The Ministry of Science and Higher Education of the Republic of Kazakhstan
SDU University

SDIJ

UNIVERSITY

Damir Syzdykov

Student Performance Prediction Using Machine
Learning
THESIS
Presented in Partial Fulfilment for the

Degree of Master of Science in Information Systems
(degree code: TM06101)
Department of Information Systems

School of Information Technologies and Applied Mathematics

Supervisor: Selcuk Cankurt
Kaskelen, 2026



School of Information Technologies and Applied
Mathematics

Department of Information Systems

Dissertation Signatures Title Page

The Master's Dissertation of Damir Syzdykov

Title:
Student performance prediction using machine learning
O o
Manna bl K OKBITYALL KO LIAIY aPKLLIbLI OKYIILLTAPIBIIL YArepininn 00 1Kay

II})()[‘II()’_SH])()BHIIII(‘ VCHCBACNOCTI VHAIIIIXC ¢ THOMOIIILIO NMAITHIITIONO ()(/)_\,"I(‘,-
1A

Is submitted in partial fulfillment of the requirements for the Master’s (MSc)
degree in the Department of Information Systems. and approved by the
Dissertation Committee:

Head of Committee: Assistant Prof.. PhD. Meraryslan Me mh\(\\
Academic supervisor: Assistant Prof., PhD.

Member’s Signature: Assistant Prof., PhD.

Member’s Siglmturc: Assistant Prof., PhD. :

Kaskelen. 2026



Declaration

I confirm that this is my own work and the use of all material from other sources has been properly and fully
acknowledged.

Damir Syzdvkov

Kaskelen, Kazakhstan
May 2026



Acknowledgements

The completion of this dissertation would not have been possible without the patience, guidance and continuous
encouragement of many individuals to whom I would like to express my sincere gratitude.

I would like to express my sincere gratitude to my supervisor, Selcuk Cankurt, for his guidance, support and
valuable feedback throughout the preparation of this dissertation.

Damir Syzdykov
Kaskelen, May 2026



Dedication

This thesis is dedicated to

My parents, Nur Amantay, Sultan Telman and many other for their support, help, sense of humour and useful
comments for improving this project.

iii



Abstract

The early identification of academically at-risk students remains one of the most pressing problems in contemporary
higher education. As universities accumulate large amounts of administrative, demographic and behavioural
data through their Virtual Learning Environments, machine learning has emerged as a powerful instrument for
transforming raw educational data into actionable early-warning signals. This dissertation develops, evaluates
and explains a comprehensive machine learning pipeline for predicting student academic performance on the
Open University Learning Analytics Dataset (OULAD), a publicly available benchmark containing detailed
records for 32,593 learners across 22 module-presentations.

The work is framed around four research questions concerning the most predictive student features, the most
suitable learning algorithm for the task, the relative contribution of individual pipeline components and the
practical interpretability of the resulting models. To answer these questions, the dissertation proposes an
end-to-end methodology that combines multi-source data integration, domain-driven feature engineering, hybrid
feature selection, synthetic minority over-sampling, Bayesian hyperparameter optimisation using Optuna and
post-hoc model interpretation through SHapley Additive exPlanations (SHAP). Four representative classifiers
are compared on the same task: a regularised Logistic Regression baseline, Random Forest, XGBoost and
LightGBM.

Experimental results demonstrate that gradient-boosted tree ensembles, and in particular an Optuna-tuned
XGBoost model, consistently outperform the alternative baselines on the held-out test set, reaching a test area
under the receiver operating characteristic curve of 0.97 and a test F'1 score of 0.90 with a moderate overfitting
gap. Engagement-related features—including the number of active days on the Virtual Learning Environment,
total clicks and an engineered score_consistency indicator—are identified as the most influential predictors by
both global feature-importance methods and SHAP analysis. An ablation study reveals that feature engineering,
class-imbalance handling and hyperparameter tuning each contribute incrementally to the final performance and
that their combination yields the best balance of accuracy, generalisation and computational efficiency.

The dissertation also discusses educational, ethical and deployment-related implications of the proposed pipeline.
SHAP-based explanations are shown to produce individualised, actionable insights that can be conveyed to
educators and policymakers without requiring a deep understanding of the underlying algorithms. Limitations
associated with the use of a single benchmark dataset, with binary outcome modelling and with the absence of
causal claims are explicitly acknowledged, and directions for future research are outlined, including temporal
modelling, fairness-aware learning and integration with existing learning analytics dashboards. Overall, the
dissertation contributes a reproducible methodological template that bridges predictive accuracy and human-
interpretable insight in the context of student performance prediction.

Keywords: student performance prediction, educational data mining, learning analytics, machine learning,
XGBoost, SHAP, feature engineering, OULAD, explainable artificial intelligence, early-warning systems.
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Annarma

AxanmeMuanbIK Toyekes TOOBIHIAFB CTYIEHTTED Il epTe aHbIKTay Kasipri korapsl OLmiM Bepy calachblHIare! 83eKTi
Macesenepaid, 6ipi Gompin TabbaabRl. YHUBEPCHTETTEP BUPTYAILIbl OKBITY OPTANADPBI APKBLIbI 9KIMIILIIK, 1eMO-
rpadusiiIbIK, KoHe MiHe3-KWIbIKTHIK JePeKTep/iH YIKeH KoJIeMiH MKHHAKTaraH caiibiH, MallHHAIBIK OKBITY OitiM
Depy JepekTepin apeker eryre DONATHIH epTe eCKepTyY CHIHAJIAPBIHA AlHAIBIPYIBIH THIM/ KYPa/ibiHa afiHaJIbL,
Byn muecepranust Open University Learning Analytics Dataset (OULAD) men aramaThid alnmbiK STATOH/BIK
JEPeKTep JKHBIHBIHA CTYICHTTeP/IIH aKaIeMUAIbIK VIrepiMin 6o/KayFa apHATFAH KOIIeH i MalTHHATIBIK, OKBITY
KYOBIpBIH o3ipaeiini, 6aranaiiie! xxoue Tycingipeai. Atanran gepeKTep KUBIHBL 22 MOTYIb-IIPe3eHTAINs GOHBIHIIA
32,593 6lrim aayuibl Typasibl erzkeii-rer:keilin xKa3banapibl KAMTHIbL.

3eprrey en HoJKaMIIBI CTYICHTTIK Delriaep/il anbIKTay, TAIChIPMAra e KoJaiiibl OKBITY alropaTMIH Tanay,
KYOBIPIBIH KeKeIeren KOMIIOHEHTTEPIHIH CANBICTBIPMAIBL YIeCiH Daraiay KoHe aJbIHFAH MOIEILAeP/IIH IPaKTH-
KAJIBIK TYCIHIIPMEILTITIH KAPACTBIPYTa GarbITTAIFAH TEPT 3€PTTEY CYpParbl agchiinua Kypouiant. Ocnt cypakrapra
sKayan Oepy YIImiH guccepTais Kol Ke3/l JepexTepl OipikTipyai, nonaik canara Herizgenren bearisepal KypacTo-
pypt, ruOpuTi Gesri TaH Ay bl CHHTETHKAIBIK, A3MILLIBIK KIAChIH apThiK ipikrey, Optuna kemerimen Bafiecrik
runepnapanmerpiaepai onraiaanapipyas xene SHapley Additive exPlanations (SHAP) apkpuinl mogensgepii
keilinri Tycisgipyai 6ipikriperin Tosbik ojicremMeni yebinaanpl. Bip ranceipmaia TepT ekliiik kiaccndukaTop
CAJIBICTRIPBLIILE peryiasipuzanusiianrad Logistic Regression bazaneix moseni, Random Forest, XGBoost :xone
Light GBM.

DKCIepUMeHTTIK HOTHKeIep IpagHeHTTIK DYCTHHTKe Herisge/red aram ancambiibaepi, ocipece Optuna apKbuUist
banranran XGBoost Mozmeni, yerairan TecT JKUBIHBIHIA DagaMalibl 6a3a/IbIK MOICILICPICH TYPAKTEL TYPIEe
JKOTapbl HOTHZKE KOpCeTeTiHin Apienseiiil. Byn Mogens KabbuimarsniThil onepansaibiK, CHIATTAMACH! KHCHIFBI
acTeIaarst ayiaan dofismma 0.97 Tect mormkecine xome (.90 rect F'1 kepceerkinmine Ko sKeTKI3/, aJl apTHIK
YHpEeHY alIaKTBINLl OPTAlla JeHrelae Kaiapl. BHPTyaael OKBITY OPTACBIHIATE OeIcen i KYHIeP CAHBI, KAJIIIbl
Dacyiap caHbpl 2KoHE KYPACTLIPBLIITAH SCore_consistency KOpCceTKilll CHAKTE Karbicyra DailjanpicTel Denriiep
skahanupik Geari manp3 bbbl aaicrepi men SHAP rasnaye Golisinma eq piknas s 6oizKayibLap perinie
aHbIKTAIbL. AGISINSIIBIK 3epTTey Oe/rl KypacThipy, KIace TeHrepiMcisiirin enjiey »xoHe runeprapamerpiep/i
OanTay COHFBI HOTHIKEre JKEKe-KeKe KOCBIMINA YIeC KOCATBIHBIH, ajl oJap/blH yiijecivi mpsik, sKajunbliay
KablieTl KoHe ecenrTey THIMLIIN TYPrbICBIHAH €H JKAKChl TEHrepiM/Il KaMTaMachi3 eTeTinin KepcerTi.

Juccepranusiia yebHbLTFAH KyOBIPABIH OLTiM Gepy, 3THKAJIBIK KoHe eHri3y acmeKTiiepine KATBICTB CAIADDL /14
Taaxpitanagas. SHAP werisingeri Tycingipmernep Keke CTyACHTTePre KATBICTBI 9PEKeT eTyre BoIATeIH TYCIHIKTED
Bepin, omapabl Heriar aJdropuTMaepal TepeH OLIyal Tajall eTrneii-aK OKBITYIIBLIAP MEH CadcaT *KacayllbLIapra
FKeTKizyre 6oaaThinbl KopeeTiai. Bip rama 3TaloHIbK JepeKTep KUBIHBIH KOIJIANY, CKUTIK HOTHKE MOTCTIH Kypy
JKeMe ceDen-canIapiblK TYZKbIPBIMIAP/ILI DoIMay bl CHAKTH MIEKTeyIep HakThl KepeeTinal. bonamak seprreyiep
VIIIH YAKBITTBIK MOIAJBIEY, SIIIeTTIIIKKe DarbITTaaran OKpITY KoHe KoJanbieTarsl learning analytics Dakpiiay
TaKTaJgapbiMed OipiKkTipy GarpiTTaphl yeRIHBLIIBL. Kanmsl agaranmga, Oy guccepTania CTYIeHT yarepivin Oo/mxay
KOHTeKcTiH/ e DOJZKaM/IbIK, JoJI/1iK ITeH ajamMra TYCiHiKT] nHTeprnperanusibl DailianbicThIpAThIH KailTa/lanaTbiH
gjicreMe/liK yiari yebiHa/bl.

Tyitin cezgep: cryieHT yirepisin 6osekay, olaiM bepy JepekTepid HHTe/IeKTYAIB Talay, learning analytics,
MamuHaIBIK, OKbITY, X(GBoost, SHAP, 6enri kypacteipy, OULAD, Tycingipinerin xacanasl HHTEUIEKT, epTe
ecKepTy Kyitemnepi.



Annorarus

Pantee BoifBIeHne CTY/IEHTOB, HAXOISANINXCH B TPYIIIE aKaIeMHUECKOrO PHCKA, 0CTaéTest OHOM n3 Hanbomee
AKTYAJIbHBIX 38/a4 COBPEMEHHOrO BbICIIero obpasosanus. [Jo mepe TOro Kaxk yHHBEPCHTETHI HAKAILTHBAIT
Bosibiie 0ObLEMBI AIMUHUCTPATHBHBIX, JIeMOrpadUIecKHX H HOBEJEHIeCKNX [aHHbIX Yepe3 BUPTYaTbHble 00pa-
30BATE/IbHBIE CPEJIb, MAIIMHHOE obyUueHHe CTaHOBUTCS D @EKTHBHBIM HHCTPYMEHTOM 11PeobpPA30BAHNS NCXOHBIX
00pA30BATEILHBIX JAHHBIX B IPAKTHYECKH MPUMEHIMbIEe CHI'HAJBI PAHHErO NpeIyipexxienns. B nanuoil auccep-
TAIH pazpabaThiBaeTcs, ONEHNBACTCA I HHTEPIPETHPYETCS KOMILIOKCHEI KOHBelep MaIIMHHOTO 0DYYeHus JIIs
HPOTHOZHPOBAHNA AKAJIEMUYECKOH YCIeBaeMOCTH CTY/IeHTOE Ha OCHOEe OTKPBITOI'O 3TAJIOHHONO HAGOPA JIAHHBIX
Open University Learning Analytics Dataset (OULAD), conepxarniero nogpobusie 3armcn o 32,593 obyvaornpxcst
B paMKax 22 MOIYIBHBIX IIPe/ICTABICHHUIL.

HcenempBanie mocTpoeHo BOKPYT HeTBIPEX HCCIIEIOBATEILCKIX BOIPOCOB, CBABAHNLIX ¢ OlpeaelenneM Hanbomee
PEHKTHBHBIX XaPAKTEPHCTHK CTYIACHTOB, BRIDOpoM nanbosiee IOIXoIAMEero alropurMa o0y Ienus, OnenKoi oT-
HOCHTEJILHOTO BKJI&/a OTACAbHBIX KOMIIOHEHTOB KOHBeHepa I MPaKTHIeCKOH HHTEPHPETHPYEMOCTBIO MOy YCHHBIX
mogiesteit. st oTBeTa Ha 9T BOIPOCHL B JUCCEPTAIMN Hpe/iaraeTcs CKBO3HAM MeTOMOJ0I s, 00be MHsIoTast
HHTErPAlHIo JaHHbIX U3 HECKOJILKHX HCTOYHHKOB, [PEIMETHO-OPHEHTHPOBAHHOE KOHCTPYHPOBAHNE ITPH3HAKOB,
rubpIIHBIH 0TOOP NPHU3HAKOB, CHHTETHYECKOE VBEJIHYeHHe BBIOOPKH MHHOPHTAPHOTO KJacca, bGaliecoBCKYIo
ONTHMHZANNIO MHIEPHAPAMeTpoB ¢ ucnoibzosannem Optuna u nocieyonyo MHTEPHPETAINIO Mojeell ¢
nomompio SHapley Additive exPlanations (SHAP). B panmkax ojuoii 3a7ja41 cpaBHUBAIOTCH MeTHIPe Pelpe3eHTa-
THBHBIX KJaccnUKATOpa: peryidpuzopantas dazosas mogens Logistic Regression, Random Forest, XGBoost u

Light GBM.

DKCNnepuMenTaANbLHbIE PE3YILTATEI MOKA3LIBAIOT, YTO ancaMOJH JIePeBLER Ha OCHOBE IpajMenTHoro Gycrunra,
ocobenmo mogenn XGBoost, nacrpoentasn ¢ nomompio Optuna, cTabmiIbHO TPEBOCXOAAT AJdbTePHATHBHLIE Oa30BDIe
MOZEJIH Ha OTI0ZKeHHoH TecTosoll Boibopke. Jannas mMogens gocruraer snadenus niaomaan nog ROC-gpusoit
0.97 1 Tecrosoro Fl-nokazarens 0,90 npu ymepennom paspeise nepeody«genns. [lpusnakm, csaszannbie ¢ BOBIe-
YEHHOCTDLIO, BK/IIOYAs KOJIMYECTBO aKTHBHBIX JiHell B BUPTYaAJIbHON 00pasoBare/ibHol cpejie, obiee Yucio KINKOB
M CKOHCTDPYHPOBAHHBIN [MOKA3aTe/h Score_consistency, ObLIM ONpeIe/leHbl Kak HanOoJiee 3HAMNMBIe TIPE/IHK-
TOPBI KAK MeTOAAMHI [I00albHOIT BaykHOCTH 1pu3Hakos, Tak 1 SHAP-anamnzom. Absnuonnoe uecinejopanue
HOKa3bIBAeT, 1T0 KOHCTPYHPOBAHNE IPU3HAKOE, 00padoTKa jucbajianca KJIACCOB H HACTPOHKA IHIIEPHAPAMETPOR
1O OTAEMLHOCTH BHOCAT JIONOJHHTE/ILHEIN BKJIA B HTOOBOE KAMeCTBO, & HX coveTaHne 00ecreHBaeT Ham/Iy Tl
Hastane ToIHOCTH, 0600IMAIONIE CIOCOOHOCTH U BRIMHCINTEbHOIH 3hderkTHBHOCTH.

B amccepramnn takike paccMaTpHBAIOTCA 00Pa30BATEIBHBIC, STHICCKHE W BHEIPEHYCCKHE TTOCACACTBIA PE/IT0-
skennoro konseiiepa. ITokazamno, 1ro obbacuenns na ocnose SHAP nossossior nmonyydars WHIHBHAYATH3UPO-
BaHHBIC U TPAKTHYCCKH TPUMEHIMBIC BBIBOBI, KOTOPLIE MOTYT OBITL HIPEACTABICHDI IPEIIOIABATEISAM H JIHIIAM,
MPHHEMAIOTIHM penrenns, De3 neobxoruMocT WiyDOKOTO MOHHMAHUA BHY TPEHHIX MEXaHH3MOB alrOPHTMOB,
Asno obosHadeHB! OrPAHHYCHHS, CBA3AHHBIC ¢ HCIOIB30BAHHEM OHOTO ITATOHHOT0 Habopa JTaHHbIX, OMHADHO
NOCTAHOBKOIL 38141 M OTCYTCTBHEM PUYNHHO-CASCTBeHHBIX yTBepiaeHnil. B kavecTse nanpasiennii Oyiynimx
MCC/IEI0BAHMI 1IPE//I0KeHbl BpeMEHHOe MO/Ie/InpoBanie, oDyUeHte ¢ y9EToM clipaBe//InBOCTH 1 HHTelrpallus ¢
CYIIECTBYIOMMME Hane sy learning analytics. B nenom auccepranms npejjaraet BOCIPOU3BOJIHMBIN MeTO 10~
JIOTHYMEeCKHIT MAab/IOH, COeIHHAINIII BRICOKYO MTPOIHOCTHYIECKYIO TOYMHOCTE W HHTEPIPETHPYEMBIE Te/I0BEKOM
BBIBO/Ibl B KOHTEKCTe [IPOrHO3HPOBAHHS VCIeBaeMOCTH CTVICHTOB.

KuioueBnie ciioBa: Nporno3supoBanie yeleBaeMoCcTH CTYACHTOB, HITe/LIeKTyalblbil anaans obpa3oBaTe/bHbIX
JaHHBIX, learning analytics, mammunmoe obyqenune, XGBoost, SHAP, koncrpyuposanne npusnakos, OULAD,
OOLACHUMBIH NCKYCCTBEHHBIH HHTE/IEKT, CHCTEMDI PAILIErO IIPeLy IPezK IeHis,
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Chapter 1

Introduction

1.1 Background and Motivation

Higher education is undergoing a profound transformation driven by the rapid digitisation of teaching, learning
and administrative processes. Universities increasingly rely on Virtual Learning Environments (VLEs) and
Learning Management Systems (LMS) to deliver lectures, distribute course materials, manage assessments
and communicate with students. Every login, mouse click, video play, forum post and assignment submission
generates a fine-grained, time-stamped record of student behaviour. Aggregated across thousands of students
and tens of course presentations, these records constitute a unique source of behavioural and assessment data
that was simply not available to instructors a decade ago [1, 2.

Despite the proliferation of digital infrastructures, the fundamental challenges that motivated the foundational
work of Tinto on student dropout in the 1970s remain [3]. A non-trivial proportion of students enrolled in
undergraduate and postgraduate programmes still fail to complete their courses, withdraw before the final
assessment or under-perform with respect to their academic potential. Empirical evidence collected across
multiple educational systems shows that early failure is rarely the result of a single dramatic event; it is, instead,
the cumulative consequence of small disengagement signals—missed tutorial sessions, unsubmitted assignments,
declining VLE usage, decreasing assessment scores—that, taken individually, may go unnoticed by overworked
academic staff.

The economic and social cost of academie failure is high. From the perspective of the student, dropping out
of a degree programme can translate into debt without a corresponding qualification, lost opportunities in the
labour market and a measurable reduction in lifetime earnings. From the perspective of the institution, low
retention rates damage reputation, reduce funding and complicate strategic planning. From a broader societal
perspective, the wastage of human potential implied by avoidable failure is at odds with the ambition of inclusive,
high-quality higher education [4, 5].

Against this background, the rise of learning analytics (LA) and educational data mining (EDM) provides a
promising direction. Learning analytics has been defined as the measurement, collection, analysis and reporting
of data about learners and their contexts for the purposes of understanding and optimising learning and the
environments in which it occurs [2]. Educational data mining, while overlapping with LA, places stronger
emphasis on the application of computational techniques—statistical learning, data mining, machine learning,
natural language processing—to extract patterns from educational data [1, 4]. Within these communities, student
performance prediction has become a flagship application: by training predictive models on historical data, it is
possible, in principle, to identify students who are likely to fail or withdraw weeks before the final assessment,
thus enabling targeted interventions.

A particularly influential resource for this line of research is the Open University Learning Analytics Dataset
(OULAD) [6]. Released by The Open University in the United Kingdom, QULAD is a publicly available,
anonymised collection of data records describing 32,593 students enrolled in 22 module-presentations between
2013 and 2014. It contains demographic information, course registration data, detailed clickstream logs from
the VLE and assessment results, all linked through pseudonymous identifiers. QULAD has become a de facto
benchmark for student performance prediction studies thanks to its scale, structure and free licensing. The work
presented in this dissertation builds on this benchmark to train and evaluate a family of classification models for
the binary task of distinguishing students who will pass a module from those who will fail or withdraw,



1.2 Problem Statement

While the academic literature on student performance prediction has matured significantly over the past decade,
a number of practical and methodological problems still constrain the real-world adoption of predictive models
in higher education. The work reported in this dissertation is motivated by four interlocking concerns.

Predictive accuracy alone is insufficient. Many published models on OULAD and similar datasets
achieve respectable test-set scores, but their predictions remain difficult to translate into pedagogical action. A
model that flags a student as “at risk” without explaining why is of limited value to a busy course director who
must decide whether to allocate scarce support resources. The opacity of the predictions also raises legitimate
concerns about fairness, accountability and informed consent [7, 8].

The contribution of individual pipeline components is rarely quantified. A typical machine
learning pipeline for educational data is composed of multiple stages: data integration, preprocessing, feature
engineering, feature selection, class-imbalance handling, model training and hyperparameter tuning. Despite their
methodological importance, many studies report only an end-to-end accuracy number, leaving readers unable
to disentangle the contribution of each stage. This makes it difficult to decide where to invest implementation
effort when adapting a published pipeline to a new institutional context.

Class imbalance is often handled in an opaque manner. The distribution of pass. fail, distinction
and withdrawal outcomes in OULAD is moderately imbalanced. Although a number of resampling techniques
have been proposed in the literature—including SMOTE [9], ADASYN and a variety of cost-sensitive learning
schemes—they are not always integrated correctly into the cross-validation procedure, leading to overly optimistic
performance estimates [9].

Reproducibility remains a challenge. The combination of evolving software libraries, undocumented
preprocessing decisions and missing code makes it difficult to reproduce reported results. Increasingly, the
educational data mining community recognises that reproducibility is a prerequisite for cumulative scientific
progress in the field.

The present dissertation addresses these concerns through a comprehensive case study built around OULAD,
in which an end-to-end, well-documented pipeline is constructed, every component is ablated, multiple competing

models are compared on the same data split, and predictions are explained using state-of-the-art interpretability
tools.

1.3 Research Objectives

The overall objective of this research is to design, implement and rigorously evaluate a reproducible machine
learning pipeline that predicts student academic outcomes on the OULAD dataset and that provides educationally
meaningful explanations of its predictions. This high-level objective is decomposed into a number of more specific
sub-objectives.

The first sub-objective is to assemble a coherent, well-documented data preprocessing pipeline that integrates
the heterogeneous OULAD tables—student demographics, course registrations, VLE interaction logs and
assessment outcomes—into a flattened feature matrix suitable for supervised learning. The second sub-objective
is to design and motivate a set of domain-driven engineered features that capture aspects of student engagement
and consistency that are not directly represented in the raw data. The third sub-objective is to select an
informative subset of features using complementary filter, embedded and SHAP-based ranking methods, and to
compare the rankings produced by these methods.

The fourth sub-objective is to train and evaluate four representative classifiers—Logistic Regression, Random
Forest, XGBoost and Light GBM-—on the same task and to compare their performance using a comprehensive
set of evaluation metrics. The fifth sub-objective is to tune the hyperparameters of the two best-performing
classifiers using Bayesian optimisation, in order to quantify the additional improvement that can be obtained
from automated tuning. The sixth sub-objective is to conduct an ablation study that explicitly measures the
marginal contribution of feature engineering, SMOTE resampling and Optuna-based tuning to overall predictive
accuracy and generalisation. The seventh and final sub-objective is to apply SHAP-based interpretability to the
best-performing model and to disenss the educational and ethical implications of the resulting explanations.

1.4 Research Questions

The research objectives outlined above are formalised through the following four research questions, which
structure the empirical investigation conducted in this dissertation.



RQ1. Which student demographic, registration and behavioural features are most predictive of binary academic
outcome (pass-or-distinction versus fail-or-withdrawn) on the OULAD dataset?

RQ2. Which machine learning model—among Logistic Regression, Random Forest, XGBoost and Light GBM—
best captures the complex, non-linear relationships present in the student data, when evaluated on a
held-out test set using a coherent set of metrics?

RQ3. How much does each pipeline stage (domain-driven feature engineering, SMOTE class-imbalance handling
and Optuna-based Bayesian hyperparameter optimisation) contribute to the predictive performance and
generalisation of the final model?

RQ4. What actionable, educationally meaningful insights can be derived by combining global and local
SHAP-based interpretability with the best-performing predictive model, and how can such insights be
communicated to educators and policymakers?

Each of these questions is addressed by a dedicated empirical analysis. RQ1 is addressed through filter-based
feature importance (mutual information and ANOVA F-statistic), embedded importance from Random Forest
and SHAP-based global importance. RQ2 is addressed through a head-to-head model comparison on common
training, validation and test splits using F1, AUC, accuracy, precision, recall and a custom overfit gap. RQ3 is
addressed through a structured ablation study that disables one pipeline component at a time. RQ4 is addressed
through global, local and individual SHAP explanations applied to the best-performing model.

1.5 Scope and Delimitations

To ensure that the present study is tractable within the time frame of an MSc dissertation, a number of explicit
scope decisions are made. The dataset is restricted to OULAD; no additional institutional data are introduced.
The prediction task is binary: students with a final result of Pass or Distinction are placed in the positive
class, while students with a final result of Fail or Withdrawn are placed in the negative class. A four-class
multiclass formulation, although educationally meaningful, is left for future work.

The learning paradigm considered is supervised classification on tabular, aggregated data. Deep neural
networks for sequential modelling of VLE interactions are not part of the experimental comparison, both
because the aggregation step removes the temporal dimension and because gradient-boosted trees have been
repeatedly shown to be competitive with deep models on tabular benchmarks of similar size [10, 11]. The
interpretability framework employed is SHAP, motivated by its strong theoretical grounding and broad adoption
in the literature [7].

Finally, the experimental setup uses a single 70/15/15 stratified split with a fixed random seed for repro-
ducibility. Although this is a common choice in the educational data mining literature, more elaborate evaluation
protocols such as nested cross-validation or leave-one-presentation-out evaluation could provide additional
robustness; these are discussed as part of future work in Chapter 6.

1.6 Contributions
The principal contributions of this dissertation can be summarised as follows.

First, the dissertation contributes a fully documented, end-to-end machine learning pipeline for student
performance prediction on the OULAD dataset. The pipeline integrates multi-source data, applies domain-driven
feature engineering, performs hybrid feature selection, handles class imbalance through SMOTE, optimises
hyperparameters via Optuna and explains predictions using SHAP. The full configuration is described in sufficient
detail to allow replication.

Second, the dissertation contributes a head-to-head comparison of four representative classifiers—Logistic
Regression, Random Forest, XGBoost and Light GBM-—under identical evaluation conditions. The comparison
includes a custom overfit gap metric that explicitly contrasts training-set and cross-validation performance,
providing a more nuanced picture of generalisation than reported test scores alone.

Third, the dissertation contributes an ablation study quantifying the marginal contribution of feature
engineering, SMOTE and Optuna-based tuning to final performance. This study is intended to give practitioners
empirical guidance about where to invest implementation effort.

Fourth, the dissertation contributes an interpretability analysis combining global SHAP feature-importance
summaries, beeswarm visualisations of feature-value distributions and waterfall plots of individual at-risk
students. The discussion translates these technical artefacts into educationally meaningful narratives suitable for
non-technical stakeholders.



Fifth, the dissertation contributes a discussion of educational, ethical and deployment-related implications.
Particular attention is paid to the limitations of using a single benchmark dataset, the dangers of automated
decisions in high-stakes contexts and the conditions under which the proposed pipeline could be safely integrated
into an existing learning analytics platform.

1.7 Thesis Organization

The remainder of this dissertation is organised as follows.

Chapter 2 presents a comprehensive literature review covering educational data mining, learning analytics,
student performance prediction, classical and ensemble supervised learning algorithms, model interpretability
and previous studies on the OULAD dataset. The chapter concludes by identifying methodological gaps that
motivate the present work.

Chapter 3 provides the theoretical background needed to understand the algorithmic choices made in the
rest of the dissertation. It covers the fundamentals of supervised classification, the mathematical formulation of
Logistic Regression, Decision Trees, Random Forest, gradient boosting, XGBoost and LightGBM, the standard
evaluation metrics for binary classification, the rationale of class-imbalance handling and the mathematical
underpinnings of SHAP.

Chapter 4 describes the methodology and implementation of the proposed pipeline. It introduces the OULAD
dataset in detail, presents exploratory data analysis, motivates the data preprocessing decisions, derives the
engineered features, explains the feature selection procedure, describes the application of SMOTE, formalises
the model training protocol, details the Optuna-based hyperparameter optimisation setup, and reports on the
software stack and reproducibility conventions used throughout.

Chapter 5 presents and discusses the empirical results. It reports the model comparison, the analysis of
ROC curves and confusion matrices, the overfitting analysis, the ablation study, the SHAP-based interpretability
results and a structured comparison with previous studies. The chapter also discusses limitations, threats to
validity and educational implications of the findings.

Chapter 6 concludes the dissertation. It summarises the answers to each research question, restates the
contributions, discusses ethical and deployment considerations and outlines several promising directions for

future work, including multiclass and temporal modelling, fairness-aware learning, transfer to other institutional
contexts and integration into existing institutional dashboards.

The dissertation closes with a bibliography of all cited works, formatted in IEEE citation style.



Chapter 2

Literature Review

This chapter surveys the body of literature on which the present dissertation builds. Tt begins by characterising
the fields of educational data mining and learning analytics and tracing their historical development. It then
narrows the scope to student performance prediction, examining the variety of data sources, predictive tasks
and modelling techniques that have been applied in the literature. Subsequent sections review the family of
supervised learning algorithms relevant to the present work, discuss the role of feature engineering and class
imbalance, and examine the recent shift toward explainable artificial intelligence in educational settings. The
chapter closes with a focused review of prior research on the QOULAD dataset and a structured analysis of the
gaps that the present dissertation seeks to address.

2.1 Educational Data Mining and Learning Analytics

The fields of Educational Data Mining (EDM) and Learning Analytics (LA) have emerged at the intersection
of data science, computer science, statistics, education and the cognitive sciences. Although they overlap
substantially, EDM has been historically oriented toward the development of algorithmic methods that extract
patterns from educational data, while LA has been more concerned with the operationalisation of those methods
in concrete educational settings and the communication of results to practitioners [1, 4].

Early work in EDM focused on the application of classical data mining techniques—decision trees, clustering,
sequential pattern mining and association rule mining—to relatively small datasets collected from intelligent
tutoring systems and learning management systems. The comprehensive review by Romero and Ventura [1]
provided one of the first systematic surveys, organising the literature according to the methodological categories
of classification, regression, clustering, association rule mining and visualisation. They identified student
performance prediction, course recommendation and behavioural pattern discovery as the most active sub-areas
of EDM.

The work of Baker and Yacef [4] took a complementary perspective, framing EDM as a discipline whose
central questions concern how students learn rather than merely whether they succeed. They emphasised the
importance of cognitive models, knowledge tracing and skill mastery in addition to outcome prediction. This
dual orientation—predictive and explanatory—has continued to characterise the field.

A subsequent generation of reviews, notably Papamitsiou and Economides [2] and Avella et al. [5], mapped
the practice of LA across higher education institutions. These reviews highlighted that, despite a rapid increase
in the number of published case studies, a non-trivial gap remained between methodological research and
operational deployment. The most frequently reported obstacles included the heterogeneity of institutional data,
the lack of standardised pipelines, ethical concerns about student profiling and the difficulty of communicating
algorithmic outputs to academic staff. The present dissertation takes these obstacles seriously and explicitly
addresses them through reproducible methodology and explainability.

The decade between 2015 and 2025 witnessed a marked shift toward large-scale online learning, including
Massive Open Online Courses (MOOQOCs), blended degree programmes and the emergency move to fully online
instruction during the COVID-19 pandemic. As a result, the volume and granularity of data available for EDM
and LA increased dramatically, enabling more ambitious modelling efforts but also intensifying ethical and
methodological concerns [12, 13].



2.2 Student Performance Prediction

Student performance prediction (SPP) is the subset of EDM that focuses on forecasting academic outcomes,
where “outcome” can be operationalised in a variety of ways. In some studies, the target variable is a
continuous grade or grade-point average; in others, it is a binary or multiclass label representing pass/fail or
pass/fail /distinction /withdrawal categories [12, 14]. The latter formulation is particularly relevant when the
predictive model is intended to support early-warning interventions.

A widely cited early study is that of Kotsiantis [14], who showed that simple machine learning models
trained on a small set of administrative and assessment features could outperform human-designed heuristics
for grade forecasting. Although the dataset and the modelling techniques used in that study are modest by
contemporary standards, the broader argument—that data-driven systems can complement experienced academic
staff—remains influential.

A complementary line of work has emphasised the practical role of LMS interaction data in early-warning
systems. The seminal study of Macfadyen and Dawson [15] demonstrated that aggregate LMS usage metrics
computed during the first weeks of a course were sufficient to identify a substantial proportion of students who
would eventually fail. Their results provided a proof of concept that simple, transparent features—Ilogins, forum
posts, resource views—could yield actionable risk indicators. Subsequent studies progressively refined this idea,
exploring richer feature sets, longer observation windows and more sophisticated models.

A more recent and methodologically rigorous study is that of Adnan et al. [12], who systematically evaluated
multiple machine learning algorithms on the OULAD dataset and reported how predictive performance varies as
a function of the percentage of course length elapsed. Their analysis emphasised the trade-off between earliness
of prediction and accuracy: models trained on data collected after only 10% of the course tend to under-perform
models that observe a larger fraction of the term, but they also enable earlier intervention. This trade-off is
central to operational early-warning systems and is taken into account in the discussion presented in Chapter 5
of this dissertation.

A complementary contribution is provided by Shaikhanova et al. [16], who proposed an interpretable predictive
modelling framework for educational equity. Their study aimed at identifying at-risk students at very early stages
of a course while balancing predictive accuracy with workload-aware decision support. Such work demonstrates
that SPP research is increasingly concerned with the operational constraints of educational stafl rather than
predictive accuracy alone.

2.3 Machine Learning Approaches in Education

The supervised learning techniques applied to SPP can be roughly grouped into four families: linear models,
decision tree models, ensemble models and neural-network models. Each family makes different inductive biases
about the structure of the data, and each comes with its own trade-offs between accuracy, interpretability and
computational cost.

2.3.1 Linear and Logistic Models

Logistic Regression remains the workhorse of statistical modelling in education. It is interpretable in terms of
log-odds coefficients, computationally efficient and robust to small samples. Its main limitation is that it cannot
natively capture non-linear interactions between features. In educational data, however, non-linear dependencies
between, for example, engagement intensity and prior education are common, and pure linear models often
underperform ensemble alternatives [14]. Nevertheless, Logistic Regression continues to serve as a useful baseline
against which more complex models can be calibrated, and it is included in the comparison reported in Chapter 5
for that reason.

2.3.2 Decision Trees and Random Forests

Decision Trees (DT) provide a natural way to model non-linear interactions and have the additional advantage
of being interpretable when their depth is constrained. However, single trees suffer from high variance: small
changes in the training data may produce substantially different trees, and unconstrained trees are prone to
overfitting [17]. Random Forests [17] address these limitations by training a large number of de-correlated trees
on bootstrap samples of the data and aggregating their predictions. Random Forests are robust to noise, handle
mixed-type features without elaborate preprocessing and provide useful out-of-bag estimates of generalisation
error. In educational data mining, Random Forests have been used as both a predictor and a feature-importance
tool [12].
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2.3.3 Gradient Boosting and Modern Ensembles

Gradient Boosting Machines (GBMs) train a sequence of weak learners, typically shallow regression trees, in
such a way that each new tree fits the negative gradient of the loss with respect to the predictions of the existing
ensemble [18]. Modern implementations of GBMs include XGBoost [10] and Light GBM [11], which differ in how
they grow trees, how they handle missing values and how they exploit the histograms of feature values.

XGBoost [10] introduced a number of practical optimisations—regularised loss functions, sparsity-aware split
finding, parallel tree construction—that turned gradient boosting into the dominant approach for tabular data on
a wide range of benchmarks. LightGBM [11] subsequently introduced leaf-wise tree growth and gradient-based
one-side sampling, achieving comparable accuracy with substantially reduced training time. Both libraries have
become standard tools in EDM and SPP, often producing the best-reported results on benchmark datasets [13, 19)].

2.3.4 Deep Learning Approaches

Deep neural networks, including recurrent and attention-based architectures, have been applied to SPP, particu-
larly when the goal is to model time-series data such as raw clickstream sequences or longitudinal assessment
trajectories. Convolutional and recurrent networks can capture temporal patterns that are flattened away
when interaction data are aggregated. However, on aggregated tabular data with sample sizes typical of single
institutions, deep models rarely outperform well-tuned gradient-boosted trees and often require more careful
regularisation and substantially more training data [20]. For this reason, and to keep the experimental design
comparable to other OULAD studies, the present dissertation focuses on tree-based models and uses Logistic
Regression as a linear baseline.

2.3.5 Other Approaches

In addition to the families above, a variety of other approaches have been explored in EDM. Support Vector
Machines (SVM) have been used in earlier studies but tend to scale poorly with the size of modern educational
datasets and are sensitive to feature scaling. k-Nearest Neighbours classifiers have been used as benchmarks but
rarely as final models. Bayesian Knowledge Tracing and its modern hybrid variants have proven valuable in
skill mastery modelling but are less suited to the binary outcome task considered here. Multiclass and ordinal
regression models have been investigated for problems where the dependent variable retains multiple ordered
categories.

2.4 Feature Engineering in Educational Data

Feature engineering plays a critical role in educational data mining because the raw data captured by LMS
platforms is highly structured but rarely directly informative. A click event, on its own, says little about a
student’s likelihood of passing a course; aggregated and contextualised, however, click events can encode rich
behavioural patterns [21].

Tempelaar et al. [21] provided an important empirical study showing that engineered features representing
time-on-task, regularity of access and density of formative assessment activity yielded substantially better
predictive performance than raw counts. Subsequent studies have extended these ideas with features that capture
diurnal patterns, weekly regularity, transition frequencies between resource types and ratios that normalise raw
activity counts by course length or by the number of credits.

In addition to these behavioural transformations, demographic and prior-performance features are typically
encoded through a combination of one-hot encoding (for nominal variables), ordinal encoding (for ordered
variables such as highest education and index of multiple deprivation bands) and target encoding (for high-
cardinality categorical variables). For benchmark datasets such as OULAD, the design of features has now been
documented in multiple studies, providing a shared starting point for further work [6, 12, 13].

2.5 Class Imbalance and Resampling

Class imbalance is endemic to SPP because the outcome categories are rarely equally distributed. In OULAD, the
binary task formulation used in this dissertation is only mildly imbalanced—roughly 53% positive against 47%
negative—but more granular formulations can exhibit much stronger imbalance, particularly when distinction is
treated as its own class.

The Synthetic Minority Over-sampling Technique (SMOTE) of Chawla et al. [9] is the most widely used
approach to class imbalance in EDM. SMOTE generates synthetic examples of the minority class by interpolating



between each minority-class instance and one of its k nearest neighbours in feature space, expanding the decision
boundary of the minority class. Variants such as Borderline SMOTE and ADASYN refine this approach by
concentrating the synthesis on samples near the decision boundary.

A frequent methodological pitfall in EDM applications of SMOTE is the inadvertent leakage of synthetic
samples from the training set into the validation or test set. Such leakage causes overly optimistic performance
estimates [6]. The methodology of the present dissertation follows the now-established good practice of applying
SMOTE exclusively to the training split after the train/validation/test partition has been frozen.

An alternative line of work avoids resampling altogether and relies instead on cost-sensitive learning or
evaluation metrics that explicitly account for class imbalance. F1, AUC and balanced accuracy are widely used
for this purpose and are computed in Chapter 5 of this dissertation alongside more traditional accuracy.

2.6 Model Interpretability and Explainable AI

The growing reliance on black-box machine learning models in high-stakes domains has motivated a renaissance of
interest in model interpretability. Although linear models and shallow decision trees are inherently interpretable,
the gradient-boosted tree ensembles that dominate SPP benchmarks are not. Post-hoc explainability methods
aim to bridge this gap by producing human-readable explanations of predictions made by complex models.

Among the most influential post-hoc explainability methods is the SHapley Additive exPlanations (SHAP)
framework of Lundberg and Lee [7]. SHAP unifies several earlier methods—including LIME, DeepLIFT and Tree
Interpreter—through a single axiomatic formulation grounded in cooperative game theory. For each prediction,
SHAP computes a value for each feature that represents its marginal contribution to the prediction relative to a
baseline. SHAP values satisfy the desirable properties of local accuracy, missingness, consistency and efficiency,
and they can be efficiently computed for tree-based models [7].

In educational contexts, SHAP has been used both to provide global feature importance summaries and
to explain individual student predictions. Global summaries inform institutional policy by highlighting which
factors most strongly drive risk classifications across the population. Local explanations inform individualised
intervention by pointing to the specific behavioural and demographic factors that put a particular student at
risk.

The growing emphasis on explainability is also aligned with regulatory developments. The European Union’s
General Data Protection Regulation (GDPR), for example, recognises a limited right to explanation in the
context of automated decision-making. While the legal interpretation of this right is still evolving, it provides
additional motivation for institutions to deploy interpretable or explainable models when machine learning is
used to inform decisions about students [8].

2.7 Studies on the OULAD Dataset

The OULAD dataset has been the subject of dozens of studies since its release in 2017, and a comprehensive
systematic literature review by Jin et al. [13] provides a useful map of the territory. Their review identifies three
dominant lines of work on OULAD: (i) final outcome prediction, in which a binary or multiclass classifier is
trained on demographie, registration and engagement features; (ii) early-warning prediction, in which the same
task is performed using only a fraction of the course as observation window; and (iii) engagement modelling, in
which the focus is on understanding patterns of interaction rather than predicting outcomes.

Adnan et al. [12] represent the first family. They compared several classical and ensemble classifiers on
OULAD and reported the variation of predictive performance as a function of course completion percentage.
Shaikhanova et al. [16] focused on the early-warning setting, prioritising interpretable predictions at early
stages of the course. Lu et al. [19] introduced a course-level clustering approach combined with LightGBM,
demonstrating that exploiting between-module heterogeneity can yield non-trivial accuracy gains. Gunasekara
and Saarela (8] provided one of the more recent and methodologically rigorous studies on OQULAD, focusing on
the trade-offs between predictive performance and fairness under post-processing bias mitigation.

Table 2.1 summarises a small set of representative OULAD studies and highlights their methodological
choices and the gaps that remain.



Table 2.1: Representative OULAD studies and selected reported results. NR denotes “not reported” in the cited
source.

Paper Year Model AUC F1 Key limitation

Adnan et al. [12] 2021 Random Forest NR 0.79 Early checkpoints; limited interpretahility.
Shaikhanova et al. [16] 2025  Gradient Boosting 0.79 NR  Lower performance; limited feature engineering,.
Lu et al. [19] 2025  Clustered LightGBM (.86 0.78 Gains depend on course clustering.

Gunasekara and Saarcla [8] 2025  Fairness-aware GBT ~ NR NR  Focus on fairness, not predictive accuracy.

2.8 Research Gaps and Positioning of This Work

The literature reviewed in the preceding sections demonstrates the maturity of SPP as a research area, but it
also reveals a number of persistent gaps that motivate the present dissertation.

First, despite the breadth of methodological work, relatively few studies report a comprehensive end-to-end
pipeline in which every preprocessing decision, feature engineering choice and modelling option is documented
in sufficient detail for replication. The first contribution of this dissertation is to provide such a pipeline for
OULAD.

Second, the relative contribution of individual pipeline stages—feature engineering, class-imbalance handling,
hyperparameter optimisation—is rarely quantified. While many studies report aggregate performance numbers,
fewer report an ablation that isolates each component. The second contribution of this dissertation is precisely
such an ablation.

Third, although SHAP has been used in some recent OULAD studies, it is more often presented through
global summaries alone, without engaging with individual local explanations. The third contribution of this
dissertation is to combine global, beeswarm and waterfall SHAP visualisations and to discuss their pedagogical
implications.

Fourth, the broader question of how predictive models should be communicated to educators and policymakers
is rarely addressed in detail. The fourth and final positioning of the dissertation is to treat the communication of
model outputs as a first-class methodological concern and to provide conerete narrative templates for converting
SHAP plots into actionable summaries.

In summary, the present dissertation does not claim to introduce a fundamentally new machine learning
algorithm; rather, it claims to integrate established components into a coherent, reproducible and explainable
pipeline whose marginal contributions are explicitly quantified. The next chapter develops the theoretical
background necessary to understand the algorithmic choices made in the rest of the dissertation.



Chapter 3

Theoretical Background

This chapter develops the mathematical and conceptual foundations on which the methodology of Chapter 4 rests.
It begins by formalising supervised classification, presents the four learning algorithms used in the experimental
comparison, and then turns to evaluation metrics, class-imbalance handling and the SHAP framework. The
material is organised so that each algorithmic choice in subsequent chapters can be traced back to a precise
mathematical formulation.

3.1 Supervised Classification

In a supervised classification problem, the learner is provided with a training set Dyain = {(xi. i) 1y, where
each x; € R? is a feature vector representing one student, and y; € {0, 1} is the corresponding class label. The
label takes the value 1 when the student passes the course (positive class) and 0 when the student fails or
withdraws (negative class). The objective of supervised learning is to estimate a function f: R? — {0,1} that
minimises a chosen loss L(y, ) on unseen data drawn from the same underlying distribution as Dipain.

A central concern in supervised learning is the trade-off between bias and variance. A model with high bias
makes strong assumptions about the structure of the data and may fail to capture important regularities; a
model with high variance is flexible enough to fit small fluctuations in the training set but generalises poorly.
The various algorithms presented below differ in how they manage this trade-off through architectural choices
and regularisation.

3.2 Logistic Regression

Logistic Regression (LR) is a parametric, linear classification model that estimates the probability of class
membership through the logistic transformation of a linear combination of features. Formally, given a weight
vector w € R? and a bias b € R, the predicted probability of the positive class is

1
Pr(Y =1|x)=0o(w'x+b), ofz)= r— (3.2.1)
The parameters w and b are estimated by minimising the regularised negative log-likelihood,
n
Lir(w,b) = =) [yilogp; + (1 — a) log(1 — pi)] + A [|w]2, (3.2.2)

=1

where p; = o(w ' x; +b) and ||w]| P is an £, regulariser. With p = 2 the model is called f-regularised, while
p =1 yields £1 regularisation that encourages sparse solutions.

LR is interpretable in the sense that the sign and magnitude of each coefficient can be related to changes
in the log-odds of the positive class. It scales gracefully to high-dimensional problems and can be optimised
efficiently with quasi-Newton or stochastic gradient methods. However, LR is fundamentally a linear classifier
in the feature space and cannot capture interactions or non-linearities unless they are explicitly engineered
as additional features. This limitation motivates the use of non-linear models such as Random Forest and
eradient-boosted trees in the experimental comparison.
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3.3 Decision Trees and Random Forests

Decision Trees (DT) recursively partition the feature space into axis-aligned regions and assign a constant
prediction to each leaf. At each internal node, a split is chosen by maximising an impurity-reduction criterion.
For binary classification, the Gini impurity at a node ¢ with class proportions py and p; is

IG{ni(r') = ]~= pé - P?, (331)

while the entropy is

H(t) = —polog, po — p1log, p1. (3.3.2)

The information gain associated with a split that partitions the data at node ¢ into children #;, and tp
is the impurity at £ minus the weighted impurity in t; and {z. Trees are grown greedily until a stopping
criterion is satisfied—typically a minimum mumber of samples per leaf, a maximum depth or a minimum impurity
decrease—and may then be pruned to mitigate overfitting.

The Random Forest (RF) ensemble of Breiman [17] mitigates the high variance of single decision trees by
averaging the predictions of many trees, each grown on a bootstrap sample of the training data and, at each
split, considering only a random subset of features. Let { fb}le be the predictions of B trees grown according to
this procedure. The Random Forest prediction is

B
fre(x) = 5 3 fol). (3:33)

h=1

Random Forests produce reliable estimates of the generalisation error through the out-of-bag (OOB) procedure:
each tree is evaluated on the samples that were not included in its bootstrap sample, and the QOB error converges
to the true generalisation error as B grows. Random Forests also provide useful estimates of feature importance,
either through the mean decrease in impurity or through permutation importance. In this dissertation, the latter
is used because it is less biased toward high-cardinality features.

3.4 Gradient Boosting

Gradient Boosting [18] constructs an additive ensemble of weak learners, typically shallow regression trees, in a
forward stage-wise manner. At iteration m, the ensemble’s prediction is

Frn(x) = Fp1(x) + v - By (%), (3.4.1)

where v € (0, 1] is the learning rate and h,, is a new base learner fitted to the negative gradient of the loss
with respect to the previous ensemble’s predictions, evaluated at the training points,

o [M (3.4.2)

OF (x;) ] F=Fpy

For binary classification with the logistic loss, the negative gradient takes the simple form rip = ¥i — Pim—1,
where p; ;1 is the predicted probability of the positive class at iteration m — 1. The optimal step size for the
new base learner is found through a one-dimensional line search, and shrinkage by the learning rate ¢ is applied
to reduce the contribution of each new tree.

3.4.1 XGBoost

XGBoost [10] refines this basic recipe in several practically important ways. Most notably, it uses a second-order
Taylor expansion of the loss around the current ensemble’s predictions, which allows the optimal leaf values
to be computed in closed form for any twice-differentiable loss. Letting g; and h; denote the first and second
derivatives of the loss with respect to the prediction for sample Z, the regularised objective at iteration m takes
the form
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T

ﬁ(rrl) = Z [gifm(x-i) + fl)hiffrr.(xt')z] + Q(fm)'- (3'4'3)

i=1

with the complexity penalty

T
Q(f) =T + %/\ Y (3.4.4)
J=1

where T is the number of leaves and w; is the weight of leaf j. The penalty vT" encourages shallow trees with
few leaves, while the f5 term A" u;}z prevents extreme leaf values. Closed-form expressions are available for both
the optimal leaf weights and the gain associated with each candidate splif. XGBoost additionally implements
sparsity-aware split finding, weighted quantile sketching for histogram-based binning, column subsampling
and parallel tree construction. The combination of these features makes XGBoost particularly attractive for
medium-sized tabular datasets such as OULAD.

3.4.2 LightGBM

LightGBM [11] retains the second-order objective of XGBoost but introduces several optimisations that further
reduce training time. First, it grows trees in a leaf-wise rather than level-wise fashion: at each step the leaf that
maximises the loss reduction is chosen for splitting, which tends to produce deeper, less balanced trees that
nevertheless converge faster. Second, it uses Gradient-based One-Side Sampling (GOSS) to focus learning effort
on samples with large gradients, and Exclusive Feature Bundling (EFB) to combine mutually exclusive sparse
features. Third, it uses histogram binning of continuous features, which dramatically reduces the cost of split
finding. LightGBM often achieves accuracy comparable to XGBoost at a fraction of the training time, although
its leaf-wise growth strategy can lead to overfitting when no depth or leaf-count constraints are imposed.

3.5 Evaluation Metrics
The performance of binary classifiers is summarised through a small set of metrics computed from the confusion

matrix, which counts true positives (TP), false positives (FP). true negatives (TN) and false negatives (FN).
The classical definitions of accuracy, precision, recall and F1 score are

TP + TN

Ace Yy = bl

CCUr8CY = TP+ FP + TN + FN’ ($2:4)
TP
dsion = ————— 3

Precision TP - FP’ (3.5.2)

TP ey
Recall = m, (3.&.3)
Fl=29 Precision - Recall (3.5.4)

" Precision + Recall’

The F1 score, defined as the harmonic mean of precision and recall, is particularly informative under class
imbalance because it penalises models that maximise accuracy by predicting the majority class. In SPP, the cost
of a false negative (failing to flag a struggling student) is often higher than the cost of a false positive (flagging a
student who would have succeeded), although the precise trade-off depends on the institutional context.

The Receiver Operating Characteristic (ROC) curve plots the true positive rate TPR = TP/(TP + FN)
against the false positive rate FPR = FP/(FP + TN) as the classifier’s decision threshold varies. The Area Under
the Curve (AUC) is the probability that a random positive example is ranked higher than a random negative
example by the classifier and is invariant to monotone transformations of the prediction scores. In imbalanced
binary problems, AUC is a useful threshold-independent complement to F1.

In addition to these standard metrics, the present dissertation reports an overfit gap, defined as the difference
between the training F1 score and the mean F1 score under five-fold stratified cross-validation,

Aoverfit = Flrain — Flov. (3.5.5)



A small or zero overfit gap suggests that the model is generalising well, while a large gap indicates that the
model is memorising the training data. The overfit gap is reported alongside the other metrics so that readers
can assess generalisation without having to infer it indirectly.

3.6 Class Imbalance and SMOTE

Let Dyin denote the minority class in a binary classification problem. SMOTE [9] generates a synthetic example
for each minority instance x by selecting one of its k nearest neighbours x'*) in feature space and producing

Xepn = X+ A (x®) —x), A~ U(0,1). (3.6.1)

Svnthetic samples are added to D,,;, until the desired class ratio is achieved. SMOTE expands the decision
boundary of the minority class by populating it with plausible synthetic neighbours, rather than merely
duplicating existing minority samples as in naive random oversampling.

Two important practical considerations apply. First, SMOTE should be applied after the train/validation/test
split has been frozen and only to the training portion; applying it before splitting introduces synthetic samples
into the validation and test sets, which inflates the reported performance. Second, in the presence of strongly
overlapping class clusters, the synthetic samples may exacerbate rather than mitigate the classification difficulty;
variants such as Borderline SMOTE and ADASYN address this issue by concentrating synthesis near the decision
boundary.

3.7 Bayesian Hyperparameter Optimisation

The performance of gradient-boosted models depends critically on the choice of hyperparameters: maximum
tree depth, learning rate, number of estimators, regularisation strength and sampling fractions. Grid search
and random search are well-established but become wasteful in high-dimensional configuration spaces. Bayesian
optimisation provides a more sample-efficient alternative.

Optuna [22] implements a Tree-structured Parzen Estimator (TPE) algorithm. At each trial, the configuration
f is drawn from a proposal distribution that is updated using the history of past trials. TPE models the conditional
distribution p(f | y) where y is a quantile of the observed performance; future configurations are proposed
from the region of the search space associated with the best previously observed quantile. Successive trials
therefore concentrate progressively in the most promising parts of the search space, leading to substantially
better performance than uninformed search at the same compute budget. Optuna also implements asynchronous,
distributed and pruner-equipped versions of TPE, which are particularly useful when each trial is expensive.

3.8 SHapley Additive exPlanations

The SHapley Additive exPlanations (SHAP) framework of Lundberg and Lee [7] provides a principled approach
to explaining the predictions of an arbitrary model. SHAP draws on cooperative game theory: features are
treated as players and the prediction is the value of the game. The contribution of feature j to the prediction
f(x) is its Shapley value, the average marginal contribution of j over all permutations of the remaining features,

o= ¥ BHEZE=2 psuin - ), (381)

SCNYj}

where N is the set of features, S is a subset of features and f,(S) is the model’s expected output when only
features in S are known to take their values from x. The SHAP values satisfy the additivity property

d
£ =do+ 3 ) (382)
g=1

with ¢g = E[f(x)] being the average prediction over the training distribution. This decomposition allows
individual predictions to be interpreted additively in terms of feature contributions.

For tree-based models such as Random Forest, XGBoost and Light GBM, SHAP values can be computed
exactly in polynomial time using the TreeSHAP algorithm. The present dissertation makes extensive use of



TreeSHAP in Chapter 5 to compute global feature importance summaries, beeswarm visualisations of the
distribution of feature contributions and waterfall plots for individual at-risk students.

The combination of the theoretical foundations described in this chapter—linear and ensemble classifiers,

evaluation metrics, imbalance handling, Bayesian optimisation and SHAP-based interpretability
building blocks for the methodology and implementation presented in Chapter 4.

provides the
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Chapter 4

Methodology and Implementation

This chapter describes the methodology and the practical implementation of the proposed student performance
prediction pipeline. It begins with the research design that frames the empirical work, presents the OULAD
dataset in greater depth, walks through the exploratory data analysis, and then details the preprocessing, feature
engineering, feature selection, class-imbalance handling, model training and hyperparameter optimisation stages.
The chapter also documents the technologies and tools used and discusses the reproducibility conventions adopted
in the project.

4.1 Research Design

The research follows a quantitative, experimental design typical of supervised learning studies in EDM. The
investigation is carried out in four phases. In the first phase, the OULAD dataset is loaded from its raw
distribution, integrated across multiple tables and explored through descriptive and graphical analysis. In the
second phase, the dataset is preprocessed and partitioned into training, validation and test splits. Engineered
features are derived from domain knowledge, and a hybrid feature selection procedure is applied. In the third
phase, four candidate classifiers are trained on identical splits, optimised through Bayesian hyperparameter search
where applicable, and evaluated through a coherent set of metrics. In the fourth phase, the best-performing model
is interpreted globally and locally using SHAP, and an ablation study is conducted to isolate the contribution of
each pipeline component.

The unit of analysis is a single student enrolled in a single module-presentation. Each unit produces one
feature vector and one binary outcome label. Although students who enrol in multiple module-presentations
contribute multiple units, this is treated as an acceptable simplification in the binary outcome setting, consistent
with prior OULAD studies [6, 12, 13].

The design was kept simple on purpose. The aim was not only to build a model with high scores, but also to
build a process that can be explained step by step. This is important in education, because a prediction about a
student can influence real support decisions. For this reason, each stage of the pipeline was made explicit: how
the data were joined, how missing values were treated, how features were created, how models were trained and
how the final predictions were explained.

Another important choice was to keep the same data split for all models. If each model used a different split,
the comparison would be less fair. A model could look better only because it received an easier test set. By
using the same training, validation and test sets, the results reflect differences between the algorithms and the
pipeline choices more clearly. This also makes the results easier to reproduce.

The methodology also follows a practical view of student support. In a real university, staff do not only
need a probability score. They also need to know which students are likely to need help and why the system
reached that conclusion. Therefore, the pipeline combines predictive modelling with interpretability. The model
comparison answers the question of performance, while the SHAP analysis answers the question of explanation.

4.2 The OULAD Dataset

The Open University Learning Analytics Dataset [6] is distributed by The Open University in the United
Kingdom as a relational collection of seven comma-separated files. The seven tables and their key contents are
summarised below,



e courses.csv: identifiers and lengths of each module-presentation.

e studentInfo.csv: demographic and registration attributes of each student-presentation combination.
e studentRegistration.csv: registration and unregistration dates.

e assessments.csv: descriptions of each assessment within a module-presentation.

e studentAssessment.csv: scores obtained by each student in each assessment.

e vle.csv: descriptions of VLE resources.

e studentVle.csv: clickstream records, with one row per (student, module, day, resource) tuple.

The data covers 32.593 students enrolled in 22 module-presentations of seven distinct modules, all delivered
between 2013 and 2014. The size and the diversity of OULAD make it an ideal benchmark for SPP studies.

The relational structure of OULAD is useful, but it also creates a methodological challenge. Useful information
is not stored in one table. Student background information, assessment behaviour and VLE activity must be
brought together before modelling can start. This means that the quality of the final feature matrix depends on
careful joining and aggregation. A small mistake in the joining keys can create duplicated records or can attach
the wrong activity data to a student. For this reason, the merge process was treated as a central part of the
methodology rather than as a minor technical step.

The dataset also contains different types of information. Some variables describe the student before the
course starts, such as previous education or studied credits. Other variables describe behaviour during the
course, such as active days, clicks and submissions. This distinction matters. Background variables may help the
model, but behavioural variables are more useful for action. If low activity is detected, a tutor can contact the
student. If a background variable is important, it should be used with more care because it may reflect social or
institutional inequality.

4.2.1 Outcome Labelling

The original outcome variable final result takes four values: Pass, Distinction, Fail and Withdrawn.
Following the binary formulation introduced in the journal article on which this dissertation builds, the outcome
is recoded as follows: students with a final result of Pass or Distinction are placed in the positive class (label 1),
and students with a final result of Fail or Withdrawn are placed in the negative class (label (). The motivation
for grouping Fail and Withdrawn together is operational: from the perspective of an early-warning system, both
outcomes correspond to a failure to complete the module successfully and warrant similar interventions.

This binary choice is a simplification, but it is suitable for the main goal of this study. The aim is to separate
students who complete the module successfully from students who do not. In this setting, the main question is
practical: should a student be considered for extra support or not? The binary label gives a clear answer to this
question. At the same time, the simplification has a cost. A withdrawn student and a failed student may have
very different reasons for the outcome. This issue is returned to in the limitations section.

4.3 Exploratory Data Analysis

Before training any model, an exploratory data analysis (EDA) was conducted to characterise the joint distribution
of features and outcomes, to identify potential data quality issues and to inform the feature engineering choices
reported in Section 4.5.

The EDA stage was used as a bridge between the raw data and the modelling stage. It helped to check
whether the variables behaved in an expected way. For example, students with higher assessment scores and
more active days were expected to have a higher chance of passing. If the plots had shown the opposite pattern,
this would have suggested a problem in the data preparation or in the definition of the label. In this sense, EDA
was not only descriptive. It was also a quality control step.

The visual analysis also helped to avoid blind feature creation. Instead of creating many features without
a clear reason, the study focused on patterns that were visible in the data and meaningful in education. The
most important patterns were related to engagement, regular participation and assessment performance. These
patterns guided the design of the engineered variables used later in the pipeline.
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4.3.1 Distribution of Outcomes

Figure 4.1 shows the distribution of the four original outcome categories. Pass is the most frequent outcome
(approximately 38% ), followed by Withdrawn (32%), Fail (15%) and Distinction (15%). After the binary recoding,
the positive class accounts for approximately 53% of the observations and the negative class for approximately
47%. This corresponds to mild class imbalance, which is nonetheless addressed by SMOTE in Section 4.7,
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Figure 4.1: Distribution of final academic outcomes across the OULAD dataset. Pass and Distinction together
constitute the positive class (approximately 53% of the data), while Fail and Withdrawn together form the
negative class (approximately 47% of the data).

4.3.2 Distributions of Numerical Features

Figure 4.2 shows the distributions of selected numerical features stratified by the binary outcome. The features
visualised include total_clicks, active_days and mean_score, which intuitively capture different aspects of
student engagement and performance. Students in the positive class consistently exhibit higher values across
all three metrics, with the difference being most pronounced for mean_score and active_days. This pattern
provides preliminary visual evidence that VLE engagement and assessment performance are strong predictors of
the binary outcome.
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Figure 4.2: Distributions of selected numerical features stratified by target class. Kernel density estimates
overlaid on the histograms facilitate the comparison of distributional shape and separation between the positive
and negative classes.

4.3.3 Pass Rates Across Categorical Features

Figure 4.3 reports pass rates within levels of the principal categorical features in OULAD: highest prior education,
age band, gender, region. IMD band and disability status. A systematic increase in pass rate with prior education
is visible, with the highest pass rates observed for students whose highest prior qualification is HE Qualification
or Post Graduate. Older students (age band 55<=) exhibit slightly lower pass rates, although the size of this
group is small. Among the IMD bands, students from the most deprived bands have noticeably lower pass rates,
consistent with the broader literature on the relationship between socioeconomic status and academic outcomes.
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Figure 4.3: Pass rates by level of the principal categorical features. Error bars indicate 95% confidence intervals
obtained by bootstrap sampling,.

4.3.4 Correlation Among Numerical Features

Figure 4.4 shows the Pearson correlation matrix of the principal numerical features. As expected, strong positive
correlations exist between the various engagement metrics (total clicks, active days, mean clicks per day)
and between the assessment metries. The correlation between engagement and assessment metrics is moderate,
suggesting that the two families of features carry partly complementary information.

18



total_clicks

1.00
active_days
0.75
avg_daily_clicks
0.50
mean_score -0.25
subrission_count -0.00
studied_credits - —=0.25
num_of_prev_attempts =0:30
-0.75
module_presentation_length
—1.00

target

Figure 4.4: Pearson correlation heatmap of selected numerical features. Strong intra-family correlations indicate
redundancy that is partly mitigated through feature selection.

4.4 Data Preprocessing

The raw OULAD tables were merged into a single flattened feature matrix indexed by the (id_student,
code module, code_presentation) tuple. The merging was performed through a sequence of left joins:
studentInfo is first joined with aggregated VLE statistics (total clicks, active days, mean clicks per day)
computed from studentVle; the result is then joined with aggregated assessment statistics (mean score, submis-
sion count, late submission ratio) computed from studentAssessment; and finally the courses table is appended
to introduce module-presentation length.

Missing values were imputed using SimpleImputer from scikit-learn with strategy median for numeric
features and most_frequent for categorical features. Ordinal categorical features such as highest_education,
age band and imd_band were encoded using ordinal codes that preserve the natural ordering of their levels.
Nominal categorical features such as gender, region, code_module and disability were label-encoded for
tree-based models, which can use the resulting integer codes directly without one-hot expansion.

The dataset was partitioned into training, validation and test sets in a 70/15/15 ratio using stratified random
sampling on the binary outcome. A single global random seed of 22 was used for reproducibility throughout. All
subsequent preprocessing steps, including feature selection and class-imbalance handling, were fit using statistics
computed exclusively on the training split.

The order of these steps is important. The split was made before model-specific learning took place. This
avoids data leakage. Data leakage happens when information from the validation or test set enters the training
process. Even a small leak can make the final scores look better than they really are. For example, if imputation
values or feature selection scores were calculated on the full dataset, the model would indirectly learn information
from the test set. To prevent this, each transformation was fitted on the training data first and then applied to
the validation and test data.

The validation set was used for model comparison during development, while the test set was kept as a final
check. This separation gives a more honest estimate of performance. The model may be adjusted after looking
at validation results, but it should not be adjusted after seeing the test results. This rule was followed to keep
the evaluation fair.

Several simple data checks were also carried out after preprocessing. The number of rows was compared
before and after each join. This helped to ensure that the merge process did not create unexpected duplicates.
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Numeric features were checked for impossible values, such as negative click counts or scores outside the expected
range. Categorical variables were checked for rare or inconsistent labels. These checks are basic, but they are
important. In educational data, small data errors can affect many students if they are not noticed early.

The preprocessing stage also had to balance information and simplicity. Some raw variables could be
represented in several ways. For example, VLE use can be counted as total clicks, active days, average daily
clicks or clicks per course credit. Keeping all possible versions can make the model noisy. Removing too many
variables can hide useful information. The final pipeline therefore kept a limited set of variables that had a clear
meaning and that were supported by the EDA.

4.5 Feature Engineering

Beyond the raw merged features, four composite features were derived from educational theory and from
observation of the EDA results. The first feature, clicks_per_credit, normalises the total number of clicks by
the number of credits being studied, isolating the per-credit engagement intensity:

total_clicks

clicks per credit = ‘
studied_credits + 1

(4.5.1)

The second feature, engagement_ratio, captures the proportion of the module-presentation during which
the student was active on the VLE:

active_days

engagement _ratio = : .
module_presentation_length + 1

The third feature, clicks_per_active _day, measures click intensity conditional on activity, distinguishing
students who interact intensely on the days when they log in from students who spread the same activity across
many lighter days:

total clicks
active_days + 1’

(4.5.3)

clicks_per_active_day =

The fourth feature, score_consistency, combines the mean weighted assessment score and the logarithm of
the number of submitted assessments,

score_consistency = mean score x log(submission count +1). (4.5.4)

The rationale behind score_consistency is that a high mean score sustained across many assessments
reflects a different kind of academic behaviour from a single high score in a single assessment. The logarithmic
transformation tempers the influence of unusually large submission counts. As shown in Chapter 5, this composite
feature emerged as one of the most influential predictors in the SHAP analysis.

In addition to these composite features, logarithmic transformations of total_clicks and active_days were
added to compress the right tail of their distributions and to reduce the impact of extreme values without
removing them. Two simple risk indicators, risk_index (a weighted sum of disengagement signals) and
late_submission_ratio (proportion of submissions delivered after the deadline), were also constructed. After
feature engineering, a total of 25 candidate features were available for selection.

The feature engineering stage was designed to keep the variables understandable. This was a deliberate
choice. Complex features may improve accuracy, but they can be difficult to explain to teachers and academic
advisers. The engineered features in this dissertation have direct meanings. For example, engagement ratio
tells how regularly the student used the course environment. clicks per_active_day tells whether the student
worked in short bursts or in a more steady way. score_consistency connects assessment quality with repeated
participation.

This approach also makes the SHAP interpretation more useful. If a feature has a clear educational meaning,
then its contribution to a prediction can be discussed in a clear way. A tutor can understand that low active
days or low submission count may indicate a need for support. This is better than giving an explanation based
only on a technical variable that has no clear meaning in student advising,.
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4.6 Feature Selection

A hybrid feature selection procedure combining filter and embedded methods was applied to the 25 engineered
features. Three complementary techniques were used.

The first technique, a filter method, computed the mutual information between each feature and the binary
outcome, as well as the ANOVA F-statistic. Figure 4.5 shows the resulting rankings. Both methods agree
on the dominance of VLE engagement and assessment features. mean_score, active_days and total_clicks
consistently rank among the top features.
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Figure 4.5: Filter-method feature importance scores. Left panel: mutual information. Right panel: ANOVA
F-statistic. Both methods identify VLE engagement and assessment features as the most informative.

The second technique, an embedded method, trained a Random Forest classifier on the full feature set
and extracted permutation importance scores. Permutation importance is more robust than the default mean
decrease in impurity because it does not favour high-cardinality features. The resulting importance scores are
shown in Figure 4.6.
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Figure 4.6: Permutation-based feature importance derived from a Random Forest classifier trained on the full
engineered feature set.

The third technique was based on SHAP values, which are computed in Chapter 5 for the best-performing
model. SHAP rankings serve as a global confirmation of the final selected features.

The intersection of the top-ranked features across all three techniques yielded a final selected feature set of 12
features, summarised in Table 4.1. This selected set was used as input to all subsequent training and evaluation
procedures.

The final list was not selected only because it gave good model scores. It was also checked for educational
sense. Most selected variables are related to learning activity and assessment behaviour. This is desirable because
these variables can be changed through support. For example, a student can be encouraged to submit work
more regularly or to use the VLE more consistently. In contrast, background variables such as region or age
band may help prediction, but they are less useful as direct targets for intervention.

Reducing the feature set also makes the modelling process more stable. A smaller set of useful variables can
reduce noise and can make the model easier to maintain. If the system were used by an institution, fewer features
would also mean fewer data quality problems. Each extra feature requires collection, cleaning and monitoring,.
For this reason, the selected set represents a balance between performance, simplicity and practical use.



Table 4.1: Selected feature set after engineering and selection.

Feature Type Description

active days Raw VLE Days with at least one VLE interaction
total clicks Raw VLE Total number of VLE resource clicks
mean_score Assessment  Mean weighted assessment score
avg_daily_clicks Raw VLE Average number of clicks on active days
submission _count Assessment  Number of assessments submitted
clicks_per_active day Engineered Click intensity per active day
engagement _ratio Engineered  Active days relative to course length
clicks_per_credit Engineered  Clicks normalised by studied credits
log_total_clicks Engineered Log-transformed total clicks
score_consistency Engineered Mean score x log(submissions)
code_module Categorical Course module identifier
log_active_days Engineered  Log-transformed active days

4.7 Class Imbalance Handling

To address the mild class imbalance in OULAD, SMOTE [9] was applied to the training split with k =5 nearest
neighbours. The minority class was oversampled until the class ratio in the training set became approximately
1:1. Crucially, SMOTE was applied after feature selection and only to the training portion, thus preserving
the original class distribution in the validation and test sets and avoiding any leakage of synthetic samples into
evaluation.

The cross-validation procedure used for model selection within the training set was implemented through a
pipeline that applies SMOTE inside each fold, so that synthetic samples generated for the training fold of a
given iteration are not seen during scoring on the corresponding validation fold. This methodological precaution
is essential to obtain unbiased estimates of generalisation performance under resampling.

SMOTE was used carefully because synthetic data can easily lead to over-optimistic results. The purpose of
SMOTE is not to create new real students. It only gives the classifier a more balanced training signal. The
original validation and test sets were not changed. This means that the final evaluation still reflects the real
class distribution of the data. This is important because an early-warning model must work on real students,
not on a balanced artificial test set.

The imbalance in this study is mild, but it is still important. If a model learns mainly from the larger class,
it may miss some students who need help. In education, false negatives can be serious because a student who is
not flagged may not receive support. At the same time, too many false positives can waste staff time. For this
reason, class balance was treated as a practical issue, not only as a statistical issue.

4.8 Model Training

Four classifiers were trained on the selected, resampled feature set: a regularised Logistic Regression baseline, a
Random Forest ensemble with 200 trees, an XGBoost gradient-boosted ensemble with default hyperparameters
and a LightGBM gradient-boosted ensemble with default hyperparameters. In addition, two Optuna-tuned
variants—XGBoost (Optuna) and LightGBM (Fast Optuna)—were trained, bringing the total number of model
configurations to six.

For Random Forest, XGBoost and LightGBM, default hyperparameters were used as documented by the
respective libraries, except that the random seed was fixed and the number of estimators was set to 200 for
Random Forest and to 100 for the default XGBoost and LightGBM configurations. For Logistic Regression, £;
regularisation with the default strength was used.

All models were evaluated on the training, validation and held-out test sets using accuracy, precision, recall,
F1 and AUC. In addition, five-fold stratified cross-validation was performed on the training set to compute
average F1 and AUC. The overfit gap defined in Section 3.5 was reported as a single-number summary of
generalisation.

The use of several metrics gives a more complete view of model quality. Accuracy alone can be misleading
when the classes are not perfectly balanced. Precision shows how many flagged cases are truly at risk, while
recall shows how many at-risk students are found by the model. F1 combines these two ideas and is useful when
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both types of error matter. AUC gives a threshold-independent view of ranking quality. Together, these metrics
help to judge whether the model is useful for a real support setting.

Training time was also recorded. This is not the main aim of the dissertation, but it is still relevant. A very
slow model may be difficult to retrain often. A faster model is easier to update when new student data become
available. In this study, the best models are also fast enough for practical use, which supports the feasibility of
the proposed pipeline.

The chosen models cover different levels of complexity. Logistic Regression was included as a simple baseline.
It is easy to train and gives a useful reference point. Random Forest was included because it can model non-linear
relations and is often strong on tabular data. XGBoost and Light GBM were included because gradient boosting
is widely used for structured prediction problems. This mix of models makes the comparison more meaningful. If
only complex models were tested, it would be difficult to know whether the added complexity was really needed.

The same evaluation process was used for all models. This means that the results are not influenced by
different preprocessing choices for different algorithms. It also keeps the experiment easier to understand. Each
model receives the same selected features and is judged with the same metrics. The comparison is therefore
focused on modelling ability, not on hidden differences in data preparation.

4.9 Hyperparameter Optimisation with Optuna

For the XGBoost and Light GBM models, Bayesian hyperparameter optimisation was carried out using Optuna [22].
XGBoost was tuned over 100 trials, while Light GBM was tuned over 50 trials in a fast-mode configuration. The
optimisation objective was the maximisation of the five-fold eross-validation AUC on the training set, with
stratification and pipelined SMOTE as described above.

The XGBoost search space included max_depth drawn from [3, 8] on an integer scale, learning rate drawn
log-uniformly from [0.01, 0.30], n_estimators drawn from [100, 500], subsample and colsample_bytree drawn
from [0.6, 1.0] and the regularisation parameters reg_alpha and reg lambda drawn log-uniformly from [107%,10].
The Light GBM search space was analogous, with the substitution of num_leaves for max_depth and the inclusion
of min_child_samples to control leaf-wise overfitting.

The purpose of this search was not to find a perfect set of hyperparameters. It was to find a reasonable
balance hetween accuracy and generalisation. Very deep trees can fit detailed patterns, but they can also overfit.
A very high learning rate can train quickly, but it may miss a stable solution. A very low learning rate may
be more stable, but it can require many trees. Optuna was useful because it explored these trade-offs more
efficiently than a manual search.

The optimisation process was also kept within a practical time limit. A very large search could improve
the score slightly, but it would make the method harder to repeat. The selected number of trials was enough
to improve the default models while keeping the experiment manageable. This is important for a master’s
dissertation and also for real institutional use, where models may need to be updated regularly.

4.10 Implementation and Technologies

The pipeline was implemented in Python 3.10 using the following libraries: pandas and numpy for data
manipulation, matplotlib and seaborn for visualisation, scikit-learn for preprocessing, cross-validation,
Logistic Regression, Random Forest and evaluation metrics, xgboost and lightgbm for the gradient-boosted
models, imbalanced-learn for SMOTE, optuna for Bayesian hyperparameter optimisation and shap for
interpretability. All experiments were carried out on a standard workstation with a multi-core CPU and 16 GB
of RAM; no GPU acceleration was required.

The full source code was organised into a set of reusable Python modules with explicit configuration files
and a fixed random seed. Intermediate artefacts—merged feature matrices, train/validation/test indices, fitted
preprocessors, trained models, evaluation metrics and SHAP values—were serialised to disk so that the analysis
pipeline could be reproduced from any intermediate stage. The bibliographic references for all libraries used are
provided in the final bibliography.

4.11 Reproducibility Considerations

Reproducibility was treated as a first-class methodological concern. The random seed was set explicitly
in every relevant component, including numpy, scikit-learn, xgboost, lightgbm, imbalanced-learn and
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optuna. Software versions were pinned through a requirements.txt file. Data preprocessing decisions were
documented inline and through a separate methods notebook. Evaluation was always performed on the same
train/validation/test indices, regardless of the model under consideration, so that performance differences could
be unambiguously attributed to the model rather than to the data split.

In addition, all figures and tables reported in Chapter 5 were generated from the same fitted models and the
same evaluation procedure, ensuring internal consistency across the empirical chapter. This methodology forms
the basis of the results presented next.
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Chapter 5

Results and Discussion

This chapter presents the empirical results obtained from the proposed pipeline and discusses their pedagogical
and methodological implications. It begins with a model-by-model comparison across training, validation, test
and cross-validation splits, followed by a detailed analysis of ROC curves, overfitting and an ablation study. The
chapter then turns to the SHAP-based interpretability analysis and to a structured comparison with previously
published OULAD results. The chapter closes with a discussion of educational implications, limitations and

threats to validity.

5.1 Model Comparison

Table 5.1 reports the performance of all six model configurations on training, validation, test and cross-validation
splits, along with the training time and the overfit gap defined in Section 3.5. Several observations stand out.

The table is useful because it shows more than one view of performance. The training results show how well
each model fits the data it has already seen. The validation and test results show how well the model works on
new cases. The cross-validation results give another check of stability. If a model performs very well on training
data but much worse on cross-validation, this is a warning sign. It means that the model may be learning details
of the training split instead of learning general patterns.

For this reason, the best model was not chosen only by the highest training score. The main interest is the
test performance and the size of the overfit gap. A useful early-warning model should be accurate, but it should
also be stable. It should not change its behaviour too much when it sees slightly different students.

Table 5.1: Model performance comparison across training, validation, test and cross-validation splits. Cross-
validation metrics are computed by five-fold stratified cross-validation on the training set. The overfit gap is
defined as Agyerat = Flirain — Fleoy.

Model Tralii i) Train Validation Test Ccv Overlic Cap
F1 AUC F1 AUC F1 AUC F1 AUC

XGBoost (Optuna) 0.82 0.931 0,981 0.9044 0.9660 0.9041 0.9698 0.9106 0.9681 0.0178
XGBoost 3.14 0.9617  0.9945 09041  0.9655  0.9021  0.9693  0.9097  0.9678 0.0474
Light GBM (Fast Optuna) 0.47 0.9417 09871 0.9046 0.9654 09031 09691 0.9106 0.9679 0.0277
Light GBM 5.25 0.9816 0.9991 09034 09642  0.9020 09680  0.9105  0.9668 0.0655
Random Forest 16.87 0.9399 09867 08974 09614 0.8982 09657 0.9033  0.9631 0.0336
Logistic Regression 0.10 (0.8168 09091 0.8122 09109  0.8114 09136 0.8147  0.9094 —0.0001

The Optuna-tuned XGBoost achieves the highest test F1 (0.9041) and the highest test AUC (0.9698) among
all configurations, while also exhibiting a relatively small overfit gap of (0.0178. Default XGBoost and default
LightGBM achieve competitive predictive performance, but their overfit gaps are substantially larger (0.0474 and
0.0655 respectively), indicating that the gradient-boosted models benefit from explicit regularisation. Random
Forest is the slowest model to train and performs slightly below the gradient-boosted alternatives across all
metrics. Logistic Regression, despite its short training time (0.10 s) and effectively zero overfit gap, lags
significantly behind the ensembles on test F1 (0.8114) and test AUC (0.9136), confirming that the binary
outcome task is intrinsically non-linear.

The result also shows a clear trade-off between simplicity and predictive power. Logistic Regression is easy to
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explain and very fast, but it cannot capture many interactions between engagement. assessment and background
features. In contrast, the tree-based ensemble models can learn non-linear patterns. For example, low activity
may be more serious when it appears together with low assessment scores. A linear model has more difficulty
representing this kind of combined risk.

The tuned XGBoost model gives the best balance in this study. Its performance is only slightly higher than
the default XGBoost in absolute terms, but the smaller overfit gap is important. It suggests that tuning did
not only improve the score. It also made the model more controlled. This matters in a real educational setting,
because a model that overfits may work well in one course presentation but fail in another.

It is also important that the best model is not much slower than the other models. The tuned XGBoost
model trains quickly in this experiment. This makes it more suitable for repeated use. A university could
retrain the model when new course data become available without needing special hardware. This practical
point supports the use of gradient boosting in this setting.

At the same time, the small differences between the best ensemble models should be interpreted carefully.
The results do not mean that XGBoost will always be the best choice in every university. They show that, under
this pipeline and this dataset, tuned XGBoost gives the best balance. In another dataset, Light GBM or Random
Forest may be competitive. The main lesson is that model choice should be tested, not assumed.

Figure 5.1 provides a visual comparison of the test-set metrics. Gradient-boosted models cluster tightly at
the top of the performance spectrum, while Logistic Regression is clearly separated. The figure also highlights
the fact that the differences between the gradient-boosted variants are small in absolute terms, although they

are systematic and consistent across folds.
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Figure 5.1: Test-set comparison of F1, AUC, accuracy, precision and recall for all six model configurations. The
Optuna-tuned XGBoost model achieves the best overall balance of F1 and AUC.

5.2 ROC Analysis

Figure 5.2 reports the ROC curves of all six models on the held-out test set. The gradient-boosted models
achieve AUC scores in the range 0.966-0.970, indicating very strong discriminative ability. Logistic Regression,
with a test AUC of approximately 0.914, lies clearly below the gradient-boosted bundle, which is consistent with
its linear nature.
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Figure 5.2: Receiver Operating Characteristic curves for all models on the held-out test set. Shaded regions
indicate the area under the curve,

The shape of the ROC curves further suggests that the gradient-boosted models are well calibrated across
the range of possible decision thresholds, with a particularly steep increase of the true positive rate at small
false positive rates. This property is operationally important: if the institution prefers to keep the rate of false
positives low (in order to avoid stigmatising students who would have succeeded), the gradient-boosted models
can be operated at conservative thresholds without sacrificing too much recall.

In practical terms, the ROC curve helps the institution choose a policy. A university may not want to contact
every student with a small risk signal. Staff time is limited, and students may feel uncomfortable if they are
wrongly labelled as at risk. A conservative threshold can be used when support resources are limited. A lower
threshold can be used when the aim is to find as many students as possible. The strong ROC performance
means that the model gives useful ranking information across these choices.

This is one reason why AUC is useful in this dissertation. The final decision threshold can change from one
institution to another. It may also change during the semester. Early in the course, a university may prefer
high recall because there is time to help. Near the end of the course, it may prefer higher precision because
interventions are more limited. The ROC analysis shows that the proposed model can support both types of
decision.

5.3 Overfitting Analysis

Figure 5.3 plots the training F1 score against the cross-validation F1 score for each model. The diagonal line
corresponds to perfect generalisation: a point on the line indicates that the model performs equally well on its
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own training data and on held-out validation folds. Points above the line correspond to overfitting.
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Figure 5.3: Training F1 score versus mean cross-validation F1 score for all models. Points above the diagonal
dashed line indicate overfitting.

Logistic Regression sits essentially on the line, confirming that its limited capacity prevents it from memorising
the training data. The Optuna-tuned XGBoost lies close to the line, while the default Light GBM and the
default XGBoost lie noticeably above it. These results provide additional empirical justification for the Bayesian
hyperparameter tuning carried out in Section 4.9: the tuned models obtain both higher test scores and smaller
overfit gaps than their default counterparts.

The figure also shows why a high training score should be treated with care. LightGBM has the highest
training F1, but this does not make it the best model. Its cross-validation score is lower, which means that part
of the training performance comes from fitting the training sample too closely. This is a common issue with
powerful models. They can learn useful structure, but they can also learn noise.

The tuned XGBoost model is more balanced. It does not have the highest training score, but it transfers
better to unseen data. This is the more important property for student performance prediction. A model used for
early warning will always face new students, new cohorts and new course presentations. Therefore, generalisation
is more valuable than perfect training performance.

5.4 Ablation Study
To isolate the contribution of each pipeline component, an ablation study was conducted on the XGBoost
(Optuna) configuration. Four configurations were compared:

1. Baseline: raw features without engineering, without SMOTE and without Optuna tuning.

2. +FE: raw features plus the engineered features described in Section 4.5.

3. +4FE4+SMOTE: engineered features with SMOTE applied to the training split.

4. Full: engineered features with SMOTE and Optuna-tuned hyperparameters.

The Baseline configuration reached F1 = 0.9076 and AUC = (0.9696 on the test set. Adding feature engineering
slightly reduced the AUC in this particular configuration; this is consistent with the observation that the selected
feature subset changes when new features are introduced, and that some of the original raw features lose their
place in the selected subset. Adding SMOTE on top of feature engineering modestly improved recall on the
negative class, although the impact on F1 was small. Adding Optuna-based hyperparameter tuning produced
the highest AUC of 0.9698 and the smallest overfit gap.

Overall, the ablation confirms that the proposed pipeline is a robust combination of well-balanced components:
no single stage is dominant, but together they produce both the best test-set performance and the best
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generalisation behaviour. The relatively modest absolute differences between configurations should be interpreted
in the light of the very strong baseline established by XGBoost itself, which is consistent with the broader
observation in the literature that gradient-boosted trees set a high bar on tabular educational data [10, 13].

The ablation results are still useful even when the differences are small. They show that the pipeline is not
dependent on one special trick. Feature engineering, SMOTE and Optuna each play a supporting role. Feature
engineering makes the data more meaningful. SMOTE helps the model pay attention to both outcome classes.
Optuna controls model complexity and improves generalisation. Together, these steps make the final system
more reliable.

This also has a practical lesson. In educational data mining, it is tempting to focus only on the algorithm.
The ablation study shows that the surrounding pipeline matters as well. A good algorithm can perform poorly if
the features are weak or if evaluation is not careful. In contrast, a clear pipeline can help several models perform
well and can make the final result easier to defend.

The ablation study also helps to explain the role of feature engineering. The engineered variables do not
replace the raw variables. They summarise useful ideas in a clearer form. For example, the raw number of clicks
may be high simply because a course has many resources. A normalised or ratio-based feature can make this
behaviour easier to compare across students. This is why feature engineering remains useful even when powerful
machine learning algorithms are used.

The SMOTE step should also be seen as part of the full design. It does not create new evidence about
students, but it changes how the model learns from the training data. In a support system, missing at-risk
students can be costly. The use of SMOTE is one way to make the model pay more attention to the minority
pattern. However, it must be used only inside the training process, as was done here.

5.5 SHAP Interpretability

The Optuna-tuned XGBoost model was the highest-performing configuration in the previous analyses, and
was therefore selected for the SHAP-based interpretability study. SHAP values were computed using shap.
TreeExplainer with exact computation on the held-out test set, vielding one Shapley value per (student, feature)
pair.

5.5.1 Global Feature Importance

Figure 5.4 reports the average absolute SHAP value of each feature across the test set, which acts as a global
feature importance summary. The two most influential features are score_consistency and active_ days,
followed by submission_count and code_module. Engagement features dominate the upper part of the ranking,
in line with the filter-method and embedded-method rankings reported in Chapter 4.
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Figure 5.4: Global SHAP feature importance, computed as the mean absolute SHAP value of each feature across
the test set. The engineered feature score_consistency is the most important driver of predictions, followed by
VLE engagement features.

The prominence of score_consistency—a composite of mean weighted score and log-transformed submission
count—validates the choice of designing engineered features motivated by educational theory rather than relying
exclusively on raw counts. Consistent participation in formative assessment, combined with reasonable scoring,
is the strongest indicator of academic success in OULAD.

This result is easy to interpret. A student who submits several assessments and receives stable scores is
showing both effort and learning progress. The model treats this pattern as a strong sign of success. This makes
sense from a teaching perspective. Regular assessment activity gives students feedback and helps them stay
connected to the course.

The importance of active_days also supports this interpretation. It is not only the total number of clicks
that matters. Regular presence in the learning environment also matters. A student who logs in on many
different days is more likely to follow the course rhythm. This does not prove that activity causes success, but it
shows that activity is a strong warning signal.

5.5.2 Beeswarm Plot

Figure 5.5 reports the SHAP beeswarm plot, in which each point represents one test-set student. Colour indicates
the feature value (red for high, blue for low) and the horizontal position indicates the SHAP value for that student.
The plot reveals a clear pattern for the top features: high values of score_consistency and active_days push
the prediction toward the positive class, while low values push it toward the negative class. The pattern is much
weaker for low-ranked features, where the colours are mixed across positive and negative SHAP values.

The beeswarm plot is useful because it shows both importance and direction. A bar chart can show that a
feature matters, but it does not show how high and low values affect the prediction. The beeswarm plot shows



this more clearly. For the strongest features, the colours are separated in a meaningful way. High values are
mostly on the side of success, and low values are mostly on the side of risk.

This visual form is also easier to communicate to non-technical readers. A course leader can see that the
model is not making decisions randomly. The model is using patterns that are familiar in education: regular
activity, assessment submission and stable scores. This does not remove all concerns about automated prediction,
but it makes the model more transparent.
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Figure 5.5: SHAP beeswarm plot for the Optuna-tuned XGBoost model. Each point is one test-set student.
Colour indicates the feature value (red for high, blue for low) and horizontal position indicates the SHAP value.
For top-ranked features, high values systematically push toward the pass prediction.

5.5.3 Waterfall Plot for an At-Risk Student

To illustrate the local interpretability provided by SHAP, Figure 5.6 reports a waterfall plot for an individual
at-risk student selected from the test set. The plot starts from the average prediction probability (E[f(x)] = 0.53),
adds the contribution of each feature in order of decreasing absolute SHAP value, and ends at the final predicted
probability.
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Figure 5.6: SHAP waterfall plot for an individual at-risk student. Red bars push toward a failure prediction,
while blue bars push toward a success prediction. The starting point is the average model output, and the
endpoint is the final prediction probability.

For this student, a non-trivial number of active days produces a small positive contribution. but the very
low score_consistency and very low submission_count contribute large negative SHAP values that pull the
prediction below the decision threshold. This kind of individualised explanation is precisely what is needed by a
course director who must justify why a particular student has been flagged for early intervention.

The local explanation also suggests what kind of support may be useful. The student is not completely
inactive, so a general reminder to log in may not be enough. The main issue appears to be assessment behaviour.
A tutor could check whether the student understands the assessment requirements, whether deadlines are clear
and whether there are personal barriers to submission. In this way, the explanation can help move from a risk
score to a support action.

However, the explanation should be used with care. It should not be treated as a final judgement about
the student. It is a starting point for a conversation. A student may have low submissions because of illness,
work pressure or lack of confidence. The model can point to a pattern, but human staff must still interpret the
situation.

5.6 Comparison with Prior OULAD Studies

Table 2.1 in Chapter 2 summarised representative previous studies on OULAD. The results obtained by the
Optuna-tuned XGBoost in the present dissertation (test AUC of 0.9698 and test F1 of 0.9041) are notably higher
than those reported in Adnan et al. [12] (Random Forest, F1 = 0.79), Shaikhanova et al. [16] (gradient boosting,
AUC =0.79) and Lu et al. [19] (clustered Light GBM, AUC = 0.86, F1 = 0.78).

A direct comparison of these numbers should be interpreted with care, because the studies differ in their
outcome definitions, in the observation windows used and in the subset of OULAD modules retained. Adnan et
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al. [12], for instance, focus on early-warning prediction with limited observation windows. Shaikhanova et al. [16]
adopt an ultra-early setting. Lu et al. [19] cluster modules and report performance at the cluster level. Despite
these differences, the consistently higher performance of the present pipeline suggests that the combination of
domain-driven feature engineering, careful imbalance handling, Bayesian tuning and SHAP-driven interpretation
yields a substantively stronger predictive system, at the cost of requiring a full course observation window,
Future work should attempt to recover similar performance at earlier checkpoints in the term.

This comparison also shows a common problem in educational data mining. Results are often reported on the
same public dataset, but the exact task is not always the same. Some studies predict withdrawal, some predict
pass or fail, and some use only early weeks of activity. Because of this, model scores should not be compared as
if they came from one identical experiment. The present study reports its task definition clearly so that the
results can be understood in context.

The strong performance in this dissertation is partly linked to the full observation window. This is useful
for understanding the upper limit of predictive performance, but it is less useful for very early intervention. A
model that uses the full course can learn from more evidence. A model used in week two or week three would
have less information. Therefore, the results should be seen as a strong benchmark for the proposed pipeline,
not as a final answer to all early-warning situations.

5.7 Educational Implications

The empirical results of this dissertation have a number of concrete educational implications.

The main implication is that prediction should be connected to support. A model is useful only if it helps
staff take better action. The results show that assessment consistency and regular engagement are strong signals.
These are areas where universities can design support processes. For example, advisers can contact students
after missed submissions, and module teams can monitor students who stop using the VLE for several days.

The SHAP analysis suggests that consistent participation in formative assessment is one of the strongest
indicators of academic success. From a pedagogical perspective, this finding supports curriculum designs that
include frequent low-stakes assessments rather than relying on a small number of high-stakes examinations.
Frequent assessment also produces a richer signal for early-warning systems, increasing the lead time available
for intervention.

The dominance of VLE engagement features in the global and local importance rankings underlines the
value of digital learning environments not only as content delivery platforms but also as instruments of student
support. Institutions that wish to deploy early-warning systems should ensure that their VLE captures detailed
and reliable interaction data, and that data quality is monitored on a continuous basis.

The interpretability analysis also has implications for the way models are communicated. The SHAP
framework yields explanations at multiple levels of granularity: global summaries inform institutional strategy,
beeswarm plots reveal distributional patterns and waterfall plots support individualised intervention. The present
dissertation suggests that all three levels should be combined in practical deployments.

A further implication is that early-warning systems should be presented as support tools, not as punishment
tools. Students should not feel that the system is watching them only to judge them. The message should
be positive: the university is using data to find students who may need help earlier. If this message is clear,
students may be more willing to accept support and to share the reasons behind their difficulties.

The findings also suggest that module design matters. Courses that include regular low-stakes assessment
create more opportunities to notice problems early. They also give students more chances to recover before the
final assessment. In this sense, learning analytics is not separate from teaching design. The data become more
useful when the course structure creates meaningful signals.

The results also point to the value of simple dashboards. Staff do not need to see every technical detail of
the model. They need clear indicators that show who may need attention and which factors are most important.
A dashboard could show low assessment consistency. low active days and missed submissions in a direct way.
This would make the model output easier to use in advising meetings.

Finally, the intervention should be proportionate. A student with a small risk signal may only need a reminder
or a short message. A student with several strong risk signals may need a meeting with a tutor or adviser. The
model can help to prioritise support, but the response should still be human and flexible.
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5.8 Ethical Considerations

The deployment of predictive models in higher education raises a number of ethical considerations that must be
addressed explicitly. The first concern is fairness across demographic groups. Although the OULAD dataset
includes demographic features such as gender, region and IMD band, a thorough fairness audit was beyond the
scope of the present dissertation. The recent work of Gunasekara and Saarela (8] provides a methodological
template for such an audit and is identified as a priority for future work.

The second concern is transparency. The use of opaque black-box models in decisions that affect students’
educational trajectories is hard to justify without a corresponding explanation mechanism. SHAP-based
explanations partially address this concern, but they should not be presented as a complete solution: the
limitations of post-hoc explanations are well known, and structural transparency at the level of the data and the
model is also required.

The third concern is consent and data protection. Although OULAD is fully anonymised and released
under an open licence, institutional deployments must comply with the GDPR or with locally applicable data
protection regulations. Students should be informed that their data is being used to build predictive models,
and they should have the opportunity to challenge automated decisions made on the basis of those models.

The fourth concern is the risk of self-fulfilling prophecies. Flagging students as “at risk™ can affect the way
they are treated by academic staff, by support services and by their peers. Predictive models should therefore
be embedded in support pathways that empower rather than stigmatise students, and the language used to
communicate their outputs should be carefully chosen.

A fifth concern is responsibility. A prediction should not replace the judgement of teachers, advisers or
support staff. If a student is flagged, a human member of staff should review the case before any important
decision is made. This is especially important when the prediction may affect access to support, assessment
advice or student records. The model should provide evidence, but the institution remains responsible for the
decision.

A sixth concern is student trust. If students do not understand why data are being used, they may see the
system as unfair or intrusive. Clear communication is therefore needed. Students should know what data are
used, what the model is for and how they can ask questions about it. Trust is part of successful deployment.

5.9 Limitations and Threats to Validity

A number of limitations qualify the conclusions of the present dissertation.

First, the OULAD dataset originates from a single institution (The Open University in the United Kingdom),
a single period (2013-2014) and a small set of modules. Generalisability to other institutions, periods and
disciplines is not guaranteed and should be verified empirically before any operational deployment.

Second, the binary outcome formulation merges Fail and Withdrawn into a single class and merges Pass and
Distinction into another. This simplification facilitates comparison with prior studies but obscures meaningful
distinctions, such as the difference between a student who withdraws after a personal crisis and one who fails
after sustained effort.

Third, the aggregation of VLE interactions into static counts erases the temporal dynamics of student
engagement. A student who engaged intensely in the first half of the course and then disengaged completely will
be indistinguishable, after aggregation, from a student who maintained a steady level of engagement throughout.
Temporal modelling is identified as an important direction for future work.

Fourth, no causal inference is attempted. The SHAP analysis identifies the features that most strongly
drive model predictions, but it does not, by itself, support causal claims about which interventions are likely
to improve student outcomes. Causal claims would require a different experimental design, possibly involving
controlled trials of specific interventions [23].

Fifth, the experimental evaluation uses a single random split with a fixed seed, supplemented by five-fold
cross-validation on the training set. Although these are reasonable choices, the variability of model performance
across different splits is not exhaustively quantified, and the present results should therefore be considered
indicative rather than definitive. The discussion of these limitations leads naturally to the concluding chapter of
the dissertation, which summarises the contributions and outlines directions for future work.



Chapter 6

Conclusions and Future Work

This final chapter brings the dissertation to a close. It summarises the work undertaken, returns to each
research question to provide a synthesised answer, restates the principal contributions, examines the ethical and
deployment dimensions of the proposed pipeline, and outlines a number of directions for future research. The
chapter is intentionally concise, since the substantive analysis has already been presented in the preceding five
chapters.

6.1 Summary of the Work

The dissertation has presented a complete machine learning pipeline for predicting student academic outcomes
on the Open University Learning Analytics Dataset (OULAD). The pipeline integrates seven raw OULAD tables,
applies domain-driven feature engineering motivated by educational theory, performs hybrid feature selection
through filter, embedded and SHAP-based methods, handles mild class imbalance through SMOTE, trains four
representative classifiers and optimises the hyperparameters of the two best-performing gradient-boosted models
through Bayesian optimisation with Optuna. The Optuna-tuned XGBoost model reached an area under the
receiver operating characteristic curve of 0.9698 and an F1 score of 0.9041 on a held-out test set, with a moderate
overfitting gap and a training time on the order of one second.

The interpretation of the resulting model was carried out through SHAP, which produced global feature
importance summaries, distributional beeswarm visnalisations and individual waterfall plots for at-risk students.
The dissertation also reported a structured ablation study quantifying the marginal contribution of feature
engineering, SMOTE and Optuna-based tuning, a comparison with previously published OULAD studies and a
discussion of the educational, ethical and deployment-related implications of the resulting system.

6.2 Answers to the Research Questions

The four research questions posed in Section 1.4 can now be answered concisely.

RQ1 (most predictive features). Across filter-based feature importance methods, permutation-based
embedded importance and SHAP-based global importance, the most predictive features were consistently
engagement-related: score_consistency, active days, submission _count, total clicks and code module.
The engineered score_consistency feature, defined as the produet of the mean weighted score and the logarithm
of the submission count, emerged as the single most influential predictor. This finding suggests that, in OULAD,
consistent participation in formative assessment is a stronger signal of academic success than any single
demographic attribute.

RQ2 (best-performing model). Gradient-boosted tree ensembles, and in particular Optuna-tuned
XGBoost, were the best-performing models on the binary prediction task. They outperformed both Random
Forest and Logistic Regression by a clear margin in terms of F1 and AUC. Logistic Regression remains a valuable
interpretable baseline and would be appropriate when transparency requirements override the small accuracy
gap; however, when predictive performance is the primary criterion, XGBoost is preferable.

RQ3 (contribution of pipeline stages). The ablation study showed that no single pipeline stage was
dominant: feature engineering, SMOTE and Optuna-based hyperparameter tuning each contributed to the final
performance, with hyperparameter tuning yielding the most consistent improvement in hoth predictive accuracy
and generalisation. The combined pipeline produced the highest test AUC and the smallest overfit gap.
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RQ4 (educationally meaningful insights). The combination of global SHAP feature-importance
summaries, beeswarm visualisations and individual waterfall plots produced explanations at multiple levels of
granularity. Global summaries support institutional policy by identifying broad patterns of risk; beeswarm
visualisations reveal distributional patterns that explain why certain features matter; and waterfall plots support
individualised intervention by decomposing the prediction for a specific student into contributions from each
feature. Taken together, these tools provide a practical interface between predictive models and educational
decision-makers.

6.3 Restatement of Contributions

The dissertation contributes (i) a fully documented, reproducible end-to-end pipeline for student performance
prediction on OULAD:; (ii) a head-to-head model comparison across training, validation, test and cross-validation
splits, including a custom overfit gap; (iii) an ablation study isolating the contribution of feature engineering,
class-imbalance handling and Bayesian hyperparameter optimisation; (iv) a multi-level SHAP interpretability
analysis bridging algorithmic outputs and pedagogical narratives; and (v) a discussion of educational, ethical
and deployment-related implications informed by recent learning analytics literature.

6.4 Educational and Deployment Implications

The empirical findings of the dissertation point to several recommendations for institutions interested in deploying
predictive systems of this kind. Curricula that include frequent low-stakes assessments produce both better
learning outcomes and richer signals for early-warning systems, since consistent submission behaviour emerges
as the strongest predictor of success. Investments in the quality of VLE data—ensuring reliable, granular and
complete logging—directly translate into more accurate predictive systems.

When predictive systems are deployed, they should be embedded in support pathways that empower rather
than stigmatise students. Early-warning signals should trigger personalised outreach by tutors, counsellors or
peer mentors, not automated penalties. SHAP-based explanations should accompany every flagged case, so that
academic staff can question the model’s reasoning and exercise their own professional judgement. Predictive
models should be re-evaluated and re-trained periodically to ensure that their performance does not degrade due
to shifts in the student population, curriculum or technology stack.

6.5 Limitations Revisited

The principal limitations of the present work were discussed in Section 5.9 and are briefly revisited here. The use
of a single benchmark dataset, the binary outcome formulation, the aggregation of VLE interactions, the absence
of causal claims and the use of a single random split all qualify the conclusions of the dissertation. None of these
limitations invalidates the methodological framework proposed, but each suggests an avenue for future research.

6.6 Future Work

A number of concrete directions for future work emerge from the dissertation.

Multiclass and ordinal modelling. Distinguishing between Pass, Distinction, Fail and Withdrawn
provides finer-grained information for intervention design. Multiclass and ordinal classifiers should be evaluated
on the OULAD outcome variable, and the resulting performance trade-offs should be quantified.

Temporal modelling. The aggregated features used in this dissertation discard the temporal structure
of VLE interactions. Sequence models such as recurrent networks or temporal attention models could exploit
weekly or daily click patterns and could produce predictions that are updated continuously throughout the
course. Early-warning systems based on temporal models would also provide more lead time for intervention.

Fairness-aware learning. Following Gunasekara and Saarela [8], a systematic fairness audit should be
conducted across demographic groups (gender, region, IMD band, disability), and poest-processing or in-processing
bias mitigation strategies should be evaluated in terms of their effect on both fairness and predictive performance.

Cross-institutional generalisation. The transferability of the proposed pipeline to other institutions,
periods and disciplines should be empirically assessed. Cross-institutional transfer learning, in which models
pre-trained on OULAD are fine-tuned on local data, may provide a practical solution for institutions with smaller
datasets.
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Integration with learning analytics dashboards. The proposed pipeline could be integrated with
existing learning analytics dashboards, providing both global summaries and individual SHAP explanations to
academic staff in real time. Such integration raises usability and human-computer interaction challenges that
deserve dedicated study.

Causal analysis of interventions. While predictive models identify at-risk students, they cannot, by
themselves, recommend which interventions are most effective. Future work should combine the predictive
pipeline with causal inference techniques and, ideally, with controlled trials of specific interventions, in order to
move from prediction to evidence-based recommendation [23].
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