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This study aims to answer the question: “Can education be abstracted in a framework and 

conceptually studied for a student intervention process?” To do so, it designs and tests a 

student intervention framework that uses a systems approach and complexity theory to learn 

from different student contexts and recommend and apply systemic interventions for 

students. The framework is based on the assumption that education is a complex system that 

involves multiple interacting elements, such as students, teachers, curriculum, policies, and 

resources. The specific interventions and their impact on student success are not assessed in 

this work, as they depend on the expertise in the education domain. Rather, this work focuses 

on the framework that can be used to apply and evaluate different contexts and interventions. 

The study applies complexity theory and systemic intervention theory to understand the lens 

and the methods for studying the system. It also explains the education system in South 

Africa as the context of the study. One of the main challenges of the study is data sharing 

and data handling. To address this challenge, the study generates synthetic data from openly 

available tabular data and evaluates its conditional interdependence using different machine 

learning classification tasks. Then, it applies the same methods to a real-world education 
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dataset from the University of the Free State. The study contextualizes the student 

intervention framework as a multi-armed bandit (MAB) stateless reinforcement learning 

problem and tests its performance and viability using probabilistic models. The results show 

that the probabilistic models yield the best results with the minimum required fine-tuning, 

and that they scale well to the real-world dataset. The results also indicate that the framework 

is viable for student intervention recommendations within the context of contextual bandits. 

The study concludes with a discussion of the implications and limitations of the framework, 

and suggests areas for future research. 
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Hierdie studie het ten doel om die vraag te beantwoord: “Kan onderwys in 'n raamwerk 

geabstraheer en konseptueel bestudeer word vir 'n studente-intervensieproses?” Om dit te 

doen, ontwerp en toets dit 'n studente-intervensieraamwerk wat 'n stelselbenadering en 

kompleksiteitsteorie gebruik om van verskillende studentekontekste te leer en sistemiese 

intervensies vir studente aan te beveel en toe te pas. Die raamwerk is gebaseer op die 

aanname dat onderwys 'n komplekse stelsel is wat verskeie interaktiewe elemente behels, 

soos studente, onderwysers, kurrikulum, beleid en hulpbronne. Die spesifieke intervensies 

en hul impak op studentesukses word nie in hierdie werk beoordeel nie, aangesien dit afhang 

van die kundigheid in die onderwysdomein. Inteendeel, hierdie werk fokus op die raamwerk 

wat gebruik kan word om verskillende kontekste en intervensies toe te pas en te evalueer. 

Die studie pas kompleksiteitsteorie en sistemiese intervensieteorie toe om die lens en die 

metodes vir die bestudering van die stelsel te verstaan. Dit verduidelik ook die 

onderwysstelsel in Suid-Afrika as die konteks van die studie. Een van die hoofuitdagings 

van die studie is datadeling en -hantering. Om hierdie uitdaging aan te spreek, genereer die 

studie sintetiese data uit oop beskikbare tabeldata en evalueer dit die voorwaardelike 
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interafhanklikheid met behulp van verskillende masjienleer klassifikasietake. Dan pas dit 

dieselfde metodes toe op 'n werklike onderwysdatastel van die Universiteit van die Vrystaat. 

Die studie kontekstualiseer die studente-intervensieraamwerk as 'n multi-arm bandiet 

(MAB) staatlose versterkingsleerprobleem, en toets sy prestasie en lewensvatbaarheid met 

behulp van waarskynlikheidsmodelle. Die resultate toon dat die waarskynlikheidsmodelle 

die beste resultate lewer met die minimum vereiste fynafstelling, en dat hulle goed skaal na 

die werklike datastel. Die resultate dui ook daarop dat die raamwerk lewensvatbaar is vir 

studente-intervensieaanbevelings binne die konteks van kontekstuele bandiete. Die studie 

sluit af met 'n bespreking van die implikasies en beperkings van die raamwerk, en stel 

gebiede vir toekomstige navorsing voor.  
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Thuto e e dira go araba potso: “A thuto e ka abstrakwa mo sebokeng le go ithutelwa ka tsela 

ya konseptuele go dira tsamaiso ya go tsaya karolo ya baithuti?” Go dira jalo, e dira le go 

leka seboka sa go tsaya karolo ya baithuti se se dirisang tsela ya ditiragalo le teori ya boiteko 

go ithuta go tswa mo dikonteksteng tsa baithuti tse di farologaneng le go neela baithuti 

ditlamelo tsa ditiragalo le go di dirisa. Seboka se se theilweng mo go bonaleng gore thuto ke 

tiragalo e e boitekang e e akaretsang ditiragalo tse di farologaneng, jaaka baithuti, 

barutabana, kurikulamo, melao, le dikgwebo. Ditlamelo tse di kgethegileng le maatla a a 

nang le one mo go atlegeng ga baithuti ga a lekolwa mo tiro eno, ka gore e a itshetlela 

boitseanape mo lefelong la thuto. Go feta fa, tiro eno e fokotsa mo sebokeng se se ka 

dirisiwang go dirisa le go leka dikontekste tse di farologaneng le ditlamelo. Thuto e e dirisa 

teori ya boiteko le teori ya go tsaya karolo ya ditiragalo go tlhalosa lenaneo le metotso ya go 

ithuta tiragalo. E tlhalosa le tiragalo ya thuto mo Aforika Borwa jaaka kontekste ya thuto. E 

nngwe ya ditshwanelo tse di kwa godimo tsa thuto ke go abelana le go laola data. Go 

rarabolola ditshwanelo tse, thuto e e dira data e e dirilweng go tswa mo data ya tabulere e e 

sa tlhokomelwang le go e leka go tswa mo go bonaleng gore e na le maemo a a farologaneng 
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go dirisa metotso ya go ithuta ya meesene e e farologaneng ya go kgaoganya. Ka morago, e 

dirisa metotso e e tsamaisanang le data ya thuto ya nnete mo Aforika Borwa mo 

Yunibesithing ya Freistata. Thuto e e dira go bonala seboka sa go tsaya karolo ya baithuti 

jaaka mathata a a nang le diatla tse di farologaneng (MAB) a a sa nang le maemo a go ithuta 

go rarabolola. Dipoelo tsa ditlhotlhomiso di bontsha gore metotso ya go tlhoka go itse pele 

e e neela dipoelo tse di kwa godimo, le go tlhoka go fetola sentle. Gape, dipoelo di arogana 

sentle le data ya nnete. Dipoelo di bontsha le gore seboka se se a tsamaya go neela baithuti 

ditlamelo tsa ditiragalo mo konteksteng ya diatla tse di farologaneng. Thuto e e tlhagisa ka 

poledisano ya maemo le ditshwanelo tsa seboka, le go neela dikarolo tsa dithuto tse di tlang. 
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CHAPTER 1 CONTRIBUTIONS, PROBLEM 

STATEMENT, AND OUTLINE OF 

THESIS 

1.1 Introduction 

The main question of this study was what would a framework look like if higher education was 

abstracted and conceptually studied to provide insight into an autonomous student intervention 

system? To address this question, a systems approach was used to develop, test, and evaluate a 

student intervention framework for the education domain by drawing from complexity theory and 

systemic intervention theory. Several technical approaches were used to generate synthetic data, 

measure the synthetic data’s utility, and design and test an environment simulating the student 

intervention system as a multi-armed bandit problem. Next, the contributions of this thesis will be 

outlined. 

 

1.2 Contributions of this thesis 

This study gave rise to research outputs in education, data science, and philosophy. The first 

contribution was to outline the theories that overarch this study namely complexity theory and 

systemic intervention. Thereafter, synthetic data was generated for the education domain, which 

was then tested on a real-world dataset. Finally, systemic intervention in education was abstracted 

into a multi-armed bandit problem. Complexity theory as a framework outlines the importance of 

defining the boundaries and concepts within a system, rather than understanding a particular 

component within a system. Systemic intervention is rooted in complexity theory but outlines how 

to provide an intervention from within a system. All of these concepts were applied to the 

education domain using a systems approach. Before this study there was no: 

1. Literature available outlining challenges, gaps, and areas for future research for machine 

learning in education (MLER). This study conceptualised these challenges and added to 

literature in this emerging field; 
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2. Applied literature on methods for producing synthetic education tabular data. This study 

explored these approaches and mapped and evaluated the methods for producing synthetic 

tabular data for education using a deep learning and a probabilistic model approach; 

3. Applications of using machine learning classification tasks to measure the utility of 

synthetic tabular data for the education domain. This study made use of machine learning 

classification tasks to test the conditional interdependence of synthetically generated 

tabular education data; and 

4. Environments abstracting the systemic intervention within an education system as a multi-

armed bandit problem. This study created this environment and evaluated the results by 

comparing the overall cumulative reward for three algorithms, unexplored in this 

environment. 

 

1.3 Problem statement 

In South African educational institutions, the problems of student throughput rates and student 

retention rates persist (Moodley and Singh, 2015; Masutha, 2022). Student retention rate is when 

a student remains in the institution despite poor academic performance in the previous year, while 

a student throughput rate refers to a student’s progress towards graduation (Botha, 2016; Manik 

and Ramrathan, 2021). Various student support strategies have been explored to improve both 

student  throughput and retention rates, such as social and academic support from the institution, 

and high-impact practices that encourage student agency (San and Gou, 2023). However, the needs 

of students vary depending on their context, including factors such as socio-economic status, 

language, and support structures. Implementing interventions to support students is complicated 

due to the vast and complex needs of students and the availability of interventions from the 

institution. Real-time analytics to identify and evaluate the effectiveness of interventions are time-

consuming and costly, even with dedicated staff. Thus, there is a need for a transparent and ethical 

student support framework to design smart systems that can adapt to different contexts. This study 

delved into a framework that was designed to generate synthetic data from a limited sample of a 

real-world dataset from South African higher education. Additionally, this framework was used to 

construct a multi-armed bandit (MAB) problem, which served as a map for the educational 

intervention framework in higher education. 
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1.4 Outline of the thesis 

The study encapsulated in this thesis applies contexts specific to the field of education to the 

principles inherent in computer science, with both domains being indispensable to the research. 

As a result, two fundamental components are constantly in overplay with one another, the 

education domain, and the applied computer science domain. This translates into the background 

chapter, with Chapter 2 focusing on the complexity theory and the system intervention theory used 

in the framework. Chapter 3 is based on synthetic data generated from education tabular data and 

its associated utility is evaluated using different machine learning classification tasks. Chapter 4 

applies the components of synthetic data generation to a South African university dataset, specific 

to the University of the Free State, Economic and Management Sciences. Chapter 5 explores a 

multi-armed bandit problem, which represents a stateless action reward feedback loop to simulate 

an autonomous decision maker in a variety of different contextual education problems and 

evaluated the different conceptual problems that may arise with this approach. Chapter 6 concludes 

the contributions and recommendations from this study. In the next section, the publications, 

research outputs, and awards from this thesis will be outlined. 

 

1.5 Publications, research outputs, and awards from this thesis 

Conference and workshop presentations 

• Combrink, H.M.v.E, Marivate, V. and Rosman., 2020. Agent Based Artificial Intelligence 

for Timeous Student Support Strategies. Flexible Futures, University of Pretoria [Accessed 

on 19 November 2022: https://www.youtube.com/watch?v=Tz2fCwGedaw] 

• Combrink, H.M.v.E, Marivate, V. and Rosman., 2022. Exploratory Data Analytics for 

Higher Education Tabular Datasets: An Open-Source Application for Institutional 

Practitioners. SAAIR Learner Analytics Institute, University of the Western Cape 

[Accessed on 19 November 2022: https://www.youtube.com/watch?v=1iY6qRzgXHw]  

• Combrink, H.M.v.E., Marivate, V. and Rosman, B., 2022. A Framework for Undergraduate 

Data Collection Strategies for Student Support Recommendation Systems in Higher 

Education. arXiv preprint arXiv:2210.10657. 

• Combrink, H.M.v.E., Marivate, V. and Rosman, B., 2020. Multi-Armed Bandit Problems 

In Education. BRICS Young Scientist Forum. 
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• Combrink, H.M.v.E., Marivate, V. and Rosman, B., 2022. Artificial Intelligence In 

Education. BRICS Young Scientist Forum. 

Datasets and repositories 

• Combrink, H.M.v.E., Carr, E. de Wet, Katinka. Marivate, V. Rosman, B., 2023. South 

Africa Education Data and Visualisations. University of the Free State. Dataset. 

https://doi.org/10.38140/ufs.22081058.v3  

• Combrink, H.M.v.E., Marivate, V. and Rosman, B., 2022. Github repository Exploratory 

Data Analytics in Education. Available on GitHub 

https://github.com/dsfsi/Higher_Education_EDA 

Journal articles 

• Combrink, H.M.v.E.,    Marivate, V. Masikisiki, B.,    Technology‐Enhanced Learning, 

Data Sharing, and Machine Learning Challenges in South African Education. Education 

Sciences. 2023, 13, 438. https://doi.org/10.3390/educsci13050438      

• Combrink, H.M.v.E., Carr, E. de Wet, Katinka. Marivate, V. Rosman, B., 2023. South 

Africa Education Data and Visualisations. University of the Free State. Dataset. Data in 

Brief https://doi.org/10.38140/ufs.22081058.v3  

• Combrink, H.M.v.E, Marivate, V. and Rosman, B., 2022. Comparing Synthetic Tabular 

Data Generation Between a Probabilistic Model and a Deep Learning Model for Education 

Use Cases. arXiv preprint arXiv:2210.08528. 

• Combrink, H.M.v.E, Marivate, V. and Rosman, B., 2022, December. Reinforcement 

learning in education: A multi-armed bandit approach. In International Conference on 

Emerging Technologies for Developing Countries (pp. 3-16). Cham: Springer Nature 

Switzerland. https://doi.org/10.1007/978-3-031-35883-8_1  

Awards and achievements 

• Combrink, H.M.v.E., Marivate, V. and Rosman, B., 2023. Nominated as one of the top 100 

Artificial Intelligence early state projects in the world, the second South African project 

for this nomination to the International Research Centre on Artificial Intelligence under the 

auspices of UNESCO. https://ircai.org/top100/entry/a-framework-for-designing-student-

support-strategies-in-higher-education-institutions-using-artificial-intelligence/ 

• Combrink, H.M.v.E., Marivate, V. and Rosman, B., 2020. Representing South Africa in 

the category Artificial Intelligence in the 5th Annual BRICS Young Scientists Consortium. 
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• Combrink, H.M.v.E., Marivate, V. and Rosman, B., 2022. Representing South Africa in 

the category Artificial Intelligence and Computer Learning 7th Annual BRICS Young 

Scientists Consortium. 

• Combrink, H.M.v.E., 2021. African Institute of Mathematical Sciences (AIMS) Cohort 0 

Data Science. 

• Combrink, H.M.v.E., 2021. Microsoft Doctoral Symposium DSAA 2021. 

 

In the next chapter, the theoretical underpinnings of the thesis will be outlined.  
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CHAPTER 2 EDUCATION AS A COMPLEX 

SYSTEM: A FRAMEWORK FOR 

SYSTEMIC INTERVENTIONS 

2.1 Introduction 

The contribution of this chapter is to orientate the reader within the systemic approach and 

landscape. To outline some of the challenges associated with systemic interventions in higher 

education and to propose a human-machine student intervention framework for higher education. 

This has not been done prior using this approach. To achieve this, there were three overarching 

objectives in this chapter: 

1. To outline the approach, theories, and theoretical lenses used in the study, including a 

systems approach, complexity theory, and systemic interventions within complex systems;  

2. To abstract complex education systems so that they may be studied in relation to an 

education system; and 

3. To define a student intervention framework associated with machine learning research in 

the South African education context. 

 

The purpose of this chapter is to outline the approach and theories used to frame this study and 

thesis. Furthermore, this chapter also outlines some of the challenges associated with machine 

learning in education research (MLER), which has never been done for the South African context 

before. Finally, this chapter outlines the framework to study systemic interventions within complex 

education systems, which is a novel interdisciplinary field.  The work in this chapter was published 

in Combrink et al., (2023a), Combrink et al., (2023b), and Combrink et al., (2022a), and reference 

is made to this research output in this chapter. In the sections to follow, the systems approach, 

complicated systems, and complexity theory will be outlined.  
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2.2 Overview of Systems, systems that are complicated, and complex systems  

A systems approach to problem solving has been extensively used across various domains to 

unpack the complexities and nuances required to contextually address studying a system (Agbo et 

al., 2019; Brackett et al., 2019). A systems approach is a framework to understand contexts within 

a system and to systemically think around components that work together and how to identify and 

address challenges that may be present within a system. A systems approach is an iterative process 

involving several conceptual steps to be addressed to unpack problems related to a system 

(Cennamo and Kalk, 2019). By its very definition, a system represents a set of processes or 

components that function together to create a collective (Scoones et al., 2020). Therefore, a system 

consists of different parts, each with its own complexities and functions.  

 

To apply a systems approach, a few fundamental concepts need to be concerned at all times. 

Firstly, the problem within a system needs to be defined. Sometimes the context of studying a 

system is to identify and define the problem itself, but as far as possible, the problems and 

challenges that are intended to be addressed needs to be outlined. This can also include the problem 

of identifying the actual problem if this is not known prior. In the context of higher education, 

there are several well-articulated issues, and if the specific set of issues are not properly outlined, 

the arguments around the exact exploration might be convoluted under the vast amounts of known 

challenges within and between the various systems. Next, defining the constraints of the system is 

vital for the success of implementing this approach. Constraints include contexts and concepts 

outside purely empirical processes. For higher education, this includes the context of the system, 

participants within the system, and potential constraints that are present within the system. 

Thereafter, the goals and objectives of the exploration need to be outlined in the context of the 

system. Once established, the measurements and metrics to evaluate these need to be developed. 

Then, potential alternatives may be explored, and the alternatives need to be evaluated using the 

initial models so that these two approaches (the first and the alternative) may be compared to one 

another (Peterson and Davie, 2007; Hermans, 2019). Finally, a decision needs to be taken 

regarding the system based on this exploration as a final outcome of the study (Figure 2.1).  
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Figure 2-1 Outline of the systems approach. 

In the systems approach, anomalies within a system can be used to study behaviour, relationships, 

interactions, and how underlying structures impact the collective. In other words, if there are 

unique components within a system, an anomaly within these components can be isolated and 

studied to provide insight into what the significance of that specific part is in relation to the system 

itself (Bosch et al., 2021). To this extent, a system in its simplest form can consist of processes 

and/or components that work together to function as a collective (Figure 2.2). 

 

 

 

Figure 2-2 An example of a system. 

An example of a system can be a classroom within higher education, filled with students, a lecturer 

and the material to be presented for that specific day. All the components within the classroom are 

important, but some components have a far more significant impact on the learning experience 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 

9 

 

than others. If a part of the classroom is missing, the impact of the fault can be studied in relation 

to the functioning of the entire system, in this case, how effectively a classroom would work in the 

absence of a content specific expert, like a lecturer. A component in this context may be one of the 

actors in the system, like a lecturer, and a process in this instance can be an assignment students 

do to gain a deeper understanding of the content. The system is thus everything involved in 

learning, consisting of the components (physical students and lecturer) and processes 

(assignments, learning, and reading etc.). However, within a classroom setting the diversity 

between individuals and lecturers also add a layer of complexity to this system.  Within the context 

of a system, some systems may have more intricate complexities than others, such as the addition 

of socioeconomic factors that impact the access certain students had prior to attending higher 

education. This example, and others like it add different complexities to the initial classroom 

system, and in this case shall be referred to as complicated systems (Tonetto and Saurin, 2021; 

Pickard and Beasley, 2022). 

 

A complicated system in this instance can be defined as a system that requires a high degree of 

specialisation to construct, implement, and understand all the various components within the 

system (Suyatinov, 2020). An example of a complicated system is the classroom that also includes 

the software used in teaching, the learning management system for packaging content, best 

teaching practices present in the classroom but also a contextual understanding of the students, 

their needs, pedagogy, educational frameworks, and student support strategies including academic 

and non-academic support to enhance student learning. Complicated systems in this instance can 

be used to differentiate between a system that requires limited stakeholders, processes, or 

components to function from one that requires a high degree of specialisation. This difference 

allows an understanding of both simpler systems and complicated systems. The commonalities 

between a system and a complicated system are that they both are confined by one overarching 

goal or outcome and work closely together to achieve this outcome. In the context of a system and 

a complicated system, the outcome is student success, by increasing throughput and retention rates, 

but the level of complexity differs significantly if all of the out of classroom variables, such as 

socioeconomic status, prior learning, and capabilities are factored into the understanding of the 

problem (Figure 2.3). 
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Figure 2-3 An example of a complicated system. 

Understanding that systems may be either simpler, or complicated, provides some context when 

different systems are compared to one another within a large system. A large system may consist 

of a combination of systems and complicated systems. When a large system contains parts, 

processes, simple systems, and/or complicated systems as components, then that large system is 

called a complex system (Ladyman et al., 2013) (Figure 2.4). 

 

 

Figure 2-4 An example of a complex system. 

Analysing a complex system necessitates the abstraction of concepts, with an emphasis on 

understanding the strength of the relationships between the various parts, processes, or components 

within the subsystems. This approach prioritizes the interconnectedness of the system as a whole 
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over the impact of any individual part within a subsystem (Svítek, 2015). In other words, 

understanding a complex system will require measuring the strength of the relationship between 

the underlying systems rather than trying to define the impact of a specific variable within a system 

to its outcome (Magee, 2004). In addition to this, a systems approach is required to study a complex 

system but with the emphasis on the strength of the relationships between variables. In the higher 

education context, there are several systems and complicated systems within institutions that 

influence a students’ learning and learning outcomes, and in the next section, education as a 

complex system will therefore be outlined. 

 

2.2.1 Education as a complex system 

Student throughput rate and student retention rates are two fundamental concepts that keep 

education researchers engaged because they are important indicators that can be used by 

institutions to measure student success (Botha, 2018). Student throughput rate refers to: “…the 

rate at which a cohort successfully completes a qualification within the stipulated timeframe for 

that qualification” (Botha, 2016). Student retention, on the other hand, refers to a student’s ability 

to remain in the system (Manik and Ramrathan, 2021). In this study, the term ‘student’ will be 

used to refer to a person partaking in education (Combrink and Oosthuizen, 2022).  

 

If we consider education, throughput rate could literally mean the percentage of students that 

passed a particular year of study, and retention would be the percentage of students that remain in 

the system the following year if they are supposed to return (Marthers et al., 2015). Retention will 

not be used for students completing a journey, which is the end goal of an education system 

(Lourens and Bleazard, 2016). Furthermore, both student retention and student throughput rate can 

be expressed as a percentage and aid decision makers within an institution with policies, decision 

making or outline areas that require improvement such as a particular subject students struggle 

with (relative to the throughput and retention rates of that subject). As a result, monitoring 

throughput and retention rates can serve as a litmus test to identify particular processes within 

subjects or across the curriculum for students that require an intervention (Janse van Vuuren, 

2020). This monitoring and evaluation can either be in the form of tracking a specific subject, such 

as mathematics or physical sciences, or to track a variety of variables that impact overall academic 

success, like tracking class and online attendance and using attendance to identify a student at risk 
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of failing a specific year of study (van Zyl and Ngwenya, 2020). There have been several studies 

that outlined what types of factors should be tracked that can be used to determine, monitor, and/or 

evaluate student success, but most of these processes are reliant on the inputs of a person within 

an institution aiding the student with a particular challenge (Vondrell and Sweeney, 1989; 

Pritchard and Wilson, 2003; Murray et al., 2008; Huberts et al., 2022). Additionally, these studies 

are also mostly context bound with specific interventions linked to a particular region, policy, or 

cultural norm that might not be applicable elsewhere. In other words, the way in which students 

receive support will differ between institutions, departments within an institution and/or between 

different countries. Another added layer of complexity is that learning in and of itself is 

complicated and will thus differ between individuals. What makes education challenging to 

understand in relation to what is needed to promote student success is the diversity of processes, 

components, systems, and complicated systems that make up learning. It is for this reason that 

education should be seen as a complex system because the relationships between stakeholders, 

policies, contexts, and different environments have a significant impact on student throughput and 

retention rates (Lemke and Sabelli, 2008). Another justification for education as a complex system 

resides in the idea that individual components within a particular system cannot be quantified to 

the final outcome (Jacobson et al., 2019). For example, the impact of a first year orientation 

programme and its relation to the final examination mark of a student in their third year cannot be 

determined, but rather that the relationship between orientations and student success should be 

studied.  

 

A further viewpoint of complexity is to define boundaries of systems so that the strength of the 

relationship or the importance of different components within a complex system may be defined 

(Ghaffarzadegan et al., 2017). Studying a phenomenon relies heavily on applying techniques to 

analyse complex datasets and provide insights into underlying factors and outline the value of the 

data itself. These methodologies thus have many overlapping concepts and often share similar 

approaches to predicting, categorising, and filtering through complex information to gain the 

desired insight. However, as these approaches become more complex and intricate, it becomes 

increasingly challenging to contextualise them without a perspective rooted in complexity theory 

as an adaptation to the systems approach. As a result, the justification of education as a complex 

system will be used throughout this study as it provides a framework that can assist in 
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understanding the complexities associated with education as a complex system. In the next section, 

systemic interventions within complex systems will be explained. 

 

2.3 Systemic interventions within a complex system 

The progress of technology has facilitated a connection between individuals and systems, resulting 

in environments that can adapt to the needs of people without human intervention (Shemshack,  

and Spector, 2020;  Qian et al., 2020). This level of autonomous optimisation was initially only 

present in industrial processes but has become a part of everyday life through technological devices 

such as computers, smartphones, and smart devices (Szłapczyński and Ghaemi, 2019; Martin et 

al., 2020; Hall et al., 2021). For the education context this is important as several authors have 

noted that the people within education institutions alone are not enough to deal with the increasing 

demand of challenges students face within institutions (du Plessis and Mestry, 2019; Brunetti  et 

al., 2020; García-Peñalvo, 2021; van der Rijst et al., 2022). For this reason, more and more 

education institutions have turned to the use of technological tools to assist with scaling 

interventions that can aid student success (Rotar, 2022). However, certain interventions as part of 

broader education are harder to implement reliably and require more expertise. When it comes to 

the education sector, implementing self-learning systems requires domain-specific knowledge, or 

there may be consequences for users (Abu-Salih, 2021). Complexity theory and systemic 

intervention are theoretical frameworks that can help us understand and evaluate educational 

systems as complex phenomena. These frameworks highlight the dynamic and nonlinear 

interactions among the various elements of the system, such as teachers, students, curriculum, 

policies, and resources. They also enable us to critically examine the assumptions, values, and 

perspectives that shape our understanding of the system and its problems. By applying these 

frameworks, we can explore the multiple dimensions and perspectives of the system and identify 

the opportunities and challenges for improving its performance and outcomes. This focus is 

possible because less attention is given to the details and inner workings of each specific 

component or process within the system, but rather to view the relationships between variables as 

the point of study (Rothgang and Lageman, 2022).  

 

In the context of interventions, some problems require a more immediate and urgent response, like 

a medical intervention, and others require more repetition and contextual support, such as a series 
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of tutorial classes to reinforce a concept. In this specific example, the immediate impact of the 

medical intervention can be studied as the consequences might be more significant in relation to 

the outcome of the student in the short term. However, as a system grows in size and complexity, 

isolated events become less useful in understanding the system as a whole, such as the impact of 

a specific tutorial in relation to the final mark of a student. It is therefore more important in the 

context of different systems to have a well-defined general student intervention framework than to 

have a list with specific interventions for each type of specific problem because the context and 

understanding for stakeholders in other parts of the system, or in different systems may be lost 

(Midgley and Rajagopalan, 2020). In other words, knowing how to specifically handle a student 

that is in need of a specific medical treatment is very important at a process level, but in terms of 

the entire system, and more importantly, when systems interact with other systems, it becomes 

useless. 

 

In reality, specific interventions within a system are important, but the framework relating to the 

part this plays within a complex system is just as important (Midgley and Lindhult, 2021). This 

perspective highlights the importance of understanding the interplay between different actors and 

their impact on the system (Foote et al., 2021). From individual schools to larger higher education 

institutions, education is made up of complex entities that are interconnected in intricate ways 

(Gates et al., 2021). For example, the relationship a student has to their lecturer, peers, the support 

services and their families have a significant impact on their ability to transition into higher 

education, and the ability to transition has been associated with academic success, but this alone 

is not a predictor of academic success as there are multiple factors at play that impact a student’s 

academic success. 

 

Implementing interventions in education for students based on their individual needs requires a 

deep understanding of these complexities and the relationships between the entities involved in 

their learning. For example, implementing an intervention framework within education for 

assessing student performance requires understanding of the complex interplay between lecturers, 

students, administrators, and the social and academic support students have access to (Midgley 

and Rajagopalan, 2020). Such a system must be designed to take into account the many different 

factors that influence student success, including family background, socioeconomic status, and 
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cultural factors, in addition to the pedagogical and academic factors that influence student success. 

Additionally, student intervention frameworks must be designed to adapt and evolve as the needs 

of the students and the research within the field changes over time (Ulrich, 2012). In other words, 

if new research emerges suggesting a different way to support students that promote student 

success, the framework, technologies, and systems involved in the interventions for students 

should be robust enough to factor in this context. Therefore, understanding the complexities of 

complex systems is critical for developing effective intervention frameworks. By taking a holistic 

perspective that focuses on relationships between stakeholders, researchers and practitioners can 

develop frameworks that are responsive, adaptive, and effective in meeting the needs of the 

complex education system. In the context of complex systems, intervention recommendations are 

important.  

 

When implementing interventions within a complex system like education, it is crucial to have 

specific interventions linked to tangible outcomes, such as referring a student to a tutorial program 

or a healthcare worker (van den Hurk et al., 2019; Shaw et al., 2020). In the context of education, 

a variable, such as student attendance, or the final mark for a subject at the end of a semester is a 

representation of a complicated system within a complex system (Kearney, 2021). In other words, 

the overall attendance a student obtained for a subject in higher education is a representation of 

the hours the student put into their studies, the student engagement level of the subject matter, a 

culmination of prior context related to the subject matter, the overall attendance of the course, the 

time management, goal setting, and academic planning of the student, the access to resources, the 

time the student spent on traveling between higher education and home, the food security, 

socioeconomic status, support networks, grit, willingness to learn, and the emotional maturity of 

the student, among others. Simply put, a simplistic outcome variable in the context of education is 

the representation of a complex system because of all the factors involved in that specific outcome 

variable. Therefore, understanding the boundaries of implementation within a broader system is 

vital because implementing systemic interventions within education requires domain-specific 

expertise within the context of a complex system (Larrabee Sønderlund et al., 2019). Education-

specific surveys have shown a hyper-focus on unique use cases for educational implementation, 

rather than assessing general system-based interventions for education to be successful (Amissah 

et al., 2019; York et al., 2019). This poses a problem as there is currently a deficit in the 
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fundamental understanding of what is needed to assist a student when a problem arises within the 

context of education.  

 

One problem area could be based on the epistemic vagueness associated with the fundamental 

purpose of education research (Platz and Platz, 2021). Some researchers argue that the purpose of 

education research is to identify gaps within current systems and to develop models (Harris and 

Patton, 2019; Granić and Marangunić, 2019). Others suggest that it should focus on pedagogy and 

its development, while some propose that education research should correlate, assess, and evaluate 

specific interventions within a narrow and specific context (Hardman, 2019). The insights from 

these types of studies are valuable from the context of that specific use case, but may not be 

applicable in another context. For example, if a study conducted in China, identified education 

challenges within a middle school context for first-year robotics, and recommendations were 

implemented to improve student outcomes, the validity of these recommendations and strategies 

for students residing in other countries like Egypt, Brazil, or South Africa is questionable. 

 

Therefore, it is necessary to have a domain-specific understanding of complex education systems 

when implementing interventions to address specific problems. The focus should be on developing 

systemic interventions that take into account the relationships between stakeholders and micro-

systems, rather than narrow, specific interventions that may not be applicable in other contexts. 

This will require a fundamental shift in the way education research is conducted and the 

development of domain-specific expertise to address complex education systems that implement 

interventions. In the sections to follow, systemic interventions, the impact and some challenges 

facing the higher education system, and the human-machine student intervention framework for 

higher education will be outlined. 

 

2.3.1 Systemic interventions and domain specific knowledge 

The advent of information and communication technologies has allowed people to connect with 

information and each other more easily. These technologies have also facilitated the development 

of information management systems that can store and retrieve specific information (González-

Zamar et al., 2020). Learning management systems (LMS) are tools that have been developed to 

manage teaching and learning content in the education sector. They can also assess students and 
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identify students at risk of failing, especially when analytics is involved (Bradley, 2021). Recent 

advancements have enabled the development of machine learning (ML), deep learning (DL), and 

reinforcement learning (RL) algorithms on standard platforms that make these platforms function 

to incorporate the user experience and tailor make this experience using these technologies. ML 

involves performing mathematical and algorithmic tasks on structured data to perform a specific 

task on a test set of data (Hart et al., 2021). DL is a branch of ML that involves artificial neural 

networks and is particularly well suited to large amounts of data and particular structure within the 

data (see Chapter 3). RL, on the other hand, is a type of computational learning that focusses on 

autonomous decision making (Sutton and Barto, 2018) (see Chapter 5). It involves creating a 

virtual environment with specific rules and policies, and an agent that can take certain actions 

within the environment to learn and optimise rewards. Artificial intelligence (AI) systems can use 

one or more of these algorithms to learn from data, take actions, and optimise rewards. However, 

building such systems requires not only technical expertise, but also domain-specific knowledge.  

 

As it currently stands, several education institutions have collaborative entities that enable 

cooperation between experts and practitioners across education (Bidandi et al., 2022). However, 

these entities are yet to align their efforts to support the upliftment of technologies that require 

expertise from systems-based education researchers (Kezar, 2005). At the moment, systems-based 

thinking and systems-based research is in a deficit (Monat et al., 2020; Majeed et al., 2022). The 

lack of systems-based research has led to the development of technologies and processes that do 

not form part of a larger system, and as a result, are harder to scale. Frameworks are harder to 

implement because domain specific experts are not always informing the system level engineers 

innovating such technologies (Conboy and Carroll, 2019). As a result, system level thinking is 

required within the education domain. Therefore, it is imperative for education researchers to 

collaborate with experts in systems theory, data, and computer sciences, among others.  

 

In addition to these factors, there are challenges associated with the data needed for developing 

student interventions (Combrink et al., 2023). Currently, there is no centralised repository that has 

a consolidated consensus based on the success of student interventions. For example, just like 

health sciences as a faculty has a consensus and methodological techniques to ensure that a specific 

intervention assists a particular health outcome, so too should education interventions be decided 
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upon based on evidence, context, and informed by expertise. This type of domain-specific 

knowledge will not only become important for people building AI systems, but will, in part, be 

vital for the development and deployment of such systems within the South African context and 

elsewhere.  

 

As such, systemic interventions require an understanding of the context, landscape and available 

interventions within education to be successful. To implement these within an autonomous system 

requires further understanding into how the system itself will behave over time, to what extent the 

system will adapt, and what the impact of changes in the data would mean to the effectiveness of 

implementing such a system. To overcome these challenges, the use of autonomous learning 

technologies may pose a solution because such a technology needs to learn from a specific context 

and apply what it had learned from the context within a particular environment (Han, 2019; Fierro-

Saltos et al., 2020; Kang, 2021). As such, the use cases, environments and interventions will differ 

from one institution to the next, but the overarching framework to learn from these contexts will 

be similar. To identify an overarching framework for South Africa, the basic and higher education 

system first needs to be contextualised. In the context of South Africa, the education system faces 

a variety of challenges, and in the next section, some of these will be outlined.   

 

2.4 Basic education in South Africa 

2.4.1 Outline of the basic education system 

The basic education system in South Africa follows a 12-year curriculum ranging from grade 1 to 

12 (Maddock and Maroun, 2018). Each year increases in complexity, as students move through 

the different phases associated with basic education. The three phases of basic education are the 

foundation phase (grades 1 – 3), intermediate phase (grades 4 – 6), and senior phase (grades 7 – 

9). The later grades in high school from grade 10 onwards are known as the further education and 

training phase and is sometimes grouped into the senior phase in discussion. Each grade takes 

approximately 10 months to complete over a 12 month period (including holidays), and the school 

curriculum typically starts at grade 1, the year the student turns 7 years of age (Hart and Laher, 

2015).  
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In South Africa, the Gini coefficient – a measurement of wealth inequality – is one of the highest 

in the world (Posel et al., 2020). This indicates that there is a significant wealth divide within the 

society, which can also be a sign of widespread poverty. As a result, the education system too has 

a divide in terms of the poverty and wealth distribution within the education system itself (Francis 

and Webster, 2019). To address the needs of schools with varying levels of financial resources, 

the government uses a quintile system on a scale of 1 to 5 to classify schools based on their 

financial and socioeconomic needs. In South Africa, the quintile system can be used as a proxy to 

outline this wealth divide within the education sector and illustrate to what extent the sector is 

divided based on this wealth gap. Quintile 1 schools require the most support as they are typically 

located in areas with poor infrastructure and lack specialised educators. In contrast, Quintile 5 

schools have little to no state support and rely on third-stream income to cover operational costs 

and salaries of educators (Ogbonnaya and Awuah, 2019). One major difference between quintiles 

is the level of autonomy that school management has in implementing changes to the education 

system. Quintile 1 – 3 schools are heavily reliant on government policy and teaching 

implementation plans. In contrast, Quintile 4 and 5 schools have more autonomy and can procure 

additional tools and technologies to support teaching and learning, as long as they meet basic 

policy requirements (Sayed et al., 2020). 

 

This creates a disparity in access to technology and digital devices for students in different 

quintiles. Students in Quintile 4 and 5 schools are more likely to use digital devices as part of their 

daily learning or have access to them at home, while students in Quintile 1 – 3 schools may have 

limited access to functional computers within the school context, and a virtually non-existent 

digital asset based at home apart from a smart phone (Makalima et al., 2023). Although the 

landscape of the digital divide in South Africa is slowly changing, there are still significant 

challenges that need to be addressed in relation to access to educational technologies. Another 

major difference between quintiles is the ability of schools to incorporate new curricula. Quintile 

4 and 5 schools can usually afford to pay for additional skills such as data science, robotics, and 

analytics, which exposes students to more diverse subject areas. In contrast, Quintile 1 – 3 schools 

may not have the resources to incorporate additional subjects into the curriculum (Maistry and 

Africa, 2020). 
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There is also a significant difference in the home environment and level of support for learning 

outside of school (Venter, 2022.). Students from Quintile 1 – 3 schools are more likely to come 

from families where the guardians are part of the general labour force and may be illiterate, which 

can limit their ability to reinforce knowledge and upskill their children at home. In contrast, 

students in Quintile 4 and 5 schools are more likely to come from families in urban areas with 

higher levels of education and may have access to additional resources outside of school (Hossain, 

2021). The quintile system is an attempt to provide support to schools with varying levels of 

financial resources, but it still creates significant disparities in access to resources and 

opportunities for students. The population densities also differ between the different provinces in 

South Africa, of which there are nine (Deumert, 2010). Depending on the population differences 

between the provinces, the relative number of students within each province per quintile does 

differ. Approximately 87% of the schools in South Africa can be classified as Quintile 1 – 3 schools 

(Motala and Carel, 2019). Certain provinces, like the Eastern Cape and KwaZulu-Natal have a 

disproportionate number of Quintile 1 – 3 schools as compared to the number of Quintile 4 and 5 

schools. 

 

The education outcomes related to the overall pass rate, and the academic averages, the student 

throughput and retention rates among Quintile 1 – 3 schools, are significantly lower than Quintile 

4 and 5 schools. This creates a further divide in terms of the level of education, and this lack of 

quality education impacts the students entering higher education (Van der Berg, 2008; Burnett, 

2021). In the next section, some of the challenges entering higher education from the basic 

education system will be outlined. 

 

2.4.2 Challenges in higher education in South Africa based on basic education 

In the context of this study, higher education includes all tertiary education institutions ranging 

from small private education institutions to large universities within South Africa. Due to the 

challenges students face in the basic education system, by the time they enter higher education, 

there are shortcomings in their ability to transition to the new environment (Mgaga and Scholes, 

2019). This is further amplified when comparing a student who came from a Quintile 1 school and 

a student who went through a Quintile 5 school environment (Pellicer and Piraino, 2019). As a 

result, there are several interventions that higher education institutions have implemented to 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 

21 

 

address these challenges, like sufficient orientation programmes, first-year seminars, summer and 

winter schools, as well as capstone subjects prior to university (Strydom and Loots, 2020). 

 

Despite these initial strategies, student throughput and retention rates are still problematic (Olivier 

et al., 2020). Due to this, several studies have been conducted to investigate ways to improve 

student success, including the promotion of student engagement, the types of academic and non-

academic support that may be provided to students, as well as the potential impact of these 

interventions on academic success (Bond et al., 2020). For example, studies have been conducted 

to investigate the comparative effect and impact of a shift in policy, mentoring, and peer support 

on student throughput and retention rates (Cranfield et al., 2021; Wang and Hofkens, 2021). As 

promising as these studies are in illustrating a measurable effect between a student intervention 

and an increase in student success, the exact contribution of the intervention to student success 

will vary among individuals from different contexts (Brewer et al., 2019). This is also further 

complicated when assessing the same intervention between students who are studying different 

subject matter, have different socio-economic statuses, and who have different levels of emotional 

maturity, to name only some factors (Gallagher and Savage, 2020). As a result, interventions to 

assist student success are institution-specific and need to be investigated based on the needs of the 

students and the challenges they face. To advance research in this field thus requires an 

understanding of the available data and the challenges that different students face.  

 

This data needs to be freely shared and made freely available in order for researchers to be able to 

use sophisticated technologies that use machine learning, for example, to identify and recommend 

interventions to students. Unfortunately, the current data sharing policies, Protection of Personal 

Information Act (POPIA), and data transfer agreements between institutions, researchers and 

policy makers are very strict, and the rate of these investigations, the red tape surrounding such 

investigations, and the solutions to assist students are very difficult to implement (Malherbe, 

2021). In the next section, data sharing challenges within South Africa to conduct research 

investigating student interventions will be outlined. 
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2.5 Challenges in data sharing in education 

Access to data can be complicated because different countries and academic institutions have 

varying policies and regulations. The General Data Protection Regulation (GDPR) in Europe has 

faced criticism from researchers because of the confusion it creates regarding consent and data 

sharing (Jia et al., 2021). This leads to conflicts between regulations and research ethics because 

the importance of understanding the context surrounding different research entities, including 

those that are involved with human participants' demographics, gender, lifestyle, diet, and general 

behaviour, is emphasised in these debates (Gefenas et al., 2021). Some researchers are therefore 

hesitant to share data due to the possibility of violating GDPR which will lead to severe legal 

consequences (Combrink et al., 2023). 

 

Similarly, South Africa has implemented protection legislation, POPIA, and ethical policies to 

safeguard personal information (Konig, 2021). In higher education, these policies are under strict 

control and significant legal accountability measures have been put in place, such as the clear 

consequences to data owners, data custodians, and data handlers should there be a breach of any 

kind regarding the data (Swales et al., 2022). At its core, POPIA provides protection for distinct 

personal information, including race, ethnic origin, political persuasions, and more. However, 

concerns have been raised regarding potential conflicts with existing data protections and research 

ethics as the fear leads to a lack of data sharing, which in turn makes researchers reluctant to engage 

with research involving such data. Some researchers have argued that POPIA is a positive 

development for data privacy as it places restrictions on the distribution and sharing of data, which 

affects access to and sharing of data (Adams et al., 2021). This may compromise the practice of 

data sharing without affecting the generation of deidentified data. There also exists a lack of 

certainty over what type of data may and may not be shared, even in the event of informed consent. 

For example, under the regulations, a participant may have the right to withdraw their information 

from the study at any point. However, in certain instances, this becomes very difficult if, for 

example, images are used as training data and the models as well as the training data were made 

publicly available. Therefore, although the strict regulations are intended to safeguard personal 

information and protect members of the public from potential exploitation, the innovations and 

research that require training data are stifled.  
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The importance of the training data is not to have data that can link to a specific individual, but 

rather to serve as the training data to perform a specific machine learning task, such as a 

classification task. For this type of classification, personal information such as the name or student 

number, or contact information of the person, is not important (Chandler, 2020). The argument is 

that some of these policies and regulations impose restrictions on data access and sharing, delaying 

academic research, especially in areas that require large amounts of training data, such as machine 

learning for educational research (MLER). Other fields that require significant amounts of data to 

develop innovative technologies are also affected. Furthermore, the type of data publicly available 

cannot be used as training data as the information is either presented as meta-data and what is 

required for MLER is raw data, in many instances (Combrink et al., 2023). Furthermore, the 

dataset required for MLER varies depending on the context of the research being conducted, but 

in most cases, anonymity of the research participants is maintained. For example, if the research 

is focused on predicting a student's academic performance, the required dataset typically consists 

of student grades, attendance, and other variables collected, without revealing their identities, 

while adhering to POPIA. The challenge comes in with the data collection itself as the triangulation 

of the data, prior to the research, requires the context and unique identities of the students. This 

means that there will be a process of unmasking and masking to get the training dataset ready 

(Kaneko and Bollegala, 2022). Unfortunately, there is no universally accepted masking and 

unmasking policy specific to the sharing of higher education data in South Africa (Uleanya and 

Ke, 2019).  

 

Similarly, if MLER aims to automate assessment methods, the dataset required includes answers 

and scores, without disclosing the identities of the students (Luan and Tsai , 2021). In this instance, 

there will also be a need to unmask and mask the data prior to the training dataset used in the 

MLER, but for the MLER itself, personal information is not required. However, what this masking 

and unmasking entails and what the correct procedures are in handling this information is still not 

known. Another challenge with data sharing is the vague interpretation and implementation of 

these regulations on international entities that have an operational function on learning 

technologies, such as learning management systems. 
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Blended learning is an integral part of higher education, exacerbated by the COVID-19 pandemic 

(Rasheed et al., 2020). Institutions of higher learning had to shift to a combination of synchronous 

and asynchronous learning (Ogbonna et al., 2019). This meant that more teachers and lecturers 

had to incorporate the use of learning management systems and other technologies to integrate and 

share content to their students. The challenge is that most of the organisations that own the software 

have an almost unrestricted access to the data, allowing them to analyse and even sell data to 

improve user experience. The regulation of this is highly complex as auditing this information is 

very difficult. This concept is not just applicable to learning management systems but also any 

internet-compatible devices or software (Combrink et al., 2023).  

 

To overcome these challenges, synthetic data may pose a solution (see Chapter 3). It is therefore 

important in the creation and motivation of a framework that deals with systemic interventions that 

synthetic data, the system itself, as well as the system-to-system level interactions consider the 

level of abstraction required for the framework to be a representation of the complex system. It is 

for this reason that, to conceptualise a generalisable framework, these contexts are incorporated 

and that this level of abstraction is required. In the next section, the proposed framework for this 

study will be outlined. Each component of the framework represents a different context to be 

explored in the dissertation.  

 

2.6 A framework for human-machine student interventions in higher education 

Consider that an intervention recommended by a system is bound by a starting time, data 

collection, and a subsequent recommendation (Collins and Cockburn, 2020). In other words, if an 

autonomous system makes a recommendation, the former requires context in the form of data 

collected for a specific period of time, bound by the context of the intervention. For example, data 

collected within the first week of university will work well for an at-risk prediction within the first 

week but might not be relevant for an event a year later. Subsequently, there are several variables 

that may have an impact on the overall academic success of the student despite the time it is bound 

by, such as comprehension in the language of instruction (Xie and Curle, 2022). In different 

studies, it has shown that a mastery of the language of instruction is linked to comprehension, and 

as a result, linked to overall academic performance (Cervetti and Hiebert, 2019; Jackson et al., 

2020). There have also been studies associating this level of comprehension with abstract concepts 
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such as mathematics, further strengthening the argument that there is prior knowledge that has an 

impact on the overall academic performance of a student (Leung et al., 2019; Stoffelsma and 

Spooren, 2019). Some of the interventions would thus require a specific amount of data prior to 

the recommendation itself being made.  

 

Not all recommendations would require the same amount of context; as a result, there is a time 

step attached to a recommendation within the context of higher education data. That time step 

indicates which data should be collected during this time for the proposed intervention. If we draw 

on the theory of systemic intervention, as outlined earlier in section 2.1, the purpose of proposing 

an intervention within a system draws on the boundaries that delineate the system (Midgley  and 

Rajagopalan, 2020; Midgley and Lindhult, 2021). It is for this reason that the time bound step is 

also associated with the parameters of the data collected within this context so that all the 

information is bound by a significant and intentional time, signify a specific set of variables from 

within the system, and that the intervention is specific enough to be recommended within the 

context of the entire system (Figure 2.8). 

 

 

Figure 2-5 Time dependency of interventions 

Given that a time dependency is associated with an intervention, interventions need to be 

customisable depending on the time associated with the intervention, because the impact and the 

value of the intervention might change over time (Foote et al., 2021). For example, if a new 

alternative with higher impact on student success for a tutorial programme is discovered, the 

system would need to be adaptable enough to factor in these new parameters without having to be 
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reconfigured. Drawing from the context outlined in this chapter, an autonomous human-machine 

intervention framework requires raw data to start the process. This is justified as the raw data for 

every context will be different, and a “one size fits all” dataset to generating synthetic data will be 

detrimental as contextual information will be lost. It is therefore important that any framework 

intended to consider context, and learn from a specific environment, will require datasets from that 

environment, for that environment.  

 

Next, to handle the vast amounts of data required to effectively implement MLER as well as 

mitigate the risks associated with breaching personal data, synthetic data is required to be 

generated. The synthetic data needs to contain a target variable, otherwise called a class variable, 

that considers the outcome of a particular student. This class variable will then be used as a label 

for such a system to start the intervention process. What is important is that the class variable 

association is performed on the synthetic data as well. Once a class variable is assigned to the raw 

and synthetic data, all models require an evaluation process to determine to what extent the 

classification of the class variable has been conducted. Thereafter, the accuracy of these models in 

terms of generating the data need to be determined.  

 

To generate synthetic data for education is not yet common practice, and this will be explored in 

the next chapter. Once the initial steps have been completed to identify the time, collect the data, 

generate the synthetic data, and label the data with a class variable, the way in which the system 

learns over time needs to be explored. Once this information is complete, the correctly labelled 

student information may enter a system that can learn over time (Figure 2.9).  
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Figure 2-6 A proposed human-machine student intervention framework for higher education 

A vital component of this framework is to incorporate a complex systems approach to 

understanding the impact of testing such a system. Firstly, it is important that such a framework is 

not concerned about a specific intervention, but rather, whether the system can label an 

intervention that works, and identify it from an intervention that does not work. Another important 

difference is assuming that not all interventions will impact the students in the same way. This 

means that the framework and the subsequent experiments to measure the framework should factor 

in the important contexts of the system. The last factor for such a system is to incorporate the 

human-machine part of the framework. It is assumed that at each part of the system from the 

priming to the setup of the system, as well as assessing which intervention best fits a problem, that 

human input will be required. This input is vital for the contextualisation of the framework across 

various contexts. This thesis will thus be concerned with the approach used and each of the 

experiments are intended to provide clarity on the particular process within the framework. 

 

2.7 Conclusion 

The purpose of this chapter was to outline the human-machine student intervention framework for 

higher education. This chapter also served to provide a high-level overview of some of the most 

pressing system-level challenges faced in this domain, including data sharing, a need for 

contextually relevant data, and an approach that studies education, rather than the specific 

interventions itself. This chapter also serves as the theoretical backbone for the rest of the thesis in 
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terms of the principles outlined. Although education researchers are exploring a variety of different 

approaches influencing student throughput and retention rates, there are still gaps associated with 

the types of interventions that can specifically impact student success. In addition to this, the focus 

of this work addresses the gaps associated with system-level approaches in higher education. In 

the next chapter, synthetic data generation and its evaluation will be explored. 
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CHAPTER 3 SYNTHETIC DATA GENERATION 

AND ITS EVALUATION FOR 

EDUCATION TABULAR DATA 

3.1 Introduction 

The contribution of this chapter is to generate synthetic tabular data using a Bayesian Network 

(BN) and a Generative Adversarial Network (GAN), and to use different evaluation metrics to test 

the utility of the synthetic data using various machine learning classification tasks, which has not 

yet been done for the education context. To address this aim, the following objectives were set out: 

1. To generate synthetic education tabular data using both a GAN and two BNs; and 

2. To measure utility of the original and synthetic data using machine learning classification 

tasks. 

 

The work in this chapter came from the research output Combrink et al., 2022a. In the sections to 

follow, machine learning, deep learning, probabilistic models and the different types of evaluation 

criteria will be explained.  

 

3.2 Overview of synthetic tabular data 

Synthetic data is information that has been computationally generated from a pre-existing dataset 

(Figueira and Vaz, 2022). Tabular data is a common data type consisting out of any number of 

samples in the form of rows, and features in the form of columns (Shwartz-Ziv and Armon, 2022). 

In the context of tabular structured data, there are several use cases were generating and using 

synthetic data can speed up the rate of digital innovation and collaboration in the education domain 

(Vie et al., 2022). In addition, synthetically generating tabular data in the context of education can 

help overcome some of the challenges associated with data sharing in higher education institutions 

(HEIs), particularly in South Africa, where privacy laws and regulations may limit the sharing of 

personal information (refer to data sharing challenges discussed in Chapter 2).  

 

Education data often contains sensitive information, such as students’ names, addresses, and 

academic records, which must be protected by law. Synthetic data therefore provides a way to 
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create representative datasets that can be shared without violating privacy laws or risking the 

exposure of sensitive information (Ghatak and Sakurai, 2023). Furthermore, synthetic data is also 

useful in use cases where existing data may be hard to come by. Once generated, synthetic data 

can be used to conduct experiments without the need to go through extensive gatekeeping 

mechanisms to perform the necessary research. This allows for the development of scalable 

solutions that require large datasets, making it possible to conduct research on systems that can 

process large amounts of information. Another important factor to consider is that data must be 

grounded in reality, otherwise the research findings may not generalise to real data, and its 

application with real-world context.  

 

The education context involves collecting and using various types of information, such as student 

demographics, academic performance, attendance, and course enrolment data, among others. One 

of the most commonly used information types in this setting is tabular data that contains some of 

the aforementioned information (Grundkiewicz et al., 2019). Synthetic education tabular data is 

thus a valuable tool for all types of education researchers, including data analysts, policymakers, 

entrepreneurs, and machine learning and/or software engineers innovating technologies in this 

domain. However, as outlined in Chapter 2, there are gaps and obstacles involved in working with 

the data available for education research – specifically machine learning in education (MLER) – 

and synthetic data can help alleviate this problem. As mentioned, synthetic data is also useful when 

large amounts of information are required for a specific computational model to work, and more 

so when the data are not readily accessible or behind a wall of red tape (Cheng and Yu, 2019). In 

the sections to follow, the ways in which synthetic data can be generated and how the utility of 

synthetic data can be evaluated will be explored. 

 

3.3 Generating synthetic data 

3.3.1 Machine learning 

There are several ways to generate synthetic data, such as by learning the parameters of a 

generative model, and then sampling once these have been learned, as in supervised learning 

(Dahmen and Cook, 2019). Supervised learning algorithms are systems where the input and output 

data are provided for a specific context (van Engelen and Hoos, 2020). This means that the 

information is already in a computer-readable format and labelled within the given context. In 
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supervised learning, the labelling especially plays an important role in stratifying the information 

into what is referred to as a training and testing set. The training set is the information from which 

the model learns the features of the dataset in order to apply them to the test set in a very specific 

way. Supervised learning makes use of the idea that the training data are complete, and the context 

of the training data is applied to a test dataset. Simply put, if researchers want to use a supervised 

learning approach to solve a problem, then they will need to have data on the problem and data on 

the use case they want to apply the supervised learning problem to (Muhammadb and Yan, 2015).  

 

One of the subsets of machine learning (ML) is supervised learning classification. ML 

classification is a supervised learning task where the model aims to label a new datapoint within a 

dataset based on prior context gained from the training data (Kotsiantis et al., 2006). For instance, 

a ML classification task can be used to classify a set of variables with an unknown class variable, 

based on context gained from complete data from a different dataset. Examples of ML 

classification tasks include classifying whether a student will pass or fail, based on variables within 

the dataset. Additionally, because supervised learning is a form of ML, it can also be used to derive 

context if there is potential conditional interdependence leading to utility of the synthetic data 

(Samitas et al., 2020).  

 

Conditional interdependence refers to the relatability between variables within a dataset and how 

strong the associations between data in a dataset are (Cruz and Wishart, 2006; Montaño-Gutierrez 

et al., 2017). By using this context, ML can be used to determine a form of utility in the underlying 

variables by evaluating the performance of the model on the synthetic data (Smith et al., 2020; 

Watzel et al., 2020; Zhang et al., 2020; Topuz et al., 2023; Buggineni et al., 2024). If the 

performance from the classification was high, a high degree of interdependence was present 

between the variables as the model learned from the training data. There are thus a variety of 

problems that can be solved with this approach, but in this context, classification is important 

(Birhane, 2021; Li et al., 2022). Table 3.1 illustrates some algorithms commonly used in 

classification problems.  
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Table 3-1 Commonly used classification algorithms and their functions 

Name of Algorithm Example 

Logistic Regression (LR) Using logistic regression to detect students at risk of failing. 

Decision Trees (DT) Applying decision trees to detect student dropout profiles. 

k-Nearest Neighbours (kNN) Using k-nearest neighbours to classify student cohorts. 

 

Classification is the ability to label a subset of data points within a dataset into a class or group. 

There are several types of ML algorithms used for classification tasks, each with their own 

limitations and underlying processes. The correct algorithm needs to fit the correct problem, and, 

at times (with each dataset), it may be challenging to define the details as to which algorithm fits 

the solution to the problem in the best possible way (Lee and Shin, 2020). Different types of ML 

algorithms commonly used in classification tasks will be outlined next. 

 

3.3.1.1 Logistic Regression 

Logistic Regression (LR) is a statistical method widely employed in machine learning to predict 

the probability of a categorical dependent variable, based on one or more independent variables 

(Alsariera et al., 2022). The dependent variable in LR is categorical, meaning it can take on a 

limited number of discrete values. These values often represent different categories or classes, and 

their nature may vary across datasets and use cases. The fundamental output of LR is the 

probability that a given set of variables belongs to a particular class, typically denoted as 0 or 1 

(Dreiseitl and Ohno-Machado, 2002). This characteristic makes LR particularly suitable for binary 

classification tasks. For instance, in an educational setting, LR could be utilized to predict whether 

a student is likely to pass or fail based on various factors such as attendance, grades, and study 

hours. LR accomplishes this classification task by computing probabilities using a sigmoid 

function (Alloghani et al., 2020). The sigmoid function, also known as the logistic function, maps 

any real-valued number into a range between 0 and 1, making it ideal for interpreting the model’s 

output as a probability. The mathematical representation of the sigmoid function is as follows 

(equation 3.1): 
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𝑓(𝑥)  =  
1

1 +  𝑒−𝑥  
  , 

(3.1) 

 

 

where 𝑓(𝑥) is the sigmoid function used to determine the probabilities within the function. The 

exponential term 𝑒 is the base of the natural logarithm, and the negative sign ensures that the 

function maps high positive inputs to values close to 1 and high negative inputs to values close to 

0. This property of the sigmoid function is crucial for the binary classification capability of LR. 

The sigmoid function has a distinct sigmoid curve, often called the S-curve (Assuah et al., 2022). 

The curve of the function is a visual representation of how the function maps a real number 

between 0 and 1. To this extent, the sigmoid function is non-linear (Cawley et al., 2006). This 

property allows for the mapping of more complex functions, beyond linear associations. (Figure 

3.1). 

 

 

Figure 3-1 Illustration of logistic regression S-curve 

As mentioned earlier, the sigmoid function transforms numerical values (in this case, the 

independent variables) into an expression of probability as a value between 0 and 1 (Chi et al., 

2021). This transformation is crucial in determining the class of a given value. To distinguish if a 

certain value belongs to 0 or 1, a certain threshold is introduced (Date et al., 2021). In the context 

of LR, this threshold divides all data into two groups, labelled as 0 or 1. For instance, if the threshold 
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is set at 0.6, values below 0.6 are assigned to class “0”, while those above are assigned to class “1” 

(Jadhav et al., 2020).  For example, if the threshold value is 0.6, then everything below 0.6 would 

be ascribed to “0”, and everything above 0.6 would be assigned to the “1” class. The sigmoid 

function thus maps a real value to a value between 0 and 1 based on the features within the data 

(Heinze-Deml and Meinshausen, 2021). Then, a decision is made as to which class will be assigned. 

To this extent, the LR algorithm predicts the probability of data points belonging to a particular 

class variable, based on the feature variables converted to a probability (Lee and Shin, 2020). 

Another important concept in LR is weights and bias which are learned from training data. This is 

done through a cost function, which is a measurement of how close the models predictions are to 

the actual outputs. For an LR, a logarithmic function is used to represent the cost (Cawley et al., 

2006). By using a logarithmic function allows the algorithm to make use of gradient decent, an 

optimisation algorithm that finds the optimal output. Once the cost function is known, the weights 

and bias are factored into the gradient decent to minimise the cost and maximise the best parameters 

for making the prediction. The term weight in the context of a LR is represented by a real number. 

Each weight is associated with a specific input feature in the dataset, influencing the impact of that 

feature on the predictive model’s decisions. In the context of tabular data, the features would be the 

columns representing different variables within the dataset. Weight in this instance thus defines the 

importance of a particular variable to the classification decision (Muhammad and Yan, 2015). On 

the other hand, bias, also referred to as the intercept, is also a real number which is added to the 

weighted inputs. The trade-off between weights and bias in LR establishes the probability of a 

specific input’s association with a particular class variable. During training, LR weights assess the 

impact of individual features, and bias informs the adjustment to the different predictions.  

 

The concept that influences the model coefficients of an LR is the maximum likelihood estimation 

by a generalised method least square. Maximum likelihood is calculated using multiple estimations 

of all regression coefficients (Yağcı, 2022). This maximum likelihood estimation effectively 

transforms the LR from a logistic model to a linear model. An Odds Ratio (OR) is introduced into 

the model, which quantifies the likelihood of an event occurring in one class compared to another, 

making it suitable for binary classification tasks (Dreiseitl and Ohno-Machado, 2002). The OR 

represents the number of times the probability of a specific event will occur given an increase or 

decrease in the unit change of an independent variable(s). In this context, if the OR is above a certain 
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value, it is assumed that the probability of a change in the dependent variable due to a change in the 

independent variable is more likely (Zeineddine et al., 2021 Conversely, if the OR is below a certain 

value, it represents the probability of a decreasing change due to an increase in the independent 

variable. A confidence interval (CI) is calculated for each predictor used, creating a range with an 

α probability. The linear combination can be defined as (equation 3.2): 

 

 

𝑧 =  𝑋 ∗  𝑤 +  𝑏  , (3.2) 

 

 

where X is the input features corresponding to a datapoint, w the vector corresponding to class 

labels, b the bias term as a scalar value, and z the linear combination of features and weights. Then, 

the cost function is to be determined. There are several types of cost functions, but for LR, different 

kinds of logarithmic functions may be used. Then, a gradient decent optimisation algorithm is used 

to determine the gradient of the cost function with the current weights and biases. Thereafter, the 

weights and bias are updated. The two hyperparameters that are set initially in LR is thus the α and 

n. A loop is introduced, until n where the linear combination and sigmoid function are calculated. 

The α is used to determine the gradient of the cost function, in the context of the weight and bias, 

respectively. The overarching algorithm of a LR is summarised below (algorithm 1).  

 

Algorithm 1: Logistic Regression 

1. Initialize w and b 

2. Set α and n 

3. For i in 1 to n 

4. For each training example (x, y): 

5. Calculate linear combination: z = X * w + b 

6. Calculate sigmoid function: 𝑓(𝑥)  =  
1

1+ 𝑒−𝑥  
 

7. Determine cost function using the maximum likelihood estimation 

8. Calculate gradients of the cost function (α) 

9. Update weights: w ← w − α 

10. Update bias: b ← b − α 

11. End for 

12. End for 

13. Calculate OR 
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The LR algorithm is iteratively executed until a predetermined number of instances have been 

completed. Upon the completion of the training phase, the model, now equipped with learned 

parameters, is capable of classifying new data points based on the features of a class variable. To 

illustrate the application of LR in an educational context, consider a binary classification task. This 

task uses features, which in the case of tabular data, are represented by the columns in the dataset. 

The classification task aims to categorise a student into one of two categories (pass or fail), based 

on these features. For this specific task, let’s assume that the classification is determined by 

whether a student passes or fails and that this is the outcome variable for the classification task. 

The model is then provided with training data, which in this instance, is a tabular dataset with 

known outcomes corresponding to the features. This methodology allows for the prediction of a 

student’s success or failure based on various factors such as attendance, assignment grades, and 

participation in class discussions. The model can then be used to inform interventions or support 

strategies to help students who are predicted to struggle. A practical example of the use of LR in 

education was conducted by Assuah et al., (2022). Next, k-Nearest Neighbours as a classifier will 

be explained. 

 

3.3.1.2 k-Nearest Neighbours  

k-Nearest Neighbours (kNN) as an algorithm can be used for classification tasks (Cunningham 

and Delany, 2021). Similarly, to LR, kNN as a supervised learning algorithm is feature based, 

which means it relies on features extracted from the input data to perform the classification task. 

kNN, however, differs from LR in some of the following significant ways. Firstly, kNN measures 

similarities between features in the underlying data to make predictions on which class a set of 

features belongs to, whereas LR makes use of weighted sums to calculate the probability of 

features belonging to a specific class. Secondly, the decision boundaries for kNN are non-linear 

and are based on the distribution of datapoints, whereas LR’s decision boundary is based on a 

linear function of the features (Zeineddine et al., 2021). Finally, another major difference between 

kNN and LR are that the hyperparameters differ where LR is concerned over α and N and kNN 

uses the number of neighbours (k) and a distance metric (measured in Euclidian distance in a 

feature space). Due to the differences between kNN and LR, an assumption cannot be made as to 

which algorithm would work best for a particular dataset without testing. For example, while kNN 

might be more suitable for datasets where the information is non-linear and the relationships 
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between the underlying data might be more complex, LR is more suitable for datasets with a lot 

of noise and outliers (Cunningham and Delany, 2021). With kNN, features are presented in a 

feature space, and the distances between the spaces are mapped using Euclidean distance in the 

feature space. The expression of these distances can be calculated based on the relative proximity 

of the datapoints and the labelled class variables (algorithm 2). 

 

Algorithm 2: k-Nearest Neighbour 

1. Initialize dataset, query point, k 

2. Set X, Y, x 

3. Calculate the distance between the query point and each data point in the dataset: 

4. For i = 1 to m do 

5. Compute Euclidean distance 𝑑(𝑦, 𝑥)  

6. End for 

7. Sort the Euclidean distances in ascending order to find the nearest neighbours 

8. Select the k data points with the smallest distances to the query point 

9. Determine the most frequent class label among the kNN 

10. Return the majority class label as the predicted class for the query point 

 

In algorithm 2, a set of labelled data points are presented in a feature space, each data point 

representing different features and a specific class label. The set variables for kNN can be defined 

as X, Y, x  where X represents the training data, Y represents the labels given to the data, and x 

represents the unknown sample. The query point is the specific data point for which a class label 

should be determined. The value of k represents the number of neighbours to consider, given the 

query point. Distances in the algorithm refers to the Euclidian distance in the feature space, 

measured in units between the query point and all the data points within the given dataset in the 

function. The nearest neighbours are the Euclidean distances between the data points within the 

dataset, within a list, sorted in ascending order. The kNN are the closest k data points to the query 

point. Then finally, the class label is the label that appears most frequently within the number of k 

to the query point. kNN provides a simplified solution to classifications but may also be 

computationally expensive when large datasets are used (Figure 3.2). 
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Figure 3-2 Illustration of a kNN classification based on Euclidian distance 

In the context of ML classifications, there are several other types of classifiers and classification 

algorithms, of which a decision tree in the context of a classification task will be discussed next. 

 

3.3.1.3 Decision Tree 

A Decision Tree (DT) is a non-parametric supervised learning method that can be used for 

classification tasks (Kadiyala and Kumar, 2018). A DT performs by partitioning a dataset into 

smaller subsets of data, based on features. These subsets are then further stratified into smaller 

subunits based on features. Each split is known as a node, branch, or leaf. A node is the point by 

which a dataset is divided into its subset of data. The function of the DT is to choose the best split 

in the data at each node (Magee and de Weck, 2004). When a branch is split at a node, the resulting 

branches result in leaf nodes which represent the various types of predicted labels (Figure 3.3). As 

illustrated in Figure 3.3, the different colours represent different class labels, and the decision to 

split the tree is based on features within the data. 

 

 

Figure 3-3 Illustration of a Decision Tree algorithm subdividing datasets. 
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There are similarities between a DT and LR in that both are supervised learning algorithms, and 

both can provide insight into feature importance. In the case of LR, larger weights to features can 

indicate stronger feature influence, and with DT, features appearing near the top of the tree are 

used for early splits, and on average, are more important features in the dataset. Despite these 

similarities, there are significant differences between the two. Firstly, the model structure between 

a DT and LR is different. A DT makes decisions based on the values of features, whereas LR uses 

a linear combination of features which is converted to a logistic function producing probabilities 

on which the LR performs classifications. Secondly, similarly to kNN, DT is sensitive to outliers 

which may create bias splits in the trees (Bhattacharya et al.,2017). Ultimately, a DT algorithm 

functions by dividing the data into smaller and smaller subsets until a specific stop criterion is met 

(algorithm 3).  

 

Algorithm 3: Decision Trees 

1. Initialize dataset, features for class k, target features 

2. Set X, Y, x 

3. Select the best feature to stratify the dataset into smaller subsets of data based on the 

features associated with the class variable 

4. Create a decision node for the selected feature by finding the discrete function 𝑓(𝐴) 

5. If the splitting metric > threshold, then label Y as 𝑓(𝐴) 

6. For each outcome of 𝑓(𝐴): 
7. Create subtree = subset of X, Y, x 

8. Connect the node for to a subtree  

9. End for 

10. End if 

11. Create the subsets of data based on the feature's values 

12. For each subset: 

13. Attach the resulting subtree to the decision node created in step 6 

14. End for 

15. Return the decision node 

 

In algorithm 3, the dataset represents the training data, where each point contains information on 

the features and a specific class variable. The features in this instance are used to determine the 

subsets of the data. Thereafter, algorithm 3 makes use of the feature context to determine the target 

feature and decide based on the partitioning of the data into its smaller subsets (splits). A stop 

criterion is implemented so that the loss at each node is minimised. Each node of data is split into 

two, and the decision to choose a specific child, or sub-node of information, is based on features 
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in the data. In the instance of the algorithm, X represents the training data, Y represents the labels 

given to the data, and x represents the unknown sample. The decision to use these three algorithms 

was based on literature searches and it was concluded that these are the most commonly used for 

classification tasks of tabular data (Hagenauer and Helbich, 2017). It must be noted that identifying 

the specific algorithm to best fit a problem is an important task, but it was not the focus of this 

study. In ML classification tasks, the goal is to predict the class of an observation based on its 

features or variables (Tixier et al., 2016). To this extent, each of the aforementioned ML algorithms 

requires a class variable to learn from and apply the learned context to. However, to generate 

synthetic data, deep learning approaches have been favoured over ML approaches, which will be 

further explored in section 3.3.2. In the next section, the concept of a generative adversarial 

network in the context of deep learning will be briefly outlined.  

 

3.3.2 Deep learning and Generative Adversarial Networks (GANs) 

Deep learning is a subset of ML that makes use of artificial neural networks to process large and 

complex data sets (LeCun et al., 2015). Neural networks are designed to function similarly to an 

abstraction of the neurons in a functional human brain, by using an intricate network of nodes, 

linked together between different layers and connections to transform and analyse data (Dong et 

al., 2021). These aforementioned layers are hidden and consist out of a series of neural networks 

linked together to define the parameters. As data processing takes place, the information is 

transformed from one hidden layer to the next and the data are transformed. The final results is an 

output layer that provides the context of the process. As beforementioned, deep learning models 

typically have an input and output layer, with several hidden layers in-between the input and output 

layer (Ganaie et al., 2022). As information is passed through a deep learning algorithm, if the 

network was designed correctly and the problem is solvable, the information is passed between 

neurons and processed at each one, so that the hidden layers to provide information to an output 

layer (Figure 3.4).  
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Figure 3-4 Example of a neural network. 

By analysing the patterns and relationships within the data, deep learning algorithms can learn to 

accurately classify class variables within a dataset. Deep learning has been used in generating 

synthetic data because of its accuracy (Nikolenko, 2021). One of the most popular supervised deep 

learning models to generate synthetic data is the use of Generative Adversarial Networks (GANs) 

(Xu, 2020). GANs have been used to generate synthetic data, especially in creating large training 

datasets, and have been shown to work either very well, or not at all, at generating useful synthetic 

data for a specific task, such as ML classification using labelled training data (Engelmann and 

Lessmann, 2021). To this extent, the current use of GANs to generate synthetic tabular data for 

the education context is unexplored.  

 

GANs are a type of deep learning model that consists of two neural networks: a generator network 

and a discriminator network. Figure 3.5 displays the general architecture of a GAN. The process 

begins by generating random latent variables. These latent variables are not directly associated 

with any specific feature in the real data, instead, they represent different patterns that the generator 

can learn to map different datapoints. The generator then produces multiple instances of these 

variables based on their observed ranges. The discriminator receives both the simulated and 

original data, and its role is to distinguish between the two. The simulated and original data are 

passed through a condition function to evaluate the model’s ability to differentiate between them. 

The condition function represents a neural network which takes both the simulated and real data 

into account to evaluate the model’s capability to distinguish between the two, which assists in 

improving the model’s ability to distinguish between the synthetic and real data. If the 

discriminator classifies the data as synthetic, the synthetic data generation component of the model 
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is fine-tuned, and new synthetic data is produced and fed back into the discriminator. This iterative 

process continues until the discriminator cannot distinguish between the real and synthetic data 

produced by the model (Creswell et al., 2018). 

 

 

Figure 3-5 General structure of a Generative Adversarial Network (GAN). 

 

One commonly used method to train GANs is to minimise the Jensen-Shannon divergence, which 

is a statistical measure of the difference between two probability distributions (Lou et al., 2022). 

Specifically, in the context of GANs, the two distributions that are compared are the distribution 

of the original data and the distribution of synthetic data generated by the generator network. By 

minimising the Jensen-Shannon divergence between these two distributions, the goal is to make 

the synthetic data distribution as similar as possible to the original data distribution. This means 

that a representative sample of the original dataset needs to be used to generate a synthetic 

representation of the information. This also means that the similarity of the synthetic data will be 

based on the distance between the probability distributions between the original and synthetic data, 

indicating that their central tendencies will be similar. It also implies that the function of the 

discriminator network is to establish a Nash equilibrium between the two networks (Baasch et al., 

2021).  

 

If we consider a GAN, the Nash equilibrium refers to a state where neither the generator network 

nor the discriminator network can enhance its performance because neither can unilaterally 

improve on the performance of the model (Bynagari, 2019). Simply put, this state is reached when 

improvements of the synthetic data are no longer observed compared to the performance of the 
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original data. Ultimately, the objective of a GAN is to achieve this equilibrium, in which the 

generator produces synthetic data that is indistinguishable from the original data in terms of its 

probability distributions. If we consider that a generator network is (𝐺) and a discriminator network 

is (𝐷), we can write the notation as (equation 3.3):  

 

𝑚𝑖𝑛𝐺𝑚𝑎𝑥𝐷(𝑉)(𝐷,𝐺) = 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) [log(𝐷(𝑥))] + 𝐸𝑧~𝑝𝑧(𝑧) [log
(1−𝐷(𝐺(𝑧)))

], (3.3) 

 

where 𝐺 represents the output of the generator network, given input noise 𝑧, 𝐷 represents the 

output of the discriminator network, given the original dataset 𝑥, 𝑝𝑑𝑎𝑡𝑎 is the distribution of 

original data, and 𝑝𝑧 is the distribution of input noise 𝑧. In other words, in the context of a GAN 

the expression 𝑚𝑖𝑛𝐺𝑚𝑎𝑥𝐷(𝑉)(𝐷,𝐺) signifies the adversarial training between two neural networks, 

the 𝐺 and 𝐷. The 𝐷’s objective is to perfect its skill in distinguishing real data from synthetic data 

(Goodfellow et al.,2020). On the other hand, the 𝐺’s goal is to trick the discriminator by creating 

data that closely resembles real data. This competitive process continues in iterations, with both 

the generator and the discriminator improving over time. The generator becomes better at creating 

realistic data, and the discriminator improves at identifying real and generated data. The process 

ends when the generator produces data that is indistinguishable from real data, and the 

discriminator classifies all data as real with a certain probability (indicating it can no longer 

differentiate between real and generated data). The 𝑝𝑑𝑎𝑡𝑎 is expressed in a loss function and is the 

expected value of the logarithm representing the discriminator network output from the original 

dataset to categorise the original data as non-synthetic (Aggarawal et al., 2021). The 𝑝𝑧 represents 

the loss function of the synthetic data created by the generator network which promotes the 

production of synthetic data that is indistinguishable from the original dataset. The 𝑚𝑖𝑛𝐺 and 

𝑚𝑎𝑥𝐷(𝑉) function to minimise the weights of the loss functions for the generator network while 

the discriminator network updates its weights to maximise the weights for the same function. Both 

networks are trained simultaneously, and the function stops executing once the equilibrium is 

reached (Hong et al.,2019). Once the GAN is trained and the equilibrium is reached, the GAN can 

be used to generate large quantities of synthetic data based on the original dataset (Sarwat et al., 

2022). One of the advantages of a GAN is that it has been associated as a method to identify 

relationships between variables without statistically modelling them. In other words, the 
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relationships needed to generate complex data can be learned directly from the data itself. 

Furthermore, it has been shown that GANs can produce data that have an indistinguishable central 

tendency between the synthetic data and the original data. In the next section, balanced and 

unbalanced data will be outlined. 

 

3.3.2.1 Balanced and unbalanced data 

In a classification task, balanced data refers to a dataset in which the number of instances for each 

class is roughly equal or proportional (Cano et al., 2016). In other words, each class in the dataset 

has an equal or similar representation between the different classes. For example, if there is a 

tabular education dataset that contains 100 students, with two different classes, pass and fail, with 

their accompanying student performance data and half of the sample are students that pass, and 

the other half fail with a precise 50% split between pass (𝑛1 = 50) and fail (𝑛2 = 50), then one may 

consider the dataset balanced. If the dataset has an uneven distribution between the class variables, 

in this case, between pass (𝑛1 = 90) and fail (𝑛2 = 10), then the dataset is unbalanced. Balanced 

datasets are important considerations for certain classification algorithms, as well as for datasets 

of a certain size. For instance, considering the previous example, an unbalanced distribution 

between pass (𝑛1 = 9950) and fail (𝑛2 = 50) might lead to a much poorer performing model than 

a balanced dataset. This is because in an unbalanced dataset, such as with the previous example, if 

the model just predict pass, then the model will be correct 99.5% of the time, without having to 

assess the features present within the dataset. 

 

Balanced data is thus important in classification tasks because it ensures that the performance of 

the classifier is not biased towards any particular class (Jadhav et al., 2022). If one class is 

significantly overrepresented in the dataset, the classifier may become biased towards that class 

and produce inaccurate results. In terms of tabular education data, this might pose a problem as 

the dataset received is unbalanced and there might be instances where the information is heavily 

skewed toward one class in the dataset. Several approaches have been applied to deal with the 

balanced and unbalanced data problem, but the most common approaches include over- and under 

sampling and generating new instances of a specific class (Gottschall et al., 2009; Al-Masni et al., 

2020).  
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In the over- and under sampling technique, the minority class should be over sampled, and the 

majority class under sampled (Vuttipittayamongkol and Elyan, 2020). There are instances where 

the generation of synthetic data might not be easy, especially in the absence of certain information. 

For example, assuming one has a tabular education dataset with 100 students and two classes, but 

the entire dataset contains students that passed (𝑛1 = 100). In this example, there are no students 

failing, but the possibility exists. If this dataset was used to train a classification task to differentiate 

between pass and fail, then the data would be biased toward pass because the information is 

unbalanced and contains no reference to the class fail (𝑛2 = 0). Although balanced data has several 

advantages over unbalanced data in classification tasks, there are disadvantages associated with 

balanced data.  

 

Collecting a balanced dataset can be more challenging since it requires equal representation from 

each class. As mentioned before, even though over- and under sampling or generating synthetic 

data can solve this problem, this can lead to additional costs and efforts to obtain a representative 

sample from each class. Another challenge is that the performance of a balanced classifier may 

degrade if the class distribution in the population being studied differs significantly from the 

dataset. This can result in a model that is less accurate when applied to new data outside of the 

dataset’s population. Therefore, while balanced data can lead to more accurate and fairer results, 

it also comes with some challenges that need to be addressed to ensure its effectiveness in 

classification tasks (Heinze-Deml and Meinshausen, 2021).  

 

Unbalanced data can still lead to accurate predictions if the classifier is trained properly, with the 

right parameters and datasets (Kerstens and van de Woestyne, 2014). Even in certain use cases 

where the minority class may have fewer instances, it can still contain valuable information that 

can be used to develop a robust model. However, it is important to note that these advantages of 

unbalanced data may be limited by the extent of the class imbalance and the training strategies 

used to develop the model. While it may be easier to collect an unbalanced dataset since one class 

may be more prevalent, it can lead to less accurate predictions due to bias towards the majority 

class (Viloria et al., 2020). In a particular sense, the training efficiency of an unbalanced classifier 

may also be impacted.  
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Training efficiency in this instance refers to the ability of a classification model to effectively learn 

and generalise from a given dataset (Chi et al., 2021; Date et al., 2021). The effect of training 

efficiency is seen when the training data from one dataset can be used on another dataset from the 

same or similar context, either within a given population or between different populations. In most 

cases, specific training data are needed for each specific population, but in some instances, the 

same training data can be used between different populations.  

 

A classification model with good training efficiency should be able to learn from the data without 

requiring an excessive amount of data (Na et al., 2022). Efficient training also helps to reduce the 

risk of overfitting, which occurs when a model becomes too complex and starts to fit to the noise 

in the training data rather than the underlying patterns (Zhang et al., 2021). It is therefore important 

to consider training efficiency, how balanced the data are, and the type of algorithm that is used to 

train models on large datasets, especially for the education context. Given this context, however, 

there are other forms of generating accurate synthetic data. One of these is a form of probabilistic 

modelling. In the next section, Bayesian networks (BNs) will be explored as a form of probabilistic 

modelling to generate synthetic data. 

 

3.3.3 Bayesian networks (BN) 

A BN is a type of probabilistic model that can be used to represent the relationships between 

variables and the probabilities of the variable distribution within the context of a probabilistic 

network, different from the types of networks previously discussed (Derks and de Waal, 2020). 

These networks can be graphically represented and computationally modelled from either data or 

experts around a certain topic and are highly effective at understanding relationships between 

variables (Joubert and de Waal, 2020). A BN works with discrete variables where the probabilistic 

distribution is dependent on the conditional probabilities of a given category within a set of 

variables (de Waal et al., 2016). The general probabilistic structure implies that an independent 

probability is denoted by 𝑃(𝑥) and a conditional probability denoted as the 𝑃(𝑥|𝑦𝑖…..𝑦𝑛). 

Therefore, 𝑥 is a function of independent probability, and 𝑦 a function of conditional probability. 

As such, probabilities (conditional and independent) can be denoted by the following equation 

(equation 3.4):  
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𝑃(𝑥1, 𝑥2 . . . . , 𝑥𝑛 ) = ∏  𝑃(𝑥𝑖 | 𝑦 (𝑥𝑖))𝑛
𝑖=1 . (3.4) 

 

In the equation, 𝑃(𝑥𝑖) has a set of parent variable denoted by 𝑦 (𝑥𝑖), which allows the annotation 

to define a joint probability given by 𝑃(𝑥𝑖 | 𝑦 (𝑥𝑖)). Each term in 𝑃(𝑥𝑖 | 𝑦 (𝑥𝑖)) represents the 

probability of variable (𝑥𝑖) given its parent variables, and the product is over all variables in the 

network. For the purpose of explaining a BN, let us consider an example that uses the following 

variables such as Exam Level, IQ Level, Marks, Aptitude Score, and their probability of leading 

to final Admission. This is not a real example, but rather a conceptual example to explain how a 

BN can work in the context of education. In this BN example, Exam Level’s probability is denoted 

as 𝑃(𝑒𝑙), IQ Level’s probability is denoted as 𝑃(𝑖𝑞𝑙), Aptitude Score’s conditional probability 

given IQ Level is denoted as 𝑃(𝑎𝑠|𝑖𝑞𝑙), Marks’ conditional probability given IQ Level and Exam 

Level is denoted as 𝑃(𝑥𝑚|𝑒𝑙, 𝑖𝑞𝑙), and Admission’s conditional probability given Marks is 

denoted as 𝑃(𝑎|𝑚). By using these probabilities, we can create a probabilistic model to calculate 

a candidate’s admission score (equation 3.5): 

 

𝑃(𝑒𝑙, 𝑖𝑞𝑙, 𝑎𝑠, 𝑚, 𝑎)  =  𝑃(𝑒𝑙)  ∗  𝑃(𝑖𝑞𝑙)  ∗  𝑃(𝑎𝑠|𝑖𝑞𝑙)  ∗  𝑃(𝑚|𝑒𝑙, 𝑖𝑞𝑙)  ∗  𝑃(𝑎|𝑚) . (3.5) 

 

Once the probabilistic distributions are known, these networks can be represented using a direct 

acyclic graph (DAG), for example, compiling all of the aforementioned variables into a DAG 

(Figure 3.6).  
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Figure 3-6 Example of a DAG and probabilistic structure for education1. 

In the aforementioned example, it is important to note that the example was just used to illustrate 

how a BN is structured, and not that the variables, such as IQ and exam level are binary. In reality,.a 

BN is much more complex and more discrete variables are represented within such a network. 

Both the structure (DAG) and probability distribution of a BN can be learned from either data or 

from an expert (de Waal et al., 2016). There are two things that need to be learned in the context 

of a BN, namely the probability distributions and the structure of the DAG. One way to learn the 

structure of a BN is through a constraint-based approach (Pavlin et al., 2019). The constraint-based 

approach in a BN is supported by the conditional independence theorem, which states that if two 

variables are conditionally independent given a set of variables, then there exists no edge between 

them in the network (Natori et al., 2015). To identify these relationships between variables, 

statistical tests such as the chi-square test and G-test are used to determine whether the observed 

data deviates significantly from the expected values under the null hypothesis of conditional 

independence (McHugh, 2013; Berrett and Samworth, 2021). 

 

In the context of the chi-square test, the null hypothesis for the chi-square test is that the observed 

data follows an expected distribution, while the alternative hypothesis is that the observed data 

 

 

1 https://uol.de/en/lcs/probabilistic-programming/webchurch-andopenbugs/example-5-bayesian-network-

student-model [last accessed 15 October 2022] 
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differs significantly from the expected distribution. The test statistic for the chi-square test can be 

noted as (equation 3.6): 

 

𝑋𝑖
2 = ∑

(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖
 , (3.6) 

 

where 𝑋𝑖
2 is the chi-square test statistic, 𝑖 is the number of categories, and 𝑂𝑖 is the number of 

observations within the different categories. Furthermore, 𝐸𝑖 is the expected frequency in category. 

As a result, the expected frequency can be noted as (equation 3.7): 

 

𝐸𝑖 =
(∑ 𝑋𝑖𝑗

𝑛
𝑗=1 )(∑ 𝑋𝑖

𝑛
𝑗=1 )

𝑛
 , (3.7) 

 

where 𝑛 is the total number of observations, 𝑋𝑖𝑗 is the observed values for 𝑖 in observation 𝑗 and 

𝑋𝑖 is the total number of observations in category 𝑖. In other words, 𝐸𝑖 represents the expected 

value for a specific row. The terms 𝑖 in observation 𝑗 refer to the row and column indices of the 

dataset, respectively. To this effect, a comparison between the observed frequencies with the 

expected frequencies are conducted to determine whether there is a significant difference between 

them. The test statistic 𝑋𝑐
2 follows a chi-square distribution, in the number of columns in the 

contingency table. In other words, the test statistic, which measures the difference between 

observed and expected frequencies, follows a chi-square distribution. The specific chi-square 

distribution it follows depends on the degrees of freedom, which are determined by the number of 

rows and columns in the contingency table (Das et al.,2022). This is a fundamental concept in 

understanding the chi-square test of independence or homogeneity. To reject the null hypothesis 

at a significance level 𝑎, a comparison with the calculated value of 𝑋𝑐
2 is performed with a critical 

value from the chi-square distribution table. If the calculated value of 𝑋𝑐
2 is greater than the critical 

value, the null hypothesis is rejected, and it can be concluded that there is evidence of a significant 

association between the variables. 
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On the other hand, the G-test, also known as the log-likelihood ratio test, is used to compare the 

observed frequencies of two or more groups with the expected frequencies (Tsamardinos and 

Borboudakis, 2010). The test statistic for the G-test is given by (equation 3.8): 

 

𝐺 = 2 ∑ 𝑂𝑖𝑙𝑛
𝑂𝑖

𝐸𝑖

𝑘

𝑖=1
 , (3.8) 

 

where 𝑂𝑖 is the observed frequency for the data, 𝐸𝑖 is the expected frequency under the null 

hypothesis, and 𝑘 is the number of data groups being compared. To perform the G-test, calculating 

the expected frequencies for each group based on the null hypothesis is performed. Thereafter, the 

test statistic is performed. Finally, the test statistic and the critical value from the chi-square 

distribution are compared and the null hypothesis is rejected if the test statistic exceeds the critical 

value. If the null hypothesis is rejected, it is an indication that there is a presence of a dependent 

relationship between the variables and no edge is added between them in the BN. There are several 

other types of constraint-based approaches used in the construction of a BN, but in this study, the 

focus was not to optimise the approach to construct a BN or DAG (Van Beek and Hoffmann, 

2015). To this extent, another approach to model the structure of a BN is to use a statistical test to 

determine which variables are independent of each other given other variables, known as a score-

based method (Kersting and De Raedt, 2001).  

 

A score-based method assigns a score to each possible network structure based on how well it fits 

the data (Anderson, 2019). The score is calculated by using a measurement such as the Bayesian 

Information Criterion (BIC) or Akaike Information Criterion (AIC) which balances model 

complexity with goodness of fit (Edwards et al., 2010). BIC can be defined as (equation 3.9): 

 

𝐵𝐼𝐶 = −2 log(𝐿) + 𝑘(log(𝑛)) , (3.9) 

 

where 𝐿 is the likelihood of the model given the data, 𝑘 is the number of parameters in the model, 

and 𝑛 is the sample size. This equation demonstrates that models fitted using the BIC can be 

represented by the likelihood ratio. In other words, it quantifies the probability that a specific 

model could generate the observed data, given the constraints of its outputs and the potential 
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scenarios derived from the data. (Bae et al.,2016). The advantage of this approach is that it 

penalises complex models to prevent overfitting, which is common if the discrete variables are 

oversimplified (Beretta et al., 2018). On the other hand, AIC can be used to balance model 

complexity to a best fit, and can be written as (equation 3.10): 

 

𝐴𝐼𝐶 = −2 (log(𝐿)) + 2𝑘 , (3.10) 

 

AIC and BIC can both be used for balancing complexity to models (Alguilera-Rueda et al., 2020). 

To interpret the results, a small value of AIC indicates that the model optimally fit the data which 

means that the results can be scored based on the fit to the data. The highest score of the various 

results indicates the best fit for the BN based on the relationship between child and parent nodes. 

Ultimately, this process is repeated for each node and between different node pairs in the BN to 

determine the best fit based on these scores. This process is repeated until the structure of the BN 

is complete (Lu et al., 2021).  

 

Another method used to determine the structure of a BN, is what is known as a hybrid method 

(Zheng et al., 2023). The hybrid method uses elements of the constraint-based method and the 

score-based method to determine the structure of the BN. Both are used to determine the 

conditional interdependence of the relationships between variables in the data and using this 

context to provide a basis for the structure of the BN (de Waal and Yoo, 2018). Due to these 

approaches, it is possible to derive a BN structure from data. Once the structure of the BN is 

known, it is then possible to calculate the probability distributions of the nodes using conditional 

probability tables (Kaikkonen et al., 2021). 

 

Conditional probability tables of a particular node within a BN provides the conditional probability 

of that node, given its parent nodes. One method to determine this is by means of the maximum 

likelihood estimation. The maximum likelihood estimation is calculated by tallying the different 

frequencies from different variables within the context of a given dataset. To do so, a likelihood 

function is used where (equation 3.11): 
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𝐿(𝑍|𝑋) = 𝑓(𝑋|𝑍) , (3.11) 

 

is calculated based on the maximum likelihood estimate for 𝑍, which represents the parameters to 

be estimated from the observed data 𝑋, so that (equation 3.12): 

 

𝑍̂ = 𝑎𝑟𝑔𝑚𝑎𝑥𝐿(𝑍|𝑋) , (3.12) 

 

can be expressed as a log function where (equation 3.13): 

  

log 𝐿(𝑍|𝑋) = 𝑙𝑜𝑔𝑓(𝑋|𝑍) , (3.13) 

 

can be used to derive the maximum likelihood estimate, which can be denoted as (equation 3.14):   

 

𝑍̂ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑙𝑜𝑔𝐿(𝑍|𝑋)  . (3.14) 

 

To this extent, the value for 𝑍 represents the value that determines the most probable distribution 

for the data, given 𝑍. To start the process, 𝑍 is set to zero for each instance. This does imply that 

the variables need to have the ability to be stratified into a representation of discrete variables to 

account for the probability within each node of the network (Scanagatta et al., 2019). For example, 

instead of having variables within a table represent a range between 1 – 1000 (meaning the 

numbers of a specific variable may range from 1 to 1000), the ranges need to be converted to 

discrete variables to become categories representing the information. In other words, instead of 

having a numeric value between 1 and 1000 within a specific variable (which implies that there 

could be 1000 different numbers in the dataset for that variable), the data can be stratified into five 

categories instead to provide 1 – 199, 200 – 399, 400 – 599, 600 – 799, and 800 – 1000. This 

means that the frequencies will tally the group distribution, instead of the number of times a 

particular value arises. 

 

Once the conditional probability tables are constructed for the entire BN, estimating predictions 

within the network and making inferences on the data is possible. Unlike a GAN, the BN builds 
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its network based on conditional probabilities and the relationship between variables within the 

BN is known. An example of this is a BN learned from a few datapoints in which the network 

structure and parameters were learned from a few variables (Xu, 2020). Once the BN (its structure 

and parameters) were learned, an infinite amount of synthetic data could be produced. Synthetic 

tabular data can therefore be generated using different methods, models and approaches. Some of  

these approaches include random number generation, other machine and deep learning approaches, 

and different types of probabilistic modelling, but in this study, these will not be discussed as they 

were not as common in the generation of synthetic tabular data (Nikolenko, 2021). Ultimately, 

whichever approaches are used to generate the synthetic data, evaluating the effectiveness of the 

data that was generated compared to the original data requires several different evaluation criteria 

and techniques. In the section to follow, an outline for the evaluation of synthetic data will be 

given. 

 

3.3.4 Evaluation of synthetic data 

To evaluate how effectively synthetic tabular data was generated, several methods need to be used 

to compare the original dataset to the synthetically generated one. In the section below, an outline 

of methods used to evaluate synthetic data are explained. The first set of evaluation criteria is in 

the form of descriptive statistics to measure central tendencies and the distribution of the data. To 

this extent, the aim is looking at central tendencies of the data and what the slope of the tendency 

is. 

 

3.3.4.1 Kurtosis 

One of the methods that we can use to compare the distribution of variables within a dataset is the 

use of kurtosis (Balanda and MacGillivray, 1988). Kurtosis is a measurement that is used to 

measure the sharpness or “tailedness” of a frequency-distribution curve. Kurtosis is a statistical 

measure used to describe the degree to which scores cluster in the tails or the peak of a frequency 

distribution. The peak is the tallest part of the distribution, and the tails are the ends of the 

distribution (Balanda and MacGillivray, 1988). There are three types of kurtoses: mesokurtic (Kurt 

= 0), leptokurtic (Kurt >0), and platykurtic [(Kurt <0), (Figure 3.7)]. 
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Figure 3-7 General properties of kurtosis frequency distributions. 

. 

As such, kurtosis can be shown as (equation 3.15): 

 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =  
𝜇4

𝜎4
  , (3.15) 

 

where 𝜇4 represents the fourth central and 𝜎 the standard deviation. The fourth central moment is 

a measure of the heaviness of the tails of a distribution. It is calculated as the expected value of the 

random variable’s deviations from the mean, raised to the fourth power. This measure provides 

insights into the degree of outlier presence in a distribution. Simply put, it quantifies the extent of 

extreme values (outliers) in the data set. The higher the fourth central moment, the more outlier-

prone the distribution. On the other hand, the standard deviation is a measurement of the deviations 

of units away from the mean. In the context of kurtosis, 𝜎 can be calculated from the following 

(equation 3.16): 

 

𝜎 = √
∑(𝑥𝑖 − 𝜇 )2

𝑛
   , (3.16) 
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where 𝑥 and 𝜇 represent differences in the means and 𝑛 the number of samples. The second method 

of evaluating the synthetic data against the original data is to use a comparison of means in the 

form of a t-test.  

 

3.3.4.2 t-test 

A t-test is a statistical test used to compare the means of two datasets. It allows one to determine 

whether there is a significant difference between the means of the two datasets or whether they are 

similar. In the context of synthetic data generation, a t-test can be used to compare the means of 

the original dataset and the synthetic dataset generated. By comparing the means of the two sets 

of variables between different datasets, the central tendencies of the data for their similarity may 

be calculated, indicating that the datasets are similar given a specific variable in terms of their 

similarity of means (Kruschke, 2013). To perform a t-test, the means and standard deviations of 

the two datasets need to be determined. Thereafter, the t-value may be determined as follows 

(equation 3.17): 

 

𝑡 =  
𝑥1̂  −  𝑥2̂ 

𝜎𝑝√
1

𝑛1
+

1

𝑛2

   , (3.17) 

 

where 𝑥1̂  
−   𝑥2̂ 

 represent the two different sample means, 𝑛1 and  𝑛2 the two different sample 

sizes, and 𝜎𝑝 the pooled the standard deviation. The pooled standard deviation is a weighted 

average of standard deviations from two or more independent groups (Eickhoff et al., 2023). If the 

t-value is greater than a predetermined critical value, the null hypothesis that the means are the 

same is rejected, concluding that the datasets are significantly different. If the t-value is less than 

the critical value, the null hypothesis cannot be rejected, concluding that the datasets are similar 

on the basis of central tendencies. By performing a t-test on the synthetic dataset and the original 

dataset, one can determine if the synthetic data accurately represents the original dataset. If the 

distribution of the two datasets is similar, one can conclude that the synthetic dataset is a good 

representation of the original dataset’s central tendencies and distribution. However, if the 

distribution is significantly different, it indicates that the synthetic dataset is not a good 

representation of the original dataset and may need to be adjusted on the basis of the model.  
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Within the context of comparing datasets, several other statistical measures exist to compare two 

datasets to one another, such as ANOVA, MANCOVA, and z-tests, to name a few, but measuring 

the central tendencies does not equate to the data being identical. For example, a dataset may have 

the same mean, and same standard deviation, but can be fundamentally different, as follows 

(Figure 3.8): 

 

Figure 3-8 Representation of datasets with the same mean and same standard deviation that are 

fundamentally different (Aggarwal and Ranganathan, 2016). 

Given this example, measuring central tendency alone is not enough to compare datasets as there 

are additional trends associated in the information that need to be considered. To add a different 

evaluation, use of cumulative sums to identify trends in the data may be used.  

 

3.3.4.3 Cumulative sum and density 

Another evaluation method that can be used to measure a synthetic dataset generated from an 

original dataset is to compare the cumulative sums of the variables within the dataset. Cumulative 

sum, or cumsum for short, is a mathematical operation that calculates the running total of a 

sequence of numbers (Canh et al., 2019). The method involves adding up the values of each part 

in the sequence and accumulating them into a new sequence. The first part in the new sequence is 

equal to the first elements in the original sequence, the second part in the new sequence is the sum 
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of the first and second element in the original sequence, the third part in the new sequence is the 

sum of the first three elements in the original sequence, and this cumulative pattern continues until 

the sequences are complete. Cumsums thus provide a method by which patterns in the data across 

various samples can be compared to one another. These trends and patterns have been used in 

anomaly detection and to detect outliers within datasets. In addition to this, the density of the data 

may also be determined.  

 

In the context of data analysis, density refers to the distribution of data points within a dataset. The 

measure of density is based on how closely data points are clustered within a specific range of 

values (Yang and Delpha, 2022). To compare two datasets with one another, their density curves 

may be plotted (equation 3.18): 

 

𝑓(𝑥) =  
1

𝑛ℎ
∑ 𝐾 (

𝑥 −  𝑥𝑖

ℎ
)

𝑛

𝑖=1

 , (3.18) 

 

where 𝑓(𝑥) is the estimated probability density at point 𝑥 with 𝑛 number of observations and ℎ 

range within each of the datapoints, known as the bandwidth parameter. 𝐾 then represents what is 

called the kernel function which is centered around a datapoint for each bandwidth parameter. 

There are several different kernel functions, but in the context of this study, the Gaussian kernel 

function (Yin et al., 2011) will be outlined (equation 3.19): 

 

𝐾(𝑥) =  
1

𝑛𝜎√2𝜋
∑ 𝑒−

1
2

(
𝑥𝑖−𝑥

𝜎
)

2
𝑛

𝑖=1

   . (3.19) 

 

The Gaussian kernel function assists with transforming some input data into a higher-dimensional 

feature space where the datapoints can be separated, according to some kind of a parameter. These 

parameters are scalar, meaning that the quantity that is described by its size alone, and lacks a 

direction. Measuring the conditional interdependence of synthetically generated data might be 

useful to compare the real to synthetic data, but it might not be useful for its utility. In the next 

section, measuring utility in the context of synthetic data will be outlined. 
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3.3.5 Measuring utility of synthetic data 

In this context, the term utility denotes the efficacy of synthetic data in training a machine learning 

model (Stephens et al., 2022). Unlike evaluating synthetic data in terms of its distribution, being 

able to measure its utility is a useful method to determine how viable a synthetic dataset can be for 

a supervised machine learning task. According to Buggineni et al., (2024), utility of a synthetic 

dataset can be measured using similarity metrics, regression error, clustering, visual inspection or 

classification accuracy. Therefore, the utility of a synthetic dataset can be assessed by performing 

a classification task on both the real and synthetic data, followed by the application of a confusion 

matrix to evaluate the classification accuracy on both datasets to determine if the synthetic data 

can effectively train a classifier (discussed later in this Chapter, see section 3.3.5.2). Moreover, 

alternative measures like learning curves can be employed to illustrate the learning rate and 

efficiency of the classifier, thereby offering insights into the model’s training on synthetic data 

(discussed later in this Chapter, see section 3.3.5.3). This form of utility evaluation has found 

application in diverse fields, including healthcare and material science (Emam et al., 2021 

Buggineni et al., 2024). It is important to note that while there exist several methods for evaluating 

synthetic data, such as conditional predictive impact (CPI), these evaluation metrics do not 

exclusively test for utility and were not employed in this study. The authors acknowledge the 

significance of conducting a CPI investigation, but only subsequent to establishing the utility of a 

synthetic dataset. In the subsections to follow, machine learning classification tasks to test the 

utility of synthetic data, and both a confusion matrix and learning curves to evaluate model 

accuracy and visualise learning rates, will be discussed. 

 

3.3.5.1 Machine learning classification tasks 

In the context of tabular education data, the class can be the outcome of a particular student criteria, 

such as student performance at the end of a semester like pass or fail, given all the variables that 

led to the class classification. These features or variables may have a conditional interdependence, 

meaning that the value of one variable may depend on the value of another variable within the 

particular dataset. To test utility, a classification task may be performed on the original data and 

on the synthetic data (Liu et al., 2010; Wickramaratna, 2010; Montaño-Gutierrez et al., 2017). If 

the utility is similar between the original data and the synthetic data, then the accuracy scores will 

be similar, if measured. If the accuracy of the synthetic data surpasses that of the original data, it 
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can suggest a couple of possibilities. One possibility is that there was sufficient conditional 

dependence between the variables. This would result in a high utility, and the model could benefit 

from the increased sample size. Alternatively, the synthetic data might have simplified a certain 

relationship of interest. On the other hand, if the accuracy scores for the synthetic dataset are lower, 

this could indicate a different scenario. It might suggest that the conditional dependence of the 

synthetic data was not as strong as in the original dataset and would thus have a lower utility. This 

could mean that the relationship between the variables did not effectively translate into the 

synthetic dataset, but that the degree of this utility may be measured. If the performance is low, 

then the model failed to learn an underlying relationship in the data which would also result in the 

dataset having a low utility. In other words, the accuracy of the model in predicting the class of 

observations can be used as an indicator of the degree of utility given the features in the data. This 

is therefore a proxy for the utility of the dataset to be used to train a supervised classifier. To 

evaluate the performance of each of the datasets in this study, accuracy was determined by means 

of a confusion matrix (CM) applied to different algorithms.  

 

3.3.5.2 Confusion matrix (CM) 

By definition, a CM is a calculation used to visualise the accuracy of a classification algorithm by 

illustrating the relationship between actual and predicted outcomes in a classification task 

(Haghighi et al., 2018), (Figure 3.9).  

 

Predicted results 

Actual Results  0 1 

0 True Negative = TN False Positive = FP 

(Type I error) 

1 False Negative = FN 

(Type II error) 

True Positive = TP 

Figure 3-9 Confusion matrix relational diagram. 

Outlined above (Figure 3.9), the “1” represents the class the model is trying to predict, and in this 

context could mean “pass”. On the other hand, the “0” represents the negative class, or the class 

that is not the primary focus of the model. To this extent, a CM can be used to further evaluate 
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how accuracy was affected. For an effective evaluation, three different contexts need to be 

considered for the model score, namely: recall, precision, and an F1-Score (Goutte and Gaussier, 

2005). Precision is a measurement identifying how accurate the model is at identifying a specific 

characteristic and can be broadly defined as the proportion of true positive (TP) classifications 

within the sum of true positive and false negative (FN) predictions as such (equation 3.20):  

 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
   , (3.20) 

 

 

On the other hand, recall is a measurement that identifies the percentage of the predictions that are 

correctly classified. To clarify, recall can be defined as the proportion of true positive (TP) 

classifications from within the sum of true positive (TP) and false negative (FN) predictions so 

that (equation 3.21): 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
  , (3.21) 

 

An F1-Score is a weighted average of the true positive rate (recall) and precision so that (3.22): 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =
2(𝑅𝑒𝑐𝑎𝑙𝑙 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
  , (3.22) 

The efficiency of the classification model is based on a calculation of the accurate and inaccurate 

predictions for each of the predicted outcomes, in which the proportion for the sum of the true 

positive (TP) and true negative (TN) classifications are extracted from the sum total of the true 

positive (TP), true negative (TN) and type I (FP) and type II (FN) errors (equation 3.23): 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
  , (3.23) 

 

The precision, recall, F1-Score and accuracy of a classification task can be calculated using a 

variety of different training and test splits in the data and as a comparison between two separate 

datasets. If a dataset contains 100 students, all their student performance data, categorised into one 

of two classes, pass (n = 50), and fail (n = 50), one can use a random 70% of the dataset as training 

data, to classify the remaining 30% of one’s dataset. These results can then be used to construct 

the confusion matrix and interpret the result.  

 

Another approach is to use the data from one entire dataset to predict the classes in another. For 

example, if one has a tabular education dataset of 100 students with two classes, and another 

dataset with 10 students with the same variables, then one can use the 100-student dataset as the 

training data, and the 10-student dataset to test the results. In this example, the model will be 

looking at generalisation, and the overall performance of the model would be negatively affected. 

A contributing factor to the precision, recall, F1-Score and accuracy of a classification task, is how 

balanced the data are. However, the confusion matrix only provides the overall scores at the end 

of an analysis. To understand how the algorithms performing the ML task learned over time, a 

learning curve may be used. 

 

3.3.5.3 Learning curves 

One way to represent training efficiency is through the use of a learning curve (Amari, 1993). A 

learning curve is a visual representation of the performance of a machine learning model over time 

as it learns from new examples. Typically, the learning curve plots the training error and the 

validation error as a function of the number of training examples used. In terms of training 

efficiency, the learning curve can provide insights into how efficiently the model is learning from 

the data as the training sample size increases (Figure 3.10).  
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Figure 3-9 Example of a learning curve. 

In addition to this, the slope of the learning curve can indicate how quickly the model is improving 

with additional training examples. Sudden changes in a learning curve can indicate a sudden shift 

in the variable distributions or homogeneity of the data (Figure 3.11).  

 

 

Figure 3-10 Slope of a learning curve. 

If the slope of the learning curve is steep, this indicates that the model is learning quickly and 

efficiently from the data. On the other hand, if the slope of the learning curve is shallow, this 

indicates that the model is not learning as quickly and may require more training examples or more 

complex features to improve its performance (Figure 3.12).  
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Figure 3-11 (Left) an example of adequate learning, (Right) an example of a model not learning due 

to underlying issues in the training data. 

Additionally, the learning curve can also reveal information about overfitting and underfitting, 

which can impact the training efficiency of a model (Figure 3.13).  

 

  

Figure 3-12 (Left) an example of overfitting, (Right) an example of underfitting. 

Overfitting is a common problem in ML where a model becomes too complex and learns to fit the 

noise in the training data, resulting in poor performance on data outside the training data (Ying, 

2019). In a learning curve, overfitting would look like a large gap between the training and cross 

validation score curve. The training curve would show high accuracy or low loss, while the cross-

validation score curve would show lower accuracy or higher loss, indicating that the model is 

overfitting to the training data. As the model’s complexity increases, the training curve will 

continue to improve while the cross-validation score curve will start to plateau and eventually 

decrease. One way to address overfitting is to use more data for training, which can help the model 

to learn more robust patterns and reduce the risk of overfitting.  
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Underfitting occurs when the model is too simple and cannot capture the underlying patterns in 

the data, resulting in poor performance on both the training and testing data (Cunningham and 

Delany, 2021). On a learning curve, underfitting would appear as a plateau or a convergence of 

both the training and testing curves at a low score. This indicates that the model is not complex 

enough to capture the patterns in the data and needs to be trained with more features or a more 

complex model architecture. Increasing the complexity of the model can help to address 

underfitting by allowing it to capture more patterns in the data, but too much complexity can lead 

to overfitting. All figures in this section are mere illustrations of the different types of learning 

curves that can be expected, and the different types of interpretations to them. 

 

To this extent, there is always a balance that needs to be reached between overfitting and 

underfitting a model, by either increasing the complexity of the data, decreasing the complexity of 

the data, and/or increasing the sample size of the training data. Given that all of the aforementioned 

models require good and substantial data to build models and evaluate models for the education 

context, the purpose of this chapter was to generate and evaluate synthetic tabular data for the 

education context by comparing synthetic data generated from a GAN and a BN. 

 

3.4 Methodology 

The experiments in this section involved testing and evaluating synthetic data generated from an 

open source dataset for the education domain 

(https://github.com/dsfsi/Higher_Education_EDA/tree/main/opendata [last accessed 15 October 

2022]). This dataset is publicly available and is based on public domain data. The dataset from an 

engineering student cohort was used, and all the context from the original dataset was kept. This 

dataset contained only a few variables, namely: gender, grade point average of the first year 

(CGPA100), grade point average of the second year (CGPA200), grade point average of the final 

year (CGPA300), and overall grade point average. Variables within the dataset were transformed 

into discrete categorical variables from their original data types for the BN, and only the class 

variable was converted to discrete variables for the GAN (called the “Class variable” in the final 

dataset). For all the feature variables, not the class variable, each numerical variable was stratified 

into three categories based on an even 33.33%, given the range of the variable (and not the 

available data), so that (equation 3.24): 
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𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 =  
𝑟𝑎𝑛𝑔𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

3
 . (3.24) 

 

This means that only discrete variables were used and measured within the dataset for the BN, and 

a combination of discrete and continuous variables for the GAN. The purpose of this distinction 

was to simplify the data for the purpose of the comparison between the synthetic and original data. 

The overall grade point average was feature engineered to be discrete into one of three classes, 

namely: fail, pass, and pass with a distinction. The data were unbalanced, with a distribution of 

data containing students that failed (n = 302; 9.97%), passed (n = 1659; 54.77%), and passed with 

distinction (n = 1068; 35.26%) (Table 3.2). 

Table 3-2 Distribution of class variables used in the experiment. 

Name of class Distribution (%) 

Fail 302 (9.97%) 

Pass 1,659 (54.77%) 

Pass with distinction 1,068 (35.26%) 

 

The synthetic tabular data was generated from the aforementioned datasets using a GAN (see 

Chapter 3, section 3.2.2) and a BN (see Chapter 3, section 3.3.3), totalling 10,000 different 

students’ information in synthetic data that was compared to the original data. The 

hyperparameters for the GAN were not fine-tuned, and the chosen hyperparameters in the GAN 

was based on the default settings for synthetic tabular data as described by the publications in a 

survey conducted by Figueira and Vaz, (2022) and the systematic review of tabular data as 

described by Hernandez et al., (2022). In the case of GAN, the epochs and batch size were set to 

300 and 500, respectively. The epochs of 300 was based on general consensus for tabular data, as 

outlined in Figueira and Vas, (2022). Epochs refers to one complete run of the method through an 

entire dataset. In other words, a complete epoch involves running every training sample in the 

dataset, updating all weights and biases, going through all batch sizes. The batch size of 500, which 

is large for a GAN, was used because the complexity of the data was low. In the context of batch 
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size, this hyperparameter refers to the number of samples the GAN processes before updating the 

internal model parameters. The choice of epochs and batch size will depend on the complexity of 

the data and the computational resources available to complete the task. For tabular data, epochs 

can be set to greater than 400 due to the dimensionality of the data, but for more complex data 

types, the epochs will be set lower, depending on the computational resources (Xu, 2020). For the 

GAN, the use of log frequency for discrete variables in conditional sampling were enabled, with 

an embedding size of random samples passed through the generator set at 128. The log frequency 

was enabled because it could handle uneven distributions within the discrete variables. The 

embedding size of 128 was decided upon based on the library specifications and setting the 

embedding size to 128 means that each piece of random noise input to the generator is a 128-

dimensional vector. The size of both the output samples for each of the residuals and discriminator 

were set to 256. This choice in residuals is double that of the embedding size. For the BN, both a 

constraint-based method and a score-based method was used, by applying a BIC (see Chapter 3, 

section 3.3.3). The synthetic dataset for the GAN and the BN was generated from an original 

dataset containing 3,029 different samples. The choice in sample size was to ensure that ample 

training data was represented within the dataset.  

 

To measure the utility of the synthetic data, three classification algorithms namely LR, DT, and 

kNN were used to predict the class variable of the original data and in each of the datasets that 

were synthetically generated by the GAN and the BNs (see Chapter 3, sections 3.3.1 and 3.3.4). 

This study was not focused on improving the accuracy of the models by fine tuning 

hyperparameters, therefore the hyperparameters for each model was kept constant throughout all 

the experiments. As such, the hyperparameters for the classifiers were based on the education 

classification tasks as described by Kotsiantis et al., (2006), Lau et al., (2019), and Pallathadka et 

al., (2023). For LR, inverse regularisation strength was set at 1, with no class weight and a fit 

intercept with an intercept scaling value of 1. LR also had no L1 ratio, maximum iteration value 

set at 100, and verbose set at 0, and the warm start function disabled for the model. The choice 

over a smaller inverse regularisation strength allows the model to generalise better to unseen data 

(Cawley et al., 2006). It was set to 1 to balance the trade-off between underfitting and overfitting, 

but for better results, further experimentation is required. The class weight parameter is determined 

by how balanced the data are – generally for unbalanced data a weight is determined but, in this 
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case, the weight was removed. For the maximum number of iterations, a low value might cause 

the solver to stop before fully converging, while a high value might cause longer training times. It 

was set to 100 as a balance between training time and model performance and this number is often 

predetermined based on experimentation, but as indicated the hyperparameters chosen were based 

on prior studies (Ertekin et al., 2007). Verbose refers to the amount of information the algorithm 

provides during training. If verbose is set at 0, no output is provided during training and if verbose 

is set at larger than 0, more detail is provided the higher the number. The higher the verbose, the 

slower the training and the choice to keep verbose at 0 was to speed up the analysis.  

 

For DT, no maximum depth was specified. The minimum impurity decrease for DT was set at 0. 

Furthermore, DT had a minimum leaf sample size at 1, and a minimum sample split set at 2, with 

a minimum weight fraction for each leaf set at 0. Maximum depth refers to the number of nodes 

that need to be specified within a tree until all the leaves are prune. The choice not to specify the 

maximum depth has the potential to lead to complex tress that overfit the data. The reason why no 

maximum depth was chosen is because the dataset is known and is not as complex (Roshanski et 

al., 2023), however, for complex datasets it is vital to specify a maximum depth otherwise it will 

lead to overfitting (Irvin et al., 2021). The choice to set the leaf size to 1 was to optimise better 

classifications with the tabular dataset, however, with larger more complex datasets and tabular 

datasets with more features, the leaf size needs to be fine tuned to a better number using a variety 

of techniques to fine tune such as the correct cross validation procedures (Kirchner et al., 2006). 

A minimum sample split of 2 means that at least two samples are required for a node to split, which 

is the smallest possible value for this parameter, allowing the tree to grow as deep as possible 

(Song and Ying, 2015). Setting the minimum weight fraction for each leaf at 0 means there’s no 

constraint on the weights of the instances that a leaf node can contain, giving the model the freedom 

to make very specific classifications (Olson et al., 2018). 

 

For kNN, the leaf size was set at 30, with the Minkowski (p = 2) as the chosen metric. The number 

of metric parameters were set to none with k = 5. Finally, the weighting of kNN was calibrated to 

uniform, as the dataset was not complex. The Minkowski metric is a type of p-norm distance used 

in the kNN algorithm. It is a generalisation of other distances. When p = 1, it becomes Manhattan 

distance, and when p = 2, it becomes Euclidean distance. The choice of distance metric depends 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 

68 

 

on the nature of the data. If the features have the same scale or units, Euclidean distance (which is 

a special case of Minkowski distance) is the best choice, such as the case with the education tabular 

data used in this study. If the features have different scales or units, Manhattan distance might be 

more appropriate, but in this study was not considered (Maghari, 2018). The number of k is the 

number of neighbours the model considers. Although there are several metrics to use to choose 

this number, it is generally accepted to use an odd number of k (so that the classifier choose a class 

in difficult cases), as well as a number that is not too large as larger numbers require more 

computational resources (Zhang et al., 2017). 

 

Due to the simplicity of the data, a lack of hyperparameter tuning for each experiment, there is a 

risk that the data will be overfit in all class predictions as the variables will represent an 

oversimplification of the underlying data (see Chapter 3, section 3.3.5.1). Despite this, the overall 

accuracy will still provide an indication of the interdependence in the synthetic data between the 

tabular data generated from the GAN and BN. To this extent, the Precision, Recall, Accuracy and 

an F1-Score were evaluated for each of the algorithms (see Chapter 3, section 3.3.5.1). The two 

BN structure learning methods were compared to one another using a confusion matrix (see 

Chapter 3, section 3.3.5.2). If there were no differences between the original and synthetic data for 

the GAN and BN, then the synthetic data generated using these two models would be similar. The 

learning rate as well as an evaluation of the models in terms of a fit for the data (overfitting or 

underfitting) was performed and visualised using a learning curve (see Chapter 3, section 3.3.5.3). 

Once all the experiments were performed, the best fit models, synthetic data generation pipeline, 

and algorithms were used to describe the best fit to generate synthetic tabular data using the open-

source dataset. In the next section, the results will be given, first, by outlining the experiments 

conducted using the GAN, and secondly, the experiments conducted with the BN. 

 

3.5 Results and discussion 

3.5.1 Measuring utility on original data 

The utility was measured using the three different algorithms. Firstly, a series of experiments were 

performed on the original data. This baseline served as the starting point of comparisons between 

different combinations of training and testing data. The first algorithm compared on the original 

testing and training data without synthetic data was kNN (overall accuracy = 76.95%). Even 
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though the training score decreased, the cross-validation score increased over time. Based on these 

results, more data can yield better results (Figure 3.14). Next, the DT (overall accuracy = 65.1%) 

was performed on the original data. Based on the learning curve, the model overfitted the data. 

The last classification task performed on the original data was LR (overall accuracy = 62.01%). 

This model underfit the data. A further observation is the failure of the LR to identify class variable 

1. This can be due to the binary nature of the LR choosing the two most represented class variables 

(class variable 2 (pass) and class variable 3 (pass with distinction)) as the data were unbalanced. 

Observations made on the original data in terms of the utility indicated that kNN was the best 

performing algorithm followed by DT and LR. DT overfit the data, and LR underfit the data. One 

possible explanation for the overfit data could be the simplicity of the dataset, and the lack of large 

training data used in the classifications, and a feature in the original data that skews the 

classification task. Another observation made was that class variable 3 (pass with distinction) had 

the highest precision for kNN and DT, whereas class variable 2 (pass) was the highest for LR. In 

terms of recall and the F1-scores between the algorithms, kNN (recall = 85%, F1-score = 72%), 

DT (recall = 83%, F1-score = 72%), and LR (recall = 69%, F1-score = 67%) scored the highest 

for class variable 2 (pass). Between the three classifiers, kNN performed the best, whereas DT 

overfit the data and LR underfit the data. Based on these results,  The highest precision for 

predicting class 3 variables (pass with distinction) was achieved by kNN and DT. This means that 

these two algorithms were more accurate in predicting students who would ‘pass with distinction’ 

and made fewer mistakes (false positives) compared to LR. kNN and DT were better at identifying 

students who would class 2 variables (pass), capturing a higher percentage of students who did 

indeed class 2 variables (pass). In terms of F1-score, kNN and DT outperformed LR for predicting 

class 2 variables (pass). This suggests that they achieved a better balance between precision and 

recall when predicting class 2 variables (pass). In terms of the utility, the sensitivity (recall) was 

highest for kNN for class 2 variables (pass). Next, the same experiments were performed to 

measure the utility on the GAN generated synthetic tabular data. 
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Figure 3-13 Learning curves and confusion matrix for kNN, DT, and LR on the original data. 

 

(a) kNN learning curve, accuracy, precision, recall, F1-score on original data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.61 0.37 0.46 302 

Pass 0.77 0.85 0.8 1659 

Pass with 

distinction 

0.81 0.76 0.78 1068 

Accuracy 76.95% 
   

 

(b) DT learning curve, accuracy, precision, recall, F1-score on original data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.47 0.03 0.06 302 

Pass 0.64 0.83 0.72 1659 

Pass with 

distinction 

0.68 0.55 0.61 1068 

Accuracy 65.1% 
   

 

 

(c) LR learning curve, accuracy, precision, recall, F1-score on original data. 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0 0 0 302 

Pass 0.65 0.69 0.67 1659 

Pass with 

distinction 

0.58 0.69 0.63 1068 

Accuracy 62.01% 
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3.5.2 Measuring utility on GAN generated synthetic tabular data 

The kNN (overall accuracy = 37.06%) algorithm overfit the data (Figure 3.15). Similarly, the kNN 

classification task performed on the original data, and the GAN generated synthetic tabular data 

performed best on class variable 3 (precision = 38%, recall = 51%, and F1-score = 44%). However, 

there was a significant decrease in the correct classifications based on the synthetic data. Another 

observation is the stability of the training and cross-validation score, neither of which had 

improved performance on the larger dataset. In this study increasing the size of the data set did not 

result in a better prediction of the classifier. For the DT (overall accuracy = 36.59%), the training 

score was nearly 100%. In addition to this, similarly to the kNN algorithm, the model overfited 

the data. Like the results of the kNN, an increase in training data size did not improve the accuracy. 

The findings for LR (overall accuracy = 37.33%) underfit the data. In the original dataset, the LR 

also underfit the data, but unlike the original dataset, poorer performance of precision, recall, and 

the F1-score were observed. The overall utility decreased with synthetic data generated with a 

GAN. In the original dataset, kNN and DT demonstrated superior precision in predicting the 

outcome of class variable 3 (pass with distinction). However, upon application to the synthetic 

dataset, a significant decrease in performance was observed. The LR algorithm had the highest 

precision for the prediction of class variable 2 (pass) in the original dataset, also illustrated a 

decrease in performance when applied to the synthetic dataset. Regarding the recall and F1-score 

metrics for the prediction of class variable 2 (pass), kNN and DT outperformed LR in the original 

dataset. Nevertheless, a decline in these metrics was noted for all three algorithms when they were 

applied to the synthetic dataset. Moreover, the synthetic data led to overfitting in the kNN and DT, 

and underfitting in the LR model. These observations suggest that the synthetic data may not have 

adequately captured the complexity and nuances inherent in the original dataset, thereby leading 

to the poorer performance of the algorithms. The last set of experiments performed, compared the 

error rates of the training data and test data expressed as a relative percentage of the dataset. To do 

so, the training data consisted of the original dataset, and the test data consisted out of the GAN 

generated synthetic tabular dataset (Figure 3.16). 
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(a) kNN learning curve, accuracy, precision, recall, F1-score on GAN generated synthetic tabular 

data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.29 0.04 0.06 2806 

Pass 0.37 0.49 0.42 3548 

Pass with 

distinction 

0.38 0.51 0.44 3646 

Accuracy 37.06% 
   

  

(b) DT learning curve, accuracy, precision, recall, F1-score on GAN generated synthetic tabular data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.27 0.06 0.09 2806 

Pass 0.37 0.38 0.38 3548 

Pass with 

distinction 

0.37 0.59 0.46 3646 

Accuracy 36.59% 
   

  

(c) LR learning curve, accuracy, precision, recall, F1-score on GAN generated synthetic tabular data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0 0 0 2806 

Pass 0.37 0.52 0.43 3548 

Pass with 

distinction 

0.38 0.52 0.44 3646 

Accuracy 37.33% 
   

  

Figure 3-14 Learning curves and confusion matrix for kNN, DT, and LR on GAN generated 

synthetic tabular data. 
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Figure 3-15 Overall performance of kNN, DT and LR with original data as training set and 

synthetic data as test set. 

 

These findings indicate that there were error rate differences between the two datasets, with a much 

greater relative error in the testing data. These findings indicate that the algorithms failed to 

recognise the test data as similar to the original data on the basis of the utility between the variables 

in the datasets. For a GAN to optimally function, a deep understanding of domain specific 

characteristics are needed. Furthermore, the GANs performance can be improved with extensive 

experimentation on the various hyperparameter fine tuning, exploring different types of network 

architectures, and measuring the outputs changes to different loss functions used (Alarsan and 

Younes, 2021). The hyperparameters in question are specific to the algorithms tuning that is 

executed prior to the implementation of the algorithm. Some of these include adjusting the batch 

size, the learning rate, number of epochs and the latent dimensions. Secondly, the network 

architecture is specific to the way in which the neural network is constructed with respect to both 

the generator and discriminator. For the architecture adjustments, the optimal number of layers, 

the type of layer, an exploration into the optimal sigmoid threshold and the optimal normalisation 

techniques should be explored. The last series of experiments that may be further conducted relate 

to the best loss function after the most optimal hyperparameters and network architectures were 

established. These may include investigating the effect of binary cross entropy, Wassertein 

distance, or the squared error between the binary labels and the discriminator outputs (Zhang et 

al., 2023). The optimal tuning of parameters, architecture and loss of the GAN was not explicitly 

part of the focus of the study. The authors note that the performance of the algorithm may be 

greatly improved with this level of finetuning, however, this extensive deep learning fine tuning 
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is grounds for further study. In the next section, the results from the synthetic data generated from 

the BN will be discussed. 

 

3.5.3 BN structure learning from data 

 

To learn the structure of the BN, both a score-based method and a constraint-based method were 

used (see Chapter 3, section 3.3.3). When learning a BN from data, the way in which the variable 

pairs are associated to one another will make a difference to the probabilistic distribution in the 

network and the inference that can be drawn from them (Daly et al., 2011). In both instances when 

the BN was learned from data, gender had different associations to the outcome. In the first 

instance, the constraint based DAG outlined the female gender was linked to both male, CGPA300 

and final result. For the score-based method, the female gender did not lead to any outcome 

variable in the BN. Moreover, while CGPA100, CGPA200, and CGPA300 were interconnected, 

the sequence of these associations did not follow a linear pattern in either of the DAGs. This 

observation underscores the complexity and non-linearity inherent in the relationships among these 

variables. It must be noted that while a DAG is a powerful method visualisation for trying to 

understand complex systems, there are challenges inherent in DAGs learned from data, including 

the misinterpretation and misrepresentation of causal relationships (Luthfi et al., 2018). The 

absence of a direct link between two variables does not rule out a causal effect. The effect could 

be mediated through other variables in the network, or it could be that the data does not adequately 

represent all relevant scenarios, as described in Daly et al., (2011). Therefore, caution must be 

exercised to avoid causal misinterpretation. Not explored in this study, but noted are methods and 

domain knowledge are essential in validating any inferred causal relationships when a DAG is 

constructed (Figure 3.17).  
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DAG of constraint-based BN 

 

DAG of score-based BN 

 

Figure 3-16 DAG structure learning results from a score-based and constraint-based methods. 
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When both of the DAGs were compared, there were observed differences in the direction and the 

relationships between the variables (Figure 3.18). In total, there were four connected node 

similarities between the two structures (Figure 3.18: lines in blue between Male and CGPA100 

and CGPA300). In a study comparing a constraint-based method and a score based method, it was 

determined that the structures do differ if the underlying data were either not correctly classified, 

or if the underlying information lacks a latent variable that might enhance the strength of the 

relationship between the variables for a score-based and constraint-based method to have similar 

results (Werhli et al., 2006). In several studies, it has been found that structure learning becomes 

problematic when the discrete variables are closely related to one another (Uusitalo, 2007; Zhou 

et al., 2014; Kabir, and Papadopoulos, 2019). In both instances of the structure learning, the 

algorithms could create the structure, but there were differences observed between them. 

 

 

  

Figure 3-17 Comparison between score-based and constraint-based DAG from the data. 

 

Despite the observed differences between these DAGs, it was important to measure the utility. 

Even though the structures are not identical, if synthetic data can be generated from the with a high 

enough utility, then it is still useful for the education context. Next, to measure the utility of the 

data generated by the probabilistic model in both instances, the same machine learning tasks were 

performed on the data. In the next section, the results from the classification will be provided for 

the raw discrete data, the DAG from the score-based method, and the DAG from the constraint-

based method. 
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3.5.4 Measuring utility on raw discrete tabular data 

All continuous variables were feature engineered to be discrete so that a raw discrete dataset could 

be created without any continuous variables. The first set of results related to classifications were 

performed on the raw discrete dataset – the first of which included kNN (overall accuracy = 

61.69%) (Figure 3.19), and the second set of results for the DT (overall accuracy = 66.75%) 

performed better for class 2 variables, unlike the results observed on the continuous raw data. The 

last classification that was performed on the raw discrete dataset was LR (overall accuracy = 

63.91%). 

 

The shape of all three classifications indicates that there was a closer tendency for models to 

underfit the model, however, learning the shape and classification of the data did take place. The 

overall performance of the classifiers for the discrete raw data was poorer than the raw continuous 

data. A possible explanation for this was the lack of contextual categories in the raw discrete data 

that were created during the feature engineering process. In a study performed on DAGs, it was 

found that more complex data with more variables within each parent and child node, yields better 

results in terms of the complexities associated with the variable pairs (Talvitie et al., 2019). In the 

context of a classification task, this has the potential to alleviate some of the underfit results 

observed thus far. The next set of utility using a classification task was performed on the synthetic 

data generated from the DAG created from the constraint-based method. 

 

3.5.5 Measuring utility on constraint-based DAG tabular data 

 

The first experiment measured kNN (overall accuracy = 47.78%) was outperformed by the DT 

(overall accuracy = 56.73%) and LR (overall accuracy = 55.69%) (Figure 3.20). When comparing 

the synthetic tabular data between the GAN, the constraint-based method produced better results. 

Despite the better accuracy scores, all the models underfit the data. In different studies performed 

on underfit data it was recommended that increasing data complexity can assist in alleviating this 

problem (Ghasemian et al., 2019; Bashir et al., 2020). Since the data generated only contained, at 

most, three variables in each parent of child node, the data might be too simplified for the model 

to learn the appropriate context. Similar observations have been made on probabilistic models 

looking at its impact on classification tasks and predictions. 
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(a) BN raw data kNN learning curve, accuracy, precision, recall, F1-score on original data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.26 0.18 0.22 302 

Pass 0.62 0.82 0.71 1659 

Pass with 

distinction 

0.74 0.43 0.55 1068 

Accuracy 61.69% 
   

  

(b) BN raw data DT learning curve, accuracy, precision, recall, F1-score on original data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.64 0.69 0.68 302 

Pass 0.7 0.71 0.7 1659 

Pass with 

distinction 

0.63 0.79 0.7 1068 

Accuracy 66.75% 
   

  

(c) BN raw data LR learning curve, accuracy, precision, recall, F1-score on original data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0 0 0 302 

Pass 0.65 0.73 0.69 1659 

Pass with 

distinction 

0.62 0.67 0.64 1068 

Accuracy 63.91% 
   

  

Figure 3-18 Learning curves and confusion matrix for kNN, DT, and LR on original discrete data. 
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(a) BN constraint based synthetic data kNN learning curve, accuracy, precision, recall, F1-score  

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.19 0.25 0.22 1585 

Pass 0.55 0.65 0.59 4899 

Pass with 

distinction 

0.56 0.33 0.41 3516 

Accuracy 47.48% 
   

  

(b) BN constraint based synthetic data DT learning curve, accuracy, precision, recall, F1-score  

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.38 0.01 0.02 1545 

Pass 0.56 0.79 0.66 4896 

Pass with 

distinction 

0.58 0.5 0.53 3559 

Accuracy 56.73% 
   

  

(c) BN constraint based synthetic data LR learning curve, accuracy, precision, recall, F1-score  

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0 0 0 1545 

Pass 0.55 0.78 0.65 4896 

Pass with 

distinction 

0.57 0.5 0.53 3559 

Accuracy 55.69% 
   

  

Figure 3-19 Learning curves and confusion matrix for kNN, DT, and LR on constraint-based DAG 

synthetic tabular data. 
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Similarly, the error rates of the training data and test data expressed as a relative percentage of the 

dataset was conducted using each algorithm where the training data and test data differed. In this 

instance, the training data contained the discrete raw dataset, and the test data contained the 

constraint-based DAG synthetic data (Figure 3.23). 

 

 

Figure 3-20 Overall performance of kNN, DT and LR with original data as training set and 

constraint-based DAG synthetic data as test set. 

 

These results indicate that although the training data had higher error rates for the raw discrete 

data, the overall error rates were less than the GAN produced synthetic tabular data. This indicates 

that the utility of the synthetic data generated from the DAG was greater than that observed in the 

GAN. In the last section, the score-based DAG synthetic data experiments will be illustrated and 

discussed. 

 

3.5.6 Measuring utility on score-based DAG synthetic tabular data 

In the last experiments, kNN (overall accuracy = 66.78%) slightly overfit the data, whereas DT 

(overall accuracy = 100%) overfit the data (Figure 3.22). LR (overall accuracy = 58.31%) underfit 

the data in a similar way as the experiments performed on the synthetic data generated from the 

constraint-based DAG. Between the score-based methods and the constraint-based methods, the 

score-based methods had a better overall accuracy. Another observation was that the score-based 

methods were more prone to overfit the data. 
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(a) BN score based synthetic data kNN learning curve, accuracy, precision, recall, F1-score  

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0.52 0.36 0.42 302 

Pass 0.68 0.82 0.74 1659 

Pass with 

distinction 

0.68 0.52 0.59 1068 

Accuracy 66.78% 
   

  

(b) BN score based synthetic data DT learning curve, accuracy, precision, recall, F1-score  

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 1 1 1 302 

Pass 1 1 1 1659 

Pass with 

distinction 

1 1 1 1068 

Accuracy 100% 
   

  

(c) BN score based synthetic data LR learning curve, accuracy, precision, recall, F1-score  

 

Class 

variable 

Precision Recall F1-

score 

Support 

Fail 0 0 0 302 

Pass 0.6 0.78 0.68 1659 

Pass with 

distinction 

0.54 0.45 0.49 1068 

Accuracy 58.31% 
   

  

Figure 3-21  Learning curves and confusion matrix for kNN, DT, and LR on score-based DAG 

synthetic tabular data. 

 

 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 

82 

 

In all three instances, it was easier for the models to predict the structure and relationship between 

the training data than the test data (Figure 3.23). None of the models were a best fit, however, the 

error rates did indicate that more complexity is required in the underlying data to fit the models 

best. Another observation are the sharp increases and decreases in the misclassification errors of 

kNN. The experiment’s outcome could be attributed to the choice of hyperparameters for kNN. 

The selection of k was not thoroughly investigated in this study making it difficult to assess its 

optimal value. The authors, however, suggested that a different k value and different weighting 

between the class variables might have mitigated the issue observed in the experiment. A small k 

value can make the model sensitive to noise, while a large k can make it computationally expensive 

and potentially less accurate. The weighting scheme, on the other hand, determines how much 

influence each neighbour has on the prediction (Cunningham and Delany, 2021). Therefore, 

different combinations of k and weighting schemes can significantly impact the performance of 

kNN (Zhang et al., 2017). 

 

 

Figure 3-22 Overall performance of kNN, DT and LR with original data as training set and score-

based DAG synthetic data as test set. 

Based on the findings measuring utility, the best results were obtained from the raw, unprocessed 

original dataset for all three algorithms. The second highest were the experiments performed on 

the discrete raw dataset. The results from the GAN indicated that measuring utility using kNN and 

DT were prone to overfitting. An explanation for this is that the GAN was not optimised 

appropriately. It is important that in future studies, an emphasis is placed on the hyperparameter 

finetuning of a GAN to produce synthetic data that has a high utility. Using LR, for the GAN and 

both DAG generated synthetic data, the model underfit the data. On average, the models fit to 

DAG produced synthetic data (both constraint-based, and score-based) were prone to underfit the 
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data in all instances. Despite the structure learning for both the constraint-based, and score-based 

having a misrepresentation of causal relationships, the outcomes when the utility was measured 

still outperformed the GAN. Although not explicitly measured in this study, this observation is an 

indication that data with some degree of conditional independence can lead to a higher utility. For 

machine learning in Education this is useful because synthetic data can fast track innovation as 

none of the privacy and sample size issues are present when using this type of data. The utility is 

also a useful tool for machine learning classifiers, and large amounts of training data is therefore 

possible to synthetically generate using the approaches proposed in this thesis. 

 

3.6 Conclusion 

In this chapter, the utility of data was evaluated using classifiers, underscoring the importance of 

aligning the appropriate algorithm with the problem at hand in classification tasks. It was observed 

that binary classification models are not efficacious when dealing with tasks involving more than 

two class variables. The experiments demonstrated that synthetic data, generated using a GAN and 

a constraint-based DAG, yielded the lowest accuracy, precision, recall, and F1-scores when a 

classifier was employed to measure utility. Specifically, for data produced by the GAN, kNN and 

DT overfit the data, while LR underfit the data. The highest utility of synthetic data was observed 

with score-based methods. Based on these findings, it is recommended that synthetic tabular data, 

intended for educational tabular data, should make use of score-based DAGs with an increased 

number of variable classes and added complexity in the data. This approach is anticipated to 

address the underfitting challenges observed in the experiments. Furthermore, it is advised that the 

same hyperparameters and algorithms be employed between the original and synthetic data, 

provided that utility is being measured. Although GANs did not perform adequately, future 

research can benefit this area of exploration to yield better results. While the objective of this 

chapter was not to optimise the classification tasks used, the use of a classifier proved to be a 

valuable tool in measuring utility, given that the same parameters are used between testing the 

same class variables between different training data. In the next Chapter, the principles delineated 

in Chapter 3 will be applied to a real-world dataset from the University of the Free State, South 

Africa. 
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CHAPTER 4 REAL-WORLD SYNTHETIC DATA 

GENERATION: THE UNIVERSITY 

OF THE FREE STATE CASE STUDY  

4.1 Introduction 

The contribution of this chapter was to apply the context learned from Chapter 3 on a University 

of the Free State dataset, which has never been done before. Based on the insight gained from 

Chapter 3, a score based Bayesian Network (BN) was constructed to generate the synthetic tabular 

data. The utility of the synthetic data was measured using a k-Nearest Neighbours (kNN), Decision 

Tree (DT), and Logistic Regression (LR) algorithm. To apply the context learned from Chapter 3 

on a real world dataset, the following objectives were set out: 

1. Feature engineer continuous variables to discrete variables; 

2. Construct a direct acyclic graph (DAG) and determine the parameters using a score based 

method; and 

3. Measure and visualise the accuracy, precision, recall, and F1-scores of the real-world and 

synthetic data using a kNN, DT, and LR algorithm. 

 

In the sections to follow, the context of this dataset and university, the results, and the findings of 

these will be outlined. 

 

4.2 University of the Free State context 

The University of the Free State (UFS) is situated in central South Africa. This university has three 

main campuses, a variety of smaller satellite campuses, and a student cohort of more than 33 000 

in any given year (Combrink and Oosthuizen, 2020). There are seven primary faculties within the 

UFS. One of these is the faculty of Economic and Management Sciences (EMS), located across 

two campuses namely the Bloemfontein campus (BFN) and the QwaQwa (QQ) campus (Combrink 

and Oosthuizen, 2022). The EMS faculty offers degree programmes ranging from undergraduate 

to PhD in five primary disciplines, namely Industrial Psychology, Public Management, Business 

Management, Economics and Finance, and Accounting (Coetzee et al.,2021). The UFS has put in 

place several initiatives and interventions to assist student throughput and retention rates by means 
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of academic and non-academic support (Strydom et al., 2010). Among these support systems are 

academic literacy support in the form of a unit for language design (ULD), student transition in 

the form of a first-year seminar (UFS101), academic tutorial programmes (A-Step), and Academic 

Advising (AA), which are all situated in the Centre for Teaching and Learning (CTL). AA offered 

in the CTL is performed on a consultation basis and includes time management advice, goal 

setting, as well as referral to appropriate student support initiatives within the institution should it 

be needed (Tiroyabone and Strydom, 2021). In addition, the UFS offers services in the form of 

counselling and medical services to students, should they require medical and psychological 

support. These interventions are also recommended from other support structures, such as creative 

writing, from writing centres, and academic literacy support (van Aardt, 2019). Furthermore, the 

UFS has a feeding scheme and programme to support food insecure students (Ruswa and Gore, 

2022). Within faculties, academic support in the form of the academics themselves (in-person 

academic consultations) as well as curriculum-specific academic advice to track credit load is 

offered (Schoeman et al., 2021). Although there are other forms of support to students than what 

is offered by student academic services and the support from specific residences within the 

institution, these are for specific sub-groups of students within the institution and do not apply to 

all students. To contextualise the interventions available at the UFS for all students, the support 

available to all students at the UFS can be broadly summarised to represent the aforementioned 

interventions (Table 4.1). 

 

Table 4-1 Types of support available to all students at the UFS. 

Type of support Name of intervention 

Academic (assisting in understanding 

concepts, improve learning, improve student 

engagement) 

First year seminar, Orientation, ULD, A-Step, 

AA, academic consultations, faculty-specific 

academic advising 

Non-academic (assisting non-academic needs 

that influence the students’ journey) 

First year seminar, Orientation, AA, academic 

consultations, University feeding schemes, 

medical services, student counselling services 
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4.2.1 Impact of interventions on student success 

Several existing studies assess the impact certain interventions have on student success (Kinkle 

2020; Baus et al., 2021; Kreth et al., 2021; Stone, 2021; Eudy and Brooks, 2022). Although these 

results are bound by specific contexts, and the implementation of these interventions will differ 

depending on the training and the type of person implementing the intervention, for the purposes 

of this section the assumption is made that these interventions are universal and universally 

effective. It is not to say that these interventions will or will not work, and the focus and emphasis 

of this chapter is not in assessing the extent to which these interventions work. Drawing on the 

continued extent of implementing complexity theory within the context of a systems approach, the 

focus of this section outlines how well synthetic data can be generated from a real-world South 

African context. Any data from any higher education institution could have been used to prove the 

concepts outlined in generating synthetic tabular data. The transfer of insights across institutions 

may not exhibit strong generalisability, but the capacity to create synthetic data from higher 

education establishments will perform effectively within the established framework. From this 

perspective, once synthetic data can be generated with a high degree of utility, it can then be used 

to contextualise which students require an intervention, and to what extent an intervention may 

assist the student population. In other words, the data from a specific institution is used and 

synthetic data generated from that context so that ample amounts of information may be generated 

for further exploration, measurements, testing, and model development.  

 

Consequently, if researchers do not know the impact of a specific intervention to an education 

outcome, or what the contribution of a specific intervention is in the context of student success, 

then no system will be able to infer a better outcome. For example, if a system recommends a 

tutorial to a medical emergency, and the impact of seeing a clinician to academic performance is 

not known, then the outcome of the recommendation will not be useful to the student because this 

connection and association is not known in the domain. Drawing from the insights gained from 

Chapter 3, two assumptions can be made that the raw data that is used represents a series of linked 

systems (indicating that a DAG created from this type of data will represent a complex system) 

and that the synthetic data might not yield as high a utility as the raw data (depending on the sample 

size of each). For example, considering the context from Chapter 2, the academic performance of 

a student, which is a percentage, is a representation of a variety of different datapoints, variables, 
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and contexts, aggregated into the overall performance for a student. As such, when a DAG is 

created in an education context, each variable represents a variety of datapoints that may not be 

collected that contribute toward that variable (such as student support, prior learning, motivation, 

food security etc. on academic performance). Given that the system needs to use real-world data 

to create a synthetic data representation on which the systems may be built, there is a need to 

outline the time associated with the intervention (see Chapter 2, section 2.9). The time associated 

with the intervention refers to the duration used to collect the datapoints that inform the 

intervention and the timing of the intervention recommendation itself. To this extent, the desired 

outcome measured is if the qualification was obtained. For this reason, the purpose of this chapter 

is to apply the framework to a real-world dataset and evaluate the results in terms of whether or 

not a qualification obtained can be predicted. If the qualification obtained can be predicted, then 

those who will not obtain their qualification would thus require an intervention. The challenge 

resides in knowing if there are appropriate interventions for each use case, and how to identify 

them. These are not discussed in this thesis, but it important to consider for future research. In the 

next section, the methodologies used to outline this process will be discussed. 

 

4.3 Methods 

4.3.1 Research design 

The experiments conducted in this section are based on a real-world dataset, and concepts from 

Chapters 2 and 3 are applied to the dataset including feature engineering on the real-world data, 

synthetic data generated from the real-world data, the utility of the dataset evaluated using a 

classification task based on the parameters of the real-world dataset (see Chapter 2, section 2.9, 

figure 2.5, see Chapter 3 sections 3.3.3, 3.3.5). These concepts include taking the real-world 

(primary) dataset, which is from the University of the Free State, constructing a BN from the data 

using a score-based method, then generating synthetic data (secondary dataset) using this method, 

and then evaluating the utility using three different classifiers to test the results. The total sample 

of synthetic data was 100 000 students. The results were illustrated in terms of the precision, recall, 

F1-scores and overall accuracy, and the learning rates were illustrated using a learning curve.  

 

For the context of this dataset, the timeframe of the intervention would then represent data 

collected at specific points during a student’s undergraduate journey, and the intervention would 
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thus be implemented prior to their final semester. If this is the case, then the intervention would 

have to be created at this stage. It must be emphasised that the abstraction is that some data are 

associated with a certain time interval, and that there needs to be an appropriate intervention based 

on this. Not all interventions, types of data, and time intervals will be similar. In other words, the 

purpose of the subsequent experiments in this particular study was to create synthetic data. This 

data was derived from variables representing various systems, which ultimately determined 

whether a student achieved their qualification or not. This also means that if such data can be 

synthetically generated, then it will be the training data for an intervention at the last stage of a 

student, prior to obtaining their qualification. Any student intervention requires a contextual 

approach to outline the time, data, and interventions needed for that specific set of students that 

fall within a particular set of categories. In the next section, the ethics, data, and evaluations used 

will be outlined. 

 

4.3.2 Ethical clearance 

Ethical clearance was obtained from both the University of Pretoria (UP) (ethics number 

EBIT/19/2022) and the University of the Free State (UFS) (ethics number UFS-

HSD2022/0195/22). All of the data handling and procedures executed on this chapter complied 

with the legal and ethical data handling procedures outlined by the study protocol (Appendix A 

and Appendix B). 

 

4.3.3 Data 

Each of the variables within the dataset represents a complex set of processes to obtain the 

variables. For example, each variable will be a cumulative number, but contributes towards this 

variable will not be used, like an AP score, which represents the cumulation of all school marks 

into a single number. These variables are used in learning and educational analytics to make 

predictions on students (Janse van Vuuren, 2020). Due to the complexities associated with student 

success and what these marks represent, it is important to note that each of these variables represent 

a system, and the combination of them represents a complex system which we are abstracting to 

the most common eight variables used in student prediction. The class variable, in this instance 

representing if a qualification was obtained, will be the target variable used to measure the utility. 
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The data used in the creation and evaluation of the synthetic data as well as the context from which 

the simulations were derived, were data obtained from EMS faculty for both the BFN and QQ 

campuses from 2012 – 2021. It spanned all degree programmes for all departments within the 

faculty. Included in the dataset were variables (Table 4.2) related to whether the qualification was 

obtained  as well as the specific department (Table 4.3).  

 

Table 4-2 Variables from the real-world dataset. 

Name of variable Number of discrete categories 

AP Score 3 

English Mark 6 

Department Code 5 

1st Year Credits Enrolled 4 

1st Year Credits Obtained 4 

3rd Year Credits Enrolled 16 

3rd Year Credits Obtained 16 

Qualification obtained 2 

 

The variables were chosen based on literature found in studies that outline important academic 

variables used in student classification tasks and student prediction models (Imran et al., 2019; 

Lau et al., 2019; Alyahyan and Düştegör, 2020; Coussement et al., 2020; Namoun and Alshanqiti, 

2020; Zeineddine et al., 2021; Yağcı, 2022). The AP score is a prior to university admission score 

that is calculated from the final marks of a student when they leave high school (Bengesai and 

Pocock, 2021). The English mark is the final English mark students obtained when they left high 

school (Rauchas, et al., 2006). The department code indicates which department the student forms 

a part of in the context of EMS. For the first year, and the third year, the number of credits the 

student enrolled for, and the number of credits the student passed at the end of that year was 

factored in. The data obtained represents 3 year degrees. These degrees require a minimum of three 

years to complete. The second year credits were omitted as there are contexts such as students 

transferring between faculties and universities, changing of degree programmes and a different 
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credit load to the first and third year of study. Each subject within a degree programme has a certain 

number of credits associated with it, and a certain number of credits need to be passed in order for 

a student to progress through the academic journey. Finally, if the qualification was obtained or 

not was indicated as a binary variable.  

 

Table 4-3 Qualification obtained per department. 

Department 

Qualification not 

obtained 

Qualification 

obtained Total 

Industrial psychology 1425 468 1893 

Public administration 135 360 2946 

Economic and management sciences 2723  223 495 

Business management 576 1289 1865 

Accounting 688 1007 1695 

 

4.3.4 Evaluation 

A synthetic dataset was created and evaluated for the BN (see Chapter 3, sections 3.2.3.1 – 3.2.3.6). 

The same hyperparameters as discussed in Chapter 3 was on the datasets. However, different 

training and test datasets were evaluated in different combinations between the real-world dataset 

and the synthetic dataset (see Chapter 3, sections 3.5.2 – 3.5.7). To this extent, the training and the 

test data differed between the experiments (Table 4.4). 

 

Table 4-4 Different training and test data used on real-world dataset. 

Name of experiment Name of training dataset Name of testing dataset 

Accuracy of the raw discrete 

data 

Raw discrete dataset Raw discrete dataset 

Accuracy of the synthetic 

discrete data 

Synthetic discrete dataset Synthetic discrete dataset 

Accuracy of different training 

and test data 

Raw discrete dataset Synthetic discrete dataset 
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 Both the learning curves and misclassification error rates will be reported on and interpreted to 

understand the learning rate and model performance for the various training and testing dataset 

pairs. In the next section, the results and discussion will be outlined on the real-world data.  

 

4.4 Results and discussion 

The DAG generated based on the score based method indicated that qualification obtained relied 

on three variables, namely: department code, 3rd year credits enrolled for, and 3rd year credits 

obtained (Figure 4.1). Furthermore, English mark and AP score are associated to one another. The 

structure learned using the score based method for these variables were sequentially correct. In 

other words, a student needed to pass their first year credits before their third year, and their third 

year before they obtained their qualification. The two associations that were important to note is 

that English mark and AP score is associated with the third year credits enrolled for indicating that 

AP score and English mark have an association with the third year credits, and not the association 

with first year as indicated in certain studies (Zeineddine et al., 2021; Thompson et al., 2022). 

 

 

Figure 4-1 DAG of the discrete education dataset used from the UFS. 

Another observation based on the DAG learned from the data was that the department code was 

directly associated in the structure of the DAG to qualification obtained. In other words, a high AP 

score and low English mark, as well as low credit score and high credit load for one academic 
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department might not have the same probability and might not serve as the same indicator between 

different departments. This does imply that the department a student is a part of makes a difference 

to the association between the variables. This observation has been noted in several studies that 

have indicated that the specific degree programme people study towards have nuanced differences 

in terms of predicting the outcome of student success (Beaulac and Rosenthal, 2019; Canning et 

al., 2019; Alsariera et al., 2022; Baashar et al., 2022; Pallathadka et al., 2023). There was an 

incorrect association on the basis of the structure namely first year credits obtained. The 

association was not detected based on a specific metric, but rather that a student enrols for credits 

prior to obtaining them. In the instance of the data, both the credits enrolled for and obtained were 

the same because a student could not progress to their final year of study, if all their first year 

credits were not obtained. In reality, the first year credits enrolled for will be placed prior to the 

credits obtained, and this misplacement was identified on the DAG itself.  

 

A possible explanation for this is in the underlying data, containing the same credits for both these 

variables. To put it differently, for a student to have made it to their third year, their first year 

credits would be passed. In future studies, variable associations like this should not be included in 

the data as it might skew the results. Next, the classification tasks were performed on the raw 

discrete data to determine the utility (Figure 4.2). Based on the results kNN (overall accuracy = 

90.22%), DT (overall accuracy = 100.00%), and LR (overall accuracy = 85.92%) were better at 

predicting if a student obtained their qualification, than a student who did not when comparing the 

precision (kNN = 90.00%, DT = 100.00%, LR = 88.00%), recall (kNN = 98.00%, DT = 100.00%, 

LR = 95.00%), and F1-scores (kNN = 94.00%, DT = 100.00%, LR = 91.00%). The DT overfit the 

data, which was not an ideal outcome despite the high prediction value. Of the three algorithms, 

kNN and LR had high overall accuracy scores associated with the information. Next, experiments 

performed on the synthetic data measuring the utility indicated that DT (overall accuracy = 

100.00%) overfit the data (Figure 4.3). In these experiments, kNN (overall accuracy = 80.24%), 

and LR (overall accuracy = 70.28%) learned their context after approximately 25 000 students. 

This means that the overall precision (kNN = 82.00%, LR = 73.00%), recall (kNN = 93.00%, LR 

= 92.00%), and F1-score (kNN = 87.00%, LR = 81.00%) for class variable 1 remained the same 

and consistent after 25 000 student observations. The same can be said for the precision (kNN = 

75.00%, LR = 53.00%), recall (kNN = 52.00%, LR = 20.00%), and F1-scores (kNN = 62.00%, LR 
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= 29.00%) for class variable 2. Precision as a measurement indicates the relative fractions of the 

data where the retrieved classifications are relevant, indicating that more class 1 variables were 

relevant based on the classification. Recall on the other hand is an indication that the class 2 

variables had a higher error rate in terms of the classifications, especially for LR. This is an 

interesting observation as LR is a binary classifier, and considering that only two class variables 

were used, LR performed the poorest in the classification task. In these experiments, DT overfit 

the data and unfortunately overfit data will struggle to fit new data with the same variables. In the 

context of complex systems, the synthetic data and utility for all of the score based synthetic data 

were higher than the previous results (see Chapter 3, section 3.5).  

 

The more complex dataset was achieved with an increased sample size of the training data, and 

more categories within the variables used were included within the raw discrete tabular data, as 

compared to the datasets used in Chapter 3 to construct the BN. The training data was increased 

to 100 000 samples. The increased dataset could show the impact of the training on these sample 

sizes and illustrated when the models sufficiently learned from this data. Despite these increases, 

DT still overfit the data. While increasing the sample size generally improves the model’s ability 

to learn, it can also increase the risk of overfitting, especially if the data includes noise or outliers. 

The DT might have learned these unnecessary details too well. Including more categories within 

the variables can increase the complexity of the model. DTs can create very complex decision 

boundaries, which can lead to overfitting if not properly controlled. The increased complexity of 

the dataset, with more categories and larger sample size, can make the model more prone to 

overfitting. The model might have captured the noise in the data instead of the actual patterns. To 

overcome these issues, different algorithms may be used and fine-tuned to improve the algorithm 

on the underlying data. Lastly, experiments were performed using the real-world raw discrete 

synthetic dataset as the training data, and the synthetic data as the test data. All of the experiments 

had an overall miscalculation error between 30% - 70% for all three algorithms used. A few 

observations indicated different misclassification errors at different stages of the training and 

testing data (Figure 4.4). The first is the difference observed between the training score and the 

test score. The training score performed better over time since this real world data retained a 

context within the variables from which the model could learn over time. In other words, as the 

training sample size increased, so too did the misclassification error rate decrease. Unfortunately, 
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the test misclassification error rate did not improve over time, neither did it decrease. Both the 

training and testing score were within 10% of one another, which was much less than observer in 

Chapter 3, where an average difference of 30% was observed between the training and the testing 

misclassification errors. This is an indication that the models could learn context from the raw and 

synthetically generated tabular data with the more complex dataset, better than the simple datasets 

used in Chapter 3.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 

95 

 

(a) kNN learning curve, accuracy, precision, recall, F1-score on BN generated synthetic tabular data 

 

Class variable Precision Recall F1-

score 

Support 

Yes 0.89 0.96 0.92 6804 

No 0.81 0.62 0.71 2090 

Accuracy 87.77% 
   

  

(b) DT learning curve, accuracy, precision, recall, F1-score on BN generated synthetic tabular data 

 

Class variable Precision Recall F1-

score 

Support 

Yes 0.91 0.98 0.94 6804 

No 0.92 0.68 0.78 2090 

Accuracy 91.02% 
   

  

(c) LR learning curve, accuracy, precision, recall, F1-score on BN generated synthetic tabular data 

 

Class variable Precision Recall F1-

score 

Support 

Yes 0.88 0.95 0.91 6804 

No 0.79 0.58 0.67 2090 

Accuracy 86.41% 
   

 

Figure 4-2 Learning curves for kNN, DT, and LR on raw discrete dataset. 

 

 

 

 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 

96 

 

(a) kNN learning curve, accuracy, precision, recall, F1-score on BN generated synthetic tabular data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Yes 0.73 0.92 0.82 69656 

No 0.56 0.22 0.31 30344 

Accuracy 81.09% 
   

  

(b) DT learning curve, accuracy, precision, recall, F1-score on BN generated synthetic tabular data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Yes 0.86 0.94 0.9 69656 

No 0.83 0.64 0.72 30344 

Accuracy 85.19% 
   

  

(c) LR learning curve, accuracy, precision, recall, F1-score on BN generated synthetic tabular data 

 

Class 

variable 

Precision Recall F1-

score 

Support 

Yes 0.73 0.92 0.82 69656 

No 0.56 0.22 0.31 30344 

Accuracy 70.98% 
   

 

Figure 4-3 Learning curves for kNN, DT, and LR on synthetic score based discrete dataset. 
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Figure 4-4 Misclassification errors between raw training data and synthetic test data for kNN. 

 

Within the framework of DT that overfitted the data as per the learning curve, a comparable issue 

was noticed between the raw discrete tabular data for training and the synthetic data used for testing 

(Figure 4.5). 
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Figure 4-5 Misclassification errors between raw training data and synthetic test data for DT. 

For the LR, a similar pattern was observed as the kNN algorithm, but at a much lower threshold 

(Figure 4.6). Even though the training data accuracy increased over the duration of the dataset, the 

test data’s performance decreased by an observable increase in misclassification errors over time. 

Patterns like this has been observed in literature with large training datasets where the quality of 

the underlying data may be improved (Van Beek and Hoffmann, 2015). 
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Figure 4-6 Misclassification errors between raw training data and synthetic test data for LR. 

 

An overarching observation is that the score based DAG with parameters learned from data did 

produce data with an overall accuracy greater than 70% for all three algorithms. There was 

therefore a translatability in terms of the utility between the variables in the underlying raw data, 

and the ML algorithms could learn the context from the underlying raw real-world data and apply 

it to synthetic data.  

 

4.5 Conclusion 

Generating synthetic data is important for models that require large datasets. The performance of 

the learning curves between synthetic and real-world data illustrated that synthetic data can be 

used to simulate a real world context from a probabilistic perspective. Although the fine tuning of 

this approach was not explicitly explored, the application of the context and methodology as 

outlined in Chapter 3, scaled to the data used in Chapter 4. This chapter further illustrated that a 

score based structured learning methodology can be applied on real-world higher education data 
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to produce synthetic data that is similar to the original data. This was observed by the similarities 

in the performance between the different experiments.  

 

As illustrated in this chapter, BNs are useful tools to generate synthetic data for the education 

context. Although not explored in this study, are the important roles and associations that a BN 

can make in terms of inference and contextual understanding within a complex system based on 

the context learned from data. In terms of a complex system, and the implementation of the 

framework, it is recommended that the right procedure for generating synthetic data is used.  

 

Currently (2023) there are no specific guidelines for the generic generation of synthetic higher 

education data, albeit that there are institutions that share deidentified real-world data. This context 

allows for the development of such guidelines that are in compliance with POPIA, GDPR, and 

institutional policies so that an infinite amount of synthetic higher education data may be generated 

to advance machine learning in education research (MLER).  Furthermore, it is vital that the 

synthetic data is created from an original dataset representing that context to ensure that the correct 

context is captured in the associations between the variables. In the context of a complex system, 

the BN can provide useful ways to generate synthetic data representing the complex system, but it 

is noted that a BN accounts for discrete variables, and there is still a need to investigate models of 

producing synthetic data that account for continuous variables within tabular higher education 

data. As computational power increases so too can the complexity of these models, and the data 

they represent within a system. 

 

The significance of these results illustrates the importance of being able to represent a complex 

education system into a probabilistic model, like a BN because a BN can generate an infinite 

amount of synthetic tabular data for the education context and be used to probabilistically quantify 

inferences based on the network. Inference was not discussed in this thesis, but inference is an 

important feature of a BN, and can assist in institutional decision making. Inference allows for the 

probabilities of anomalies within an education system, and a BN can assist education decision 

makers with understanding what influences particular parts of the education system that are 

fundamentally complex to model. Another important observation is that the methods and use case 

described in this chapter is repeatable to other faculties within the same institution as well as to 
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other education (basic, and higher education) institutions. For the latter to work, the data should 

be used from that specific region or context. What this allows for is a probabilistic model that 

contextualises the context and the probabilities associated with students within that context. In the 

next chapter, how contexts that intervene with students can learn over time from a complex system 

perspective will be performed. 
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CHAPTER 5 A MULTI-ARMED BANDIT 

APPROACH TO AUTONOMOUS 

LEARNING SYSTEMS IN 

EDUCATION  

5.1 Introduction  

The contribution of this chapter was to simulate the education recommendation context as a multi-

armed bandit problem, which has not been done prior for the education domain. This contribution 

is justified by a need to conceptualise a decision maker that can learn from data to provide student 

recommendations in education, across different contexts. The aim of this chapter was to investigate 

the application of student recommendations in the education context by abstracting education 

recommendations into a multi-armed bandit problem. To address this aim, the following objectives 

were set out: 

1. To design and develop an environment simulation that mimics the complexities of systemic 

interventions as a multi-armed bandit problem; 

2. To compare the performance of different algorithms commonly used in multi-armed bandit 

problems in terms of its reward functions over the number of episodes per simulation; 

3. To illustrate different student recommendation reward functions over the number of episodes 

of the agents learning rate; and 

4. To identify and discuss the challenges and limitations of using a multi-armed bandit problem 

in the education context using the aforementioned approach. 

 

Different multi-armed bandit algorithms were implemented and evaluated within the simulation to 

optimise the cumulative reward for the agent. The work in this chapter came from the publication 

by Combrink et al., 2022b, specific to multi-armed bandits in education. The results obtained from 

the experiments were analysed to determine the effectiveness of the recommended interventions; 

the latter’s impact on the implications for student performance, given the intervention was also 

assessed.  
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5.2 Reference to institutional support needs 

In the education context, and specifically in higher education, student data across institutions are 

kept in computer readable formats, typically in the form of tabular data (see Chapter 2, section 

2.2.1). Such data comprise student demographics, their learning materials, academic success, 

attendance, as well as analytics related to their behaviour. As outlined in Chapter 2, there are a 

myriad of challenges associated with student transition in South African higher education, leaving 

higher education institutions to face student-related socio-economic problems that impact their 

academic progress and academic achievement. Unlike findings presented in the literature related 

to first-world countries, the gravity and scale of the challenges faced by the average South African 

student range from literacy and English comprehension gaps to food insecurity and abject poverty 

(Dominguez-Whitehead and Sing, 2015; Mirata et al., 2020). Unfortunately, these challenges 

affect  students’ academic success, and ignoring these problems do not serve students, academic 

faculty staff, academic support endeavours, academic programmes, or the institutions facing these 

challenges. Due to the scale of the problem, the staff compliment of higher education institutions 

alone is insufficient to identify and implement the interventions required to address all the 

challenges students face. Several strategies have been explored in recommending interventions for 

students (see Chapter 2, section 2.2.2), including recommender systems, discussed in the section 

that follows.  

 

5.2.1 Recommender systems 

A recommender system is a dynamic machine learning algorithm that uses data and context to 

make recommendations within a specific system (Quijano-Sánchez et al., 2020; Wu et al., 2022). 

A recommender system can be described as an information filtering system for users, based on 

their preferences, needs, and/or contexts. At the core of it, a recommender system is implemented 

in instances where there are a lot of different items, contexts, products etc. to choose from. With a 

recommender system, the user has the ability to find a specific item that they are searching for 

faster than, for example, having to read through the entire inventory of items to choose from. As 

mentioned, finding relevant information is the task at hand, and this context can be applied to 

physical and digital contexts such as search engines, content recommendation and/or product 

recommendations, to name a few. In the context of educational interventions, the student is 

positioned as the user, while the item could be an educational tool or intervention that has the 
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potential to assist a student’s academic success. Examples of such systems include collaborative 

filtering, which considers user context, and content-based filtering, which focuses on item context 

(Srifi et al., 2020). Collaborative filtering relies on knowledge about the user input, or what users 

find relevant, to recommend interventions. The drawback of this approach is that such systems 

may introduce conformation bias because the recommendation is generic and generalised. This 

means that recommendations for users who require nuanced or unique items may not be 

recommended. It may also introduce bias by only recommending a set of specific items, resulting 

in a skewed recommendation system. This means that collaborative filtering looks for similarities 

between users and bases the recommendation on features shared between users. For the education 

context, one way to view collaborative filtering is that once different categories of students, or risk 

profiles of students are established, common features between these risk categories may be 

grouped so that recommendations may be made on the basis of shared features between users. 

Content-based filtering, on the other hand, emphasises the specific user's experience. In the context 

of education, content-based filtering could be a system that collects data on how students 

experience certain recommendations and as such, records those findings and uses this content for 

recommendations. However, the recommendations garnered from a system that treats all users as 

identical may not scale well in diverse settings where students, cultures, and contexts differ, of 

which South Africa is but one example (Nassar et al., 2020). As a result, a hybrid approach that 

combines elements from both methods has been explored to determine whether it may feasibly 

provide more effective recommendations (Khanal et al., 2020). Recommender systems have been 

a successful tool for making recommendations in society at large (Milano et al., 2020). However, 

in the context of very specific use cases, such as recommending an explicit educational 

intervention to a student, these systems have been far less successful due to some of the systems’ 

fundamental problems. These include, first of all, the cold start problem, where no information 

about users or items is available in the system when it starts for the first time (Natarajan et al., 

2020). A second issue is data sparsity, as not all relevant information about users or items may be 

collected (Batmaz et al., 2019). Scalability, where the system needs to cope with a growing number 

of students and the supporting interventions, is another problem. Furthermore, if there is a change 

in recommendation, where the same problem might require a different intervention between two 

students due to a variety of social and demographic factors, it might also cause issues as the right 

features between the students may not be captured to best fit the problem (Milano et al., 2020). 
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Finally, a lack of data, which can hinder effective recommendations, in addition to changes in user 

preferences over time, are problematic (Figure 5.1). 

 

Figure 5-1 Common research problems associated with recommender systems2. 

The cold start problem occurs when there is no prior information about a user or item available 

and the system wants to make a recommendation. This problem can also occur when a system is 

initialised or starting up for the first time. The cold start problem is prevalent in the education 

setting, as it may occur when a new student enters the system by transferring from another 

institution or changing from a specific degree programme in one faculty to another degree 

programme in a different faculty or when a novel student support strategy is being implemented 

by an institution. Based on where the data are missing in the system, three types of cold start 

problems generally need to be considered (Lu et al., 2020). The first is the entry of a new user with 

no previously existing data into the system (data sparsity), and the second comprises entering a 

new item into the system. The third relates to the system being started for this first time if there 

are no prior data collected about the student and/or problem (essentially, initialisation of the 

system). Data sparsity refers to instances where not all relevant information about users (students) 

is collected within the system. The sparsity of data can result in mislabelling of interventions 

 

 

2 source: https://iopscience.iop.org/article/10.1088/1742-6596/1717/1/012002  
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(items) in the education context. This poses challenges for accurate recommendations. Scalability 

is also a major concern for recommender systems; increasing numbers of students and 

interventions may challenge the system's ability to fit the right recommendation to the correct user. 

Studies have shown that, when a certain threshold or sample size is reached (depending on the 

algorithm and system), the results may not be desirable, as there is a tendency to inertia with the 

recommendations (Kiran et al., 2020). For example, while the overall accuracy of a recommender 

system increases with a larger training sample, the system will eventually only recommend specific 

items based on specific features, and if not, new data are collected about a user or item, then this 

too can cause a problem within the recommendations. Probably the most difficult challenge to deal 

with is a change in user preferences or needs over time. An intervention that might have been 

successful for a student in year one of study might be redundant in the student’s following study 

year. Students' needs, and the interventions required to address these, may change over time, and 

the system should therefore be able to adapt and support these changes to provide relevant 

recommendations. As such, a different approach is needed to solve this problem. As outlined in 

Chapter 3 (section 3.2.1), supervised learning requires prior data to solve a problem, like a 

classification task. However, as explained above, data about recommending an intervention to a 

particular student might not always be available. It is important to note that although a 

recommender system might be directly trained on real institutional data, all departments might not 

have enough information to effectively run the recommender system, hence the need for synthetic 

data to do batch learning. Despite this, there are still challenges that recommender systems pose 

as dynamic filtering systems as outlined prior, and in such cases, reinforcement learning might 

provide a solution (Chiu et al., 2021). A fundamental distinction exists between the subcategories 

in ML whereby ML can be categorised as either unsupervised learning, supervised learning or 

reinforcement learning. Reinforcement learning involves an autonomous decision-making agent – 

in the form of an algorithm – that makes choices based on actions and receives rewards based on 

those choices within a specific environment (Alloghani et al., 2020). This approach is commonly 

referred to as reinforcement learning, which employs principles akin to classical conditioning, but 

which is applied within a decision-making framework. 
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5.2.2 Reinforcement learning 

Reinforcement learning considers an interaction between an agent and a preexisting environment 

(Sutton and Barto, 1999). An agent navigates through the environment by taking actions and learns 

from rewards that arise based on the action the agent takes and the effects that they have on the 

environment. Additionally, the configuration of the current environment is also known as a state. 

The agent takes an action, and once the action is taken, the new state is initiated. The purpose of a 

reinforcement learning algorithm is to learn a policy which is mapped from states to actions, to 

maximise the cumulative rewards (Figure 5.2).  

 

 

Figure 5-2 Overview of a traditional reinforcement learning algorithm (Sutton and Barto, 1999). 

 

Seen in a machine learning context, the above-mentioned model allows for reinforcement learning 

that enables autonomous decision-making to maximise a reward within a system (Shin et al., 

2019). Over time, the policy converges only if the correct learning algorithm for the agent is used. 

As outlined before, reinforcement learning can be considered a viable replacement for traditional 

recommender systems, as the former comprises an autonomous decision-maker learning how to 

better perform its actions over time. According to Sutton and Barto, (1999), this type of 

autonomous decision-making can be represented as a tuple denoted by μ = (S, A, T, R, γ), where: 

• S is a set of all the states;  

• A is a set of all the possible actions that can be taken by the agent;  
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• T denotes the transition from one state to another and can be shown as the transition from 

St to St+1 given a certain A so that T: St * A * St+1 → [0, 1] from state 0 to 1, or from state s 

to state 𝑠′. This can further be shown as a function of T (s, a, 𝑠′) representing the probability 

of an A leading from state s to state 𝑠′, given a specific A; 

• R is the reward function, R (s, a, 𝑠′), for the same state action pairs to show the transition 

between states leading to a specific reward; and 

• γ is the discount factor, bounded such that γ ∈ [0, 1]. The discount factor is denoted by γ, 

which determines the present value that is used for future rewards. A value of 0 makes the 

agent “myopic” (only considering immediate rewards), while a value close to 1 makes the 

agent consider future rewards more heavily. 

 

A reinforcement learning problem can be formulated using a Markov decision process (MDP). An 

action-value is what can be expected as a reward for taking a certain action within the MDP, and 

this is also referred to as the value of a state-action pair (Sutton and Barto, 1999). The value of a 

given state is equal to the action with the highest value of the reward for an optimal action in a 

specific state, with the included discount factor which is multiplied by the next states value from 

the Bellman Equation and can be written as (equation 4.1): 

 

𝑉(𝑠) = ∑ 𝜋(𝑠, 𝑎)𝑅(𝑠, 𝑎) + 𝛾 ∑ 𝑇(𝑠′|𝑠, 𝜋(𝑠))𝑉(𝑠′),

𝑠′𝑎∈𝑅

 
(4.1) 

 

In this equation, 𝑉(𝑠) is the specific value associated to a specific state, and 𝑉(𝑠′) the value 

associated with the following state, given an action a. The notation 𝑇(𝑠′|𝑠, 𝜋(𝑠)) is the transition 

probability. It denotes the probability of transitioning from state 𝑠′ to the current state 𝑠 and taking 

an action 𝜋(𝑠). In the context of 𝑉(𝑠′), this is the value added to state 𝑠′. The specific reward 

function 𝑅(𝑠, 𝑎, 𝑠′) represents the reward given after action a is taken in state 𝑠. The probability of 

taking a specific action based on certain states is called a policy, and is denoted by π. The Bellman 

Equation (Sutton and Barto, 1999), and can thus be written as (equation 4.2): 
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𝑄𝜋(𝑠, 𝑎) = 𝑅(𝑠, 𝑎, 𝑠′) +  𝛾 ∑ 𝑇(𝑠′|𝑠, 𝜋(𝑠))𝑉𝜋(𝑠′).

𝑠′∈𝑆

 
(4.2) 

 

The Bellman Equation is required in dynamic programming to solve a MDP problem. As noted 

earlier, reinforcement learning solves the problem of finding the overall optimal reward function, 

so that there is a maximum value of reward given the state action pairs. In other words, 

reinforcement learning allows the system to choose an a, where R is given per step. This in turn 

provides the return G, a sum of the discounted R per episode to maximise the cumulative reward 

based on the highest R for each episode. However, if we consider the forms of data described in 

this dissertation, which is primarily tabular data, the traditional student recommendation problem 

becomes difficult to abstract. For example, if a describes a recommendation intervention, and each 

student is described as a 𝑠, there will be too many actions to navigate through given each student. 

As such, a novel approach not clearly defined in literature is required.  

 

To this extent, if the reinforcement learning problem is applied to education, we can define the 

environment as follows. The R is the reward an agent needs to take within a given environment 

that can represent a utility function; in this case, it is the recommendation function. Instead of 

focusing on a specific intervention such as a tutorial, a set of learning material, or a context specific 

intervention, a should represent a type of recommendation action within a particular context. That 

way, the focus is on the framework of the reinforcement learning instead of on the impact of the 

specific intervention. Next, instead of representing a student as an a, students represent a 𝑠, with 

each student corresponds to a single state. The reward function can be designed so that the rewards 

represent recommendations that were successful in a specific context, were partially successful, or 

unsuccessful. To clarify, in our simulation, we won’t be examining the effects of specific 

interventions, such as recommending a student to attend a tutorial. Instead, we’ll be looking at 

whether a recommendation was successful or not based on certain criteria. This approach 

simplifies the understanding of the framework’s implementation and allows us to focus on the 

reward that comes from the recommendation, rather than the specific recommendation given to a 

student. 
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In this context, the statistics are independent of the problem and remain constant. Given these 

parameters, a category of reinforcement learning algorithms that don’t rely on state, known as the 

multi-armed bandit (MAB) problem, are suitable for this situation. This class can be applied to the 

abstracted educational scenario described above. 

 

5.2.3 Multi-Armed Bandits (MABs) 

MABs consider an agent that is an autonomous decision-maker within a specific environment, and 

that this environment is stateless – that is, there are no state transitions within the environment 

(Figure 5.3). 

 

 

Figure 5-3 Schematic representation of the student intervention MAB environment. 

 

In the MAB problem, an agent needs to make a choice to pull an ‘arm’ within a system where there 

are multiple arms to choose from (Morijiri et al., 2022). In this example, each arm within the 

system represents a recommendation. The number of arms is customisable depending on the 

problem that needs to be solved. For the purposes of this study’s experiments, and to illustrate the 
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cumulative rewards, this example makes use of four arms (recommendations) in the environment. 

The purpose of the MAB is to solve the problem of choosing the arm within a given context that 

yield the highest rewards overall (Marković et al., 2021). For this to be practical within the 

education context, a few assumptions need to be made. The first assumption is that there is a pre-

existing function that categorises the student into a class; the algorithm needs to choose the correct 

intervention to fit the class, also referred to as a contextual bandit. Secondly, the assumption is that 

we can add different values to the reward to illustrate different levels of impact so that the agent 

can learn to recommend better choices over time. The final supposition assumes that a perfect 

feedback system that collects the right data from students, and that provides that context to the 

system in a seamless way, is in place (Figure 5.4).  

 

 

Figure 5-4 Autonomous student intervention framework for education (see Chapter 2, section 2.9). 

Depending on how the environment is designed, MAB algorithms do not suffer from the cold start 

problem, because prior learning, such as in contextual bandits, and the balancing of exploration 

and exploitation takes place. However, the algorithms must still implement some form of prior 

training and learning, potentially on synthetic data generated (see Chapters 3 and 4). Furthermore, 

the action of the agent representing the types of interventions is fully customisable and does not 

suffer from the change in data problem, as long as there is a non-zero probability for exploration 

(Wan et al., 2021). However, the non-zero exploration probability may take a while after initiation 

to detect a change, depending on the sample size and number of examples. This means that, if such 
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a system was built at scale, it would be tailormade for different institutions but there still needs to 

be a batch learning process, preferably on legacy data or synthetic data, prior to initialisation. The 

aim of this part of the study was to contextualise and simulate the cumulative reward within the 

aforementioned education environment for an intervention recommendation problem in the 

education context. The purpose was not to optimise the algorithm, but rather to interpret the impact 

of this approach on the problem’s framework. 

 

5.3 Methods 

The MAB simulations will be outlined in three phases, with the first representing the environment 

based on the aforementioned parameter discussions, the second on the algorithms used, and the 

third phase on how the information will be visualised for the simulations. 

 

5.3.1 Phase I: MAB student intervention environment 

5.3.1.1 Assumptions of environment 

The purpose of this section is to introduce the assumptions and the design of the simulation that 

will be used to study the effects of different interventions on the academic performance of students 

in a problem-solving context. This section is based on the outline described by Combrink et al., 

(2022b). The simulation used a multi-armed bandit (MAB) algorithm to model the agent’s learning 

process and decision making. The agent had to choose among different types of conceptual 

interventions to assist the students. The environment was designed to be scaled to a student at a 

time, rather than all students within a system. The interventions can be correct, partially correct, 

incorrect, or unknown, depending on how well they match the student’s needs and preferences. 

The agent received feedback in the form of rewards, which depended on the student’s category 

and the intervention’s type and how well the intervention worked for the student to improve on 

student success. The agent will aim to maximise the cumulative rewards over time by learning 

from the feedback and updating its own policy about the interventions and its impact. The 

simulation made a few assumptions about the environment and the system. The first is that the 

class of student has already been determined and that context enters the system. This means that 

the agent knows the student’s category, which represents how they perform academically with or 

without an intervention. The student’s category also represents the environment that influences 
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their learning outcomes and behaviours, given the intervention. In the context of a MAB problem, 

as described earlier is known as a contextual bandit problem (Rosman et al., 2016) 

 

The second assumption is that the simulation will use four categories of students, based on how 

they respond to different interventions. These categories are outlined in the next section, but are 

conceptual in nature and do not define a specific intervention, like a tutorial etc. Rather, these 

categories represent what would be current and incorrect for an agent to recommend within a 

system. 

 

The third assumption is that the simulation does not focus on how well recommending a specific 

domain-specific intervention works. This means that the agent does not have to learn the exact 

actions that correspond to each intervention type for each student category. Instead, the simulation 

focuses on whether the agent can learn the general effectiveness of each intervention type for each 

student category. This means that the agent only has to learn which intervention type is the best 

for each student category, and not the specific details of the intervention. For example, the agent 

does not have to learn whether a student needs more practice, feedback, or motivation, but only 

what would happen to the agents own learning if they are faced with the correct, partially correct, 

incorrect, or unknown intervention recommendation to a student. 

 

Another assumption is that the reward functions are known for the purpose of evaluating the agents 

learning. The Last assumption is that interventions only focus on maximising the reward. This 

means that the agent does not consider any other factors or objectives when choosing an 

intervention, such as the student’s satisfaction, engagement, or well-being. The agent only cares 

about the reward, which is a representation of how well the interventions work given the 

parameters of the simulation. The agent will try to choose the intervention that has the highest 

expected reward for each student category. In other words, what is considered instead is whether 

an effective intervention can be made, as well as the effect thereof on the cumulative rewards. For 

example, the different arms of the MAB represents either a good or a bad intervention and it is up 

to the algorithm to learn which interventions are good or not. In the next section, the outcomes of 

the different interventions used in this simulation are defined. 
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5.3.1.2 Defining the Different Interventions and Classes 

In this study, we propose a model that simulates how an agent within a system can recommend 

educational interventions to students based on their needs and preferences. Even though we are 

describing these recommended interventions in the context of students, the agent will have a MAB 

problem for each student, so that the different types of interventions are recommended to the 

various different needs students face. Educational interventions are actions or strategies that aim 

to improve the learning outcomes and well-being of students, such as tutoring, feedback, 

mentoring, counselling, or peer support, to name a few. These interventions can vary in their 

effectiveness depending on the type and level of the problem faced by the student, such as 

academic, behavioural, social, or emotional. It is important for the agent to learn from the feedback 

of the students and adapt its recommendations accordingly. To do so, we frame the different 

interventions and classes for a MAB problem. The MAB problem models a situation where the 

agent has to choose one of several possible interventions for each student, without knowing the 

exact reward of each intervention in advance. The reward is a measure of how well the intervention 

matches the student’s problem and helps them achieve their goals. For the experiments we will 

measure the cumulative rewards, but it must be kept in mind that this learning will take place for 

each student. The system’s objective is to maximise the cumulative reward over time by exploring 

and exploiting the best interventions for each student, separately as the system learns over time.  

 

To simplify the simulation, we assume that there are four different classes of students, each with 

a different problem and a different optimal intervention. We also assume that there are four 

different types of interventions that the agent can recommend, each with a different reward 

function. The reward functions are predetermined, but the agent does not know them in advance. 

It has to learn them through trial and error. We incorporated the known outcome to evaluate how 

the agent learns over time, without this knowledge. The first type of intervention represents the 

incorrect intervention. If the agent chooses this, there will be no reward. This means that this 

intervention does not match the problem it is trying to address. For example, if the student has a 

behavioural or socio economic problem, and the agent recommends a tutoring session, this would 

be an incorrect intervention. The second type of intervention represents the unknown intervention. 

If the agent chooses this, there will be an unknown consequence; in other words, instances where 

an intervention is recommended without the outcome being known. As we define the different 
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classes of students, an unknown consequence could either represent a weak reward, or no reward, 

depending on the class of student. For example, if the student has a social problem, and the agent 

recommends a counselling session, this could be an unknown intervention, as the outcome may 

depend on the quality and suitability of the counsellor, or some latent problem the student may or 

may not have, which may or may not impact the outcome. 

 

The third type of intervention represents the correct and ideal intervention. If the agent chooses 

this, there will be the highest reward based on the actions taken. This means that this intervention 

matches the problem faced by the student and helps them achieve their goals. For example, if the 

student has an academic problem, and the system recommends a feedback session to that specific 

problem, this would be a correct and ideal intervention. The correct intervention can only be known 

once it has impacted the outcome of the student, and extensive research is needed to fine tune these 

results. 

 

Finally, the fourth type represents the partially correct intervention. If the agent chooses this, there 

will be a reward, but one that is weaker than the ideal recommendation. This means that this 

intervention may work for some students, but not for all students. For example, if the student has 

an emotional problem, and the system recommends a peer support session, this could be a partial 

intervention, as the outcome may depend on the compatibility and availability of the peer. 

 

All reward functions for all interventions are predetermined but the agent does not know this 

context because the agent is learning the rewards to given actions taken for different classes. This 

is so that the agent’s performance may be evaluated by looking at the cumulative rewards. In this 

simulation, four different intervention recommendations will be given to students by the system. 

This means that the agent can take one of four actions to solve the MAB problem. Instead of 

attaching a specific type of intervention to a specific type of problem, this simulation involves 

abstracting the concept of a student simulation to the concept of its likelihood to work. In reality, 

these interventions and their use cases need to be tested on a case-by-case basis (Table 5.1). 
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Table 5-1 MAB arm representation in the context of student recommendations. 

Name Name Description 

Incorrect Arm 1 The incorrect intervention 

Unknown Arm 2 An intervention with an unknown consequence 

Correct Arm 3 The correct intervention 

Partially correct Arm 4 An intervention that may work, but not in all instances 

 

As mentioned prior, four classes of students will also be represented in the simulation, and in the 

next section we will outline these. 

 

5.3.1.3 Defining the Class of Students in the Simulation 

The simulation used four categories of students to represent how they may perform academically 

with or without an intervention. The intervention can be correct, partially correct, incorrect, or 

unknown, depending on the student’s needs. The simulation will assume certain probabilities for 

each student category and intervention type and use them to explore the effects of different 

interventions on the system and the problem-solving process. The four student categories are: 

Category 1, who will succeed regardless of the intervention; Category 2, who will succeed if they 

receive the correct intervention, and have a 70% chance of succeeding with the partially correct 

intervention and a 50% chance with the incorrect or unknown intervention; Category 3, who will 

succeed if they receive the correct intervention, and have a 50% chance of succeeding with the 

partially correct intervention and a 25% chance with the unknown intervention, but will fail with 

the incorrect intervention; and Category 4, who will only succeed 50% of the time with the correct 

intervention, and will fail with any other intervention. Each student category represents a different 

environment that influences their learning outcomes and behaviours. The simulation will help to 

identify the best intervention for each student category and to evaluate the impact of the 

intervention on the system and the problem-solving process. In the context of the MAB problem, 

this also means that each class of student represents its own environment (Table 5.2).  
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Table 5-2 Summary of simulation parameters in the experiment. 

Category 

number 

Environment 

number 

Likelihood 

to pass for 

incorrect 

Likelihood to 

pass for 

unknown 

Likelihood to 

pass for 

correct 

Likelihood to 

pass for 

partially 

correct 

1 1 100% 100% 100% 100% 

2 2 50% 50% 100% 70% 

3 3 0% 0% 100% 25% 

4 4 0% 0% 50% 0% 

 

For the purpose of explaining the results, there is a balanced number of students between the 

classes and for each environment. As such, for the simulations, the episode number will be set to 

500, representing 500 students per class category of student (n = 2000 students). Phase II of the 

simulation is described next, with an emphasis on the algorithms used. 

 

5.3.2 Phase II: MAB Algorithms Used in the Simulation 

In this simulation, three different approaches to decision-making algorithms for the MAB were 

used namely: a random agent, epsilon-greedy, and upper confidence bound (UCB). The three 

approaches represent three different ways in which a MAB would make decisions within the 

environment over the number of specified episodes. Firstly, the random agent, is one that takes 

random actions in the simulation. The random agent was included to understand what the 

consequences would be if a system had to randomly implement decisions that led to student 

intervention recommendations within this specific context. In other words, what would the 

outcome be if decision were just made that were random, uninformed, and did not learn from any 

context over the number of episodes. The second algorithm, epsilon-greedy, explores the trade-off 

between exploration and exploitation (Umami and Rahmawati, 2021). In this instance, exploration 

refers to the MAB trying out different options to learn some context about their potential rewards. 

Exploitation on the other hand represents actions that yield the highest number of estimated 

rewards, given the current knowledge within the learning process of the algorithm. In other words, 

the agent implementing this strategy takes an action with an unknown return or reward. Once the 
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action is taken, the agent is then given the reward for the action and repeats the process. The epsilon 

part of the algorithm is the percentage of times an agent decides to choose an arm with an unknown 

outcome. If epsilon is too high, it will behave like a random agent; if epsilon is too low, the agent 

will be too conservative. What this algorithm tries to achieve is to maximise the reward function 

by exploring and exploiting actions with known and unknown reward functions. For the 

simulation, epsilon was set at 5%, representing an exploration of 5% within the simulation where 

the agent would explore. The last algorithm used is upper confidence bound (UCB). With UCB, 

an exploration/exploitation framework like epsilon-greedy is used. However, unlike epsilon 

greedy, the trade-off is calculated and updated as the agent learns more from the environment (Li 

et al., 2020). This means that UCB learns more the more it interacts with the environment, and so 

maximises the reward functions from the environment over time. To do so, UCB has the goal to 

balance the trade-off between exploration and exploitation in an optimal manner. UCB assigns a 

confidence bound to each arm’s estimated reward by making use of uncertainty. In this instance, 

the uncertainty is represented by the upper percentile of a confidence interval. UCB then chooses 

the arm with the highest upper confidence bound which favours arms that could yield the highest 

potential rewards. As the algorithm learns, it refines its estimates and the upper confidence bound 

becomes more specific as decisions are made over time. Many better MAB algorithms, such as 

Bayesian Policy Reuse and Temporal Difference Learning (used in a full reinforcement learning 

problem), can be used to solve the MAB problem (Rosman et al., 2016). For the purpose of this 

simulation, however, the emphasis was placed on the impact of learning, knowing context, and 

testing the framework, rather than optimising the MAB decision-making algorithm. The following 

section discusses phase III of the simulation, specific to the visualisation of the simulation, for the 

contextual representation of the results. 

 

5.3.3 Phase III: Visualisation Illustrating the MAB Simulations 

To visualise the data from the simulations, both the distribution of the chosen recommendations 

and the cumulative rewards, plotted over the number of episodes, were shown. To obtain a 

distribution of the possibilities within the experiments, each of the three algorithms were repeated 

10 000 times. That is, there were 10 000 runs per algorithm, for 500 episodes per run, to illustrate 

the full distribution of the possible outcomes of the algorithms and to show potential confidence 

intervals within the cumulative rewards as the breadth of the algorithmic distributions were shown.  
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In this context, we are dealing with the outcomes of three distinct algorithms, and a random agent, 

each repeated 10,000 times over 500 episodes. The purpose of these repetitions is to capture the 

full spectrum of potential outcomes, thereby providing a comprehensive overview of the 

algorithmic distributions. The visualisation of this data is achieved through a combination of bar 

charts and a cumulative reward graph. The bar charts, four in total, are positioned adjacent to the 

main visualisation. Each bar chart represents one of the four ‘arms’ that can be ‘pulled’ in the 

algorithmic process.  

 

Complementing these bar charts is the cumulative reward graph. This graph plots the cumulative 

rewards over the number of episodes, providing a visual narrative of the algorithm’s performance 

over time. The mean line serves as a reference point, indicating the average reward at any given 

episode. However, the true power of this graph lies in its ability to illustrate the range of possible 

outcomes, which will be shown using a shaded representation surrounding the mean line, 

represented by an upper and lower limit. These limits are derived from the outcomes of all 10,000 

runs, encapsulating the breadth of the algorithmic distributions. This interval serves as a visual 

indicator of the reliability of the mean line, providing context and allowing for a more nuanced 

interpretation of the data. The combination of these visual elements - the bar charts and the 

cumulative reward graph - creates a powerful tool for understanding the behaviour and 

performance of the algorithms. By presenting the data in this way, we can gain insights that would 

be difficult, if not impossible, to obtain through numerical analysis alone. However, it’s important 

to remember that these visualisations are merely tools. They do not provide answers, but rather 

guide our understanding and interpretation of the data. In the next section the results will be 

illustrated. 
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5.4 Results and discussion 

The first simulation illustrated the outcomes of deploying a random agent (Figure 5.5). 

 

 

Figure 5-5 Random agent recommending intervention simulation. 

As seen in the diagram, students who will pass regardless of the intervention (Environment 1) 

remained unaffected. Within the experiments the agent did not learn. It may seem like learning 

took place; however, the confidence intervals were as a result of a smoothing artifact. Across all 

the environments, the agent chose a random intervention for each of the four options. There were 

significant consequences for Category 2 (Environment 2) (average 65%; CI 62 – 69%), Category 

3 (Environment 3) (average 42%; CI 38 – 45%), and especially Category 4 (Environment 4) 

(average 10%; CI 8 – 12%) students. What this simulation illustrates is that the consequences of 

random interventions will not affect students who will pass no matter the intervention. The effect 

on students who require a particular intervention will be influenced, and only approximately a 

quarter of the cohort in this simulation will get the correct intervention. In a real-world example, 

the number of recommended interventions will determine the distribution of the interventions 

across a cohort. The more interventions there are, the greater the potential harm will be for the 

different classes of students. Fewer interventions will yield a lesser impact in such a system. In the 

second simulation, the epsilon-greedy algorithm was implemented (Figure 5.6).  
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Figure 5-6 Epsilon greedy agent recommending intervention simulation. 

 

As expected, Environment 1 was unaffected by whichever intervention was recommended. 

Environment 4, representing Category 4 students (average 20%; CI 2 – 35%), was affected most. 

Interestingly, both Environment 2 and 3 (average 80%; CI 75 – 90%) had similar results in terms 

of the overall cumulative rewards. For Environment 2, the distribution of interventions chosen 

ranged from the correct intervention to the partially correct intervention. This could be due to the 

likelihood of getting a seemingly optimal reward for the distribution of Category 2 students from 

Environment 2. Another observation specific to Environment 4 pertained to the range of 

consequences potentially associated with exploring interventions if the class requires a specific 

intervention. Although the upper limit of recommendations was 35%, the lower limit was 2%, 

indicating that there are instances where a random agent may have outperformed an agent 

exploring interventions where consequences were attached. What is important to note about these 

experiments is that the convergence rate can be improved with better hyperparameter design, and 

in this case, a better decay function for epsilon as it changes over time. Epsilon is a parameter often 

used in reinforcement learning algorithms, including Multi-Armed Bandits (MABs). It represents 

the exploration rate, i.e., the probability of choosing a random action instead of the one that the 

model believes to be the best. A decay function is used to decrease epsilon over time, allowing the 

model to explore the environment widely in the early stages of training and then gradually focus 

more on exploiting the best actions. A well-designed decay function can balance exploration and 

exploitation effectively, leading to better performance. The purpose of this part of the simulation 

was not to optimise the algorithm but rather to illustrate fundamental differences within different 

approaches taken for this specific MABs. 
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For the last experiment, UCB outperformed the previous two algorithms, and the ranges for each 

of the environments (2, 3, and 4) were closer to the average score. This is an indication of the 

consistency in the results over a 10 000 run simulation (Figure 5.7).  

 

 

Figure 5-7 UCB agent recommending intervention simulation. 

 

For the UCB agent, optimal hyperparameters can be designed to reach a convergence sooner in 

the experiment (Li et al., 2020). As stated before, the purpose of these experiments was to apply 

these three algorithms to MABs to illustrate the impact of them on these environments, and further 

studies can optimise the hyperparameters as well as refine the environments.  

 

Student retention and dropout remain a universal problem within higher education. Considerable 

attention has been given to addressing this problem, but it remains unsolved. Several strategies 

have been implemented to address this problem, including the use of automated systems to address 

the needs of students. As promising as these approaches are, nuanced approaches that change over 

time are needed to address students’ continuous needs. Furthermore, various support and student 

intervention strategies have been implemented, but the use case of these is bound to specific 

contexts. As such, these do not always scale to all institutions or address the broad scope of the 

challenges higher learning institutions face. This chapter exemplified how such an adaptive 

framework may be implemented over time, but also that there are considerable areas that require 

further investigation for such systems to work well within education implementing a system using 

MAB.  Moreover, the types of interventions that address specific problems students face differ 
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vastly, depending both on the context and the students’ needs. On the basis of the experiments 

performed, a few important observations were made; these need to be considered for any system 

that uses an autonomous decision-maker that learns from the data over time. The first important 

observation is that the consequences of an agent acting randomly does not learn over time. 

Additionally, from this particular outcome is the comparison of Environment 4 from the epsilon-

greedy agent to the same environment for the random agent. Hyperparameter fine tuning would 

assist with this problem. This observation is an indication that, in certain instances, a system can 

be used to make recommendations, while this should not be done in others. The challenge would 

then be to rather identify which interventions can or cannot be solved by a recommendation. 

Secondly, as seen in across all the experiments, students that will pass no matter the intervention 

were unaffected by the algorithms. This too is an important observation. As with the previous 

observation, the challenge lies in the identification of these students and there would be a need to 

explore more sophisticated algorithms that can take action by probing participants and gathering 

additional data to make a decision. The third observation highlights that the initial number of 

episodes require leeway to explore. As outlined in Chapter 3, this can potentially be performed 

based on an off-policy or batch-learning basis. These types imply that the learning takes place 

offline with data about the system prior to implementing the real-world steps. What is further 

promising about this potential approach is the use of synthetic data prior to the implementation, as 

outlined in Chapter 3. If an institution has limited available student cohort data, this approach 

might be a viable option, as the synthetic data produced can be useful in generating enough 

contextual data to simulate enough of the student cohort to test the system and the simulations 

before system implementation. 

 

5.5 Considerations for practical system implementation 

The purpose of this section is to highlight considerations when practically implementing the 

framework within an education context. These include, but are not limited to, a student data 

simulator, and a systemic intervention system. A student data simulator (SDS) addresses the 

challenge of generating infinite synthetic data from a specific student cohort. Such a system 

alleviates the fear of sharing personal information, while having the ability to generate endless 

synthetic data that can be used as training data for a machine learning task in the education context. 

Another important feature of such a system is the ability to infer probabilities within a network to 
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gain insight into the likelihood of a particular student or situation to occur. The systemic 

intervention system (SIS) on the other hand is a system that can scale student support within online 

systems based on the best way to address a challenge a student faces. Such a system would run 

concurrently while students interact with an online platform like a learning management system. 

An SIS would use specific features and context obtained to learn which recommendations best fit 

the student problem. To elaborate on the practical considerations for system implementation, the 

two aforementioned systems (SDS and SIS) will be used as examples to illustrate the challenges 

these systems need to overcome, starting with an SDS.  

 

5.5.1 Student data simulator (SDS) 

The first system that can be built from this framework is a SDS system. An SDS is a system that 

can both model and generate data representing a student or multiple students within a specific 

education context (see Chapters 3 and 4). The data generated can range from simple to complex 

and should include as much context about the student so that the user of such a student simulator 

may tailor the data needs to their requirements. Such a student simulator is useful for synthetic 

data generation, probabilistically modelling data within an institution, and can be used for sharing 

large amounts of student data build from training data originating within that institution. As noted 

earlier (see Chapter 2, section 2.3.3), data sharing poses major challenges in the machine learning 

for education domain, and such a system may provide a viable solution to this problem. As such, 

the following steps outline what is needed to create such a system: 

 

Step 1: Regulatory approval to use the data for an SDS 

For the student data simulator to be contextually relevant there needs to be a small sample of real-

world data from hence the probabilistic models are built. For this step to be implemented correctly, 

the data, its context and the required ethics are needed. Even though the SDS can generate infinite 

data, the training data to build the SDS still requires ethical approval and the correct data masking 

to adhere to all the requirements from the required data regulatory bodies so that it can be used in 

such a system.  

 

 

 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 

125 

 

Step 2: Define the computational resources needs for the system 

Training a probabilistic model like a Bayesian network (BN) structure and parameters from data, 

is computationally expensive and requires a lot of resources to build. As a result, there is a need to 

balance the number of students to effectively train the model, especially in low resource or low 

data contexts. For example, a first year education cohort may have 400+ students, but a first year 

philosophy cohort only 15. The number of variables to use and the requirements are determined 

by the complexity of the data, and the type of BN that will be used to build the data. According to 

Joubert and De Waal (2020), when building a complex BN like an activity-based travel demand 

network, a rigorous process is needed to regularly test the accuracy of the models. This testing, in 

addition to the building, requires computational resources and depending on the complexity of the 

data and the BN methods used, the computational resources need to match that. 

 

Step 3: Feature engineer the data 

For certain use cases, this will mean that there will be context that is lost as a result of this type of 

feature engineering. For example, a student mark would need to be presented as a category rather 

than a specific percentage. As such, the feature engineering used to test the variables and the 

number of categories for each node needs to be predetermined. The specific choice over the best 

method to use will depend on the data and the use case. This does mean that the feature engineering 

would require different approaches to test the best fit for the specific system within a specific 

institution. Additionally, the distribution of the data used in the training may be unbalanced (see 

Chapter 3, section 3.3.2.1). As a result, different BNs are required to be built to test the best fit BN 

for the problem (see Chapter 3, section 3.5.4). 

 

Step 4: Build, evaluate, and compare different BN during the pilot phase 

As outlined in Chapter 3 (see section 3.3.3), different scoring methods and approaches can be used 

to build a BN when it learns from data to generate the structure and learn the parameters. As a 

result, the initial pilot phase should include different BN built from data using these different 

approaches. Based on the study, an initial sample size of a minimum of 100 samples is needed to 

build the network, and the training data for the BN should therefore be based on a minimum of 

100 deidentified, feature engineered samples representing a student cohort. Once the different BN 

have been built, the models need to be validated. The first validation is based on the similarities 
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between the BN, specific to the number of connected and disconnected nodes (see Chapter 3, 

section 3.5.4). Once the networks have been validated, the best fit BN needs to be presented to 

experts within the domain for further validation. The purpose of this validation is to reach a 

consensus over the BN that best learned from the data, based on expert context. This includes the 

involvement of people with expertise in the variables associated with the construction of the BN. 

Once a consensus is reached, synthetic data needs to be generated from the BN of choice to be 

validated.  

 

Step 5: Test the utility of the BN using a ML classifier 

Once the synthetic data has been generated using the aforementioned BN, different ML classifiers 

need to be fine-tuned and tested to evaluate the utility of the data. In addition to this, how well the 

classifier performed at all class predictions needs to be assessed. As noted in Chapter 3 (see 

sections 3.5.5 – 3.5.7) certain classes may yield a better accuracy than others. There could be a 

variety of reasons for different class variables performing better in the classification task (see 

Chapter 4, section 4.4), of which the learning curves can provide context into whether or not the 

model is overfitting, underfitting or learning at a sufficient rate from the training data. Once the 

correct training data features have been engineered, the BN has been built, the utility has been 

tested, and a consensus is reached between experts on the best BN to use for the SDS, the user 

interface may be designed, and the system may be deployed. 

 

Step 6: Design considerations for implementation 

A challenging factor is the user interface for such a system. The decision makers, researchers and 

users that can find meaning in the inferences generated from such a system need to be able to 

navigate such systems without being an expert user. This is because the depth and level of insight 

that can be generated by using inference in a BN, does require contextual understanding into the 

underlying data. For example, if a student simulator was built on all demographic, academic, 

learning-management system, and socio-economic data about a student, a user of such a system 

needs to have well defined and well-articulated questions in order to derive meaning from such a 

system. This means that expert level-training to use and navigate around a student simulator is 

required, and an investigation to optimise the level of understanding to manage such a system, is 

needed. Another challenge to overcome relates to the visualisations needed to properly monitor 
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and evaluate such a system. For a student simulator to effectively work, different institutions need 

a data sharing framework and the legal instruments to ensure that the data, and the unintended 

consequences of sharing such data, are well understood. Although there are no foreseeable direct 

risks associated with the implementation of a student simulator, there still is a need to conduct 

such experiments to ensure that the benefits of having such a system are properly understood. Next, 

the practical considerations associated with a systemic intervention system (SIS) will be outlined. 

 

5.5.2 Systemic intervention system (SIS) 

A SIS is a system that considers some contextual knowledge about users within a system and uses 

that context to recommend an intervention within a system. Although the task is a recommender 

problem, the systemic intervention system does not work as an information filtering system. 

Instead, such a system uses information learned about a particular problem and a possible solution 

within a MAB context to recommend a particular intervention (see Chapter 5, section 5.2.3). 

Practically put, such a system would be presented within an online context, or within a platform 

where students engage online in a regular manner. In the next section the steps to building such an 

SIS system will be outlined. 

 

Step 1: Define which signals the MAB learns from, including the actions the agent may take 

The MAB would present certain content to the users. This content would be the intervention. The 

MAB would navigate which content recommended to users would be the most useful, based on a 

certain signal. This signal can be in the form of a combination of click data, and the duration 

students spent viewing the content that was recommended. These signals can provide the feedback 

the system uses to update the rewards. To this extent, a feedback loop that the users, in this case, 

the students, provide on a recommendation made that added meaning, may be useful. Another 

signal that the agent can have is from the academic advisors or educators within the system. If a 

series of recommendations are made, then the agent can present the lessons learned to a group of 

internal users within an education institution. The expert users can then provide feedback to the 

system, and the reward functions can thus be updated. A drawback with both of these approaches 

is that the turnaround time for this type of feedback might take too long and the agent might only 

update a particular recommendation after having implemented the same strategy for a while. As a 

result, there is a third type of solution to this problem, and that is to collect real time data on the 
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interventions themselves. The signals, the approach and the actions the agent takes needs to be 

decided upon prior to the development of the SIS as these design choices will influence all areas 

of the MAB.  

 

 

Step 2: Reach consensus on the student interventions and their impact  

Suppose a system recommends a student to seek academic advising, for example. If the frequency 

of students entering academic advisors was monitored, then the system can look at a relative 

proportional increase of students going for academic advising as a result of the recommendations. 

The problem with this is measuring the impact of a student going to an academic advisor. For 

example, if an SIS recommends 500 students to seek academic advising, how will the impact of 

the advising be measured? Although not perfect, there are measurements that can be put in place 

to quantify these in real time, such as putting in a measurement or model that can measure impact 

based on some criteria, that is then collected and given to the agent as a signal. Another problem 

a student systemic intervention system can solve is figuring out which interventions best fit 

different problems. Much like a clinical trial, a MAB can also be used in the form of AB testing to 

measure the impact and efficiency of different types of interventions that students require within 

a complex education system. If students are presented with different types of content, for example, 

given a specific educational challenge, the MAB can learn which recommendations were the most 

useful to the students. Thus, a consensus needs to be reached between experts within a particular 

context over which recommendations the agent may use as actions within the system. 

 

Step 3: Choosing the best MAB and mapping unintended consequences 

Choosing the Best MAB to fit the problem requires testing of the learning rate, cumulative rewards, 

and the approaches used to optimise the system, including the signals used. As such, a variety of 

different MAB approaches may be taken. One recommendation to contextualise the SIS to a 

specific context, is to learn from prior data in the form of a contextual bandit or an algorithm like 

Bayesian Policy reuse (Rosman et al., 2016). Once decided upon, the different algorithms are 

required to be tested in a simulated environment prior to live testing. During this time, it would be 

useful to map out the potential unintended consequences of implementing such a system. The 
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mapping exercise should include what to do if either the system, student or any person within the 

institution is faced. The following scenarios and guiding questions may assist with the mapping: 

• Suppose an incorrect recommendation is made to a student that does not address the 

problem the student is facing. How will these students be identified? How will these 

problems be addressed?  

• Suppose there is a negative consequence towards a student as a direct result of the  

recommendation made to a student. Who will take accountability for this problem, the 

engineers that built the system or the panel of experts that agreed upon the recommendation 

the agent in the system was allowed to make? What data should the system collect to learn 

from this context and prevent further harm? What are the procedures that should be in 

place, to prevent any further harm to students?  

• If the recommendation does not address the challenges the student faces, where should the 

student be referred to? 

• If the system fails due to physical problems like internet connectivity, what measures 

should be in place to mitigate risk and prevent bottlenecks in terms of recommendations? 

• How will the impact of the recommendations within the system be measured? 

The guiding questions mentioned earlier are not the only ones considered in this mapping exercise. 

However, they hold significant importance when dealing with systems that necessitate the 

collaboration of human judgment and computer-based decision making. Due to this, a student 

systemic intervention system can thus be used to recommend interventions to students, as well as 

be designed in a way to learn which interventions work best for different problems a student faces 

within a complex education system. Such a system can add immense value to an education 

institution at both learning what works best for students and which interventions work best to fit a 

particular problem students face. 

 

5.6 Conclusion 

To create effective smart systems within higher education institutions, it is crucial to design models 

that are generalisable and adaptable to the similarities and differences among students. This 

requires a combination of education theory, human intervention, adaptability, and human-machine 

interactions embedded within the system. Analytical and computational models, including 

analytics, and reinforcement learning algorithms, need to be evaluated as part of the fundamental 
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process of establishing such a system. However, it is important to note that technology alone 

cannot define the boundaries and scope of interventions and processes within the education 

context. Understanding how to implement interventions within complex systems is vital, and 

coupling the science of systems learning with domain-specific knowledge is essential for success. 

While the rapid advancement of technology may hold promise in improving student throughput 

and retention rates, prioritising our fundamental understanding of concepts is crucial for 

responsible implementation of autonomous learning in education. 
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CHAPTER 6 CONCLUSION 

In this thesis, the main question “Can education be abstracted in a framework and conceptually 

studied for a student intervention process?” was addressed throughout all the chapters. The thesis 

started by framing the theories and approaches to address the question. The main contributions of 

this thesis included synthetic data generation practices, measuring utility using machine learning 

classification tasks, framing higher education as a complex system within the lens of systemic 

intervention, applying principles of synthetic data generation to a real world dataset, designing 

experimentation for systemic intervention as a multi-armed bandit problem and the conceptual 

design of the aforementioned conceptual contributions to real world application. To this extent, 

how a systems approach and complexity theory in the context of higher education are applied was 

outlined. This approach (as outlined in Chapter 2) provided the systemic outline to unpack the 

student intervention framework, which included elements of complexity theory, systemic 

intervention, synthetic data generation and an autonomous decision maker into the overall 

framework. These theories were contextualised to a known system theory, specifically systemic 

intervention. For each of the subsequent chapters, these theories were applied and all experiments 

within each chapter represented the complex system in a simplified manner, which would have 

been otherwise impossible if not for the application of these theories. 

 

In Chapter 2, challenges faced in the education domain with regard to available data, data sharing, 

systemic interventions and challenges in the education context was outlined. In Chapter 3, the 

challenge of data sharing, and a lack of available data was addressed by means of generating 

synthetic tabular data for the education context. In Chapter 3, different methods to generate 

synthetic tabular data using different models were explored. Furthermore, in Chapter 3, the utility 

of these models was measured using a classification task. Based on these findings, a Bayesian 

Network using Bayesian information criterion as the score based method to generate the direct 

acyclic graph was the best model to generate synthetic data. From this chapter it was observed that 

the models overfit and underfit the data. To address both of these issues, it was recommended that 

more complexity is introduced into the underlying data when discrete variables are used as well as 

a larger synthetic dataset is used when testing the models. From the experiments, when the original 

data are used as the training data, with the synthetic data as the test set, the models could make 
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some predictions but, in most cases, it was not ideal. A markable difference was observed between 

data synthetically generated using probabilistic models against the deep learning models. 

Probabilistic models did perform better overall, but the authors note that additional studies 

incorporating better hyperparameter fine tuning would have the potential to improve the 

performance of the deep learning models. Across all models used, a score based method produced 

the best results, and this informed the application of this context to the real-world dataset.  

 

In Chapter 4, these aforementioned concepts from Chapter 3 were applied to a real-world dataset, 

the University of the Free State, Economics and Management Sciences. The results obtained from 

the synthetic data demonstrate that this approach can accurately generate synthetic student data, 

effectively capturing the complexity of the education system. Another important observation is 

that the experiments conducted also provided insight into the underlying associations within the 

data, which are useful observations in understanding how complex systems relate to one another 

using data. These inferences are a biproduct of using a probabilistic model, and although not 

explored in this thesis, highlights an area for future research in this domain. Although the 

complexities of these systems were not fully explored in this thesis, how the framework applies to 

the education context was outlined and tested. 

 

Lastly, in Chapter 5, the education student interventions recommendation problem was abstracted 

as a stateless multi-armed bandit problem. Based on these findings, it is suggested that researchers 

and scholars need to know the impact of an intervention before rolling-out such a system at scale 

to prevent some of the unintended consequences such as the potential harm of recommending an 

intervention that might negatively impact a student. Another important contribution was the impact 

of discovering the potential harms associated with an autonomous decision maker exploring 

interventions if the impact of the intervention or the type of intervention the student requires is not 

known.  

 

In conclusion, this research has illustrated the use of complexity theory and systemic intervention 

in understanding and studying higher education as a complex system. The intricate interplay of 

numerous components within the educational system, from students and lecturers to resources and 

policies, was examined through this lens. This approach has provided a holistic perspective, 
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revealing the system’s emergent properties and the often non-linear effects of systemic 

interventions such how useful it is to understand utility, and what systems like a multi-armed 

bandit are capable of if provided the correct context. However, the inherent complexity and 

context-dependency of educational systems necessitate ongoing monitoring and adjustment of 

interventions. The insights gained are invaluable for the future of educational practice that can lead 

to better refinement of training and ultimately an adjustment to policy to address data sharing 

issues, studying systemic interventions within complex systems and the upskilling required within 

the education system to make use of the potential emerging technologies within this domain. 

 

6.1 Limitations of the study 

Understanding complex systems and how the relationships between complicated systems within a 

complex system interact with one another remain a challenge. Oversimplifying a complex system 

allows for the understanding of the system, but with this understanding comes a loss in context 

and a reduction in the specific details that make up a system. To this extent, the data used in the 

experiments from this thesis were specific to a faculty within a South African university. If more 

data, and more complicated data were used, deeper insights would be gained from applying the 

approaches in this thesis. It is therefore recommended that with each complex system level study 

conducted, that the smaller subunits consisting of the systems themselves are well understood. 

This means that studies that focus on the context of education in all its forms and complexities 

from a systems level perspective needs to be studied. As the metrics and science of exploring the 

impact of complex systems increase, so too will the understanding of how to implement these in 

the context of a framework. It is therefore also recommended that as the fundamental thought 

processes surrounding complex systems increase, so too should the supporting science and 

integrating the philosophies to the systems being built are vital for better systems and better 

associations to be created within such systems. This includes more studies on synthetic data for 

education, multi-armed bandit problems for education, and better data to perform more 

sophisticated experiments. The last limitation of the study is the acknowledgement that 

interdisciplinary fields combining education with data science is not yet common practice, and 

there still remains a need to frame problems in this domain so that an entire range of scholars can 

contribute toward this emerging scientific field. 
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6.2 Next steps 

The findings of this study highlight a need to explore the GANs ability to generate synthetic tabular 

data for the education context  in more detail. As outlined in the thesis, the GANs performance of 

generating synthetic tabular data for the education context can be improved with extensive research 

on the various hyperparameters that can be fine-tuned, exploring different types of network 

architectures, and measuring the outputs changes to different loss functions used. Grounds for such 

an extensive deep learning study is justified by the successes other researchers have had in the 

domain by fine tuning tabular data and image data. Based on the promising results of this study, 

synthetic data generated in education should be explored to improve better data sharing practices 

and increase the number of studies in this domain. Better data sharing practices and better ways of 

generating synthetic data means that more people will have access to large amounts of information 

to develop better models for education. This includes the incorporation with more complex 

datasets and data types for education. Furthermore, different types of classification tasks should 

be explored for the education domain. This includes applying classification tasks trained on text 

data from student assignments, tabular data that includes complex variables such as attendance, 

food security data, and safety data, among others. A viable data sharing framework for generating 

and sharing synthetic data for education should be created so that researchers in the education 

domain can collaborate and innovate new ways of supporting students based on data. The 

framework could incorporate synthetic data generated using a combination of synthetic data 

generated through deep learning and probabilistic models. Included in this process is the 

establishment of complete Bayesian Networks to represent these complex systems. One important 

feature of Bayesian Networks is the ability to construct inferences based on the networks 

themselves so that the probabilities of nodes within the networks may be established. These 

probabilities can assist not only in the generation of synthetic data, but also aid university decision 

makers understand the extent of their student cohort and the probabilities associated with their 

student cohorts across various departments so that causality and trends within the data may be 

explored to provide better insight into how institutions may respond to the needs of students. 

Another important area for exploration is the implementation of the student intervention 

framework on a small scale no risk student cohort using a multi-armed bandit problem. The cohort 

should be selected as a low-to-no risk students that receive interventions from a system based on 

their data. This type of quasi-experiment should first be piloted in a controlled environment and 
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then ultimately scaled to a small real-world example within an institution. To do so, several ethical, 

and governance strategies need to be in place to ensure that the experiments on human participants 

are conducted in a safe and responsible manner. Determining how such a system will learn over 

time is vital for the success of such an exploration so that these concepts may be applied to other 

reinforcement learning algorithms in this domain. The authors note that there are several 

environments and scenarios that need to be created to effectively study different algorithms in the 

education domain. This includes creating environments that can contextualise the implementation 

of specific interventions in education. For example, if a systemic intervention is going to prompt 

a student, what type of actions will the agent take, how will the reward function be measured, and 

how will the system be designed is still not known. A large amount of conceptual work is still 

required to abstract and conceptualise the extent to which reinforcement learning may be applied 

in the education domain, across all spheres. This also includes having agents and people work 

together to solve certain tasks that can be scaled to large cohorts of students, where the number of 

people to implement the intervention may be limited. To unpack and explore these concepts require 

expertise in philosophy, education, social science, computer and data science, and management, 

among others. The types of explorations and resources needed to conduct these experiments cannot 

be understated, but neither can the importance of this work. 

 

6.3 Implications for future research in this domain 

The thesis highlighted the significance of incorporating various domains into the realm of 

education. An important feature of this work is the emphasis education researchers need to place 

on system based education research projects. This includes questions in the education domain such 

as: 

o To what extent can an intervention improve academic performance? 

o Which interventions improve academic performance, given a specific challenge? 

o Which methodologies should be employed in education to monitor student progression 

ethically? 

Although these questions alone are not the epitome of possibilities in this domain, they are 

fundamental stepping stones in understanding the full extent of what a system should and 

should not do in the context of providing an intervention to students for the education domain. 

Another important implication is the type of information that is shared about the education 
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domain for researchers. In a time where data governance and the sharing of data is under severe 

scrutiny, innovation should not be stifled because of this. Instead, synthetic data may pose a 

viable solution for researchers to explore the possibilities of innovation without the risk of 

leaking personal information. To this extent, a governing body that explores the masking and 

unmasking of education data for machine learning in education research may be established so 

that data sharing is done responsibly. This could also mean that probabilistic models may be 

used as an effective blueprint for higher education data sharing. Finally, it is noted that this 

type of work requires an integrated, multidisciplinary approach by incorporating various 

domains.  
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