspective within their school context,
focusing on factors most relevant to their experience. To improve generalisability, an additional
EFA was performed on all learners within each school. Notably, both analyses yielded similar
factors describing the respective school systems. This suggests that the factors identified through
the specific learner group (Quintiles 1-3) are not solely driven by socio-economic background
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TABLE 3.12: KMO-MSA and the rotated factor pattern for household-level characteristics for LQ13
learners in SQ45 schools.

hhold F1 hhold F4

KMO- Food hhold F2 hhold F3 Welfare hhold_F5
Indicator MSA security ~ Sanitation Energy income Environment
Food available 0.76 93* 7 -7 1 6
Food sufficient 0.76 93* 10 -10 1 6
Household not hungry 0.82 92* 8 -4 1 3
General toilet available 0.71 7 91% -9 3 0
Managed waste collection 0.73 6 89* -11 2 1
Inhouse water 0.84 9 82* -13 13 7
Main electricity meter 0.59 2 4 87* 1 7
Energy access 0.67 1 6 TT* -3 0
Paid electricity 0.68 -1 6 7T* 0 4
Grant receiver 0.57 -4 -4 0 95* -1
Childcare grant receiver 0.93 -2 -4 0 95* -2
Unearned income receiver 0.76 -15 -29 -3 60* -5
No air pollution 0.72 4 2 5 4 81%*
No noise pollution 0.66 -4 0 0 2 7T
No littering 0.58 14 6 -8 4 74*

but instead reflect broader characteristics of the school environment that influence all learners.
In essence, the first analysis provides a focused view of how learners experience their schools,
while the second offers a broader account of the school’s overall functioning.

TABLE 3.13: Variance explained by the extracted household factors for LQ13 learners in SQ45 schools.

Factor R?
Hhold F1: Food security 17.49%
Hhold F2: Sanitation 16.14%
Hhold F3: Energy 14.81%
Hhold F4: Welfare income 13.22%
Hhold F5: Environment 12.22%

In Table 3.14, the Cronbach’s alpha values for the extracted household factors are presented.
The reliability coefficients across all five factors suggest a high level of internal consistency,
indicating that the grouped indicators are suitably aligned with the constructs they are intended
to measure.

TABLE 3.14: Cronbach’s alpha values for the extracted household factors for LQI13 learners in SQ45
schools.

Factor Cronbach’s alpha
Hhold F1: Food security 0.92
Hhold F2: Sanitation 0.87
Hhold F3: Energy 0.74
Hhold F4: Welfare income 0.81
Hhold F5: Environment 0.68

3.6.2 Factor regression for LQ13 learners in SQ45 schools

MRA was employed on the eight composite factors, examining their interrelationships within the
dataset. In Table 3.15, the regression coefficients obtained from this analysis are presented. A
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regression coefficient was considered statistically significant at a p-value less than 0.05 (*), with
stronger significance indicated at p < 0.001 (**). The colour gradient within each cell visually
represents the magnitude of the regression coefficient, with darker shades indicating stronger
associations.

TABLE 3.15: Regression matrix for the eight composite factors based on MRA results for LQ13 learners
in SQ45 schools. Rows represent predictors, columns represent outcomes. Cell shading indicates the
magnitude of the regression coefficient. ** indicates p < 0.001, * indicates p < 0.05.
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The MRA revealed a series of significant associations between the composite factors, shedding
light on the intricate relationships within the study context. By exploring potential reasons for
these associations, a deeper understanding of the underlying dynamics is gained.

Welfare income positively predicts supported retention (r = 0.38, p < 0.0001), and the
relationship is significantly bidirectional. Learners who receive support for retention are more
likely to be from families receiving welfare income. This might reflect that support programs
are effectively targeting learners from lower-income backgrounds.

Energy and sanitation positively predict each other (r = 0.28, p < 0.0001). Better access
to energy is associated with better sanitation. This suggests that areas with more developed
energy infrastructure also tend to have better sanitation facilities.

Supported retention negatively predicts sanitation (r = —0.19, p < 0.0001), and the relation-
ship is significantly bidirectional. Learners receiving institutional support are associated with
poorer sanitation conditions. This could indicate that retention support programs are effectively
reaching learners in areas with infrastructure challenges.

Food security and sanitation positively predicts each other (r = 0.16, p < 0.0001). Higher
food security is linked to better sanitation conditions. This might indicate that areas with better
food access also have better overall infrastructure and living conditions.

Family structure and sanitation positively predict each other (r = 0.15, p < 0.0001). Learners
from more secure family units are more likely to have access to better sanitation. This might
reflect that secure family structures may live in areas with better infrastructure or have more
resources for maintaining sanitary conditions.
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3.6.3 Factor mapping for LQ13 learners in SQ45 schools

SEM was employed on the dat and the results of this analysis are shown in Table 3.16. These
findings provide valuable insights into the complex relationships and dynamics within the system.

TABLE 3.16: Standardised effects of predictors on outcomes including the estimated path coefficients
(8), standard errors (SE), and t-values for each relationship of the composite factors in the structural
equation model for LQ13 learners in SQ45 schools.

Predictor Outcome I5] SE t-value
Welfare income Supported retention  0.33  0.02 15.54
Sanitation Welfare income -0.21  0.02 -9.45
Family structure Sanitation 0.19 0.02 8.34
Sanitation Supported retention -0.16 0.02 -7.00
Sanitation Food security 0.15 0.02 6.38
Family structure =~ Welfare income -0.13  0.02 -5.45
Sanitation Energy 0.13 0.02 5.30
Environment Food security 0.12 0.02 4.97
Welfare income Food security -0.11  0.02 -4.51
Food security Supported retention -0.09  0.02 -4.09
Energy Environment 0.10 0.02 4.02

The SEM analysis reveals a robust positive regression coefficient between welfare income and
supported retention (f = 0.33, SE = 0.02,¢ = 15.54). This finding suggests that families in
receipt of welfare income are more likely attend a school that provides institutionalised support.
The practical implications underscore the efficacy of social welfare programmes in promoting
educational retention, indicating that financial support plays a pivotal role in enabling continued
education for children from lower-income families.

A noteworthy positive relationship is observed between family structure structure and sanitation
(B = 019, SE = 0.02,t = 8.34). This implies that more secure family structures may be
more inclined to invest in improved sanitation facilities, possibly due to more focused resource
allocation within the household.

Interestingly the SEM analysis unveils several negative relationships. Fristly, a negative rela-
tionship between sanitation and supported retention (8 = —0.16, SE = 0.02,¢t = —7.00),
suggesting that areas with better sanitation may experience lower institutionalised support
schemes from the schools. Further, a negative relationship between sanitation and welfare
income (6 = —0.21, SE = 0.02,t = —9.45), indicating that areas with better sanitation
may have lower levels of welfare income. This could be because improved living conditions are
associated with reduced reliance on welfare support. A negative relationship between family
structure structure and welfare income (5 = —0.13, SE = 0.02, ¢t = —5.45), suggesting that
nuclear families may be less likely to receive welfare income, possibly due to increased household
stability or economic self-sufficiency. A negative relationship is revealed between food security
and supported retention (5 = —0.09, SE = 0.02,t = —4.09), this describing that learners
who are food insecure are not receiving institutionalised support. Although this relationship
may initially appear counterintuitive, it indicates that LQ13 learners in SQ45 schools are more
likely to experience food insecurity due to a reduced provision of support programmes, such
as school meals. Finally, a negative relationship is present between welfare income and food
security (8 = —0.11, SE = 0.02,t = —4.51), revealing that households in need of welfare
income are generally less likely to be food secure.
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An intriguing relationship is observed between sanitation and food security (5 = 0.15, SE =
0.02, t = 6.38), as well as sanitation and energy access (§ = 0.13, SE = 0.02, t = 5.30), showing
the interconnectedness of a clean environment, energy access, and access to nutritious food.

A significant positive relationship is observed between the environment and food security (5 = 0.12,
SE = 0.02,t = 4.97). This suggests that a better environment contributes to improved food
security. Finally, the SEM analysis identifies a positive relationship between energy access and
environmental outcomes (f = 0.10, SE = 0.04, ¢t = 4.02). This suggests that access to
energy may lead to better environmental outcomes.

Overall, the SEM results largely validate the findings of the MRA, with some variations in the
strength of the relationships. The SEM provides a more interconnected view of the factors at
play, allowing for a more nuanced understanding of how these variables influence one another
within a complex system. The consistency between the two methods increases confidence in the
identified relationships. In Figure 3.4, the relational mapping of the predictors and outcomes
included in the estimated path coefficients as a network diagrammeme of the eight composite
factors for LQ13 learners in SQ45 schools is presented.
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FIGURE 3.4: Relational mapping of the predictors and outcomes included in the estimated path coeffi-
cients as a network diagram of the eight composite factors for LQ13 learners in SQ45 schools.

An in-depth examination of the relational mapping of the predictors and outcomes, revealed
that the composite factors of environment, energy access, and food security do not directly have
relationships with educational factors of the learner. Additionally, learner health appeared to be
isolated, with no significant connections to other factors. To gain a more granular understand-
ing of the relationships between individual indicators and learner outcomes, a supplementary
analysis was conducted. This analysis focused on the indicators that were part of the composite
factors found to have a significant influence on learners, namely sanitation, family structure,
supported retention, and welfare income.

MRA was employed on these twelve indicators to evaluate their relationships and understand
how they interact and connect with each other. This analysis aimed to provide insights into the
specific individual indicators that contribute to the overall influence of the composite factors
on learners. In Table A.6 of Apendix A, the regression coefficients derived from the MRA are
presented.
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To further explore the relationships between individual indicators, SEM was applied to the
dataset comprising the twelve indicators. The results of this analysis are presented in Table A.7
in Appendix A. For a visual representation of the relationships identified through SEM, Fig-
ure 3.3 presents a network diagramme depicting the estimated path coefficients among the twelve
indicators for LQ13 learners in SQ45 schools. This diagramme provides a clear visualisation of
the complex interplay between these variables. The outcome of the SEM vielded ideal fit indices
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FIGURE 3.5: Relational mapping of the predictors and outcomes included in the estimated path coeffi-
cients as a network diagram of the twelve indicators that influence LQ13 learners in SQ45 schools.

In an effort to avoid redundancy and repetition, again only relationships between indicators
that do not originate from the same composite factor are discussed. The strongest of these
relationships is observed between the childcare grant and retention (5 = 0.49, SE = 0.05,
t = 10.05). This suggests that if a learner is retained in the school, they are highly likely to
also be a recipient of a childcare grant.

A counterintuitive finding is the negative relationship between grant receipt and retention
(8 = —044, SE = 0.05,t = —8.91). This is particularly interesting because, despite
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the high regression coefficient between childcare grant receipt and overall grant receipt, which
could imply that they represent similar constructs—they exhibit opposing effects on retention
rates. A plausible interpretation is that receiving a grant, in general, is insufficient to ensure
school retention; it specifically needs to be a childcare grant.

Another notable positive relationship is identified between the receipt of childcare grants and
the participation in school feeding schemes (5 = 0.24, SE = 0.02, ¢ = 11.25). This may
indicate that children attending schools that offer feeding schemes are also likely to receive a
childcare grant. This finding shows the notion that learners from households reliant on welfare
income tend to enrol in schools that provide institutionalised support programmes.

Lastly, the negative relationship between co-residence with parents and the receipt of unearned
income (f = —0.19, SE = 0.02,¢t = —7.83) is worth noting. This relationship suggests that
learners who live in stable family structures are less likely to receive unearned income such as
remissions, pensions, or grants.

In an effort to derive meaningful relationships that represent LQ13 learners in SQ45 schools,
a series of analytical techniques was employed. FA identified eight latent composite factors,
which offered a broader perspective on the data. MRA and SEM were applied to these eight
composite factors to better understand their interrelationships and the influence they exert
on one another. These analyses provided valuable insights into the complexities involved in
understanding schooling systems. Furthermore, to attain a more detailed understanding of the
specific indicators influencing learner retention, a second round of MRA and SEM was conducted
on twelve indicators. This revealed intriguing relationships that are crucial to the continued
analysis in this study.

3.7 Learner profile comparison

The characteristics defining lower socio-economic learners in both the SQ13 and SQ45 schools
have been identified. To deepen the understanding of these learners, a thematic value was
assigned to each learner. By considering each binary response in the encoded data and multi-
plying it by the respective relative factor loadings, then dividing by the total factor loadings, a
composite initial factor score was derived for each learner as depicted in Equation 3.4.

_ 2l
it

where /; is the factor loading for indicator j derived from FA, and ¢; is the binary encoding
of the indicator j, for the n indicators that comprise each composite factor. Averaging these
scores across all LQ13 learners in their respective schools allowed for an overall assessment of
each group as expressed in Equation 3.5.

F, (3.4)

_ 1 &
F=— ;F vk, (3.5)

where m is the number of observations.

This approach facilitates the identification of the defining similarities between these two groups of
learners, as well as the specific areas in which they diverge. The average scores derived from this
method can be expressed as “goodness scores,” where values closer to one indicate a healthier or
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TABLE 3.17: Resultant factor themes “goodness scores” for LQ13 learners in SQ13 and SQ45 schools
respectively

Factor (Fy) SQ13  SQ45
Family structure 0.58 0.57
Learner health 0.99 0.99
Supported retention  0.92 0.53
Food security 0.70 0.84
Welfare income 0.61 0.38
Sanitation 0.36 0.65
Energy 0.94 0.95
Environment 0.76 0.82

more advantaged learner, and scores closer to zero reflect learners who are comparatively worse
off. These scores are summarised in Table 3.17.

Analysis of these initial average factor scores reveals notable differences between the two systems
in terms of supported retention, welfare income, and sanitation. LQ13 learners who attend LQ13
schools benefit from increased levels of supported retention and more frequent welfare income
from the government. This trend is anticipated, as LQ13 schools typically implement feeding
programmes, thereby contributing to a higher supported retention factor score.

Interestingly, welfare income demonstrates considerable variation despite the learners belonging
to the same socio-economic class. This suggests that LQ13 learners in SQ13 schools may be
encouraged to apply for grants, whereas those in SQ45 schools might be on scholarships, which
may reduce their need for welfare income. In contrast, LQ13 learners attending SQ45 schools
appear to have access to improved sanitation at home. This disparity could be attributed to
these learners often residing near more affluent schools, which are typically situated in wealthier
areas, thus affording them access to better sanitation facilities.

The “goodness scores” offer a meaningful perspective on the learners’ overall status, providing
a comparative measure between SQ13 and SQ45 schools. By integrating the factor themes
derived from FA with the factor relationships identified through MRA and SEM, these scores
highlight both the distinct disparities and the commonalities between the two school groups.
This approach yields a comprehensive understanding of the learner profiles within each school
type, illustrating key areas of advantage and disadvantage across socio-economic contexts.

3.8 Chapter 3 summary

In this chapter, the relationships between variables within the context of the South African
education system were explored. The chapter commenced with an introduction to the GHS.
Following a comprehensive examination of the dataset, the initial phase focused on identifying
patterns, trends, and potential associations within the data. Thereafter, a detailed account
of the data selection and preparation procedures employed in the study was presented. The
theoretical framework underpinning the methodologies used to investigate these relationships
was then outlined. The analytical techniques employed included FA, MRA, and SEM. The
application of these methods to two distinct datasets was subsequently discussed. Lastly, the
learner profile was unpacked.
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In this chapter, factor importance among the variables identified as characterising lower socio-
economic learners within two distinct schooling systems in South Africa was determined, and a
survey was designed in pursuit of Objective III. Section 4.1 outlined the significance of factor
importance within the context of the study, serving as a means of applying the results obtained
in the previous chapter. Thereafter, Section 4.2 introduced the theoretical framework of ML,
followed by an explanation of the model pipeline in Section 4.3. This pipeline was subsequently
applied to two separate datasets, namely LQ13 learners within SQ13 and SQ45 schools, in
Section 4.4 and Section 4.5, respectively. Finally, Section 4.6 considers a survey design.

4.1 Factor importance as a foundation for survey design

In Chapter 3, the study identified the factors and interrelationships that characterise lower socio-
economic learners across two distinct educational systems. Drawing on the research discussed
in §2.3, by Slamang [83] and Becker [12], valuable insights have emerged. Slamang argued that

45
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enhancing learner progression requires focusing on the classroom environment, particularly in
relation to class size, school resources, and teacher effectiveness. Becker, on the other hand,
emphasised that although the classroom environment influences learners, the importance of
personal circumstances, especially the household conditions in which they reside, should not be
overlooked. She contends that the family environment also plays a crucial role in shaping learner
progression.

The contrast between these perspectives does not reduce the relevance of either approach; rather,
it reflects the nature of the data used in each study. Slamang’s dataset is skewed towards
the school environment, comprising mostly school-relevant data. Conversely, the 2019 GHS
dataset used in Becker’s study includes limited classroom-related variables and focuses mainly
on household characteristics.

In this study, the findings suggest that sanitation, family structure, supported retention, and
welfare income are significant influences on learner retention. While supported retention emerges
as a notable factor, household-related aspects are more prominent. This prominence can be at-
tributed to the structure of the 2022 GHS dataset, which places considerable focus on household
conditions and offers limited insight into the quality of education. Although some school-related
variables appeared in Becker’s study, most of the classroom environment questions found in
the 2019 GHS are missing from the 2022 edition. For findings to be practically applied to a
case study school, the comprehensiveness of the data is important. The dataset should pro-
vide a balanced representation of the learner’s personal traits, household context, and school
environment.

To move from the factors and interrelationships identified for lower socio-economic learners in
two schooling systems to a practical case study, new and balanced data must be collected.
Ensuring that this data avoids bias towards household or school-related variables requires a
carefully designed survey. This includes thoughtful structuring and wording of the questions to
achieve a representative view of all relevant dimensions.

Respondent fatigue refers to a decline in response quality as a survey continues, often due to
tiredness, boredom, or cognitive overload [48]. Given the evidence supporting this concern, and
acknowledging that a lengthy questionnaire may overwhelm learners, the number of questions
posed is deliberately limited. To assist in this refinement, ML techniques are applied to evaluate
the relative importance of each factor theme in predicting learner progression. This process
ensures that only the most relevant factors are retained in the final questionnaire.

4.2 Theoretical framework of machine learning

Learning, as a general process, involves acquiring new or altering existing behaviours, values,
knowledge, skills, or preferences. Unlike humans, who learn naturally through experience, ma-
chines rely on data to facilitate learning [3].

At its core, ML is a widely applied subfield of artificial intelligence that enables computers to
learn and improve performance without being explicitly programmed [65]. The aim is to optimise
decision-making by allowing algorithms to adjust their outputs based on patterns identified in
data, with accuracy measured by how often the predictions or classifications are correct.

ML techniques can uncover novel associations, generate new hypotheses, and drive research
towards more informed and effective decisions. The term “machine learning” was first coined
by Arthur Samuel in 1959 to describe the ability of computers to learn from data without being
explicitly programmed [76].
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Within ML, six broad paradigms describe how learning can occur: Supervised learning, unsu-
pervised learning, semi-supervised learning, reinforcement learning, transduction, and learning
to learn [64]. This study focuses on supervised learning, which uses labelled data to train mod-
els that map inputs to known outputs. In this context, the goal is to predict an educational
outcome, specifically, learner progression through the school system [49].

Supervised learning algorithms are typically grouped into the two main categories of classification
and regression. Classification algorithms predict discrete labels or categories. For example, a
model may classify a learner as either high risk or low risk of dropping out based on factors
like attendance, academic performance, and socio-economic status [57]. Regression algorithms,
on the other hand, predict continuous outcomes. For instance, regression might be used to
estimate the degree of improvement in a learner’s academic performance over time based on a
set of predictor variables [42].

Table 4.1 provides an overview of commonly used ML techniques, summarising each technique’s
core functionality and examples of relevant applications in education and related fields.

TABLE 4.1: Overview of commonly used ML techniques.

Technique Description Literature

Linear regression ~ Employed for regression tasks, this method aims to predict [2], [3§]
continuous values by establishing a linear relationship be-
tween independent and dependent variables.

Logistic Used for binary classification problems, this approach es- [21], [68]
regression timates the probability of an event occurring through the
application of a logistic function.
Support vector Used for classification and regression purposes, support vec-  [79], [44]
machines tor machines identify the optimal hyperplane that effectively
separates classes within the feature space.
Naive Bayes This is a probabilistic algorithm employed for classification [80], [59]
that assumes independence among features within a given
class.
k-nearest Used for both classification and regression, the k-nearest [5], [45]
neighbors neighbours algorithm classifies new instances based on the
majority vote of its k-nearest neighbours.
Random forest An ensemble learning method, this approach combines mul-  [8], [75]

tiple decision trees to enhance the accuracy and robustness

of predictions.
Gradient An ensemble learning method, this technique integrates mul-  [13], [74]
boosting tiple weak models to formulate a robust predictor, thereby

rectifying the errors of preceding models.

4.3 Factor importance analysis model pipeline

The model pipeline used to conduct factor importance analysis within the South African public
high school system is depicted in Figure 4.1. This pipeline consists of four stages: data pre-
processing, selection of the ML technique, grid search for optimal parameters, and an iterative
approach to establish the best model configuration.
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FIGURE 4.1: Pipeline for factor importance analysis including pre-processing, model tuning, and iterative
factor reduction for n factors, simplified from [40)].

This study’s ML component aimed to predict whether a learner would pass or fail a grade,
identifying the key factors affecting grade progression. Using 2022 GHS data, the model in-
corporated factors such as province, grade, age-grade delta, gender, home language, and the
indicator variables derived from FA. The target variable was the learner’s pass status in 2021,
retrospectively inferred based on whether the learner had to repeat their grade. This allowed
learners to be categorised as either having passed or failed.

A notable challenge was the class imbalance in the target variable, as approximately 85% of
learners reported having passed. This posed a risk of biasing the model towards the majority
class. To mitigate this, the Synthetic Minority Over-sampling Technique (SMOTE), developed
by Chawla et al., was employed [26]. SMOTE generates synthetic samples for the minority class
(learners who failed or dropped out), improving the model’s capacity to predict rare outcomes
and enhancing its overall classification performance.

Van der Heever et al. [97] conducted a study on South Africa’s high school system using a
combination of ML and agent-based modelling, based on the 2019 GHS. Among the tested ML
methods, gradient boosting showed the highest predictive accuracy, achieving an error rate of
2.95%. Based on this result, gradient boosting was selected as the technique for the current
study.

A grid-search approach was used to determine the optimal hyperparameters for the gradient
boosting model. Once fitted, the model was used to assess factor importance, quantifying how
much each variable contributed to predictive performance. Factor importance in this context
does not indicate a direct relationship with passing or failing. Rather, it reflects how informative
a factor is for distinguishing between learners at risk of failing and those likely to succeed.

To determine the minimum number of factors required to preserve model accuracy, an iterative
reduction approach was used. In each round, the least important factor was removed, and the
model was retrained. This continued until only one factor remained. The process enabled a
visualisation of how accuracy changes as factors are eliminated, offering practical guidance for
designing a learner questionnaire with only the most essential questions.
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4.4 Factor importance for LQ13 learners in SQ13 schools

For the factor importance analysis of LQ13 learners in SQ13 schools, the dataset comprised
2839 entries and 68 factors. The grid search—selected parameters are listed in Table 4.2. Model
performance was evaluated using precision, recall, and the Fl-score. As shown in Table 4.3,
the gradient boosting model achieved a precision of 0.88 for predicting learners who passed.
Precision, which is the proportion of true positives among all positive predictions, reflects the
model’s accuracy in identifying successful learners. Recall, which measures the model’s ability
to capture all actual positives, was 0.95. The Fl-score, which balances precision and recall,
reached 0.92 for ‘pass’ predictions, confirming the model’s strong predictive capability for learner
progression.

TABLE 4.2: Key gradient boosting classifier pa-  TABLE 4.3: Classification metrics by class for
rameters for LQ13 learners in SQ13 schools LQ13 learners in SQ13 schools
Parameter Value Class Precision Recall F1-Score
learning rate 0.3 Fail 0.49 0.26 0.34
n_estimators 200 Pass 0.88 0.95 0.92
max_depth 4
min_samples_split 5
min_samples_leaf 2
loss log_loss
subsample 1.0

validation_fraction 0.1

A confusion matrix, as depicted in Figure 4.2, provides a performance evaluation for classification
models. It outlines the model’s predictions against the actual outcomes, categorising results
into true positives, true negatives, false positives, and false negatives. This matrix is crucial
for assessing a model’s strengths and weaknesses, especially in distinguishing between different
classes.

The final results revealed an overall prediction accuracy of 85.00%. As depicted in Figure 4.2, the
model correctly identified 26.19% of the ‘Fail’ class and 95.25% of the ‘Pass’ class. However, it
misclassified 73.81% of the negative cases as positive and 4.75% of the positive cases as negative.
These findings emphasise the model’s robust recall and precision for the ‘Pass’ class, while also
indicating a need for improvement in its handling of the minority ‘Fail’ class.

Figure 4.3 visually depicts the factor importance obtained through the ML model. To reiterate,
factor importance reflects how well a factor contextualises learners, enabling the model to distin-
guish between those likely to pass or fail. The factor Learner retention is the most significant
contributor to the model’s predictions, indicating that regular school attendance is essential for
grade progression. Next, the factor Age, which relates to the grade-age delta, underscores the
importance of learners being at the appropriate age for their grade level. Lastly, the factor Child
support grant highlights the importance of financial assistance for learners in lower-quintile
schools, suggesting that such support plays a crucial role in their academic success.

The results derived from the iterative approach of sequentially removing the least significant
factors are presented in Figure 4.4. The z-axis represents the number of factors, while the
y-axis indicates the overall accuracy of the ML model. For a school classified as SQ13, the
accuracy remains relatively stable at approximately 80% until the removal of the 16" factor.
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By concentrating on the top sixteen factors, it is possible to reduce respondent fatigue while
maintaining adequate predictive accuracy. This suggests that by considering only sixteen factors
of a learner in an LQ13 context within an SQ13 school, one can predict their likelihood of grade
progression with approximately 80% confidence.
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FIGURE 4.3: Factor importance for LQ13 learners in SQ13 schools.

4.5 Factor importance for LQ13 learners in SQ45 schools

For the factor importance analysis conducted on LQ13 learners within SQ45 schools, a dataset
comprising 1 716 entries and 62 factors was used. Table 4.4 presents the selected parameters from
the grid search. The gradient boosting model’s performance was evaluated based on precision,
recall, and the Fl-score. As shown in Table 4.5, the model achieved a precision of 0.93 in
predicting learners who passed. The model’s recall was recorded at 0.94 for passing learners.
The F1-score reached 0.94 for ‘pass’ predictions.
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FIGURE 4.4: Change in learner progression prediction accuracy against number of factors for LQ13
learners in SQ13 schools.

TABLE 4.4: Key gradient boosting classifier pa- TABLE 4.5: Classification metrics by class for
rameters for LQ13 learners in SQ45 schools LQ13 learners in SQ45 schools
Parameter Value Class Precision Recall F1-Score
learning rate 0.3 Fail 0.51 0.41 0.49
n_estimators 300 Pass 0.93 0.94 0.94
max_depth 5
min_samples_split 2
min_samples_leaf 1
loss log_loss
subsample 1.0

validation_fraction 0.1

The final results indicated an overall prediction accuracy of 89.00%. As shown in Figure 4.5, the
model accurately classified 46.15% of the ‘Fail’ class and 94.43% of the ‘Pass’ class. However,
it misclassified 53.85% of the negative instances as positive and 5.57% of the positive instances
as negative. These results highlight the model’s strong recall and precision for the ‘Pass’ class,
while also suggesting the need for enhanced handling of the minority ‘Fail’ class.

Figure 4.6 provides a visual representation of factor importance as determined by the ML model.
The factor Learner retention emerges as the most influential factor in the model’s predictions,
suggesting that consistent school attendance is crucial for grade progression. The next most sig-
nificant factor, Meals at school, underscores the importance of food provision for learners
in higher-quintile schools, indicating that such assistance plays a vital role in supporting aca-
demic success. Finally, the factor Age, which reflects the grade-age alignment, highlights the
importance of learners being of an appropriate age for their respective grades.

The results obtained from the iterative process of sequentially eliminating the least significant
factors are shown in Figure 4.7. The z-axis denotes the number of factors, while the y-axis
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FIGURE 4.6: Factor importance for LQ13 learners in SQ45 schools.

represents the overall accuracy of the ML model. For an SQ45 school, accuracy remains consis-
tently high, at approximately 90%, before eventually declining. It is noteworthy that even after
the removal of the seventh factor, the model maintains an accuracy exceeding 80%.

4.6 Survey design

Considering the factor importance analysis of LQ13 learners in both SQ13 and SQ45 schools,
several potential consequences, effects, and outcomes have emerged as critical within these edu-
cational environments. While some similarities exist between the two school systems, there are
marked contextual differences in the challenges learners face in their respective environments.

For LQ13 learners in SQ13 schools, consistent attendance and appropriate age-grade placement
emerge as the most significant factors influencing academic success. This finding highlights
the prevalent issue of grade repetition and over-age learners in South African schools, often
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FIGURE 4.7: Change in learner progression prediction accuracy against number of factors for LQ13
learners in SQ45 schools.

linked to late school enrolment, repeated grades, or interruptions in education due to socio-
economic hardships. The relatively lower ranking of school meals in this context may suggest
that community-based mechanisms partly alleviate food insecurity.

In contrast, for LQ13 learners in SQ45 schools, while attendance and age-grade alignment remain
important, school meals rank higher in importance. This suggests that learners in these schools
may experience greater levels of food insecurity compared to their more affluent peers, making
school feeding programmes a critical support.

These findings reinforce the essential role of social support systems in education. There remains
a clear need for targeted interventions that promote regular attendance and prevent grade-age
misalignment through early support. School feeding programmes prove beneficial across socio-
economic contexts and are central to learner well-being and academic success. Additionally,
financial grants remain a crucial support mechanism, particularly for learners facing economic
constraints.

Based on the iterative approach employed, sixteen core questions were developed. These ques-
tions can be administered to any lower socio-economic learner in South Africa and used to
predict, with at least 80% accuracy, whether the learner will pass their current grade without
additional interventions. The questions are:

1. Do you attend a school that charges fees?

2. What is your gender?

3. How old are you?

4. What grade are you currently enrolled in?

5. Do you walk to school?

6. Does your school provide meals to learners?

7. Is your father actively involved in your life?
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8. Do you live with both parents?
9. Does your household have access to clean drinking water?
10. Is there water pollution in your area or household?
11. Is there littering in or around your home?
12. Does your family receive a grant from the government?
13. Does your family receive a child care grant?
14. Is there enough food available in your household to meet your needs?
15. Is your household’s waste collected?

16. Do you have a flushing toilet at home?

However, it is recognised that these questions do not capture the quality of education. In
the 2019 GHS, questions relating to educational quality were included and found significant in
Becker’s analysis [12]. These questions were removed in the 2022 GHS. As a result, Becker’s
earlier findings are used to inform the construction of additional questions to capture educational
quality. These include:

—_

Do you feel you receive a good quality of teaching at school?

Is your teacher frequently absent from school?

Does your school have enough teachers to meet learners’ needs?

Is your class size small?

Do you have access to enough learning materials and books at school?
Is the school building in good condition?

Has your teacher participated in a strike recently?

Are you able to read well?

© %P N o otk wN

Are you able to write your own name?

—_
e

Can you read and understand road signs?

—_
—_

. Can you fill out a form independently?

—
[\

. Can you calculate the correct change when you buy something?

13. Are you able to write a letter to someone?

This survey design serves as a data-informed collection tool, enabling the gathering of sta-
tistically significant information. The selected questions are structured to extract meaningful
responses from learners in lower socio-economic contexts within South Africa. However, they
are broadly applicable to other domains and research settings. Rather than being tailored to
a specific school, the questions aim to represent the broader population of learners from socio-
economically disadvantaged backgrounds in the South African education landscape. As such,
the survey instrument may be adapted to investigate additional research questions that require
a holistic yet statistically robust understanding of this learner group, while maintaining key
variables and mitigating respondent fatigue.
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4.7 Chapter 4 summary

In this chapter, factor importance among the variables that characterised lower socio-economic
learners within two distinct schooling systems in South Africa was determined, and a survey was
designed in pursuit of Objective III. The significance of factor importance within the context
of the study was outlined as a means of applying the findings from the previous chapter as a
basis towards a survey design. The theoretical framework of ML was introduced, followed by an
explanation of the model pipeline. This pipeline was applied to two separate datasets, namely
LQ13 learners within SQ13 and SQ45 schools. Finally, survey design was considered.
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This chapter builds on the findings presented in Chapters 3 and 4 with the aim of analysing
the determinants of learner progression within an independent high school in South Africa,
hereafter referred to as the focus school, in alignment with Objective IV. The analysis begins
in Section 5.1, which provides contextual information about the selected school. Section 5.2
summarises the dataset obtained from the school. Variate relationships are subsequently ex-
amined using FA, MRA, and SEM, as outlined in Sections 5.3.1, 5.3.2, and 5.3.3, respectively.
Finally, ML techniques are applied in Section 5.4 to identify the learner attributes most strongly
associated with successful academic progression.

5.1 Introduction to the focus school

This case study examines an independent high school in South Africa that aims to provide
high-quality education to learners from low-income communities at an affordable cost [22]. The
institution was established in response to concerns about the accessibility of excellent education,
the need for inspiration in the South African educational landscape, and the role of a values-
driven approach in modern schooling. Its overarching vision is to develop a sustainable and
scalable model for delivering top-tier education to underprivileged learners.

o7
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Founded in 2018 as an all-boys high school, the institution has since expanded by opening two
mixed-sex campuses in 2022 and 2025. In addition to operating these campuses, the school
contributes to thought leadership in low-fee education, engaging in policy dialogue and the
development of best practices within the broader education sector.

The school’s philosophy is rooted in a values-oriented approach, emphasising personal growth,
mentorship, and academic excellence. Its emblem symbolises a commitment to fostering a sense
of purpose and legacy among learners. Central to this philosophy is the belief that each learner
has a unique calling, which they are encouraged to pursue with resolve and diligence. The
school’s motto reflects this ethos, urging learners to seize opportunities and strive consistently
toward their goals. The school follows the national CAPS curriculum, as described in Sec-
tion 1.1.1.

Despite its values-based identity, the institution is inclusive of learners from all backgrounds and
does not require adherence to any particular religion. It promotes an atmosphere of respect,
critical thinking, and engagement with societal issues. Opportunities for personal development
include structured mentorship programmes, character-building initiatives, and support systems
designed to assist learners in managing both academic and personal challenges.

The school operates on a low-fee model, with learners paying a modest annual fee while additional
operating costs are subsidised through fundraising. This model helps ensure that high-quality
education remains accessible to learners from low-income households. Two primary fundraising
strategies support this model: An annual extreme sports event and ongoing financial partner-
ships.

A flagship fundraising initiative is the annual endurance challenge, which integrates three of
Cape Town’s most demanding physical feats into a single-day event. Participants must swim
8 km from Robben Island to Bloubergstrand, cycle 109 km in the Cape Town Cycle Tour,
and complete the Three Peaks Challenge—a 50 km trail run with 3000 m of elevation gain—all
within 24 hours. Initiated by a supporter of the school, this event has become a powerful symbol
of commitment and perseverance. Many learners and teachers participate, recognising the value
of raising funds for education. Their involvement fosters a sense of ownership and gratitude for
the educational opportunities made available. In 2025, the event raised over R2.3 million [84].

The school relies on the generosity of individuals and organisations that share its vision for acces-
sible, high-quality education. Financial contributions are structured through a learner partner-
ship model, allowing donors to directly support learners. These partnerships assist in covering
operational costs and contribute to the institution’s long-term sustainability. Fundraising efforts
also serve to broaden community engagement and mobilise active support for educational equity.
By expanding its donor base, the school maintains a modest fee structure while continuing to
deliver a robust learning experience.

Acknowledging that external barriers often hinder academic achievement, the school provides
support to ensure learners’ basic needs are met. Daily transport is provided to reduce logisti-
cal and financial barriers to attendance. All learners receive daily meals to enhance cognitive
function and focus. Additional support includes mentorship and emotional guidance to foster
academic and personal development. Physical activity is also embedded into the daily schedule,
reinforcing general well-being and discipline.

The admissions process is designed to align prospective learners with the school’s values-based
educational model. Admission is open to learners from diverse backgrounds who demonstrate
potential and a willingness to embrace the school’s ethos. While academic performance is con-
sidered, significant emphasis is placed on character, motivation, and alignment with the insti-
tution’s mission. Applicants must submit academic records, a motivation letter, and references.
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Shortlisted candidates are invited to interviews with school leadership and staff to evaluate
their suitability. This process ensures that learners benefit from and contribute to the school
environment.

Since its inception, the school has demonstrated that high-quality, independent education can
be delivered at low cost. With over 600 learners across its campuses and a dedicated staff
of educators, the institution continues to refine and expand its model. Its impact extends
beyond enrolled learners, contributing to national discourse on equitable education in South
Africa. Through strategic partnerships and innovative practices, the school remains committed
to reducing educational disparities and enabling long-term learner success.

5.2 Overview of the data received

During 2025, the focus school’s management team administered a survey containing the recom-
mended questions outlined in Section 4.6, along with several additional items. The survey was
completed by 271 learners across the school’s three campuses. Of these, 11% (i.e., 28 learners)
were in Grade 8, 22% (i.e., 60 learners) in Grade 9, 22% (i.e., 60 learners) in Grade 10, 32%
(i.e., 87 learners) in Grade 11, and 13% (i.e., 36 learners) in Grade 12. Only three learners
reported repeating their previous grade. Regarding academic performance, 58% achieved an
average mark of 65% or higher in their 2024 end-of-year report.

Although the school provides daily transport and meals to all learners, 3% reported walking to
school, and 1% indicated that they paid additional fees for daily meals. Furthermore, 46% of
learners stated that they ate breakfast at home before arriving at school.

Parental involvement was measured along the three dimensions of emotional, physical, and
financial support. A total of 58% of learners reported that their father was emotionally involved,
defined as engaging in regular conversations and checking on their well-being. Additionally, 66%
stated that their father was physically present at key events and offered support when needed.
Financially, 77% indicated that their father contributed to household expenses such as food,
accommodation, and school fees. Only 58% of learners lived with both a mother and a father
figure.

Basic living conditions were generally favourable. A total of 98% of learners had access to clean
drinking water, and 84% lived in environments with minimal pollution. Responses regarding
government grants suggest that many learners may not have been fully aware of the financial
support received by their families. Nevertheless, 94% reported having sufficient food to meet
daily needs, 88% noted regular waste removal services, and 97% confirmed access to a flushing
toilet.

Perceptions of the school environment were highly positive. A total of 90% of learners believed
they received a high-quality education, and 95% stated that their teachers were consistently
present. An equal percentage felt their school had a sufficient number of teachers, and all class
sizes remained below 35 learners. In terms of infrastructure and resources, 90% reported that
their school provided adequate learning materials such as desks, whiteboards, and chairs, and
89% agreed that the buildings were in good condition. Additionally, 93% of learners stated that
their teachers had not recently participated in strike action, and a similar proportion reported
positive professional relationships among teachers.

Learners also exhibited strong foundational cognitive skills. A total of 91% stated that they
could read and comprehend texts independently, 98% could perform basic arithmetic such as
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calculating change, and 95% were able to write letters. These findings suggest relatively high
levels of literacy and numeracy among the learner cohort.

Mental well-being and school motivation were assessed. A total of 83% of learners expressed a
positive sentiment toward their school experience, and 91% believed that their education was
preparing them for future success. Additionally, 93% reported that someone at school had
taught them about their calling and purpose in life, while 75% stated that the school inspired
them to think about their future. Almost all learners (99%) agreed that the school promoted
good moral values. However, only 60% reported feeling motivated to attend school regularly.
Finally, 93% stated that the school provided activities that support their physical health and
overall well-being.

5.3 Variate relationship analysis

The theoretical framework of techniques outlined in Section 3.4 is empirically validated in this
section through its application to the focus school. To investigate the variate relationships within
the school, the dataset is analysed using FA, MRA, and SEM.

5.3.1 Significant factors for the focus school

To gain a comprehensive understanding of the factors influencing learners in the focus school,
FA was conducted. EFA was applied to a predefined set of indicators, detailed in Table A.3 in
Appendix A. The suitability of the data for EFA was confirmed by an overall KMO-MSA of 0.79,
indicating sufficient common variance among the variables to justify the use of FA. Table 5.1
presents the relevant indicators, their corresponding KMO-MSA values, and the factor loadings
for the three identified factors. For improved interpretability, the factor loadings were as before
scaled by a factor of 100. CFA yielded excellent fit indices (CFI = 0.97, SRMR = 0.046,
RMSEA = 0.049).

TABLE 5.1: KMO-MSA and the rotated factor pattern for case study school characteristics.

KMO- Factor 1: Factor 2: Factor 3:
Indicator MSA  Parental support Mental well-being  School resources
Father’s physical support 0.70 90* 2 5
Father’s financial support 0.78 74* -5 -6
Father’s emotional support 0.76 67* 8 -6
Co-residence with parents 0.74 62% -10 18
School satisfaction 0.81 -1 76* 31
Future enthusiasm 0.78 3 71* 19
School motivation 0.81 -4 63* 16
Successful life preparation 0.85 -1 47T* 28
Teacher availability 0.79 8 13 67*
Learning materials 0.82 -4 31 57*
School infrastructure 0.82 -5 25 48%*
School values promotion 0.86 6 15 41%*

The three identified factors represent distinct dimensions of learner characteristics at the case
study school:

1. Factor 1 captures variance associated with parental support, clustering indicators related
to the emotional, physical, and financial involvement of fathers, as well as the co-residence
of learners with their parents.
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2. Factor 2 groups indicators reflecting learners’ mental well-being, including positive feel-
ings toward school, excitement about the future, motivation to attend school, and perceived
likelihood of life success.

3. Factor 3 clusters indicators pertaining to school resources, such as the adequacy of teach-
ing staff, availability of learning materials, condition of school infrastructure, and the
promotion of positive values within the school environment.

The total variance (R?) explained by the three factors is 46.29%, indicating that nearly half of
the observed variability is accounted for by these latent constructs. This suggests that the factor
structure effectively captures the primary dimensions underlying the dataset. The remaining
variance may reflect individual differences, measurement error, or other latent variables not
captured by the current model. The proportion of variance explained by each factor is presented
in Table 5.2.

TABLE 5.2: Variance explained by the extracted factors for learners in the case study school.

Factor R?

Factor 1: Parental support 18.32%
Factor 2: Mental well-being 15.58%
Factor 3: School resources 12.12%

Table 5.3 presents the Cronbach alpha values for the three extracted factors. These reliability
coefficients indicate the internal consistency of the indicators within each factor, demonstrating
that the grouped indicators are sufficiently correlated to measure the same underlying construct.
The high Cronbach alpha values for Parental support (0.81) and Mental well-being (0.77)
suggest strong internal consistency, while the slightly lower value for School resources (0.65)
still indicates an acceptable level of reliability.

TABLE 5.3: Cronbach’s alpha values for the extracted factors.

Factor Cronbach’s alpha
Factor 1: Parental support 0.81
Factor 2: Mental well-being 0.77
Factor 3: School resources 0.65

5.3.2 Factor regression for the focus school

MRA was conducted on the indicators retained through FA, with the inclusion of two additional
variables: Pass grade and Pass grade > 65%. These capture learner attrition and cognitive
development through school progression. The Pass grade variable reflects whether a learner
successfully completed the previous academic year, while Pass grade > 65% indicates whether
a learner achieved an overall average exceeding 65% in the preceding grade. This threshold
was chosen because it aligns with the minimum admission requirements for most university
programmes in South Africa. The researchers identified the distinction between learners who
qualify for university and those who merely meet minimum progression requirements as a topic
of interest for further research [94].

The analysis included fourteen indicators to explore their interrelationships. The resulting re-
gression coeflicients are presented in Table 5.4. Statistical significance was defined at p <
0.05 (*), with high statistical significance denoted at p < 0.001 (**). A colour gradient in each
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cell visually represents the strength of each regression coefficient, with darker shades indicating
stronger associations.

The MRA revealed several significant relationships. The model predicting grade pass demon-
strated excellent discriminative performance, with a c-statistic of 0.981. In contrast, the model
for grade mark >65% achieved only moderate discrimination, with a c-statistic of 0.655. Ac-
cording to McFadden’s pseudo R?, the grade pass model explains approximately 56.7% of the
variation in grade completion, while the grade mark >65% model explains only 7.2%. This dis-
crepancy suggests that the model accounts well for basic academic progression but less effectively
for high academic achievement. Additional variables may be required to better understand the
factors that drive academic excellence.

School satisfaction positively predicted school motivation (r = 3.83, p < 0.0001), and the rela-
tionship was significantly bidirectional. Learners who were satisfied with their school experience
were more likely to be motivated, and motivated learners tended to report greater satisfaction.

The findings illustrate the deep interconnections between various forms of paternal support
and their influence on learner well-being. Father physical support is positively associated with
co-residence with parents (r = 2.76, p < 0.0001), suggesting that shared living arrangements
facilitated consistent father-child interactions. In turn, co-residence may encourage greater
paternal presence. Father physical support also strongly predicts father emotional support (r =
2.65, p < 0.0001), with a bidirectional association. It is reasonable to conclude that fathers who
are physically involved are more likely to provide emotional guidance as well. Collectively, these
relationships show the importance of a holistic approach to paternal involvement to contribute
to the emotional stability and resilience of learners.

Future enthusiasm positively predicted life preparation (r = 2.71, p < 0.0001), again in a
bidirectional relationship. Learners who felt excited and hopeful about the future tended to
perceive themselves as being better prepared for life beyond school, and this confidence may
further fuel their engagement with school and personal development.

Finally, teacher availability positively predicted access to learning materials (r = 2.70, p <
0.0001), with the relationship being significantly bidirectional. When teachers were consistently
present and engaged, learners were more likely to have access to essential learning resources.
At the same time, well-resourced environments may help retain and motivate teaching staff,
suggesting a positive feedback loop between teacher presence and classroom infrastructure.

Teacher availability positively predicted learning materials (r = 2.70, p < 0.0001), and
the relationship is significantly bidirectional. When teachers were consistently available and
engaged, learners were more likely to have access to essential learning materials, either through
direct provision or facilitated access.

5.3.3 Factor mapping for the focus school

SEM was conducted on the learner data from the case study school. The results are presented
in Table 5.5. The outcome of the SEM yielded ideal fit indices (CFI = 0.98, SRMR = 0.049,
and RMSEA = 0.034), indicative of a well-fitting model.
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TABLE 5.5: Standardised effects of predictors on outcomes including the estimated path coefficients (),

standard errors (SE), and t-values for each relationship of the fourteen indicators.

Predictor Outcome 153 SE t-value
Father physical Father financial 0.65 0.04 18.38
Father physical Father emotional 0.60 0.04 15.32
Father physical Co residence 0.47 0.06 7.91
School satisfaction Future enthusiasm 0.43 0.05 8.07
School motivation School satisfaction 0.38 0.05 7.35
Teacher availability Learning materials 0.34 0.05 6.47
School satisfaction School infrastructure 0.33 0.05 6.14
Learning materials School satisfaction 0.30 0.05 6.23
Future enthusiasm School motivation 0.29 0.06 4.78
Pass grade School value promotion 0.28 0.06 4.92
School infrastructure Teacher availability 0.27  0.06 4.83
Teacher availability Pass grade 0.24 0.06 4.12
School value promotion Learning materials 0.22  0.05 4.08
School value promotion Teacher availability 0.18 0.06 3.18
Learning materials Future enthusiasm 0.17 0.05 3.25
Father physical Pass grade >65}, 0.17  0.06 2.95
Father financial Co residence 0.17 0.06 2.66
School motivation Pass grade >65J 0.17 0.06 2.86
Teacher availability School motivation 0.13 0.06 2.29
Pass grade >65J Pass grade 0.12 0.06 2.09
School infrastructure Co residence 0.12 0.05 2.42

The SEM analysis reveals that a father’s physical support is strongly linked to his financial
support, with learners whose fathers provided financial contributions also being likely to have had
physically present fathers (8 = 0.65, SE = 0.04, ¢t = 18.38). Financial and physical support
often go hand in hand, creating a dual support structure. Emotional support from fathers is also
strongly connected to physical involvement, with learners who experienced physical support also
benefiting from emotional guidance (5 = 0.60, SE = 0.04,t = 15.32). Additionally, learners
who lived with both of their parents tended to have fathers who are consistently physically
present (8 = 0.47, SE = 0.06,¢t = 7.91), providing a stable home environment.

Learners who were excited about their future often reported feelings about school satisfaction
(8 = 043, SE = 0.05,t = 8.07). Future enthusiasm and school satisfaction are closely
intertwined, as learners who are content with their school experience tend to carry this optimism
forward. Moreover, learners who find satisfaction in their learning environment are more inclined
to be motivated to attend school (8 = 0.38, SE = 0.05,t = 7.35).

Teacher availability is significantly associated with the provision of learning materials. Schools
with greater access to educational resources are more likely to have sufficient teaching staff
(8 = 0.34, SE = 0.05, t = 6.47). Furthermore, the quality of school infrastructure is positively
linked to learner satisfaction, suggesting that learners who perceived their schools to have better
physical environments tended to report greater contentment with their educational experience
(8 = 0.33, SE = 0.05, t = 6.14). The physical context in which learning takes place thus
has a direct influence on learners’ emotional engagement. Similarly, the availability of learning
materials is strongly associated with school satisfaction (5 = 0.30, SE = 0.05, t = 6.23).

The SEM results largely corroborate the findings derived from MRA, although with some varia-
tions in the strength of the observed relationships. The SEM offers a more integrated perspective
on the interplay between factors, thereby enabling a more nuanced understanding of the ways
in which these variables influence each other within a complex system. The alignment between
the two analytical approaches enhances confidence in the robustness of the identified associa-
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tions. Figure 5.1 presents a network diagramme that illustrates the estimated path coefficients,
mapping the relationships between the fourteen indicators and outcomes for the learners within
the case study school.
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FIGURE 5.1: Relational mapping of the predictors and outcomes included in the estimated path coeffi-
cients as a network diagram of the fourteen indicators for the learners in the case study school.

5.4 Factor ranking for the focus school

For the feature importance analysis of learner success within the focus school, the dataset com-
prised 271 observations and 13 predictor variables. As only 1% of learners did not pass, this
outcome was excluded from the ML analysis due to significant class imbalance. Consequently,
only two outcome categories were considered: learners who passed, and those who passed with
an average final mark exceeding 65%. The optimal model parameters, identified through grid
search, are summarised in Table 4.2. Model performance was evaluated using precision, recall,
and the Fl-score. As shown in Table 5.7, the model achieved a precision of 0.67 in predicting
learners who attained an average grade exceeding 65%. Precision indicates the reliability of
the model’s positive classifications. Recall was 0.81 for this group. The Fl-score reached 0.74,
the results indicating the model’s overall effectiveness in predicting academic success among
learners.

A confusion matrix, as depicted in Figure 4.2, provides a performance evaluation for classification
models. It outlines the model’s predictions against the actual outcomes, categorising results into
true positives, true negatives, false positives, and false negatives.
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TABLE 5.6: Key gradient boosting classifier pa-  TABLE 5.7: Classification metrics by class for
rameters for learners in the focus school learners in the focus school
Parameter Value Class Precision Recall F1-Score
learning rate 0.1 Pass 0.72 0.55 0.63
n_estimators 100 Pass >65% 0.67 0.81 0.74
max_depth 7
min_samples_split 2
min_samples_leaf 1
loss log_loss
subsample 1.0

validation_fraction 0.1

The final results showed an overall prediction accuracy of 69.14%. As shown in Figure 5.2, the
model correctly classified 55.3% of learners in the ‘pass’ category and 81.4% in the ‘Pass >65%’
category. However, 44.7% of the negative cases were incorrectly predicted as positive, and
18.6% of the positive cases were misclassified as negative. These results indicate that the model
performs well in identifying high-achieving learners but struggles to accurately classify those in
the lower-performing ‘pass’ group.

Pass

True label

Pass <65% 18.6%

Pass Pass <65%

Predicted label

FIGURE 5.2: Confusion matrix for learners in the focus school.

Figure 4.3 presents the feature importance derived from the ML model. The most influential
predictor was the learner’s Grade, which reflects their current year level and serves as a con-
textual anchor for interpreting performance. More notably, however, the next most important
features, Future enthusiasm and Father’s physical support highly ranks the powerful role
of internal motivation and social support structures in learner achievement.

Future enthusiasm, which captures a learner’s optimism and excitement about their future,
emerged as the second most predictive factor. Hope, aspiration, and future orientation are
significant in shaping academic outcomes, especially in schools where material and institutional
support may be constrained. Closely following was Father’s physical support, pointing to
the importance of active, hands-on parental involvement. In this context, such support may
include helping with schoolwork, attending school meetings, or providing encouragement and
supervision—forms of engagement that have a measurable effect on learner success.
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Strikingly, features related to school resources and institutional inputs such as School infrastructure,
Teacher availability, and Learning materials ranked noticeably lower in importance. This

may indicate that, in this particular lower-quintile school, these basic institutional supports are
already being provided at a sufficiently consistent level, reducing their variability as predictors

of learner success. As a result, the differentiating factors in achievement appear to lie elsewhere,
namely in emotional resilience, family involvement, and internal motivation. While continued
investment in school infrastructure remains important, targeted efforts to bolster learners’ self-

belief, future orientation, and parental support may yield more direct benefits in this setting.
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FI1GURE 5.3: Feature importance for learners in the focus school.

5.5 Chapter 5 summary

This chapter built on the findings presented in Chapters 3 and 4 with the aim of analysing
the determinants of learner progression within an independent high school in South Africa,
hereafter referred to as the focus school, in alignment with Objective IV. The analysis began
with providing contextual information about the selected school. The dataset obtained from
the school was summarised. Variate relationships were subsequently examined using FA, MRA,
and SEM. Finally, ML techniques were applied to identify the learner attributes most strongly
associated with successful academic progression.
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This chapter critically evaluates the findings from the analyses of the public high school sys-
tem and the case study school in order to inform the development of a decision-support hier-
archical needs framework intended to guide educational interventions for learners from lower
socio-economic backgrounds in South Africa in pursuit of Objective V. The chapter begins with
a comparative analysis of the results derived from applying the methodological framework to
the South African public high school system, as detailed in Section 6.1. This is followed by
an examination of the validity of the hypotheses and conclusions through the application of
the framework to a case study school, presented in Section 6.2. Finally, Section 6.3 introduces
the education hierarchy of needs decision-support framework that emerges from the findings of
this study and Section 6.4 briefly discusses the intention for application of the decision-support
framework.
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6.1 Disparate South African educational systems compared

South Africa’s education system continues to grapple with academic decline, socio-economic
disparities, and bimodal performance patterns that critically affect youth development and
long-term success. Various analysts have worked to uncover the underlying dynamics of the
South African education system to inform more effective policy interventions. Slamang [83]
employed a systems thinking approach to model the factors influencing academic performance,
while Becker [12] investigated learner progression using statistical analysis and relational map-
ping. Both studies revealed a range of influential socio-economic and institutional determinants.
Spaull [92] drew attention to the stark bimodality in educational outcomes, showing two diver-
gent systems stratified by language, school type, and socio-economic status. By integrating the
methodologies of Slamang, Becker, and Spaull, this study enables a systemic exploration of the
dual schooling pathways within South Africa.

Building on Spaull’s analysis of bimodality, this study conducted a comprehensive investiga-
tion of lower socio-economic learners (LQ13) across two contrasting educational contexts: Low-
income schools (SQ13) and higher-income schools (SQ45) within the public high school system.
The study addressed key research questions regarding the characterisation of learners from eco-
nomically marginalised communities, the interrelationships among influential factors, and the
extent to which these factors predict learner progression.

A robust methodological framework was employed, comprising FA, MRA, SEM, and ML tech-
niques. FA enabled the identification of latent constructs describing these learners, while MRA
and SEM clarified the complex interrelationships among these constructs. ML techniques fur-
ther facilitated the ranking of features by predictive importance, offering insights into the most
influential factors in learner progression.

FA revealed an identical set of eight latent factors for LQ13 learners in both SQ13 and SQ45
schools. These factors included family structure, learner health, supported retention, food secu-
rity, sanitation, energy, welfare income, and environmental quality. Together, these constructs
comprehensively describe the key dimensions of low-income learners’ lived experiences within
the South African public high school system. The variance explained by each factor within the
two school contexts is summarised in Table 6.1. Although the magnitude of variance explained
differs across contexts, the hierarchical order of explanatory strength remains consistent across
both systems.

TABLE 6.1: Variance explained by the extracted factors for LQ13 learners in SQ13 and SQ45 schools
respectively.

Factor R?in SQ13 R? in SQ45
Person F1: Family structure 22.10% 22.43%
Person F2: Learner health 17.60% 20.15%
Person F3: Supported retention 17.20% 17.60%
Hhold F1: Food security 20.51% 17.49%
Hhold F2: Sanitation 14.98% 16.14%
Hhold F3: Energy 13.47% 14.81%
Hhold F4: Welfare income 13.20% 13.22%
Hhold F5: Environment 11.74% 12.22%

It is particularly noteworthy where the largest differences in variance between the two systems
occur. For instance, the variance attributed to learner health in the learner’s personal profile is
17.60% for LQ13 learners in SQ13 schools, but increases to 20.15% for learners in SQ45 schools.
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This indicates that a greater proportion of learner health-related variation is captured in the
context of higher-income schools.

There is also a notable difference in the variance explained by food security with 20.51% in SQ13
schools compared to 17.49% in SQ45 schools. Similarly, a difference is evident in sanitation,
with 14.98% in SQ13 and 16.14% in SQ45 schools. These results suggest that the available data
better capture the nuances of food security among learners in SQ13 schools, while more detailed
sanitation-related information is evident for learners in SQ45 schools.

Although learners in both school systems are described using the same eight latent factors, this
shared factor structure does not imply uniformity in their lived experiences. Table 3.17 illustrates
these differences through learner profiles derived from a “goodness score” metric. Values closer to
one represent more advantaged conditions, while values near zero indicate relative disadvantage.

The analysis revealed substantial differences between the two groups, especially in supported
retention, welfare income, and sanitation. LQ13 learners in SQ13 schools demonstrate higher
supported retention and are more frequently recipients of welfare income, which may be linked to
the schools’ targeted feeding schemes. A key insight is the discrepancy in welfare income despite
similar socio-economic status. This may suggest that learners in SQ13 schools are more likely to
apply for government grants, while their counterparts in SQ45 schools may rely on scholarships
or other non-state funding mechanisms. Interestingly, LQ13 learners in SQ45 schools report
better household sanitation, possibly due to residential proximity to better-resourced schools in
more affluent areas. These findings reinforce the importance of context when interpreting shared
latent factors across different school settings.

Based on the eight latent factors identified through FA and the key relationships revealed through
MRA, SEM was employed to evaluate the interrelationships among these factors within the
broader system. The network visualisations of composite factor relationships in SQ13 and SQ45
schools are presented again in Figure 6.1 and Figure 6.2 respectively, for reference convenience.
The factors most prominently associated with successful learner progression are highlighted in
red.

In particular, the SEM results for LQ13 learners in SQ13 schools reveal five key relationships, as
illustrated in Figure 6.1. A closer examination of specific indicator-level relationships, as shown
in Figure 3.3, provides a more detailed understanding of the internal dynamics of the system.
As discussed in §3.5.3, food security and energy security do not exhibit direct associations with
school-related factors and are therefore omitted from the subsequent discussion.

Households located in clean environments are more likely to be both food and energy secure.
Learners who receive welfare income are more likely to attend schools with support programmes.
This finding supports the earlier hypothesis that, although learners may fall within the same
socio-economic classification, those attending SQ13 schools are possibly more actively encour-
aged to apply for government grants, whereas their counterparts in SQ45 schools. Welfare
income is characterised by three indicators: Receipt of a general grant, receipt of a childcare
grant, and unearned income. School support programmes are described by indicators including
learner retention, participation in school feeding schemes, and walking to school. Among these,
the most significant relationship between individual indicators is observed between the receipt of
a childcare grant and access to school feeding schemes. This suggests that learners who receive
meals at school are also more likely to benefit from a childcare grant.

Traditional family structures are associated with improved access to sanitation. Learners resid-
ing with both parents are more likely to have access to flushing toilets and adequate drinking
water within their households. Family structure is characterised by the learner living with both
parents and the active involvement of both the mother and father in the learner’s life. Sanitation
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FIGURE 6.1: Relational mapping of the predictors and outcomes included in the estimated path coef-
ficients as a network diagramme of the eight composite factors for LQ13 learners in SQ13 schools with
highlighted emphasis.

is defined by the presence of a general or flushing toilet within the household, managed waste
collection services, and access to in-house drinking water. Although a strong relationship is evi-
dent at the level of the composite factors, no direct relationships emerge between the individual
indicators when examined separately.

Attendance at schools that offer support programmes is positively associated with improved
learner health. Learners enrolled in such institutions, often characterised by initiatives such as
feeding schemes, tend to demonstrate enhanced overall health. Learner health is defined by the
presence of good hygiene, memory, self-care, and walking ability. The only direct relationship
observed between individual indicators is that between school retention and memory; specifically,
learners with good memory are likely remaining within the schooling system.

Building on the results of the SEM analysis for LQ13 learners in SQ45 schools, four key re-
lationships emerge, as depicted in Figure 6.2. A closer analysis of Figure 3.5 highlights the
relationships between individual indicators within composite factors, offering deeper insight into
the system’s internal dynamics. Similar to SQ13 schools, food security, environment, and energy
lack direct links to school-related factors and are thus omitted from further discussion.

Learners receiving welfare income are more likely to attend schools offering support programmes,
reaffirming the earlier hypothesis linking school-based support to welfare access. Several indica-
tor relationships appear within the welfare income and supported retention composite factors.
The strongest relationship is observed between receipt of the child support grant and school
retention, indicating that learners attending school are likely receiving this specific grant. Con-
versely, a counter-intuitive relationship exists between general grant receipt and school retention,
whereby learners attending school are less likely to be receiving a non-specific grant.

Households receiving welfare income are more likely to experience food insecurity. While this
may initially appear counter-intuitive, the relationship suggests that learners from households
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FIGURE 6.2: Relational mapping of the predictors and outcomes included in the estimated path coeffi-
cients as a network diagrammeme of the eight composite factors for LQ13 learners in SQ45 schools with
highlighted emphasis.

with lower welfare and higher earned income tend to be more food secure, reflecting greater
overall household stability.

Traditional families where both parents are present, are less likely to receive welfare income,
consistent with prior findings that dual-parent households generally exhibit lower welfare de-
pendency. The strongest indicator relationship appears between co-residence with both parents
and receiving unearned income, suggesting that learners in households with less unearned income
are more likely to reside with both parents. A less numerically significant, but still notewor-
thy relationship exists between maternal involvement and receiving a childcare grant. Learners
receiving a childcare grant are more likely to have mothers actively involved in their lives, sug-
gesting that maternal participation plays a significant role in securing the specific grant.

Learners from households with good sanitation are less likely to attend schools with support pro-
grammes. Since such programmes are typically offered by schools in lower-income communities,
and learners often attend schools near their homes, this suggests that those in more affluent ar-
eas (characterised by better sanitation infrastructure) tend to attend schools with fewer support
interventions, reflecting a higher socio-economic status. The most significant indicator relation-
ship is observed between school retention and residing in a household with in-house drinking
water, indicating that learners attending school are likely to also have access to in-house drinking
water.

The results yielded through MRA and SEM revealed that welfare income, supported retention,
sanitation, and family structure are prominent factors influencing learners both within SQ13
and SQ45 schools. These factors play a significant role in shaping the learner success within the
school system.

The application of ML techniques revealed the following feature importance. For lower socio-
economic learners attending SQ13 schools, the most influential features contributing to their
academic success include regular school attendance, age-appropriate grade placement, receipt of
government grants, and access to school meals. Similarly, for lower socio-economic learners in
SQ45 schools, the same four features emerge, albeit in a slightly different order of importance.



74 CHAPTER 6. SYNTHESIS AND FRAMEWORK FOR EDUCATIONAL INTERVENTIONS

These features are school attendance, school meals, appropriate age-for-grade placement, and
grant receipt.

For learners in lower socio-economic schools, consistent attendance and age-grade alignment are
particularly critical, reflecting persistent challenges in the South African education system, such
as grade repetition and over-age enrolment. These issues are often linked to delayed school entry,
repeated grades, or disruptions in schooling due to socio-economic hardships. The comparatively
lower ranking of school meals in this context may indicate the presence of community-level sup-
port structures that partially mitigate food insecurity. Conversely, for lower socio-economic
learners attending higher socio-economic schools, school meals assume greater importance, pos-
sibly reflecting heightened food insecurity relative to their more affluent peers.

Reflecting on the research questions, the findings indicate that the same eight factors characterise
learners from lower SES backgrounds across two distinct school systems. However, the initial
factor scores and relationships vary between the systems. Learner progression for both cohorts
is significantly influenced by attending school and their age-to-grade delta. In addition, the
progression of LQ13 learners in SQ13 schools is more sensitive to welfare income, while the
progression of LQ13 learners in SQ45 schools is more responsive to the availability of school
feeding programmes.

For a low-income learner in South Africa to successfully progress through the education system
and attain their NSC at the end of their matric year, ensuring consistent school attendance is
of utmost importance. Early intervention to maintain the learner’s age-grade alignment is also
crucial. Specifically for low-income learners, securing welfare income is vital, and support for the
application process could aid learners and their families. Additionally, food security is essential,
with access to school meals being particularly significant.

6.2 Case study reflection

An analysis of the public high school system in South Africa suggests that, for a learner from
a low-income background to succeed academically, several basic conditions must be met. These
include regular school attendance, age-appropriate grade placement, access to daily meals, and
the availability of welfare income opportunities. This hypothesis is examined through a case
study of an independent high school in South Africa.

The focus school provides high-quality education to learners from low-income communities at
a minimal cost. Established in 2018, it follows the CAPS curriculum, thereby aligning with
the national standards of South African public education. The school maintains a values-based
approach that emphasises personal development and academic achievement. The school oper-
ates on a low-fee model relying significantly on external funding obtained through fundraising
initiatives and financial partnerships. To reduce barriers to academic success, it offers daily
meals and transportation to all learners. In addition, the school adopts a holistic model that
includes mentorship, emotional support, and physical activity as integral components of the
daily programme.

Given that the focus school, informed by research on the South African public school sys-
tem (particularly concerning low-income learners) has deliberately addressed the key conditions
identified in the earlier analysis (namely, promoting attendance through mentorship, ensuring
age-appropriate grade placement, and providing meals), this alignment offers an initial point of
confirmation that the proposed hypothesis is well-founded. The subsequent analysis of learner
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data from the focus school therefore serves as a means to further evaluate the validity of this
hypothesis.

In 2025, the management team of the focus school administered a survey to learners, incor-
porating questions recommended in §4.6 along with additional items tailored to the school’s
context. The data comprised 271 learner responses. Through the application of FA, three latent
constructs emerged: Parental support, learners’ mental well-being, and the availability of school
resources. At first glance, these findings may suggest that learners from low SES backgrounds
attending the focus school differ significantly from those in public schools. However, it is impor-
tant to recognise that FA identifies variation among variables. Core variables such as regular
school attendance, age-appropriate grade placement, school meals, and access to welfare income
support do not appear prominently in the analysis—not because they are unimportant, but
because all learners at the focus school already possess these attributes. The lack of variance in
these foundational factors implies that the basic conditions for learning are uniformly met.

Considering the three latent factors identified through the application of FA, and the key relation-
ships extracted in MRA, SEM was employed to evaluate the interrelationships between the indi-
cators that comprise the factors. Two additional indicators, Pass grade and Pass grade > 657,
assess school progression via learner attrition and cognitive performance. In the subsequent
discussion of the SEM results, relationships between indicators that originate from the same
composite factors are omitted.

Several strong associations were identified between indicators within the composite factors of
school resources and mental well-being. Specifically, learners in school environments with ad-
equate infrastructure were more likely to report higher levels of school satisfaction. Similarly,
learners who expressed satisfaction with their education were also more likely to have access to
sufficient and high-quality learning materials, such as desks, textbooks, and writing tools. Fur-
thermore, learners with access to adequate learning resources and regularly available teachers
were more likely to attend a school that promotes a positive and values-driven environment.

With regards to a learner passing their respective grade, the following relationships appeared.
Learners who had motivation to attend school are more likely to pass their grade. Learners who
passed their grade are likely to have had a teacher who was available and willing to help them.
A learner who pass their grade with an average mark of more than 65% most likely had a father
who was physically involved in their life. These relationships reveal that for a learner who passes
their grade, their mental well-being and a good support structure are of importance.

Building on the findings from the FA, MRA, and SEM, ML was employed to assess which indica-
tors are most important in predicting a learner’s pristine progression through the focus school.
In this context, pristine progression refers to a learner achieving an average mark exceeding
65%. The most important predictor identified was the learner’s current grade, suggesting that
academic success is influenced by the stage of schooling. Following this, the learner’s enthusiasm
for the future, the father’s physical involvement, and the learner’s motivation to attend school
emerged as pivotal variables. These findings reinforce that a learner’s progression within the
focus school is strongly associated with their mental well-being and support structures. The
network visualisation of indicator relationships in the focus school with highlighted emphasis on
the variables which emerge as prominent variables in successful learner progression is presented
in Figure 6.3.
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FIGURE 6.3: Relational mapping of the predictors and outcomes included in the estimated path coef-
ficients as a network diagrammeme of the fourteen indicators for the learners in the focus school with
highlighted emphasis.

6.3 Emergent education hierarchy of needs

The analysis of low-income learners within the South African public education system identified
regular school attendance, age-appropriate grade placement, access to meals during the school
day, and availability of welfare income as key factors contributing to successful school completion.
In contrast, the analysis of low-income learners within the focus school revealed that a father’s
physical involvement, a learner’s motivation to attend school, and their optimism about the
future are significant variables influencing their academic success.

To distinguish between the foundational and higher-level needs within a learner’s educational
trajectory, this study draws on Maslow’s Hierarchy of Needs [61]. This framework, visually
depicted in Figure 6.4, categorises human needs into five levels. Level 1 represents the most basic
physiological needs essential for survival, such as access to food and water. Level 2 encompasses
safety needs, including health, security, and protection from harm. Level 3 addresses love and
belonging needs, which involve feeling accepted and forming meaningful relationships. Level
4 pertains to esteem needs, including self-respect, recognition, and mental well-being. Finally,
Level 5 represents self-actualisation—the fulfilment of personal potential and the pursuit of
growth and purpose.

The findings suggest that learners at the focus school have progressed beyond the stage of
securing their basic educational necessities. Core need such as regular school attendance, age-
appropriate grade placement, access to meals during the school day, and opportunities for welfare
income, are consistently met. As a result, these learners are able to move upward within the
hierarchy. The analysis reveals the importance of addressing higher-order developmental needs,
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FIGURE 6.4: Maslow’s Hierarchy of Needs [61]

including emotional well-being, supportive interpersonal relationships, and access to resources
that facilitate academic self-actualisation. These findings validate the effectiveness of the school’s
holistic and values-based approach and support the hypothesis proposed earlier in this study.
The evidence indicates that, for a low-income learner, meeting foundational educational needs
is the essential first step. Once these are in place, attention must shift toward strengthening
support structures and promoting positive mental well-being to facilitate further academic and
personal development.

This analysis informs the development of an emergent education hierarchy of needs model for low-
income learners in South Africa, as illustrated in Figure 6.5. The hierarchical structure captures
the essential educational needs of learners from low socio-economic backgrounds, illustrating
how progression through each level supports their holistic development and educational success.
As the needs at each level are met, the learner is increasingly equipped to succeed within the
schooling system.

At Level 1, foundational needs include regular school attendance and age-appropriate grade
placement. Learners who are chronically absent or significantly over-age for their grade are less
likely to succeed academically. Level 2 emphasises the importance of receiving meals during the
school day. For many learners from disadvantaged backgrounds, this may be the only substantial
meal they receive daily. A nourished learner is more likely to concentrate and engage effectively
in the classroom.
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FIGURE 6.5: Education hierarchy of needs for low-income learners within South Africa.

Level 3 concerns access to social welfare, specifically the child support grant. Learners from
households receiving this form of financial assistance are generally better positioned to pursue
their education. Level 4 addresses the role of family support, particularly the physical involve-
ment of the father in the learner’s life, which correlates strongly with educational attainment.
Finally, Level 5 focuses on the learner’s mental well-being. At this stage, the learner becomes
self-motivated, attends school willingly, and holds a positive outlook towards their future.

Importantly, as with Maslow’s Hierarchy of Needs, progression must follow a bottom-up ap-
proach. For example, a learner with access to welfare income (Level 3) but who does not attend
school regularly (Level 1) is unlikely to succeed. Similarly, strong mental well-being (Level 5)
cannot compensate for a lack of basic nutrition (Level 2). The structure therefore affirms the
cumulative and interdependent nature of these educational needs.

6.4 Application of decision-support framework

The proposed hierarchical framework is not intended as a policy recommendation in itself, but
rather as a decision-support tool designed to assist policy-makers in evaluating and improving
interventions. The framework aims to enable policy-makers to assess where learners within a
given school or context fall within the hierarchy of educational needs. This insight can inform
a more targeted and effective response to learners’ circumstances. The hierarchical framework
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provides a useful lens through which to evaluate the appropriateness and sequencing of inter-
ventions. Ultimately, this decision-support framework enables policy-makers to assess current
learner conditions against the structured model and to make necessary adjustments to policies
and interventions, ensuring that resources and support are aligned with learners’ most immediate
needs.

6.5 Chapter 6 summary

This chapter critically evaluated the findings from the analyses of the public high school system
and the case study school to inform the development of a decision-support hierarchical needs
framework intended to guide educational interventions for learners from lower socio-economic
backgrounds in South Africa, in pursuit of Objective V. The chapter began with a comparative
analysis of the results derived from applying the methodological framework to the South African
public high school system. This was followed by an examination of the validity of the hypotheses
and conclusions through the application of the framework to a case study school. Finally, the
education hierarchy of needs decision-support framework that emerged from the findings of
this study was introduced, and the intended application of the decision-support framework was
discussed.
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This chapter serves to consolidate the findings of the study, critically reflect on its limitations,
and propose directions for future research within this domain, in alignment with Objective VI.
Section 7.1 provides a summary of the preceding chapters. The project appraisal is presented
in Section 7.2, highlighting key findings and the author’s concluding reflections. Section 7.3
addresses the limitations of the study and Section 7.4 proposes potential avenues for future
development. The chapter concludes with the author’s final reflections in Section 7.5.

7.1 Summary

Chapter 1 introduced South Africa’s education system and research focus. Post-apartheid
South Africa faces significant socioeconomic challenges, including 31.9% unemployment and
34.2% youth neither employed nor in education. The education system includes public schools
divided into quintiles by SES, with Quintiles 1-3 receiving more government funding as no-fee
schools. Educational outcomes are concerning - international assessments show poor perfor-
mance in reading and math, with a “bimodal” system where wealthier students significantly
outperform poorer ones. The research examines factors affecting lower socioeconomic learners
in different school environments and how these factors influence grade progression.

Chapter 2 reviewed methodologies for modeling education systems and positions the current
research within the STEP group’s work. The research builds on previous STEP work: Venter’s
PSM found home support most influenced primary learners’ performance; Slamang’s HSM iden-
tified classroom interventions as most important for secondary education; and Becker identified
nine critical factors affecting learner progression including family structure and socioeconomic
factors. The study addresses Spaull’s observation of a “bimodal” South African education sys-
tem where outcomes are divided along socioeconomic lines, seeking to understand how these
dual educational realities function structurally to inform more inclusive educational strategies.

Chapter 3 explored the relationship between factors affecting South African high school learn-
ers, specifically comparing those from low socioeconomic quintiles attending different school
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types. The research used FA, MRA, and SEM on data from the GHS. Eight composite fac-
tors were identified: family structure, learner health, supported retention, food security, welfare
income, sanitation, energy, and environment. The analysis revealed significant relationships be-
tween these factors, such as the strong positive correlation between welfare income and supported
retention, and between family structure and sanitation. Those in lower quintile schools received
more institutional support and welfare income, while those in higher quintile schools had better
home sanitation facilities. The research created “goodness scores” to measure learner advan-
tage levels, finding that supported retention, welfare income, and sanitation showed the greatest
disparities between the two school systems, despite serving learners from similar socioeconomic
backgrounds.

Chapter 4 examined feature importance in predicting grade progression among South African
high school learners from low socioeconomic backgrounds (LQ13) attending different school
types. Using gradient boosting ML, the study identified key factors affecting academic success.
For both school types, learner retention emerged as the most important factor. In lower quintile
schools (SQ13), age appropriateness and child support grants followed in importance, while in
higher quintile schools (SQ45), school meals and age were secondary factors.

Chapter 5 applied the methodological framework developed in Chapters 3 and 4 to an inde-
pendent South African high school, referred to as the focus school. Founded in 2018, the school
follows the national CAPS curriculum and adopts a values-driven approach that emphasises per-
sonal growth, mentorship, and academic excellence. The research used FA, MRA, and SEM on
data from the focus school. Three latent factors were identified: parental support, mental well-
being, and school resources. The analysis revealed significant relationships between a father’s
physical involvement, a learner’s motivation to attend school, future optimism, and successful
academic progression.

Chapter 6 facilitated a ciritical synthesis of the preceding findings. It commenced by evaluating
the results derived from the analysis of low-income learners within the South African public
high school system, where four critical factors emerged as key influencers of academic success:
regular school attendance, age-appropriate grade placement, access to meals during the school
day, and receipt of welfare income. In the subsequent case study of an independent school, it
was found that once these foundational needs were met, higher-order factors gained significance.
Namely, paternal involvement, motivation to attend school, and optimism about the future.
These insights informed the development of an educational hierarchy of needs decision-support
framework, which emphasises a bottom-up progression model. This decision-support framework
asserts that higher-level needs cannot compensate for deficiencies at foundational levels.

7.2 Appraisal of project contributions

This project sought to address the academic decline, socio-economic disparities, and bimodal
performance that undermine youth success within South Africa’s education system. Building
on prior research conducted by STEP researchers, notably Slamang and Becker, who iden-
tified a range of socio-economic and institutional determinants. Through the incorporation of
Spaull’s findings on the stark bimodality dividing the system by language, school type, and socio-
economic status, this study considered South Africa’s dual education structure. The research
aimed to identify the factors characterising public high school learners from lower socio-economic
communities across two distinct schooling contexts, to examine how these factors are interre-
lated within and across these settings, and to assess the extent to which they predict learner
progression.
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This study introduces a methodological framework that integrates FA, MRA, SEM, and ML
to analyse South Africa’s bimodal education system. Rather than applying these techniques in
isolation, their combined use enabled a comprehensive investigation into the factors influenc-
ing learner progression across diverse socioeconomic contexts. The approach identified latent
constructs, uncovered complex interrelationships, and assessed the predictive importance of key
variables linked to academic success. This integrated analytical pipeline offers a replicable model
for future research in varied educational environments.

The research demonstrated that identical factors function differently in SQ13 schools compared
to SQ45 schools, despite learners sharing similar socioeconomic backgrounds. Although both
systems are shaped by the same eight factors (i.e., family structure, learner health, supported
retention, food security, welfare income, sanitation, energy, and environment) their interrela-
tionships diverge. Learners in lower-quintile schools benefit more from institutional support
yet face poorer household conditions, particularly regarding sanitation. Conversely, learners
in higher-quintile schools reap the rewards from improved home environments but receive less
institutional assistance. These findings challenge the efficacy of universal education policies.

The case study, which builds upon the findings derived from the analysis of the public school
system, provides critical validation for the hypotheses formulated from the state-level data. By
analysing a school that actively addresses foundational needs (i.e., providing meals, transport,
and ensuring regular attendance), the research demonstrated that, once these basic conditions
are satisfied, learner progression is increasingly shaped by higher-order factors (i.e., paternal
involvement, future optimism, and motivation to attend school).

The emergent educational hierarchy of needs decision-support framework offers a critical theo-
retical advancement in understanding educational progression within low-income communities.
Inspired by Maslow’s structure, it outlines five ascending levels for low-income South African
learners. The model begins with school attendance and grade appropriateness, followed by
school meals and welfare access, and culminating in family support and mental well-being. This
evidence-based framework prioritises interventions by emphasising that sustainable educational
advancement requires the foundational layers to be firmly in place. It challenges intervention
strategies that overlook these prerequisites, reinforcing the importance of a bottom-up, sequen-
tial approach to supporting learners’ academic development.

7.3 Limitations

Several constraints emerged during the research process that could not be addressed within the
scope of this project.

Limitation I Data source constraints

This study draws primarily on the 2022 GHS, which includes fewer indicators of
educational quality than earlier iterations. The absence of detailed classroom envi-
ronment variables introduces a potential bias toward household-related factors. Ad-
ditionally, the use of single-year, cross-sectional data limits the analysis to a snapshot
view, restricting variate relationships and the examination of learner progression over
time. The GHS is based on self-reported data, which may introduce reporting bias,
particularly in educational and socio-economic indicators, potentially affecting the
reliability of key variables in the analysis.

Limitation IT Case study generalisability
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Validating findings through a single case study school, which follows a distinct edu-
cational model, may limit the generalisability of results to the wider South African
education system, especially to public schools facing varied resource constraints and
contextual challenges.

7.4 Future work

The project results in several potential research directions that could be further explored to
enhance and extend the contributions realised in this project.

Proposal I Agent-based simulation model

Future research could benefit from developing an agent-based simulation model of
the school system to simulate individual learner trajectories, explore dynamic in-
teractions between influencing factors, and test policy interventions under varying
scenarios for more comprehensive, data-driven educational planning.

Proposal II Longitudinal study

Repeating the methodological framework across multiple years of GHS data would
enhance the research by revealing trends and shifts in the educational landscape,
offering insights into how the needs and circumstances of South Africa’s low-income
learners evolve over time. Such a study could assist in transforming the static rela-
tional maps developed by SEM into dynamic CLDs for future SD simulation mod-
elling analyses.

Proposal IIT Hybrid system dynamics and agent-based simulation model

Incorporating the longitudinal study with an agent-based simulation model would
enable the development of a hybrid system dynamics model. This model could
simulate learner progression and track the long-term impact of interventions, offering
a dynamic view of how changes in policy or support structures influence educational
outcomes. Such a model would provide more practical, evidence-based insights to
inform interventions aimed at improving the educational trajectory of low-income
learners in South Africa over time.

Proposal III Costing considerations for real-world implementation

While this study does not include a costing analysis of applying the proposed decision-
support model, such considerations fall outside the scope of the present research.
However, it is important to acknowledge that financial feasibility cannot be disre-
garded in real-world implementation. This is a theoretical study grounded in empir-
ical data, and future research should address the economic implications associated
with operationalising the framework in practice.

7.5 Final thoughts

The unjust nature of South Africa’s education system cannot be ignored or dismissed. Instead,
it must be acknowledged as a necessary step towards meaningful progress. The two disparate
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schooling systems must be treated distinctly. The deep-rooted inequities within the current
system are not accidental but are, in large part, the enduring legacy of apartheid-era policies
compounded by decades of mismanagement and institutional neglect, which systematically dis-
advantaged the majority of the population. Addressing these inequities requires a concerted
effort to elevate the experiences of learners from lower-income, predominantly African commu-
nities to those of their more affluent counterparts.

Although the decision-support hierarchical model was developed within the specific context of
South Africa, the underlying themes are broadly applicable to a range of global educational
settings. In this instance, the model focuses on the progression of low-income learners through
the school system, from a state of survival to one of flourishing. The core principle that basic
needs must be met before higher-order developmental and academic goals can be achieved, is
relevant across diverse contexts.

The decision-support framework is particularly pertinent in other developing or third-world
countries where learners often face systemic poverty, limited access to resources, and inadequate
school infrastructure. It is equally applicable to learners from marginalised or historically dis-
advantaged communities in more developed countries, including ethnic minorities, refugees, or
learners experiencing socio-economic hardship. These groups, like their South African counter-
parts, often face significant barriers to educational attainment due to unmet foundational needs
such as safety, nutrition, stable housing, and consistent school attendance.

By recognising and responding to these foundational needs, educational systems worldwide can
create more inclusive and equitable learning environments. Applying this model internationally
provides a practical lens through which policymakers and educators can tailor interventions for
vulnerable learners, enabling them not only to participate in education but to thrive within it.
In doing so, the model offers a valuable contribution to addressing educational inequality on a
global scale, particularly for minority and disadvantaged populations.

Maslow’s hierarchy of needs has frequently been employed within educational contexts to explain
the notion that learners must have their basic physiological and safety needs met (i.e., food,
shelter, and personal security) prior to engaging effectively in higher-order learning. Numerous
scholars and practitioners have drawn upon this theoretical framework to articulate the layered
nature of learner needs, emphasising the importance of belonging, esteem, and self-actualisation
in supporting educational outcomes ([18]; [39]; [71]). However, the application of Maslow’s
theory within education has remained largely conceptual and generalised.

This study presented a significant advancement by moving beyond theoretical discourse to de-
velop an empirically validated and contextually specific hierarchy of educational needs, designed
explicitly for low-income learners in developing countries. This contribution is novel in several
respects. It adapts psychological hierarchy theory to specific educational and socio-economic
contexts. It is grounded in empirical evidence generated through rigorous analytical techniques,
including FA; MRA, SEM, and machine learning. Finally, it addresses a clear gap in existing
decision-support education policy frameworks relevant to developing contexts.

The proposed hierarchy offers a sequenced, evidence-based decision-support framework for policy-
making. This study transformed a long-standing theoretical model into a practical policy tool.
In doing so, it provides policy-makers with structured guidance for prioritising educational in-
terventions in resource-constrained settings, thereby contributing meaningfully to efforts aimed
at reducing educational inequalities within developing countries.
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APPENDIX A

Supplementary material

A.1 Variable aggregation

This section outlines how variables from the GHS were recoded into analytical indicators. The
variables are grouped as personal, household, and school-specific characteristics.

A.1.1 Personal characteristics for GHS

TABLE A.1: Variable aggregation for selected personal characteristics from the GHS.

Variable name GHS categories Indicator variable
EDU_MODE_TR Walking Walk to school
EDU_FOOD Yes School feeding
EDU_ATTEND Yes Retention
DSB_WAL No difficulty Good walking
DSB_REM No difficulty Good memory
DSB_SEL No difficulty Good selfcare
DSB_COM No difficulty Good communication
HHC_FATH_PARTHH Is respondent’s biological father part of household Paternal participation
HHC_MOTH_PARTHH Is respondent’s biological father part of household Maternal participation
HHC_RELATIONSHIP Son/daughter/stepchild/adopted child of household Co-residence with

head parents

A.1.2 Household characteristics for GHS

TABLE A.2: Variable aggregation for selected household characteristics from the GHS.

Variable name GHS categories Indicator variable
SOC_GRANT Yes Grant receiver
SOC_GRANT_TYPE Child support grant Child support grant
FIN_INC Remittances (money received from people living else- Unearned income

where), pensions, grants (include old age grant here)
ENG_ACCESS Yes Energy access
ENG_MAINELECT In-house conventional meter, in-house prepaid meter Main electricity meter
ENG_PAY Yes Paid electricity
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TABLE A.2: Variable aggregation for selected household characteristics from the GHS (continued).

Variable name

GHS categories

Indicator variable

SWR_RUB Removed by local authority/private company at least
once a week, removed by local authority/private com-
pany less often than once a week, removed by com-
munity members, contracted by the municipality, at
least once per week, removed by community mem-
bers, contracted by the municipality, less often than
once per week, removed by community members at
least once a week, removed by community members
less often than once a week

WAT_DRINKWAT Piped (tap) water in dwelling/house, piped (tap) wa-
ter in yard

SAN_TOIL Flush toilet connected to a public sewerage system,
flush toilet connected to a septic or conservancy tank,
pour bucket-flush toilet connected to a septic tank (or
seepage pit), bucket toilet

SWR_ENV_LIT No

SWR_ENV_WAT No

SWR_ENV_AIR No

SWR_ENV_NOI No

FSD_RANOUT No

FSD_ATELESS No

FSD_FEWF0OODS No

FSD_HUNGRY No

Managed waste collection

In-house water

General toilet

No littering

No water pollution
No air pollution

No noise pollution
Food available

Food sufficient

Food variety
Household not hungry

A.1.3 Focus school characteristics

TABLE A.3: Variable aggregation for the focus school

Indicator

Question

Father’s emotional support

Father’s physical support
Father’s financial support

Co-residence with parents
School satisfaction

Future enthusiasm

School motivation
Successful life preparation
Teacher availability
Learning materials

School infrastructure
School values promotion

Does your father emotionally engage with you such as having
regular conversation with you or checking in to see how you are
doing?

Is your father physically present at important occasions or when
you need his help?

Does your father contribute financially to your life such as paying
for food, accommodation, or school fees?

Do you live with both a mother figure and a father figure?

Do you feel you get a good quality of teaching at school?

Does your school make you excited about your future?

Are you motivated to attend school?

Do you feel that your school is setting you up for success in life?
Does your school have enough teachers for all learners?

Do you have enough learning materials (such as desks, white
boards, chairs) and books at school?

Is the school building in good condition?

Does your school promote good values?

A.2 Determining the number of factors

This section describes how the number of latent factors was determined for each group of schools
using scree plots based on eigenvalues from exploratory factor analysis.
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A.2.1 Scree plots for SQ13 schools
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FIGURE A.1: Scree plot showing eigenvalues for determining the appropriate number of factors to retain
during EFA of person factors for SQ13 schools. The plot illustrates both the Kaiser criterion (eigenvalue
> 1) and the elbow method, both suggesting 3 factors should be retained.
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F1GURE A.2: Scree plot showing eigenvalues for determining the appropriate number of factors to retain
during EFA of household factors for SQ13 schools. The plot illustrates both the Kaiser criterion (eigen-
value > 1) and the elbow method, both suggesting 5 factors should be retained.
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A.2.2 Scree plots for SQ45 schools

2.25

1.75

—_
ot

1.25

Kaiser criterion

Eigenvalues

0.75
0.5
0.25

Factors

FIGURE A.3: Scree plot showing eigenvalues for determining the appropriate number of factors to retain
during EFA of person factors for SQ45 schools. The plot illustrates both the Kaiser criterion (eigenvalue
> 1) and the elbow method, both suggesting 3 factors should be retained.
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F1GURE A.4: Scree plot showing eigenvalues for determining the appropriate number of factors to retain
during EFA of household factors for SQ45 schools. The plot illustrates both the Kaiser criterion (eigen-
value > 1) and the elbow method, both suggesting 5 factors should be retained.
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A.2.3 Scree plots for the focus school
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F1GURE A.5: Scree plot showing eigenvalues for determining the appropriate number of factors to retain
during EFA of learner factors for the focus school. The plot illustrates both the Kaiser criterion (eigenvalue
> average eigenvalue of 999) and the elbow method, both suggesting 3 factors should be retained.

A.3 Granular MRA and SEM analysis

This section presents the results of MRA and SEM for selected indicators, analysed separately
by school group. The aim is to show how household and learner characteristics relate to one
another within each setting.

A.3.1 LQ13 learners in SQ13 schools
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TABLE A.4: Regression coefficient matrix for the seventeen indicators based on multivariate regression analysis results for LQ13 learners in SQ13 schools.
Rows represent predictors, columns represent outcomes. Cell shading indicates the magnitude of the correlation coefficient. ** indicates p < 0.001, *
indicates p < 0.05.
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Predictor Outcome B SE  t-value
Grant receiver Child support grant 0.89 0.00 233.80
Retention School feeding 0.60 0.01 49.65
Co-residence with parents Maternal participation 0.57 0.01 49.45
Good memory Good communication 0.30 0.02 17.73
General toilet Managed waste collection 0.81 0.01 125.60
In-house water General toilet 0.64 0.01 58.18
Co-residence with parents Paternal participation 0.32 0.01 23.92
Good walking Good hygiene 0.40 0.02 25.28
Retention Child support grant 0.11 0.02 7.34
Child support grant Maternal survival status 0.12 0.02 6.63
Unearned income Grant receiver 0.31 0.02 18.68
School feeding Walk to school 0.27 0.02 15.61
Retention Unearned income -0.08 0.02 -5.15
Unearned income Co-residence with parents -0.13  0.02 -6.55
Unearned income Paternal participation -0.08 0.02 -4.07
Good memory Retention 0.04 0.02 2.15
School feeding Child support grant 0.13 0.02 7.50
Unearned income In-house water -0.13  0.02 -7.48
Grant receiver General toilet -0.03 0.01 -3.92
In-house water Paternal participation 0.07 0.01 4.91
Managed waste collection  Paternal participation 0.08 0.02 4.33

TABLE A.5: Standardised effects of predictors on outcomes including the estimated path coefficients (3),
standard errors (SE), and t-values for each relationship of the seventeen indicators for LQ13 learners in

SQ13 schools.

A.3.2 LQ13 learners in SQ45 schools
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TABLE A.6: Regression coefficient matrix for the twelve indicators based on multivariate regression analysis results for LQ13 learners in SQ45 schools. Rows
represent predictors, columns represent outcomes. Cell shading indicates the magnitude of the correlation coefficient. ** indicates p < 0.001, * indicates

p < 0.05.

-
0
2
?
0
0
~
-
g
o
~
0

-0.05

0.02

-0.21%*

0.06

-0.07

-0.03

-0.00

-0.06

Childcare grant

0.00

0.09%*

-0.04

0.22%%*

0.19%*

0.11

0.03

-0.01

0.12%

a n
9 &
Fe
8 g §
= 2 pe]
) -
2 § g £ 2
9 )
8 8 " 3 w 3 4 2
g e 5] F4 ] @ o) 5
= g = 2 ] ° Q [
4 9 o 2 g a
e ] - g o 5}
¢ H — 19 2 el 2 ) g
£ a El B fS — & @ g
] ° 3 o o o ] 9] =
Q < < g 9 9 = = [
£ p 0 8 ] 5 g I )]
= = 0 s = @ g 0 &
0.07** -0.00 -0.02 0.01 -0.20** 0.01 -0.07 -0.01 -0.00
0.22%* 0.04%** 0.11 0.01 -0.00
0.10%* 0.07* -0.17** -0.14%*

-0.05%*

0.00

-0.09%**

0.11%*

0.07*

-0.14%*

-0.11%*

0.02

Maternal participation

-0.02

0.03*

0.02

¢01

TVIHHLVIN AHVLNHNATddNS 'Y YHLdVH))



A.3. Granular MRA and SEM analysis

103

Predictor Outcome B SE  t-value
Grant receiver Child care grant 0.90 0.00 186.80
Maternal participation Co-residence with parents  0.53  0.02 33.57
Paternal participation Co-residence with parents  0.34 0.02 19.60
Grant receiver Unearned income 0.38 0.02 19.42
Managed waste collection  General toilet 1.01  0.05 18.65
Walk to school School feeding 0.36 0.02 18.28
Paternal participation Maternal participation 0.32 0.02 14.69
General toilet In-house water 0.58 0.05 12.14
Child care grant School feeding 0.24 0.02 11.25
Child care grant Retention 0.49 0.05 10.05
Grant receiver Retention -0.44 0.05 -8.91
School feeding Retention 0.21 0.03 7.86
Co-residence with parents Unearned income -0.19 0.02 -7.83
Child care grant Walk to school 0.18 0.02 7.47
Managed waste collection  In-house water 0.34 0.05 7.15
Unearned income Retention -0.17  0.02 -7.10
Paternal participation Unearned income -0.16  0.02 -6.56
Paternal participation Grant receiver -0.15 0.02 -6.15
Paternal participation Managed waste collection 0.13 0.02 5.87
In-house water Retention 0.13 0.02 5.86
Walk to school Retention 0.12  0.02 4.95
Maternal participation Managed waste collection 0.10 0.02 4.72
Unearned income School feeding 0.09 0.02 4.27
Maternal participation Child care grant 0.04 0.01 3.99
In-house water Walk to school -0.09 0.02 -3.89
Unearned income Walk to school 0.10 0.03 3.86

TABLE A.7: Standardised effects of predictors on outcomes including the estimated path coefficients
(B), standard errors (SE), and t-values for each relationship of the twelve indicators for LQ13 learners in

SQ45 schools.
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