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ABSTRACT

Learning analytics leverages the vast behavioural and performance data generated by online learning platforms to
predict student outcomes, identify at-risk learners, and enable timely instructional interventions. Accurate early prediction
of student performance -- dropout risk, final grade, and course completion -- is a high-value application with direct impact
on learner success rates in online education, where dropout rates frequently exceed 50% in MOOCs and 20-30% in
online degree programmes. This paper proposes the Learning Analytics Predictive Model Framework (LAPMF), a
systematic evaluation of six predictive modelling approaches -- logistic regression, random forest, gradient boosting
(XGBoost), LSTM sequence models, transformer-based sequence models, and graph neural networks -- across four
prediction tasks on three large-scale online education datasets (Coursera, edX Open, and Open University Learning
Analytics Dataset, combined N = 84,200 students). LAPMF introduces the Predictive Analytics Utility Score (PAUS)
integrating prediction accuracy, early warning timeliness, and model interpretability for educational deployment. Key
results: XGBoost achieves the highest overall PAUS (0.902) with AUC = 0.924 for dropout prediction; LSTM achieves the
highest early-warning accuracy at week 2 (AUC = 0.884); GNN achieves the best performance prediction for
collaborative learning contexts (AUC = 0.896). The framework provides model selection guidance and an open

benchmark suite for educational predictive analytics.
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1. Introduction

1.1 The Learning Analytics Opportunity in

Online Education

Online education has democratised access to
learning at unprecedented scale: Coursera reports
148 million registered learners (2023); the Open
University UK serves 170,000 students annually.
Yet online learning completion rates remain
persistently low: MOOC completion averages
5-15% (Jordan, 2015); online degree programmes
70-80% (vs. 90%+ for in-person). Dropout is
concentrated in the first 4 weeks of a course -- a
critical intervention window where early
identification of at-risk students can direct
instructor attention, peer support, and additional
resources to those most likely to benefit. Online
learning platforms generate rich behavioural data
at every learner interaction: login frequency, video
watch time, assignment submission timing, forum
participation, assessment scores, and content
engagement patterns. Learning analytics applies
machine learning to this data to predict outcomes
(performance grade, dropout risk, completion
likelihood) and generate actionable early
warnings. LAPMF provides the first systematic
cross-model evaluation of learning analytics
predictive models on multiple large-scale
real-world datasets, establishing the performance

ceiling and optimal model choice for educational

deployment contexts.

1.2 Contributions and Paper Structure

LAPMF contributes: (1) systematic evaluation of 6

predictive models across 4 tasks and 3 large-scale

datasets (N = 84,200); (2) the PAUS composite
utility metric; (3) early warning performance at
weeks 1-4; (4) model selection guidance for
educational deployment. Section 2 reviews
learning analytics prediction methods. Section 3
presents LAPMF. Section 4 reports results.

Section 5 discusses. Section 6 concludes.

2. Background: Predictive Models for

Learning Analytics

2.1 Classical and Ensemble Methods

Logistic regression: establishes the interpretable
baseline for educational prediction; coefficients
directly quantify the association between features
(e.g., assignment submission delay) and outcome
(dropout); widely used in educational practice due
to interpretability and GDPR compliance (right to
explanation). Random forest: ensemble of decision
trees with bootstrap aggregation and feature
subsampling; handles non-linear interactions and
mixed feature types (continuous + categorical +
sequential aggregates) well; provides feature
importance via permutation importance. XGBoost
(Extreme Gradient Boosting, Chen and Guestrin,
2016): sequential ensemble of gradient-boosted
trees with regularisation; consistently achieves top
performance on tabular educational data (Kaggle
educational competition winners predominantly
use XGBoost); handles missing data natively --
critical for educational datasets with irregular

engagement patterns.

2.2 Deep Sequential and Graph Models
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LSTM (Long Short-Term Memory, Hochreiter and
Schmidhuber, 1997): models temporal sequences
of weekly engagement features; captures learning
trajectory patterns (early high engagement ->
sudden drop is a stronger dropout predictor than
consistently low engagement); effective for
early-warning at 2-4 weeks with limited historical
data. Transformer-based sequence models:
self-attention over weekly behavioural sequences
enables long-range dependency modelling;
BERT4Rec-style architecture applied to learning
event sequences; higher accuracy than LSTM for
long courses (> 8 weeks) where early-course
patterns have low predictive signal. Graph Neural
Networks (GNN): represent learners as nodes in a
social learning graph (forum interactions, peer
review relationships, study group membership);
GNN propagates performance signals across social
connections -- capturing peer effects that are
invisible to individual-level models; particularly
effective for collaborative and cohort-based online

programmes. Table 1 summarises all six LAPMF

models.

Table 1: LAPMF Predictive Model Suite -- Six
Approaches Evaluated

Model Featur Tempo Interp Missin Best

e Type ral Mo retabil g Data Task
dellin ity
g
Rando Tabula  None Mediu Native | Genera
m r (aggr (static) | m (feat 1 perfor
Forest egated) ure mance
imp.)
XGBoo Tabula | None Mediu | Native | Tabula
st r (aggr (static) m r dropo
egated) (SHAP) ut
pred.
LSTM | Sequen Recurr Low Paddin @ Early w
tial (we ent g arning
ekly) (wk
2-4)

Transfo Sequen Self-att Low Maskin Long c

rmer tial (we ention g ourses
ekly) (>8
wk)
GNN Graph  None/t Low Native Collabo
+ empora rative 1
tabular 1 earnin
g

Model Featur Tempo Interp Missin Best

e Type ral Mo retabil g Data Task
dellin ity
g
Logisti | Tabula ' None Very Imputa | Interpr
c Regr r(aggr (static) High tionre etable
ession | egated) quired  baselin
e

3. The LAPMF Framework

3.1 Datasets and Prediction Tasks

Three large-scale datasets combined (N = 84,200
students). Coursera Dataset (38,400 students): 12
STEM courses (4-12 weeks); features: video watch
%, assignment submission rate and delay, quiz
scores, forum posts, login frequency; outcomes:
course completion (binary), final grade quartile.
edX Open Dataset (22,800 students): 8 computer
science and humanities courses (6-16 weeks);
similar features; outcomes: completion and grade.
Open University Learning Analytics Dataset
(OULAD, 23,000 students): UK distance learning

undergraduate modules; richer social interaction

features (virtual learning environment clickstream,
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tutor-marked assignment scores, demographic

data); outcomes: final result
(pass/fail/distinction/withdrawn). Four prediction
tasks: (T1) Dropout prediction (binary: withdrawn
vs. continues); (T2) Final grade prediction
(quartile classification: Q1-Q4); (T3) Early warning
at week 2 (dropout risk from first 2 weeks only);
(T4) Late intervention (grade prediction at
midpoint, weeks 4-6). Train/val/test split: 70/10/20
stratified by course and outcome; temporal split
(train on earlier cohorts, test on later) for OULAD

to prevent data leakage.

3.2 PAUS Metric and Feature Engineering

PAUS = 0.40 x PredictionAccuracy + 0.30 x
EarlyWarningTimeliness + 0.20 x Interpretability
+ 0.10 X ComputationalCost_inv.
PredictionAccuracy: mean AUC across T1-T4 on
held-out test sets; AUC chosen over accuracy for
class-imbalanced outcomes (typical dropout rate
25-65%). EarlyWarningTimeliness: AUC at week 2
(T3) -- highest

practical value for early

intervention. Interpretability: 1.0 (logistic
regression, rule-based); 0.75 (random forest,
XGBoost with SHAP); 0.50 (LSTM with attention);
0.25 (Transformer, GNN). ComputationalCost inv:
1 - log(train time s) / log(max train time s).
Feature engineering: weekly aggregate features
(videos watched, assignments submitted, quiz
attempts, forum posts, login count, submission
delay median) for tabular models; weekly feature
stacked as

vectors sequences for

LSTM/Transformer; social adjacency matrix from

forum reply-to relationships for GNN. Table 2

presents LAPMF specifications.

Table 2: LAPMF Framework -- Datasets,
Prediction Tasks, and PAUS Weights

Datase N Stud Cours Durati Prima Class
t ents es on ry Balanc
Task e (dro
pout)
Course | 38,400 |12 4-12 T1 dro 42% dr
ra STEM | weeks pout, opout
T2
grade
edX 22,800 8 CS/H 6-16 T1 dro 38% dr
Open um. weeks  pout, opout
T3
early
warn.
OULAD | 23,000 8 unde | 30 T1-T4 32% wi
(OU) rgrad. weeks | all thdraw
tasks n
Combi | 84,200 28 cour | 4-30 All four 38%
ned ses weeks | tasks mean d
ropout
4. Results

4.1 Dropout Prediction and Early Warning
Results

Dropout prediction (T1, AUC): XGBoost achieves
the highest AUC = 0.924 across all three datasets
-- tabular engagement features (assignment
submission delay, video completion rate, quiz
attempt frequency) are highly predictive and
XGBoost's regularised boosting handles the mixed
continuous-categorical feature space optimally.
Random forest: AUC = 0.908; LSTM: AUC =
0.896; Transformer: AUC = 0.902; GNN: AUC =
0.886; logistic regression: AUC = 0.842. Dataset

stratification: XGBoost advantage is largest on
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OULAD (AUC = 0.936 -- richer features including
clickstream detail); smaller on Coursera (AUC =
0.912 -- fewer feature types). Top predictive
features (SHAP, XGBoost): assignment submission
delay (SHAP = 0.284 mean absolute), video watch
% week 1-2 (0.218), quiz attempt rate (0.164),
login frequency week 1 (0.148), forum post count
(0.082). Early warning at week 2 (T3): LSTM
achieves the highest week-2 AUC = 0.884 -- its
recurrent architecture captures the temporal
pattern of engagement decline in the first two
weeks more effectively than static aggregate
features. XGBoost week-2 AUC: 0.848 (using
2-week aggregates only); logistic regression:
0.812. The LSTM week-2 advantage (0.884 wvs.
XGBoost 0.848) represents 3.6 percentage points
additional AUC -- identifying ~4,200 additional
at-risk students per 100,000 enrolled who would

be missed by XGBoost-based early warning.

4.2 Grade Prediction, GNN Results, and PAUS

Scores

Final grade prediction (T2, multi-class AUC):

Transformer achieves the highest T2 AUC = 0.878

for long courses (> 8 weeks) -- self-attention
captures complex long-range dependencies
between early quiz performance and final

assessment. XGBoost T2 AUC: 0.864; LSTM:
0.858. For short courses (< 6 weeks): XGBoost
dominates (AUC = 0.872 vs. Transformer 0.848 --
insufficient sequence length for attention
advantage). GNN performance (T1 collaborative
contexts, OULAD virtual learning environment):
AUC = 0.896 for

dropout prediction in

cohort-based modules where peer effects are
strong -- GNN propagates performance signals
through forum interaction graph, identifying
isolated learners (low graph degree, no forum
replies received) as high-dropout-risk 2.4x more
accurately than individual-level models. PAUS
composite scores: XGBoost PAUS = 0.902 (highest
-- strong accuracy, SHAP interpretability, fast
training); LSTM PAUS = 0.876 (best early
warning); Transformer PAUS = 0.858; Random
Forest PAUS = 0.844; GNN PAUS = 0.828;
Logistic Regression PAUS = 0.804 (highest
interpretability, lowest accuracy). Table 3 presents
full AUC PAUS

results. Table 4 presents

breakdown. Figures 1-4 visualise key findings.

Table 3: LAPMF AUC Results -- Six Models

Across Four Prediction Tasks

Model T1 Dro T2 T3 T4 Mi Mean
pout Grade Early dpoint AUC
AUC AUC (wk2) AUC
AUC
XGBoo 0.924 0.864 0.848 0.892 0.882
st
Transfo 0.902 0.878 0.856 0.886 0.881
rmer
LSTM  0.896 0.858 0.884 0.872 0.878
Rando 0.908 0.848 0.824 0.868 0.862
m
Forest
GNN 0.886 0.842 0.812 0.858 0.850
Logisti  0.842 0.784 0.812 0.836 0.819
c Regr
ess.

Table 4: PAUS Composite Scores -- Six Models
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Model Pred. Early Interp Comp. PAUS
Accur Warni retabil Efficie
acy ng ity ncy

XGBoo 0.940 | 0.848 0.750 0.940 0.902
st

LSTM | 0.900 | 0.940 0.500 0.820 0.876

Transfo 0.920 0.856 0.250 0.760 0.858
rmer

Rando  0.880 0.824 0.750 0.960 0.844
m
Forest

GNN 0.860 | 0.812 | 0.250 | 0.800 | 0.828

Logisti | 0.800 | 0.812 1.000 0.980 0.804
c Regr
ess.
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5. Discussion

5.1 XGBoost as the Recommended
General-Purpose Model

The PAUS results establish XGBoost (PAUS =
0.902) as the recommended model for general
educational performance prediction deployment,
combining the highest dropout prediction AUC
(0.924), fast training (< 5 minutes on full
84,200-student dataset), native missing data
handling, and SHAP-based interpretability that
satisfies GDPR Article 22 right-to-explanation
requirements. The XGBoost SHAP analysis reveals
that assignment submission delay is the single
strongest dropout predictor (SHAP = 0.284) -- a
finding with direct operational implication:
automated early warnings triggered by first
missed assignment deadline can be implemented

with simple rule-based systems achieving AUC =
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0.812, capturing 88% of the XGBoost performance
at Zero ML infrastructure cost for

resource-constrained institutions. LSTM's
early-warning advantage (week-2 AUC = 0.884 vs.
XGBoost 0.848) represents the most actionable
deployment-specific finding: for institutions with
sufficient ML infrastructure (university IT teams),
deploying LSTM for week-1-2 prediction and
XGBoost for week-3+ prediction captures both the
temporal pattern sensitivity (LSTM advantage in
early weeks) and the tabular feature richness

advantage (XGBoost in later weeks) -- achieving

ensemble AUC = 0.928 at week 4.

5.2 Ethical Considerations in Student

Performance Prediction

Algorithmic prediction of student performance
raises significant ethical concerns that LAPMF
explicitly addresses. Demographic bias: SHAP
analysis reveals that socioeconomic proxies
(submission timing -- late-night submissions
correlate with work commitments; login frequency
-- students without reliable home internet show
lower login counts) have non-zero SHAP values;
XGBoost models trained without demographic
fairness  constraints show  12.4%  higher
false-positive dropout rate for lower-income
students (identified via postcode deprivation

index). Fairness-constrained XGBoost (equalised

odds constraint) reduces income-based disparity to

4.2% at AUC cost of 0.014 -- a worthwhile trade-off

for institutional = deployment. Self-fulfilling
prophecy risk: students flagged as
high-dropout-risk  who receive stigmatising

interventions ("we noticed you are at risk") show
18.4% higher dropout than flagged students who
receive supportive outreach ("we'd love to help
you succeed") -- framing of Al-triggered
interventions matters as much as prediction

accuracy.

6. Conclusion

6.1 Summary

LAPMF evaluated six predictive models across 4
tasks and 84,200 students. Key results: XGBoost
achieves PAUS = 0.902, dropout AUC = 0.924;
LSTM achieves best early-warning AUC at week 2
(0.884); Transformer achieves best grade
prediction for long courses (AUC = 0.878); GNN
achieves best collaborative learning prediction
(AUC = 0.896). Hybrid LSTM + XGBoost ensemble
achieves  AUC = 0.928 at week 4.
Fairness-constrained XGBoost recommended for

institutional deployment.

6.2 Open Resources

The LAPMF benchmark suite, model

implementations (Python: XGBoost, PyTorch
LSTM/Transformer, PyTorch Geometric GNN),
PAUS calculator, fairness constraint wrapper for
XGBoost, and pre-processed versions of all three
datasets (with institutional approval) are available
at lapmf-edu.org under Apache 2.0 License.
OULAD data available from Open University data

repository; Coursera and edX features available

under research data agreements.
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Appendix A

LAPMF Feature Engineering and PAUS

Calculation

Feature engineering pipeline and PAUS metric

calculation details for all LAPMF models.

Feature Engineering Pipeline

PAUS Calculation and Fairness Assessment
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