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1. Introduction

Abstract

Learning analytics has created new opportunities to identify students at risk of
academic failure, withdrawal, or disengagement before negative outcomes become
difficult to reverse. This paper synthesizes research on the use of learning-
management-system activity, assessment records, administrative data, and other
educational traces to support early identification and timely academic intervention.
The synthesis examines data sources, predictive techniques, risk-detection timing, and
the translation of predictions into actionable support. The findings indicate that
effective early-warning approaches combine behavioral and academic indicators
rather than relying on a single measure. Common signals include declining learning
activity, weak assessment performance, late or missing submissions, irregular
participation, and prior academic risk. Predictive approaches include logistic
regression, decision trees, random forests, k-nearest neighbors, support-vector
methods, neural models, ensemble techniques, and time-series analysis; however,
predictive accuracy alone does not establish educational value. A key challenge is
translating prediction into effective intervention, as identifying high-risk students does
not necessarily ensure improved outcomes. The paper therefore proposes a data-to-
action framework linking early identification with human review, transparent risk
communication, targeted outreach, and monitored support. Privacy, fairness,
transparency, false positives, and responsible use of student data are treated as central
design requirements. The study concludes that learning analytics is most educationally
valuable when predictive capability is embedded within a responsive support system
that enables institutions to act early, appropriately, and transparently.

simply to describe what students have done, but to use

Higher education institutions increasingly generate
detailed digital traces of learning activity through
learning management systems (LMSs), assessment
platforms, attendance systems, student-information
systems, discussion environments, and other
educational technologies. These traces make it
possible to observe patterns of participation at a
granularity that was difficult to achieve through
conventional end-of-term assessment alone. The
central promise of learning analytics is therefore not

timely evidence to understand what may happen next
and to support decisions that improve learning and
persistence (Ifenthaler & Yau, 2020; Namoun &
Alshanqiti, 2021).

The idea of an early-warning system emerged from
this shift. Macfadyen and Dawson (2010)
demonstrated that LMS data could be mined to
identify students who might require attention,
establishing an influential proof of concept.
Subsequent research extended this approach through
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institutional ~ early-alert  systems, predictive
classification, clickstream analysis, dropout modeling,
and machine-learning methods (Arnold & Pistilli,
2012; Jayaprakash et al., 2014; Ak¢apinar et al., 2019).
The field has consequently moved from asking
whether student risk can be predicted to asking how
early, how accurately, and under what conditions
predictive information can be converted into effective
support.
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Figure 1. Conceptual emergence of academic-risk signals

over the course timeline.

An at-risk student is not a fixed type of learner. Risk
is better understood as a time-dependent probability or
condition arising from the interaction of prior
achievement, current engagement, learning behavior,
course demands, institutional context, and other
factors. Studies such as Marbouti et al. (2016),
Howard et al. (2018), and Barieres et al. (2019)
illustrate how predictive models can detect risk before
a course or academic period concludes. In distance and
online education, the value of earlier detection can be
particularly important because reduced physical
visibility may make changes in participation harder for
instructors to notice through informal observation
alone.

Yet prediction is not equivalent to support.
Jayaprakash et al. (2014) examined both predictive
performance and the challenges of interventions, while
Dawson et al. (2017) evaluated a retention-oriented
learning analytics program and highlighted the
distinction  between identifying students and
producing measurable impact. This distinction defines
an important conceptual problem for learning
analytics research: a model can be statistically
successful while an early-warning program remains
educationally ineffective if alerts are too late, too
opaque, too frequent, poorly interpreted, or not
followed by appropriate human action.

This paper addresses that problem by synthesizing
research around a complete data-to-action pathway:
data capture, feature engineering, risk prediction, early
classification, human interpretation, intervention, and
academic-support outcomes. The objective is not to
propose another isolated machine-learning model, but
to identify design principles that can help institutions

use predictive learning analytics responsibly and
productively.

1.1 Problem statement

The literature contains substantial evidence that
academic risk can be predicted from educational data,
yet studies differ widely in data sources, target
outcomes, prediction horizons, modeling approaches,
evaluation metrics, and intervention designs (Cui,
2019; Namoun & Alshangiti, 2021). This
heterogeneity makes it difficult to identify a single
universally superior predictive approach. More
importantly, research has been more developed on the
technical question of prediction than on the
organizational question of what happens after a
student is flagged. A useful framework must therefore

connect predictive accuracy with timeliness,
interpretability, human review, and actionable
support.

1.2 Research objectives

Identify the principal educational data sources and
behavioral indicators used to identify at-risk
students.

Synthesize the predictive and learning-analytics
techniques used for early-risk classification.
Examine how the timing of predictions influences
their potential usefulness for academic support.
Clarify the gap between risk prediction and
successful intervention.

Propose an integrated data-to-action framework
for responsible early identification.

1.3 Research questions

RQ1. Which data sources and learning behaviors
are most frequently used to identify students at
academic risk?

RQ2. Which predictive approaches are used to
classify or forecast academic risk?

RQ3. How does prediction timing affect the
usefulness of early-warning information?

RQ4. What factors influence the transition from
accurate prediction to effective student support?

2. Literature Review

2.1 Learning analytics and the logic of early
identification

Learning analytics can be broadly understood as the
measurement, collection, analysis, and reporting of
data about learners and learning contexts for purposes
of understanding and optimizing learning (Ifenthaler
& Yau, 2020). In early-identification research,
analytics transforms routine educational traces into
indicators of changing engagement or performance.
This allows institutions to intervene before a final
grade, withdrawal, or academic exclusion has already



occurred. Macfadyen and Dawson (2010) established
the practical basis for this logic using LMS activity.
Jayaprakash et al. (2014) expanded it into a scalable
early-alert initiative that combined risk prediction with
institutional processes for responding to students.

2.2 Defining academic risk

The operational definition of ‘at risk' varies across
studies. Some research predicts course failure or
unsuccessful completion (Marbouti et al., 2016;
Zacharis, 2015), some predicts dropout or withdrawal
(Berens et al., 2019; Olaya et al., 2020), and some
focuses on final examination performance or course
grades (Chen & Cui, 2020; Musso et al., 2020).
Ifenthaler and Yau (2020) note that study success can
range from completing a degree to completing
individual learning tasks. This variation matters
because a model optimized for final-grade prediction
may not be the same model needed to identify students
who are beginning to disengage several weeks before
the end of a course.

2.3 Data sources and feature construction

The literature relies heavily on LMS and clickstream
activity because these sources provide repeated
observations of student behavior. Common features
include frequency of logins, resource views, time
spent in learning environments, discussion activity,
submission patterns, and assessment attempts
(Macfadyen & Dawson, 2010; Casey & Azcona, 2017;
Aljohani et al., 2019). Assessment and grade history
provide a different form of signal because they
represent demonstrated academic performance.
Administrative variables may add prior achievement,
program characteristics, or enrollment context (Berens
et al., 2019). The strongest conceptual argument
emerging from the literature is therefore for
multimodal rather than single-source prediction:
behavior can indicate changes in engagement, whereas
grades and prior records provide evidence of
demonstrated attainment.

mon data modalities used in early-risk analytics (author-coded synthesis)

Multi-source integration

‘ Interaction / participatic

Administrative records

MS / clickstream

Grades [ assessment

Figure 2. Common data modalities used in early-risk
analytics.

2.4 Predictive modeling approaches

A wide range of statistical and machine-learning
approaches appear in the literature. Logistic regression
and related interpretable classification methods remain
important because institutions often need to
understand why a student was flagged. Decision trees,
random forests, k-nearest neighbors, support-vector
approaches, neural models, and ensemble methods are
also used when nonlinear patterns or interactions are
expected (Howard et al., 2018; Namoun & Alshangiti,
2021). Ak¢apinar et al. (2019), for example, compared
algorithms and preprocessing strategies and showed
that early course interaction data could be used to
predict unsuccessful performance. Karalar et al.
(2021) similarly applied an ensemble approach to
academic-failure prediction in a distance-learning
context.

The literature therefore suggests that model selection
should be driven by the intended educational use
rather than accuracy alone. A marginally more
accurate but opaque model may be less useful for
advisors than a slightly less accurate model whose
signals can be explained and acted upon.
Interpretability, calibration, false-positive costs,
prediction horizon, portability, and computational
burden are consequently part of the model-selection
problem.

Design criteria for actionable early-warning models

Interpretabili

Early

Robustngss detection

Figure 3. Design criteria for an actionable early-warning
model.

2.5 Prediction timing and early-warning horizons

Early identification is valuable only when it creates
sufficient time for meaningful action. Wolff et al.
(2014) explicitly investigated early detection in
distance-learning modules. Marbouti et al. (2016)
examined prediction across course progression, while
Chen and Cui (2020) used time-series LMS behavior
for early course-performance prediction. These studies
support a central principle: the prediction window
must be selected with the intervention window in



mind. A highly accurate prediction made after most
learning opportunities have passed can have less
practical value than a moderately accurate signal made
early enough to trigger constructive support.

Increasing opportunity for early identification
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Figure 4. Increasing opportunity for early identification as
more course weeks become observable.

2.6 Early-warning systems and institutional
implementation

Arnold and Pistilli's (2012) Course Signals initiative is
an influential institutional example of using learning
analytics to support student success. Jayaprakash et al.
(2014) similarly addressed scalability, portability, and
intervention within an open academic analytics
initiative. These studies show that an early-warning
system is more than a classifier. It requires data
pipelines, thresholds, communication mechanisms,
personnel, and an institutional response process.
Waddington et al. (2016) further showed that
categorized course-resource usage can improve early-
warning systems, illustrating the importance of feature
design and contextual interpretation.

2.7 From prediction to intervention

One of the most important findings across the
evidence base is that predictive success and
intervention success must be evaluated separately.
Dawson et al. (2017) examined a learning-analytics
retention program rather than only a predictive model.
Jayaprakash et al. (2014) described intervention as
part of the broader early-alert process. Olaya et al.
(2020) advanced the logic by studying uplift modeling
for dropout prevention, an approach intended to
distinguish ~ students who may benefit from
intervention from those for whom an intervention may
have little effect. This is a critical conceptual move:
the target is not merely ‘who is likely to fail?' but ‘who
is likely to benefit from a specific support action?'

2.8 Ethical and governance considerations

Early-warning  systems operate on sensitive
educational data and can shape how students are
perceived and treated. Privacy, informed consent,
fairness, transparency, data governance, and the risk of
stigmatizing students therefore require explicit
consideration. Ifenthaler et al. (2021) argue for putting

learning back into learning analytics, emphasizing
responsible and educationally grounded use of data.
Jones (2019) likewise highlights informed-consent
mechanisms and student autonomy in higher-
education learning analytics. A responsible system
should minimize unnecessary data collection, protect
records, communicate risk cautiously, preserve human
judgment, and provide students with opportunities to
understand and respond to support decisions.

2.9 Research gap

The literature provides strong evidence for predictive
modeling, but it remains fragmented across different
target outcomes, data environments, prediction
windows, and institutional contexts. Systematic
reviews by Ifenthaler and Yau (2020), Namoun and
Alshangiti (2021), Albreiki et al. (2021), and de
Oliveira et al. (2021) demonstrate a mature technical
literature, yet they also reveal substantial
methodological heterogeneity. The most
consequential gap is the limited integration of four
elements in one design logic: early prediction,
interpretation, intervention matching, and outcome
evaluation. The contribution of this paper is therefore
a data-to-action framework that treats predictive
learning analytics as one component of a broader
academic-support system.

Table 1: Core data sources and their analytical role

Data Exampl | Analytical Represen
source es purpose tative
evidence
LMS/click | Logins, Detect Macfadye
stream views, changes in|n &
activity | engagement | Dawson,
frequenc 2010;
2 Casey &
resource Azcona,
access 2017
Assessme | Grades, | Measure Marbouti
nt data quizzes, | demonstrate | et al.,
submissi | d attainment | 2016;
ons, Chen &
attempts Cui, 2020
Administr | Prior Add Berens et

ative data | perform | historical/co | al., 2019;

ance, ntextual Musso et
enrollme | signal al., 2020
nt
variables
Multi- al + | Improve Ifenthaler
source academi | context and | & Yau,
data c + | robustness 2020;
administ Albreiki
rative et al.,
data 2021




3. Conceptual Framework

The proposed framework treats early identification as
a sequence of linked decisions rather than a single
predictive task. First, educational systems collect
longitudinal traces. Second, raw traces are
transformed into pedagogically meaningful features.
Third, a predictive model estimates risk or an outcome
of interest. Fourth, risk scores are interpreted using
thresholds, trends, and contextual information. Fifth,
human staff determine whether an alert warrants
outreach. Finally, support is delivered and its effect is
monitored. This sequence reflects the literature's
movement from prediction toward action and avoids
equating a high-risk score with a predetermined
student outcome.

Learning-analytics workflaw for early identification and support

Riskc
classification

Data sources | G RrEciclion Action
engineering model

Figure 5. Learning-analytics workflow connecting data
capture, prediction, human review, and support.

3.1 Data layer

The data layer contains repeated observations rather
than isolated snapshots. This supports trend-sensitive
features such as declining participation, increasing
missed submissions, or repeated low assessment
results. Time-series information is especially
important for early-warning systems because the
direction and pace of change may matter as much as
absolute values (Chen & Cui, 2020).

3.2 Prediction layer

The prediction layer estimates a target such as course
failure, dropout, low final performance, or early-risk
status. Models should be evaluated not only by
accuracy but also by recall for genuinely at-risk
students, false-positive rates, precision, calibration,
interpretability, and the earliest point at which
performance is adequate for action (Cui, 2019;
Howard et al., 2018).

3.3 Action layer

The action layer connects a prediction to a support
pathway. A high-risk classification should trigger
review rather than automatic labeling. Advisors or
instructors can examine the features that led to the
alert, combine them with contextual knowledge, and
select an appropriate support response. This reduces
the risk that a model becomes a self-fulfilling label.

Escalation from passive monitoring to actionable early warning
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Figure 6. Escalation from passive monitoring to actionable
early warning.

4. Methodology

4.1 Review design

This paper adopts a structured literature review and
thematic evidence-synthesis design. The review
focuses on studies that use learning analytics,
educational data mining, predictive modeling, or
early-warning approaches to identify academic risk or
support student success. The evidence boundary ends
at 2021, consistent with the study design, and the
reviewed corpus contains 30 studies selected for direct
relevance and open or openly accessible full text.

4.2 Search and selection strategy

Search concepts included combinations of 'learning
analytics', 'early warning system', ‘at-risk students',
'student success', 'dropout prediction’, ‘academic
performance prediction’, 'educational data mining',
‘clickstream’, 'LMS data’, 'predictive analytics', and
'machine learning'. Searches were oriented toward
peer-reviewed journal and conference research with a
clear learning-analytics or predictive-education
component. Studies published in 2022 or later were
excluded from the synthesis.

4.3 Inclusion criteria

I Published in 2021 or earlier.

Il. Directly related to learning analytics, early
warning, academic-risk prediction,
dropout/retention prediction, or predictive
student success.

. Focused on higher education, online/distance
education, or educational environments
where the findings transfer clearly to
academic-risk identification.

V. Provided empirical, review, or
methodological  evidence relevant to
prediction, early detection, intervention, or
governance.

V. Accessible through an open-access publisher,
repository, or openly available manuscript
where possible.



a. Exclusion criteria
VI. Studies published from 2022 onward.

VII. Studies focused solely on non-educational
predictive tasks.
VIIL. Papers with no connection to student risk,

performance, persistence, retention, or
learning analytics.

IX. Duplicate records or papers that did not
contain enough information to support
thematic synthesis.

4.5 Coding framework
Table 2: Coding framework used for the 30-paper synthesis

Dimension Codmg Purpose
variables

Bibliographic | Year,  venue, | Descriptive
country/context | profile

Data LMS, Input signals
assessment,
administrative,
interaction

Target Failure, dropout, | Outcome
retention, grade, | definition
risk

Model Regression, tree, | Prediction
kNN, ensemble, | approach
neural, time
series

Timing Early  weeks, | Action
mid-course, window
end-course

Intervention Alert, advisor | Actionability
review,
outreach,
retention
program

Ethics Privacy, Responsible
transparency, use
fairness,
governance

4.6 Analytical approach

The analysis used thematic synthesis rather than a
pooled statistical meta-analysis because the reviewed
studies differ substantially in outcome definitions,
features, data structures, modeling methods, and
performance metrics. Results were organized around
data sources, prediction methods, timing, risk
indicators, interventions, and governance. Figures in
the Results section that contain numeric values are
explicitly identified as author-coded thematic
summaries or conceptual illustrations rather than
pooled effect sizes.

5. Results
5.1 Corpus profile

The reviewed literature forms a field in which
predictive modeling, early-warning systems, retention
analysis, and learning analytics increasingly overlap.
The corpus includes foundational proof-of-concept
work, institutional  systems, predictive-model
comparisons, intervention evaluations, and recent
systematic reviews. Macfadyen and Dawson (2010)
provided an early LMS-based warning-system model,
while later studies broadened the scope to online
courses, distance education, administrative records,
and machine-learning ensembles (Wolff et al., 2014;
Berens et al., 2019; Karalar et al., 2021).

Thematic composition of the reviewed evidence base

Predictive modeling

Early-warning systems

Dropout/retention

Intervention evaluation

Systematic reviews

1] 2 4 6 8 10 12
Number of papers in the 30-paper evidence corpus (thematic classification

Figure 7. Thematic composition of the reviewed evidence
base.

5.2 Recurring predictors of academic risk

Across the corpus, the most persistent predictors are
related to engagement and demonstrated performance.
Low or declining LMS activity, weaker assessment
results, late or missing submissions, and irregular
participation recur across different methodological
designs. Casey and Azcona (2017) showed that
student activity patterns can support performance
prediction, while Aljohani et al. (2019) demonstrated
the usefulness of clickstream data for identifying at-
risk students in a virtual learning environment. These
patterns reinforce the value of longitudinal behavior
rather than one-time demographic or static variables
alone.

Recurring early-risk indicators in the literature
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Figure 8. Recurring early-risk indicators reported across
the literature.



lllustrative relationship between engagement signals and academic risk

100 4 . L]
-~ L4
® S~ e ®
e go{ o0 o3 e =
g o ° .0 8y
@ ~s ° °
x . en- e
z ° Y "t °
= 601 e” oTe.__ @
E] ° ~~0 ®e
= ° S~
@ ® “~a
o ® se0®%e P~
& 40+ ° Ll PO
e ° -
o9 ~~_®
°
20 .®
0 20 40 60 80 100

Relative level of LMS activity

Figure 9. lllustrative relationship between learning activity
and academic risk.

5.3 Data integration

A major pattern is the movement from single-source
analysis toward integrated data. LMS logs are often
highly available but can be ambiguous: low activity
can indicate disengagement, but it can also reflect use
of external materials or efficient study behavior.
Assessment  records provide outcome-relevant
evidence, while administrative variables can add
historical context. The combination of multiple
sources can reduce overreliance on any single
behavioral proxy (Ifenthaler & Yau, 2020; Albreiki et
al., 2021).

Evidence-to-action matrix: where learning analytics research concentrates
4

LMS activity
Assessment
Admin records
Human review

Actionable support

~
n
Relative emphasis in the synthesis

Privacy

@‘ \.,ol —\“ql 3-@0‘ SRS
Figure 10. Evidence-to-action matrix showing where the
reviewed literature places emphasis across the learning-
analytics pipeline.

5.4 Prediction methods

The reviewed studies use a diverse modeling toolkit.
Macfadyen and Dawson (2010) established a
statistical early-warning approach; Howard et al.
(2018) compared alternative prediction methods;
Akgapmar et al. (2019) compared algorithms and
preprocessing; and Karalar et al. (2021) used ensemble
learning. Namoun and  Alshangiti  (2021)
systematically review machine-learning and data-
mining methods and show that prediction performance
is highly dependent on dataset characteristics,
features, and evaluation choices. Consequently, a
responsible methodological recommendation is not to
declare one universally best algorithm but to select a
model according to the target outcome, time horizon,

sample size, interpretability requirements, and
intervention context.

Illustrative convergence of an at-risk classification model
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Figure 11. |lllustrative convergence of an at-risk
classification model.

5.5 Prediction timing

The evidence  consistently  makes  timing
consequential. Wolff et al. (2014) and Akgapinar et al.
(2019) explicitly explore whether course outcomes
can be predicted before the end of a learning period.
Chen and Cui (2020) show the importance of time-
series behavior, while Bafieres et al. (2019) examine
early feedback prediction for students at risk. Taken
together, these studies support defining an 'actionable
prediction point' as the earliest moment at which
model performance is adequate and sufficient time
remains for educational support.

Predictor themes recurring across the reviewed literature

LMS activity *

Assessment history

Timing features

Participation L ]

Demographics f admin — @

Support interactions L]

0.0 02 0.4 0.6 038 1.0
Qualitative evidence emphasis (author-coded synthesis)

Figure 12. Recurring predictor themes across the reviewed
literature.
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Figure 13. Conceptual early emergence of academic risk
revisited as a result interpretation.



5.6 Outcome targets

Studies define success and risk through several targets:
course failure, final performance, dropout or
withdrawal, retention, and early-alert status. Ifenthaler
and Yau (2020) emphasize the breadth of 'study
success,' whereas de Oliveira et al. (2021) focus
specifically on dropout prevention. This diversity
means that early-warning systems should declare their
target outcome explicitly. A model trained to predict
final grade may not be suitable for dropout prevention,
and a model trained on one course may not transfer to
another without recalibration.

Outcome targets represented in the reviewed literature (synthesis)

Early warning / risk status

Course failure

21

0%
Dropout / withdrawal lsi’

Retention

Final performance

Figure 14. Outcome targets represented in the early-
identification literature.

Outcome domains represented in early-identification research

Figure 15. Outcome domains represented in early-
identification research.

5.7 Prediction error and uncertainty

False positives and false negatives have different
educational costs. A false negative may leave a
genuinely struggling student without support, whereas
a false positive may unnecessarily increase outreach or
stigmatize a learner. Model evaluation should
therefore  include  confusion-matrix =~ measures,
calibration, class imbalance handling, and the
institutional cost of different types of prediction error.
Namoun and Alshangiti (2021) and Albreiki et al.
(2021) both identify methodological inconsistency as
a challenge in comparing predictive studies.

Ilustrative distribution of model prediction error
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0.6

Density

0.2 1

0.0-
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Prediction error (schematic)

Figure 16. lllustrative prediction-error distribution.

5.8 From early warning to student support

The literature suggests a progression from prediction
to graduated response. A useful system can begin with
passive monitoring, move to advisor review when a
pattern becomes concerning, generate an early alert
when evidence is sufficiently strong, and trigger
targeted academic support. This graduated structure
reduces the risk of treating every deviation as a crisis
and helps match support intensity to evidence strength.

From prediction to intervention: a conceptual early-warning pipeline
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Figure 17. From prediction to intervention: conceptual
reduction of unresolved academic risk through successive
support stages.

Illustrative pathway: timely support and continued enrollment
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Figure 18. Illustrative retention pathway contrasting timely
support with routine monitoring.

6. Discussion

6.1 Learning analytics works best as a decision-
support system

The primary implication of the synthesis is that
learning analytics should be designed as decision
support rather than automated judgment. Predictive
models identify patterns that deserve attention; they do



not determine a student's future. This interpretation is
consistent with the evolution from LMS data mining
(Macfadyen & Dawson, 2010) to institutional early-
alert systems (Jayaprakash et al., 2014) and
intervention-oriented programs (Dawson et al., 2017).
The educational objective is therefore to improve the
speed and quality of human response, not to replace
human judgment.

6.2 Multimodal data are more meaningful than
isolated signals

The synthesis indicates that the most interpretable
systems combine evidence. An abrupt decline in LMS
activity becomes more informative when it co-occurs
with falling assessment performance and missed
submissions. Similarly, a student with low login
frequency may not actually be at risk if assessment
performance remains strong. This contextual logic
cautions against simplistic thresholds based on a single
activity measure. Multisource and longitudinal
representations are more consistent with the complex
nature of student success (Ifenthaler & Yau, 2020;
Chen & Cui, 2020).

6.3 Early is not automatically better

The phrase 'early identification' can be misleading if
early predictions are too uncertain to act upon. There
is a balance between prediction lead time and
predictive reliability. A signal generated during the
first week may be weak because little behavioral
history exists; a highly reliable prediction made
immediately before final assessment may be too late.
The appropriate goal is therefore the earliest
actionable point, defined jointly by model
performance and intervention feasibility.

6.4 Prediction should become intervention
intelligence

A mature early-warning system should eventually
move beyond estimating who is at risk to estimating
which support action is appropriate and likely to help.
Olaya et al. (2020) illustrate the value of uplift
modeling for dropout prevention, which shifts
attention toward differential intervention effects. This
direction can reduce inefficient outreach and create a
more personalized student-support process. Future
systems should therefore capture intervention history
and subsequent outcomes so that institutions can learn
which actions work for which student contexts.

6.5 Explainability is educationally consequential

In a purely technical application, predictive accuracy
may dominate model selection. In education, however,
an opaque prediction can be difficult for instructors to
trust and difficult for students to challenge.
Explainability allows advisors to see whether a flag
was driven by declining activity, missing submissions,

weak assessment results, or another signal. It also
enables institutions to test whether a model is
behaving as intended. The practical value of a model
is thus partially determined by the quality of the
explanation accompanying the prediction.

6.6 Ethical use and student agency

Risk labeling can create unintended consequences if
students are treated as categories rather than
participants in the support process. Jones (2019)
argues for consent mechanisms that protect student
autonomy, while Ifenthaler et al. (2021) emphasize
educationally meaningful and responsible use of
analytics. A transparent system should communicate
that a risk score is probabilistic, give students access
to appropriate support, allow contest or correction of
inaccurate data, and avoid using predictive risk as a
punitive measure.

6.7 Proposed data-to-action model

Learning-analytics workflow for early identfication and support

Risk
classification

Data sources B Fea] re BosENFtT Action
engineering model

Human review

Figure 19. Integrated data-to-action model for early
identification and academic support.

The proposed model has seven functional stages: (1)
collect longitudinal educational traces; (2) engineer
features that represent change and persistence; (3)
generate risk estimates; (4) interpret the estimate with
contextual evidence; (5) conduct human review; (6)
provide targeted support; and (7) evaluate the outcome
of both the student and the intervention. This final
feedback stage is essential because it allows an
institution to learn whether its early-warning process
is actually improving student success. Without
outcome feedback, the system can remain trapped in a
loop of increasingly sophisticated prediction without
evidence of educational impact.

7. Practical Implications
7.1 For institutions

Institutions should begin with a clearly defined
student-success  problem before selecting an
algorithm. Data governance, data quality, and
intervention capacity should be established alongside
the predictive pipeline. An institution that lacks
advisors or support services may gain little from
highly accurate prediction because it cannot act on the
alerts. Early-warning programs should therefore be
funded and evaluated as complete support systems.



7.2 For instructors and advisors

Alerts should be interpreted as prompts for inquiry.
Staff should review the evidence underlying a flag,
consider contextual factors, contact the student
respectfully, and document the support offered.
Instructor-facing dashboards should favor concise
explanations and trends over complex model outputs.
Waddington et al. (2016) and Jayaprakash et al. (2014)
illustrate the importance of translating data into usable
educational information.

7.3 For data scientists

Model development should explicitly address
temporal leakage, class imbalance, missing data,
calibration, subgroup performance, and model
portability. A model that performs well in one course
or institution may degrade when the learning
environment changes. Periodic validation and drift
monitoring should therefore be included in operational
systems.

7.4 For policy and governance

Policies should specify why student data are collected,
who may access predictions, how long data are
retained, what students are told, and how erroneous
predictions can be corrected. Predictive analytics
should not be used as a substitute for human support
or as a basis for punitive treatment. Responsible
governance is part of predictive validity because
students and staff must trust the system enough to use
it appropriately.

8. Limitations

This review has several limitations. First, the literature
is heterogeneous, preventing direct aggregation of
model-performance metrics into a single overall effect
size. Second, the 30-paper corpus ends in 2021 by
design, so the synthesis does not represent research
published after that boundary. Third, different studies
define risk, success, and prediction horizons
differently. Fourth, some studies emphasize technical
prediction and provide limited evidence about
intervention outcomes. Finally, the thematic figures in
this paper are designed to communicate patterns and
mechanisms; they are not a substitute for a meta-
analysis of common quantitative measures.

9. Conclusion

Learning analytics can strengthen academic-support
systems by identifying changes in student behavior
and performance before final outcomes are
determined. The reviewed literature demonstrates the
feasibility of predicting course failure, dropout,
retention, and academic performance from LMS
activity, assessment data, administrative records, and
other educational traces. At the same time, the
evidence shows why prediction should not be

confused with success. Early-warning systems
generate educational value only when predictions are
timely, interpretable, responsibly governed, and
connected to actions that students can actually use.

The central contribution of this paper is a data-to-
action perspective: data are transformed into features,
features into risk estimates, risk estimates into human-
reviewed alerts, alerts into targeted support, and
support into measurable outcomes that feed back into
system improvement. Future learning-analytics
research should therefore evaluate not only model
accuracy but also lead time, explanation quality,
intervention uptake, student experience, equity, and
post-alert outcomes. The most useful question is no
longer simply whether institutions can identify at-risk
students early; it is whether they can use early
identification to create fair, timely, and effective
opportunities for students to succeed.
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