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ABSTRACT
Student retention remains a significant challenge in higher
education, with early academic failure frequently serving as
an initial indicator of attrition. Yet many models focus on
binary outcomes that can mask the severity of academic
struggle for some students. Thus, this ongoing research
focuses on students who experienced multiple failures (i.e.,
receiving two or more D or F grades) in their first semester.
We are exploring two research questions: 1) how early can we
meaningfully identify students at risk of experiencing multiple
failures, and 2) what behavioral indicators might signal that
a student is more likely to experience multiple failures. Using
longitudinal LMS data from the Unizin Data Platform for
5,094 first-year students at a large public university, we
applied machine learning to 352 temporal features to identify
at-risk students. Preliminary models achieved a peak recall
of 0.68, identifying critical intervention windows at Week
5 and Week 11. These findings suggest that while early
behavioral markers exist, mid-semester disengagement may
represent a critical point for ”just-in-time” intervention.
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1. INTRODUCTION
The transition to college can be a challenging time for stu-
dents, both on a personal and institutional level [25, 10].
These challenges can act as barriers to student success, with
student retention remaining a persistent challenge for higher
education institutions. It represents a critical goal for all
stakeholders due to both the economic and social benefits
for individuals [12] and the financial and academic stability
it signals for institutions [21, 20]. Despite years of effort,
retention rates have remained relatively stagnant [8], with re-
cent data indicating that approximately 35% of US students
fail to graduate from their program [6]. First-year students
are particularly vulnerable to attrition with roughly 18% of
students failing to return for their second year [19].

Importantly, students’ experiences of transition and persis-
tence, as well as their choices about remaining in higher
education, are shaped by differences in prior preparation,
available support networks, and broader structural inequities
[25, 3]. Understanding when and how these transition and
persistence challenges emerge has therefore become as im-
portant as measuring whether students ultimately persist.
Institutions are increasingly seeking ways to identify action-
able moments during the semester when timely support can
alter a student’s trajectory, rather than relying solely on
retrospective indicators, such as final grades or withdrawal
status. To address these needs, institutions have turned to
Learning Analytics and ’Big Data’ to identify behavioral
patterns that place students at risk. Early efforts in this
space proved that data from Learning Management Systems
(LMS), such as login frequency and resource engagement,
could serve as a viable ’early warning system’ [15]. More
recent work has used machine learning techniques to assess
how administrative, demographic, and behavioral data can
be used to accurately identify and predict students’ level of
success or failure [4, 5]. Furthermore, there is a growing shift
toward progressive modeling that leverages the temporal
nature of student behavior to identify academic struggle as
it unfolds, rather than after the fact [27, 17].

However, a gap remains in understanding how academic dif-
ficulty can accumulate to place students on a path toward
attrition. Prior work has considered failure and attrition
as binary constructs, distinguishing only between students
who succeed and those who do not. While analytically con-
venient, this framing can obscure meaningful variation in
how academic struggle unfolds, particularly for students who
encounter repeated setbacks within a single term. Experi-
encing multiple course failures may represent a qualitatively
different moment in a student’s trajectory [16], one that
signals compounding academic and motivational challenges
rather than an isolated difficulty. This study investigates
this indicator at scale, considering the relationship between
students’ LMS usage across courses and their risk of expe-
riencing ’multiple failures’, here defined as receiving two or
more D or F grades in their first semester.

2. RELATED WORK
Early work using LMS behavioral trace data demonstrated
their importance in predicting academic risk. For example,
volume metrics, such as frequency and duration of logins,
were found to be significant predictors of performance, ac-
counting for as much as 31% of the variability in final grades
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[18]. Subsequent work using richer datasets demonstrated
that combining interaction logs with grade data and other
non-LMS enrollment data could reliably be used for early
outcome prediction (in some cases as soon as the 8th day of
instruction) [23] and successfully used for automated inter-
vention [1]. As data availability has increased, this work has
expanded beyond descriptive analytics to include machine
learning approaches that integrate demographic, adminis-
trative, and behavioral data sources in an effort to improve
predictive accuracy [2, 14, 13]. These more complex datasets
have allowed us to better model academic risk as a dynamic
process rather than a static outcome. However, analyzing
LMS behavior at an institutional level has historically been
hindered by fragmented data systems that often lacked uni-
formity both within and between institutions. In response
to this, the Unizin Consortium was developed as a collabo-
rative effort among research universities to create a shared,
standardized data infrastructure to support the analysis of
student engagement at-scale [28].

Despite the substantial progress that has been made in iden-
tifying students at risk of dropout or course failure, most
studies operationalize academic risk using binary outcome
measures or focus on failures that occur within individual
courses or programs. Such approaches provide useful indi-
cators of eventual outcomes but may obscure differences in
how academic difficulties emerge and accumulate across a
student’s broader educational experience. Specifically, expe-
riencing multiple course failures in a single academic term
represents one such profile. For first-year students in par-
ticular, this pattern can trigger institutional probationary
policies, financial aid consequences, and reduced opportuni-
ties for academic recovery, creating a precarious academic
position early in their college careers [26, 22, 7]. Despite
the institutional significance, relatively little research has
examined how behavioral signals associated with multiple
concurrent failures develop over time.

The present study thus extends prior learning analytics work
by shifting the analytic focus from predicting whether failure
occurs to understanding when and how clusters of academic
difficulty become detectable. Recent increases in the avail-
ability of large-scale, institutionally integrated educational
data have made it possible to examine these patterns with
greater temporal and contextual resolution than was pre-
viously feasible. Leveraging longitudinal LMS engagement
data drawn from the Unizin Data Platform, which links
behavioral and administrative records within an authentic
undergraduate environment, we (1) model multiple-course
failure as a distinct outcome, and (2) examine the temporal
emergence of behavioral indicators that may support earlier,
more targeted intervention. Guided by this perspective, we
consider two research questions:

RQ1: How well can we predict that students will experience
multiple failures in their first semester of college?

RQ2: How early can we make meaningful predictions about
students’ failure rate?

By using behavioral data related to students’ LMS engage-
ment, we aim to identify the factors that most meaningfully
predict student failure with the long-term goal of providing

more timely and equitable institutional intervention.

3. METHODOLOGY
Data for this study were collected from the Unizin Data
Platform, which is a repository of LMS records from the
16 university members of Unizin [28]. We initially queried
the database to select all students who were first enrolled
in their program in Fall 2022 at a large public Midwestern
university. The initial sample comprised 8,382 students.
To ensure the analysis focused on a consistent first-year
undergraduate cohort, a multi-step data cleaning process
was applied. First, we excluded students with interaction
records prior to the start of the semester to remove continuing
or transfer students. Second, students with fewer than 3
graded courses were excluded as a proxy for full-time status.
Additionally, we removed students enrolled in graduate-level
coursework. The final analytic sample consisted of 5,094
students. Due to student privacy concerns, the original
dataset used in this study is not publicly available. However,
a synthetic dataset that mirrors the original data structure
and the complete analysis pipeline are available on the Open
Science Framework [24].

For this analysis, we defined ’failure’ as a grade below a C-,
based on institutional guidelines. Using this definition, we
categorized students into three groups based on their Fall
2022 performance: (1) Multiple Failure (N=160), compris-
ing students with two or more Ds or Fs; (2) Single Failure
(N=321), serving as a comparative failure group for students
with exactly one D or F; and (3) Non-Failure (N=4613), rep-
resenting students who met all course requirements. Descrip-
tive results indicate that students who experience multiple
instances of failure in their first semester exhibit significantly
lower term-to-term persistence, with only 50% continuing
past their first year, compared to 92% for non-failure stu-
dents. This highlights the need to understand what behaviors
may be most associated with these failure experiences, so
that we can better intervene before these students leave.

3.1 Feature Engineering
Features were extracted from the Unizin Data Platform to
capture granular behavioral patterns. The study period
covered a 16 week semester, resulting in a total of 240 base
features (15 per week).

3.1.1 Base Feature Identification
We identified core behavioral metrics to serve as proxies for
student engagement and self-regulation.

1. Temporal Interaction Patterns: To assess possible tem-
poral interaction effects, we categorized all LMS events
into four distinct time-of-day bins (12:00 AM – 6:00
AM, 6:00 AM – 12:00 PM, 12:00 PM – 6:00 PM, and
6:00 PM – 12:00 AM).

2. Self-Regulation Proxies: Engagement with the LMS ”To-
Do” list and calendar features was used to represent
planning and organizational behavior. This aligns with
prior research that shows that learners with higher self-
regulation skills engage in greater planning behaviors
than their peers [11].
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3. Volume and Intensity: We captured the duration of
active sessions, the frequency of specific actions, and
the number of distinct 30-minute study sessions.

4. Performance Indicators: Unizin compares assignment
submission timestamps to due dates to calculate sub-
mission latency, and these calculations were used to
create an average weekly submission metric.

3.1.2 Feature Engineering and Aggregation
To simulate real-time predictive capabilities, raw event data
were aggregated at the weekly level. To account for different
dimensions of student effort, we engineered three specific
types of derived features:

1. Time-Binned Counts & Proportions: For each time-of-
day bin, we calculated both the raw count of interac-
tions and the proportion of the week’s total activity
that occurred within that bin.

2. Proportional Engagement: We calculated the propor-
tion of total weekly To-Do list activity relative to overall
To-Do list engagement to normalize planning behavior.

3. Cumulative Features: To capture longitudinal trends,
we created cumulative versions of count and duration
metrics. For interaction counts, the four time-binned
features were first summed to create a single ”Total
Interactions” metric for the week, which was then it-
eratively added to create a single ”Cumulative Total
Interactions” feature. All other non-proportional met-
rics (e.g., Student Activity Scores, Sessions) were ag-
gregated individually. This process resulted in an addi-
tional 112 cumulative features, yielding a final dataset
of 352 potential features.

To ensure the ecological validity of our predictive models, we
implemented temporal constraints on the feature sets. At
any given point in the semester (Week k), the model was
restricted to a ”snapshot” of the student’s history up to that
point. The total number of features available to the model
at Week k is calculated as follows:

Total Features = (15× k) + (7× k) (1)

In this calculation, 15 represents the base features generated
each week (e.g., interaction counts, time-binned proportions),
and 7 represents the longitudinal cumulative features (e.g.,
running totals of interactions). This approach ensures that
the model never ”sees” into the future and instead relies only
on information that would be available to an instructor or
institution in a real-time environment.

To prepare the dataset for modeling, we performed feature
selection and normalization independently for each weekly
model iteration. Specifically, we removed features that
were strongly correlated (r>.90) to address potential multi-
collinearity, scaled features using a standardized scaler, and
applied the Synthetic Minority Over-sampling Technique
(SMOTE) [9] to the training folds to address class imbal-
ances.

3.2 Modeling Approach
The dataset was split at the student level into 80% training
data (N = 4075) and 20% testing data (N = 1019). We
created 5 different randomized training and testing splits
and applied a 5-fold cross-validation procedure using a Ran-
domized Search (k=5) to each of the training datasets to
tune model parameters and obtain reliable performance esti-
mates. We utilized Random Forest and XGBoost classifiers
due to their ability to handle non-linear relationships and
high-dimensional data. Given that the Multiple Failure group
represents a relatively small proportion of the population
(3.1%), we addressed the severe class imbalance by optimizing
our models for Recall (sensitivity). Recall reflects the pro-
portion of truly ”at-risk” students that the model successfully
identifies. In this context, low recall would mean students
experiencing multiple failures are overlooked by the system,
preventing institutions from offering potential support during
critical periods. Because prior research has shown that early
academic setbacks can compound and contribute to attrition,
missing these students (false negatives) represents the most
consequential form of error.

4. CURRENT PROGRESS
Model performance indicates that meaningful detection be-
comes possible relatively early in the term. By Week 5, recall
for the Multiple Failure group exceeded 50%, suggesting
that behavioral differences associated with later academic
difficulty are already observable within the first month of
coursework. Performance continued to improve as more tem-
poral data became available, reaching a peak recall of .68 by
Week 15 (Figure 1).

To interpret which behaviors contributed most strongly to
model predictions, we examined the SHAPley Additive Ex-
planations (SHAP) values (Figure 2). This analysis revealed
two critical windows for intervention. First, features related
to late submissions in the first month remained among the
strongest predictors of multiple failure even at the end of the
semester. This indicates that a pattern of procrastination
established in the first few weeks of college is a persistent
indicator of risk. Second, interaction behavior during Weeks
8-11 emerged as highly influential. This period immedi-
ately follows midterm exams, and suggests that this drop
in interaction may reflect academic disengagement following
disappointing midterm results. This window may thus be
an important window for increased support, especially for
students already showing signs of academic difficulty.

Our analysis also revealed that not all instances of academic
difficulty reflect the same underlying process. While students
in the Multiple Failure group exhibit more generalized pat-
terns of disengagement that became increasingly detectable
over time, Single Failure students were frequently misclas-
sified as Non-Failure. This suggests that failing a single
course may be an idiosyncratic, localized, or course-specific
challenge tied to the demands of a particular course rather
than a broad behavioral shift.

5. CONTRIBUTION AND FUTURE WORK
This research offers both theoretical and practical contribu-
tions to the Educational Data Mining and Learning Sciences
communities. From a learning science perspective, this work
offers theoretical insights into how academic disengagement

857



Figure 1: Weekly model recall performance by student failure outcome. Solid lines represent the average recall achieved by the
model for each group, while horizontal dashed lines represent the baseline recall for each specific group, established using a
stratified dummy classifier. The vertical dotted line at Week 12 marks the Thanksgiving break, corresponding to a period of
atypical LMS engagement.

Figure 2: SHAP summary plot for the top 10 features for the Multiple Failure group

unfolds at an institutional level. Additionally, the use of the
Unizin Data Platform ensures that the methodology applied
to this work is scalable and provides a blueprint for stan-
dardized institution-level learning analytics. This type of
cross-institutional work will be key for determining whether
observed behavioral patterns can generalize to other settings.

With an eye towards generalizability, future research will look
to replicate these findings across different first-year cohorts
to solidify the timing of key behavioral windows. We would
also like to explore additional analyses using explainable AI
and deep learning methods to improve model performance
and ensure that we are accurately identifying the behav-
ioral patterns that are most predictive of repeated failure. In
addition, we will be carrying out a longitudinal analysis to as-
sess how behavioral signatures evolve over time, particularly
for students in the Multiple Failure group. Assessing how

behaviors change over time for students who persisted de-
spite experiencing significant early academic setbacks could
provide insights into the types of behaviors that allowed
them to persist. Lastly, we plan to integrate disciplinary
data to determine if certain majors or gateway courses ex-
hibit unique engagement signatures and explore how course
difficulty influences learning behavior.

The ultimate goal of this research is to support the de-
velopment of proactive early warning systems. Identifying
’Multiple Failure’ trajectories allows institutions to deploy
limited advising resources to the struggling students most
likely to drop out. By focusing on ’just-in-time’ intervention,
we can better identify the students who are struggling the
most as they transition to college and provide them with the
support they need before academic probation or permanent
withdrawal occurs.
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