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Abstract—Massive Open Online Courses (MOOCs) have
expanded access to learning, but learner dropout remains a
persistent challenge in online education. Most dropout prediction
studies transform learner traces into behavioral features and
train machine learning or deep learning models to identify at-
risk learners. Although this predictive layer is useful, it remains
limited for educational decision-making because a risk score does
not explain why a learner is at risk or what type of support
should be proposed. This study introduces Localized Actionable
Explainability (L-AXAI), a learning analytics framework that
combines dropout prediction, local explanation, and personalized
pedagogical nudging. The framework first transforms
clickstream logs into weekly behavioral indicators, then trains
predictive classifiers, and finally applies SHAP-based local
explanation to identify the strongest risk driver for each high-
risk learner. These local explanations are mapped to targeted
pedagogical actions using a transparent rule-based translation
matrix. Experiments on the KDD Cup MOOC dropout
benchmark produced closely comparable results for the two
strongest boosting models. Under the fixed stratified test split,
Gradient Boosting achieved 85.79% accuracy, 86.57% ROC-
AUC, and 94.41% PR-AUC, while XGBoost achieved 85.77%
accuracy and the same ROC-AUC. Because repeated-seed
evaluation and statistical significance testing were not conducted,
the small difference between these point estimates should not be
interpreted as definitive model superiority. The explainability
analysis identifies model-associated patterns involving weekly
activity intensity, active days, and early problem engagement.
The intervention layer generates candidate nudge categories,
mainly navigation, re-engagement, and session-completion
suggestions. The framework therefore returns an estimated
dropout risk, a local risk driver, and a candidate pedagogical
action. The nudges are intended as low-intensity decision-support
suggestions; their appropriateness, perceived pressure, and
effectiveness require validation with instructors and learners.

Keywords—MOOC dropout prediction; learning analytics;
explainable artificial intelligence; SHAP; localized explanation;
actionable intervention

1. INTRODUCTION

Online learning platforms have become one of the main
sources of data for education. Every learner activity such as

opening a course page, viewing a video, trying a problem, or
posting in a discussion forum leaves a trace that can be
analyzed to better understand the engagement and learning
progression [1], [2], [3]. These traces are used by learning
analytics and educational data mining to support teachers,
designers, and institutions in tracking learning processes and
improving educational decisions [4], [5], [6], [7], [8]. MOOCs
are a prime example of data-rich learning environments, with
large-scale enrollment and continuous clickstream records. But
the very openness that makes MOOCs appealing also makes it
hard to persist. Learners enter MOOCs with different goals,
different time constraints, and different levels of commitment.
Thus, completion rates cannot fully account for disengagement,
as learners may follow several trajectories rather than a single
common path [9], [10]. Consequently, predicting dropout has
become a central task in learning analytics. Previous work has
shown that activity indicators, weekly engagement signals, and
temporal representations can be used to identify learners who
are likely to stop participating [11], [12], [13], [14]. Later
work also advised that predictive performance should be
carefully evaluated because training and testing on the same
course may overestimate the real accuracy of a dropout model
[15], [16]. Predictive models are useful, but prediction is not
sufficient for teaching. A model may identify a learner as high-
risk, but this information is weak if the instructor does not
know which behavior created the risk. A learner who doesn’t
try problems needs a different type of support than a learner
who watches videos but never uses discussions. Likewise, a
learner with a long inactivity gap needs a different nudge than
a learner who browses through many pages without completing
learning tasks [17], [18], [19], [20]. Explainable Artificial
Intelligence (XAI) helps to open this black-box problem by
showing which features affect a prediction. LIME and SHAP
are popular methods for explaining machine learning models,
but counterfactual explanations offer an action-oriented
perspective by asking what changes are needed to obtain a
different outcome [21], [22], [23], [24], [25], [26]. However,
many educational applications of XAl are confined to global
feature importance. A global plot can show that problem events
are important in general, but it cannot automatically tell what
to do for a specific learner [27], [28], [29], [30], [31]. Thus, the
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real challenge is not only to predict dropout, but also to
associate the prediction with localized and educationally
meaningful action. This study introduces Localized Actionable
Explainability (L-AXAI), a framework that identifies at-risk
learners, explains each individual prediction, and converts the
top local risk driver into a pedagogical nudge. The framework
is evaluated on a public MOOC clickstream benchmark for
dropout prediction.

The main contributions of this work are fivefold. First, it
proposes a localized actionable explainability framework for
MOOC dropout intervention. Second, it extracts directly
interpretable weekly behavioral features from clickstream
events, including access, problem-solving, video engagement,
discussion participation, navigation, wiki usage, and inactivity.
Third, it formalizes the predictive and explainability layers
through supervised classification, tree-based boosting, SHAP
values, and an intervention mapping function. Fourth, it
introduces a transparent rule-based translation matrix that
converts local SHAP risk drivers into pedagogical nudges.
Finally, it evaluates the framework not only in terms of
predictive performance, but also through global and local
explanation analysis and the distribution of generated
intervention types.

The rest of this study is organized as follows: Section II
reviews the related literature. The mathematical formulation
and the proposed L-AXAI framework architecture are
described in Section III. Results are given in Section IV.
Discussion is presented in Section V. Finally, Section VI
concludes this study.

II. LITERATURE REVIEW

Over the past decade, MOOC dropout prediction has
progressed from simple activity-count models to temporal,
representation-based, and explainable learning analytics
frameworks [11], [12], [13], [14], [32]. Existing studies mainly
focus on improving early detection, generalization across
courses, or predictive performance [15], [16], [33], [34]. More
recent work has started to consider interpretability, but many
studies still stop at feature importance, SHAP plots, or visual
explanations without converting the explanation into a direct
learner-level pedagogical action [17], [19], [20], [27], [35].

This section reviews activity-based, temporal, deep
representation, explainable, and action-oriented dropout
prediction studies, highlighting key contributions and
limitations.

Early dropout prediction studies were mainly based on
learner activity features extracted from platform logs. Halawa
et al. [11] used activity indicators to red-flag students who
were likely to leave a course, showing that learner interaction
traces can support early warning. Similarly, Kloft et al. [12]
predicted dropout over weeks using machine learning models
and showed that weekly behavior can provide useful signals for
early detection. Taylor et al. [13] developed a scalable dropout
prediction pipeline and demonstrated that temporal and non-
temporal features can produce strong AUC values. However,
these approaches rely heavily on engineered counts and feature
importance analysis, which limits their ability to explain the
specific barrier faced by each learner.
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Several studies then focused on validation, transferability,
and robustness. Boyer and Veeramachaneni [36] explored
transfer learning for predictive models across MOOC contexts,
while Whitehill et al. [15] showed that same-course evaluation
can give overly optimistic estimates of dropout prediction
accuracy. Gardner and Brooks [16] also argued that dropout
model evaluation needs more rigorous procedures because
feature extraction methods and algorithms interact strongly.
These works are important because they show that high
accuracy alone is not enough. Nevertheless, their main concern
is predictive validity rather than pedagogical actionability.

Temporal and representation learning methods were
proposed to capture changes in learner behavior more deeply.
Fei and Yeung [14] introduced temporal models for dropout
prediction, moving beyond static activity totals. Jeon et al. [37]
proposed interpretable multi-layer representation learning to
reduce manual feature engineering, and Jeon and Park [38]
modeled clicks and videos jointly to improve weekly dropout
prediction. These studies improve the modeling of sequential
engagement and learning resources. However, their outputs
still mainly support classification, and the connection between
learned representations and instructor-level intervention
remains limited.

Other studies investigated behavior patterns and learner
trajectories. Kizilcec et al. [9] showed that MOOC
disengagement is not one single behavior but a set of learner
subpopulations with different engagement trajectories. Feng et
al. [18] analyzed dropout behaviors and identified meaningful
categories of learners in large-scale MOOCs. Alamri et al. [19]
used visually driven, multi-granularity explanations to compare
learning paths of completers and non-completers, showing that
non-completers may jump forward or follow irregular paths.
These studies are closer to pedagogy because they describe
behavior, but they do not automatically generate a concrete
nudge for each high-risk learner.

Explainability has been introduced more directly in dropout
prediction pipelines. Nagrecha et al. [17] showed that MOOC
dropout prediction pipelines can be made interpretable with
performance close to stronger black-box methods. Er [20] used
explainable machine learning to understand dropout in two
MOOC runs and discussed feature importance from a
pedagogical point of view. Swamy et al. [27] compared several
explanation methods in student performance prediction,
including LIME, SHAP, DiCE, and contrastive explanations,
and showed that explanation methods can disagree. These
studies show the relevance of XAI in education, but
explanation is still often presented as a separate analysis after
prediction rather than as an intervention engine.

Recent work also moved toward SHAP-based and
intervention-oriented systems. Liu [39] used a dilated
convolutional behavior model and SHAP analysis to identify
important learning behavior variables. Nti and Ramanayake
[35] proposed an explainable dropout prediction framework
that also considers tailored interventions in online personalized
education. Ajayi [40] combined stacked ensemble learning
with explainability for online dropout risk, and Nagy et al. [41]
connected interpretable dropout prediction with personalized
intervention. These studies are important because they
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explicitly connect interpretability with student support.
However, most of them do not define a transparent event-to-
nudge translation matrix based on local clickstream deficits.

Counterfactual and group-level explanation methods
provide another direction for actionable learning analytics.
Wachter et al. [24] formalized counterfactual explanations as a
way to explain automated decisions without opening the black
box, while Mothilal et al. [25] proposed diverse counterfactual
explanations that are useful when several possible changes may
lead to a desired outcome. Bufiay-Guisiian et al. [42] applied
group counterfactual explanations to support students at risk of
dropout, aiming to recover larger groups with lower
intervention cost. These works are highly relevant for future
learning analytics because they bring actionability into
explanation. Still, direct mapping from local MOOC event
deficits to  practical pedagogical nudges remains
underdeveloped.

The literature shows a clear evolution in the field of MOOC
dropout prediction, from activity-count models to more
complex temporal, representation-based, and more explainable
models. However, many studies still focus only on prediction
accuracy or visual explanation. One remaining gap is how to
translate local learner-level explanations into transparent and
practical pedagogical nudges that are personalized and can be
directly used by instructors.

III. MATERIALS AND METHODS

A. Proposed Method

The study is based on quantitative learning analytics,
utilizing  supervised machine learning and post-hoc
explainability. The goal is not only to predict at-risk learners,
but also to explain why each at-risk prediction is produced and
to transform this explanation into a concrete pedagogical
action. The proposed L-AXAI workflow presented in Fig. 1
begins from raw MOOC clickstream logs, which record learner
interaction events such as login, page views, video access,
problem attempts, discussion activity, navigation, and session
closing. During preprocessing, irrelevant events are removed,
timestamps are converted into a common format, and actions
are aggregated into learner-course sessions. Missing or invalid
records are also removed. The dataset is split into training,
validation, and testing sets after pre-processing. The behavioral
feature engineering stage converts the raw logs into weekly
learner features. Such features are time indicators, weekly
event counts, and deficit indicators. Event counts indicate what
the learner did, temporal indicators show the pace of
participation, and deficit indicators show what is missing when
comparing the learner’s behavior to the reference behavior of
successful learners in the same course. In the prediction stage,
the following machine-learning models are trained and compared:
Logistic Regression, SVM, KNN, Decision Tree, Random
Forest, Extra Trees, AdaBoost, Gradient Boosting, XGBoost,
and LightGBM. Metrics for classification, like accuracy, ROC-
AUC, and PR-AUC, are used to evaluate candidate models.
The selected model is then used to produce an estimated
dropout-risk score for each learner. The framework utilizes
local SHAP explanation for learners having a predicted
dropout probability above the risk threshold. This step
identifies the features that exert the greatest influence on each
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individual prediction. Rather than a global model
interpretation, L-AXAI is concerned with the local risk driver
of each learner. Finally, the rule-based translation matrix maps
the selected risk driver to a pedagogical action, such as a
practice-oriented nudge, re-engagement message, video review
recommendation, or help-seeking prompt. This design enables
transparent and responsible learning analytics by connecting
prediction, explanation, and intervention into one workflow.
Fig. 1 illustrates the proposed L-AXAI workflow for MOOC
dropout prediction and intervention.

Clickstream Logs
Raw MOOQCs interaction events
(login, page views, video access, forum activity...)

et

1. Data Preprocessing

Cleaning clickstream data.
Missing values  Event filtering

Normalization Session aggregation

Dataset Splitting
Partitioning data for model development.
(training set, validation set and testing set)
g \
2. Behavioral Feature Engineering

Construct weekly behavioral features
_I_I_.I_l Temporal features  Deficit indicators
Weekly event counts
\_ J
p

3. Predictive Modeling
Train and test machine learning models.
Logistic Regression ~ SVM

Extra Trees AdaBoost
KNN Gradient Boosting
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\ J
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+ + * 4. Evaluation
Test and validate candidate models.
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- . g . . -~ e P .
L identifies main drivers of individual risk.
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. 6. Rule-based translation matrix
QE Map explanations to pedagogical actions
And targeted recommendations
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Fig. 1. Proposed L-AXAI workflow for MOOC dropout prediction and
intervention.

B. Data Source and Event Representation

The experimental data are from the KDD Cup 2015 MOOC
dropout prediction benchmark. The dataset contains learner-
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course enrollment records and timestamped activity logs from
a large MOOC platform. Each activity record contains an
enrollment ID, a timestamp, a source object, and an event type.
The task is formulated as a binary classification problem to
predict if a learner-course enrollment will become inactive in
the target period. The framework describes learner behavior
through seven types of clickstream events: access, discussion,
navigate, page close, problem, video, and wiki. Access events
indicate general connection to the course. Video events
indicate consumption of instructional content, problem events
indicate practice and assessment engagement, discussion
events indicate social and help-seeking interactions, and wiki
events indicate consultation of supplementary materials.
Navigate and page close events provide complementary
information about movement between course objects and
ending a session. Table I presents the interpretation of MOOC
clickstream event types.

TABLE L. INTERPRETATION OF MOOC CLICKSTREAM EVENT TYPES
Event type Behavioral meaning Pedagogical interpretation
access Opening or  accessing | General connection with the

course resources course
. Interaction with course | Exposure to explanations and
video . .
videos demonstrations
coblem Attempts or interaction | Practice,  self-testing,  and
p with problems assessment engagement
. . Forum or  discussion | Help-seeking, peer interaction,
discussion .. . -
activity and social learning
wiki Consultation  of  wiki | Use of additional knowledge
resources materials
. Movement between course | Learning path and course
navigate . >
objects exploration
Closing/leaving a course | Session ending and possible
page_close . >
page early exit behavior

C. Preprocessing and Feature Engineering

The preprocessing step begins with a merge of the
enrollment table and the log table on the enrollment identifier.
Remove records that do not have key identifiers. Then each
timestamp of learner action is transformed into a common
datetime format and sorted chronologically. In this study,
weekly observation windows are used instead of representing
learner behavior with one global activity vector. Each week
consists of seven days of activity. Thus, the actions of the
learner are represented separately for week 1, week 2, week 3,
and week 4. This design allows the model to learn the time
variation of dropout risk. From the raw logs, three groups of
features are derived.

The first type is weekly event counts including access,
video, problem, discussion, wiki, navigate, and page close
events. For example, problem w2 count is the number of
problem-related actions taken by the learner in Week 2. This
variable is coded as Week 2 problem activity in the analysis.

The second group includes temporal features on a weekly
basis. Such features characterize the rhythm of the learner’s
participation. For example, active days w2 is the number of
active days in Week 2, and maximum_daily events w2 is the
maximum number of actions recorded in one day in Week 2.
This variable is interpreted as Week 2's highest daily activity.

Vol. 17, No. 7, 2026

The third group is made up of weekly deficit indicators. A
deficit is the difference between the learner's activity and the
median activity of non-dropout learners in the same course.
problem w2 deficit shows the distance from the course
reference for the learner’s problem activity in Week 2. If the
learner is not below the reference, then the deficit is set to zero.
All course reference medians used for deficit computation were
estimated only from the training set. For validation and test
records, these training references were reused without
accessing validation or test labels.

Event counts are what the learner did, temporal features are
when and how often the learner participated, and deficit
indicators are what is missing compared to successful learners.
These deficit measures support the intervention layer by
allowing a local risk driver to be translated into a candidate
pedagogical nudge.

D. Machine Learning and Explainability Methods

The prediction task is formulated as a supervised binary
classification problem. Let the processed dataset be represented
as:

D = {(x;, ¥y}, x €RY  y, €{0,1} (1)

where, x; is the feature vector of the learner-course record
i, d is the number of engineered features, and y; is the dropout
label. The classifier learns a function that maps the behavioral
representation of a learner to a dropout probability:

f: Rd - [0!1]! p,\i = f(Xi) (2)

where, p; is the predicted probability that learner i will
drop out. A binary decision is obtained by applying a risk
threshold. 7:
o 1,
Vi = 0

In this study, the risk threshold t was set to 0.5, meaning
that learner-course records with a predicted dropout probability
greater than or equal to 0.5 were classified as high-risk.

ifp; >t (3)
otherwise

Logistic Regression is used as a simple baseline because it
gives a transparent relationship between features and predicted
probability. [15], [43]. It estimates dropout probability using
the sigmoid function:

o(z) = 1 (4)
1+e™

pi = a(Bo +x{B),

The Support Vector Machine (SVM) is included as a

margin-based classifier. It separates the two classes by finding

a decision boundary with a maximum margin. The K-Nearest

Neighbors (KNN) classifier is used as a non-parametric

baseline. It predicts the label of a learner according to the
labels of the most similar learners in the training set:

Ji = mode{y;:x; € N (x;)} (5)
where NV, (x;) denotes the set of the k nearest training
samples to x;. Decision Tree is used as a single-tree baseline,

while Random Forest and Extra Trees are used as randomized
tree ensembles. These models combine several decision trees
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and aggregate their predictions, commonly through majority
voting [44]:

9; = modefh, (x;)}t=1 (6)

where, h; is the prediction of tree t, and T is the total
number of trees in the ensemble. Random Forest builds trees
from bootstrap samples, while Extra Trees increases
randomness by using more randomized split selection. Both
strategies help reduce variance compared with a single decision
tree. The remaining classifiers belong to the boosting family:
AdaBoost, Gradient Boosting, XGBoost, and LightGBM.
Boosting models build the final predictor additively by adding
new weak learners that correct the errors of previous learners
[33], [34]:

Fm(Xi) = Fm—l(xi) + nhm(xi) (7)

where, h,, is the weak learner added at iteration m, and ) is
the learning rate. XGBoost and LightGBM are included
because they are efficient for structured tabular features and
include regularization mechanisms to control overfitting. A
general regularized boosting objective can be written as:

N

£ = 3131 Fa (5 + b (50) + 0C) (@)
i=1
where, [ is the predictive loss function and 02(h,,)
penalizes model complexity. After model training, SHAP is
used to explain model outputs. SHAP is based on Shapley
values and belongs to additive feature attribution methods [21],
[23], [45]. For a learner i, the prediction is decomposed as:

d
gx) = ¢o + Z bij (9)
=

where, ¢, is the expected model output and ¢; ; is the
contribution of feature j to the prediction of learner i. The
Shapley value of feature j is defined as:

biy= Y wEFE U= FO)] (10)

SQF]'

where, F; denotes the set of all features excluding feature j.
The weighting term is defined as:

ISt (d —IS| = !
d!

In this expression, S is a subset of features that excludes
feature j, and the term in brackets measures the marginal
change caused by adding feature j. SHAP is suitable for this
study because it provides both global and local explanations.
Global explanations show which variables matter across the
cohort, while local explanations show why a specific learner is
classified as high-risk. In L-AXAI, only learners whose
predicted dropout probability exceeds the threshold are passed
to the action-generation step. For each high-risk learner, the
framework selects the strongest positive actionable SHAP
contribution:

w(s) = (11)

T argr}l&ﬂbl,p ¢ij >0 (12)
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where, A4 is the set of actionable weekly features and 7; is
the local risk driver that most strongly pushes the learner i
toward the dropout class. The selected driver is then mapped to
a pedagogical action using the rule-based translation matrix T

a; = T(Ti) (13)

The final output of the proposed framework is therefore not
only a predicted label. For each high-risk learner, L-AXAI
returns a triplet composed of the estimated dropout-risk score,
the local explanation, and a candidate pedagogical nudge
template:

0; = Py, a;) (14)

This formulation shows the difference between standard
predictive modeling and L-AXAI. A standard classifier stops at
the predicted probability or class label. In contrast, L-AXAI
links prediction to explanation and then to intervention, which
supports localized and actionable learning analytics. The
estimated score is used as an operational decision value under
the threshold t=0.5. Because probability calibration was not
evaluated, it should not be interpreted as a validated empirical
probability of dropout.

E. L-AXAI Rule-Based Translation Matrix

The mappings in Table II were constructed as an author-
designed, literature-informed, and behavior-semantics-
informed prototype rather than as the outcome of a formal
expert-consensus process. Each rule links the behavioral
meaning of the corresponding event or deficit to a support
objective: practice for low problem activity, content review for
low video activity, reconnection for low access, help-seeking
for low discussion participation, regularity support for
inactivity, diversified resource use for low event diversity,
progression support for navigation deficits, and session-
completion support for frequent page closing with few active
days. The matrix is deliberately transparent and editable and
should therefore be interpreted as a set of candidate nudge
templates rather than as validated pedagogical prescriptions.
Instructor review and learner-centered evaluation are required
before operational deployment.

TABLE I MAPPING LOCAL SHAP RISK DRIVERS TO PROPOSED

PEDAGOGICAL NUDGE TEMPLATES

Top local

risk driver Interpretation

Candidate pedagogical nudge

Try to complete one or two practice

Lr(z)vglem cou The learner is not | problems from this week. This will

Et - practicing enough help you check your understanding
before moving forward.

Low The learner may not | Return to the main video of this unit

be following
explanations

and watch the key explanation

ideo_count . ..
video_cou before attempting the next activity.

. You have not accessed the course
The learner is

Low . regularly. Try to log in today and
disconnected  from gularly. 1y g 1 y
access_count review the current unit for a few
- the course .
minutes.
. Visit the discussion forum and read
Low The learner is not . . .
. . . one question related to this unit. You
discussion ¢ | using peer or S
- . can also post a short question if
ount instructor support L
something is unclear.
High The learner has | You had several days without

inactivity ga | stopped regular | activity. Restart with one small task
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Top local . . .

risk driver Interpretation Candidate pedagogical nudge
p participation today rather than waiting until the

end of the week.

Low The learner wuses | Try to combine watching the video
event diversi | only one type of | with solving one problem or reading
ty resource one discussion thread.
Low
navigate cou | The learner is not | Open the next course object and
nt / high | progressing through | complete one small activity before

navigate defi
cit

course objects moving to other pages

High

page close ¢ | The learner may | Try to spend a little more time in
ount with | leave sessions | one session and finish one complete
low quickly activity before closing the page.

active_days

Algorithm | summarizes the main steps of the proposed
Weekly L-AXAI framework. It starts by preparing clickstream
data and converting learner actions into weekly behavioral
features. Then, the predictive model estimates dropout
probability for each learner and selects only learners above the
risk threshold. For these high-risk learners, local SHAP values
are computed to identify the main actionable risk driver, which
is finally translated into a pedagogical nudge for the instructor
dashboard.

Vol. 17, No. 7, 2026

Train the predictive model f on the training set.
For each learner i in the test set do

Estimate dropout probability p; = f(x;).
If (i > 1) then

Compute local SHAP values oj for learner i.
Identify the strongest positive actionable risk driver r;.
Generate the pedagogical action a; = T(r;).

Add (i, pi, 1, &) to the intervention table.

End

Return the intervention table.

Algorithm 1:
Intervention

Weekly L-AXAI for MOOC Dropout

Input: Enrollment table E, log table L, labels Y, number of weekly
windows K, risk threshold 7, predictive model f, and matrix T.

Merge E and L using the enrollment identifier.

Convert timestamps to datetime format and order learner actions
chronologically

For each learner-course enrollment i do
For each weekly window k=1 to K do
Select learner actions inside the weekly window W.

Count access, video, problem, discussion, wiki,
navigate, and page close events.

Compute active days, average daily events, maximum
daily events, inactivity days, and event diversity

Store weekly features

End

End
Split the processed dataset into training, validation, and test subsets.

Compute course-level reference medians using only non-dropout
learners from the training set

For each learner i do

Compute weekly deficit indicators by comparing x; with the
course reference

End

IV. RESULTS

The processed dataset was divided into 70% training, 15%
validation, and 15% testing using stratified random sampling
with random seed 42. Stratification preserved the dropout/non-
dropout distribution across the three subsets. All data-
dependent operations, including course-reference medians and
correlation-based feature filtering, were estimated from the
training subset and then applied unchanged to validation and
test data. The validation subset was used for hyperparameter
selection, and the test subset was reserved for final evaluation.
Experiments were performed in Google Colaboratory on an
NVIDIA T4 GPU with 54 GB RAM. Gradient Boosting used
250 estimators, a learning rate of 0.05, and a maximum tree
depth of 3. XGBoost used 500 estimators, a learning rate of
0.05, a maximum depth of 5, a subsampling ratio of 0.85, and a
column-sampling ratio of 0.85. The operational risk threshold
was fixed at © = 0.5. Parameters not explicitly modified
retained their corresponding library defaults. The experiments
were implemented in Python using scikit-learn, XGBoost,
LightGBM, and SHAP. Parameters not explicitly modified
retained their corresponding library defaults.

TABLEIII.  COMPARATIVE RESULTS OF DROPOUT PREDICTION MODELS
Number
Accuracy ROC-AUC PR-AUC
Model of (%) (%) (%)
Features ° ° °
Gradient 72 85.79 86.57 94.41
Boosting
XGBoost 72 85.77 86.57 94.45
LightGBM 72 81.28 86.34 94.28
Logistic 72 80.89 86.27 94.35
Regression
SVM 72 85.1 86.18 94.33
AdaBoost 72 84.82 86.14 94.28
Extra Trees 72 83.68 86.11 94.07
Random Forest 72 85.26 85.21 93.33
Decision Tree 72 80.78 84.33 92.92
KNN 72 84.97 84.09 93.03

Table III presents the performance of the tested machine
learning models using the final weekly feature set. Gradient
Boosting achieved the highest accuracy point estimate, while
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XGBoost produced closely comparable performance, with
85.79% accuracy, 86.57% ROC-AUC, and 94.41% PR-AUC.
XGBoost obtains almost the same performance, with 86.57%
ROC-AUC. The difference between the two boosting models is
small, but both are above simple baselines such as Decision
Tree and KNN. Fig. 2 shows the accuracy comparison for the
proposed models in this study.

Fig. 2 presents the accuracy comparison of the tested
classifiers using the weekly feature representation. Under the
original fixed split, Gradient Boosting achieved the highest
accuracy point estimate at 85.79%, while XGBoost achieved
85.77% and the same ROC-AUC of 86.57%. The 0.02
percentage-point difference is too small to support a claim of
definitive superiority without repeated experiments and
statistical testing. The two boosting models are therefore
interpreted as closely comparable under the present evaluation
protocol. Gradient Boosting is retained as the predictive
backbone used for the subsequent L-AXAI explanation stage,
while the main contribution of the study remains the
connection between estimated risk, local explanation, and
candidate pedagogical action rather than a claim of universal
classifier superiority.

Decision Tree [FNF
Logistic Regression 80.89

LightGBM 81.28

Extra Trees 83.68

= AdaBoost
5
= KNN
SVM 85.1
Random rorest T
XGBoost
80 82 84 86
Accuracy (%0)
Fig. 2. Accuracy comparison of the tested classifiers.
1.0
0.8
]
T
=05
@
2
‘7
[=]
=
v 0.4
2
=
0.2
e = (radient Boosting AUC = 0.866
0.0 ~ —--- Random
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate
Fig. 3. ROC curve of the selected weekly model.
As shown in Fig. 3, the ROC curve confirms good

discrimination between dropout and non-dropout learners.
However, because the dataset is imbalanced, the precision-
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recall curve is more informative for the practical use of the
model. The PR-AUC is high for the best models, showing that
the system maintains useful precision even when the positive
dropout class dominates the data.

A. Weekly Observation Horizon Analysis

The weekly horizon comparison evaluates whether useful
dropout signals appear early or only after several weeks of
activity. The results in Table IV show a clear improvement as
the observation window grows from Week 1 to Week 4. Week
1 alone already provides useful predictive information, but the
full four-week representation obtains the highest accuracy and
ROC-AUC. These results show that extending the observation
horizon from Week 1 to Week 4 provides additional predictive
information under the current evaluation protocol.

TABLEIV. BEST MODEL FOR EACH WEEKLY OBSERVATION HORIZON
Number ROC-
Horizon Model of Acz;r)a & AUC PR(-',}A;JC
Features ° (%) ¢
Week 1 XGBoost | 20 81.28 80.33 91.95
Week 1-2 Gradient | 5 83.46 84.22 93.56
Boosting
Week 1-3 Gradient | 5 85.26 85.92 94.17
Boosting
Week 1-4 Gradient | _, 85.79 86.57 94.41
Boosting

B. Feature Filtering

Table V shows the highly correlated variables removed
before final modelling. The weekly representation increases the
number of variables because event counts, temporal indicators,
and deficit variables are repeated over weeks. To reduce
feature bloat, highly correlated variables were removed using a
correlation threshold of 0.95. As expected, inactivity days
variables were perfectly correlated with active days variables
and were removed from the final model. Several Week 4
deficit variables were also removed because they were almost
redundant with access w4 _deficit.

TABLE V.  HIGHLY CORRELATED VARIABLES REMOVED BEFORE FINAL
MODELING
. Absolute Thresh
Dropped feature Correlated with correlation old

inactivity days wl active_days_wl 1 0.95
inactivity days w2 active_days w2 1 0.95
event_diversity w2_deficit 1c1§v1gate7w27deﬁ 0.9548 0.95
inactivity days w3 active_days w3 1 0.95
event_diversity w3_deficit access_w3_deficit | 0.9569 0.95
inactivity days w4 active_days w4 1 0.95
video_w4_deficit access_w4_deficit | 0.9751 0.95
problem_w4_deficit access_w4_deficit | 0.986 0.95
navigate w4 _deficit access_w4 deficit | 0.9844 0.95
page close_w4_deficit access_w4 deficit | 0.9834 0.95
active_days w4 _deficit access_w4_deficit | 0.9821 0.95
event_diversity w4 _deficit access_w4 deficit | 0.9938 0.95
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C. Explainability Analysis

The explainability analysis is structured on two levels.
First, global SHAP analysis identifies the weekly variables that
have the greatest influence on the model across the test cohort.
Second, local SHAP analysis provides explanation for
individual learner cases with waterfall plots and interaction
plots. This setup is similar to the logic in explainability-
oriented papers where global patterns and local case studies are
explained at the same time.

1) Global SHAP importance: The global SHAP ranking in
Table VI and Fig. 4 show that temporal intensity variables
dominate the prediction. The most influential variable is
“average daily events in week 37, followed by “average daily
events in week 27, “active days in week 17, “average daily
events in week 17, and “problem in week 1 count”. This
means that the model does not rely only on whether a learner
logs in, but also on the intensity and regularity of weekly
engagement.

Vol. 17, No. 7, 2026

more dominant, reaching 81.29% and 77.42%, respectively.
Fig. 5 illustrates temporal SHAP evolution by weekly feature

group.

TABLE VI.  Top 10 GLOBAL SHAP WEEKLY RISK DRIVERS
Mean Mean Feature Feature
Feature absolute SHAP mean std
SHAP
average daily events w3 | 0.2681 -0.0274 1.265 3.794
average daily events w2 | 0.2199 -0.041 1.455 4.121
active_days wl 0.1953 -0.0243 1.637 1.099
average daily events wl | 0.182 -0.0464 5.05 6.596
problem wl_count 0.1289 -0.0063 3.797 10.716
average daily events w4 | 0.1287 0.0279 0.814 3.601
active_days w4 0.0559 0.0034 0.22 0.765
access_wl_count 0.0527 -0.0029 13.308 18.743
active_days w3 0.0404 0.0025 0.358 0.875
navigate w2 _deficit 0.0392 0.0119 0.743 0.437
High
average_daily_events_w3  ssmeecesamacses ssssesccses s +
average_daily_events_w2  esenesats e tesestne +
active_days_wl 0 deimii o -{'
average_daily_events_wl -‘--‘—"*“-ﬂ-"* e uf 8
problem_w1_count B e -" E
average_daily_events_w4 o0 emomeemsscmmmmrsasss 00 P— E
active_days_w4 -00a0a com0amm 1@ ; E
access_wl_count - ——-—-—l}
active_days_w3 [RSN——. ..'
navigate_w2_deficit . —-’
Low

0j2 0I.4
SHAP value (impact on model output)

-1.0 -08 -06 -04 -02 00

Fig. 4. Global SHAP summary plot for the selected weekly model.

2) Temporal Global SHAP evolution: In Table VII, the
temporal SHAP evolution analysis shows how the type of
predictive signal changes across weeks. In Week 1, temporal
variables contribute 57.12% of the weekly SHAP mass, event
counts contribute 35.23%, and deficit variables contribute
7.66%. In Weeks 3 and 4, temporal features become even

TABLE VII. TEMPORAL SHAP CONTRIBUTION BY WEEKLY FEATURE
GROUP
Relative
Feature type Week Meag}zllll;sl:)lute contribution
(%)
Week 1 0.0558 7.66
Week 2 0.0866 19.34
Deficit
Week 3 0.0063 1.48
Week 4 0.0008 0.29
Week 1 0.2565 35.23
Week 2 0.0853 19.05
Event count
Week 3 0.0731 17.24
Week 4 0.064 22.29
Week 1 0.4158 57.12
Week 2 0.2758 61.6
Temporal
Week 3 0.3449 81.29
Week 4 0.2224 77.42
80
Deficit Tl 19.3 1.5 0.3 0
60 %
<
50 &
Event count 352 19.1 172 223 ‘§
40 S
=
30 5
Temporal 2 .%
2

Week 1 Week 2 Week 3 Week 4

Fig. 5. Temporal SHAP evolution by weekly feature group.

3) Local SHAP waterfall analysis: Tables VIII and IX
show four local cases explained with SHAP waterfall analysis.
Cases A and B were both predicted as high-risk with a dropout
probability of 95.98%. Cases A and B are behavioral twins
selected to illustrate that identical clickstream patterns may
lead to different final outcomes. Their main risk drivers are
low activity in the first weeks, especially “average daily
events in Week 17, “average daily events in Week 27,
“average daily events in Week 3”, and “problem Week 1
count”. This means that early low engagement strongly
pushed the model toward dropout.

Because Cases A and B have the same engineered
clickstream vector, the deterministic classifier assigns them the
same predicted probability and the same SHAP decomposition.
Their different observed outcomes do not indicate an
inconsistency in the model calculation. Instead, they show that
the current feature representation is incomplete. Learner goals,
prior knowledge, motivation, external time constraints, oftline
study, and interactions not recorded by the platform may
influence persistence even when the observed clickstream
behavior is identical. The pair is therefore treated as an
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illustration of residual and unobserved

heterogeneity.

uncertainty

Cases C and D were predicted as low-risk. Their negative
SHAP values show that higher weekly activity reduced the
predicted dropout probability, especially high “average daily
events in week 3”, “average daily events in week 47, and
several active days in Weeks 2 and 4. Case C is a false
negative, which suggests that some dropout decisions may be
caused by factors not visible in clickstream logs.

Vol. 17, No. 7, 2026

prediction score and is associated with low-risk learner
profiles. Overall, the SHAP waterfall plots demonstrate how
the model explains dropout risk at the individual learner level
by identifying the main behavioral factors that increase or

TABLE VIII.  LocAL CASE PROFILES SELECTED FOR SHAP WATERFALL
ANALYSIS
Predicted
Case Case description | Drop out dropout Prediction
probability
A High-risk 1 95.98 1
dropout
B High-risk  non- 0 95.98 1
dropout
Low-risk dropout | 1 2.46 0
D Low-risk  non- 0 1.52 0
dropout
TABLEIX.  Top FIVE LOCAL SHAP CONTRIBUTIONS FOR SELECTED
LEARNER CASES
Case Rank Feature Feature SHAP
value value
1 average daily events wl | 0.143 0.3998
2 average daily events w3 | 0 0.1517
A 3 active_days wl 1 0.1378
4 average daily events w2 | 0 0.1245
5 problem w1 count 0 0.1089
1 average daily events wl | 0.143 0.3998
2 average daily events w3 | 0 0.1517
B 3 active_days_wl 1 0.1378
4 average daily events w2 | 0 0.1245
5 problem_w1_count 0 0.1089
1 average daily events w3 | 16.143 -0.8571
2 active_days_w4 5 -0.7091
C 3 average daily events w4 | 16.429 -0.5911
4 average daily events w2 | 16.857 -0.4854
5 active_days_w2 6 -0.4313
1 average daily events w3 | 27.714 -0.9057
2 active_days_w4 5 -0.702
D 3 average daily events w4 | 21.429 -0.5737
4 average daily events w2 | 7 -0.4725
5 active_days_w2 6 -0.438

Fig. 6-(a) and Fig. 6-(b) show that the high-risk cases are
mainly explained by low engagement indicators, especially low
average daily events, limited problem activity, and weak access
behavior. These features push the prediction score upward and
increase the predicted dropout risk. In contrast, Fig. 6-(c) and
Fig. 6-(d) show that stronger weekly engagement reduces the

decrease the prediction.
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Fig. 6. SHAP waterfall plot for (a) High-risk dropout case, (b) High-risk
non-dropout case, (c) Low-risk dropout case, and (d) Low-risk non-dropout
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4) Weekly L-AXAI intervention output: As shown in Table
X and XI, the weekly L-AXAI module generated 13,237 high-
risk intervention records on the test set. Approximately 11,610
corresponded to actual dropout records and 1,627 to non-
dropout records. The generated messages are candidate
decision-support suggestions and were not evaluated with
learners or instructors. Navigation nudges represented 74.62%
of all candidate nudges and 89.76% of the Week 2 nudges.
This concentration reflects both the behavior represented in
the test set and the current one-to-one mapping rule, which
selects only the strongest positive actionable SHAP driver. It
may also be reinforced by correlation filtering:
event_diversity w2 deficit was removed because it was
highly correlated with navigate w2 deficit (jrf] = 0.9548),
leaving the retained navigation feature to represent part of this
related Week 2 signal. The distribution should therefore not be
interpreted as a universal pedagogical pattern. For future
deployment, correlated drivers should be grouped into broader
support families, the top-k actionable drivers may be
considered, course-specific thresholds should be wused,
repeated delivery of the same message should be limited, and
instructor approval should be retained. These safeguards are
proposed design recommendations and were not empirically
tested in the present study.

TABLE X. OVERALL DISTRIBUTION OF WEEKLY L-AXAINUDGE TYPES
Nudge Type Count Percentage
Navigation nudge 9,877 74.62
Re-engagement nudge 2,300 17.38
Session completion nudge 962 7.27
Regularity nudge 57 0.43
Content review nudge 33 0.25
Balanced engagement nudge 8 0.06
TABLE XI.  WEEKLY DISTRIBUTION OF L-AXAI NUDGE TYPES
Week Nudge Type Count | Percentage within week
Es(lje;r;ced engagement 3 039
1 Content review nudge 33 1.6
Re-engagement nudge 1,142 55.28
Session completion nudge 883 42.74
Navigation nudge 9,812 89.76
Re-engagement nudge 1,116 10.21
2 Regularity nudge 1 0.01
Session completion nudge 2 0.02
Navigation nudge 65 32.83
3 Regularity nudge 56 28.28
Session completion nudge 77 38.89
4 Re-engagement nudge 42 100
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V. DISCUSSION

The results describe the predictive performance of the
complete weekly feature representation under a stratified train-
validation-test evaluation setting. Stratification preserves the
dropout and non-dropout distribution in the three subsets. This
is important since the dataset is imbalanced. Thus, the reported
performance measures the ability of the model to distinguish
dropout from non-dropout students with similar class
distributions during the training, validation, and testing phases.

The evaluation should be interpreted as a stratified within-
benchmark and within-distribution comparison. Training-only
estimation of course-reference medians and feature filters
prevents direct use of validation or test labels, but the random
split does not provide chronological, learner-independent, or
course-independent separation. Learner-course records with
similar behavioral patterns may therefore occur across subsets,
and the reported metrics may be optimistic relative to
deployment on completely unseen courses or future cohorts.
The findings do not establish cross-platform generalizability.
Transfer to another MOOC environment would require event-
schema harmonization, verification of the dropout definition
and observation horizon, re-estimation of reference medians,
probability recalibration, and contextual review of the
translation matrix.

The best predictive performance was obtained by tree-
based boosting models. Gradient Boosting and XGBoost
performed very similarly, and Logistic Regression and SVM
stayed competitive. This suggests that weekly clickstream
features contain strong predictive signals that can be exploited
by linear and non-linear models.

The explainability analysis identifies model-associated
behavioral patterns within the present dataset. The SHAP
summary plot and local case analysis indicate how weekly
activity intensity, active days, and early problem engagement
contributed to the selected model’s predictions. These
associations should not be interpreted as causal determinants of
dropout because clickstream logs omit learner goals, prior
knowledge, offline study, motivation, and contextual
constraints. Explanation stability across repeated training runs,
permutation-based validation, and comparison with alternative
explainability techniques were not evaluated. The reported
SHAP patterns should therefore be interpreted as descriptive
explanations of the selected model under the current split rather
than as universally stable behavioral findings.

The temporal SHAP analysis describes how the selected
model’s attribution patterns vary across weekly feature groups.
Temporal features are more important in later weeks, while the
role of event-count and deficit features depends on the
observation window. Therefore, the dropout risk should not be
seen as a constant. The features that explain dropout risk in
Week 1 are not the same features that explain dropout risk in
Weeks 3 or 4. These findings provide a temporal description of
the selected model’s explanations, but they do not
independently establish the predictive contribution of each
feature family.
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Interpretation at the learner level is emphasized in the local
waterfall analyses. Two learners may have similar high-risk
probabilities, but their explanations may reflect different
combinations of weak activity, limited practice, or low weekly
intensity. The high-risk non-dropout case also illustrates a
limitation of prediction using clickstream data alone: some
learners can behave like dropout learners but still persist. L-
AXALI nudges should therefore be seen as supportive signals,
not as punitive decisions.

Intervention analysis shows that local explanations can be
translated into pedagogical actions at scale. But the strong
dominance of navigation nudges should be treated with
caution. This could be a real behavior pattern in the test set, or
it could be that the translation matrix is giving a lot of priority
to navigate w2 deficit . The intervention matrix should be
tuned in future work using feedback from instructors, learner-
response data, and A/B testing to ensure that the nudges
generated are varied, useful, and not repetitive.

VI. CONCLUSION

A weekly Localized Actionable Explainability framework
for MOOC dropout prediction and intervention was proposed.
Clickstream behavior is represented through weekly event
counts, temporal indicators, and course-referenced deficit
features, after which estimated dropout risk is linked to a local
SHAP driver and a transparent candidate nudge template.
Under the fixed stratified test split, Gradient Boosting achieved
85.79% accuracy, 86.57% ROC-AUC, and 94.41% PR-AUC,
while XGBoost produced closely comparable results. Because
repeated-seed experiments and statistical significance tests
were not conducted, the small performance differences should
be interpreted cautiously. The weekly-horizon analysis
indicates that additional weeks provide progressively more
predictive information, but a complete feature-family ablation
was not performed. SHAP identified model-associated patterns
involving activity intensity, active days, and early problem
engagement; these findings are descriptive and were not
validated through repeated-run stability or alternative
explainability methods. The intervention layer generated
candidate nudges dominated by navigation, re-engagement,
and session-completion categories. This concentration requires
diversified driver selection, repetition limits, and instructor-
controlled delivery. Because no instructor panel, learner study,
or controlled intervention trial was conducted, pedagogical
effectiveness and perceived pressure remain unverified. The
findings are limited to the KDD Cup 2015 benchmark and a
stratified within-distribution protocol. Future work should
examine repeated-seed, learner-grouped, course-held-out, and
chronological evaluation; formal probability calibration;
component-wise ablation; explanation-stability analysis; cross-
platform event harmonization; expert co-design of the
translation matrix; and real-world intervention studies.
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