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Early identification of at-risk students in online learning environments: 
A learning analytics approach using machine learning models 

Çevrimiçi öğrenme ortamlarında risk altındaki öğrencilerin erken belirlenmesi: Makine 
öğrenimi modelleri kullanan bir öğrenme analitiği yaklaşımı 

Verda Gizem Oğul1  Yavuz Selim Balcıoğlu2   

 
  

Abstract 

Online learning environments generate temporally ordered traces that can support early academic-
risk screening, but credible claims require an explicit prediction point and strict control of post-out-
come information. This study evaluates whether information available by day 28 of an Open Univer-
sity module presentation can identify students who subsequently fail or withdraw. Raw tables from 
the Open University Learning Analytics Dataset (OULAD) were reconstructed at student–module–
presentation level after timestamped Virtual Learning Environment (VLE) and assessment records 
had been truncated at the prediction point. The day-28 risk set comprised 27,522 enrolments from 
24,832 unique students; 44.1% subsequently failed or withdrew. Seven classifiers were compared 
using student-grouped five-fold validation, randomized hyperparameter optimization, and a stu-
dent-disjoint held-out test set. Gradient Boosting achieved the highest grouped-validation ROC-
AUC and yielded test ROC-AUC=0.790 (95% CI: 0.777–0.801), PR-AUC=0.770 (95% CI: 0.753–
0.786), accuracy=0.724, precision=0.728, recall=0.597, and F1=0.656. Performance increased from 
day 14 (ROC-AUC=0.747) to day 56 (0.835), demonstrating an earliness–performance trade-off ra-
ther than uniformly high early accuracy. SHAP analysis identified completion of assessments due by 
the cutoff, assessment performance, prior education, and VLE engagement as influential predictors. 
A score-excluded specification retained meaningful discrimination (ROC-AUC=0.762). Three-class 
sensitivity analysis showed that failure and withdrawal were considerably harder to distinguish than 
success. The findings support cautious use of day-28 risk scores for prioritizing supportive outreach, 
while emphasizing calibration, subgroup monitoring, human oversight, and local validation. 

Keywords:   Online learning, learning analytics, early warning systems, machine learning, OULAD, 
explainable artificial intelligence 

Öz 

Çevrim içi öğrenme ortamlarında üretilen zamansal izler, akademik riskin erken belirlenmesini des-
tekleyebilir; ancak güvenilir bir erken tahmin iddiası, açık bir tahmin noktası ve sonuç sonrası bilgilerin 
sıkı biçimde dışlanmasını gerektirir. Bu çalışma, Açık Üniversite Öğrenme Analitiği Veri Setinde (OU-
LAD) bir modül sunumunun 28. gününe kadar mevcut olan bilgilerin daha sonra başarısız olan veya 
kaydını sildiren öğrencileri belirleyip belirleyemediğini incelemektedir. Ham OULAD tabloları, VLE ve 
değerlendirme kayıtları tahmin noktasında kesildikten sonra öğrenci–modül–sunum düzeyinde ye-
niden oluşturulmuştur. 28. gün risk kümesi 24.832 farklı öğrenciye ait 27.522 kayıttan oluşmuş; bun-
ların %44,1’i daha sonra başarısız olmuş veya kaydını sildirmiştir. Yedi sınıflandırıcı, öğrenci gruplu beş 
katlı doğrulama, rastgele hiperparametre optimizasyonu ve öğrenciler bakımından bağımsız bir test 
kümesiyle karşılaştırılmıştır. Gradyan Artırma modeli test kümesinde ROC-AUC=0,790 (%95 GA: 
0,777–0,801), PR-AUC=0,770 (%95 GA: 0,753–0,786), doğruluk=0,724, kesinlik=0,728, duyarlı-
lık=0,597 ve F1=0,656 sonuçlarını vermiştir. Performans 14. günden (ROC-AUC=0,747) 56. güne 
(0,835) yükselmiş ve erkenlik ile performans arasındaki ödünleşimi göstermiştir. SHAP analizi, va-
desi gelmiş değerlendirmelerin tamamlanma oranı, değerlendirme performansı, önceki eğitim dü-
zeyi ve VLE katılımını öne çıkarmıştır. Değerlendirme puanlarının dışlandığı model de anlamlı ayırt 
edicilik göstermiştir (ROC-AUC=0,762). Üç sınıflı duyarlılık analizi, başarısızlık ile kayıttan çekilmenin 
başarıya kıyasla daha güç ayrıldığını göstermektedir. Bulgular, 28. gün risk skorlarının destekleyici 
müdahaleleri önceliklendirmek amacıyla temkinli kullanımını desteklemekte; kalibrasyon, alt grup iz-
leme, insan denetimi ve yerel doğrulama gereğini vurgulamaktadır. 

Anahtar Kelimeler: Çevrim içi öğrenme, öğrenme analitikleri, erken uyarı sistemleri, makine öğren-
mesi, OULAD, açıklanabilir yapay zekâ 
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Introduction  
 
In the last 20 years, the explosion of online learning 
has transformed the way universities and other ed-
ucational providers deliver their programs. Many 
colleges now use online delivery as their primary 
means of instruction (rather than simply offering it 
as a secondary option), which was further acceler-
ated by the COVID-19 pandemic (Basilaia & 
Kvavadze, 2020; Hodges et al., 2020). One of the 
challenges created by this rapid transition is identi-
fying at-risk students (those who are likely to either 
fail or withdraw from their program) in order to pro-
vide them with timely assistance. The ability to de-
tect students who may ultimately struggle will 
serve as an essential first step in providing appro-
priate support in a timely manner and helping to 
create a more equitable learning environment for 
all students (Huptchy et al., 2018; Ferguson, 2013). 

Adult and continuing education is a sector that 
is intrinsically tied to the concept of lifelong learn-
ing, with online platforms now playing a critical role 
within this sector (Dabbagh & Fake, 2017). Online 
courses, such as MOOCs, hybrid programs, and 
workplace training courses are increasingly at-
tracting students from diverse socioeconomic 
backgrounds; therefore, these students also have 
diverse motivations for enrolling in courses, vari-
ous levels of previous education, and various levels 
of institutional support. Therefore, the rate of 
dropouts and failures from courses offered in this 
manner is typically much greater than those of-
fered in a traditional classroom setting. It is neces-
sary to identify at-risk students early enough to 
provide appropriate support. Using data-based ap-
proaches allows us to identify students who may 
experience difficulty prior to their difficulties be-
coming irreversible; Jordan (2014) also states this 
as well as Onah et al. (2014). 

The urgency of supporting at-risk learners has 
grown considerably in the years following the 
widespread shift to digital education. Research 
conducted in the post-pandemic period has under-
scored that the challenges of student retention 
and academic performance are not temporary dis-
ruptions but rather structural features of online 

learning environments that require systematic, 
data-driven responses (Viberg et al., 2024). Recent 
studies have demonstrated that students from 
lower socioeconomic backgrounds and first-gen-
eration learners are disproportionately affected by 
disengagement in online settings, reinforcing the 
need for equitable, proactive identification mecha-
nisms (Herodotou et al., 2023). Furthermore, the in-
tegration of artificial intelligence into educational 
platforms has opened new possibilities for contin-
uous, real-time monitoring of student behavior, re-
ducing the delay between the emergence of risk in-
dicators and institutional response (Aldowah et al., 
2019; Bravo et al., 2025). 

To assist with this issue, the field of learning an-
alytics has emerged as a viable means of research 
for addressing these issues. As a general definition, 
learning analytics is the process of measuring (col-
lecting), analyzing, and reporting data about stu-
dents and their learning environments in order to 
improve those students' outcomes (Siemens & 
Baker, 2012). Essentially, learning analytics in-
volves tracking and understanding how students 
interact with their online courses through various 
digital traces left behind by the students, such as 
when a student has logged into an online course, 
submitting an assignment, or accessing course 
materials. In addition to this analysis of digital 
traces, machine learning has provided a new level 
of sophistication and accuracy to predict students' 
success and ease of use in educational practice. 
Therefore, institutions can develop comprehen-
sive early warning systems that can serve large 
numbers of learners (Arnold & Pistilli, 2012; Essa & 
Ayad, 2012). 

Risk prediction with OULAD is not itself a new 
research problem. Prior studies have examined 
weekly prediction, course-percentage cutoffs, en-
semble learning, deep learning, and explainable 
models. The remaining methodological problem is 
comparability and credibility: published perfor-
mance estimates depend strongly on the predic-
tion time, target definition, feature-availability rule, 
enrolment structure, and validation design. Models 
built from whole-course aggregates or withdrawal-
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related fields may describe outcomes well but can-
not support a genuine early-warning claim. Accord-
ingly, this study does not claim to introduce OULAD 
risk prediction; it contributes a transparent day-
based reconstruction, student-grouped validation, 
leakage auditing, calibration and uncertainty analy-
sis, SHAP explanations, and explicit sensitivity 
tests. 

The study therefore asks whether an operation-
ally useful risk signal is available at day 28, how per-
formance changes at days 14, 42, and 56, how 
seven commonly used classifiers compare under 
identical features and splits, and which predictors 
drive the selected model. The contribution lies in 
the combined evaluation protocol rather than in a 
claim that OULAD or machine-learning risk predic-
tion has not previously been studied. 

Responsible use requires more than high dis-
crimination. The revised analysis therefore reports 
probability calibration, student-cluster confidence 
intervals, learning curves, course-presentation 
holdout performance, score- and demographic-ex-
clusion specifications, subgroup diagnostics, and 
SHAP explanations. These analyses are diagnostic 
rather than proof of fairness or causal effects; risk 
scores are intended to support human-led out-
reach, not autonomous adverse decisions. 
 
2. Literature Review 
 
2.1 Learning Analytics in Online and Distance Ed-
ucation 
 
The study of learning analytics has expanded rap-
idly within academia and as a practical means of 
utilizing educational technology. To analyze data 
generated by the student, computational methods 
are used with the intention of providing educa-
tional institutions with data that can demonstrate 
the relationship between different engagement 
processes (i.e., how many students completed a 
specific assignment). This kind of study offers in-
sight into factors (behavioral) which can lead to 
student success. 

For example, through the use of engaging en-
gagement data collected from LMS, researchers 

have been able to create a detailed picture of how 
individual learners engage with their respective 
modules (Gasevic et al., 2016). Researchers have 
established that data on engagement provided by 
LMS can be reliable predictors of final grades and 
course completion across platforms such as Moo-
dle, Blackboard, and Coursera (Macfadyen & Daw-
son, 2010; Romero et al., 2013; Romero & Ventura, 
2020). 

When analyzing publicly funded and continuing 
education, researchers are faced with different 
challenges than when analyzing traditional under-
graduate students. Adult learners have non-tradi-
tional pathways and may be working and taking 
care of families at the same time as they are en-
rolled in online programs (Merriam & Bierema, 
2014; Papamitsiou & Economides, 2014). Conse-
quently, the definition of engagement that applies 
to traditional undergraduate learners may not be 
accurate in the world of continuing education. Re-
searchers in adult education have noted that con-
tinuing education students possess diverse moti-
vations for continuing their education and have 
many circumstances that need to be considered 
when using learning analytics frameworks 
(Drachsler & Greller, 2016; Rienties & Toetenel, 
2016). 
 
2.2 Predictive Modeling and Machine Learning 
for At-Risk Student Identification 
 
Numerous studies show that for over a decade re-
searcher have used machine learning to predict 
which students are at risk of failing or dropping out 
of school. Many of these researchers have used su-
pervised classification algorithms (i.e., decision 
trees, artificial neural networks, support vector 
machines, etc.) to build predictive models using 
data from schools. In many instances, studies com-
paring different supervised classification tech-
niques have shown that ensemble techniques 
(Random Forest and Gradient Boosting tech-
niques) produce more accurate predictions than 
less sophisticated algorithms (e.g., Logistic Re-
gression); however, the relative performance of 
these two techniques will depend on both the 
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structure of the educational dataset being used as 
well as the characteristics included in the model 
(Mduma et al., 2019). 

OULAD is a widely used benchmark containing 
linked demographic, registration, assessment, 
module, and daily VLE interaction tables for 32,593 
enrolments in 22 presentations of seven anony-
mized modules (Kuzilek et al., 2017). This breadth 
enables direct comparison, but reported perfor-
mance is highly design-dependent. Hlosta et al. 
(2017) predicted near-term assessment non-sub-
mission at daily cutoffs; Jha et al. (2019) compared 
ensemble, deep-learning, and regression models 
for dropout and final result; Adnan et al. (2021) 
evaluated risk at several percentages of course 
length; Al-Zawqari et al. (2022) emphasized flexible 
feature selection; Zhang and Ahn (2023) used se-
mester-aware weekly prediction and SHAP; and 
Ujkani et al. (2024) combined multiple classifiers 
with SHAP. These studies establish that OULAD 
prediction already exists and also demonstrate 
why accuracy values cannot be compared without 
aligning the target, prediction horizon, feature 
availability, and validation unit. 
 
2.3 Lifelong Learning, Public Education and Digi-
tal Inclusion 
 
The concept of lifelong learning (LLL) encom-
passes all three types of learning: formal (i.e., class-
room-based), nonformal (e.g., community college), 
and informal (e.g., field experience), across all 
phases of life. Over the past two decades, LLL has 
been rising in importance in educational policy de-
bates (European Commission, 2020; UNESCO, 
2016). Global changes in employment markets, 
rapid advances in technology, and a growing 
recognition of the limitations of traditional front-
loaded education systems have led governments 
and international organizations to promote learn-
ing systems that support continual development of 
skills and civic participation throughout adult life. 
Open and distance educational institutions have 
emerged, in this context (as recognized in Zawacki-
Richter et al. [2019]), as key providers of accessi-
ble, convenient, and affordable lifelong learning 

opportunities to groups that have historically not 
had equal access to postsecondary education. 

Today, most LLL is delivered through digital 
platforms and digital learning environments. Online 
learning environments have many advantages, in-
cluding reach, accessibility, the ability to offer flex-
ible hours, and lower costs. This allows remote and 
low-income learners who would not otherwise 
have had access to the educational materials they 
need for career advancement or citizenship 
(Zawacki-Richter & Naidu, 2016). However, the ac-
celerating transition to digital delivery of education 
has created new forms of inequity in education be-
cause an individual’s participation in an online 
learning environment is impacted by access to 
technology (computers and the internet) and an in-
dividual’s ability to learn the requisite skills to navi-
gate a digital learning environment (Tsai et al., 
2020).Initially, the concept of the digital divide was 
focused on technology infrastructure access. In re-
cent years, however, more attention has been paid 
to the issues of ability, motivation to use technol-
ogy, and patterns of technology usage and how 
those factors are related to educational outcomes. 

There have been increasing discussions in pub-
lic education systems about how the use of learn-
ing analytics can help to create increased equity 
and inclusion. For instance, at-risk student early 
warning systems can help educational institutions 
direct the provision of support resources to the 
students who need them the most, thereby result-
ing in fairer education outcomes (Law & Liang, 
2020). Many educational institutions that have de-
veloped programs based on learning analytics re-
port significant positive impacts on student persis-
tence, you will also find that completion rates for 
first-generation college students and non-tradi-
tional learners (Arnold & Pistilli, 2012; Sclater et al., 
2016). The effectiveness of the early warning sys-
tems for detecting at-risk students will be influ-
enced by the quality of the predictive models used 
and the ability of the institution to provide timely 
and targeted support based on the findings gener-
ated through analytics. 

There's been new academic research to sug-
gest that learning analytics projects should be 
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viewed within a larger ethical and policy framework 
that appropriately addresses the considerations of 
data governance, learners giving consent, and in-
stitutional responsibility (Tsai et al., 2020; William-
son et al., 2020).The Public education services en-
tail sensitivity level of caregivers and students due 
to several reasons, such as; students enrolled in 
Adult Education and Continuing Education pro-
grams are likely to have social vulnerabilities; stu-
dents may have concerns regarding the types of 
data collected. Thus; making use of predictive ana-
lytics in Public Education environments requires 
responsible use of predictive analytics; this re-
quires more than technical and quality aspects. It 
requires a strong commitment to transparency re-
garding how systems operate; it requires the in-
volvement of learners during the design phase of 
systems; and it requires ongoing evaluations of the 
broad impact of decisions made by algorithms. 
 
2.4 Feature Selection and Interpretability of Edu-
cational Predictive Models 
 
Among the most difficult aspects of creating learn-
ing analytics models, is selecting predictor varia-
bles that are useful to create future predictions 
and are easily interpreted by education profession-
als. The existence of large volumes of data in an 
LMS creates a risk of overfitting (i.e. adding too 
many predictor variables) or multicollinearity (i.e. 
two or more predictor variables are highly corre-
lated) if there is no established variable selection 
method (Baker & Inventado, 2014). This is a chal-
lenge faced by researchers who have attempted to 
address historically in many different ways; includ-
ing, filter methods - which use statistical associa-
tions; wrapped methods - which evaluate different 
combinations of predictor variables based on pre-
dictive performance; embedded methods (e.g., cal-
culating feature importance based on tree-based 
ensembles) (Kotsiantis, 2012). 

Interpretability of predictive models is espe-
cially important in education because those re-
sponsible for making decisions, require trust and 
understanding when implementing decisions 
based on the recommendations of algorithms 

(Rudin, 2019). Making accurate predictions using 
the model but not being able to interpret the rea-
son for the prediction is problematic from a practi-
cal perspective; even if the predictive ability of the 
model is better than those of simpler models based 
on various technical criteria. As a result, research-
ers in learning analytics are devoting greater atten-
tion to Explanatory Artificial Intelligence (XAI) 
methods (e.g., SHAP and LIME), which provide gen-
eral and individual level explanations of the predic-
tions made by models (Lundberg & Lee, 2017). 

Research indicates that the use of feature im-
portance analysis produces results that are mean-
ingful educationally. Feature importance analysis 
consistently identified assessment-related varia-
bles (e.g., average assessment score; frequency of 
submission of assessments; variance of assess-
ment scores) and engagement timing measures to 
be the highest predictive powers for students in 
online learning data (Hlosta et al. 2017; Hussain et 
al. 2018). These findings support the theoretical 
models of self-regulated learning which suggest 
that academic success is most influenced by the 
processes of metacognitive monitoring and strate-
gic effort (Zimmerman, 2000). The knowledge of 
which features are the most predictive assists the 
education sector in targeting their monitoring and 
intervention efforts at the behavioral signals most 
useful in identifying students 'at-risk' (Kuzilek et al., 
2017). 

Research Questions: 
RQ1: Which learning analytics indicators are 

most strongly associated with students’ academic 
risk in online learning environments? 

RQ2: To what extent can machine learning mod-
els accurately predict at-risk students using learn-
ing analytics data? 

RQ3: Which machine learning model provides 
the best predictive performance for identifying at-
risk students in online learning environments? 

RQ4: Which behavioral and assessment-related 
features contribute most strongly to the prediction 
of student academic risk? 
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2.5 Direct Comparison with OULAD Studies 
 
Table 1 compares studies that are particularly rele-
vant to the revised design. The comparison shows 
that the present contribution is methodological: a 
fixed day-28 prediction point, pre-aggregation 
temporal truncation, student-grouped validation, 
uncertainty and calibration reporting, score-availa-
bility sensitivity, subgroup diagnostics, and SHAP-
based interpretation are combined in one repro-
ducible workflow. 
 
Table 1. Direct comparison of the present study with 
selected OULAD prediction studies 

Study Objec-
tive/method 

Main finding Main limita-
tion for com-
parison 

Hlosta et 
al. (2017) 

Daily prediction of 
assessment non-
submission; LR, 
SVM, RF, NB, XGB 

PR-AUC varied 
markedly by 
day; timing af-
fected utility 

Different tar-
get; course-
specific daily 
cutoffs 

Jha et al. 
(2019) 

Dropout and re-
sult prediction; 
GBM, DRF, DL, 
GLM 

AUC up to 0.91 
for dropout and 
0.93 for result 

Whole-record 
feature con-
struction; not 
a fixed early 
cutoff 

Adnan et 
al. (2021) 

Risk prediction at 
20–100% of 
course length us-
ing multiple ML 
models 

Performance 
increased as 
more course 
data became 
available 

Percentage-
based hori-
zons; compar-
ison depends 
on course 
length 

Al-
Zawqari 
et al. 
(2022) 

RF and ANN with 
flexible feature 
selection 

86–88% accu-
racy for failure; 
up to 93% for 
dropout 

Class-specific 
tasks; timing 
and validation 
differ 

Zhang & 
Ahn 
(2023) 

Semester-aware 
weekly prediction; 
11 single/inte-
grated algorithms; 
SHAP 

F1 generally 
improved from 
weeks 8 to 32; 
voting reached 
84% end-se-
mester accu-
racy 

Course/se-
mester-spe-
cific models; 
later horizons 

Ujkani et 
al. (2024) 

ML/DL at-risk 
classification with 
SHAP 

Best custom 
NN accuracy 
93%; SHAP 
highlighted en-
gagement and 
registration 

Prediction 
horizon and 
grouping dif-
fer from the 
present de-
sign 

Present 
study 

Days 
14/28/42/56; 
seven ML models; 
student grouping; 
SHAP; calibration 
and sensitivity 
analyses 

Day-28 test 
ROC-AUC 
0.790; PR-AUC 
0.770; F1 
0.656 

Single institu-
tion; score-re-
lease timing 
unavailable; 
no interven-
tion evalua-
tion 

 
3. Methodology 
 
3.1 Data Source, Scope, and Unit of Analysis 
 
The analysis used the official Open University 
Learning Analytics Dataset (OULAD), obtained 

from the Open University repository and docu-
mented by Kuzilek et al. (2017). OULAD contains 
anonymized data from 2013–2014 for seven mod-
ules and 22 module presentations. The raw files 
comprise 32,593 enrolment rows, 28,785 unique 
students, 173,912 student-assessment records, 
and 10,655,280 VLE interaction rows. The unit of 
analysis was a student–module–presentation en-
rolment. The anonymized module codes do not 
identify a programme, undergraduate/postgradu-
ate status, or formal academic level; therefore, 
these attributes cannot be inferred and are not 
claimed in this study. The variable highest_educa-
tion describes the learner’s prior qualification, not 
the level of the module. 

OULAD was selected for methodological com-
parability rather than as a proxy for contemporary 
online-learning populations. Its publicly docu-
mented relational structure links registration, de-
mographic, assessment, course, and daily VLE-in-
teraction records, allowing prediction-time fea-
tures to be reconstructed transparently and com-
pared directly with prior OULAD studies. The 2013-
2014 observation period is therefore appropriate 
for evaluating the reproducibility and leakage con-
trol of the analytical protocol, but it cannot estab-
lish the current institutional validity of the fitted 
model. 

The primary prediction point was day 28 rela-
tive to the official module start. Sensitivity anal-
yses used days 14, 42, and 56. The cutoff was an 
information-availability boundary: timestamped 
records satisfying date ≤ cutoff were retained be-
fore aggregation. Because OULAD module re-
sources can open before the official start, the day-
28 dataset contained observable VLE records 
from day −25 through day 28 (54 calendar indices). 
Thus, “early” refers to prediction by day 28, not to 
a claim that exactly 28 calendar days of history 
were used. 
 
3.2 Table Integration and Enrolment Structure 
 
studentInfo and studentRegistration were merged 
one-to-one on id_student, code_module, and 
code_presentation; course metadata were then 
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merged many-to-one by module and presentation. 
VLE rows were first truncated at the cutoff, aggre-
gated to daily clicks, and then summarized at enrol-
ment level. Assessment submissions were likewise 
truncated by date_submitted before being joined 
to assessment metadata and aggregated. Only 
one-row-per-enrolment feature blocks were 
merged into the modelling table. No duplicated en-
rolment keys remained in studentInfo or studen-
tRegistration. 

A total of 3,538 students had more than one en-
rolment. Consequently, all enrolments belonging to 
the same id_student were assigned to the same 
train, validation, or test fold. This prevents the 
model from learning a student’s history in one split 
and evaluating the same student in another. 
 
3.3 Prediction Cohort, Outcome, and Leakage 
Control 
 
At each cutoff, the operational risk set contained 
students who had registered and had not already 
unregistered by that prediction point. The date_un-
registration field was used only to define eligibility 
at the prediction time and was never supplied to a 
model. Direct or derived unregistration predictors, 
whole-course activity totals, post-cutoff submis-
sions, and final-result fields were excluded. At day 
28, 5,055 already-withdrawn enrolments and 16 
not-yet-registered enrolments were excluded, 
leaving 27,522 eligible enrolments representing 
24,832 students. 

The primary binary outcome coded Fail and 
Withdrawn as at risk and Pass and Distinction as 
not at risk. This grouping reflects the operational 
decision of whether supportive outreach may be 
warranted; it does not imply that failure and with-
drawal have identical pedagogical causes. A three-
class sensitivity analysis separately modelled Suc-
cess, Fail, and Withdrawn. 
 
3.4 Predictors and Preprocessing 
 
Predictors comprised registration and course in-
formation; demographic and prior-study charac-

teristics; overall, recent, and activity-type VLE en-
gagement; and assessment-submission and score 
summaries observable by the cutoff. The revised 
completion rate was defined as the number of dis-
tinct assessments due and submitted by the cutoff 
divided by the number due by that cutoff, produc-
ing a bounded 0–1 measure. The redundant ac-
tive_day_rate variable was removed. Numeric var-
iables were median-imputed with missingness in-
dicators and standardized; categorical variables 
were mode-imputed and one-hot encoded. All pre-
processing was estimated inside each training fold. 

OULAD records assessment submission dates 
but not the dates on which scores became institu-
tionally visible. The primary model assumes that 
scores attached to submissions by the cutoff were 
available. A conservative score-excluded analysis 
therefore retained submission behavior but re-
moved all score-derived variables. 
 
3.5 Algorithms, Validation, and Hyperparameter 
Optimization 
 
Seven algorithms were selected to cover inter-
pretable linear, probabilistic, distance-based, mar-
gin-based, single-tree, bagged-tree, and boosted-
tree approaches: Logistic Regression, Gaussian 
Naïve Bayes, k-Nearest Neighbours (k-NN), radial-
basis-function Support Vector Machine (SVM), De-
cision Tree, Random Forest, and Gradient Boost-
ing. Logistic Regression and Naïve Bayes provide 
transparent baselines; k-NN evaluates local simi-
larity; SVM represents a non-linear margin classi-
fier; Decision Tree provides a simple rule-based 
comparator; Random Forest evaluates bagging; 
and Gradient Boosting evaluates sequential en-
semble learning. This expanded comparison di-
rectly addresses why commonly used alternatives 
were or were not retained. Table 2 summarizes the 
model-specific dimensions included in randomized 
hyperparameter optimization. 

One-fold of a five-fold StratifiedGroupKFold 
formed the held-out test set (5,505 enrolments); 
the remaining observations were used for develop-
ment. Five-fold student-grouped validation within 
the development set supported model comparison 
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and randomized hyperparameter search, using 
ROC-AUC as the selection criterion. The test set 
was not used for model or parameter selection. All 
seven models were tuned. The selected Gradient 
Boosting configuration used 300 estimators, 
learning_rate=0.08, max_depth=2, min_sam-
ples_leaf=20, min_samples_split=5, subsam-
ple=0.70, and random_state=42. 
 
Table 2. Algorithms and randomized hyperparameter-
search dimensions. 

Model Randomized-search dimensions 
Logistic Regression C, class weight, solver; L2 penalty 
Decision Tree criterion, depth, minimum split/leaf, 

class weight 
Random Forest 300–800 trees, depth, minimum 

split/leaf, feature sampling, class weight 
Gradient Boosting 100–500 estimators, learning rate, 

depth, minimum split/leaf, subsample, 
feature sampling 

SVM (RBF) C, gamma, class weight 
Naïve Bayes variance smoothing 
k-NN neighbours, weights, Minkowski p, leaf 

size 
 
3.6 Evaluation, Explainability, and Robustness 
 
Accuracy, precision, recall, F1, ROC-AUC, average 
precision (PR-AUC), and Brier score were reported 
at a prespecified 0.50 classification threshold. Stu-
dent-cluster bootstrap resampling (1,000 itera-
tions) provided 95% confidence intervals for the 
selected model. Calibration was assessed using 
ten quantile bins. Learning curves compared train-
ing and grouped-validation ROC-AUC. Additional 
analyses comprised course-presentation-grouped 
holdout validation, demographic- and score-exclu-
sion specifications, subgroup diagnostics, and the 
three-class outcome model. 
 

 
Global and directional explanations were gener-

ated using SHapley Additive exPlanations (SHAP) 
for the selected Gradient Boosting model. SHAP 
values describe associations with model output 

conditional on the fitted model; they do not estab-
lish causal effects. All analyses used Python 3.13.7, 
scikit-learn 1.9.0, pandas 3.0.3, NumPy 2.2.6, SHAP 
0.52.0, and random_state=42 
 
4. Results 
 
4.1 Cohort and Descriptive Statistics 
 
At day 28, the analytical cohort comprised 27,522 
enrolments from 24,832 unique students. Of 
these, 15,379 (55.9%) subsequently passed or 
achieved distinction and 12,143 (44.1%) failed or 
withdrew. The raw OULAD records included seven 
modules and 22 module presentations. Table 3 
provides dispersion, central tendency, range, and 
missingness for the main analytical variables; com-
plete numerical and categorical descriptives for 
every dependent and independent variable are 
provided in Supplementary Tables S1-S2. Engage-
ment was highly heterogeneous: total clicks aver-
aged 356.95 (SD=430.90; median=225; range=0-
7,697), while active days averaged 14.66 
(SD=10.36; median=13; range=0-54). The median 
learner had last interacted two days before the cut-
off. Assessment completion was concentrated at 
1.00 but was not applicable for 18.13% of enrol-
ments because no assessment was due by day 28. 
The weighted mean assessment score was 72.96 
(SD=21.57; median=77.47), with 25.90% missing 
because no observable scored submission was 
available by the cutoff. Appendix Table A1 provides 
ten de-identified representative analytical records. 
 

 
 
 
 

Table 3. Descriptive statistics for the day-28 analytical cohort 
Variable N Missing (%) Mean SD Median Min Max 
Active days 27,522 0.00 14.66 10.36 13.00 0.00 54.00 
Days since last VLE 
activity 

26,617 3.29 4.00 6.12 2.00 0.00 52.00 

Assessment com-
pletion rate 

22,533 18.13 0.89 0.31 1.00 0.00 1.00 

Weighted mean 
assessment score 

20,395 25.90 72.96 21.57 77.47 0.00 100.00 

Late submissions 27,522 0.00 0.19 0.39 0.00 0.00 2.00 
Prior attempts 27,522 0.00 0.16 0.47 0.00 0.00 6.00 
Studied credits 27,522 0.00 76.32 38.24 60.00 30.00 630.00 



Verda Gizem Oğul & Yavuz Selim Balcıoğlu 
   

 9 

4.2 Model Comparison and Held-Out Perfor-
mance 
 
Table 4 reports held-out performance for all seven 
classifiers. Gradient Boosting had the highest 
tuned grouped-validation ROC-AUC (0.7919) and 
was therefore selected without reference to test 
performance. On the held-out test set it achieved 
ROC-AUC=0.7895 and PR-AUC=0.7704. Logistic 
Regression, Random Forest, and SVM produced 
similar but slightly lower discrimination, indicating 
that Gradient Boosting's advantage was modest 
rather than categorical. Naive Bayes had high pre-
cision but very low recall at the 0.50 threshold. Fig-
ure 1 compares the held-out ROC curves, whereas 
Figure 2 shows the precision-recall curves and the 
stronger separation among the leading models rel-
ative to the prevalence baseline. 
 

 

 
Figure 1. Held-out ROC curves at day 28 
 

 
Figure 2. Held-out precision–recall curves at day 28 
 
 

4.3 Uncertainty, Classification Errors, and Cali-
bration 
 
For Gradient Boosting, accuracy was 0.724 (95% 
CI: 0.711–0.735), precision 0.728 (0.708–0.748), 
recall 0.597 (0.578–0.617), F1 0.656 (0.639–
0.671), ROC-AUC 0.790 (0.777–0.801), PR-AUC 
0.770 (0.753–0.786), and Brier score 0.183 
(0.178–0.188). The model correctly classified 1,451 
of 2,429 at-risk enrolments and missed 978; it gen-
erated 542 false-positive alerts among 3,076 not-
at-risk enrolments. Therefore, the model is useful 
for ranking and triage but does not identify “almost 
all” at-risk students at the default threshold. Table 
5 reports the corresponding confusion matrix.  Fig-
ure 3 shows that observed risk proportions re-
mained close to mean predicted probabilities 
across deciles, although this retrospective calibra-
tion does not replace prospective local validation. 

 
Table 5. Confusion matrix for the selected Gradient 
Boosting model at the 0.50 threshold. 

 Predicted not at 
risk 

Predicted at risk 

Actual not at risk 2,534 542 
Actual at risk 978 1,451 

 

 
Figure 3. Probability calibration of the selected day-28 
model. 
 
 
  

Table 4. Held-out test-set performance of the seven classifiers at day 28 
Model Accuracy Precision Recall F1 ROC-AUC PR-AUC 
Gradient Boosting 0.724 0.728 0.597 0.656 0.790 0.770 
Logistic Regression 0.715 0.682 0.666 0.674 0.784 0.764 
Random Forest 0.721 0.737 0.571 0.644 0.783 0.762 
SVM (RBF) 0.716 0.703 0.617 0.657 0.782 0.748 
k-NN 0.709 0.750 0.511 0.608 0.772 0.752 
Decision Tree 0.701 0.705 0.552 0.620 0.748 0.719 
Naive Bayes 0.641 0.805 0.245 0.376 0.714 0.678 
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4.4 Earliness–Performance Trade-Off 
 
Grouped-validation discrimination improved as 
later information became available. ROC-AUC in-
creased from 0.747 at day 14 to 0.792 at day 28, 
0.812 at day 42, and 0.835 at day 56. F1 increased 
from 0.628 to 0.697 across the same prediction 
points. Because students who had already with-
drawn were removed from each operational risk 
set, cohort size and risk prevalence also changed 
over time; the curves therefore describe perfor-
mance for the still-enrolled population at each de-
cision point. Table 6 reports the estimates numeri-
cally, and Figure 4 visualizes the earliness-perfor-
mance trade-off. 
 
Table 6. Grouped-validation performance across oper-
ational prediction cutoffs. 

Cutoff Enrol-
ments 

ROC-AUC PR-AUC F1 

14 28,061 0.747 ± 
0.006 

0.713 ± 
0.008 

0.628 ± 
0.005 

28 27,522 0.792 ± 
0.008 

0.772 ± 
0.010 

0.653 ± 
0.015 

42 27,012 0.812 ± 
0.004 

0.791 ± 
0.003 

0.673 ± 
0.005 

56 26,513 0.835 ± 
0.006 

0.816 ± 
0.006 

0.697 ± 
0.009 

 

 
Figure 4. Earliness–performance trade-off across op-
erational cutoffs. 
 
4.5 Overfitting and Course-Presentation Ro-
bustness 
 
As shown in Figure 5, the learning curve showed a 
large training–validation gap with 3,522 observa-
tions (0.083) that narrowed to 0.020 at the full de-
velopment sample. Validation ROC-AUC plateaued 
near 0.792, suggesting limited residual overfitting 
and little evidence of underfitting. When entire 
course-presentation groups were held out, mean 

ROC-AUC was 0.777±0.028 and PR-AUC was 
0.754±0.035. The modest decline relative to ordi-
nary student-grouped validation indicates partial, 
but not complete, transfer across offerings. 

 
Figure 5. Learning-curve assessment of overfitting 
and data sufficiency. 
 
4.6 Explainable Artificial Intelligence Results 
 
Figures 6 and 7 present the global and directional 
SHAP results. Figure 6 ranks predictors by mean 
absolute SHAP magnitude, identifying assessment 
completion, weighted assessment score, prior ed-
ucation, active days, module context, click activity, 
VLE recency, and late submissions as the leading 
signals. 

 
Figure 6. Global SHAP importance for the day-28 Gra-
dient Boosting model 
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Figure 7 shows that lower completion and scores, 
fewer active days, longer inactivity, late submis-
sions, and previous attempts generally shifted pre-
dictions toward risk. Because correlated engage-
ment and score summaries can share attribution, 
these patterns explain the fitted model but should 
not be interpreted as causal or institution-invariant 
effects. 

 
Figure 7. Direction and distribution of SHAP effects for 
leading predictors 
 
4.7 Sensitivity and Subgroup Diagnostics 
 
Table 7 summarizes the sensitivity specifications. 
Excluding demographic predictors reduced ROC-
AUC from 0.790 to 0.778 and F1 from 0.656 to 
0.642. Excluding assessment-score predictors re-
duced ROC-AUC to 0.762 and F1 to 0.629, showing 
that a more conservative score-free model re-
tained useful but weaker discrimination. The three-
class model achieved accuracy=0.636, balanced 
accuracy=0.490, and macro-F1=0.496. Recall was 
0.903 for Success, 0.368 for Fail, and 0.199 for 
Withdrawn, confirming that the adverse outcomes 
are difficult to distinguish from each other using 
the available day-28 predictors. Figure 8 presents 
the three-class confusion matrix, showing that 

most errors involved Fail and Withdrawn cases be-
ing assigned to Success or to the other adverse-
outcome category. 
 
Table 7. Sensitivity analyses for alternative predictor 
and outcome specifications. 

Specification ROC-
AUC 

PR-AUC F1 

Full binary model 0.790 0.770 0.656 
Demographics excluded 0.778 0.760 0.642 
Assessment scores ex-
cluded 

0.762 0.743 0.629 

Three-class model 0.762* — 0.496† 
*Weighted one-vs-rest ROC-AUC. †Macro-F1. 

 

 
Figure 8. Three-class sensitivity analysis: Success, 
Fail, and Withdrawn. 

 
Subgroup ROC-AUC was relatively stable for 

gender and disability groups, but threshold-de-
pendent recall and false-positive rates differed. 
For example, recall was 0.549 for women and 
0.636 for men; it was 0.534 for learners with A-
level-equivalent prior education and 0.676 for 
those below A level. These differences partly re-
flect different risk prevalences and do not estab-
lish discrimination, but they preclude a claim that 
the model is demonstrably fair. Small subgroups, 
especially learners aged 55+ and some education 
categories, produced imprecise estimates. 
 
5. Discussion 
 
5.1 Principal Findings 
 
The revised analysis supports a bounded claim: by 
day 28, OULAD records contain a meaningful but 
imperfect signal of later failure or withdrawal. Gra-
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dient Boosting provided the highest validation dis-
crimination, yet its test advantage over Logistic 
Regression and Random Forest was only about 
0.006 ROC-AUC. The key result is therefore not 
that a complex ensemble overwhelmingly outper-
formed all alternatives, but that several methods 
produced similar moderate discrimination when 
evaluated under the same leakage-controlled, stu-
dent-grouped design. 

The contrast with the original whole-dataset re-
sult is substantive. Once post-cutoff and unregis-
tration-derived information was removed, accu-
racy declined from the previously reported 94% to 
72%, and ROC-AUC from 0.985 to 0.790. This re-
duction is expected and strengthens credibility: 
performance now corresponds to information ac-
tually available at the declared prediction point. 
 
5.2 Relationship to Prior OULAD Research 
 
The findings align with prior evidence that predic-
tion improves as the course progresses (Hlosta et 
al., 2017; Adnan et al., 2021; Zhang & Ahn, 2023). 
The day-28 ROC-AUC of 0.790 is lower than stud-
ies reporting 0.90 or above from later, whole-
course, class-specific, or differently constructed 
tasks (Jha et al., 2019; Al-Zawqari et al., 2022; 
Ujkani et al., 2024). These values are not contradic-
tions: they correspond to different targets, time 
points, feature sets, and validation schemes. The 
present design prioritizes a reproducible opera-
tional cutoff and student-disjoint evaluation over 
maximizing headline accuracy. 

The SHAP results are also consistent with re-
cent explainable OULAD studies in showing that 
VLE engagement, assessment behavior, prior at-
tainment, and registration context carry substan-
tial information (Zhang & Ahn, 2023; Ujkani et al., 
2024). The revised model does not reproduce the 
earlier claim that a single last-activity variable ex-
plains approximately 85% of performance; in-
stead, importance is distributed across assess-
ment completion, scores, prior education, activity 
regularity, recency, and module context. 

 

5.3 Interpretation of Failure and Withdrawal 
 
Combining Fail and Withdrawn remains defensible 
for first-stage supportive triage because both out-
comes may justify contact, and the three-class 
model had low recall for both adverse classes—es-
pecially withdrawal. Nevertheless, they should not 
be treated as pedagogically identical. Failure may 
reflect difficulty mastering assessed content, 
whereas withdrawal can reflect financial, health, 
employment, caring, motivational, or administra-
tive factors not recorded in OULAD. Institutions 
should therefore follow a binary alert with human-
led diagnosis rather than assigning a standardized 
intervention based solely on the model. 
 
5.4 Practical and Managerial Implications 
 
A day-28 model may help allocate limited advising 
capacity by ranking still-enrolled students for sup-
portive outreach. The calibrated probabilities are 
more appropriate for prioritization than a rigid la-
bel. At the default threshold, recall was only 0.597, 
so institutions seeking to miss fewer at-risk learn-
ers would need a lower threshold and should antic-
ipate more false positives. Thresholds should be 
chosen according to intervention capacity, the 
cost of unnecessary contact, and the harm of 
missed support. 

The SHAP findings suggest actionable monitor-
ing domains rather than deterministic rules: com-
pletion of assessments already due, assessment 
performance when available, recent and sustained 
VLE engagement, late submission, and prior at-
tempts. An alert should prompt a conversation and 
offer of assistance. It should not restrict access, re-
duce opportunities, or be interpreted as evidence 
of low ability. 
 
5.5 Ethical and Equity Considerations 
 
The analysis does not establish algorithmic fair-
ness. Prior education was among the leading pre-
dictors, and subgroup sensitivity and false-positive 
rates differed at the 0.50 threshold. Removing de-
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mographic predictors produced only a modest per-
formance decline, but omitting protected attrib-
utes does not remove structural inequality from 
behavioral traces. Deployment should include sub-
group monitoring, transparent communication, ap-
peal and correction mechanisms, data minimiza-
tion, human review, and periodic recalibration. Out-
reach should be supportive and voluntary wher-
ever possible. 
 
5.6 Limitations and Future Research 
 
First, OULAD represents one UK distance-learning 
institution in 2013-2014; the anonymized modules 
do not reveal programme or academic level. The 
dataset remains valuable as a stable, publicly doc-
umented benchmark for temporal reconstruction 
and direct methodological comparison, but it can-
not represent post-pandemic platforms, current 
instructional designs, or contemporary learner be-
haviour. External validity to other institutions and 
current learner populations is therefore unknown, 
and the fitted model should not be deployed with-
out prospective validation and recalibration on re-
cent local data. Second, the operational cohort 
changes across prediction points because stu-
dents who have already withdrawn are no longer 
eligible; the earliness curve should not be inter-
preted as a pure within-cohort experiment. Third, 
OULAD provides submission dates but not score-
release timestamps, making the score-free sensi-
tivity analysis important. Fourth, module and 
presentation indicators were influential, and 
course-presentation holdout performance was 
lower than ordinary student-grouped validation. 
Fifth, SHAP explanations are associational and can 
distribute importance across correlated variables. 
Sixth, subgroup estimates are descriptive and un-
derpowered for small categories. Finally, the study 
evaluates prediction, not whether an intervention 
improves outcomes. 

Future work should prospectively validate the 
protocol using recent multi-institutional learning-
management-system data, compare fixed cohorts 
across prediction times, record when grades be-

come operationally available, tune decision thresh-
olds to intervention capacity, distinguish pedagog-
ical from non-academic withdrawal mechanisms, 
and test whether human-led interventions produce 
benefits without disproportionate burden or 
stigma. 
 
6. Conclusion 
 
Using leakage-controlled information available by 
day 28, student-grouped validation, seven tuned 
classifiers, calibration, uncertainty estimates, ro-
bustness checks, and SHAP explanations, this 
study found moderate and operationally relevant 
prediction of later failure or withdrawal. Gradient 
Boosting achieved ROC-AUC=0.790 and PR-
AUC=0.770 on a student-disjoint test set but recall 
at the default threshold was 0.597 and perfor-
mance was close to several simpler alternatives. 
Assessment completion and performance, prior 
education, active days, and VLE recency were in-
fluential, while a score-free model retained lower 
but meaningful discrimination. The model should 
therefore be understood as a prioritization aid for 
supportive human outreach, not an autonomous 
decision system. The credible contribution is a 
transparent account of what can be predicted at a 
specified early point and of the uncertainty, heter-
ogeneity, and governance constraints that accom-
pany that prediction. 
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Appendix A. Representative Analytical Records 
 
Table A1 presents ten genuine records selected re-
producibly from the day-28 analytical dataset (five 
at-risk and five not-at-risk enrolments). The origi-
nal anonymized student identifier was removed 
and replaced by a sequential record code. Com-
bined cells report related measures compactly; a 
dash indicates that no applicable assessment 
score was observable by day 28 

Table A1. De-identified representative records from the day-28 analytical dataset 
Record Module / term Sex / age Prior education Clicks / days VLE recency Completion 

/ score 
Outcome / risk 

R001 BBB / 2014J F / 35-55 A-level equiva-
lent 

312 / 11 3 1.00 / 1.0 Pass / Not at risk 

R002 CCC / 2014J M / 0-35 A-level equiva-
lent 

650 / 17 0 1.00 / 100.0 Distinction / Not at 
risk 

R003 FFF / 2014B M / 35-55 Below A-level 453 / 20 1 1.00 / 78.0 Pass / Not at risk 
R004 CCC / 2014B M / 35-55 A-level equiva-

lent 
708 / 24 1 1.00 / 70.0 Distinction / Not at 

risk 
R005 FFF / 2014J M / 35-55 Below A-level 1,374 / 30 0 1.00 / 72.0 Pass / Not at risk 
R006 BBB / 2014J M / 35-55 Below A-level 277 / 9 2 1.00 / 1.0 Withdrawn / At risk 
R007 DDD / 2013B M / 0-35 Below A-level 354 / 22 0 1.00 / 76.6 Withdrawn / At risk 
R008 EEE / 2014B M / 0-35 A-level equiva-

lent 
171 / 8 5 - / - Fail / At risk 

R009 DDD / 2013J F / 0-35 A-level equiva-
lent 

105 / 12 4 1.00 / 50.0 Fail / At risk 

R010 FFF / 2014J F / 0-35 HE credential 253 / 23 2 1.00 / 60.0 Withdrawn / At risk 
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