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ABSTRACT 

The challenges of effective teaching in mass education environments are well documented, with one of the 

recurring themes being high attrition and failure rates. This is especially prevalent in third level computing 

courses, particularly in programming based modules. The size of these cohorts generally means that 

identification of struggling students is usually only at a point when meaningful interventions are too late. 

This thesis uses new and novel technologies to provide insights and add to the existing research into areas 

of learner behaviour in large-scale programming related modules. The aim is to be able to identify new 

Learning Analytics to be used potentially as early warning indicators of struggling students. These areas 

generally have thus far either not been studied or have been inaccessible or difficult to measure. 

Accordingly, this thesis presents a series of investigative studies into student key engagement points during 

a typical programming module for post graduate conversion students, including  consideration of 1) seat 

position tracking during programming lectures, 2.) Video Lecture Capture (LC) viewing behaviours and 3.) 

Student Heart Rate monitoring during lectures.  

The first study sought to track students’ seating positions in lectures to investigate student behaviour in 

terms of preferred seating position and whether this is related to their final grade performances. Unlike 

most previous studies in this area, it did not control the students’ seating arrangements enabling an 

unrestricted study of the effects of lecture theatre seating choices on assessment performance. It found 

there was a correlation between sitting closer to the front and higher grades and assessment score. Their 

scores degraded the further students sat from the front. Students tended to sit in the same area out of habit 

throughout the module and seating was a potential early marker of prediction for module score. 

The LC Video analytics study sought to investigate and assess the impact on learning of recording 

lectures in a programming module. The study considered behavioural trends of the students towards 

lecture attendance and watching recorded lectures, such as when, frequency, duration and repeat views. It 

included an in-depth study of video viewing behaviours including dropout, pause with replay and relates 
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all of these factors to academic impact, especially focusing on academic attainment. It found that there 

were some significant measureable factors that could be correlated with student attainment.   

 

The measurement of cognitive activity using physiological means such as heart rate activity is a well-

established but mostly clinical research practice. The majority of previous studies have concluded that 

elevated heart rate occurs when an individual is cognitively engaged. This investigation area presents the 

design and results of a study of students’ heart rate activity during programming lectures. It benchmarks 

student heart rate patterns during lectures and finds that there is a significant correlation between elevated 

heart rates and higher module scores.  

The thesis then brings together the significant findings of each investigation to provide a variety of analyses 

on the combined dataset, specifically a statistical-based prediction using Linear Regression and Machine 

Learning (ML) classification modelling. The Machine Learning study provides models to classify students 

as Passing and At Risk, using common classifier algorithms including Naive Bayes, Decision Trees, Support 

Vector Machines, Artificial Neural Networks and K Nearest Neighbour (KNN) algorithms. The purpose of 

the ML strand of the study is to create models that could identify students that are likely to pass and those 

that may be at risk of failing the module. It finds that overall, MPL and Naïve Bayes classifiers and to a 

lesser extent SMO classifiers appear well suited to academic performance prediction using electronic 

attribute based data.   

In summary, the work presented throughout this thesis identifies learning behaviours that could be used to 

predict and classify students in terms of their potential course performances in programming modules. The 

models presented are based on quantifiable factors identified from the three separate investigations and 

could be used to form the basis of an early warning detection system aimed at identifying struggling students 

in a much more  timely way than traditional measurements or activities.  
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LEARNING TO PROGRAM: PROBLEMS, MEASURING 

PROGRESS AND CURRENT UNDERSTANDING  
 

 

 

1.1 Introduction and Research Motivation 

 

The digital and technology sector contributes almost eight percent of total UK gross value added (GVA) 

[1] and employs 2.1 million people (2018) [2].  In the past decade, the labour force backbone of these 

industries is Computer Science (CS) graduates with the subject discipline providing the UK Exchequer with 

the most net benefits after Medicine and Dentistry, Law and Architecture [3]. Evidence continues to point 

to the constant and vital need for a strong supply of CS graduates for future innovation, productivity and 

growth [4]. The current demand for CS graduates has resulted in increasingly larger class sizes in third level 

(non-compulsory post secondarily) intuitions in the UK (8% 2007 – 2017) [5] and worldwide, as 

exemplified by a 170% increase in CS class sizes in the USA from 2007 to 2017 [6]. 

The challenges of effective delivery in these mass education environments are well-documented and can 

contribute to less effective teaching and learning [7]. Although university education generally requires much 

self-learning, class size remains solidly at the top of the policy agenda and concerns for both faculty and 

students [8]. One of the major recurring concerns of increasing larger class sizes is high attrition rates, 

which is especially prevalent in computer programming based courses, which already suffers badly in that 

regard, with attrition rates being reported at around 11% in UK universities [9]. Given the severe skills 

shortage in the information and computer technology (ICT) sector worldwide these high non-progression 

rates in CS courses are of considerable anxiety [9].  
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Due to the fundamental importance of programming to CS, most CS degrees begin with introductory 

programming courses. However, regardless of the recognised importance of learning programming, the 

outcomes are often disappointing. Many institutes report dropout rates of 20-40% of students on such 

modules [10]. 

 

Student attrition has been discussed greatly over the years with numerous studies generally classifying 

dropout reasons into social (family, health, professional) and academic [11]. In reality, it is usually a 

complex combination of these factors that result in a student dropping out. Moreover, the high dropout rate 

factors in programming include other subject-specific influences including previous programming 

experience, university entry score, school-level success and prior mathematics-based qualifications. 

Programming is generally regarded as a relatively difficult subject [12] that can foster a “defensive, 

impersonal, guarded and competitive” [13] learning environment. Mastering programming involves a 

challenging combination of abstract programming concepts and logical reasoning processes to solve varied 

real world problems with rote learning being nearly impossible [14].  A combination of all these factors is 

generally the root causes for the struggles of students new to programming, with the consequence that it is 

these students that often end up failing or dropping out [15].  As further detailed, this thesis concentrates on 

attainment rather than attrition. The nature of the analysis throughout is targeted at prediction of learning 

attainment and eventual classification of students as likely to pass or at risk of failure. As such this requires 

a dataset of students that have returned a full suite of scores for the programming module. Consequently, 

the small number of students that completely dropped out of the course or did not complete the module due 

to illness are not considered. As such the thesis focus is on attainment and classification rather than attrition.  

Larger cohort sizes mean there are obvious increased difficulties in the early identification of struggling 

students with the intent of providing supportive interventions designed to increase the student’s likelihood 

of success. In comparison to smaller cohorts, there are generally fewer opportunities for lecturer to student 
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face time which makes it increasingly difficult for tutors to identify students “at risk” who are struggling 

with the material or failing to engage [16]. An inability to identify and consequently successfully support 

students “at risk” presents two serious threats to universities. Firstly, budgeted university revenue 

disappears if the student drops out. Secondly, student satisfaction ratings, which ultimately form part of 

university rankings tables, from struggling students tend to be lower than for more able students [17]. 

Additionally, the ICT industry loses a potential graduate recruit.  

The range of possible supportive intervention methods includes email, phone calls, group and individual 

tutorials, peer reviews and face-to-face consultations. All of these, as summerised by Choi [18] have various 

levels of effectiveness for staff faced with limited time and resources. Regardless of intervention type, an 

underlying conclusion from research in the area of actionable and impact-measurable interventions is that 

the faster the feedback loop to students the more effective the outcomes [19]. Identification of a student that 

would benefit from intervention is generally better supported with smaller class sizes, which are able to 

provide more frequent face-to-face time with lecturers [16]. The need for action may be identified through 

noticed absences, frequency or quality of questions or responses. However, these are mostly intuitive based 

first-hand measurements that are do not scale to larger classes. Increasing class sizes and in particular with 

increasing prevalence of online and distance courses has refocused research attention towards understanding 

learner behaviour using Learner Analytics (LA) [20] and in particular on the prediction of module scores 

using Machine Learning (ML) techniques.   

1.1.1 Learner Analytics 
 

LA is defined as “the measurement, collection, analysis and reporting of data about learners and their 

contexts, for purposes of understanding and optimising learning and the environments in which it occurs” 

[21]. The overwhelming focus on LA in higher education has been devoted to the analysis of big data via 

ML techniques where the data comprises large student cohorts and a large number of student data items 

[22]. The prediction of student outcomes is a core component of the field of LA. With varying degrees of 
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success prediction many of the data points used with LA are primarily based on biographical or in-progress 

statistics such as Virtual Learning Environments (VLE) interactions and interim summative assessment 

results [23]. While the use of LA for the prediction of module scores and to inform actionable interventions 

is being more established with distance learning (for example, the UK Open University’s Analytics4Action 

initiative [24]) it lacks the depth of research within the discipline of CS university courses and in particular 

with programming.  

1.1.2 Student engagement 
 

As with most programs of learning, success in programming requires a student to actively engage with the 

subject. This is especially true with a highly technical subject like programming, where problem solving 

based technical skills associated with complex theory are mastered from practice rather than rote learning. 

Typically, but not exclusively, a student that fails or drops out of a programming module does not engage 

appropriately with the module [25]. Traditionally the engagement process in learning to programming in 

post-secondary education is commonly split between 1) contact and 2) non-contact periods. Ordinarily, the 

contact points are timetabled as lectures and practical lab-based activities including workshops. In the 

former case, students are introduced to the taught theory followed by some practical demonstrations and 

active practice during the lecture. These concepts are further reinforced with timetabled labs with students 

actively engaging with programming exercises with active staff support. The activities during the non-

contact hours hold the expectation that students will continue to engage with the lecture materials, Video 

Lecture Capture (LC) videos and additional support materials, which are generally hosted on institute 

provided VLEs.  

Quantifying student engagement has long been used as an indicator of activity or potential progress for 

individual students, the cohort as a whole and overall module performance. However, the recording of 

accurate data associated with the various engagement points ranges in the level of difficulty from relatively 

simple to practically impossible.  
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Recording student engagement based on lecture attendance is a relatively straightforward process with small 

classes; however, students tend to become more anonymous in large classes [26]. Accepting that attendance 

is widely regarded to be of importance to module success [27], some institutions have sought to engage 

with large-scale attendance tracking using various automated electronic registrations at lectures. Yet, there 

are few research studies on the success of these electronic measures, particularly with programming 

modules.   

Compared to physical attendance with lectures, measuring cognitive engagement at lectures is less easily 

quantified. Some measurements such as formative quizzes delivered either during or post lecture or in situ 

feedback polls during the lecture are becoming commonly utilised in an attempt to inform on student 

knowledge assimilation of the lecture material. However, these measures take time to set up, execute and 

analyse. In reality, it is perhaps that qualified measures are still the mainstay for lecturers to decide how 

well their material is received in or around the time of the lecture. These measures are commonly judged 

on the quantity and quality of student questions and in the case of programming the quality of observed 

lecture activities such as programming based problem solving. These lecture interaction activities are 

relatively well researched in general educational terms but lack a similar depth of understanding in the 

specialism of learning to program.   

 

Mastering programming requires considerable practice, with the majority of the reinforcement of learning 

happening outside the formal contact times. There are some increasingly common measurements to gauge 

non-contact engagement. Electronic measurements such as the quantity of downloads or views of lecture 

notes and learning materials can be readily harvested from VLE statistics [23]. These are at best crude 

measurements of engagement activity and cannot measure understanding of materials. Periodic VLE 

enabled formative assessments are becoming increasing used to measure deeper levels of understanding at 
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an individual and cohort level. Scores from these formative assessments may be used to help evaluate 

cognitive engagement. Student programming activity such as code commits (lines of code, commit times 

etc.) using for example Git may also be measured. More specific technologies are becoming more 

commonly employed e.g. Codio or GitHUB education and other industry based tools and plugins for IDE’s 

such as Source Code Analyzer and Sonar tools, can be used to provide code quality analysis.   

One of the most prevalent changes in third-level education delivery over the past ten years has been in the 

introduction of Video Lecture Capture (LC). The use of Video Analytics has received much research 

attention in commercial advertising and MOOC based online courses. This type of analysis has also helped 

inform educational video best practices [28]. The research however has not thus far been extended to relate 

usage patterns in correlation to knowledge assimilation in learning programming. The proliferation of LC 

presents a unique opportunity to investigate and extend knowledge of video analytics to education and in 

particular, in this study, programming based learning videos.            

The difficulties in individually tracking student engagement in mass education generally mean that unless 

a student brings their issues to the lecturer’s attention, any lack of engagement and progress is commonly 

only identified from the results of summative assessment or possibly from a noted lack of attendance at 

contact points in the course. There is some evidence that interim assessment as part of the overall course 

assessment is a strong predictor of student success [29]. However, timing of any of these trigger points may 

be too late to provide effective support for the student. The ability to provide early warning engagement 

measures that assist in identifying such students would likely help with tackling course attrition.  There are 

a number of existing research areas, be it in terms of aptitude tests ([29], [31]) and engagement monitoring 

[32].  However, most of the approaches to date either attempt to predict long term performance, but with a 

relatively low level of predictability, or attempt to identify those students that are not engaged but often not 

at an early enough stage where supportive intervention efforts are likely to be most successful. 
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Improvements in technology have arguably exposed new methods in which student learning behaviour can 

be investigated, measured, and tracked and potentially related to engagement. There are several new 

technology based developments that have the potential to provide insights into learning behaviours at the 

class and individual level.  

 

1.2 Planned Research 

 

Section 1.1 has highlighted the worldwide demand for more CS graduates, which has resulted in larger class 

sizes at university level. At the same time the difficulties of learning how to program and the complications 

of early identification and intervention with students struggling to learn in large classes have contributed to 

a relatively high attrition rate in programming classes. Accordingly, the aim of this thesis is to use selected 

emerging technologies to contribute and progress the current knowledge of Learner Analytics (LA) of 

student programmers. This will be achieved by exploring, developing and adapting a number of emerging 

technologies to determine to what extent these technologies may offer a means of better understanding 

learning behaviour in selected areas that have thus far either not been studied or have been inaccessible or 

difficult to measure. This leads to the possibility of identifying correlation factors influencing student 

activities at key learning engagement points and potentially generating key indicators that may form the 

basis of an early warning system that could be used to facilitate corrective intervention for struggling 

students. The development of a platform using emerging technologies to measure these behavioural learning 

activities, followed by an investigation, data analysis and evaluation is the basis of this thesis.  

The research methodology used throughout this thesis could be categorized as Action Based. Defined by 

Bell [33] as applied research, Action Based research is carried out by practitioners who have themselves 

identified a need for change or improvement, sometimes with support from outside the institution; other 

times not. Practitioners acting as the originator and a participant within the research is not uncommon, 
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especially as one of the main purposes of action research is to investigate and improve on their own practice. 

Therein lays a potential conflict of interest that Bell [33] refers to as “difficulties that can arise if dearly-

held views and practices of some participants are challenged”. As such it is worth acknowledging the 

methodology used in the thesis but also highlighting the high level of scrutiny applied to the study from the 

study supervisors and progress review processes applied throughout.    

 

1.2.1 Research objectives  
 

I. Undertake a review of what is currently known of student programmers’ behavior at several 

selected key learning engagement points. 

II. Undertake a review of what is currently known of current existing technologies used to measure 

student programmers’ behaviours. 

III. Establish the potential for the use of emerging technologies to provide behavioural measurement 

instruments at the selected key learning engagement points for student programmers. 

IV. Use a number of emerging technologies to enable experimentation to acquire a substantial dataset, 

to measure and evaluate areas of key learning engagement behavior trends of student 

programmers.    

V. Provide a range of statistical and Machine Learning analyses to identify and model significant 

measurable key indicators in order to predict module scores of student programmers’ and identify 

students at risk of failing.  

VI. Evaluate the practical usefulness of the selected emerging technologies and research findings to 

provide early warning indicators for struggling student programmers in mass education 

environments.    
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The selected areas of investigation include the monitoring of student engagement, both physical and 

cognitive at two key delivery contact points commonly employed in programming modules. Those points 

are; 1.) during lectures (via attendance, accurate seat tracking and cognitive engagement measured via 

biometric sensor data capture) and 2.) the monitoring of student behaviour in relation to online course 

materials including videoed lecture capture. An understanding of any identifiable learning behaviour 

patterns and potentially relating these to student performance and attainment could arguably provide 

benchmarks for significant engagement indicators. Additionally, this analysis may well indicate areas of 

potential performance improvements in teaching. This is significant as much previous research in the area 

[33] concludes that physical engagement is statistically significant in explaining class grade and overall 

performance of students. Additionally, evidence would show once in the lecture room students who engage 

in active cognitive learning are generally more successful than those that sit and passively listen to a lecture 

[35]. Hence, there are three experimental subject areas and analysis within this thesis. These have been 

labelled as follows. 

1. PinPoint : lecture seat position tracking during programming lectures  

2. e-Point : YouTube Analytics of Lecture Capture of Programming lectures and other measurable 

electronic footprints of course activity by students.  

3. HeartPoint : Heart Rate monitoring of students during programming lectures. 

4. Data modelling: a Machine Learning and statistical analysis of the aggregated significant findings 

from the subject areas.  

 

 

1.3 Previous work in the area  
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Chapter 2 and each related chapter on each investigation contains an in-depth literature review of each 

research area; however, presented here are summaries of the current understandings gained from previous 

work in each area.    

1.3.1 Seat position tracking  

The performance effect of where students sit during university lectures has received much research attention 

[36].  Conventional teaching experience and most of the research in the area has suggested that students 

that regularly sit at the front of the lecture theatre are the most engaged and therefore tend to achieve higher 

grades than those that sit elsewhere ([37], [38], [39]). The methodology employed in most of these seating 

studies involved students being restricted to the same seat for all lectures. It is arguable that this control 

restriction improperly influences the research outcomes. It also follows that any temporal factors that may 

influence a student to change seats such as potentially influenced by engagement shifts could not be 

accessed or reported. The purpose of this area of study is to investigate and identify possible patterns relating 

to academic performance and engagement on the effects of university students self-selecting where to sit in 

a lecture theatre in computer programming modules. 

 

1.3.2 YouTube Analytics of Lecture Capture of Programming lectures  

The initial stages of the research area will be to build on the understanding gained from related research 

[28] on lecture capture YouTube analytics and how video lecture capture affects student engagement in 

higher education computer programming courses [40]. The proliferation in the use of video lecture capture 

(LC) in universities worldwide presents an opportunity to analyse video watching patterns in an attempt to 

quantify and qualify how students engage and learn with the LC videos. At the cohort and at the individual 

level the frequency, timing, viewing profiles (rewind and replay) and view time of videos are all markers 

of engagement with the videos but also potentially overall course engagement. Coupling this data with other 

likely engagement markers such as lecture attendance, online activity and outcomes from weekly formative 
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assessment, for example with online automated marking tests, may present an opportunity for early 

warnings on the cohort’s and an individual’s course engagement and progress. Therefore the purpose of this 

area of study is to investigate and identify possible viewing patterns of LC videos in conjunction with other 

technology based engagement factors and analyse the significance of these to academic performance and 

engagement. 

Furthermore, McGowan et al, [41] (not part of this thesis) illustrated that knowledge of the baseline 

performance profiles of various common teaching formats in programming LC videos coupled with 

identification and analysis of the causes of peaks and drop-offs in viewing profiles represents a feedback 

mechanism to identify deficiencies in video but also related teaching delivery. If the group and individual 

viewing patterns prove to be significant in influencing academic performance then a further analysis of the 

patterns of engagement with the teaching formats within the videos has the potential to help better 

understand inadequacies and strengths in the teaching and ultimately address some of the factors 

determining student engagement.  

 

1.3.3 Heart Rate monitoring during programming lectures  

There have been substantial amounts of study over a lengthy period of time into the variability of heart rate 

(HR) in relation to cognitive activity.  HR is the peripheral measure most used to assay effect and cognition 

[42].  As far back as the 1970s a series of experiments by Lacey ([43],[44]) demonstrated that tasks requiring 

increased cognitive processing are associated with HR acceleration. Numerous clinical experiments have 

been conducted measuring HR and cognitive tasks, including a reported increase in HR for computer gamers 

performing complex gaming tasks and by subjects performing difficult mental arithmetic [45].  Abundant 

real world occupation studies have also reported similar HR increases due to increased cognitive task load, 

such as for air traffic controllers, fighter pilots [46] and university lecturers [47]  Increased memory load 
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(number of items) was shown to be accompanied by accelerated HR ([48] : [49]). Indeed Cranford’s study 

[50] directly linked HR to varying degrees of cognitive load in problem solving and concluded that HR 

monitoring has further significant potential use in measuring cognitive load during the learning process.  

Scholey [51] reasoned that these observed increases in HR during cognitive processing are the body’s 

facilitation of the delivery of metabolic substrates to the brain that are then utilised by neural mechanisms 

underpinning cognitive performance. However, there have been a very limited number of studies in the use 

of HR as a measure of student cognitive engagement in university lectures.     

The devices used in most HR cognitive studies were generally expensive and obtrusive. Consequently, most 

of the studies suffered from small sample sizes and limited sampling points.  The prominent nature of the 

HR measuring device likely also affected the results with the students acutely aware throughout the 

experiment that their HR was being sampled.   

The recent proliferation of accurate, cheap and unobtrusive wearable devices with biometric sensors 

presents a new opportunity to perform a relatively inexpensive, natural, large scale study on the HR effects 

on students during live lectures. Additionally, the ability to link student heart rate variations provides a 

unique opportunity to better understand the cognitive engagement of the students in relation to the teaching 

formats. Therefore, the purpose of this area of study is to investigate and identify possible HR patterns of 

students during lectures and analyse the significance of these to academic performance and engagement. 

 

1.4 Thesis Overview 

 

Chapter 2 presents an overall literature review of research of the main areas of investigation of the thesis. 

Chapters 3, 4, and 5 present an individually focused literature review, research questions, methodologies, 

results and discussions on the findings for each separate investigative strand. Chapter 6 presents several 
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predictive models and machine learning based classification models based on various groupings of the 

significant factors identified from each investigative stand. Chapter 7 concludes the overall findings of 

chapters 3 – 6 before finishing with recommendations for future research.     

 

1.4.1 Contributions to Knowledge  
 

Within the scope of the chapters described and the six related peer reviewed publications, itemised below, 

the following contributions have been made within the domain of understanding learning behaviours of 

student programmers. 

1. Through the development and use of new technologies a better understanding of the behavioral 

trends of student programmers.    

2. Identification of behavioural characteristics related to attainment in programming modules.  

3. Production of several student classification models targeted at the prediction and classification of 

student attainment, to facilitate the early identification of students that are likely to fail a 

programming module to facilitate meaningful interventions.    

 

 

1.4.2 Development of data collection platform 
 

The high level system architecture (Figure 1-1) illustrates the technology and processes required to gather 

the data for each of the research strands.  
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Figure 0-1 - High level system architecture 
 

The technologies developed and used for each stand are further detailed in each relevant chapter, but an 

overall introduction to the emerging technologies that were utilized to provide the platform to harvest the 

data is presented here. The HeartPoint platform used Microsoft Band biosensor wearables linked to an 

Android app to gather the HR data which was then uploaded via a web app to an Amazon Web Service 

cloud based Database (MS SQL) application. The Android and Web apps were specifically developed for 

this research. The Pinpoint seat tracking research strand required the development of separate Android and 

Web apps to enable an authenticated, geographical and time constrained registration of student seating 

location per lecture. YouTube analytics was the primary source of data capture for LC Video analysis strand. 

Secondary analysis of the data individually was carried out using Weka open source machine learning 

software and IBM SPSS.  Additionally, there were some qualitative surveys (detailed in Appendix C) used 

in selected themes to help better contextualise the data and behaviours of the students. These are further 

detailed in each worked chapter and several are provided in the appendices of this thesis.    
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1.5 Ethics of this research 

 

This research project was conducted with full compliance with research ethics norms and more specifically 

the codes and practices established within and approved by the Queen’s Computer Science Ethics committee. 

The research involved human participants, namely students on an MSc in Software Engineer course. The 

recording of their data for all research themes within this thesis was with their complete consent and with the 

ability to opt out at any stage. The data recorded and used for analysis of each student included demographic 

data held by the university and access was granted by each student for this research. Other data such as seating 

location, lecture attendance and Heart Rate data were volunteered by each student. The final analysis of the 

data is provided in anonymised form for presentation in this thesis. Additionally, no data was analysed until 

the students had completed their course in the university.    

 

1.6 Conclusion 

 

This chapter has described the motivation to better understand the learning behaviours of programming 

students. It has highlighted the importance of the computer science discipline to the local and world 

economy. It has illustrated the trend for increasing CS class sizes at third-level institutions, mainly due to 

the demand for graduates of the discipline. The chapter also identifies the related high attrition rates 

characteristic of these courses. The difficulties of teaching and learning programming in these mass 

education environments are detailed, as are the difficulties of timely quantifying student engagement. LA 

and in particular Machine Learning is being increasingly used to help predict student scores and provide a 

data driven evidence basis to initiate action based interventions. The chapter sets out the investigative 

strands for this thesis that are potentially enabled by emerging technologies. It also summarises the current 

research positions in each strand. It has then presented a short overview of the aims of each strand design, 

the technologies required to capture the data for the investigations and the contribution made to the current 

knowledge in the area.  
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LITERATURE REVIEW 
 

1.8 Introduction  

 

The major issues affecting Computer Science in higher education in relation to increasing class sizes and 

high attrition rates especially with programming classes were introduced in the previous chapter. Those 

problems are compounded and arguably partially caused by the increasing demand for qualified 

programmers in the computing and IT sectors worldwide. The chapter also sought to highlight that 

identifying struggling students and targeting meaningful interventions within such grand scale courses is an 

extremely challenging process. Considering that student success in a course is generally correlated with 

their level of engagement [1], it is pertinent to consider if emerging technologies could be leveraged to 

enable or enhance the measurement of engagement. Perhaps then it may be possible to identify those 

students at risk of failing before it is too late in the course timeline to effect meaningful change. 

In order to consider how some of these emerging technologies may be used to aid engagement measurement 

a literature review encompassing each selected research strand was conducted. It concentrates on the contact 

activities related to lectures and then the non-contact activities that could be tracked as measures of 

engagement. As outlined in the previous chapter the selected areas of investigation include the monitoring 

of student engagement at two key delivery contact points 1.) during lectures (via attendance, accurate seat 

tracking and cognitive engagement measured via biometric sensor data capture) and 2.) the monitoring of 

student behaviour in relation to online course materials including videoed lecture capture.  As such this 

chapter begins with a review of the current understanding of lecture seat choices, followed by the current 

understanding of heart rate as a measurement of cognitive engagement and a review of the use of non-

contact engagement measurements including YouTube analytics analysis. This literature review then 
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expands to provide an evaluation of Machine Learning for the potential classification of likely successful 

and unsuccessful students. 

1.9 Contact point engagement measurements –attendance, lecture seating and cognitive activity. 

 

Contact points such as lectures are potential junctions were student engagement may be measured. 

Physically turning up for a lecture and where a student chooses to sit are all potential indicators of 

motivation, interest and overall engagement. With large scale classes this is often difficult information to 

accurately capture. While seating choices have been heavily researched it remains a complex area to 

understand and has produced research with conflicting conclusions. An understanding of these areas of 

conflict, a review of the research designs and identification of gaps in the area would benefit new research 

that could be enabled with the emergence of new technology.   

1.10 Lecture seating 

 

From the early 1960s to the present time researchers have studied the performance effect of where students 

sit during university lectures has received much research attention. Conventional teaching experience and 

most of the research in the area has suggested that students that regularly sit at the front of the lecture theatre 

tend to achieve higher grades than those that sit elsewhere ([1][3][4][5]). These studies have tended to 

conclude that higher grades are achieved by the regular front row inhibitors because the academically best 

able students tend to voluntarily position themselves there. Giles [6] suggests a direct relationship between 

test scores and seating distance from the front of class: students in the front, middle, and back rows of class 

scored 80.0%, 71.6%, and 68.1% respectively on course exams.   

1.10.1 Decision to sit at front – attitudes and abilities 
 

Other studies have sought to further identify factors why there appears to be a relationship between grades 

and seating distance from the lecturer.  Some studies have sought to establish the causation factors in the 

decision making of students with regard to the decision of where to sit.  These studies have included an 
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analysis of the attitudes of the students including attendance ([7]), attention ([8]) and motivation ([9]).  

Generally, they suggest that those that sit at the front are indeed the best attenders, most attentive and 

motivated.  Becker [10] even suggests that those students that opt to sit at the front have more positive 

regard for the lecturer.  These studies conclude that the best and most engaged students are to be found at 

the front.   

However, the convention that the best students are to be at the front and this group will achieve the highest 

grades was challenged by Perkins et al [11].  In their seating experiment, they randomly allocated seats to 

the students thereby preventing any potential natural clustering of the academically better able and engaged 

students at the front of the lecture theatre.  Nevertheless, the study concurs with the majority of other studies 

with the same pattern of degradation of final grade the further back the students sat. While the authors failed 

to identify why sitting in the front led to better grades, their results would suggest that there are other factors 

affecting performance and seating than simply student ability or positive attitudes.   

1.10.2 Better learning experience 
 

Regardless of ability or engagement, perhaps the students that sit at the front may simply have a better 

learning experience and consequently end up with better grades or more engaged due to more regular 

apparent facial contact/recognition by staff. 

That learning experience may be limited to better note taking. At a basic level traditional lecturing involves 

the presenter speaking almost continuously for an extended period of time with the students’ job being to 

listen and take notes [12]. The importance of accurate notes is not lost on students with Brown [13] and 

Kierwa [14] reporting that the majority of test questions on college exams come from the lectures and that 

students who take better class notes get better course grades. This in turn places demands on students’ 

ability to listen carefully and take notes that are accurate and complete. Conventional wisdom would suggest 

the note taking is better done at the front rather than the back of the lecture theatre due to better sight lines 

and being easier to hear the lecturer. It should be noted that technology has changed and likely enriched 
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traditional face-to-face lecturing. Lectures now regularly include online chat facilities and instant polls, 

with note taking kept to a minimum with lecture content being available online and supported via VLEs. 

Moreover, programming lectures commonly have adopted the common industry practices such as paired 

programming activities which enhance peer-to-peer learning opportunities.   

Marx (1983) links the active participation of students in a lecture with a more positive learning experience 

and resulting in a strong positive influence on attention and long-term memory storage.  Students that sit up 

front are generally less inhibited at asking questions and can make better eye contact with the lecturer and 

are regularly the most participative [16].  The ability to interact [17] and participate [18] in the lecture are 

important factors influencing the learning experience during the lecture.  Traditional lecturing would tend 

to offer better participation opportunities at the front. It would follow then that if active participation 

opportunities are extended beyond the traditional front rows of the lecture hall by using active learning 

approaches then this would negate the perceived advantage to sitting up front.  An analysis of these active 

teaching styles and seating effect was conducted by Perkins [11]. Nonetheless, the results displayed the 

same grade effect of seating and grade reduction.  This would suggest that even with active learning styles 

there are still performance gains to be made by sitting at the front.   

There are some other obvious logistical reasons a student may opt to sit at the front. These include where 

their friends are sitting or if the student were late to class and the front happens to be all that is available 

[19] or better visibility and improved ability to hear at the front [20]. Pichierri [17] studied some personality 

traits to seating decisions, hypothesising that student shyness affects seating with the less extrovert students 

tending to sit at the back and students with higher levels of non-conformance tended to seat at the back.  

Shernoffa [1] suggests that students with lower self-esteem prefer to sit at the back. It is also common for 

laptops and devices to be used for other non-lecture related activities [21]. 
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1.10.3 Counter argument and limitations in the research 
 

While most studies report a correlation between seating position and performance a number of studies 

([22][23][24][25]) suggest that seating position has no effect on student attainment. Indeed the relationship 

between seating position and learning performance has never been completely clarified [17]. While most 

suggest the best results will come from the front, some studies have reported no effect with others suggesting 

that the best are seated in the middle [26] or in the four corners of the classroom [27]. 

Some areas have received little or no research attention. The methodology employed in most of the seating 

studies involved students either self-selecting their seats or being allocated seats at the beginning of the 

course.  The students were then restricted to the same seat for the remaining number of lectures.  This is not 

the natural or the usual occurrence in university courses. It is arguable that this control restriction improperly 

influences the research outcomes. It also follows that any temporal factors that may influence a student to 

change seats could not be accessed or reported on in these studies. For instance, if a student that normally 

sits towards the back receives a low in-term grade, does this influence them to start sitting at the front?  

Other unanswerable questions from these restricted movement studies include analysis of natural migrations 

over time, for example, do those that sit at the front at the start of the course remain there throughout?  What 

would cause a student to move?  Do students tend to move towards the front as exam or submission dates 

approach in the hope to glean exam hints from the lecturer? As such the technology to accurately, 

unobtrusively and scale to record the student seating choices in mass education environments does not yet 

exist and forms the basis for the further research described in Chapter 3.   

An authenticated registration of a seating option during a lecture logically infers that the student actually 

attended the lecture. Field [27] concludes that attendance has long been linked to attainment. Yet physical 

attendance by no means guarantees cognitive presence nor eventual attainment. There exists much cognitive 

engagement research based on the measurement of physiological means, in particular heart rate, that links 

measureable biological changes to cognitive activity.  
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1.11 Heart rate  

 

The Autonomic Nervous System (ANS) consists of two branches: the sympathetic branch (fight or flight) 

and the parasympathetic branch (rest and digest) [29]. The sympathetic branch activates stress hormone 

production and increases the heart’s contraction rate, which is needed during exercise or physically stressful 

situations. On the other hand, the parasympathetic branch slows the heart rate after a bout of stress.  The two 

branches should be in balance with each other; reacting quickly to situations then down regulating to a state 

of rest. If a person is chronically stressed or overloaded (physically or mentally), the body can constantly 

stay in a sympathetically dominant (fight or flight) state. An overactive sympathetic system has been 

associated with poor sleep, cognitive decline, inflammation and increased pain [30]. Amongst the general 

population, a normal resting HR would fall within the range of 60-100 beats/min [31]. Silva [32]  discovered 

that cardiorespiratory fitness is inversely associated with RHR; therefore suggesting that a lower HR is an 

indicator of better fitness. Indeed, 5 time Tour de France winner Miguel Indurain had a resting heart rate of 

just 28 beats per minute [33]. 

The ability to measure mental effort under the stresses of varying cognitive workloads has been the subject 

of much research attention. High cognitive workload has been associated with high mental effort, affecting 

an individual’s ability to perform a set task [34]. Researchers have long been aware that there appears to be 

a finite limit on working memory in the human brain, with Millar [35] being one of first to quantify mental 

load capacities. For most humans, going beyond that limit will result in a cognitive overload which will 

substantially interfere and inhibit their performance and learning ability [36].  

The process of learning is complex and despite the volume of study it has received there exists a large number 

of contrasting definitions and learning paradigms used to describe it. Behaviorism, Cognitive Information 

Processing (Cognitivism) and Constructivism are just some of the relatively recent frameworks of principles 

attempting to explain how individuals acquire, retain and recall knowledge. While each paradigm differs in 
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detail, most practitioners agree that learning is a dynamic information processing and reasoning activity and 

that teaching needs to support active engagement. In third-level education, lecturing typically involves a 

range of teaching and learning activities designed to provide stimuli to facilitate learning. The information 

processing model ([37],[38]) suggests that once a stimulus is received and perceived the information is 

passed to the working memory in the brain where the mind finally becomes aware of it, potentially resulting 

in further processing [36].  

Given the significance of working memory and cognitive load to the ability of an individual to perform a 

task, including learning, a number of processes have been established attempting to measure an individual’s 

working memory, cognitive load and mental effort associated with a task. These techniques may be 

categorized as: performance, subjective and physiological. The Stoop test is an example of a performance 

technique where subjects are given a primary task and then concurrently asked to read a series of cards with 

the name of a color printed on the card but not in the color’s name. The response time of reading and error 

count in relation to an increasing level required for the primary activity are deemed the measurements of 

cognitive load. Subjective measures require subjects to self-report on task difficulty and mental effort 

required, examples include the NASA-TLK scale. 

However, in recent years physiological measurements of mental effort have grown in popularity. Common 

techniques include measurements in changes in blood glucose levels [39], blood oxygen saturation levels 

[40], blink rate [41], pupil diameter [42], galvanic skin response [43] and cardiac activity measurements 

including Heart Rate Variability [44] and numerous studies involving Heart Rate (HR). These procedures 

aim to measure biological changes that are thought to be caused by increased mental effort. Mental workload 

increases have been linked to a lowering of the parasympathetic (“rest” or “digest”) autonomous nervous 

system activity (ANS) and an increase in sympathetic (“fight or flight”) activity [45].  Changes in the ANS 

can be measured by several physiological measurements, including Heart Rate, Heart Rate Variability and 

skin conductance [46]. Veltman [47] associated elevated mental workload with increased arousal and neural 
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activity which intensifies metabolic demand and is the likely cause of increases in heart rate commonly 

observed in cognitive physiological studies [48]. Scholey [40] further reasoned that observed increases in 

HR during cognitive processing are the body’s facilitation of the delivery of metabolic substrates to the brain 

that are then utilized by neural mechanisms underpinning cognitive performance. Fairclough [39] 

frameworks the rationale for this as the requirement for the mobilization of energy to the brain especially as 

the brain has substantial energy demands and also does not have the mechanism to store energy. Therefore, 

an increase in workload required by the brain appears to result in the consequential physiological changes 

observed, such as in HR increases.        

There have been substantial amounts of study over a lengthy period in the specific study of heart rate (HR) 

in relation to cognitive activity. HR is now the peripheral measure most used to assay effect and cognition 

[48].  As far back as the 1970s a series of experiments by Lacey ([49],[50]) demonstrated that tasks requiring 

increased cognitive processing are associated with HR acceleration. Additionally, Kaiser [51] found that 

anagram solving also influenced HR; with the most difficult anagrams producing the highest increases and 

the easiest producing the least. Numerous clinical experiments have been conducted measuring HR and 

cognitive tasks, including a reported increase in HR for computer gamers performing complex gaming tasks 

and by subjects performing difficult mental arithmetic [52]. Abundant real-world occupation studies have 

also reported similar HR increases due to increased cognitive task load, such as for air traffic controllers 

[53], fighter pilots [42] and university lecturers [54].  Increased memory load (number of items) was shown 

to be accompanied by accelerated HR [55], [56]. Indeed, Cranford’s study [36] directly linked HR to varying 

degrees of cognitive load in problem solving and concluded that HR monitoring has further significant 

potential use in measuring cognitive load during the learning process. Daly [57] concluded that there was a 

significant positive relationship between heart rate and exam performance. Kohlisch [58] conducted a series 

of experiments measuring increasingly higher levels of mental workload on students during computing tasks. 
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They concluded that at high mental load an individual will experience excessive mental task strain and that 

HR was a useful indicator of mental load. 

In terms of quantifying the increases in HR, Fredericks [59] found that HR was increased from resting heart 

rate when subjects were attempting the Stoop Test (by 12.38%) and during an arithmetic calculating test (by 

16.78%). This is a relatively common theme throughout literature with Fredericks [59] and Ettema [60] 

concurring that percentage HR increases from 10-20% with similar mental task loads.  

As such, there is much concurring literature to support the understanding that the cardiovascular system 

responds to cognitive stress [59] but HR activity is also influenced by many other factors. Anxiety is a 

potential influence on the heart rate measurements during a cognitive activity. Anxiety has been linked to 

physiological arousal [62] with a small amount being thought to be motivator to perform [63]. Up to a point 

this works until the levels become excessive and debilitate performance [64]. Luque-Casado [65] concludes 

that it is unclear how individual physical fitness levels affects cognitive processing, however, regular exercise 

has been shown to elicit beneficial changes in brain structures and therefore potentially cognitive 

performance as well as a lowering of resting heart rate. Other potential influences tested for significance 

include age [66] blood glucose levels [39], arterial blood oxygen saturation levels [40], emotional levels [68], 

nutritional status[69]  and personality types [56], with other influences such as gender and time of day of 

measurement having received little or no attention. To varying degrees all these studies report on the 

significance of contributing factors influencing HR with cognitive activity; yet, all concur in design or 

conclusion that mental load activities are positively correlated with HR.  

As noted, there are many task situations, clinical, simulated and real-world studies in this area; however, 

there have been a small number of studies in the use of HR as a measure of student cognitive engagement in 

university lectures. Bligh [12]  carried out a series of classroom lecture studies showing that student HR 

decreased throughout a 50-minute lecture. The decline in HR was interpreted as a measure of decreasing 
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arousal, which Bligh considered as one component of cognitive engagement. In addition, Bligh reported a 

single event where a question from a student resulted in an elevation of HR in other students.  Darnell [67] 

expanded on this work and concurred with Bligh that there appears to be a decrease in average HR across a 

50 minute lecture class and a temporary increase in HR in response to student questions. In addition, they 

concluded that pair-share sessions resulted in elevated average HR.   

 

1.11.1 Heart rate measurement 
 

The devices used in most HR cognitive studies were generally expensive and obtrusive. Consequently, most 

of the studies suffered from small sample sizes and limited sampling points. The prominent nature of the 

HR measuring device likely also affected the results, with the students acutely aware throughout the 

experiment that their HR was being sampled.  Anttonen [68] concluded the need for new methods for 

inconspicuous heart rate measurement. The recent proliferation of accurate, cheap and unobtrusive wearable 

devices with biometric sensors presents a new opportunity to perform a relatively inexpensive, natural, large 

scale study on the biometric effects on students during a series of lectures. 

 

1.11.2 Non-contact point engagement activity 
 

Lectures are still a major timetabled activity in most university courses. The research objective for the thesis 

is to assess, and if possible, to actually record HR in mass education environments and if so then analyse if 

detected HR changes can be linked to attainment. However, much learning engagement occurs beyond the 

lecture theatre. Technology now commonly enables most university courses to provide the lecture slides, 

formative assessments, online forums and other varied learning activities, normally hosted on an associated 

VLE, to support non-contact learning. Indeed with increasing frequency physical lectures are being video 

recorded, either pre-delivery or at the time of the lecture. Often the provision of the LC videos are not 

limited to the students that attended the physical lecture. The Learner Analytics of the frequency, timing 
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and method of student engagement with these non-contact resources may also be of use in determining the 

progress and indicators of attainment at an individual and cohort level.     

 

1.12 Video Lecture capture analytics   

 

Increasing student demand and technical infrastructure improvements have seen an increase in the use of 

video lecture capture (LC) in higher education worldwide [70]. However, the effects of LC in the area of 

computer programming in terms of viewing behaviours and academic attainment is a relatively under-

researched area [71]. The increasing use of LC in university programming courses presents an opportunity 

to analyse video watching patterns in an attempt to quantify and qualify how students engage and learn 

with the videos and what impact that has on programming attainment.  

There have been a number of studies dedicated to the general effects of videoing lectures with most of the 

research concentrating on student and faculty perceptions, student attendance and engagement (e.g. [72]; 

[73]; [74]).  The majority of the research studies generally report positive benefits for learners. These 

include the argument that videoing lectures provides an extra resource that may complement students’ 

studies [75].  The flexibility of learning is also a stated benefit with Prodanov [74] arguing “the 

commonly held benefit (for the students) is the ability to review material and catch up with missed 

lectures”. The studies have also shown that students regularly stop, start and rewind recorded lectures to 

enable them to revisit points of the lecture they perhaps did not understand ([76],[77],[78]). The potential 

negative effects of video lecture capture have also examined [79].  One of the main concerns stated by 

lecturers is a potential impact on student attendance ([80], [81]).  The concern from faculty appears to be 

based largely on the link between attendance and academic success. Nyamapfene [82] argues that “class 

attendance is highly correlated to academic performance”. This apprehension is reflected in the large 

volume of research specific to attendance on video lectured programmes. Nevertheless, in general the 

research has been positive concerning the benefits of lecture capture for both students and faculty.  
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1.12.1 Playback LC graphs 
 

There is also an increasing body of research into the analytics of the engagement performance of 

educational videos especially with the rise in popularity of MOOCs, (e.g. [83],[84],[85]) and blended 

learning. As illustrated in Figure 0-1 video viewing graphs generally consist of three stages. The start 

period is typically short in duration and has a sharp decline in viewing retention. The decline is linked 

with practice or accidental hits of the users. This period precedes the main body of the video which is the 

longest in duration and commonly contains a more gradual decline. The tail period shows a sharp decline, 

mainly due to the summary content that exists at that point in most LC videos. 

 

Figure 0-1 - Typical Video Engagement Graph 
 

However, viewing engagement graphs of LC video seldom have smooth lines, but typically have many 

peaks and troughs as exemplified in Figure 0-2. 

 

Figure 0-2 - Typical Engagement Graph with Peaks and Drop Offs 
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Low engagement areas show on the graphs as down turns (Drop-offs) and high engagement areas are 

shown as upturns (Interaction Peaks). A lack of drop-off is consistent with the students being consistently 

engaged with a section. It is therefore the interaction peaks and drop-offs that are of particular interest in 

video engagement analysis and may possibly be further related to the student learning engagement [82]. 

The spikes in the graph are normally indicative of student confusion, introduction of important concepts 

or engaging demonstrations [83].  The drop-offs can also reveal if important sections are skipped over. A 

dropout rate is defined as the percentage of students who start watching a video but leave before the video 

finishes.  The audience retention (AR) rate is a cumulative measurement of the average percentage of the 

video that was watched. The analysis of the dropout rate and AR can reveal factors that affect why a 

student leaves or skips over content in a video [86]. An analysis of the dropout and AR rates suggests that 

when the student no longer perceives the material in the video as relevant then the video is skipped 

forward or stopped. Knowledge gained from video performance research coupled with easily accessible 

YouTube LC video analytics offers a potentially rich source of information that is currently largely 

untapped.   

While the use of LC has increased in recent years, the same is also true of the current worldwide demand 

for computer science graduates, which has resulted in increasingly larger class sizes in universities. The 

challenges of effective delivery in these mass education environments are well documented, with one of 

the recurring themes being high attrition rates, especially in programming courses. Larger cohort sizes 

result in obvious increased difficulties in identifying struggling students. A lack of engagement is one of 

the reasons for the high attrition rates in university computing courses. The difficulties in individually 

tracking student engagement generally mean that unless a student brings their issues to the lecturer’s 

attention, any lack of engagement and progress is commonly only identified from the results of 

summative assessment or possibly from a noted lack of attendance at contact points in the course. The 
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timing of either may be too late to provide effective support for the student. The ability to provide early 

warning engagement measures that assist in identifying such students would likely help with tackling 

course attrition.  There are a number of existing research areas, aimed at addressing attrition, including 

aptitude tests ([87],[88]) and engagement monitoring [89]. However, most of the approaches to date either 

attempt to predict long term performance, but with a relatively low level of predictability, or attempt to 

identify those students that are not engaged but often not at an early enough stage where intervention 

efforts are likely to be most successful. The frequency, timing, viewing profiles (rewind and replay) and 

view time of videos are all markers of engagement with the LC videos and potentially course engagement.  

Coupling LC engagement data with other likely engagement markers, such as established LA data points 

from the VLE, as well as new data from lecture attendance, seating choices and cognitive engagement via 

biosensors presents an potentially opportunity for an early indication of a student’s course progress. The 

investigation and establishment of these new technology enabled LA data points for student programmers 

is the one area of remit of this thesis. The analysis of the potential usefulness for prediction of outcome of 

the LA points from HR, seating choices and LC videos will be based on statistical and Machine Learning 

modelling. 

 

1.13 Machine Learning classification 

 

In 1959, IBM published a paper in the IBM Journal of Research and Development [90] which is widely 

regarded as having defined machine learning (ML) in the form we now know today [91]. ML is the ability 

of computers to learn without being explicitly programmed, with a key feature being the application of 

statistical modelling to detect patterns and improve performance based on data and empirical information, 

all without direct programming commands. 
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ML incorporates several hundred statistical-based algorithms. Many of these algorithms such as neural 

networks, Bayes, decision trees and clustering have been developed to help computers identify and 

classify objects. These algorithms can broadly be grouped into three categories: Supervised learning, 

reinforcement learning and unsupervised learning. Of particular relevance to learner analytics is 

supervised learning ([92],[93]) which maps an input to an output based on example input-output pairs 

[94]. For example, given a series of data points as input, such as a student’s age, gender, previous 

education background and quantified engagement with course materials and then mapping those 

characteristics with a known classification output, such as pass or fail. The training of a model based on 

these inputs and known output enables the production of models of prediction, such that the model, once 

iteratively trained and tuned to an acceptable performance level, aims to predict an outcome based solely 

on the inputs. Predicting student drop out or at risk students is a common theme for ML based 

investigations within education. One of the initial studies by Kotsiantis [95] reported models with 

prediction rates as high as 83% based on inputs from log data obtained from learning management 

systems (LMSs), including time relevant data such as activity online and time irrelevant data such as 

gender. A review of the literature in the education sphere of ML shows a variety of modelling using 

various common classifiers.   

 

1.13.1 Naive Bayes 
 

Naive Bayes as detailed in [96] is a simple but powerful algorithm for predictive modelling. The model is 

comprised of two types of probabilities that can be calculated directly from the data 1) The probability of 

each class; and 2) The conditional probability for each class given each value. Once calculated, the 

probability model can be used to make predictions for new data using Bayes Theorem. Naive Bayes is called 

naive because it assumes that each input variable is independent. This is an assumption, nevertheless, the 

technique is very effective on a large range of complex problems. 
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Figure 0-3 - Naive Bayes classifier (source : https://thatware.co/naive-bayes/) 

 

When assumption of independent predictors holds true, a Naive Bayes classifier performs well in terms of 

level of prediction in comparison to other model classifiers [97]. Additionally Naive Bayes requires a small 

amount of training data to estimate the test data, thus reducing the training period. Although there are 

examples of education studies [95] that have reported high levels of prediction using Naive Bayes it is 

unlikely that there are complete independence of variables in a complex feature data set based, for example 

on student activities on a course.  

 

1.13.2 Support Vector Machines 
 

Support Vector Machines as detailed by Chang and Lin (2011) [98], are one of the most frequently employed 

machine learning algorithms. In this algorithm, each data item is plotted as a point in n-dimensional space 

(where n is number of features) with the value of each feature being the value of a particular coordinate. 

Classification is performed by finding the hyperplane that differentiates the two classes. Support Vectors are 

simply the co-ordinates of an individual observation. Support Vector Machine finds a frontier which best 

segregates the two classes (hyperplane/line) [99]. The line seeks to maximize the distance between points. 

With nonlinear classification another dimension (z) is included to provide a 3D model.  
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Figure 0-4 - SVM model on linearly separate data points. Note the margin of inclusion (c) around the hyperplane is 

configurable within the model. 
 

The inclusion of a C margin value enables SVM to excel at untangling outliers from small and complex 

data sets and managing high-dimensional data, although SVM is generally not recommended for datasets 

with a low feature to row ratio, where row refers to a collection of features concerning an individual entity, 

such as a student.  

 

1.13.3 Decision Trees  
 

The popularity of Decision trees as classifiers is largely due to its ability to mimic the human level thinking, 

so it is simple to understand the data and make interpretations and visualise the logic interpretation [100]. 

The decision tree seeks to establish a node based structure where each node represents a feature (attribute), 

each link (branch) represents a decision (rule) and each leaf represents an outcome (categorical) [101]. A 

tree is built by splitting the source set, constituting the root node of the tree, into subsets of successor children. 

The splitting is based on a set of splitting rules based on classification features. This process is repeated on 

each derived subset in a recursive manner called recursive partitioning [102]. Moseley [103] demonstrated 
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the usefulness of decision trees to classify and identify drop outs in a nursing course to 84%. In comparison 

to other classifiers decision trees are relatively simple to understand and interpret, they work well with large 

data sets and enable a visualization of process. However they are prone to overfitting, similar to the SVM 

modelling [104]. 

 

1.13.4 Artificial Neural Networks  
 

As detailed in [105] Artificial neural networks (ANN) are computing systems inspired by the biological 

neural networks that constitute animal brains. The neural network is a framework for many different machine 

learning algorithms to work together and process complex data inputs. Such systems learn to perform tasks 

by considering examples, generally without being programmed with any task-specific rules. Similar to 

neurons in the human brain, artificial neural networks are formed by interconnected neurons, also called 

nodes, which interact with each other through axons, called edges. In a neural network, the nodes are stacked 

up in layers and generally start with a broad base. The first layer consists of raw data such as numeric values, 

text, images or sound, which are divided into nodes. Each node then sends information to the next layer of 

nodes through the network’s edges. As illustrated in Figure 0-5 and further explained by Theobald [106] the 

general structure of the neural network consist of input, hidden and output node layers. Each edge has a 

numeric weight (algorithm) that can be altered and formulated based on experience. If the sum of the 

connected edges satisfies a set threshold, known as the activation function, it will activate a neuron at the 

next layer. However, if the sum of the connected edges does not meet the set threshold, the activation will 

not be triggered. This results in an all or nothing arrangement, with eventual training based on inputs and 

known outputs constituting the model of prediction. 
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Figure 0-5 - The three general layers of a neural network 
 

Previous research in online course attrition by Chaplot [107] concluded that “artificial neural networks are 

suitable to model the problem of predicting student attrition as there are a large number of inputs, and any 

mathematical relationship between input and output is unknown”. The difficulty of interpreting the neural 

models due to their blackbox nature is a stated disadvantage of neural networks, as is the process intensive 

requirements to train and run the models.   

 

Figure 0-6 : The structure of neural network used to predict student attrition by Chaplot [107] 

 

1.13.5 KNN (k Nearest Neighbour) 
 

KNN classification   output is a class membership that predicts a class as a discrete value. An object is 

classified by a majority vote of its neighbours, with the object being assigned to the class most common 

among its k nearest neighbours [108]. If k = 1 then the class the object would be in is the class of the closest 



Chapter 2: Literature Review 

 

 

 

Page 54 

 

neighbor. As detailed in [109] and illustrated in Figure 0-7 within the inner circle where k = 3, there are 2 

blue octagons and 1 green square. So there is a majority of blue octagons, so the red star would be classified 

as a blue octagon. If k = 5 (the outer circle) there are 2 blue octagons and 3 green squares, meaning that the 

red star would be classified as a green square. The k is the number of nearest neighbors to the object and is 

crucial in determining the results. 

 

Figure 0-7 - K nearest neighbor  
 

The default number of neighbors is five when using Scikit-learn python based ML software [110]. Setting 

k to an uneven number helps to eliminate the possibility of a statistical stalemate and invalid result. 

Overall, although generally a highly accurate and simple technique to learn, storing an entire dataset and 

calculating the distance between each new data point and all existing data points does place a heavy 

burden on computing resources. Thus, KNN is generally not recommended for use with large datasets 

[111]. 

 

In summary ML has been reported to provide many useful models of prediction in education and has formed 

the basis of commercial prediction models such as the previously highlighted Open University’s 

Analytics4Action initiative [112]. What is obvious from the literature review is that there is an absence of 

research specific to programming success prediction based on ML and as such presents a gap in knowledge 

that this thesis with the addition of new technology enabled LA data points aims to bridge.   
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1.14 Conclusion 

 

This chapter has described, in detail, the research and current understandings of students lecture seat 

choices, data analytics of LC and HR in relation to cognitive engagement.   

The findings of this literature review point to significant differences in conclusions of the perceived 

benefits of sitting at the front of lecture theatres. It also highlights the controlling nature in which many of 

these experiments were undertaken and brings into question the validity of the outcomes reached. 

Moreover the review also points to the possibility that new technologies may be useful to help negate 

some of the issues presented in this research area. The ability to accurately record lecture seat choice via 

an accessible authenticated app on mobile phone has not been attempted before and will likely shed new 

light in the area.  

While there is a significant amount of LC video analysis, there remains limited coverage of how it 

potentially influences eventual module scores and none specifically at students learning to program. The 

inclusion of easily gathered demographic data on such students, together with relatively easy, yet 

somewhat under researched VLE engagement statistics opens a significant gap in understanding that this 

thesis seeks to bridge.    

The use of HR as a biometric measurement has been well researched to the point where most papers 

concluded a rise in HR is related to cognitive activity. The crudeness of its use is not without question 

especially considering that HR is affected by many factors including age, fitness, physical activity, etc. To 

establish bench marks the measurements in most of the research have been restricted to clinic based 

experiments. However, knowledge of resting HR versus measurement under a controlled actively, 

including cognitive engagement is a relatively established practice. The major issue not tackled in this 

area is the lack of infield experiments, mainly because until relatively recently most HR measurement 

devices were expensive and obtrusive. The large scale unobtrusive measurement of cognitive engagement 
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is now possible due to the emergence of smart watch market and the ability to process and present 

measurements via Cloud based technologies. The HR measurement of students learning to program 

during lectures is another first that this thesis proposes to address.         

 

Chapter 1 pointed to the principle of engagement as key to success in learning to program. This literature 

review has revealed relatively unestablished areas and others that have firm research footholds but as yet 

have not been directed toward the measurement of mass scale learning environments and generally not at 

the specialism of programming. This thesis aims to utilize and develop new and emerging computer 

science technologies including Android, Machine Learning, wearable biometric devices and Cloud based 

technologies to investigate these areas and report on the outcomes with the intention of furthering the 

knowledge of how the discipline of computer science is taught with the goal to identify electronic 

measurements that may be used as early warning indicators to improve student attrition rates in computer 

science courses. In conclusion, through the limitations identified for each of the engagement areas 

reviewed, there remains a clear opportunity to contribute useful knowledge to the domain of learning how 

to program. To this end, the investigations presented in Chapters 3-6 describe the conception, 

development, results and conclusions of each of these research areas, with a combination of significant 

findings being the basis of the prediction and classification investigations using Machine Learning.    
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LECTURE SEATING MEASUREMENT: A STUDY OF 

STUDENT LECTURE SEATING PATTERNS DURING 

LIVE PROGRAMMING LECTURES 
1.16 Introduction 

 

As detailed in Chapter 2 much research has concluded that where a student frequently opts to sit in 

university lectures has been associated with grade performance. Sitting at the front of lecture theatres is 

largely reported to have a positive effect on final grade, yet many of the studies in that area contain 

methodological flaws, either controlling the seating or employed self-reporting mechanisms which may 

have limited the scope of the research outcomes. This chapter investigates and analyses primarily the 

seating positions but also includes course engagement, prior programming experiences and academic 

abilities of post graduate students throughout a 24 week Java programming university lecture programme 

and relates these themes to the students’ final grade performances. Unlike other studies in this area it did 

not control the students’ seating arrangements and it accurately and continuously tracked the seating 

choices thereby enabling an unrestricted study of the effects of lecture theatre seating on assessment 

performance. This chapter details the objectives, methodology, results and discussions of a unique large 

scale seat tracking monitoring experiment ran twice with two separate cohorts of CS students learning to 

program. It further specifies the development of the supporting web and Android based platform 

(PinPoint) required to enable the accurate recording of individual lecture seating data.  

1.17 Methodology 

 

The study was conducted with two separate cohorts (Group A and Group B) of post graduate students 

over two separate intake years taking one compulsory module in Java programming over two semesters in 

a one year university MSc. Software Development conversion course. The module was taught over a 24 

week period with one hour lectures three times per week. An initial run of the experiment was conducted 

with Group A, with a complete rerun with Group B (approximately a year later).  There were various data 

collection points for each stage as illustrated in Figure 0-1.        
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Figure 0-1 - experiment design stages, illustrating chronological data collection and analysis points. 

 

The mode of allocating seats for the vast majority of previous studies in this area was to either allow the 

students to sit where they wish in the first lecture or allocate seating at random again in the first lecture.  

The students were then compelled to sit in the same seat for the remaining weeks’ lectures. In this 

research the students were allowed to sit wherever they wished and were free to move seats throughout 

the 24 week programme. To record each session’s seating arrangements a mobile application and web 

based platform (PinPoint) was developed by the researchers.   

 

1.17.1 Student seating tracking – PinPoint  
 

The students were encouraged to use PinPoint (Figure 0-2), a mobile and web app to register their 

selected seating zone at the start of each lecture. To ensure authenticity each student’s profile was initially 

registered and authenticated with the PinPoint system. There was no compulsion on students to participate 

in the study. Subsequently each student simply selected the zone they were sitting in during each lecture. 

It was not possible for the student to select outside of the lecture time, nor was it possible to submit more 

than once per lecture. In order to potentially make comparisons with other research in the area the selected 

zones were front, middle and back further subdivided into left, centre and right. The intention was also to 
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provide a simplified data capture method while also providing a rich set of data for latter analysis. The 

lecture rooms all had excellent Wi-Fi facilities and the mobile data strength in most reached 4G levels.  

 

Figure 0-2 – PinPoint app, user interface 

1.17.2 Other data collection areas 
The assessment of other factors that may affect seating position were grouped into several thematic areas, 

namely; student performance, course engagement, academic ability and relevant programming experience 

(detailed in Table 0-1). There were two main summative assessment periods at the end of weeks 12 and 24. 

University student records together with a survey (Appendix C-1) completed by each student at the 

beginning of the course were used to capture demographic data such as degree classification and other 

background information such as previous programming exposure. The survey was made available to the 

students via Google Forms and was voluntarily completed. In addition, a weekly formative quiz relating to 

the previous week’s taught content was made available for each student.  The score from the quiz for each 

student and the date submitted was recorded. All course materials were placed online via the course VLE 

and the individual student access statistics were collected.   

 

 

Theme Data type Source 

Student 

performance 

Assessment results Summative assessments  
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Course 

Engagement 

Attendance at lectures  

 

Engagement with weekly tests 

 

 

 

Engagement with online video 

lecture capture 

 

Engagement with online module  

resources  

 

PinPoint App 

 

Web based formative 

assessment created by the 

course lecturer 

 

Student LC survey(end of 

module) (Appendix C-4) 

 

VLE 

Academic 

ability 

Previous degree classification Student demographic 

information survey(week 1) 

(Appendix C-1) 

 

Relevant 

computing / 

programming 

experience 

Confidence in computing 

 

Previous degree type (STEM / 

ARTS) 

Student demographic 

information survey(week 1) 

(Appendix C-1) 

 
 

Table 0-1 - Thematic areas of investigation with data types and data sources. 
 

1.18 Research investigations and questions 

 

As detailed in Figure 0-1 there were a number of identically timed data collection points for both Group A 

and B throughout the study. The subsequent analysis of the data is presented here, divided into two 

themed stages, namely, 1). Observational analysis of seating effects and 2). Impact of seating on academic 

performance. Note that the reporting of p-values less than 0.05 (typically < 0.05) is considered statistically 

significant in this and other subsequent chapters. In these cases the p-value indicates strong evidence 

against the null hypothesis, as there is less than a 5% probability that the null hypothesis is correct. 

 

Stage 1: Observational analysis of seating effects  

Many of the previous studies in this area concluded that the ‘best’ students sit at the front and consequently 

state this as the reason why the highest module scores generally come from front row students. The ‘best’ 

students is variously defined as the highest attenders, the most engaged in and outside of class and those 

with comparably the best previous academic backgrounds including potentially some prior subject 

knowledge. On that premise the analysis in this study categorised the students into several subgroups 
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constructed around 1.) prior academic performance, 2.) prior subject knowledge and 3.) ongoing 

engagement throughout the course, including attendance and various VLE activities. Each subgroups’ 

seating choices were collated and then analysed to identify possible patterns to attempt to answer the 

following research questions: 

 Do the most academically able students regularly sit at the front of lecture theatres?  

 Do the most engaged students regularly sit at the front of lecture theatres?  

 Do students with prior programming experience regularly sit at the front of lecture theatres?  

The analysis for each was conducted separately for Groups A and B and between group comparisons are 

also presented.  

 

Additionally, the data set was analysed for two further observational investigations:   

 Temporal movement – do students move position? An investigation on possible temporal seating 

migrations, such as movements due to taught content or other significant events such as in-term 

assessments or upcoming final exams. 

 Gender and seating - is there a correlation between gender and seating position? This study reports on 

a combination of both groups A and B due to the relatively small sample size of female students.  

The general understanding of these themes was intended to give a better appreciation of the group 

dynamics within the cohorts, which in would help better inform and condition the Stage 2 analysis of 

seating and specific effect on academic performance. Note that Pinpoint data collection enabled a 

reporting of these observations to be aggregated to front, middle and back seating areas of the lecture 

theatre.    

 

 

Stage 2: Impact of seating on academic performance 
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This area of the study was designed to investigate potential patterns relating to academic performance on 

the effects of university students self-selecting where to sit in a lecture theatre.   As detailed in section 

1.19.7 both groups showing only very limited movement, with both results concurring with the previous 

research conclusions that students tend to continue to sit in the same seats that they settle on early on the 

course. 

 Is there a relationship between student performance and seating position?  

 Do the best assessment results come from the front row students? 

 Does the performance of students with similar standard academic ability remain consistent regardless 

of seating position?  

 Does the performance of students with similar standard course engagement remain consistent regardless 

of seating position?  

 Does the performance of students with previous programming experience remain consistent regardless 

of seating position?  

Both group results were analysed separately and then compared and aggregated to provide an overall model 

of prediction of module scores. The answers to these questions will add to the knowledge of the effects of 

seating on student academic performance.  This has possible consequences for teaching delivery styles, 

class sizes, lecture venues and architectural design of lecture theatres as well as potentially identifying 

significant factors that could be used to predict individual student module scores. 

 

 

1.18.1 Reporting and coding of Pinpoint seating data 
 

While the Pinpoint app enabled the students to select one of nine distinct zones (Figure 0-2), in order 

increase the readability of presentation of the results it was decided to consolidate each section zone (left, 

centre and right) into one unit, such as Front, Middle and Back. As detailed in section 1.19.7 both groups 

showing only very limited movement between zones, with both results concurring with the previous 
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research conclusions that students tend to continue to sit in the same seats that they settle on early on the 

course.  

Regardless of this observation, the coding of seating sections enabled an average continuous seating value 

for each student within the range 1.0 to 3.0. Such that, each time a student registered via the app their seating 

zone was recoded as 1 (Front), 2 (Middle) or 3 (Back). This enabled a final analysis on seating based on 

discrete means values that could also be categorised into equal sections within the range as Front, Middle 

and Back. The use of continuous range rather than a simple modal average enabled a more detailed 

reflection of seating impact. For example, there were a number of students that traditionally sat in the front 

rows of one lecture theatre but sat at the back in another.   

 

The results presented for the Observational analysis stage by the nature of the research theme considered the 

Front, Middle and Back as three distinct zones. Whereas the Academic performance stage analysis 

consolidated the Middle and Back row data into one section (Other) for direct analysis with the Front row to 

enable direct comparisons with the previous research in the area. 

1.19 Results and discussion 

 

The following section presents the results for each group separately for Stage 1 (Observation analysis) and 

Stage 2 (Impact on Academic performance). It then presents the results for the Temporal, Gender and 

Qualitative investigations. It then aggregates the statistically significant results from both groups to provide 

a model of prediction using linear regression.  

 

1.19.1 Group A : Stage 1 - Observational analysis of seating effects  
 

Individual student usage of the PinPoint platform was voluntary with the entire Group A students (n=91) 

actively engaging throughout the course. The demographics of the group are presented in Table 0-2. 
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Table 0-2 – Demographics of students (Group A cohort) 

 

While PinPoint exactly recorded the seating positions in nine zones the results presented here are 

accurately aggregated into front, middle and back rows. This enables comparisons with other previous 

studies which generally focused on front row versus other seating locations.  

 

 Do the most academically able students regularly sit at the front of lecture theatres?  

The students within Group A with previous first class honours (n=17) degrees were for the purposes of 

the research considered to be the most academically able. While acknowledging that the previous degree 

may not have been directly related to programming themes or even STEM based, the previous degree 

standard was considered a mark achieved through a rigorous independent academic process and likely a 

better measure of academic performance than a pre-course assessment.  

 

0

10

20

30

40

50

front middle back
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Figure 0-3 – Average seating location for students during the module with 1st class honours degrees. 

(n=17) 

The tracking of seating positions as illustrated in Figure 0-3 shows that of the first class degree students 

35.3% regularly sat in the front rows. The remaining 47.1% sat in the middle rows with 17.6% regularly 

sitting on the back row seats.  While significantly more of these students sat in the front than the back, the 

majority actually sat in the middle.  

Contrasting the first class honours degree students with the other degree classifications (Figure 0-4) shows 

that proportionally more students with a first class degree regularly sat at the front.  The majority of 

students within each classification sat in the middle rows.  The 2.1 students were proportionality evenly 

distributed with the majority in the middle and comparable numbers in the front and back.  The 2.2 

students also mostly sat in the middle but tended to aggregated more at the back than the front.   

 

 

Figure 0-4 – Percentage within each degree classification and average seat location during the 

module. 

 

Recalling that there are disproportionate numbers of previous degree classifications within the cohort (1st 

(17), 2.1 (48),   2.2 (26)) it is of interest to review the actual numeric breakdown by seating areas and 

degree classifications (Table 0-3).   
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 Front 

row 

Middle 

row 

Back 

row 

1st (n=17) 35.3% 

(6) 

47.1% 

(8) 

17.6% 

(3) 

2.1 (n=48) 22.9% 

(11) 

54.2% 

(26) 

22.9% 

(11) 

2.2 (n=26) 19.2% 

(5) 

57.7% 

(15) 

23.1% 

(6) 

 

Table 0-3 - Percentage and actual numbers within each degree classification and aggregated seating 

position during the module. 

    

The percentage breakdown by classification would therefore suggest that if the intake of the course had 

equivalent numbers in each classification then the makeup of the front row would generally consist of the 

higher performing students. In reality, for most similar courses this is unlikely to be the case. Indeed it is 

worth noting that on this occasion from the total numbers of students in the front row (n=22) the majority 

(n=16) held the lesser degree classification. This is in contrast with much of the previous research that has 

suggested that the best final results will come from the front rows based on the assertion that the best 

students are there.  In this case, the majority of the top end academic performers (64.7%) were not located 

in the front rows.   

 

 Do the most engaged students regularly sit at the front of lecture theatres?  

The measure of engagement was based on a mapping scale of three LA data points, 1) access hits for online 

course materials, 2) attendance and 3) voluntary engagement with the weekly formative tests. Online activity 

including the formative assessments via the weekly tests was measured from VLE access reporting and the 

attendance was drawn from Pinpoint. At institute and research level a uniform definition of learner 

engagement has much variation [1]. This area of the study is unique in collating these activities to measure 

engagement. As such without a prior research framework for these factor aggregations it was proposed that 

there was an equality of weighting of each component to generate an engagement factor for each student with 

a scaling of 5 (high engagement) to 0 (no engagement). Historically the course in this study and in common 
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with most PGT courses attracts students that are highly focused on improvement in employment prospects, 

with the course providing a reskill or more skill specialism [2].  As such the students are generally considered 

to be highly motivated with high attendance levels, attainment and observed high engagement with course 

materials. As such the engagement mappings placed the majority of students within the mid to high (3 to 5) 

range. The same scaling applied to a first year undergraduate programming module cohort, normally 

considered to have as lesser comparative course engagement returned a lower average engagement of 2. The 

undergraduate cohort engagement factor was closer to 2. The weightings used could likely be considered in 

future research but the consistency of application between the two cohorts in this study provides a viable 

comparison and yardstick for future research evaluations. 

The breakdown of engagement factor showed that the front rows on average contained the most engaged 

students (3.50) followed by the middle (3.35) row and then the back rows (2.98).  

 

Figure 0-5 – Course engagement ranging from 5 (highly engaged) to 0 (no engagement) plotted 

against seating zone.  Each point represents a student in respect to their calculated engagement in 

the course and their average seating position throughout the course. 
 

The trend line in Figure 0-5 suggests that engagement declines from front to back rows. It should be noted 

that there were a large number of highly engaged students (engagement factor greater than 4.0) clustered 

in the middle rows but also a large number of low engaged (engagement factor less than 2.5) which 

affects the overall average engagement for this zone. The back row contains none of the highest engaged 
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students and proportionality the highest number of the least engaged. Overall it can therefore be 

concluded that the most engaged voluntarily clustered at the front throughout the course. 

 

 Do students with prior programming experience regularity sit at the front of lecture theatres?  

Traditionally the course attracts some students that have some programming experience but a larger 

proportion that have none. This is also a current and comparable theme experienced in first year 

undergraduate computer science courses worldwide. Whereas in the past the majority of students entering 

first year computing degree courses would have had little or no programming knowledge, more recently 

and largely due to the recent modest uptake of computing qualifications in post primary schools, universities 

have seen an moderate increase in the prior programming experience of students.  

In this study and perhaps not surprisingly the average assessment scores of the students that had some prior 

programming experience (72%) were higher than achieved by those without any programming experience 

(68%). This is especially true of the first assessment (68%) and (58%) respectively, were much of the taught 

material was not entirely new to those with some programming experience.  

Considering the mixture of previous programming experience (n=41) and none (n=50), it is of relevance to 

report on the seating positions of these groups and also the breakdown per seating zone to judge if those 

with prior programming experience sat in the front rows. 

 

  

 

 

 

 

 

Table 0-4 - previous programming and no programming experience groups as shown by actual 

numbers per seating zone and percentage breakdown per group within each zone. 

 

The figures presented in Table 0-4 points to a comparably equal proportional representation of the two 

groups in the front rows, with the majority of both groups sitting the middle rows. It can therefore be 

 Front Middle Back 

Some programming experience 

(n=41) 

22.0% 

(9)  

48.8% 

(20) 

29.2% 

(12) 

No programming experience  

(=50) 

26.0% 

(13) 

58.0% 

(29) 

16.0% 

(8) 
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concluded that the more experienced programming students did not, in this study, opt to sit predominantly 

in the front rows. 

 

Observational analysis summary for Group A 

The observational analysis has shown that for this group the majority of the previous top end academic 

performers did not sit at the front nor did the majority of students with previous subject experience. The 

most engaged students, in terms of attendance and activities throughout the course did mostly sit in the front 

rows.  Thus having an understanding of these general patterns enables a better informed analysis of the 

effect, if any exists, on module performance of these students. As detailed in 1.18.1 this section reports 

consolidates the Middle and Back row data into one section (Other) for direct analysis with the Front row to 

enable direct comparisons with the previous research in the area. 

 

1.19.2 Group A : Stage 2 - Impact of seating on learning performance 
 

 

 Is there a relationship between student performance and seating position?  

 Do the best assessment results come from the front row students?  

All summative assessment points in the module were closed book assessments taken under exam 

conditions consisting of theory and application of the taught course content. The distribution of the overall 

assessment percentage scores shows normal distribution (p=0.193, Kolmogorov-Smirnov Z=1.081). The 

scores were achieved regardless of academic ability, engagement or prior programming knowledge (Table 

0-5) and illustrate that the front row students returned the higher overall assessment scores in comparison 

to the students sitting elsewhere in the lecture theatre.       
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 Overall 

assessment 

score 

Std Deviation 

Front rows 73.38% 13.71 

Other rows 

(middle and back) 

68.18% 17.35 

 

Table 0-5 – Assessment scores per seating zones. 

 

To test the statistical significance of the assessment scores from the students in the two seating zones 

groups (Front and Other) an analysis using an Independent-Samples T Test was conducted. Sampling at 

the half way point in the course (50% of assessments completed) revealed that despite relatively small 

sample sizes involved the difference between scores achieved by the front row students and the other 

students was approaching statistical significance (p=0.059, t=1.900, df=180). The effect is less apparent 

with the full module 24 week results, (p=0.222, t=1.262, df=19). This suggests that seating has less of an 

effect over the length of the course, however, this may point to a useful indicator of module performance 

for shorter length courses.  

A more detailed view is presented in Figure 0-6 illustrating each student’s overall assessment score and 

their average seating position during the course. It demonstrates that there was a general trend where 

assessment score degraded the further the student sat from the front. The majority of top grades came 

from those at the front, although not exclusively as two students sat at the back and scored over 90%. 
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Figure 0-6 – Overall student assessment scores and average seating position and linear trend line 

illustrating degradation in assessment score from front to back. 

 

It can therefore be concluded that in this case there is a relationship between the seating position and 

assessment performance (the half way point assessment), and there was a general degradation in scores 

from front to back rows. Furthermore, the best assessment results were achieved by the front row 

students.   

 

 

 Does the performance of students with similar standard academic ability remain consistent 

regardless of seating position?  

Regardless of seating position the students with the highest previous degree classifications performed best 

with an overall average of 78.93% compared to those with the lesser degree classifications, 2.1 (69.13%) 

and 2.2 (65.00%).   

 

Comparing like-for-like abilities on assessment scores 

An analysis of the assessment scores for like-for-like academic ability groups was made between the front 

rows and the other (middle and back) rows. It highlights that those sitting in the front rows scored better in 
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the assessments than those sitting further back within the same academic grouping (Figure 0-7). The 

students at the front in the first class honours group achieved an average of 81.67% whereas the remaining 

first class students sitting further back averaged 77.42%.  A similar pattern emerges with the second class 

honours students, with front row students averaging 72.66% in comparison to 66.42%. 

 

Figure 0-7 – overall assessment scores in comparison with seating zones and previous degree 

classifications. 

 

The difference in overall average assessment scores between the two groups indicates that academic 

ability is clearly a factor influencing performance. However, the difference in assessment averages 

between seating zones within each academic grouping indicates that it is not the only determining factor.  

In that regard, it can be concluded that in this case, the performance of students with similar standard 

academic ability did not remain consistent regardless of seating position, with the front row students 

performing better than their peers at the back. 

 

 Does the performance of students with similar course engagement remain consistent 

regardless of seating position?  

A like-for-like comparison of engagement groups was also made.  The analysis of assessment scores of 

the top 25% engaged students (highest engaged group) (mean 75.18 SD=17.62) and the remaining 75% of 

students (less engaged group) (mean 68.05 SD=22.10) showed a statistically significant difference 
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(p=0.049, t=1.984, df=180). The difference in overall average assessment scores between the two groups 

indicates that engagement is also a factor influencing assessment performance.    

A comparison within each group found that the highest engaged group (top 25% engaged) that sat in the 

front rows (n=4) achieved 81.94% in the overall assessment whereas others group members (n=17) sitting 

further back achieved 72.79%.  The comparison of the less engaged group showed that those that sat in 

the front row (n=17) achieved an average of 74.61% with the other remaining students sitting elsewhere 

(n=51) scoring 65.87%.   

 

 

Figure 0-8 – The top and least engaged student groups’ seating overall assessment score. 

In a similar vein to the performance pattern within the same academic groupings, the front row students of 

similar engagement outperformed those sitting further back.  It is also notable that that less engaged 

students in the front rows outperformed the more engaged that sat further back. In that regard, it can be 

concluded that in this case, the performance of students with similar engagement did not remain 

consistent regardless of seating position, with the front row students performing better than their peers at 

the back. 

 Does the performance of students with previous and those without programming experience 

remain consistent regardless of seating position? 
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A comparison was made regarding the assessment scores and seating position within the two separate 

programming experience groups namely, 1.) some prior programming experience and 2.) no prior 

programming experience. The group with some prior subject experience outperformed the group with no 

prior knowledge. As shown in Table 0-7 within both groups the best assessment scores emanated from 

those students that opted to sit in the front rows. 

 Some prior 

programming 

experience  group 

No prior programming 

experience group 

Front rows 79.58% (8) 70.49% (12) 

Other rows 70.06% (33) 67.46% (38) 

 

Table 0-6 – Overall assessment scores for the some and no prior programming experience groups. 

   

Again the pattern of better performance from front row students within similar peer groups emerges. 

Notably, the students at the front with no prior experience performed to a level just below the level of the 

students with some experience that sat at the back. In that regard, it can be concluded that in this case, the 

performance of students within the separate programming experience groups did not remain consistent 

regardless of seating position, with the front row students performing better than their peers at the back. 

 

Summary of results of Impact of seating on learning performance analysis Group A 

The general trend found here is that even within like-for-like groups the best scores generally came from 

the front row students. Scores tend to degrade the further back the students habitually sit in the lecture 

theatre. This would suggest that there is a benefit to sitting at the front. The initial observation stage 

established that neither the best academics nor those with previous subject knowledge predominantly 

cluster in the front rows, although the most engaged did.  Overall it suggests that with Group A there was 

a benefit to sitting at the front, yet there are examples of students that sat at the back that achieved high 

scores. In terms of electronically measurable factors that could be potentially used to predict student 

scores it 1) seating (at week 12 but not 24) and 2) course engagement that were found to have statistical 

significance to module score.      
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Another run of the experiment using an entirely different cohort (Group B) was made in the next 

academic year.  The pre-assessment and entrance criteria for the 110 students selected for Group B was 

the same as Group A. The methodology used was the same as the previous year’s experiment. Similar 

analysis was carried out for Group B and is presented here separately but also comparatively with Group 

A. 

 

 

Category Subcategories and 

frequency 

Gender Male (78),  Female 

(32) 

Previous Degree type 1st (16),  2.1 (38),   

2.2 (23)  

Previous Degree Classification Arts (55),  STEM 

(55) 

Previous programming 

experience 

None (79), Some 

(31) 

 

Table 0-7- Demographics of students in the study for Group B cohort 

 

1.19.3 Group B: Stage 1 - Observational analysis of seating effects 
 

 

 Do the most academically able students regularly sit at the front of lecture theatres?  

Similar to Group A the students voluntarily engaged with the study with similar active engagement 

throughout. The students in Group B with previous first class honours (n=23) on average sat in the following 

pattern: front (17.4%), middle (56.5%) and back (26.1%). This concurs with the trend of Group A with the 

better academic students tending to sit in the middle rows. Indeed, fewer of these students sat in the front 

than previously reported with Group A.   

Table 0-8 details the breakdown of the seating position by section for each previous degree classification. 

The patterns of seating are comparable with Group A (Table 0-3) except for the increased numbers of 

second class honours students sitting at the back in Group B. 
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 Front 

row 

Middle 

row 

Back 

row 

1st (n=23) 17.4% 

(4) 

56.5% 

(13) 

26.1% 

(6) 

2.1 (n=54) 14.9% 

(8) 

48.1% 

(26) 

37.0% 

(20) 

2.2 (n=33) 18.9% 

(6) 

30.3% 

(10) 

51.5% 

(17) 

 

Table 0-8 - Percentage and actual numbers within each degree classification and aggregated seating 

position of the Group B. 

 

  

Figure 0-9 – Average seating location for students with 1st class honours degrees. 

Group B showed an overall proportional decrease in all students (regardless of previous degree 

classification) at the front compared to Group A, but the majority of the students still sat in the middle 

rows with a breakdown of seating positions for Group B being front (16.4%), middle (44.6%) and back 

(39.0%). 
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Figure 0-10 - Average seating location for all students. 

Therefore in relation to Group B it can be concluded that the best academic students did not regularly sit 

in the front rows.   

 Do the most engaged students regularly sit at the front of lecture theatres?  

The breakdown of engagement factor for the Group B (Figure 0-11) shows that front row (2.97) and 

middle rows (3.01) contained on average comparable levels of engaged students and the least engaged 

students at the back (2.04).  

 

Figure 0-11 - Course engagement ranging from 5 (highly engaged) to 0 (no engagement) plotted 

against seating zone (Group B). 
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The trend line shown in Figure 0-11 suggests a similar pattern to Group A, with engagement declining 

from front to back rows. The back row continues to host none of the highest engaged students (scoring 

greater than four in engagement factor) and proportionality the highest number of the least engaged 

students. However, with Group B the average engagement per zone between front and back was 

comparable, whereas Group A had the most engaged at the front. It can therefore be concluded the trend 

for Group B shows that the least engaged voluntarily clustered at the back with the most engaged either in 

the front or middle rows. 

 

 

 Do students with prior programming experience regularity sit at the front of lecture theatres?  

The average assessment scores of Group B students that those with some prior programming experience 

(73%) was higher than achieved by those without any programming experience (59%).  

 

 

 

 

Table 0-9 – Group B previous programming and no programming experience groups as shown by 

actual numbers per seating zone and percentage breakdown per group within each zone 

 

The figures presented in Table 0-9 point to comparably higher numbers of the experienced programmers 

sitting at the front compared to those with no experience, although the sample size is small. Also of note 

is the high proportion of those with no experience sitting at the back. In concurrence with the Group A 

results, the students with previous subject experience did not sit predominantly at the front. 

1.19.4 Group B : Stage 2 - Impact of seating on learning performance 
 

 Is there a relationship between student performance and seating position? & Do the best 

assessment results come from the front row students?  

 Front Middle Back 

Some programming experience 

(n=31) 

25.8% 

(8)  

45.2% 

(14) 

29.0% 

(9) 

No programming experience  

(=79) 

16.9% 

(10) 

66.1% 

(39) 

40.0% 

(30) 
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The assessment scores illustrated in Table 3-10 show that the front row students returned the higher 

assessment scores in comparison to the students sitting elsewhere in the lecture theatre. This was the same 

trend for Group A.  

 

 Overall 

assessment score 

Group A 

Overall  

assessment 

score 

Group B 

Front rows 75.11% 75.40% 

Other rows 

(middle and back) 

68.18% 61.38% 

 

Table 0-10 - Assessment scores per seating zones. 

 

 

Figure 0-12 - Overall student assessment scores (Group B) and average seating position and linear 

trend line illustrating degradation in assessment score from front to back. 

 

The difference between scores achieved by the front row students and the other students shows statistical 

significance (p=0.007, t=2.765, df=106) at week 24 and approaching significance at week 12 (p=0.075, 

t=1.792, df=214).     

In concurrence with the results found with Group A, it can be concluded that in this case there is a 

relationship between the seating position and assessment performance, with a general degradation in 
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scores from front to back rows. Furthermore, the best assessment results were achieved by the front row 

students.   

 

 Does the performance of students with similar standard academic ability remain consistent 

regardless of seating position?  

Regardless of seating position, the students with the highest previous degrees performed best with an 

overall average of 69.47% compared to those with the lesser degree classifications, 2.1 (53.67%) and 2.2 

(55.87%).   

 

Comparing like-for-like abilities on assessment scores 

Further analysis highlights that those sitting in the front rows scored better in the assessments than those 

sitting further back within the same academic grouping (Figure 0-13). The students at the front in the first 

class honours group achieved an average of 81.75% whereas the remaining first class students sitting 

further back averaged of 73.21%.  A similar pattern emerges with the second class honours students, with 

front row students averaging 66.89% in comparison to 58.29% with those further back. 

 

Figure 0-13 - overall assessment scores (Group B) in comparison with seating zones and previous 

degree classifications. 
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Academic ability remains a significant factor influencing performance. However the performance of 

students with similar standard academic ability did not remain consistent regardless of seating position. 

The front row students performed better than their peers at the back. Both of these findings were 

analogous to the Group A results. 

 

 Does the performance of students with similar course engagement remain consistent 

regardless of seating position?  

A like-for-like comparison of engagement groups was also made.  The analysis of assessment scores of 

the top 25% engaged students (highest engaged group) (mean 73.70 SD=16.24) and the remaining 75% of 

students (less engaged group) (mean 58.94 SD=19.88) showed a statistically significant difference 

(p=0.001, t=3.494, df=108).  The difference in overall average assessment scores between the two groups 

indicates that engagement is also a factor influencing assessment performance.    

A comparison within each group found that the highest engaged group that sat in the front rows (n=5) 

achieved 75.60% in the overall assessment whereas others group members (n=22) sitting further back 

achieved 73.14%.  The comparison of the less engaged group showed that those that sat in the front row 

(n=13) achieved an average of 74.84% with the other remaining students sitting elsewhere (n=70) scoring 

55.94%.   
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Figure 0-14 - The top and least engaged student groups’ seating and overall assessment score 

(Group B) 

 

Again the front row students in the same groupings tended to do better than their peers sitting further 

back. This is a similar result to that concluded for the Group A peer engagement groups.    

 

 Does the performance of students with previous and those without programming experience 

remain consistent regardless of seating position? 

Comparing the two separate programming experience groups namely, 1.) some prior programming 

experience and 2.) no prior programming experience, shows the group with some prior subject experience 

outperformed the group with no prior knowledge. Yet within each of these groups, the best assessment 

scores still emanated from those students that opted to sit in the front rows. This is a repeated pattern with 

the Group A cohort results. 

 

 Some prior 

programming 

experience  group 

No prior 

programming 

experience 

group 

Front rows 83.41% (3) 71.90% (10) 

Other rows 70.49% (12) 56.65% (69) 

 

Table 0-11 - Overall assessment scores (Group B) for a. Some previous programming experience 

and b. No prior programming experience groups 
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Impact of seating on learning performance analysis Summary Group B 

Group B returned similar results to Group A in the observational and performance related analysis with 

the general trend that within like-for-like groups the best scores came from the front row students. Scores 

degraded from the front rows to back. Neither the best previous academics nor those with the previous 

subject knowledge sitting predominantly in the front rows. The average engagement level between front 

and back was comparable although the overall trend of engagement reduced from front rows to back.  In 

concurrence with Group A, there appears to have been a benefit to sitting at the front. The electronically 

measurable factors identified that have statistical significance to module score were 1) seating (at week 24 

but not 12) and 2) course engagement.  

 

1.19.5 Additional investigations (Temporal movement and Gender) 
 

There were two other separate lines of investigation and analysis based on 1. Gender and 2. Movements 

between rows during the module. 

 

1.19.6 Gender : is there a correlation between gender and seating position?  
 

In order to ascertain if Gender had an influence or was a confounding factor in seating choices prompted a 

further analysis. Due to the low numbers of females in the cohorts an aggregate of the two-year gender 

seating arrangements for the purposes of gender was made. The seating per gender is illustrated in Figure 

0-15. It shows no statistically significance differences between the groups (p=0.489, t=-0.333, df=104), 

with equivalent proportionate numbers of males and female in all seating zones.  
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Figure 0-15 - seating by gender (aggregate Groups A and B) 

 

1.19.7 Temporal movement  
 

Previous research [3] strongly suggests that a major factor in determining seating position is habit, with 

94.5% of students surveyed stating they generally sat in the same area for each lecture. This concurs with 

the other limited number of studies in the area including Vander [4] and Loftin [5]. Loftin concluded that 

students tend to select a “comfort zone” and are not likely to move thereafter without substantial reason. 

This study enabled a recording per lecture of seating choice and therefore is unique in the accuracy of 

reporting of seating, in comparison to other survey based responses. To establish if indeed early seating 

choices determine the habit of students this study reports on seating positions at the early stages (weeks 

one – two), followed by the midpoint of the module and the end of the course. Each lecture theatre used in 

the study had sufficient capacity to allow movement. This study separately reports and contrasts the 

findings of Group A and B. Figure 0-16 illustrates that there were some limited amounts of movement 

shifts between seating zones in Group A. By the midpoint of the module the front row had been reduced 

by 15.35% of its original numbers (as recorded at week two), an overall shift of four students, whereas the 

middle row and back rows finished with an overall increase of two students each. The midpoint also 

showing an increase in students sitting at the back at the expense of both the front and middle rows but 
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with the middle row recovered its numbers by the end of the module.  It would appear that if a student 

initially moved from the front they never returned.  

 

  

Figure 0-16 – movement between seating zones as sampled as weeks 2, 6 and 12 (Group A). 

Group B seating choices as illustrated in Figure 0-17 again no significant movement between zones 

throughout the course.  

  

Figure 0-17 - movement between seating zones as sampled (Group B) 
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Movement within academic ability groups 

Figure 0-18 shows a more detailed breakdown of movement between zones based on previous academic 

performance specifically for Group A. 

  

Figure 0-18 – position of students per degree classification throughout the module 

Only one student in the First Class Honours student group moved during the module, specifically from the 

middle to the back from week six onwards. That individual’s move was only by a small number of rows 

and he continued to score highly in the assessments. The other group of students with Second class 

honours were also generally constant in seating zones showing proportionally similar frequency of zone 

movements. Of the students that averaged over 70% (n=53) in the assessments there was some limited 

movement recorded (n=5). There were no consistent patterns discernible for these movements or reasons 

given by these students in the seating position questionnaire reported in detail in the next section. The 

failing students stayed in the same zones throughout the module, which indicates that the feedback result 

from the first summative assessment did not prompt the students to move. 

Overall both groups showed some very limited movement, with both results concurring with the previous 

research conclusions that students tend to continue to sit in the same seats that they settle on early on the 

course. This would suggest that it would be possible to sample students seating selection early in a course 

with the confidence that they will be unlikely to move. If where a student sits influences module 

performance then the prediction of performance can be made very early in the module.    

 

1.19.8 Survey results – qualitative views 
 

To attempt to better comprehend the decisions that influence seat selection a seating position survey 

(Appendix C-2) was given to all the students at the end of the course. The majority of the lectures in this 
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study involved some individual and paired coding activities and all lecture notes were provided online 

before the lecture. 98.1% of the responding students (n=65) stated they brought and used their own laptop 

to follow along with the notes and for the coding activities during the lecture. Consequently, some 

students felt that the physical environment and having their own laptop reduced their need to sit towards 

the front, with the following quote being reasonably representative of those that expressed that opinion, 

“multiple screens, having the notes on your laptop, and typing you own code along with the lecturer 

reduces the importance of sitting close to the front”. In that sense the active learning experiences should 

have been reasonably homogenised irrespective of seating position.  

However, 78.3% of the responding students stated they had a strong preference of where they sat. The 

front row students that responded (n=18) stated that their preference to that zone was either due to 

physical reasons, for example being able to see the screen and hear better, or to better engage with the 

lesson “I sit in that seat so I can stay focused, engaged and to get the best bang for my buck during 

teaching time”.  There were some unexpected responses, including one of the top performing students that 

always sat at the back because “I am 6 foot 6inches in height and if there are students sitting behind me 

they would not be able to see”.   

Interestingly, a large portion of those that sat in the middle rows also stated that they could see the screen 

better in the middle.  For the most part that was in relation to the banked seating used in one of the lecture 

theatres, “my preference depends on the lecture theatre, but generally if the seats are elevated it is 

uncomfortable to sit at the front because you need to strain your neck and eyes to see the projector. The 

sound is never an issue so sitting further back does not affect hearing the lecture”. Additional common 

reasons for sitting in the middle were “habit” and “to sit with friends”.    

Style of teaching came up as a strong influence in seating choice for those at the back. With some 

responding that they actively avoided the front rows to avoid having to engage with the lecturer, “by 

sitting near the back it's probably less likely for me to be involved in a demonstration in front of the 

class”. The majority stated they sat at the back because of where friends sat or because they were late to 
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the lecture and did not want to disturb others. A small portion stated “I feel more comfortable not being 

surrounded by people”, and there was evidence to indicate in this study and in [6] that this was a 

particularly strong influence for students with diagnosed anxiety issues.  

Overall it would appear that seating decisions are determined by a mixture of common themes; the ability 

to see and hear better, the willingness or lack of willingness to interact with the lecturer, wishing to sit 

with friends or simply being late to the lecture. Either way, most are personal decisions that considering 

the linkage between assessment performance results and seating choice presented in this study may well 

have an influence on final mark attained.       

1.20 Models of prediction - combined datasets (Group A and Group B) 

 

As detailed both groups individually produced some statistically significant outcomes in relation to module 

scores. Several aggregated datasets were produced based on a combination of these results to produce 

several models of prediction of score.  

 

1.20.1 Scores vs. seating 
 

An aggregated dataset comprising Group A and Group B relating to seating position (front and other 

rows) to final module results was analysed with a linear regression and showed a statistically significant 

difference between the front row and other rows (p=0.035, t=2.121, df=199).  Student predicted mean 

score equal to 74.00-2.121 (Other than front row seating). 

 

1.20.2 Scores vs. seating and engagement  
 

The overall electronically measurable factors identified from the individual group analysis that had 

statistical significance to module score were 1) seating 2) and course engagement. A multiple linear 

regression to include these factors in one model was calculated to predict module score. A significant 

regression equation was found (F(2,198)=33.6, p < 0.005), with an R2 of 0.253. Student predicted mean 

score equal to 41.112 +10.093(Engagement) -5.135(Back Row Seating).   
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1.20.3 Scores vs. seating, engagement and demographic factors 
 

It is also of interest to include the demographic factors of significance including the previous academic 

performance, subject knowledge and previous degree classification of the students which all showed 

statistical significance in relation to module scores. Included in this analysis are various other 

demographic factors of which previous STEM degree was found to be statistically important in relation to 

module score. Therefore a multiple linear regression to include all electronically measureable and 

demographic factors in one model was calculated to predict module score. A significant regression 

equation was found (F(6,194)=20.6, p < 0.005), with an R2 of 0.389. Student predicted mean score equal 

to 41.85 +9.499(Engagement) -8.307(Back Row Seating) +7.043(Previous Stem Degree) + 

6.457(Previous Programming Experience) -4.842(Previous Degree Classification non 1st).  

The model points to a positive influence of engagement throughout the course as measured by attendance 

and online course activity, sitting at the front, holding a 1st class degree, having a STEM degree and 

having some prior previous programming experience.  In contrast, the student with no previous 

programming experience, holding an Arts degree, with a low engagement throughout the course and 

regularly sits at the back would be considered the most at risk of failing the module.    

 

1.21 Discussion and future work 

 

The results of this area of research confirm the findings of much of the previous studies in the area. The 

best assessment results did come from the students that regularly sat in the front rows.  Additionally, the 

assessment results tended to degrade from the front to the back of the lecture theatre. Conversely, unlike 

other studies, it finds that the assessment score patterns in relation to seating are not necessarily due to the 

best academics or those with prior experience in programming sitting at the front. The study did however 

identify that the most engaged students repeatedly sat in the front rows. This suggests that there is a 

benefit to sitting at the front regardless of academic ability or prior subject knowledge. It points to 
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engagement being a potentially significant factor determining assessment outcome. It may also indicate 

that other untested factors may be at work in positively influencing the front row performances.  

One such factor is the influence of the physical environment of the lecture theatre. All the lecture theatres 

used in the study utilised additional screens to aid the vision of the projected lecturer screen for those at 

the back. All the theatres had excellent audio capabilities; the quality of the audio at the back was as good 

as the front. However, responses from the seating choice questionnaire highlighted that several students 

stated the ability to see and hear better at the front as a determinant of sitting position.   The influence of 

the entrance / exit points in a lecture theatre may also be a factor affecting seating decisions. There may 

well be a considerable difference in seating effect when contrasting a lecture theatre that has the entrances 

at the front compared to one with the entrances at the back. In the former, a student turning up late may 

well be happy to avoid attention and sit at the lower assessment performing back rows whereas in the 

latter the student may be forced to sit up front with the top performers.        

The influence of the lecturer is also a relatively untested factor in previous research in relation to seating 

position. The style of teaching came up as an influence in seating choice in the student survey, with some 

responding that they actively avoided the front rows to avoid having to answer questions. The majority of 

the lectures in this study involved individual and student programming activities. Over 95% of the 

students used their own laptops for these activities during the lecture. In that sense the learning experience 

should have been reasonably homogenised irrespective of seating position. Yet, the results point to a 

better performance at the front.    

It is perhaps that sitting at the front promotes a better learning experience. The cognitive activity of those 

at the front may be higher than those sitting elsewhere. As acknowledged by many of the seating survey 

responses, being at the front appears to promote more potential cognitive activity, be that with peers or the 

lecturer. There is certainly more chance of eye contact with the lecturer, or opportunity to ask or be asked 

questions by sitting at the front.    
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1.21.1 Implications for practice 
 

It would appear that having more students regularly sitting at the front may be of benefit to their 

assessment score. There are a number of lecture theatre architectures aimed at facilitating greater numbers 

of students at the front or closer to the position of the lectern. While these structures are perhaps of 

reasonable consideration for new lecture theatres the adaption of existing shaped theatres to these designs 

is likely cost and logistically prohibitive.  A reduction in class size would enable more students to sit at 

the front. Decreasing class sizes would effectively increase the ability of the front rows to potentially seat 

more students. Pichierri [7] suggests that seating location is typically under teacher control, however, a 

reduction in class sizes in university programming modules is unlikely to happen any time soon. The 

demand for graduate computing professionals has steadily increased over the past numbers of years with 

the IT sector regularly requiring 140,000 entrants each year in the UK [8].  However, according to the 

Higher Education Statistics Agency [9] there are only 16,000 computing graduates per annum. While the 

demand remains, it is reasonable to expect that class sizes will remain high. Perhaps it may be as simple 

as the lecturer encouraging the students to sit at the front or if the benefits of sitting at the front were 

explained then they may choose to sit there. Although in this research it should be noted that even with 

the lecture theatre at half capacity the front row regularly had some empty seats. It would appear that 

given the option some students will still likely chose to sit elsewhere. In that regard, the decision of where 

to sit is personal and generally consciously made.  

If as the results tend to suggest that there is a better learning experience at the front due to participation 

then the growing use of technology such as the “Clickers” or Personal Response Systems would be 

beneficial to improve engagement opportunities [7] mitigating shyness or self-esteem issues or physical 

barriers such as inability to communicate with the lecturer at the back due to physical distances. Since shy 

students are thought to comprise approximately 40% of the student body [10], recent studies analysed the 

growing use of technology to reduce shyness in educational settings, such as the “Clickers” or Personal 
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Response Systems, which offer an opportunity to alleviate student fears by allowing them to participate 

anonymously to classroom activities [11]. 

Looking separately at the themes highlighted by previous research illustrated that the students with the 

greater academic ability, engagement and prior exposure to programming generally outperformed those 

within the same group.  However, further to these findings a comparison of student assessment 

performances within each of these groups in every instance found that the front row students 

outperformed their peers sitting further back.  This strongly suggests that there is a benefit to sitting at the 

front regardless of academic ability, engagement or prior subject knowledge. It also points to other 

untested factors that may be positively influencing the front row performances.  

One such factor in this study was the influence of the physical environment of the lecture theatre. 

However, it is unlikely to have been a significant influence. All the lecture theatres used in the study 

utilised additional screens in the ceiling at the centre to aid vision of the projected screen for those at the 

back. All the theatres had excellent audio capabilities; the quality of the audio at the back was as good as 

the front. Additionally, physical factors as a determinant of sitting position were rarely mentioned by the 

respondents of the student survey.     

It is perhaps that sitting at the front promotes a better learning experience? Is there a better cognitive 

activity of those at the front in comparison to those sitting elsewhere? As acknowledged by many of the 

individual survey responses being at the front appears to promote more potential cognitive activity, be that 

with peers or the lecturer. As far back as the 1970s, a series of experiments by [12][13] demonstrated that 

tasks requiring increased cognitive processing are associated with HR acceleration. Numerous clinical 

experiments have been conducted measuring HR and cognitive tasks, including a reported increase in HR 

for computer gamers performing complex gaming tasks and by subjects performing difficult mental 

arithmetic [14].  It would be of interest to extend this measurement to cognitive events during the lecture. 

A possible mechanism to measure if there are discernible differences during lectures in cognitive activity 
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between seating zones could be with the use of wearable biometric devices to measure heart rate or 

galvanic skin response in relation to cognitive stimulus.  

The influence of the lecturer is a relatively untested factor in previous research in relation to seating 

position. The style of teaching came up as an influence in seating choice, with some students responding 

that they actively avoided the front rows to actively avoid having to answer questions. The majority of the 

lectures in this study involved individual and student programming activities, with over 95% using their 

own laptops for these activities. In that sense, the learning experience should have been reasonably 

homogenised regardless of seating position. Yet the results point to a better performance at the front.        

 

1.21.2 Mitigation of the effects of seat location 
 

 

It would appear that having more students regularly sitting at the front may be of benefit to their 

assessment score. Where a lecture theatre does not facilitate the majority of students sitting close to the 

front, then a reduction in class size would enable more students to sit there. Decreasing class sizes would 

effectively increase the ability of the front rows to potentially seat more students.  Considering the 

continuing demand for graduate computing professionals it is reasonable to expect that a reduction in 

class sizes is unlikely to happen any time soon. 

Perhaps it may be as simple as the lecturer encouraging the students to sit at the front or if the benefits of 

sitting at the front were explained then they may choose to sit there. In this research it should be noted 

that even with the lecture theatre at half capacity the front row regularly had some empty seats. It would 

appear that given the option some students will still likely chose to sit elsewhere. The decision of where to 

sit is personal and generally consciously made. Additionally, Armstrong [15] concluded “that changing 

seating position from choice to assigned seating can have an adverse effect on student output and 

performance which is associated with decreased perceived competence and increased tension”.  This 

finding and the responses in this study from students with anxiety issues would suggest that prudence in 

encouraging students to move to the front would be advisable. To exemplify this, one of the highest 
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assessment scores came from a back row student whose preference to that seating zone was stated as “I 

find it's easier to ask for quick explanations from peers when sitting at the back rather than the front”.  

Encouraging that individual to move to the front would likely inhibit his learning style and possibly to the 

detriment of his assessment score.   

Limitations of the study 

A consideration when interpreting results is that the measure of seating location was based via PinPoint. 

While the app locked the student location to the lecture theatre GPS does not enable an accurate recording 

of seating position.  There is no universal standard for such cut offs between front, middle and back and 

there may have been some variance on what each student at these boundaries may have self-recorded. In 

addition, the study was limited to two cohorts in a single MSc programming module which limits the 

generalisability to other subjects. There is also the potential that the students knew they were being 

monitored so could alter behaviour. 

1.22 Conclusion  

 

This chapter has detailed the process methodologies used to accurately track student seat locations per 

lecture over a 24 week programming course. It presented the results and highlights the significant findings 

of the experiment ran twice over a two year period with two separate cohorts of students.  It confirms 

previous findings that indeed the best assessment results come from the students that regularly sit at the 

front with a general reduction in score from that point towards the back of the lecture theatre.  

However, this is not due to those with the best academic ability being at the front. By and large the most 

engaged were generally are found at the front. This suggests that there is a benefit to sitting at the front 

regardless of academic ability or prior subject knowledge. The study also highlights that temporal 

movement between seats during the course is generally very limited which is significant as it would 

suggest that early identification of seating choice may be used as a potential data point in an early warning 

indicator system detecting students at risk of failing. A combined model of prediction of module score 
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indicates that having a previous Stem degree and some previous programming experience also benefits 

scores as does course engagement.  

There are of course many other factors that feed into student scores which are investigated further in this 

thesis and then combined to provide weighted combined ML models of prediction classifications, with the 

aim of potentially identifying key indicators of student activity that could be measured to form an early 

warning system to detect struggling students. This chapter has found that seating could well be one of 

these key factors and has contributed to the knowledge of lecture seating research in programing courses 

and potentially the generalisability to other subjects. It has also contributed to the design of any such 

research, using new technologies to negate the issues of control or potentially biased or inaccurate self-

reporting that taint previous work in the area.           
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HEART RATE MEASUREMENT : A STUDY OF HEART 

RATE IN RELATION TO COGNITIVE ENGAGEMENT 

DURING LIVE PROGRAMMING LECTURES 
   

1.24 Introduction  

 

Previous research on the use of HR in relation to cognitive engagement was discussed in Chapter 2. The 

ability to measure mental effort under the stresses of varying cognitive workloads has been the subject of 

much research attention, with high cognitive workload often associated with high mental effort, affecting an 

individual’s ability to perform a set task [1]. Most previous studies have concluded that elevated heart rate 

occurs when an individual is cognitively engaged. However, the vast majority of the studies were clinical 

based, rarely extending to in situ field studies. Moreover, there are few instances focusing on higher 

education lecture environments [2],[3] and none on Computer Science students learning how to program.   

As previously reported, it was the high cost of HR recording devices that has effectively limited their 

widespread use beyond the lab-based research domains. Furthermore, these devices require obtrusive 

attachment to the body to operate, creating several potential barriers. Smart affordable HR measuring 

wearables are now relatively cheap and ubiquitous and may now enable large scale HR measurements. It is 

these devices that are the platform for the direction of research in the area of HR detailed in this chapter.  

This section of the thesis initially outlines the current technologies and their potential use and adaption within 

the research. It then details the objectives, methodology, results and discussions of a unique large scale 

relative to previous HR monitoring experiment ran twice with two separate cohorts of CS students learning 

to program. It further specifies the development of the supporting web and Android based platform 

(HeartPoint) required to enable the recording of the HR data. The chapter then details tests for patterns and 

correlations between various states of HR in association with module scores from the students. Additionally, 

it details the successful development of a proof of concept prototype web and Android application used to 
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enable a real-time visualisation of HR for multiple students, showing that it could be scaled to provide a live 

at-a-glance view of collective HR of students during lectures. While this chapter focuses on the unique scope 

of learning a programming language and the cognitive lecture activities that are afforded by the subject, the 

format of the following methodology could likely be extended to other related subject disciplines.  

 

1.25 Research Objectives 

 

This research area of the thesis was designed to use wearable devices to measure and record the heart rate 

activities of a large representative number of students during several lectures. This was to firstly establish a 

benchmarked understanding of student HR activities during lectures. The second part of the research was a 

focused study with a smaller number of students contrasting their resting heart rate (RHR) with that of their 

average heart rate during a number of lectures (LHR). The analysis of the data sought to identify any general 

patterns of HR activity, to potentially relate these patterns to cognitive activities and to further check for any 

correlations with overall module attainment. To the best of the author’s knowledge, this scale of 

measurement and study in a live lecture environment has not been reported on before. 

 

1.26 Research questions  

 

 Is there a general decline in average HR of students over a length of a 50 minute lecture ?  

The initial focus of this study was to build on and extend the understandings gained from [4] and [5]   in 

relation to the general pattern of student heart rates throughout lectures. A baseline understanding of this 

student heart rate during lectures (LHR) is required to better analyse HR patterns in relation to individual 

teaching and learning experiences and may be relatable to cognitive activities.  

 Is there an increase in student HR during lectures (LHR) in comparison with resting HR (RHR)?  
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An analysis and comparison of the average RHR and average LHR, where average LHR is an average of 

recorded HR beats as measured per second over a 50 minute period. This seeks to establish a baseline 

understanding of any repeatable differences that may be relatable to cognitive activities.   

 Is there a correlation with HR and overall module attainment?  

There were three separate investigations within this theme: 

 Is there a correlation between the resting HR (RHR) of students and final module score? 

 Is there a correlation between the lecture HR (LHR) of students and final module score? 

 Is there a correlation between percentage variances between the resting HR (RHR) and lecture HR 

(LHR) of students and final module score?  

 

 

1.27 Current technologies and their potential use and adaption within the research 

 

In the last decade, HR and other physiological measurements have become more accessible with the 

increasing prevalence of consumer focused fitness and activity-trackers such as the Microsoft Band and 

Fitbits. Likewise, smart watches like the Apple Watch and various Android Wear devices have placed 

more emphasis on fitness tracking in addition to smart watch functions, as exemplified with Apple 

collaborating with Nike for the Apple Watch Nike+ edition from 2016 onwards. Previously, HR monitors 

and other tracking technology were largely reserved for medical health, fitness professionals and were 

cumbersome and intrusive to wear and required training and were expensive to operate. The accessible 

wrist-based devices were either too focused, such as Garmin who manufacture dedicated sports watches, 

too expensive or both. However, devices with heart-rate monitors and other sensors have become more 

affordable with Fitbit and Microsoft. As such, by utilising the HR tracking on these more affordable 

devices, there is an opportunity to conduct inexpensive and unobtrusive data-tracking of students’ HR 

during the course of a number of lectures. Indeed, if such a device is as unobtrusive as wearing a 

wristwatch then it is less likely to impact a participant’s base heart rate and spoil data. Generally, these 
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devices are Bluetooth enabled and intuitive to use, allowing the user to synchronize recorded data with a 

compatible mobile or web application. 

Furthermore, a platform for students to submit their heart rate data after a lecture provides opportunities 

for research and data-mining to better understand how HR and student engagement are related, and if 

different types of lecturing styles and activities affect this.  

 

1.27.1 Existing software 
 

 

Many of the current fitness monitoring devices come with their proprietary software that allows a user to 

synchronize and track their HR, biometric and other data over extended periods or focused periods of 

exercise or activity. Figure 0-1  and Figure 0-2  illustrate the heart rate monitoring section of the Android 

Fitbit application. Figure 0-1 shows the display of historical data, specifically the resting HR trends of a 

user over the last 30 days, a potential indicator of overall fitness and wellbeing, while Figure 0-2  displays 

a current real-time view of HR with the daily breakdown of the user’s HR, with divisions into Fat Burn, 

Cardio and Peak zones to facilitate exercise like interval training,   
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Figure 0-1 - Daily-focused HR data on Fitbit 

Android application 

 

 

Figure 0-2 - Heart rate tracking over last 30 

days in Fitbit Android app 

 

While these first-party applications serve the purposes of health and fitness tracking, the raw data is not as 

readily accessible as would be desired to record HR data in isolation, nor is it possible to gain access to 

the data in order to communicate it in real-time to a potential dedicated lecture HR monitoring 

application. 

When the Fitbit device is instructed to record a ‘workout’ or more focused activity, the tracker records a 

focused reading of the user’s HR during this period. While it is possible to view the data of a user in the 

Fitbit app (Figure 0-3), it is either not supported or extremely cumbersome through this and other similar 

proprietary apps to export the raw data. 
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Figure 0-3 - Timed recorded activity in Fitbit Android application 

 

It became clear that a dedicated mobile and web application (HeartPoint) that facilitated recording of HR 

data was required. The intention being that students could record their heart rate during the course of a 

lecture, synchronizing the data from their own wrist-based device to a dedicated mobile application on 

their own phone or other device via Bluetooth. Afterwards, a student would use an intuitive web 

application to submit their recorded data for that session directly from their phone for later analysis.  

1.28 Heart Rate tracking system design  

 

The main platform for the mobile application was Android. With around 85% of the market share of 

mobile devices and open-access developer tools, it is the best platform on which to develop a mobile 

application for this project. Furthermore, at the time of development Microsoft and Fitbit offered software 

development kits (SDKs) for use with their respective Band 2 and Fitbit models on all mobile platforms.  

The mobile application was targeted to use Android’s Bluetooth API and relevant SDK to connect to the 

wrist based device and access its HR sensor. Accessing the HR sensor allowed the Android application to 

retrieve the wearer’s heart-rate and display this on screen. The application allowed a user to record their 
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HR, with start and stop recording buttons, during the course of a lecture. When a user has stopped 

recording, they were able to save their recorded data and submit this for analysis. The submitted data 

being stored in an Amazon Web Service (AWS) database accessible through a dedicated website.  

As a result of an initial technology research period it was found that the Microsoft Band SDK provided 

connectivity between the Microsoft Band 2 and an Android based application. Following from this it was a 

matter of communicating this data with any web app or database in the system, in this case a MySQL DB 

hosted on AWS. The Band SDK was found to be more accessible and better supported for access to the raw 

HR data than the FitBit SDK. The data exported was in Comma Separated Values (CSV) format. 

 

1.29 Methodology 

 

 

The study was conducted over two years with two different cohorts (Groups A and B) of post graduate 

students taking a 24 week compulsory module in Java programming in semesters one and two of a one year 

MSc course in Software Development. Group A started the course a year before Group B. The age profile 

of the students was from 21 to 30. The research purpose and the methodology to be employed were 

explained to all the students before the course and volunteers were requested. A large number expressed an 

interest and willingness to participate and subsequently the students were chosen at random. Similar to 

other studies in the area any students that had diagnosed cardiovascular defects or smokers were not 

included and the students were asked to refrain from caffeine intake one hour prior to the lecture. 

Additionally all HR recordings including the students recording of resting HR were taken at the same time 

of day. Each student was loaned a Microsoft Band 2 wearable device and encouraged to wear it regularly.  

This was to ensure that a baseline RHR could be established for each student and also to lessen the 

potential influence on the results that measuring the HR during the lecture may have had. The HR for 

students was sampled per second during the lecture. After each lecture, each student in the study uploaded 
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their HR data to a secure central server ( 

Figure 0-4).   

1.29.1 Data capture process 
 

The HR was recorded live via an Android app created specifically for this study, which each student in the 

study subsequently installed on his or her phone. Before the start of each lecture, the students involved would 

connect the app via Bluetooth and their MS Band. Each of the MS Bands was time synchronized to ensure 

that it was possible to compare each recording. During the recording the app collected the data from the MS 

Band and logged it locally on the connected phone. On completion of the recording, the students would then 

upload the raw data file from their phones via a dedicated webpage to a secure server hosted by Amazon 

Web Services. The file was authenticated to each student, using their student number from his or her login 

credentials, renamed accordingly and timestamped.       

 

 

Figure 0-4 - HeartPoint platform: HR data capture from wearable device to storage on secure 

server 
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The exact start and end times for each lecture were also included in that data. This meant it was possible to 

subsequently trim the HR recording of students that may have either started recording their HR before the 

start or failed to stop the recording after the end of the lecture for comparison of results. 

 

1.29.2 Data capture stages  
 

As referenced earlier, the lack of previous field based studies on HR monitoring during lectures meant that 

there was a dearth of comparable studies on which to draw best practice and base this study design on. It was 

therefore decided to establish a short time boxed preliminary investigation to help understand and better 

shape and inform a later focused study.  The HR recordings were therefore conducted over two stages:  

Stage 1: An initial observation of HR patterns. 

This stage was designed in order to establish a grounded understanding of the general patterns of HRs during 

lectures. There were 35 students that successfully recorded HR data (male=20, female=15). While other 

students were involved there were several instances, due to technical issues, that they did not provide enough 

HR data and as such are not included in the analysis. The students recorded their HR during two separate 50 

minute duration lectures. This stage was designed to inform an answer to the research question: “Is there a 

general decline in average HR of students over a length of a 50 minute lecture?” which had previously been 

observed in a number of limited studies. It also enabled a generalized profiling of group patterns and 

observation of differences within individual recordings, which helped inform the second stage study. 

Additionally, it helped develop best practice techniques to maximize the quality and quantity of recordings 

for the later stage investigation. 

Stage 2: A focused study investigating differences between Resting Heart Rate (RHR) and Lecture 

Heart Rate (LHR) and exploring possible correlations between each and potentially with module 

scores.  



Chapter 4: Heart Rate Measurement 

 

 

 

119 

 

This stage was initially conducted with 15 students in Group A, with a second run of the experiment with 

Group B (approximately a year later) with another 25 students. While the second run used the same recording 

procedures, some of the logistical lessons learned from the Group A study helped refine procedures and 

resulted in an increased quantity of recordings from Group B.  

To establish the RHR each of the students recorded their heart rate during a period of rest. Then to establish 

their LHR patterns the same students recorded their HR during ten lectures.  As there was no previous 

research to framework the number of recordings required it was decided that ten lectures (just over three 

weeks of lectures) would be used as a start point for the Group A sampling. On further analysis, it was found 

that there was no significant difference between the averages recorded for one week’s lectures and three 

weeks. As such, it was possible to reduce the sampling to three lectures (one week), which increased the 

quantity of student recordings.  

The analysis and comparison of RHR and LHR and module score correlation was conducted separately for 

each group and then an aggregated analysis to provide an overall correlation investigation is presented in the 

following results section. 
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1.30 Results  

 

1.30.1 Stage 1 An initial observation of HR patterns 
 

 Is there a general decline in average HR of students over a length of a 50 minute lecture?  

The overall pattern of HR during lectures (Figure 0-5) shows three distinct phases.  

 

Figure 0-5 – Average (mean) overage HR profile over a 50 minute lecture 

The initial phase shows the average recorded HR at the beginning of the lecture was 75 bpm. This then 

decreases to around 71bmp within the next 11 minutes. A mid phase follows which lasts from minute 12 to 

48 with a reasonably constant average HR of 71bmp with a slight dip to 70bmp from minutes 28 to 34. The 

last phase shows a slight increase over the last 3 minutes.  The relatively higher HR at the beginning is likely 

due to recent physical activity, with the students having just walked to the lecture theatre. The final phase 

increase is likely due to the students readying themselves to leave at the end of the lecture.    

This research concurs with previous research ([4],[5]) that there is an overall decrease in HR during the 50 

minutes of the lecture. However, the decease is very slight and mainly due to the elevated HR at the beginning 

of the lecture due to the mild physical activity of the students’ walking to the lecture venue.    

While the average general HR profile shows limited variation over time this is not typical when observing 

an individual profile. As shown in Figure 0-6, there is rarely a smooth profile, with frequent peaks and 
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troughs observed throughout the lecture. Moreover, there are significant variations between individual 

students during the same lecture (Figure 0-7). 

 

Figure 0-6 – Typical individual lecture HR profile 

 

Figure 0-7 – individual HR profile of five students during the same lecture 

This suggests that there are significant differences between the way students react to the same teaching 

stimuli. If indeed this is the case then it may be possible to measure and correlate these activities to expected 

responses in HR and cognitive activity.   
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1.30.2 Process refinements 
 

This stage also proved useful in refining the process of HR capture for Stage 2. It resulted in some software 

updates of the HeartPoint platform, mainly designed to increase the usability of the web and app. It was 

quickly established that although the participants were very willing there were numerous occasions where 

data was not recorded due to a variety of reasons, including students forgetting to charge their phones or 

the MS Bands, failure to bring one or either to the lecture or even forgetting to start the recording. Timely 

reminders for the participants on all of the above proved useful in increasing the quantity of recordings. The 

app was also updated to ensure that interrupts such as receipt of general notifications on the device did not 

affect the recording, as was the case on some phones.  

 

1.31 Stage 2  

 

Recalling that this stage was a focused study designed to investigate differences between RHR and LHR, 

the results are presented with Group A and Group B separately followed by an aggregated analysis of both 

groups.   

1.31.1 Group A : Stage 2 
 

 Is there an increase in student HR during lectures in comparison with resting HR (RHR)?   

 

Benchmarking RHR profiles enabled a comparison with the LHR. A focused study of 15 students (m=9, 

f=6) were initially targeted. Although the 15 students were involved in this phase the study reports on the 

11 complete sets of data received (11 students, m=7, f=4). One of the students did not complete the course 

and three were unable to provide a complete set of data due to short term illnesses during the data recording 

period. The RHR and LHR measurements were found to be normally distributed, RHR (p=0.986, 

Kolmogorov-Smirnov, Z=0.453) and LHR (p=0.999, Kolmogorov-Smirnov, Z=0.382). The results shown 

in Figure 0-8 illustrate that in every instance for each student their LHR was higher average than their RHR. 
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Using a Paired Samples T Test it was found that there was a statistically significant difference between the 

mean RHR (64.44 SD=4.36) and LHR (72.89 SD=5.5)(p=0.002, t=-8.772, df=10). The size of this 

difference in mean scores was found to be extremely strong (r=0.94). This finding concurs with much of 

the previous HR cognitive effect studies that there is an increase in HR when an individual is cognitively 

engaged.  

 

Figure 0-8 – Individual Student HR at rest compared to HR during lectures (Group A) 

 Is there a correlation with HR and overall module attainment? 

 Is there a correlation between the resting HR of students and final module score? 

 

Using a Pearson correlation test there was found to be no significant correlation between RHR and module 

score (r=0.146, p=0.668). This finding partially supports a similar previous study [6] that baseline HR has 

no association with cognitive performance. Although the same study did report that sustained attention tasks 

were better performed by students with lower RHR. The findings in the present study would suggest that 

RHR measurements on their own could not be used as a predictor for final module attainment.   

 Is there a correlation between the Lecture HR of students and final module score? 

Using a Pearson correlation test there was found to be no significant correlation between LHR and module 

score (r=0.491, p=0.125). The findings in this study would suggest that LHR measurements on their own 
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could not be used as a predictor for final module attainment. It is not possible to compare this outcome with 

previous studies as this measurement has not been made before.     

 Is there a correlation between percentage variances between the resting HR and lecture HR 

of students and final module score?  

Similar to most other HR and cognitive effect study methodologies the percentage variance in HR at lecture 

time in comparison with RHR was established for each student (Table 0-1). This is designed to help 

normalize the natural differences in baseline RHR between individual students for a more even comparison. 

Table 0-1 – Individual RHR, LHR, variances between RHR and LHR and module scores achieved 

(Group A) 

Student 

ID 

Resting 

HR 

(bpm) 

Lecture 

HR 

(bmp) 

Percentage 

difference 

in HR 

Module 

score 

s1 66 73 10.6 65 

s2 69 82 18.8 80 

s3 69 74 7.2 70 

s4 61 67 9.8 50 

s5 62 67 8.1 50 

s6 58 64 10.3 72 

s7 66 74 12.1 84 

s8 63 72 14.3 82 

s9 70.0 79 13.0 74 

s10 58 71 22.0 85 

s11 64 78 22.0 75 

 

The results show that there was an average percentage increase among all students in HR from RHR to 

LHR of 13.2%. Each student’s percentage variance increase in HR from RHR to LHR compared to 

individual module score is shown in Figure 0-9 and demonstrates a positive correlation between the two 

variables. Additionally, a Pearson analysis illustrates a fairly strong and positive correlation (r=0.691, 

p=0.042).  
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Figure 0-9 - module score and percentage increase in HR during lectures for students (Group A) 

This finding would suggest that those students that exhibit a higher percentage increase in HR from baseline 

achieved better results in the module. It concurs with previous studies that there is an increase in HR of 10-

20% on task demand. It would also suggest that the students with the higher HR differences were more 

actively cognitively engaged at lecture time. While there are many factors involved in final module mark, 

it would appear that being more activity engaged, as indicated by HR differences, could be a potential 

indicator for the level of module attainment. A linear regression to include the difference in HR was 

calculated to predict module score based on HR differences. A significant regression equation was found 

(F(1,9)=5.580, p=0.042), with an R2 of 0.383. Student predicted mean score was equal to 52.078 

+1.478(Percentage increase in HR). It is also of note that students with the lower HR increase (around 6%) 

had a wide range of scores spanning from 50% to 70%. Whereas the students that recorded higher HR 

increases (8 % - 14%) consistently scored higher than 75%. This again is in agreement with other reported 

studies indicating that higher HR points to higher cognitive engagement.     
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1.31.2 Group B : Stage 2 
 

A rerun with some process refinements was made with Group B.  

 Is there an increase in student HR during lectures in comparison with resting HR (RHR)?   

 

Similar to Group A’s study, while 25 students were involved reported here are the 16 complete sets of data 

received (16 students, m=9, f=7). The results shown in Figure 0-10 illustrate that in every instance for each 

student their LHR was higher average than their RHR. Using a Paired Samples T Test it was found that 

there was a statistically significant difference between the mean RHR (62.63 SD=4.99) and LHR (73.56 

SD=4.26)(p=0.002, t=-12.480, df=15). The size of this difference in mean scores was found to be extremely 

strong (r=0.89). This finding concurs with much of the previous HR cognitive effect studies that there is an 

increase in HR when an individual is cognitively engaged.  

 

Figure 0-10 – Individual Student HR at rest compared to HR during lectures (Group B) 

 Is there a correlation with HR and overall module attainment? 

 Is there a correlation between the resting HR of students and final module score? 

Using a Pearson correlation test there was found to be a significant correlation between RHR and module 

score (r=0.699, p=0.003). This is a different outcome from Group A and suggests that Resting Heart Rate 

and perhaps general fitness may positively affect cognitive performance.  
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 Is there a correlation between the Lecture HR of students and final module score? 

Using a Pearson correlation test there was found to be no significant correlation between LHR and module 

score (r=0.083, p=0.447). The findings in this study would suggest that LHR measurements on their own 

could not be used as a predicator for final module attainment, similar to Group A findings in this area. 

 Is there a correlation between percentage variances between the resting HR and lecture HR 

of students and final module score?  

 

Table 0-2 – Individual RHR, LHR, variances and module scores achieved (Group B) 

Student 

ID 

Resting 

HR 

(bpm) 

Lecture 

HR 

(bmp) 

Percentage 

difference 

in HR 

Module 

score 

s1 62 74 19.4 68 

s2 54 70 29.6 74 

s3 72 78 8.3 47 

s4 63 75 19.0 73 

s5 62 76 22.6 80 

s6 64 74 15.6 70 

s7 67 77 14.9 53 

s8 54 74 37.0 84 

s9 63 71 12.7 64 

s10 58 65 12.1 82 

s11 66 77 16.7 55 

s12 66 75 13.6 70 

s13 69 81 17.4 78 

s14 58 66 13.8 80 

s15 60 70 16.7 74 

s16 64 74 15.6 60 

 

The results show that there was an average percentage increase among all students in HR from RHR to 

LHR of 17.8%. Each student’s percentage variance increase in HR from RHR to LHR compared to 

individual module score is shown in Figure 0-9 and demonstrates a positive correlation between the two 



Chapter 4: Heart Rate Measurement 

 

 

 

128 

 

variables. Additionally, a Pearson analysis illustrates a fairly strong and positive correlation (r=0.503, 

p=0.047).  

 

Figure 0-11 – module score and percentage increase in HR during lectures for students (Group B) 

This outcome is consistent with the findings of Group A, with increased HR variance between RHR and 

LHR being related to higher module scores, although in some individual cases that was not always the case.  

1.31.3 Aggregated results (Group A and Group B) 
 

Due to the difficulties of the sampling process the sample sizes of Groups A and B are relatively small 

therefore an analysis of the aggregate data was made.   

 Is there a correlation between the resting HR of students and final module score? 

As illustrated in Figure 0-12 and analysed using a Pearson correlation test, there was found to be no 

significant correlation between LHR and module score (r=0.339, p=0.083). Note that the correlation results 

from Group A and Group B were different, with B showing a correlation. However when combined no 

correlation is found, although also of note is the p value which is approaching significance.    
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Figure 0-12 - module score and RHR for all students 
 

 Is there a correlation between the lecture HR of students and final module score? 

Using a Pearson correlation test there was found to be no significant correlation between LHR and module 

score (r=0.004, p=0.983). 

  

Figure 0-13 - module score and LHR for all students 

 

 Is there a correlation between percentage variances between the resting HR and lecture HR 

of students and final module score?  

The combined results (Table 0-3) show that there was an average percentage increase among all students 

in HR from RHR to LHR of 16.1%.  
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Table 0-3 – Individual RHR, LHR, variances between RHR and LHR and module scores achieved 

 

Module 

score 

Percentage 

difference in 

HR 

RHR 

(bmp) 

LHR 

(bmp) 

47 8.3 72 78 

50 8.1 62 67 

50 9.8 61 67 

53 14.9 67 77 

55 16.7 66 77 

60 15.6 64 74 

64 12.7 63 71 

65 10.6 66 73 

68 19.4 62 74 

70 7.2 69 74 

70 13.6 66 75 

70 15.6 64 74 

72 8.1 58 64 

73 19.0 63 75 

74 13.0 70 79 

74 16.7 60 70 

74 29.6 54 70 

75 22.0 64 78 

78 17.4 69 81 

80 13.8 58 66 

80 18.8 69 82 

80 22.6 62 76 

82 12.1 58 65 

82 14.3 63 72 

84 12.1 66 74 

84 37.0 54 74 

85 22.0 58 71 

 

Each student’s percentage variance increase in HR from RHR to LHR compared to individual module 

score (shown in Figure 0-14 and Figure 0-15) demonstrates a positive correlation between the two 

variables. Although it again shows some individual variance in effect, although the overall trend is 

positive.  Additionally, a Pearson analysis illustrates a fairly strong and positive correlation (r=0.466, 

p=0.014).  
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Figure 0-14 - module score achieved and percentage increase (sorted) in HR during lectures for 

students (Group A and B) 
 

 

Figure 0-15 – module score achieved and percentage increase in HR during lectures for 

students (Group A and Group B) 

 

 

 

 

1.32 Discussion 

 

This study is unique in that it utilized non-intrusive wearable devices to measure HR in a natural learning 

environment. The findings concur with much of the previous clinical and simulated studies of HR and 
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cognitive effect showing an increase in HR under cognitive load. The finding that elevated HR at lecture 

time is correlated with higher module scores is potentially significant. The current demand for computer 

science graduates has resulted in increasingly larger class sizes in universities. The challenges of effective 

delivery in these mass education environments are well documented, with one of the recurring themes being 

high attrition rates, especially in programming courses [7]. Larger cohort sizes mean there are obvious 

increased difficulties in identifying struggling students. In the future, the increasingly common use of HR 

measuring wearable devices could be used as leverage to help in the early identification of such students. 

The research results would suggest that those students with a higher increased HR during the lectures are 

more cognitively engaged during these key learning contact points. The causality of the higher HR could 

be a myriad of influences including motivations to learn, interest in the subject material, the teaching styles 

employed, where the student is sitting in the lecture theatre [8] and previous in-term results achieved by the 

student.  

1.33 Limitations 

There are several limitations of the current design. Firstly, heart rate is a gross psychophysiological measure, 

yet it does have a proven large scale design research [9]. HR is by its nature an individual measurement and 

while the study attempted to control for variables such as caffeine intake, time of day, subject age and health 

there are many other potential lifestyle and biological influences that may affect HR recordings. As 

discussed the complications in sampling live HR during lectures resulted in smaller than anticipated sample 

sizes in this study. The process improvements suggested would enable a higher potential data harvest in 

future research. However the relatively small sample sizes in the study are a threat to the generalizability of 

the findings, yet, many seminal HR studies such as (e.g. [2],[3],[9]) have been conducted with similar sizes. 

Although it is worth noting that while the results reported here were sourced from 53 students there is still 

a large data point sampling required to achieve this level, with the Stage 1 involved over 7.35 million sample 

points and Stage 2 having 363,000 HR sample points. In addition, the study concentrated on two cohorts of 

first year programming students as such this also potentially restricts the generalizability of the findings to 
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these type of students and also the subject. Although the cohorts were taught in succeeding years, they were 

taught by the same lecturer and teaching resources, timetables and lecture rooms were generally consistent 

between years.       

While the study includes some students that were borderline passes and fails it would also be of interest to 

study the HR of students that failed the module. A stated aim of the research was to measure as much as 

possible without being intrusive; this meant that the students were responsible for fully engaging with the 

logistics of the experiment. They had to attend the lectures, ensure that they had the wearables fully charged, 

and subsequently upload the data. This process, even with enthusiastic volunteers, proved to be difficult at 

times and limited the sample sizes of the study.  

Future studies in this area could readily be extended to include other disciplines. Additional experiment 

variable control or assessment may be possible, such as controls or consideration of age, stress, well-being, 

gender and previous subject knowledge. The individual LHR responses (Figure 0-6 and Figure 0-7) 

illustrate that there are significant differences between individuals but also allude to some commonalities 

in response to teaching events. Checking if common increases and decreases are aligned to the learning 

activity would enable an analysis of the relative effectiveness of various interactive and non-interactive 

teaching methods employed during the lectures. This has the potential to increase future student cognitive 

engagement and lecturer performance with the aim to increase overall student attainment. Indeed the LHR 

profile (numbers of significant increases or decreases in HR) is also worthy of investigation, such as 

investigating if there is there a correlation with LHR profile during lectures and overall module attainment 

between different modules.  

 

1.33.1 Process issues and suggested refinements 
 

There were a number of issues that affected the quality and quantity of the recordings which are lessons 

learnt and are worth sharing to improve any future research in the area. During HR recordings occasionally, 

the app would lose Bluetooth connection with the MS Band. This meant that the recordings would be lost 
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while the connection was down. This was not always obvious to the student at the time and was only 

discovered when the student uploaded their raw HR data file. Consequently, any recordings that were 

discovered with missing data were not included in this research. There were also some issues with the 

connection not being established at the start of the lecture, which meant that no recording was made. The 

choice of MS Band was based on the availability of an open Application Programming Interface (API), 

which enabled the app to connect and sample and record the data directly on the mobile device. At the 

beginning of the research, other available wearables did not provide as readily accessible APIs. The 

unreliability of the chosen wearable to maintain the connection certainly slowed down the harvesting of HR 

data. However, Microsoft stopped producing the MS Band and stopped supporting the API in early 2017, 

which likely means that future research will not be able use these devices. 

Of interest and further reported within this research, the app was further developed to pilot a live feedback 

mode for the HR data. It was proven to work for a number of connections and meant that conceivably the 

lecturer could view real-time HR data. This means that potentially the lecture could respond to downturns 

in collective HR by moving on from a topic, increasing the lecture, or asking questions to enhance cognitive 

engagement. 

There were some other logistic issues, including students not having the wearable or their phone charged. 

Others forgot to bring their phone or wearable with them to the lecture or not being present at the lecture. 

It was found that sending constant reminders to attend and reminding them to be prepared with the phones 

and wearables helped increase the response rate of recordings. Largely the students were diligent in 

uploading their data but again reminders were necessary to expedite this process for some. Going forward 

in future research it is suggested that having a device with an open API that enables a live feed or recording 

would remove some of these issues and thereby the quality and quantity of recordings achieved.        
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1.34 Lecture Track - Real-time HR visualization 

 

The results suggest that LHR variations are reflective of cognitive engagement at lectures. As an early 

warning indicator for an individual student this has significant potential but also suggests that having real 

time data presented to the lecturer at the time of the lecture opens up the possibility of real-time lecture 

performance feedback. If a lecturer could view associated HR variations at real-time then recognizing 

collective patterns of change would inform the lecturer of cognitive activity, potentially prompting teaching 

action change, such as pace change or changes in delivery format.  Accessing and analysing the real-time 

HR data of students during a class or lecture would further understanding of how demanding different 

aspects of third-level education are; from the more traditional notes and prolonged speech lectures (chalk 

and talk) to more interactive classes which involve group activities or discussions. Access to this data in 

real-time or even post-lesson could be invaluable to lecturers alike because it would allow a lecturer to adapt 

and evolve their teaching style to maximise student engagement and understanding. Furthermore, 

developing an application that could communicate real-time student HR data to a lecturer during a lesson 

could be an invaluable tool that would allow a lecturer to adapt to student engagement levels. It is unlikely 

that, while delivering a lesson to a large cohort of computing students, a lecturer can pay close attention to 

signs of engagement from all students in a lecture theatre; but given an at a glance view of collective real-

time access to HR data the of students, they could estimate the overall cognitive effort exercised by the 

class and adapt their teaching if required. If HR were to drop then perhaps that could trigger a change in 

teaching activity or a sharp rise could portray a lack of understanding or stress at the prospect of a daunting 

challenge that could be assuaged. This would invariably improve lecture quality, in turn improving student 

and lecturer performance. 

As such a prototype system, namely Lecture Track, was developed to investigate if current technology 

exists to support a scalable collective real-time visualization of HR for multiple students that could be used 

in real-time by lecturers. 
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1.34.1 System design 
 

The system consisted of three main components; an Android application, a web application and a real-time 

database. The requirements of real-time updates between data insertions by the Android application and 

updates in the web application required a real-time capable database. A potential solution was proposed by 

sending the heart-rate data sent from the Microsoft Band to a web server using HTTP POST, which would 

utilise a PHP script to update the UI of a web app with this new data. However, a more elegant and efficient 

solution was discovered in the form of the Google owned development platform, Firebase. Firebase is a 

relatively new platform, founded in 2011 and acquired by Google in 2014 and offers multiple features. 

Three of these are integral to this system’s design and operation: Authentication, Real-Time Database and 

Storage. The Firebase real-time database is a NoSQL JSON tree object. After exploring the potential of 

real-time updates in a cloud-stored database that can integrate with Android and JavaScript web 

applications, with instantaneous updates across all platforms, it was determined Firebase would be an ideal 

platform with which to achieve this prototype’s targets. 
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Figure 0-16 – System architecture for real-time HR data visualisation 

 

Firebase Authentication provided the means to meet the requirements of registering and managing multiple 

users across a multi-platform app. Furthermore, Firebase Storage provided a storage bucket for files containing 

raw student heart rate data for further data-mining. As a result, the cloud-hosted services provided by Firebase 

became the central hub of the system, with the Android and web applications connecting to a Firebase 

database, authentication system and storage as displayed in the high-level diagram in  

Figure 0-16. 
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1.34.2 Findings of Real time HR visualization prototype  
 

The prototype ran successfully with three students using separate Android devices, each paired with a 

separate Microsoft Band 2, logging into different accounts on each of their devices and beginning to track 

HR. The web app’s track page (Figure 0-17) was run simultaneously while logged-in to the lecturer user 

account.  

 

Figure 0-17 – Lecturer’s view of the real-time collective HR of students 
 

These operations were then observed for full 50 minute lecture and no drop in performance was detected. 

The Android application persists in tracking HR and all the inherent operations while the application is 

minimised or the phone is asleep. However, separately observed was force-closing or turning the phone 

off completely will naturally cause it to stop. The outcomes provide evidence that the prototype system 

architecture and use of Firebase real-time DB would indeed support the scalable capture and visualization 

of real-time HR data from students in a lecture theatre. 

 

1.35 Conclusion 

 

The study has presented evidence that is concurrence with the very limited amounts of previous research 

in the area, which shows that there is a very slight decrease in the HR of students during 50 minute 

lectures. However, this decrease is mostly attributed to heightened HR at the start of the lecture, likely due 
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to ongoing recovery from mild prior physical activity such as walking to the lecture venue. The study 

presents patterns of heart rates that illustrate significant HR changes and differences between students at 

the same time during the same lecture, with frequent peaks and troughs in HR activity. The range of 

reactions, as pointed to by the variances in HRs between the students, likely points to divergent levels of 

cognitive engagement. With the same teaching stimulus, prompting heightened HR for some while at the 

same time not affecting others. This is a potential new area of research that could ultimately lead to the 

production of teaching performance metrics and improved learning experiences for students.  

 

The study presents evidence that there is no correlation between resting heart rate (RHR) or lecture heart 

rate (LHR) and module score. This suggests that neither value is particularly useful as potential predictors 

of success on their own. However, the study does point to an increase in LHR from RHR for each student 

in the study. Even with an elevated HR due to mild activity before the lecture, this suggests that there is 

measureable cognitive activity happening during the lecture. Moreover, the study finds that there is a 

positive correlation between the percentage differences in RHR and LHR, with generally top performing 

students showing the greatest increase in HR from their base resting levels. Considering the amount of 

research that concludes that an increase in HR may be attributed to increased cognitive effort, it is 

postulated that the increase shown here is also because of cognitive effort and furthermore the greater 

average increases appear to be behavioral traits of better performing students as illustrated by their 

module score.   

The study has its limitations in sample size but it also presents the methodology used and suggests process 

improvements for similar HR measure studies in large-scale learning environments, showing that given 

enough measuring devices the process is indeed achievable and manageable. Indeed while HR was the 

main measurement used in this study the widespread adoption of newer wearable devices that enable other 

physiological measurements such as Heart Rate Variability, electrocardiogram and Galvanic Skin 

Response has the potential to enrich the available dataset in future studies.  
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The successful prototype development of a scalable real-time collective visualization of student HR has 

enormous potential in lecture and lecturer performance. The ability for a lecturer to quantify rather than 

intuitively qualify student cognitive activities at the time of the lecture is very powerful.  

The ability of the lecturer to interpret the HR data and continue to conduct the lecture simultaneously is 

likely a skill that would take time to hone. The prototype HR visualization app screen could be refined to 

better present the data that could help that process of data interpretation. Many HR based fitness trackers 

present generalized real-time HR level activities during exercise into zones such as Warm Up, Fat Burn 

and Vascular and Threshold. It is therefore conceivable that student collective lecture rate could be 

incrementally categorized into Passive, Cognitively Engaged and Stressed.  That system would prove to 

be a quicker and more intuitive at-a-glance view for the lecturer. And could be further developed to be an 

actual alert vibrate notification on a smart device worn by the lecturer, thereby giving the lecture a 

controlled intrusive indication of student activity zone changes without the need for the lecturer to activity 

keep reviewing HR on a screen.  

It is valid to question would lecturers want performance trackers that could potentially be used by 

institutions as individual Key Performance Indicators (KPI). Module and teaching evaluations by students 

are one such measure of lecturer performance. However, it is not inconceivable that a collective HR 

tracking system could provide enough data to support the setting of individual lecture KPIs, such as 

percentage lecture time spent in a Cognitively Engaged zone. Could a higher percentage of time spent in 

the passive zone but used as an indicator of a boring lecturer? This may be a reasonable conclusion 

considering that in a systematic review relating to student attention in lectures Bradbury [10] concluded 

that the most consistent finding was “that the greatest variability in student attention arises from 

differences between teachers and not from the teaching format itself”. He went on to conclude that “even 

the most interesting material can be presented in a dull and dry fashion, and it is the job of the instructor 

to enhance their teaching skills to provide not only rich content but also a satisfying lecture experience for 

the students.” 
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In terms of the subject discipline of Programming, more so in comparison to narrative based subjects 

lends itself to the expectation that the learning activities, including during lectures, should be heavily 

practically based and as such should be pitched at a cognitive engagement level. The findings of this area 

of the thesis suggest that the more cognitively involved students at lectures do better in assessments and 

on that basis it maybe justifiable to consider that if a lecturer provides non-engaging programming 

lectures then their teaching style is not fully supportive of learning. A KPI set in this area as measured by 

HR may well be justifiable addition to lecturer performance measurement.  

The study findings have significance in the better understanding of mass CS learning environments. But 

could HR be commonly employed to identify a struggling student showing signs of lack of engagement in 

a module at lecture time? Firstly that would necessitate a student consenting the institution access to their 

baseline resting heart rate and then their lecture heart rate. In this study, while many students actively 

participated, there was a number who did not. It is unlikely that all students in a cohort would authorize 

the use of their HR data, even for the state aim of measuring engagement to help the student via an 

intervention powered by an early warning performance measure system. Additionally, this study has 

shown that despite HR wearable devices now being of commonplace use, few of these devices support 

easy access to raw HR data and those that do require the development and in the long term maintenance of 

a platform to record the data.   

 

In conclusion, HR has been presented in this chapter to be of potential significance in performance 

observation, with positive correlation with module scores. Yet HR, unlike other student data such as 

demographic details, VLE activity, attendance, seating patterns and lecture capture viewing patterns is 

difficult to capture. While HR data remains an opt-in, sensitive and effortful data source its potential to 

form part of the data arsenal of an early warning performance system may not be fully realised.   
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LECTURE CAPTURE VIDEO ANALYTICS : AN STUDY 

OF STUDENT ACTIVITIES IN RELATION TO VIDEO 

LECTURE CAPTURE ASSOCIATED WITH 

PROGRAMMING LECTURES 
 

1.37 Introduction and background 

 

The current body of research into the impact of the increasingly ubiquitous presence of video lecture capture 

(LC) in Higher Education was outlined in Chapter 2. The review found that it is commonly agreed that LC 

benefits student learning, with the ability for students to revise taught areas [74] and increased flexibility. 

There continue to be some concerns on attendance ([2], [3]) but most other studies have concluded there is 

no negative impact ([4],[5]). 

Furthermore, there is considerable research attention on the analytics of the engagement performance of 

blended, distance learning and LC videos (e.g.[6][7][8]). Increasing the ability to analyse the performance 

of videos has been enabled by new technologies. Platforms such as Panopto enable the linking of videos to 

specific slides and other content, producing a contents report showing hits per resource. Other platforms 

such as TEAMS and MS Streams allow embedding of interactive content such as a poll/survey within a 

timeline of a video. The ability to analyse how students interact with LC videos has the potential to add to 

the stock of formative reflection of what and how students are learning and perhaps how well they are 

learning. The rich seam of data that may be mined from video usage statistics ranges from simple 

engagement figures such as hits per video, rising in analytical complexity to the timing of video hits, right 

up to individual analysis of LC videos focusing on peaks and troughs in video viewing patterns. The latter 

analysis provides a method of identifying areas when students are engaged, confused or bored [9]. 
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The review has highlighted a gap in research specifically targeted at LC in programming courses and 

moreover, a lack of research focus on understanding of student LC activities and the impact on individual 

academic attainment.  

An understanding of LC behaviours and patterns in relation to learning engagement and eventual module 

scores has the potential to identify real-time indicators of how the learning of an individual or collective is 

progressing during a course. Any ability to shorten the feedback on learning engagement has the potential 

to prompt immediate and future teaching activities and perhaps identify students that are struggling to 

engage or understand.  In the continued theme of this thesis, LC video analysis is another largely under 

researched and untapped resource that has the potential to provide indicators of the successful and struggling 

students in large scale programming classes.  

There are several common formats of Video Lecture Capture, from recording the room, recording the 

lecture and presentation device(s), as well as separate recordings in place of lectures. Within this study as 

further detailed in 1.39.1 the approach was to provide offline pre-recorded videos. This was the expectation 

of the cohort of students as it was a known and highly regarded custom and practice for all modules in the 

course. As such in one sense this narrows the scope of study to pre-record LC videos but also enables a 

study of interaction behaviours pre-lecture, which of course cannot happen with live recordings. Future 

study of live vs. pre-record and a study with the availability of both formats would be a new direction for 

study in this area.  

This chapter details the investigation and access the impact on learning of recording lectures during a 

programming module in a university computing degree. The study considered behavioural trends of the 

students towards watching recorded lectures, such as when, frequency, duration, repeat views and an in 

depth study of video viewing behaviours including dropout, rewind and replay and relates all of these factors 

to academic impact, especially focusing on academic attainment.  

Additionally it seeks to investigate viewing behaviours and relate any identifiable patterns to better 

understand lecture capture video performance, thereby enabling potential recommendations for future use 
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of LC. The chapter concludes with a model of prediction based on statistically significant factors identified 

from the various LC research strands.  

 

1.38 Research objectives  

 

There are two distinct areas of research, 1.) Performance analysis of LC videos, that seeks to understand 

broad engagement patterns with LC videos, which helps better inform the understanding and conclusions 

from 2.) Impact of LC on learning performance.     

 

1.38.1 Performance analysis of LC Videos 
 

The initial stage of the research area aims to add to the understanding gained from related research on lecture 

capture YouTube analytics ([4],[10]) by observing patterns of how students engage as a group in video LC 

in higher education computer programming courses. This stage of the research seeks to investigate and 

analyse the performance of LC videos in a number of areas. These include; timing of video release, audience 

retention and optimum video length. Additionally the purpose of views and consistency of viewing 

especially related to videos with differing subject complexity, thus gaining a better understanding of the 

patterns of engagement to provide a framework to add to the limited understanding of interactions with 

programming LC videos in programming and help inform the methodology employed and discussion on 

the results of the secondary stage of this research. A benchmarked understanding of engagement also has 

the potential to provide good practice guidelines for LC in programming courses. Ultimately the readily 

accessible YouTube analytics of LC videos provides a low-cost, relatively accessible rich source of data 

that coupled with good practice guidelines could be used to improve the overall quality of teaching and 

learning performance in programming lectures, both live and recorded.    

 

 



Chapter 5 : Lecture Capture Video Analytics 

 

 

 

147 

 

 

1.38.2 Impact of LC on learning performance 
 

 

The next stage of this research seeks to investigate the impact of LC videos on individual learning 

performance. The aim is to investigate and add to the currently very limited knowledge in this area to better 

understand how the use of LC videos affects academic performance. Specifically, the research seeks to 

investigate and identify any patterns of behavioural engagement including: quantity of video views, repeat 

views, timing of views to the related live lecture delivery, effect on lecture attendances and other individual 

video viewing behaviours such as dropout, rewind and replay and relate these to any effect on module score. 

Ultimately the identification of any significant factors that impact on learning attainment has the potential 

to reveal student performance indicators, which if they exist and if they are measureable early in the course 

delivery could form the basis of early warning indicators to identify struggling students.   

1.39 Methodology  

 

The study was conducted with two separate intake cohorts (Group A n=91 and Group B n=110) of post 

graduate students taking one compulsory module in Java programming over two semesters in a one year 

university MSc. Software Development course. The module was taught over a 24 week period with typically 

three one hour lectures per week.  

The study consisted of two investigative stages, 1). Performance analysis of LC Videos and 2). Impact of 

LC Videos on learning performance. Stage 1 was run over a 24 week teaching period with Group A. Stage 

2 was run over one academic year initially with Group A and subsequently rerun with the same conditions 

with Group B. There were various data collection points for each stage as illustrated in Figure 0-1.   



Chapter 5 : Lecture Capture Video Analytics 

 

 

 

148 

 

 

Figure 0-1- experiment design stages, illustrating chronological data collection and analysis points.  

 

The post graduate course has been running for several previous years and the students from previous 

cohorts were generally found to be highly motived and engaged. To gain entry onto the course the 

students needed have obtained at least a 2.2 degree classification in a non-computing related degree.  

 

1.39.1 Format of Lecture Capture in the module 
 

Previous post course surveys of past students that were exposed to LC in the module found that 89% 

preferred to have access to videos of key moments of lectures rather than whole lecture recordings. A large 

scale study carried out by Guo [11] concluded that “shorter videos are much more engaging”.  It was on 

this basis that segmented vignette LC videos rather than complete lecture recordings were provided for the 

students in this study. The lecture snippets consisted of the audio of the lecturer and video of on-screen 

projected content that concentrated on significant theoretical principles augmented by theory-related 

programming walkthroughs or code development activities that were faithful in replication of the physical 

lecture.  
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Generally, each lecture was supported by two to three videos of durations ranging from 5 – 30 minutes. The 

LC videos were hosted on a closed YouTube channel only available to the students in the module. The 

channel had analytics that offered engagement reports for the videos. Most of these vignette style videos 

followed the format of theory explanation (Figure 0-2, Figure 0-3) followed by the related coding examples 

(Figure 0-4, Figure 0-5). There were many occasions, however, when the coded elements were interrupted 

or referred back to theory elements. 

The on-screen projected content of the LC videos utilised the following pedagogically different formats as 

exemplified in Figures 5-2 to 5-5:  

1. PowerPoint slides with majority theory text based content. 

2. PowerPoint slides with majority programming code based content. 

3. Programming code walkthroughs with the lecturer highlighting and explaining code.  

4. Real time programming and code development with the lecturer manually entering and explaining 

the development of code in an Integrated Development Environment (IDE).  

 

 
Figure 0-2 - PowerPoint slides with 

majority theory text based content. 

 

 

Figure 0-3 - PowerPoint slides with majority 

programming code based content. 
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Figure 0-4 - Programming code 

walkthroughs, with the lecturer 

highlighting and explaining code. 

 

 

 
Figure 0-5 - Real time programming and 

code development.  With the lecturer 

manually entering and explaining the 

development of code in an Integrated 

Development Environment (IDE). 

 

 

1.39.2 Data collection and analysis 
 

 

The majority of the video performance related data came from the analytics provided by YouTube. This 

enables access to data per individual video and per channel, including hits (views), audience retention and 

other configurable reports on the timing of hits. A comparative performance study of the general 

performance of the videos was made using this rich data source. In addition, YouTube analytics provides 

configurable viewing performance graphs for individual and selected videos which enable an analysis of 

viewing behaviours including drop off and peaks in audience retention playback graphs.   

1.39.3 In-video dropout rate and audience retention 
 

A dropout rate is defined as the percentage of students who start watching a video but leave before the video 

finishes [9]. The audience retention (AR) rate is a cumulative measurement of the average percentage of 

the video that was watched.  The analysis of the dropout rate and AR can reveal factors that affect why a 

student leaves or skips over content in a video [9]. Consideration of these factors would likely improve the 

LC video performance. Thus any patterns identified may be tested in order to relate to academic 

performance. An analysis of the dropout and AR rates suggests that when the student no longer perceives 

the material in the video as relevant then the video is skipped forward or stopped.  
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1.39.4 Student survey– LC engagement behaviour study 
 

All students were surveyed about their viewing behaviours. The survey (Appendix C-4) was completed 

after the module was finished and sought detailed feedback on how many videos an individual had watched, 

how often they watched each video, primary reasons for watching and explanations of common viewing 

behaviours such rewind and replay and stop.  

1.39.5 Attendance data capture 
 

The attendance of the students was tracked via a mobile app created by the authors, with students registering 

their attendance at each lecture which was tracked to location and the time of the lecture to ensure 

authenticity of responses.  

1.40 Research investigations and questions 

 

As outlined in the research objectives section 1.38 there were two distinct investigations, with associated 

research questions detailed below. 

1.40.1 Stage 1: Performance analysis of LC Videos  
 

An investigation and analysis of the performance of LC videos, specifically in relation to the timing of 

release, audience retention, optimum length, purpose of views and consistency of viewing of videos with 

differing subject complexity. The aim is to investigate and add to the currently limited knowledge in these 

areas, to potentially enable recommendations for future LC use, especially in relation to programming 

modules. Having a better understanding of these generalisable performance factors provides a better basis 

to assess the impact of the videos on learning performance.  

Video Performance analysis research questions: 

 What is the pattern of engagement with the LC videos throughout the course?  

 Does the length of the video affect frequency of hits? 

 Is there a consistency of engagement between all LC videos? 

 Does video content affect the hits received?  

 Does video length affect audience retention (AR)?  
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1.40.2 Stage 2: Impact of LC Videos on academic performance 
 

This stage was designed as an investigation and analysis of LC video viewing behaviour using video 

analytics to relate the significance of patterns found to the impact on learners and learning, especially on 

module attainment. The aim is to investigate and add to the currently limited knowledge in these areas to 

better understand how the LC videos affect module scores. Ultimately the identification of any significant 

factors that impact learning attainment has the potential to reveal student performance indicators. The 

current demand for computer science graduates has resulted in increasingly larger class sizes in universities. 

The challenges of effective delivery in these mass education environments are well documented, with one 

of the recurring themes being high attrition rates, especially in programming courses. Larger cohort sizes 

mean there are obvious increased difficulties in identifying struggling students. A lack of engagement is 

one of the reasons for the acknowledged high attrition rates in university computing courses. The difficulties 

in individually tracking student performance generally mean that unless a student brings their issues to the 

lecturer’s attention, any lack of engagement and progress is commonly only identified from the results of 

summative assessment or possibly from noted lack of attendance at contact points in the course. The timing 

of either may be too late to provide effective support for the student.  The ability to provide early warning 

performance measures that assist in identifying such students would likely help with tackling course 

attrition. A better understanding of the effect of student performances related to video engagement patterns 

may open up the potential to provide early automated warning systems that could facilitate targeted 

interventions to help struggling students.  

Academic performance analysis research questions: 

 Attendance: Does engagement with the videos negatively affect lecture attendance? An 

investigation and analysis of individual and group engagement with LC videos and an analysis of 

the effect on lecture attendance and academic performance.  
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 Videos viewed: Does a high viewing coverage (amount of videos watched) positively affect 

academic performance?  

 Repeat hits: Does a high frequency of repeat of views (hits) positively affect academic performance? 

 First time viewing behaviours : are there identifiable patterns of how the students watch a video first 

time and do these behaviours affect academic performance? 

 

 Re-watch viewing behaviours : are there identifiable patterns of how the students re-watch a video 

and do these behaviours affect academic performance? 

 Timing of first view: does the timing of when the students initially watch the videos positively affect 

academic performance? An investigation and analysis of when students watched videos throughout 

the course related to academic performance. 

 Video drop offs: do the reasons for stopping watching a video affect academic performance?  

 Pause and rewind: do the reasons for replaying part of a video affect academic performance?  

 

If any of these factors prove to have a significant impact on learning then it should be possible to construct 

a model to enable module score prediction. Indeed if the factors can be quantitatively established early in a 

course then they have the potential to be leveraged as early warning predictors to identify struggling 

students. 

 

1.41 Results and discussion 

 

This section firstly presents the Stage 1 Performance analysis of LC videos results, discussion and 

conclusion. Followed by Stage 2 which focuses on the impact of LC videos on academic performance 

findings, initially for Group A and then separately for Group B. Comparisons between findings from both 

groups are made and a generalised overall model for both groups is then proffered.     
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1.41.1 Stage 1: Performance analysis of LC Videos  
 

 What is the pattern of engagement with the LC videos throughout the course?  

An aggregate view using both groups A and B of the number of video views as plotted across the duration 

of the course from weeks 1 to 24 is shown in Figure 0-6. The highest sustained period of views was at the 

beginning of the course (weeks 1 – 5).  This may be linked with initial enthusiasm of new students on a new 

course.   

 

 

Figure 0-6 - Number of views of videos during the duration of the course 

From that point onwards there was generally a lower frequency of views per week, although this is starkly 

punctuated with several large spikes in viewing frequencies. The occurrences of these higher viewing 

frequencies directly correspond to upcoming summative assessments or submission deadlines.  The 

question as to when are videos watched may also be reflective of the use of the videos to support continual 

learning.  An interesting pattern emerged from the analysis of the student feedback with their actual usage 

of the videos. In a pre-course survey students (Appendix C-3) were asked about the best timing for the 

lecture videos, with 83% responding that the video lecture should be made available immediately after the 

physical lecture, with the primary reason being to support continual learning. Relating views and dates 

suggest some not inconsequential continual learning activities; however, it clearly reveals a high frequency 

of views at times just prior to assessments. In conclusion, the videos were shown to be in high engagement 

demand throughout the course but particularly at assessment points. 
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 Does the length of the video affect frequency of hits?  

The average video length was 11.42 minutes (SD=7.35) with average hits being 156.4 (SD=117.4). As 

illustrated in Figure 0-7 the length of the video has no significance to the number of hits (r=-0.101, p=0.359).  

 

Figure 0-7 - Overall hits per video against video length 

This suggests that the length of the video, which is clearly identifiable before the students opt to select it 

(Figure 0-8), has little or no bearing on whether they then click on the link to view it. It does not however 

insure that once engaged the student keeps watching the video but initial engagement, as measured by 

total hits, it can be concluded is not affected by video length.  

 
Figure 0-8 – Video listings showing length of videos 
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 Is there a consistency of engagement between all LC videos? 

It is notable from the YouTube Analytics that the number of views was not evenly distributed amongst the 

videos. This is not wholly unexpected as some relative variations would be expected, for instance dependent 

on release date, with older release videos being available longer than late course videos. Yet it was obvious 

that regardless of release date some videos received disproportionally high views (Table 0-1). On closer 

examination this can be largely attributed to the content of these frequently viewed videos being directly 

related in subject content to an upcoming assessment task at that time. This also concurs with a generalised 

feedback theme from many students that stated “revision of a topic in preparation for assessed work or 

exam” was one of the main reasons for viewing a video.  

Table 0-1 - Top Ten Most Viewed Videos. (* indicates a video topic directly related to an assessment 

task. ** indicates a video released in the first two weeks of the course) 

 
Rank Video subject Views 

1 Setting up the Java Environment ** 578 

2 Unit Testing Practical Task 1 * 348 

3 Unit Testing Practical Task 2 * 340 

4 Menu and 2D arrays Task * 325 

5 Junit Testing * 235 

6 OOP Programming task  1 * 219 

7 OOP Programming task  2 * 216 

8 Generics 206 

9 Junit Testing Getters and Setters * 203 

10 Hello World ** 183 

 

Therefore in this case it can be concluded that while all videos receive some student attention the total hits 

per video are directly influenced by each video’s perceived relevance to assessments. The quantitative 

evidence links assessment related content videos to higher hits and is furthermore qualified from student 

feedback illustrating that video hit figures are dependant on their perceived worth by the students. 
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 Does video content affect the hits received? 

Some of the live physical lectures, especially those occurring close to an assessment were focused on 

assessment preparation, which included theory revisions and code demonstrations. In a similar vein, the 

equivalent LC videos reflected of this format. This enables a natural grouping of the LC videos into two 

distinct categories, namely those that were reflective of the normal scheduled lectures (Teaching, 94% of 

all videos) and those designed to be more practical and targeted toward assessment understanding 

(Assessment, 6% of all videos). The average hits for assessment videos were 266, whereas the teaching 

videos received on average 175 hits. The distribution of the average video percentage viewed in both groups 

was normal (p=0.665, Kolmogorov-Smirnov Z=0.727). A subsequent Independent Samples T-Test analysis 

between these two video groups illustrates that there was a statistically significant difference in percentage 

viewed between the two video type groups (p=0.021, t=-2.37, df=64).  Whereas the average viewed 

percentage of the Teaching group was 45.3% this is significantly less than the 54.8% percentage viewed of 

the Assessment group videos, even though the average length of the assessment videos was slightly longer 

(10 minutes 39 seconds) in comparison to teaching videos (10 minutes 07 seconds).  

This finding again highlights the targeted focus of the students to maximise the impact of time spent on 

video watches, with assessment video receiving higher demand in hits and percentage viewing.   

 Does video length affect audience retention? 

A common concern expressed by many lecturers with LC is that in contrast to a face-to-face lecture a student 

watching an equivalent videoed lecture has the ability to simply turn the video off or to skip parts of the 

video. While there is no guarantee that a student is activity cognitively participating in a physical lecture at 

least the lecturer could emphasise or repeat important topics during the face-to-face lecture. According to 

research carried out by Guo “on average students spent around 3 minutes on videos that are longer than 12 

minutes, which means that they engaged with less than a quarter of the content” [11] . In keeping with these 

findings short vignette videos, similar to the process outlined by Watkins [12] were used in this study. 
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Typically, a one hour lecture a number of short videos covering the same content. An analysis of the 

audience retention showed that when a video was started the users watched on average 41.96% (SD=14.73) 

of the video. Considering that there were a number of acknowledged practice hits this figure is likely to be 

slightly higher in reality. Related to previous research on optimum video length and retention, this would 

be generally considered to be a high audience retention figure yet it does not totally dispel the concerns 

originating from the stop video facility. However, it should perhaps be regarded in the context that the 

students were likely using the videos for reinforcement rather than replacement. The average video length 

with 11.42 minutes (SD=7.34) and the average percentage viewed was 41.96% (SD=14.73). Unlike the 

number of hits per video there was a decrease in average percentage viewed with increasing video length. 

As illustrated in Figure 0-9 there was generally a decline in audience retention with longer length videos.  

 

Figure 0-9 - Audience retention per video 

The top ten performing videos in terms of AR were on average 4 minutes 34 seconds in length whereas the 

bottom ten had an average of 16 minutes 32 seconds. It would appear that shorter videos retain student 

engagement better and that around six to ten minutes would be an optimum video length. A Pearson 

correlation test illustrates a significant and negative correlation between AR and length of video (p=<0.001, 

r=-0.672).  
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1.41.2 Conclusion from Stage 1 
 

The aim of this stage of the research was to better understand group patterns of engagement in relation to 

LC viewings and relate these to the performance of the LC videos and also to help better inform the Stage 

2 investigations. In terms of performance benchmarking for LC videos the length of video does not appear 

to have an effect on hits but it does negatively affect audience retention. This would suggest that longer 

videos will not be watched for the same duration as shorter videos and in practise LC videos would be better 

presented in vignette style with a duration no longer than 6 to 10 minutes to help sustain audience retention. 

The perceived importance of the content of the video also affects viewing hits and view durations, with 

assessment related videos receiving the most hits. The majority of engagement time with videos is therefore 

expected to occur at assessment time, yet there is also evidence of substantial continual engagement 

throughout the course.  

The understandings of frequency, timing, and reasons for watches of LC videos help provide theoretical 

anchor points for the following Stage 2 investigation, that seeks to relate video viewing patterns to academic 

behaviours and ultimately academic performances.  

 

1.42 Stage 2: Impact of LC Videos on learning performance 

 

This investigation stage was conducted with the same two separate cohorts used in Stage 1, repeated in 

consecutive academic years. The results of both groups are reported separately then compared and discussed 

with a collective model of academic performance prediction presented based on several identified 

statistically significant factors. This section investigates video viewing behaviours with the intent to 

potentially relate patterns to academic performance. It questions if the availability of LC Videos adversely 

affects affect attendance at lectures and secondly does attendance at LC Video supported programmes 

positively affect academic performance.  It then investigates high level statistics of quantity, frequency and 

timing of videos watches and relates these to academic performance. It then provides an in-depth analysis 
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of individual video watching patterns, namely stopping, replaying and first time and subsequent re-watch 

behaviours, all again related to academic performance.      

 

1.42.1 Group A : Impact of LC Videos on learning performance 
 

 

 Does engagement with the videos negatively affect lecture attendance and does lecture 

attendance positively affect academic performance?  

As previously reported (Figure 0-6) the students continuously engaged with the videos throughout the 

module, with peak hits recorded at assessment times. Most of the previous research has generally found that 

lecture attendance is unaffected by the provision of LC. However, a common concern remains that 

providing a video version of a lecture may prompt some students to skip the physical lecture. In this study, 

the observed attendance was approximately similar to previous years’ attendances for the module and also 

similar to other modules in the same course where LC was not provided. Further to these generalised 

observations it is of interest to analyse lecture attendance against the amount of videos watched by the 

students. As shown in Figure 0-10 and further analysed using a Spearman correlation test there was no 

significant difference between the number of videos watched in relation to lecture attendance (r=0.146 and 

p=0.209). This would suggest that the lower attenders did not compensate for their comparatively lower 

attendance by watching the videos.  In fact, the highest attenders (top 25%) watched on average 79% of all 

videos whereas the bottom 25% attenders watched on average 73%.  
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Figure 0-10- the percentage of all videos watched in relation to the percentage of attendance 

In that regard, it can be concluded that in this case the number of videos viewed did not negatively affect 

the attendance at the physical lectures. 

It is also of interest to examine the relationship between lecture attendance and overall module score. As 

illustrated in Figure 0-11 there was a positive correlation found between lecture attendance and module 

score (r=0.309, p=0.07).  This would indicate that similar to many other findings in the area that lecture 

attendance significantly and positively influences overall module score or indeed it may be that students 

who choose to engage are going to study more effectively, reflective of correlation not causation. 

 

Figure 0-11 - Module score and lecture attendance 

In conclusion attendance was not affected by the provision of LC videos and a secondary finding 

highlights that those students that had high lecture attendance scored best in the module.    

0

10

20

30

40

50

60

70

80

10 30 50 70 90 100
p

er
ce

n
at

ge
 a

tt
en

d
an

ce

percentage of all  videos viewed

30

40

50

60

70

80

90

100

30 50 70 90

percentage 
lecture 

attendance

module score



Chapter 5 : Lecture Capture Video Analytics 

 

 

 

162 

 

 

 Does a high viewing coverage (amount of videos watched) positively affect module score?  

As illustrated in Figure 0-12 the students were generally highly engaged with the videos, with on average 

59% watching over 80% of all videos at least once and 22% of the cohort watching all videos. This strongly 

suggests that the students found worth in the videos, as illustrated from the surveyed feedback (Appendix 

C-4) with typical responses reflecting favourably on the impact on their learning; “the videos positively 

affected my performance/ increased understanding of topics” and “the videos were very worthwhile and 

useful for revision and study outside of lectures”. 

 

Figure 0-12 – percentage of all videos watched by the students 

When considering overall module score and percentage of videos watched there was little to separate the 

roughly equivalent numbers in the groups that watched greater than 90% of the videos (n=48), whose 

module score was 66.8% and the remaining students (n=43) that watched less than 90% who scored 66.9%. 

Indeed a further analysis using a Spearman correlation test found that there was no significant difference 

between the amount of videos watched in relation to module score (r=0.265 and p=0.130). This suggests 

that the percentage of all videos viewed is not a potential indicator of module score.  
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Table 0-2 –Videos viewed by high frequency viewing group and low frequency groups and group 

module score averages. 

 

Videos viewed 

% 

Module score n 

> 90 % 66.8 48 

< 90% 66.9 43 

 

Sub analysis of viewing groups and module scores 

It is worth noting that the highest module scores came from the group of students that watched the least 

amount of videos. Of the group that watched less than a third of all videos (n=15) their average module 

score was 78%, which was fully 15% higher than the group that watched all the videos (n=20). This would 

suggest that the high performing students’ scores were not fully dependent on their amount of video 

watches. Further qualitative analysis found that typically these students engaged with the videos due to their 

individual learning styles or “most of the time I found the in-class lecture materials to be sufficient to 

understand the concepts in question”, “I prefer to learn theory from the lecture notes or a book which is 

probably why my percentage of videos watched is low. Overall, I think the videos are worthwhile”, “I didn't 

watch many of the videos, as I felt I understood most topics from the lectures alone. But as the course 

progressed, onto more difficult concepts I watched them.” Conversely, the students that watched most 

videos typically commented that: “I found that being able to re-watch lecture content had a tremendous 

impact on clarifying I know a specific topic”. This suggests that their motivation for watching was on the 

basis of not having fully understood the topic as delivered during the physical lecture and therefore 

necessitating a revisit via the appropriate LC video with the consequence that their video views were 

relatively high. 

Overall in this case no evidence was found to indicate that a high video coverage (amount of videos 

watched) positively affects module score; in fact it may be that lower engagement with the videos may be 

indicative of a high performing student.    
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 Does a high frequency of repeat of views (hits) positively affect module performance? 

A representative view from the students in relation to re-watching the videos was that “they are very useful 

for revision, at exam time but also to clarify understanding when learning a topic during the semester.” 

However this raises a pertinent question, does a high frequency of repeat views suggest that the student is 

highly engaged (and likely will do well in the module) or does it suggest that the student is struggling with 

the content (and will likely do less well in the module)? Figure 0-13 illustrates that beyond the initial watch 

there were a significant number of repeat hits for the videos.   

 

Figure 0-13 - Average numbers of repeat views 

An analysis of repeat hits viewed against module score (Figure 0-14) shows that those students that found 

the need to repeatedly watch the videos scored least in the module. Of all the students that failed (n=12) 

50% came from the group that watched the videos greater than 5 times whereas those with 1 to 3 repeat 

views (n=58) only 2 failed.     
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Figure 0-14 - Average numbers of repeat views and module score. 

A more detailed breakdown by module scores is shown in Figure 0-15, illustrating a trend of higher repeat 

views from the lower scoring students. 

 

Figure 0-15 - detailed breakdown of module scores and average repeat views 

A further analysis using a Pearson correlation test shows a statistical significance between the module score 

and repeat views (p<0.001, r=-0.365).   

The students were surveyed (Appendix C-4) in order to gain a better understanding of the motives for repeat 

views. The major reasons stated for repeat video views were either 1) to understand a topic (Understand 

group) or 2) to revise a topic (Revision and Assessment group). Grouping these into separate motivation 

based groups illustrates that there are few differences of significance observed between the groups in terms 
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of module score and lecture attendance and percentage of all videos watched (Table 0-3). There is however 

a higher average number of hits per video recorded for the Understand group.  This would appear to follow 

the logic that those seeking knowledge are watching again because at least in part they “don’t get it a 

concept” and therefore their average hits would be expected to be high. Those having a repeat view for 

revision are confirming knowledge and less likely to need multiple repeats views.   

Table 0-3- Repeat views by motivational groups 

 
module 

score 

lecture 

attendance 

average hits 

per video 

percentage of all 

videos watched 

Revision and 

assessment (n=34) 

67% 63% 2.8 72% 

Knowledge (n=36) 66% 65% 3.6 79% 

 

Furthermore a closer examination of repeats hits correlated with the scores of the top, middle and bottom 

performing students (Table 0-4) reveals significant differences.  

 

Table 0-4 - Repeat view breakdown grouped by module scores 

 
Repeat reason 

Module 

scores 

Lecture 

attendance 

% 

 Videos 

viewed 

% 

Average 

repeat views  

Revision 

only 

Knowledge 

and revision 

< 50 66 84 5.3 25% 75% 

50 to 

70 

62 78 2.9 53% 47% 

> 70 73 71 2.6 71% 39% 

 

Those that failed the module had 5.3 hits per video on average, whereas those that achieved scores between 

50% and 70% recorded 2.9 hits with the top end students (>70%) recording less again with 2.6 hits.  This 

suggests that despite the multiple views those that failed the module remained unclear in their understanding 

of the topic and kept reverting to the video for help (which it appears to not fully give them). It could be 
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that identification of students that have multiple hits could uncover students that may be struggling and 

interventions such as one-to-one teaching would likely be advantageous to overall attainment. 

In that regard, it can be concluded that in this case a high number of repeat hits does not positively affect 

the module score.  A high number of repeat views could be an associated behaviour trait of a struggling 

student. The practical use of this finding in providing an early warning indicator early enough to allow 

meaningful interventions is dependent on the timing of the individual repeat hits.     

 Does first time viewing behaviours affect overall module performance? 

The previous section provided evidence that there were substantial numbers of revisits of previously 

watched videos, therefore it is worth investigating if there were differences in viewing behaviours between 

first time and subsequent view(s) and if so testing for correlations with module scores. Table 0-5 

demonstrates that there were two main viewing behaviour patterns, with a roughly even split of students 

either i). watching the video uninterrupted the whole way through or ii). targeting sections of the video, for 

example, to take notes or follow code demonstrations. No correlation was found between these first time 

view behaviours and module score achieved (p=0.564, F=0.564, df=2.73) between any of groups.  This 

suggests that the readily available analytical data of first time views do not appear to be of any use in 

identifying struggling students. 

Table 0-5 - First time video viewing behaviours 

View behaviours n Module score % SD 

Whole way 48 62.8 14.3 

Targeted watch 43 65.1 13.8 
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 Does repeat viewing behaviour affect overall module performance? 

While the first time views were roughly equivalently divided between those that watched the videos the 

whole way through and target watches, the pattern changes for repeat views (Table 0-6).  Repeat views 

tended to be much more target focused (88%) with the remaining 12% watching uninterrupted.    

Table 0-6 - Repeat time video viewing behaviours 

 n Module score % SD 

Whole way 11 72.4 10.5 

Targeted watch 80 69.2 14.9 

 

A comparison between the first and repeat viewing behaviours is illustrated in Figure 0-16. Statistically, 

there were no differences found in module score and repeat view behaviours (p=0.49, F=2.786, df=2.72).  

 

 

Figure 0-16 - first and repeat viewing behaviours 

In conclusion, the students tended to be much more target focused for re-watches.  The patterns identified 

in relation to first time and re-watch do not statistically appear to have any obvious bearing on module 

scores.   
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 Does the timing of when the students watch the videos positively affect module scores?  

As previously reported (Figure 0-6) there was a higher engagement with the videos at assessment time. This 

is not wholly unforeseen as it would be expected that students engage more with module content closer to 

assessment time. However, when the students initially watch the equivalent video in relation to the physical 

lecture this may have an influence on module score.  

The theory and practice of flip classrooms suggests that by providing the students with materials before a 

lecture enables a better preparation for content reception and therefore a better understanding and retention 

[13]. Students that continually engage throughout courses, keeping up to date with current content are 

generally considered more engaged and expected to achieve better results than those that cram learners [14].  

On that theoretical framework the students that watched before (Before lecture watch group) or within a 

week of the lecture (Immediately after watch group) would be expected to be more engaged, in comparison 

to those who waited at least a week (Later watch group) before watching the video or limited to before an 

assessment (Assessment watch group).  Figure 0-17 illustrates that 24% of the cohort watched the equivalent 

video just before or after the physical lecture, with the rest opting to watch some time later.   

 

Combining these groupings into those that watched around the lecture time (Before and Immediate After 

watch) compared to the sometime later in the course (Later and Assessment) showed some variations but 

without statistical significance. The former combined group (n=43) scored 67.8% SD=13.1 and late watch 

group (n=58) scoring 65.9% SD=18.06. Using an Independent Samples Test there was found to be no 

significant difference between these combined groups (p=0.562 ,t=0.582, df=74).   

A more in-depth analysis between the four groups of Before, Immediate, Later and Assessment watch 

groups shows that statistically there was some limited evidence of a relationship between when the students 

watched the equivalent LC video relative to the timing of the physical lecture (p=0.02, F=3.407, df= 3,72) 
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and module score. The lowest module scores came from the Later watch group (61.0%) compared to the 

Before (70.8%), Immediate (65.0%) and Assessment only groups (71.9%).  

 

Figure 0-17 - timing of first time watches with associated module scores and percentage of videos 

viewed 
 

Further analysis using a One-way ANOVA test reveals that the main notable difference was between the 

scores attained by the group that watched the videos only at assessment time compared to those that watched 

the video later. The score attained by the combined Immediate Watch group (67.9% SD=10.4) is also 

considerably better than the Watch Later group. 

 

It is likely that the students that waited until just before the relevant assessment before viewing the LC video 

were confident in their understanding of the topics and did not feel the need to use the videos for knowledge 

gain and were using them for reinforcement (as evidenced by their relatively lower engagement with the 

videos). The students that watched the videos around the immediate timing of the lecture also performed 

well on average in the assessments in comparison with those that watched later.  

In that regard it can be concluded that in this case the timing of when the students watch the videos did 

affect the module score, however statistically only in the case for students that watched at assessment time 
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in comparison to those that left the first watch to later in the course, although also of note was the differences 

in score between those that watch closer to the lecture time and the late viewers.   

 Do the reasons for stopping watching a video affect module score?  

A limited number of the individual video playback AR graphs show dramatic low engagement points 

(dropout dips), which usually accurately reflects an area that students did not engage with, i.e. an area that 

was watched significantly less compared to other parts of the video (Figure 0-18). However more typically 

the whole group AR video playback graphs exhibit a relatively smooth gradual decrease in engagement 

over time. This is irrespective of video length or student perceptions of video importance, as illustrated by 

the AR graph (Figure 0-11) of a short and highly popular assessment focused video.  

 

Figure 0-18 – AR for a short assessment based video, illustrating progressively decreasing watch 

engagement 

 

As such it is worth considering why students stop watching videos to seek to understand the motivation to 

stop, on the basis that if a student regularly prematurely drops the video then they will be missing the 

remaining content. Any identifiable and measurable stop patterns could be potentially correlated with 

module scores. Consequently, the students were asked in the survey (Appendix C-4) to explain the 

motivations that would prompt them to stop watching a video. The grouped responses also reveal some 

detail on their initial approach to watching the videos. Recall that the format of the videos was generally an 

initial theory portion followed by related code demonstrations or code walk-through and also consider that 
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there is evidence of whole and partial watches. The student responses here in relation to stopping a video 

also indicate and add some details on the targeted viewing, which were generally focusing on theory or 

coded parts of the video.     

The survey (Appendix C-4) identified three main groups and motivations for stopping a video watch:  

1) Theory based targeted learning achieved. Once the students achieved their learning target in theory, 

which was typically at the beginning, but not exclusively, of the video, they switched it off. 

2) Video was too long. Attention span reached, resulting in an early exit.  

3) Code based targeted learning achieved. The students followed along with the code demonstrations in 

their own IDE generally ignoring the initial theory parts of the video.   

The majority of the cohort stopped watching when they had achieved their targeted theory based learning 

objective. There was little to separate the module scores achieved by all the groups when considering stop 

behaviour. (Table 0-7).  

Table 0-7 - reasons for stopping watching a video 

Reason n Module scores 

Theory learning achieved 66 66.8% 

Video too long 9 66.8% 

Code Practise achieved 15 65.8% 

 

It can therefore it can be concluded that the identified reasons for stopping a watch for Group A did not 

affect the module scores.  

 

 Does pause and replay behaviour affect overall module performance? 

An amount of the audience retention rate for the videos may be attributed to pause and replay behaviour. 

Although this behaviour is not the only reason for upturns in AR graphs. Peaks are also caused by skip 

forward activities and targeted learning. An analysis of some of individual student viewing graphs showed 
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obvious peaks and troughs in viewing, however, these are much less evident when reviewing graphs of 

collective AR, which tends to be much smoother (Figure 0-18). Nevertheless, the majority of the peaks in 

LC Videos have been related to a student pausing and replaying part of the video. According to Kim “peaks 

in viewership and student activity can precisely indicate points of interest for students. These spikes can 

“indicate student confusion, the introduction of important concepts or engaging demonstrations” [9]. There 

is some evidence to support that the peaks when viewed against the teaching content of the video suggest 

that the topic required for many students a replay due to the complexity of the information being presented. 

From the student survey (Appendix C-4) there were two main reasons given for a pause and replay that 

enabled a grouping to be established:   

1) To replay a coded demonstration (Coding Group) 

2) To replay/rehear a difficult, confusing or new concept (Theory Group).  

The average module scores for the Coding group (n=52) was 65.7% (SD=13.7) and the Theory group (n=39) 

70.4% (SD=13.5), with an Independent Samples T-Test p=0.370, T=-2.120, df=74, showing a statistically 

significant difference between the groups.  

Therefore it can be concluded that there is a difference in scores between the groups that paused and 

replayed due to coding or theory motivations.  

 

1.42.2 Overall model (Group A) 
 

The factors identified that have statistical significance to module score were  1) Frequency of repeat views 

of videos 2) Attendance and 3) Timing of first time views (only in relation to watching the videos greater 

than a week after the equivalent lecture in comparison to those that watch before the lecture).  With the 

exception of the latter factor, they are all relatively easy to measure and could be quantified early enough 

in the course to potentially provide warning indicators. A multiple linear regression to include all factors in 

one model was calculated to predict module score based on these factors. A significant regression equation 
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was found (F(3,72)=9.995, p<0.001), with an R2 of 0.295. Student predicted mean score is equal to 64.60 

+0.184(Attendance) -2.232(Repeat hits) -8.800(Watch later).    

 

1.42.3 Group B : Impact of LC Videos on learning performance 
 

The same methodology and analysis in relation to the impact on learning performance was carried out with 

Group B with the results, discussion, comparisons with Group A presented in this section. 

 Does engagement with the LC videos negatively affect lecture attendance?  

As shown in Figure 0-19 and further analysed using a Spearman correlation test there was no significant 

difference between the amount of videos watched in relation to lecture attendance (r=0.200 and p=0.101). 

This would suggest that the lower attenders did not compensate their comparatively lower attendance by 

watching the videos.   

 

Figure 0-19- the percentage of all videos watched in relation to percentage of attendance 

In that regard it can be concluded that with Group B the amount of videos viewed did not affect the 

attendance at the physical lectures. 
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The relationship between lecture attendance and overall module score (Figure 0-20) similar to Group A 

shows there was again a positive correlation found between lecture attendance and module score (r=0.720, 

p<0.001).  

 

 

Figure 0-20 - Module score and lecture attendance 

 Does a high viewing coverage (amount of videos watched) positively affect module score? 

An analysis using a Spearman correlation test found that there was no significant difference between the 

amount of videos watched in relation to module score (r=0.193 and p=0.124). This is in concurrence with 

Group A results, again suggesting that measurement of percentage of all videos viewed is not a potential 

indicator of module score.  

 Does a high frequency of repeat of views (hits) positively affect module performance? 

Figure 0-21 illustrates that beyond the initial watch there were a significant number of repeat hits for the 

videos.   
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Figure 0-21 - Average numbers of repeat views 

An analysis of repeat hits viewed against module score (Figure 0-22) shows that those students that found 

the need to repeatedly watch the videos scored least in the module. In fact of all the students that failed 

(n=7) 71% came from the group that watched the videos greater than 5 times. 

 

Figure 0-22 - Average numbers of repeat views and module score. 

A further analysis using a Pearson correlation test shows a statistical significance between the module score 

and repeat views (p=0.05, r=-0.248).  This is a similar pattern to that found in Group A. 
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 Does first time viewing behaviours affect overall module performance? 

Similar patterns to Group A emerged in terms of viewing behaviours, with those that tended to watch the 

video the whole way generally scoring better in the module (Table 0-8),  however, this was found to be 

statistically significant. (p=0.336, F=1.111, df=2, 62).   

Table 0-8 - First time video viewing behaviours 

View behaviours n Module score SD 

Whole way 48 71.3 19.6 

Targeted watch 62 64.4 18.7 

 

 Does repeat viewing behaviour affect overall module performance? 

Statistically there was no evidence found of significant differences between the groups in relation to their 

module scores (p=0.590, F=0.533, df=2, 62).   

Table 0-9 - Repeat time video viewing behaviours 

 n Module score SD 

Whole way 30 64.3 23.6 

Targeted watch 80 67.4 23.6 

 

Similar to group A there was a similar shift in viewing behaviour patterns from first time watches compared 

to revisits. With a roughly equivalent even split between whole and targeted watches for first time, when 

then evolves to a majority of students target watching on watches.  

 

 Does the timing of when the students watch the videos positively affect module scores? 

The Immediate watch group (n=23) scored 72.4% SD=20.91 and the Watch Later (n=87) group scored 

64.9% SD=18.06. Using an Independent Samples Test there was found to be no significant difference 

between the groups (p=0.186, t=1.338, df=61).  
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A further breakdown shows that the lowest module scores came from the Watch Later group (65.1%) 

compared to the Before (79.5%), Immediate watch (68.1%) and Assessment only groups (67.4%). No 

statistical evidence was found of significant differences between the groups.  

In comparison to Group A these findings are broadly similar, although Group A returned a significant 

different between Assessment and Later watch groups.  

 

In terms of module score prediction, the differences of statistical significance can only be measured at 

roughly the same time (i.e. later in the course or at assessment time). This very much limits the usefulness 

of this finding for the prediction or classification of students statistically or via Machine Learning 

algorithms. Although the trend that the worse performing group i.e. the Later watchers, watch fewer 

amounts of videos than other groups is perhaps a useful discovery that may be a useful consideration for 

inclusion with other measurable factors.    

 Do the reasons for stopping watching a video affect module score?  

In comparison with the Group A study, the Group B reported proportionally similar numbers in each 

category for the predominant cause for students halting video watch (Table 0-10).  The majority of the 

students in the Group B cohort used the lecture videos for theory learning and stopped watching when that 

had been achieved.   

Table 0-10 - reasons for stopping watching a video 

Reason n Module scores 

Theory learning achieved 88 69.2% 

Video too long 17 63.0% 

Practise code 5 51.7% 

 

The very small number of students that used the videos for code only scored less than the other groups. 

However, statistically, no difference was found between the groups. (p=0.335, t=0.972, df=6.411).  



Chapter 5 : Lecture Capture Video Analytics 

 

 

 

179 

 

Overall both group A and B returned results would suggest that an analysis of dropouts points for a video 

via AR graphs for an individual student or collectively would likely present no evidence that could be linked 

to performance and would be of no use as an indication of future academic performance. 

       

 Does pause and replay behaviour affect overall module performance? 

The same categorisations for groups used in Group A to classify motivations for pause and replay was made 

i.e. 1) To replay a coded demonstration (Coding Group) and 2) To replay/rehear a difficult, confusing or 

new concept (Theory Group).  

The average scores for the Coding group were 67.2% (n=52, SD=18.68) and the Confused group were 

67.7% (n=58, SD=19.55). No evidence was found for significant differences between the two behaviours, 

with an independent Samples T-Test returning p=0.386, t=-1.115, df=63. The overall outcome here concurs 

with Group A findings.  

 

Taken on the whole an analysis of the peaks is useful for overall video performance, potentially relating to 

the lecture format and performance. However, it would be difficult to use in-video replay as an indicator of 

module performance. The measurement at an individual level is difficult and extremely time consuming to 

collate and analyse and is context dependent on the video content, the learning motivation of the student 

and the timing of the view.  

 

In order to be practical measurement of pause and replay behaviour would necessitate an indexing of all the 

videos into theory and code. Which is a lengthy process and not easily achieved, as in reality theory and 

coding practise were sometimes mixed in the videos.  At an individual level AR graphs may have the 

potential in identifying and differentiating students it is the practicalities of measurement and the context 
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of the timing and motivation that would likely inhibit a sound return on the time investment in this area, 

especially in relation to early warning indicators for a struggling student.     

 

1.42.4 Overall model (Group B) 
 

In summary, the factors identified that have statistical significance to module score are 1) Frequency of 

repeat views of videos 2) Attendance.  A multiple linear regression to include all factors in one model was 

calculated to predict module score based on these factors. A significant regression equation was found 

(F(3,36)=9.995, p<0.001), with an R2 of 0.550. Student predicted mean scores is equal to 17.32 

+0.634(Attendance) -0.092(Repeat hits).    

 

1.42.5 Group A and B combined model 
 

The factors identified that have statistical significance to module score are 1) Frequency of repeat views of 

videos and 2) Attendance. The other significant factor identified from Group A but not Group B was Timing 

of watch. However, the latter factor cannot be used to provide a timely measure enabling performance 

differentiation it is not included within the overall two year model. Therefore the overall model includes 

Repeat views and Attendance, both of which are relatively easy to measure and could be quantified early 

enough in the course to potentially provide warning indicators. A multiple linear regression to include all 

factors in one model was calculated to predict module score. A significant regression equation was found 

(F(2,138)=31.9, p<0.001), with an R2 of 0.316. Students predicted scores is equal to 40.61 

+0.408(Attendance) -0.996(Repeat hits).    

1.43 General Discussion, limitations and future study 

 

It is likely that attendance directly contributes to module score. Previous research points to that conclusion 

and logically it is plausible to also suggest that those turning up at lectures would benefit their learning as 

this could readily translate into module score. Although, a similar literal translation of the regression model 

cannot be made for the Repeat hits. It would be misleading to suggest that every time a student has a repeat 
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hit in a video their module score goes down. The model’s worth is that it points to the fact that those students 

with high numbers of repeat hits are likely to score less than those that have a low number of repeat hits to 

understand a topic. As such the model serves in this case to highlight a behavioural trait of a struggling 

student.  

In much the same way those that engage later in the video content are likely to do less well than those did 

engage closer to the lecture. Although because there also exists a group that uses the videos purely for 

confirmation of learning at assessment time, in terms of an effective early warning indicator it is difficult 

to separate the late and assessment timed groups. Based on the model a student classification profile using 

the observed and statistically significant findings in this section is presented in Table 0-11.   

 Frequency of 

views 

Timing in relation to 

lecture 

Repeat views 

High scores Low  Immediate or just before 

assessment 

Few if any 

Medium scores Medium to high Immediate Low to medium (until knowledge 

gained) 

Low scores Medium to high Later in the course (but 

generally before 

assessment) 

Very high 

Table 0-11 - Profiling students using measureable video analytics factors  

The students generally reported a very high regard for the videos with majority being motivated to use them 

to either learn or clarify knowledge. Yet there were a small number of students with a relatively low 

engagement that nonetheless scored highly in the module. The evidence points to those students that had 

watched low numbers of the videos were also generally high attenders at the lectures and scored highly in 

the module. Their LC video watch motivations appear to be based mostly on confirmation of learning.  

As acknowledged, the cohort of students was generally regarded as highly motivated therefore a similar 

analytical study with less motivated students would be of interest. As with many quantitative based studies 

the understanding of the responses would be further enhanced with a further qualitative study. The ability 

to expose and probe further into the areas of concern, such as Repeat views in relation to content difficulty 

would provide a greater understanding of the findings.  
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1.44 Conclusion 

 

This chapter has sought to investigate and identify potential behavioural trends of how students engage with 

LC videos, investigate any impact on module scores to potentially identify meaningful LA points. The initial 

stage was designed to better understand group patterns of engagement in relation to LC viewings. It adds 

to the current knowledge in the area concluding that length of video does not adversely affect the frequency 

of hits but unfavourably affects audience retention. It finds that the timing of when videos are watched and 

the relevance to students is closely correlated with assessments.  

The Stage 2 investigation has contributed to the current understanding that student attendances at lectures 

remain unaffected by the provision of VLC and confirms a positive relationship between lecture attendance 

and overall module score. The viewing patterns and relationship to module scores has uncovered several 

statistical correlations including a negative impact of repeat views of videos. Other observed behaviours 

concluded without significant correlation to scores and thereby of no use in predicting module score. These 

include the amount and timing of videos viewed and in-video watch behaviour. It is therefore repeat hits 

and lecture attendance (thereby unaffected by the provision on LC) that are useful LA data points that are 

measurable and timely that could be useful in an early warning system indicating student progress.  
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LINEAR REGRESSION AND MACHINE LEARNING 

ANALYSIS 
1.46 Introduction  

 

The previous chapters individually investigated a separate strand of measurable learning patterns of 

student programmers. In summary, these included, how the students engage with LC video and online 

resources, their attendance at, where they sit and their heart rate patterns during lectures. Each 

investigative strand produced some statistically significant results. One of the stated research objectives 

of this thesis work is to “provide a range of statistical and Machine Learning analysis to identify and 

model significant measurable key indicators in order to predict module scores of student programmers’ 

and identify students at risk of failing.” This chapter aims to bring together the statistically significant 

findings of each investigation and introduces other student commonly used Learner Analytics factors to 

provide a variety of analysis. There are two main studies:  

 Statistical based prediction using Linear Regression 

 Machine Learning (ML) classification modelling.  

The statistical based prediction modelling involves an in depth analysis using Linear Regression of the 

various electronic and demographic attributes and reports on the significance of the factors in the 

prediction of module score. Simple Linear regression is useful for finding relationship between two 

continuous variables. One is a predictor or independent variable and other is response or dependent 

variable. The relationship between two variables is said to be deterministic if one variable can be 

accurately expressed by the other. This study used multiple Linear Regression, which uses several 

variables to predict the outcome of a response variable. The Machine Learning study as introduced in 1.13 

uses the same attributes to provide models to classify students as Passing and At Risk, using common 

classifier algorithms including Naive Bayes, Decision Trees, Support Vector Machines, Artificial Neural 

Networks and K Nearest Neighbour (KNN) algorithms. The purpose of the ML strand of the study is to 
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create models that could identify students that likely to pass and those that may be at risk of failing the 

module.  Regression methods were selected to enable the prediction of an actual assessment mark and the 

ML classification methods predict a pass or fail classification. Data mining techniques are increasingly 

gaining significance in the education sector [1]  and are often used in the construction of predictive models 

[2].  

1.47 Model attributes 

 

The Learning Analytics (LA) data points identified from the previous chapters that have statistical 

significance to module score are 1.) Frequency of repeat views of LC videos 2.) Engagement (including 

attendance) 3.) Seating in lectures and 4.) Percentage variance between the Resting Heart Rate (RHR) and 

Lecture Heart Rate (LHR) of students. Note that while attendance was a separate attribute in the LC Video 

analysis it is included within an Engagement factor for this further analysis, thereby enabling a weighted 

inclusion of other well established VLE activity based LA data points. In addition, there were several 

other commonly used LA points based on demographic factors which were readily available for each 

student and are included to enrich the modelling. Their inclusion also enables a performance prediction 

comparison based on pre-course data points versus data points recorded for the student during the course. 

Each of the variables used in the models is detailed in Table 0-1.  
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Table 0-1 - Model variables 
 

Variable Description Value 

Engagement  Engagement based on attendance, 

weekly test activity and online accessing 

of resources. (equally weighted between 

the three factors) 

 

(0 – 5 )  

0 non engagement - 5 high 

engagement 

Repeat Views 

videos 

Actual number of average repeat views 

of LC videos 

(0 to …)  

Seating  

 

General area of seating during the course 0 front - 1 seating elsewhere 

Heart Rate  Based on difference between RHR and 

average LHR 

 

Percentage increase 

Previous degree  Based on declared previous degree type 

 

0 Arts - 1 STEM 

Previous 

programming  

As indicated by the students before 

stating the course 

 

0 None - 1 Some 

Previous degree 

classification  

Based on declared previous degree 

classification 

 

0 Non 1st class - 1 1st class) 

Gender  

 

0 Male – 1 Female 

Part-time Work Average part time hours worked during 

the course per week 

 

0 – 40  

 

1.47.1 Models and datasets 
 

The main data set was an aggregate of the 201 students recorded during the two year study.  Except for 

Heart Rate recordings, the data set for all students was fully complete. Due to the logistical difficulties in 

collecting HR measurements, the number of cases with full sets of data, which included HR was limited 

to 29. Traditionally, if data is missing for a particular case, this would necessitate either excluding the 

entire case from all analyses (by selecting Listwise Deletion), or by excluding data from each analysis if 

at least one variable used in each analysis was missing (by selecting Pairwise Deletion). If there are small 

numbers of missing data points in a relatively large sample, these approaches may be justified [3]. 

However, if large amounts of data are missing, as is the case in this study for HR, the reasons they are 

missing are likely to be non-random and such methods of dealing with missing data have been found to 

bias the results [4]. Multiple imputation is a well-accepted practice used to create the best possible 
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substitutions for missing values in a dataset [5]. As implied by the name, multiple datasets with 

replacement values are generated and then typically these results are pooled to create the final parameters 

for the analysis. In general, data-multiple imputation is currently the considered best practice for dealing 

with missing data and for producing maximum likelihood estimation [6]. However, the numbers that can 

justifiably imputed should be limited to not greater than 30-50% [3]. Considering the quantity of HR 

missing cases, two approaches were taken in this study to create two separate datasets. 

 Dataset A: a full dataset of 201 students (Demographic, electronic measures and both combined) but 

completely excluding the HR attribute. 

 Dataset B: a smaller dataset of 58 students including all features (Demographic, electronic measures 

and both combined) with the inclusion of HR.  

 

1.47.2 Imputation method for Dataset B 
 

To create a representative sample an imputation method was utilized to create a dataset of 58 full student 

sets, which is at the higher region of accepted imputation practices. The measured HR sets (29 full data 

sets with all attributes) was used to imput the missing HR data from a similar number of student data sets 

that otherwise had all other features.  The sample imputed is within the established upper limits for use of 

this practice in research. All variables were selected for inclusion in the imputation model. The procedure 

then imputed multiple values for the missing HR data based on the patterns for these variables. There was 

an analysis weight applied to the HR with a lower limit of 0% and upper of 20%, which was a similar 

range boundary established with the measurements for the 29 completed HR measurements. The number 

of imputations to compute was set to 10, which resulted in a new set of 580 datasets. The new dataset 

values (plus the original dataset) were then pooled to create the overall imputed dataset for the missing 

HR values. The imputation method used was the Fully Conditional specification [7]. This is an iterative 

Markov Chain Monte Carlo (MCMC) method that is used when the pattern of missing data is arbitrary 

(monotone or nonmonotone). For each iteration and for each variable in the order specified in the variable 
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list, the fully conditional specification (FCS) method fits a univariate (single dependent variable) model 

using all other available variables in the model as predictors, then imputes missing values for the variable 

being fit. The method continues until the maximum number of iterations is reached, and the imputed 

values at the maximum iteration are saved to the imputed dataset [8]. 

 

1.48 Statistical based prediction using Linear Regression 

 

From the two main datasets, a variety of analysis was completed to create five main prediction models (A 

to E) as detailed in Table 0-2.   

Table 0-2 – Linear regression data models 

 

Model  Sample 

size 

Data 

set 

Electronic 

measurements -  
Seating, Engagement, 

Repeat Views 

HR Demographic 

measurements - 
Previous degree type, 

previous degree 

classification, gender, 

part time working 

hours, previous 

programming 

experience 

A 201 A    

B 201 A    

C 201 A    

D 58 B    

E 58 B    

 

1.48.1 Model A (Dataset A. Variables: Seating, Engagement, Repeat Views) 
 

A multiple linear regression to include all of the electronically measured factors in one model was 

calculated to predict module score (Table 0-3). A full data set (n=201, Dataset A) that included all 

electronic attributes excluding the Heart Rate feature was used. A significant regression equation was 

found (F(3,197)=38.714, p<0.001), with an R2 of 0.371. Students predicted scores is equal to 57.672 

+8.061 (Engagement) -2.531(Repeat Views) -7.386(Seating). Note, while seating was statistically 

significant it is around p=0.04 and of less influence than the other factors. 
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Table 0-3 – Coefficients for Dataset A Linear Regression analysis feature analysis (Variables: 

Seating, Engagement, Repeat Views) 
 

 Coefficients t Sig. 

B Std. 

Error 

Beta 

(Constant) 57.672 5.688  10.140 .000 

Engagement 8.061 1.230 .388 6.554 .000 

Seating -7.386 3.578 -.118 -2.064 .040 

Repeat views -2.531 .428 -.346 -5.912 .000 

 

1.48.2 Model B - (Dataset A. Variables: All demographic) 
 

A multiple linear regression to include all of the demographic factors without the electronic measurements 

in one model was calculated to predict module score (Table 0-4). A significant regression equation was 

found (F(5,195)=10.769, p<0.001), with an R2 of 0.216. Factors included in the analysis that were 

subsequently found to be non-significant were Gender (p=0.807) and Previous degree classification 

(p=0.840) and are therefore not included in the final model. Students predicted scores is equal to 71.975 

+7.702(Previous STEM degree) +9.707(Some previous programming experience) -(7.702)Previous 

degree classification (2nd class) and –0.587 (Part-time working).  

Table 0-4 - Coefficients for Dataset A Linear Regression analysis feature analysis (Variables: All 

demographic) 
 

 Coefficients t Sig. 

B Std. 

Error 

Beta 

(Constant) 71.975 3.407  21.128 .000 

Programming 

experience  

(none 0 some 1) 

9.707 2.571 .248 3.775 .000 

Previous degree class -7.702 2.995 -.164 -2.572 .011 

Gender -1.282 2.872 -.029 -.447 .656 

Part time working hrs -.587 .139 -.273 -4.234 .000 

Previous degree  

(Arts 0 Stem 1) 

5.310 2.490 .142 2.132 .034 
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Model C – (Dataset A. Variables: Seating, Engagement, Repeat Views and all demographic) 

A multiple linear regression to include all of the electronically measured factors in one model and 

demographic measurements was calculated to predict module score (Table 0-5). A significant regression 

equation was found (F(8,192)=21.744, p<0.001), with an R2 of 0.475. The factors that proved to be 

statistically significant are thereby recorded in the model were Engagement, Repeat Views, Seating,  

Previous programming experience, Part-time working and Previous STEM degree. Students predicted 

module scores are equal to 58.985 +7.391(Engagement) -2.099(Repeat Views) -6.630(Seating) 

+6.043(Some previous programming experience) –0.317 (Part-time working) +6.611(Previous degree - 

STEM)   

 

Table 0-5 - Coefficients for Dataset A Linear Regression analysis feature analysis (All Variables) 
 

 Coefficients  

Sig. B Std. 

Error 

Beta          t 

(Constant) 58.985 5.723 
 

10.30

7 

.000 

Programming 

experience (none 0 

some 1) 

6.043 2.156 .155 2.804 .006 

Previous Degree class -4.466 2.499 -.095 -1.787 .076 

Gender -1.253 2.378 -.028 -.527 .599 

Part time working hrs -.317 .118 -.147 -2.677 .008 

Previous degree  

(Arts 0 Stem 1) 

6.611 2.059 .176 3.210 .002 

Engagement 7.391 1.153 .355 6.410 .000 

Seating -6.630 3.340 -.106 -1.985 .049 

Repeat Views -2.099 .410 -.287 -5.121 .000 

 

 

Model D – (Dataset B. Variables: Heart rate, Seating, Engagement, Repeat Views) 

A multiple linear regression to include all of the electronically measured factors in one model was 

calculated to predict module score. A significant regression equation was found (F(4,53)=20.734, 
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p<0.001), with an R2 of 0.610. The factors that proved to be statistically significant within the model were 

Repeat views and Heart Rate. Students predicted module scores are equal to 59.60 -1.003(Repeat Views) 

+0.982 (Percentage Heart Rate).  

 

Model E - (Dataset B. All Variables: Heart rate, Seating, Engagement, Repeat Views and all demographic) 

A multiple linear regression to include all of the electronically measured factors and all demographic 

factors in one model was calculated to predict module score. A significant regression equation was found 

(F(8,49)=10.455, p<0.001), with an R2 of 0.631. Factors included in the analysis that were subsequently 

found to be non-significant were Previous degree (p=0.781), Gender (p=0.834), Previous degree 

classification (p=0.480), Part-time Work (p=0.114), Seating (p=0.583) and Previous Programming 

experience (p=0.642) are therefore not included in the final model. The final model predicts scores as 

equal to 54.529 +(1.041)Heart Rate  -1.054(Repeat Views).  

 

1.48.3 Statistical based prediction using Linear Regression summary and discussion 
 

The various aggregated data points, data sets enabled several models of prediction that are summarized, 

compared and discussed in this section.   
 

Table 0-6 – summary of significant findings from linear regression analysis 

 

Model Sample 

size 

Data 

set 

Statistically significant measurements 

 

A 201 A Engagement, Repeat Views, Seating 

B 201 A Previous degree - STEM, Some 

previous programming experience, 

Previous degree classification, Part-time 

working. 

C 201 A Engagement, Repeat Views, Seating, 

Previous degree – STEM, Some 

previous programming experience, Part-

time working,  

D 58 B Heart rate, Repeat Views 

E 58 B Heart rate, Repeat Views 
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Engagement (including attendance) was returned in all models as a key indicator of prediction. This is not 

wholly unexpected, as it is logical that engagement with the course materials and attendance would likely 

have benefit to course achievement. With most university courses now delivering materials via Virtual 

Learning Environments (VLEs) and with most VLEs supporting statistical engagement recording this is 

a useful and readily accessible measure of potential module success. However, heavy engagement with 

Repeat views of LC videos does not point to module success but in fact, holds up a significant indicator 

of student confusion. The lecture seating study in Chapter 3 found that seating affects scores, with those 

at the front doing better, yet when the attribute is included in the aggregated models detailed here, it is 

only just statistically significant (p=0.05 in Model C). This may suggest that sitting at the front is of 

marginal benefit to a student taking all other measured factors into account but it would appear that it is 

trait of a better performing student. Overall, the electronic markers would appear to be useful in 

individually and collectively helping predict the module scores. Best profile students from the point of 

view of the electronic markers would be those that generally sit at the front, have a relatively high 

engagement throughout the course (including attendance) and do not need to repeatedly review lecture 

videos.  

The demographic factors also identified significant factors potentially useful to help predict a student’s 

likely outcome. Some seem obvious, such as previous programming experience. This would likely be of 

use for an academic “head start” but as none of the students in the study stated at their experience was 

“substantial” then this is likely only a time-limited advantage until the taught materials gradually become 

unfamiliar to those students. Nevertheless, it appears to help the overall module score. Previous degree 

classification appears as a significant factor when modelled with other demographic measures, with the 

1st degree classifications doing better than those with lower classifications. It however appears to be of 

less significance when included in the overall model (Model C). Yet having a STEM degree does 

consistently appear to be an advantage, with the previous exposure to logical or scientific approaches 

typical prevalent in STEM degrees potentially acting as a benefit in comparison to the ARTS based 
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degrees. Of no statistical significance is gender, with little to separate average scores between the male 

(66.45% n=156) and female (63.90% n=45) students. Part time working hours does appear to influence 

the module scores, with those working highest hours generally scoring less well than those working least 

(Figure 0-1) and it is anecdotally quite common for students that have failed this module to state that 

excessive hours undertaken in their part time jobs was the root cause for the failure.     

 

Figure 0-1 – Module scores and hours of part time undertaken throughout the course 
  

Overall models A, B and C present evidence that it is possible to model and predict student scores based 

collectively on electronic factors gathered during the module and demographic factors gathered before 

the course. Collectively they present a model of prediction that may well be useful as early warning 

indicators for struggling students.   

Models D and E present analysis findings that include the HR data with the demographic and other 

electronic factors from Dataset B. Recalling that the original data sample was too small to provide 

meaningful representation and subsequently an imputation process was used to increase the sample size. 

Accordingly, HR and Repeat views were found to be statistically significant factors. However, the other 

consistently identified significant factors from the Dataset A analysis were not identified as significant 

with this dataset. There are likely several reasons for this including the use of imputation up to the 

recommended upper boundary (50%), the original sampling method used for the imputation and although 

double in size compared to the original sample, it is still a relatively small dataset (n=58) and perhaps not 
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representative of the overall 201 sample. This limits the generalizability of this part of the study and 

perhaps could only be corroborated with comparisons with future grander scale HR sampling experiments 

that maybe better resourced with equipment than this study or more logistically achievable with new 

generation smart watches. For example, the Apple Watch Series 4 has built-in ECG monitor which would 

widen the scope of HR studies although the availability of an open API to enable dynamic gathering of 

the HR data is conceivably still an issue for research in this area.  While the generalizability is limited, it 

is still a new addition to the general usefulness of recorded HR data and learning achievement patterns.    

1.48.4 Statistical based prediction using Linear Regression conclusion 
 

The significant factors found from the aggregate electronic and demographic based models as shown in 

Table 0-6 present viable models of prediction of module score. The electronically measurable significant 

factors identified from the previous individual studies generally were found to also be significant when 

aggregated.  The more complete Dataset A scored Engagement and Repeat Views of LC videos as highly 

significant with lecture seating measurement to be less significant. The recorded demographic attributes 

are also generally significant and enhance the model of prediction. While the generalizability of the results 

of Dataset B is limited, it still indicates that HR could be used as a predictor of module score in 

combination with other electronic and demographic attributes. 

 

1.49 Machine Learning (ML) classification modelling  

 

Machine learning (ML) is an extensive area, which incorporates a vast number of classification 

approaches, each lending itself to a range of different applications. Classification is an essential task in 

Machine Learning and is used to predict unknown class labels. Classification is the act of looking for a 

model that describes a class label in such a way that the model can be used to predict an unknown class 

label [9]. For instance, a classification model could be used to classify an email message as either spam 

or otherwise, based on attributes, such as the number of recipients, message body length or keywords 

within the subject message title or body.   
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There are different techniques and algorithms that may be engaged with to build a classification model. 

Algorithms such as Decision Trees, Rule Induction Probability function, Neural Networks and Support 

Vector Machine classifiers are used to train classification models. The classifiers chosen for this study 

(Table 0-7) are notably the most commonly used within ML analysis and represent the majority of the 

major categories currently employed. The following sections use as an initial start point visualization of 

relationships between Pass and Failing module grading and features followed by a description of various 

feature rankings.    

Table 0-7 – Classifiers used in the study 

Classifier name Classifier category 

Naive Bayes  Naive Bayes  

J48 Decision Tree 

SMO Support Vector Machine 

MPL (Multi-Layer Perception) Artificial Neural Network 

IBk KNN (k Nearest Neighbour) 

 

While linear regression is used to attempt to model and predict student module scores the following ML 

analysis seeks to classify students that are at risk of failing the module based on their various electronic 

footprints and demographic attributes. To train the classifiers in this study an At Risk boundary was set at 

a module score of 59% or less achieved. This boundary is relatively close to the 50% pass mark for the 

module and also considers that a student that eventually scored in the range 50-59% was still at risk of 

failing if their performance in the final heavily weighted assessment was weak. Recall that a stated 

investigative aim of this study was to potentially provide warning indicators of struggling students. Thus, 

module scores at or less than this boundary was considered in this nominal At Risk category to potentially 

help identify struggling students. 
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1.49.1 ML software process 
 

The suitability of the nominated classifiers was evaluated using WEKA data mining software [10]. To 

facilitate this, the electronic and demographic features in Datasets A and B were recoded into two 

Attribute-Relation File Format (ARFF) files as partially illustrated in Figure 0-2. The module scores were 

categorized into At Risk (0%-59%) or Pass (60%-100%). Other attributes were selectively recoded to 

enable a more intuitive model reporting, for example, Gender 0 and 1 to Male and Female. Each file was 

then loaded into the WEKA environment and tested against the nominated classifiers using a standard 10-

fold stratified cross-validation as described in [11]. Cross-validation is a resampling procedure used to 

evaluate machine learning models on a limited data sample. The procedure has a single parameter called 

k that refers to the number of groups that a given data sample is to be split into. As such, the procedure is 

often called k-fold cross-validation. 

 

Figure 0-2 - Snapshot of the ARFF file 
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1.49.2 Evaluation Metrics  
 

Weka returns a large number of evaluation metrics for each model, which is presented in full in Appendix 

A. Moreover there are a number of key metrics that are highlighted for each model and are used to 

determine the performance of each model.  

1.49.3 Confusion matrix 
 

In this study, Passing and At Risk evaluation of student module performance is a binary classification task 

where features are used as input to the classification model algorithm. A common tool used for evaluating 

the success of different classification techniques is the confusion matrix [12]. In a binary classification 

problem, the labels are either positive or negative. The decision made by the classifier can be represented 

as a 2×2 confusion matrix. The matrix has four categories: True positives (TP) are examples correctly 

labeled as positives. False positives (FP) refer to negative examples incorrectly labeled as positive. True 

negatives (TN) correspond to negatives correctly labeled as negative and false negatives (FN) refer to 

positive examples incorrectly labeled as negative.  

Table 0-8 - Confusion matrix reporting for predicting Pass and At Risk students 
 

A = Pass B = At risk 

 

TP 

 

Correctly identified as Pass. 

 

 

FN 

 

Model predicted At Risk but 

were actually Pass 

 

 

FP 

 

Model identified as Pass but 

were actually At Risk 

 

 

TN 

 

Correctly identified as At 

Risk student 

 

1.49.4 Performance reporting for Passing and At Risk categories 
 
The parameters output by Weka and considered while evaluating the selected classifiers were:  

 Accuracy: the percentage of correctly classified instances in each classification model  
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 Kappa: measures the relationship between classified instances and true classes. It usually lies between 

0 and 1. The value of 1 means perfect relationship, while 0 means random guessing.  

 TP Rate: correctly classified instances.  

 FP Rate: instances incorrectly labelled as correct instances.  

 Recall: the percentage of all relevant data that was returned by the classifier. A high recall means the 

model returns most of the relevant data.  

 Precision: measures the exactness of the relevant data retrieved. High precision means the model 

returns more relevant data than irrelevant data.  

 
 
The main performance metrics used and summarised in Table 0-11 (Dataset A) and Table 0-14 

(Dataset B) are Accuracy, Precision, Recall, F Score and FP Rate (passing).  These metrics are 

derived from the confusion matrix and are illustrated in more detail below.  As defined in 

Equation 1 Accuracy is the percentage of the correctly classified positive and negative examples: 

Equation 1:      𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝒕𝒑+𝒕𝒏

𝒕𝒑+𝒇𝒑+𝒕𝒏+𝒇𝒏
 ∗ 𝟏𝟎𝟎 

Accuracy is a widely used metric for measuring the performance of a classifier; however, when the 

prior probabilities of the classes are very different, this metric can be misleading. Therefore, other 

metrics are reported including Precision [Equation 2], which is the fraction of recognized instances that 

are relevant. Whereas Recall [Equation 3] is the fraction of relevant instances that are retrieved. Recall 

(also known as specificity) in this context is also referred to as the true positive rate or sensitivity, and 

Precision is also referred to as positive predictive value (PPV) [13]  

Equation 2 :   𝑷𝒓𝒆𝒄𝒊𝒔𝒐𝒏 =  
𝒕𝒑

𝒕𝒑+𝒇𝒑
 

Equation 3 :    𝑹𝒆𝒄𝒂𝒍𝒍 =  
𝒕𝒑

𝒕𝒑+𝒇𝒏
 

The F Score [Equation 4] measures combines Precision and Recall and is the harmonic mean of the 

two.  
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Equation 4 :  𝑭 = 𝟐 
𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 𝒙 𝒓𝒆𝒄𝒂𝒍𝒍

𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝒓𝒆𝒄𝒂𝒍𝒍
 

A more informative performance metric in the context of this study is reflective of the quantity of 

students that for each model are classified as Passing but were in fact At Risk. This is reported as the 

FP Rate (Passing) is shown in Equation 5. 

Equation 5 :   𝑭𝑷 𝒓𝒂𝒕𝒆 (𝑷𝒂𝒔𝒔𝒊𝒏𝒈) =  
𝒇𝒑

𝒕𝒏
 

The higher the value reported indicates a higher amount of At Risk students incorrectly identified as 

Passing. While the rate at which students that were Passing but identified incorrectly as At Risk is of 

interest (FN), in this circumstance, any subsequent academic intervention would likely not be harmful to 

student progress. However, the FP Rate (passing) is arguably the most relevant metric to the 

implementation of the model. It points to students that likely would have benefited from the intervention 

but would have not been detected by any early warning systems based on the classifier models. 

 

1.49.5 Machine Learning classification modelling Results - Dataset A 
 

The following sections use as an initial start point the visualization of relationships between Pass and 

Failing module grading and features followed by a description of various feature rankings.   An at a glance 

data visualization of the relationship between the module grading (Pass and At Risk) and other attributes 

is detailed in Figure 0-3 and a similar per feature view per attribute is detailed in Figure 0-4.  Some of the 

more obvious correlations are with Engagement, Previous programming experience, Previous degree 

class and to lesser extent Repeat views.  
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Figure 0-3 - Attribute visualization with Module grading (Blue is Passing and Red is At Risk) 

 

A more detailed visualization of the relationship between the module grading (Pass and At Risk) per 

feature view attribute is detailed in Figure 0-4. 
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Figure 0-4 – Detailed view visualization for each attribute in regard Module Grading (Blue - Pass 

and Red - At Risk) 
 

Some caution must be exercised when analysing the visual correlations as the classes are imbalanced, 

with 127 Passing and 74 At Risk. While the visualization is a useful start point, it is the actual classifiers 

that produce meaningful balanced output model relationships and other techniques such as feature 

selection that help inform model correlations.   
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1.49.6 Feature selection – Ranking and Best subset 
 

Feature selection is a pre-processing technique that finds a subset of features that captures the relevant 

properties of a dataset to enable adequate classification. It aims to identify and remove as much of the 

irrelevant and redundant information as possible. This reduces the dimensionality of the data and allows 

learning algorithms to operate faster and more effectively [14]. Individual and Subset Attribute Evaluation 

are the two commonly used techniques in feature evaluation domain. Individual Evaluation uses the 

ranking method to measure the degree of relevance whereas Subset Evaluation uses different search 

algorithms to generate a feature subset and the degree of relevance is measured using different Machine 

Learning methods [15]. Weka provides several attribute selections which may be configured to search 

through all possible combinations of attributes in the data to find subsets of attributes that may be ranked 

for prediction.  

Weka supports most common ML individual feature selection and ranking selection techniques, including 

Correlation Based, Information Gain and Learner Based Feature Selection. Within this research, the 

Information Gain feature selection technique was used to provide a scope and consistency to enable 

comparisons between ranking of features within all datasets. Information gain seeks to calculate the 

entropy or information gain for each attribute for the output variable. Entry values vary from 0 (no 

information) to 1 (maximum information). Attributes that contribute more information will have a higher 

information gain value and can be selected, whereas those that do not add much information will have a 

lower score and can be removed [16]. Weka supports this feature selection technique employing two 

objects namely the InfoGainAttributeEval attribute evaluator and Ranker search method. Ranker Search 

evaluates each attribute and lists the results in a rank order. The ranking orders for each data set are listed 

within each relevant section, with the Dataset A being listed in Table 0-9. Overall this provides the rank 

order of importance to information gain but not necessarily the best subset combination.   

Accordingly, an additional analysis to identify the best combination subset of the input features most 

relevant to score classifications was conducted. Specifically, within Weka CfsSubsetEval with greedy 
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forward selection [17] was applied to rank the predictive power of the features used. Accordingly, the 

results of these evaluations have been listed in this chapter, and specifically for Dataset A in Table 0-10. 

Table 0-9 - Dataset A feature ranking using InfoGainAttributeEval evaluation with Ranker search 
 

Feature Rank 

Repeat Views 1 

Engagement 2 

Part time working hours 3 

Previous degree type 4 

Previous degree classification 5 

Previous programming experience 6 

Seating 7 

Gender 8 

 

This would indicate that Repeat Views has the most significant impact and that second on that list would 

be Engagement and so on. In real terms that would mean that if it were possible to have only one of the 

attributes for prediction then Repeat Views would be the best one to have but it does not suggest that the 

best subsets are in that ranked order, so Repeat views and Engagement would not necessarily be the best 

combinations. Additionally using all the features within very large datasets could be computationally 

exhaustive. In order to find the best subset combination, another analysis using the CfsSubsetEval 

evaluator and Greedy Stepwise search produced a best subset list as shown in Table 0-10. 

Table 0-10 - Dataset A, Best subset feature list using evaluator CfsSubsetEval and Greedy 

Stepwise search 
 

Feature Rank 

Repeat Views 1 

Engagement 2 

Part time working hours 3 

Previous degree type 4 

Previous degree classification 5 

 

This best subset list is used as one of the combined feature set searches for each classifier model and 

dataset and presented in the following results section.   
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1.49.7 Results ML classification 
 

Dataset A – classifier analysis 

The following analysis section relates to Dataset A and involves the five classifiers outlined in Table 0-7. 

Each classifier model was produced with four distinct feature sets: 1) All Attributes 2) All electronic 

measures 3) All demographic and 4) Best subset. Consequently, each classifier has four separate feature 

sets enabling performance comparisons between each classifier. In real-world terms, this enables a 

comparison between potential methods of prediction using just demographic or electronic measures or 

various combinations of both.  The full results for each classifier for Dataset A are illustrated in Appendix 

A, with summary results in Table 0-11. 
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Summary of results (Dataset A) 

Table 0-11 – summary performance data for models and relevant feature sets 

 

  All 

attributes 

Electronic 

attributes 

(only) 

Demographic 

attributes 

(only) 

Best subset 

 

Naive 

Bayes 

Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

77.62% 

 

0.770 

0.773 

0.776 

 

0.405 

80.10% 

 

0.795 

0.793 

0.622 

 

0.378 

 

66.67% 

 

0.654 

0.653 

0.667 

 

0.581 

77.61% 

 

0.770 

0.773 

0.776 

 

0.405 

J48 Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

72.11% 

 

0.770 

0.769 

0.771 

 

0.338 

 

74.62% 

 

0.732 

0.744 

0.746 

 

0.514 

62.19% 

 

0.604 

0.601 

0.622 

 

0.662 

75.12% 

 

0.752 

0.753 

0.751 

 

0.324 

SMO Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

76.12% 

 

0.751 

0.758 

0.761 

 

0.459 

79.10% 

 

0.778 

0.798 

0.791 

 

0.459 

61.19% 

 

0.558 

0.566 

0.612 

 

0.824 

77.61% 

 

0.765 

0.777 

0.776 

 

0.459 

MPL Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

72.64% 

 

0.721 

0.720 

0.726 

 

0.446 

80.10% 

 

0.796 

0.799 

0.801 

 

0.365 

63.68% 

 

0.623 

0.620 

0.637 

 

0.622 

77.11% 

 

0.771 

0.771 

0.771 

 

0.311 

IBk Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

66.67% 

 

0.664 

0.662 

0.667 

 

0.486 

71.64% 

 

0.716 

0.716 

0.716 

 

0.392 

60.20% 

 

0.575 

0.572 

0.602 

 

0.730 

69.62% 

 

0.697 

0.697 

0.697 

 

0.405 
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    Summary of ML analysis for Dataset A  

As detailed in Table 0-11 the performance of the feature sets and classifiers was quite varied. It is worth 

analyzing and summarising each to determine the ranking of performance.  

Feature set analysis 

The consistently best performing feature set for each classifier at correctly identifying cases was that of 

Electronic attributes (77.11%). In most instances, it returned between 10%-17% more cases correctly in 

comparison for each classifier compared to the worst performing feature set which was the Demographic 

set with 62.79%. The performance of the other classifiers was roughly comparable with the Electronic 

attributes, specifically All Attributes (74.03%) and Best subset (75.41%). The Best Subset (as compiled 

via the CfsSubsetEval evaluator and Greedy Stepwise search) consistently performed well with all 

classifiers, however, it did not provide the overall best performance for some classifiers. It could be that 

the chosen evaluators work best with selected classifiers and is consistent with other findings in that area 

that have concluded that many selection algorithms do not perform well on high-dimensional datasets 

with a large number of redundant features [18].  Regardless the findings here present a comparative 

benchmark. Future work in this area could concentrate on using other evaluators and variants on 

configuration. However, the Best subset attributes subset consistently performed the best in regard to the 

FP Passing rate (0.381), meaning that it had the least amount of missed At Risked students than the other 

feature sets, with All Attributes (0.427), Electronic (0.422) and by far the worst performer being the 

Demographic (0.684). In terms of overall performance and correctly identified At Risk students the 

Demographic feature set performed worst. The overall equal best performers were the Best subset and 

Electronic feature set. 

Ranking the Classifiers 

For the majority of the feature sets the best performing classifiers, based on correctly classified cases and 

FP Rate, were MPL and Naive Bayes. Focusing on the Electronic measurement feature set for comparison 
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both classifiers identified around 80% of all cases and had FP Rates of 0.365 and 0.378 respectively. SMO 

identified 79.10% but had a relatively poor 0.459 FP Rate. The remaining two classifiers, IBK and J48 

identified cases correctly 70% – 74% with the IBK FP Rate being 0.392 but J48 being poor at 0.514.   

Summary Dataset A 

Dataset A using classifiers MPL and Naïve Bayes with the Electronic dataset or to a lesser extent a mixed 

Best Subset with some of the demographic attributes (Part time working hours, Previous degree type and 

Previous degree classification) would appear to present a useful model to predict future academic 

performance.   

 

Machine Learning Analysis Results - Dataset B 

An at a glance data visualization of the relationship between the module grading (Pass and At Risk) and 

other attributes is detailed in Figure 0-5 and similar per feature view per attribute is detailed in Figure 0-6. 
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Figure 0-5 - attribute visualization for data set B that includes Heart rate. Where Module 

grading (Blue is Passing and Red is At Risk) 
 

 

A more detailed visualization of the relationship between the module grading (Pass and At Risk) per 

feature view attribute is detailed in Figure 0-6. 
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Figure 0-6 – detailed view visualization for each attribute in regard Module Grading (Blue - Pass 

and Red - At Risk) for data set B that includes Heart Rate 
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Feature selection – Ranking and Best subset 

The rank in order of usefulness to the dataset (using InfoGainAttributeEval evaluator and search method 

Ranker) produced the following ordered list detailed in Table 0-12. 

Table 0-12 - Dataset B feature ranking using InfoGainAttributeEval evaluation with Ranker 

search 
 

Feature Rank 

Heart Rate 1 

Repeat Views 2 

Previous Degree type 3 

Gender 4 

Previous degree 

classification 

5 

Previous programming 

experience 

6 

Part time working hours 7 

Engagement 8 

 

The best subset combination (evaluator CfsSubsetEval and Greedy Stepwise) produced a best subset list 

as: HR, Engagement, Previous Degree Type and Repeat Views.  This best subset list Table 0-13  is used 

as one of the combined feature set searches for each classifier model and dataset and presented in the 

following results section for the dataset.   

Table 0-13 - Dataset B Best subset feature list feature using evaluator CfsSubsetEval and Greedy 

Stepwise search 
 

Feature Rank 

Heart Rate 1 

Engagement 2 

Previous Degree Type 3 

Repeat Views 4 

 

Dataset B – classifier analysis 

A similar analysis to Dataset A relating to Dataset B was carried out. Full results are illustrated in 

Appendix B, with summaries for each in Table 0-14. 
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Table 0-14 - summary performance data for models and relevant feature sets for Dataset B 

  All 

attributes 

Electronic 

attributes 

(only) 

including 

HR  

Demographic 

Attributes 

(only) 

Best subset 

(all attributes) 

Naive 

Bayes 

Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

72.41% 

 

0.725 

0.728 

0.724 

 

0.208 

65.52% 

 

0.653 

0.653 

0.653 

 

0.440 

 

56.90% 

 

0.565 

0.563 

0.569 

 

0.462 

70.69% 

 

0.708 

0.709 

0.707 

 

0.320 

J48 Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

72.41% 

 

0.772 

0.723 

0.724 

 

0.360 

 

72.41% 

 

0.725 

0.728 

0.724 

 

0.280 

53.49% 

 

0.530 

0.528 

0.534 

 

0.498 

67.24% 

 

0.672 

0.671 

0.672 

 

0.400 

SMO Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

76.41% 

 

0.725 

0.728 

0.724 

 

0.280 

74.14% 

 

0.739 

0.740 

0.741 

 

0.360 

65.51% 

 

0.650 

0.651 

0.650 

 

0.480 

74.14% 

 

0.741 

0.740 

0.741 

 

0.320 

MPL Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

68.97% 

 

0.691 

0.707 

0.690 

 

0.240 

75.86% 

 

0.759 

0.777 

0.759 

 

0.160 

63.68% 

 

0.623 

0.620 

0.637 

 

0.622 

58.62% 

 

0.588 

0.596 

0.586 

 

0.400 

IBk Correctly 

classified  

 

F score 

Precision 

Recall 

 

FP Rate 

(passing) 

 

62.07% 

 

0.618 

0.618 

0.618 

 

0.480 

74.14% 

 

0.742 

0.743 

0.741 

 

0.280 

58.62% 

 

0.588 

0.591 

0.586 

 

0.440 

74.14% 

 

0.741 

0.740 

0.741 

 

0.320 
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1.49.8 Summary of ML analysis for Dataset B 
 

Feature set analysis 

In terms of correctly identified cases, the Demographic attributes feature set performed worst, with an 

average of correctly identified cases of 59.64% between all classifiers. There is a considerable variance 

of performance between and within the other classifiers, but averaging as: Electronic (72.41%), All 

attributes (70.45%) and Best subset (68.97%). The accuracy of FP Rate passing also showed considerably 

varied performances between each dataset, with the best overall performance coming from the Electronic 

measures (0.304), which concurs with the findings of Set A, with again the worst performer being the 

Demographic feature set (0.500).  

Ranking the Classifiers 

The best case identifier was the SMO classifier with on average 72.55% success rates. The other classifiers 

returned comparable averages IBk (67.24%), MPL (66.78%), J48 (66.39%) and Naïve Bayes (66.38%). 

The best FP Rate was the 0.160 returned by MPL using the Electronic feature set.     

Summary Dataset B 

While the best performing classifier was SMO, it is of interest to note the high accuracy FP Rate returned 

using the Electronic feature set using MPL. Both have potential in predicting academic performance in 

relatively small datasets that include HR attributes. The findings from Dataset B does have its 

acknowledged limitations, as it is likely that the size and prediction of HR values for some of the samples 

have influences on the performances outcomes. Yet it does present a new analysis of HR and its influence 

on academic performance.   
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1.49.9 Overall results discussion on ML analysis 
 

 

Demographic vs Electronic 

In almost all instances the Electronic feature sets performed significantly better (averaging 77.31% 

accuracy) than the Demographic measures (62.79%) at accurately predicting module outcome. As the 

electronic measurements are markers of activity during the course this is perhaps not surprising, whereas 

the demographic information is generally past academic performance, initial subject knowledge levels or 

scheduled part time working hours. That is not to dismiss the potential for the use of demographic 

measurements for early prediction. Using the more complete Dataset A the predictive average rates based 

on demographic attributes for all classifiers (62.79%) and for the best performing Naïve Bayes was 

66.67% which are still arguably reasonable levels of performance. A potential use for the demographic 

features could be to couple them to complement pre-course aptitude testing weightings. A potential 

research area would be to compare and analyse pre-course aptitude scores for STEM and Arts graduates 

in relation to module outcome. Overall, the electronic feature set performed best with Naive Bayes and 

MLP both returning 80.10% accuracy for Dataset A.  

It is also of interest to note that Weka’s ability to return the best subset was not the best performing, with 

the Electronic features in Dataset A performing equally as well. It may be that further refinement for 

example using other evaluators or searches may improve these levels.    

Set A versus B   

Perhaps not surprisingly the larger of the Datasets (A) produced the best correctly identified case averages 

across all the classifiers (72.37%) versus Dataset B’s average of 67.86%. The highest FP rates were from 

Dataset B (0.367), with Dataset A returning 0.478.  

The best overall prediction rate and FP Rates was from the MPL, Naïve Bayes and SMO classifiers using 

the more complete Dataset A, especially using the electronic feature set. It would appear that they are the 

most suitable overall classifiers in the prediction of module success using electronic markers.  
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Not surprisingly, the Artificial Neural Network (MPL), given the performance reported by Tilmanne [19], 

provided good results. The Support Vector Machine classifiers, in this case, SMO, are considered one of 

the most robust classifiers currently available. Accordingly, the results achieved are unexpected given 

that it is designed primarily as a binary classifier for linearly separable data [20]. Additionally, SVMs are 

noted for being robust against small training sets, even with a large number of features and resistant to 

overfitting issues, which likely benefitted classification performance with the data. Although, the FP 

Passing rate for the SMO had limited reliability. In the case of Naïve Bayes, the literature indicates that 

where Decision Trees perform poorly (in this case J48), then Naïve Bayes does well [21]; this is usually 

attributed to each approach having very different operational profiles. This is consistent with the findings in 

this study. Regarding the IBk classifier, in general, this approach does not handle irrelevant/misleading 

features or unbalanced datasets well and likely explains the poor performance observed [22]. 

Acknowledging that there is a clear difference between the datasets, Dataset B being smaller and having the 

additional HR feature, it is still of note that the combined subset combinations generally concur. Engagement, 

Previous Degree Type and Repeat Views formed the suggested best aggregation for each Dataset, with HR 

being exclusive to Dataset B.    

 

1.49.10 ML analysis conclusion 
 

The ML classification analysis has identified that overall, MPL and Naïve Bayes and lesser extent SMO 

classifiers appear well suited to academic performance prediction using electronic attribute based data. 

However, as with all classifiers there is the potential with overfitting, in this case there were more Passing than 

At Risk students and therefore other dataset optimisations, such as the use of wrapper classes would be of 

benefit to enhance the models.   

Using the MPL model in a real-world implementation, from the given sample of 201 students (127 Passing 

and 74 At Risk students) would have resulted in 114 correctly predicted as Passing; additionally, 47 At Risk 

students would have been correctly identified, with an overall accuracy of 80.1%. Conceptually the At Risk 
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students could be invited to attend an intervention, for example, extra tuition or one to one sessions. The model 

would also have resulted in 13 Passing students (6.5% of the total students) unnecessarily invited to the same 

intervention. This may be inconvenient or potentially wasteful of resources but unlikely to be harmful to the 

individual student’s progress. This leaves 27 At Risk students (13.4% of all students and 36.9% of all At Risk 

students) that would not have been included in the intervention. Overall if implemented early enough in the 

programme that has the potential to reduce the At Risk percentage from 36.8% to 23.4% and likely follows 

that the eventual fail rate in the module would be lower.  

If the goal to is identify those at At Risk and subsequently to help these students then ML classification using 

electronic measurements presents an informed model to potentially target interventions. However, it must be 

acknowledged that even the best performing model is by no means perfect, with slightly over a third of At 

Risk students not being identified.  

 

1.50 Summary, future work and conclusions 

 

This chapter sought to tie together, analyse and produce models of production from the statistically 

significant findings of each previous investigation and include other established LA data points.  It has 

detailed and reports the use of statistical based prediction using Linear Regression and Machine Learning 

(ML) classification modelling. The former analysis concluded that the electronically measurable 

significant factors identified from the previous individual studies were generally were found to be 

significant when aggregated together. Engagement and Repeat Views of LC videos being reported as very 

useful indications of module success. HR is also highlighted as being also a useful potential indicator 

although further sampling is recommended.  

The ML classification analysis highlights MPL and Naïve Bayes and potentially SMO as viable classifiers 

of academic outcome for student programmers. It also highlights that a combination of various live feed 

markers such as Engagement, Repeat Views and potentially HR and Seating together with other pre-course 
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features such as previous degree classification and previous programming experience could be combined to 

provide models reaching overall accuracies of 80.1% prediction.  

Moreover both analyses have concurred that the new data points identified from the previous singular 

investigations in the thesis are also useful as collective LA model predicators for student programmers and 

thus add to knowledge of this area.  

The ML outcomes provide a benchmark for potential future work in ML analysis for student programmers. 

Future work could include repetition or expansion with addition LA data points with other cohorts in the same 

or potentially different subject disciplines. The analysis of feature sets in this research provides a solid 

reference point between the selected classifiers, with future research expanding on the use of different 

classifiers using a other specified classifiers, such as Feature Subset evaluated by measuring the Consistency, 

Attribute Evaluation using RELIEF and Rough and fuzzy rough features. It would be of interest to have a 

fuller Dataset of HR attributes for comparison with this research outcomes in terms of logistical scalability of 

future work in the student of HR and also to judge the validity of the imputation methods used. It would be of 

interest to further analyse the data using only the more accessible electronic data for example the LC and 

attendance (or various combinations) considering that seating position data is not routinely captured.   
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SUMMARY AND FUTURE RESEARCH 
   

1.52 Introduction  

 

In accordance with the aim outlined in Chapter 1, the work presented in this thesis has contributed to the 

current knowledge of Learner Analytics of post graduate student programmers. This has been achieved 

through the development of a measurement framework using selected emerging technologies including 

mobile, GPS, wearable biosensors and LC Video Analytics hosted and supported using Cloud based 

technologies. The analysis of the output data was conducted using various statistical and Machine 

Learning algorithms. Correspondingly, the purpose of this chapter is to summarise the key findings 

reported throughout this thesis. This has been achieved through a review of the observations made within 

the scope of the specified research objectives. A description of the key opportunities identified for future 

research in the area of measurable activities of student programmers is also outlined. The chapter then 

concludes by summarising the key knowledge contributions made throughout the thesis. 

 

1.53 Summary Of Findings 

 

Summary of findings: Objective I  

Undertake a review of the current knowledge of Learner Analytics of student programmers  

A review of the use in general education of Learner Analytics has illustrated that it is an increasing 

established practice in distance and online courses with a rich harvest of data collection points being 

utilised to provide student engagement, progress and prediction indicators at the cohort and individual 

level. A focused literature review of LA and behavioural analysis of learners suggests that attendance, 

on-line VLE activity, HR, LC video engagement, lecture seating choices and various demographic data 

points have been to varying degrees used to understand learner behaviours, which in turn could be 

leveraged to predict attainment outcomes. Current research on seating choices at lectures has provided a 
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range of conflicting conclusions, likely due to the difficulties of measurement. The association of HR 

and cognitive engagement has been well established. Most outputs concur that elevated HR levels are 

indicative of increasing cognitive load, yet this research is generally restricted to the clinical 

environment, mostly due to the previously high cost of HR measurement equipment. Video LC analytics 

has had considerable research but mostly related to behavioral pattern understandings and not focusing 

on learner score predictions.  

Moreover, the literature reviews of LA have highlighted some significant research gaps in general 

education and moreover revealed a significant scarcity of initiatives that focus on observing and 

understanding the behaviour of student programmers in order to establish reliable LA points for that 

discipline.  

 

Summary of findings: Objective II  

Undertake a review of what is currently known of the current technologies used to measure Learner 

Analytics of student programmers  

On the basis that there were limited number of specific studies on the LA of student programmers a 

review of the current technologies used to measure Learner Analytics in general education was made. In 

the last decade, HR and other physiological measurements have become more accessible with the 

increasing prevalence of consumer focused fitness and activity-trackers such as the Microsoft Band and 

Fitbits. Likewise, smart watches like the Apple Watch and various Android Wear devices have placed 

more emphasis on fitness tracking in addition to smart watch functions. Previously, HR monitors and 

other tracking technology were reserved for medical or health and fitness professionals and were 

cumbersome and intrusive to wear and required training and experience to operate. The software used to 

track the HR of the newer technology wearables are generally fronted by proprietary apps but some have 

APIs that are enable third party software to be tailored access the raw data.    
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There was no known software that enabled seat tracking at lecture time for students. There are various 

attendance tracking software apps available but none that extend to seating registration. Previous 

research relied on restricting movement or self-reporting at the end of a course via surveys.  

LC video analytics is a rich but generally untapped seam of data. Some limited focus on student 

programmers’ activities has been published but on the whole, even within general education, there were 

no known studies focusing LC analytics on student outcomes. As such the software used for LC analytics 

are based on general video analysis. YouTube Analytics provides much data and configurable reporting 

on individual videos and channels, including frequency and timing of hits and detailed audience 

retentions. The data is generally accessible in raw format, which enables further analysis.         

VLE tracking via common platforms such as Canvas, Moodle and Blackboard are well established and 

increasing used to provide LA data. The software includes raw access to individual and group activities 

including frequency and timing of resource access and self-assessment results via formative quizzes. 

Overall, this review of available technologies has shown that the specific software required for the 

purposed research in the chosen areas did not exist. However, emerging technologies such as biosensor 

wearables, mobile tracking, Cloud technologies, Video Analytics and Machine Learning were available 

and it was likely viable to be able to develop various specific software platforms to support the data 

collection and measurement instruments required.  

 

Summary of findings: Objective III 

Establish the potential for the use of emerging technologies to provide LA measurement instruments at 

selected key learning engagement points for student programmers. 

Each strand of this research required preliminary investigations to develop prototype software using 

emerging technologies to ensure that the data collection was indeed viable.  The creation or adaption of 

existing software to develop the various platforms aggregated into the overall system architecture 

illustrated in Chapter 1.  Using HR sensors and accessing the raw data was shown to be possible with a 
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number of devices, with MS Bands being at the time the most open and reliable. This was further 

developed to provide a live view of group HRs during lectures. Utilising mobile phone, GPS and cloud 

based apps enabled students to provide authenticated seating registrations per lecture and indirectly 

provided attendance tracking. The use of YouTube Analytics to gather data at group level proved to be 

relatively straightforward but more difficult at the individual level. VLE data is readily exportable and 

integrated with other data sets.  

Overall it was concluded that at an individual and collective level each research stands’ emerging 

technology prototype could be used to provide LA measurement instruments at selected key learning 

engagement points for student programmers.  

 

Summary of findings: Objective IV  

Use a number of emerging technologies to enable experimentation to acquire a substantial dataset, to 

measure and evaluate areas of key learning engagement behavior trends of student programmers.    

 

It followed that the emerging technology based platforms for each research strand enabled a rich set of 

LA data. Once established as habitual, the students would use the seat tracking app which in turn 

provided a consistent stream of data. While the HeartPoint system proved a viable technical platform 

capturing HR in the field it was not without its issues that affected the quantity of data collected. Some 

issues were technology based, such as wearable device connectivity, however, most sources of data 

collection breakage were human related. This included students forgetting to charge devices or 

neglecting to start the recording, or turning up late to the lecture or not at all. Consequently, the quantity 

of HR data recorded was less than the other research themes. Still, the sampled HR data that was collected 

was very complete and well able to support statistical and ML analysis within its own research theme 

and was included as a part analysis with the combined datasets. The LC Video platform and VLE 

provided to be very rich data source which was further enhanced with some qualitative data.  
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Additionally as is common in LA the inclusion of demographic data to enrich aggregated datasets helped 

provided a more detailed dataset per individual student. 

Overall the emerging technology based platforms performed well in producing a rich data set, with 

enhancements in future research having being identified.  

 

Summary of findings: Objective V 

Provide a range of statistical and Machine Learning analysis to identify and model significant 

measurable key indicators in order to predict module scores of student programmers’ and identify 

students at risk of failing.  

 

The significant factors identified from each research strand were aggregated and expanded with 

demographic data to provide various linear regression and ML models of models prediction. The linear 

regression predictions suggest that engagement factors such as lecture attendance and VLE activity and 

Repeat Views of LC videos were highly significant with lecture seating measurements deemed to be of 

lesser significance in prediction of scores. Albeit within a reduced dataset HR also proved to be a 

significant measure of prediction. The recorded demographic attributes produced some significant 

variables and enhanced the model of prediction.  

Various common ML classifiers including Decision Trees, Rule Induction Probability function, Neural 

Networks and Support Vector Machine were used to analyse and provide classification models to predict 

Passing and At Risk students. The ML analysis also provided feature set ratings that aligned with the 

significant factors identified from the linear regression analysis to determine prediction. Overall the ML 

analysis pointed to MPL and Naïve Bayes and a lesser extent SMO classifiers as well suited to academic 

performance prediction of Passing and At Risk student classifications using the identified LA attributes.  

The best preforming MPL model produced an overall accuracy of 80.1%, with the 63.5% identification 

of the true positive At Risk students.  
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Summary of findings: Objective VI 

Evaluate the practical usefulness of the selected emerging technologies and research findings to provide 

early warning indicators for struggling student programmers in mass education environments. 

    

The ML and statistical models suggest that enabled by various emerging technologies within each 

research strand there are identifiable and significant predictors to add to the armory of LA for student 

programmers. The further inclusion of VLE activity and demographic data enables a rich set of data that 

has proven to be in most cases readily accessible and provides leverage to predict module outcomes for 

programming students. The models of prediction range in performance with 80% the highest achieved. 

The significant LA data points revealed from the study, namely lecture HR (Lecture HR elevation as 

baselined from resting HR), seating choice and to a lesser extent LC video analytics (Repeat views) all 

appear to provide measurements that are entirely plausible to propose as timely indictors within an early 

warning system to identify struggling students. Also of significance was attendance, VLE engagement 

with taught materials and weekly self-assessments. The study has shown that the platforms to gather the 

data are supported by emerging technologies and in conjunction with other common LA data points 

could be used to predict outcomes for student programmers early enough in a course to likely promote 

useful interventions, with the hope of reducing attrition.  

1.54 Future research opportunities 

 

The successful field study of HR sensors shows that it is possible to gather data from large scale cohorts 

and also opens up the possibility that it could be extended to the other biometric data such as galvanic 

skin responses that are also measured by smart watches. The production of a live audience biometric 

feedback system presents future opportunities to experiment with quantitative rather than mostly 

retrospective or live intuitive self-reflective lecturer performance feedback. The ability to take the pulse 
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of audience learning is a novel technique that is enabled by the live biometric feedback platform 

prototyped in this research.       

The prediction of scores in this study has included common LA data included with the new data points. 

It would be of future research interest to view these predictors versus common aptitude testing within 

similar cohorts. The research question could judge the success or otherwise of the aptitude tests versus 

the live course data for classifying student outcomes, to establish if aptitude tests are worthwhile or 

indeed could they be included with the established LA for programming students. Another obvious 

research area would be to reflect on the effectiveness of interventions aimed that at risk students. It may 

be that identification of such students may be accurate but does the intervention actually help and how 

early does the intervention need to be to positively influence outcomes?  

The seating experiment in this study suggests it is a factor influencing scores. However, it must be 

remembered that in this study the students were particularly active in following code walk-throughs or 

problem solving. A repetition of the experiment with other more narrative or non-technical based lectures 

would be of interest to establish if seating has the same influence. Moreover does an interactive problem 

solving teaching style influence HR variance, seating and LC viewings behaviours?   

 

1.55 Perceived Limitations  

 

In considering the findings of this thesis, a number of key opportunities for further developing the 

measurement platforms have been identified. While the dataset from the HR study was sufficient for 

analysis it was limited in quantity, mainly to the difficult logistics of the collection. Some technical issues 

and the reliance on the students to collect the data via their own phones were responsible for a relatively 

low return in comparison to the other data collection areas. Future work would greatly benefit from 

collecting more HR samples from each participant to improve the training, testing and validation process. 

The study showed it was possible to provide a live data feed via a HR data visualisation prototype which 

would simplify the recording process and likely improve data recording quantities. YouTube Analytics 
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exposes much data on Video LC at the video and channel level but it is difficult to use to gather data for 

each individual. This functionality is unlikely to be on the Google development roadmap any time soon 

so it may be that HeatMap analytics used by VLC Media Player software, which is being increasing used 

in universities, may provide more data accessibility at user level in the future. As with most quantitative 

based studies the inclusion of qualitative research would benefit and contextualize understandings. The 

data presented in this study compares and aggregates the output recordings of two separate cohorts but 

this is, of course, related and thereby limited to these groups and would benefit from being repeated with 

further sampling with other similar cohorts. Indeed the cohorts were all conversion PGT students and 

although they were beginners to programming, comparing to similar learning stage undergraduates 

would require further study. While many of the findings and the data recording techniques in this study 

could conceivably be related to other disciplines the generalisability would only be established by 

running the same experiments with other subject disciplines. However, considering the STEM nature of 

programming it is not unreasonable to suggest that the findings could be more readily transferable to 

other STEM subjects, particularly engineering-based disciplines.   

1.56 Contributions and conclusion 

 

This thesis has aimed to “use selected emerging technologies to contribute and progress the current 

knowledge of Learner Analytics (LA) student programmers”. The intention was to investigate, develop 

and adopt a number of emerging technologies to determine to what extent those technologies may offer 

a means of better understanding learning behaviour in selected areas that had thus far either not been 

studied or have been inaccessible or difficult to measure. This aim has been realised through the delivery 

of the corresponding research objectives as described above. Accordingly, this Thesis has provided a 

number of contributions which are listed and summarised below:  

 

1. A comprehensive literature review of the major issues affecting third level Computer Science 

education in relation to increasing class sizes and high attrition rates has been presented. A review of 
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current use of LA and commonly used education data points and attainment prediction is provided. 

This included the review of current research in areas of student engagement in lecture seating, HR 

analysis and video lecture capture analytics with VLE based statistics, with these areas being identified 

as being under researched. This clearly identified an opportunity for the establishment of novel 

technology based solutions to measure new data points to potentially understand and eventually predict 

the outcomes for programming students.   

 

2. The use of emerging technologies to successfully develop a platform to measure and report on 

individual and collective activity in i.) HR (via biosensor wearables) ii.) lecture seating and iii.) video 

LC monitoring for student programmers.  

 

3. The acquisition of a substantial dataset, which both supports this proof of concept work and is suitable 

for supporting ongoing developments in the area of engagement measure to produce LA data points for 

student programmers was generated and annotated.  

 

4. A rigorous analysis of the data collected from HR, Seating, LC and VLE activities was carried out 

which identified statistically significant learning behaviours affecting attainment. This analysis 

established new LA data points related to student programmers.   

 

5. An investigation and establishment of various ML based classification models with the best 

performance model returning an 80.1% prediction of At Risk of failing students. 

 

6. The extensive establishment of a proof of concept early warning tool supported methods with 

associated high performing ML classifiers to predict the outcomes for programming students’ in large 

scale classes.   
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A question remains of how timely these new data points are in identifying struggling student programmers 

and thereby supporting timely interventions. A benchmark of the likely usefulness of these predicators is 

perhaps a comparison with the prediction of module outcome of early in-term summative assessments. 

The nature of these assessments being part of the actual eventual score means they are generally very high 

predictors of progress and eventual outcome. However, the issue with using these results in isolation as 

singular markers of progress is the tardiness of the approach to support meaningful interventions. Consider 

a mid-term assessment in a 12-week course with the subsequent time required for marking, moderation, 

return of results, identification and communication with students for interventional action. Even with an 

expedited process of two weeks this would mean that the corrective engagement would not even begin 

until week 8, around three-quarters of the way through the course. Probably this is too late to significantly 

affect outcomes. The new data points for prediction identified in this thesis, in the case of seating, 

engagement and perhaps HR at lectures combined with other established LA points would likely be earlier 

in the course than a midterm assessment point and enable identification and subsequent early and effective 

interventions with those struggling to learn how to program.  

With mass education environments now commonplace at higher education for programming courses 

having these new readily accessible electronic tracked LA data points that may be leveraged to target 

meaningful academic interventions has the potential to improve learning experience and attainment. 

Considering the relatively high dropout rate in programming courses and the worldwide demand for 

programmers then it is hoped that this research will have a positive impact on a significant problem in 

Higher Education. 
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APPENDIX A DATASET A CLASSIFIER PERFORMANCES OUTPUT 
Naive Bayes classifier 

Table A-1 - Naïve Bayes classifier model for all 

attributes 

 

 

Table A-2 - Naïve Bayes for all electronic 

measurements 

 

 

 

Table A-3 - Naïve Bayes for demographic 

measurements 

  

 

Table A-4 - Naïve Bayes for best subset attributes 
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J48 classifier 

Table A-5 – J48 classifier model (all attributes) 

 

 

 

Table A-6 – J48 for all electronic measurements 

 

 

Table A-7 - Naïve Bayes for demographic 

measurements 

  

 

Table A-8 – J48 for best subset attributes 

 

 

Table A-9 - J48 Decsion tree (all attributes) 

 

 

Table A-10 Best attributes decision tree 
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SMO classifier 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

MPL (Multi-Layer Perception)  
 

Table A-11 - SMO (all attributes) 

 

 
 

Table A-12 – SMO for all electronic 

measurements 

 

 

 

Table A-13 – SMO for demographic measurements  

 

 

Table A-14 – SMO for best subset attributes 
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Table A-15 - MPL (all attributes) 

 

 
 

Table A-16 – MPL for all electronic measurements 

 

 

 

Table A -17 – MPL for demographic measurements  

 

 

Table A-18 – MPL for best subset attributes 

 

 

 

 

 

 

 

 

 

 

 

 

IBk KNN (k Nearest Neighbour) 
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Table A-19 - IBk (all attributes) 

 

 
 

 

 

Table A-20 – IBk for all electronic measurements 

 

 

 

Table A-21 – IBk for demographic measurements  

 

 

Table A-22 – IBk for best subset attributes 
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APPENDIX B DATASET B CLASSIFIER PERFORMANCES OUTPUT 
Naive Bayes classifier 

Table B-1 - Naïve Bayes classifier model for all 

attributes (HR Data set) 

 

 

Table B-2 - Naïve Bayes for all electronic measurements  

(HR Data set) 

 

 

Table B-3 - Naïve Bayes for demographic 

measurements (HR Data set) 

 

 

 

Table B-4 - Naïve Bayes for best subset attributes  

(HR Data set) 

 

 

 

 

 

 

 

 

J48 classifier 
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Table B-5 – J48 classifier model for all attributes 

 (HR dataset)  

 

 

 

Table B-6 – J48 for all electronic measurements 

 (HR dataset) 

 

 

Table B-7 – J48 for demographic measurements  

(HR dataset) 

 

 

Table B-8 – J48 for best subset attributes  

(HR Data set) 

 

 

 

 

Table B-9 Best attributes J48 decision tree (HR dataset) 
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SMO classifier 

Table B-10 - SMO (all attributes) 

 (HR dataset) 

 
 

Table B-11 – SMO for all electronic measurements (HR 

dataset) 

 

 

 

Table B-12 – SMO for demographic measurements  

(HR dataset) 

 

 

 

Table B-13 – J48 for best subset attributes  

(HR dataset) 

 

 

 

 

 

 

 

 

MPL (Multi-Layer Perception) Artificial Neural Network 
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Table B-14 - MPL (all attributes) 

 

 
 

Table B-15 – MPL for all electronic measurements 

 (HR dataset) 

 

Table B-16 – MPL for demographic measurements 

(HR dataset) 

 

Table B-17 – MPL for best subset measurements 

(HR dataset) 

 

 

 

 

 

 

 

 

IBk KNN (k Nearest Neighbour) 



Appendix 

 

 

 

240 

 

Table B-18 - IBk (all attributes) 

 

 

Table B-19 – IBk for all electronic measurements 

 (HR dataset) 

 

Table B-20 – IBk for demographic measurements 

(HR dataset) 

 

Table B-21 – IBk for best subset measurements 

(HR dataset) 
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This section details the various surveys for data capture within the thesis. 

Figure C-1 - Pre-course survey (previous academic back ground and experience) 

Figure C-2 - Post-course survey on Lecture Seating experiences 

Figure C-3 - Pre-course survey on Lecture Capture expectations 

Figure C-4 - Post-course survey on Lecture Capture experiences 
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Figure C-1 – pre-course survey (previous academic back ground and experience) 
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Figure C-2 Post-course survey on Lecture Seating experiences 
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Figure C-3 Pre-course survey on Lecture Capture expectations 
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Figure C-4 Post-course survey on Lecture Capture experiences 

 


