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Abstract
Researchers have investigated early warning systems through learn-
ing analytics (LA) to identify students who need support in com-
puter science (CS) courses. There is debate over which data are best
for prediction and how much data are needed. For these warning
systems to be useful, it is important to understand at what times
LA data features are most effective at identifying students at risk of
negative course outcomes. In this paper, we compare 16 common
behavioral features found across the LA literature using generalized
linear mixed models (GLMMs) to predict students’ final course and
final exam grades. We aggregate features over 2-week intervals (e.g.,
at 2 weeks, 4 weeks), examining each feature’s ability to predict
student performance at different times in the semester. Our findings
reveal that a student’s accuracy in unit testing problems is a statis-
tically significant predictor across all cut-points when predicting
final exam and final course grades. Other predictors are statisti-
cally significant at a subset of cut-points. For example, how early
a student starts an assignment is statistically significant in earlier
weeks of the semester when predicting final exam grades, whereas
the number of syntax errors is statistically significant towards the
middle of the semester when predicting final course grades. Our
work contributes a comprehensive analysis of a large set of LA fea-
tures while maintaining the temporal context of course progression.
We also provide design recommendations for implementing these
features in a dashboard to convey course insights to instructors.

CCS Concepts
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1 Introduction
According to the 2024 CRA Taulbee Survey [34], introductory com-
puter science (CS) courses have received large amounts of enroll-
ment with a generally increasing trajectory. However, these same
courses also face sizable dropout rates of about 25% [38]. These
trends have occurred for decades, with some fluctuations over the
years [25] and are corroborated by earlier studies [25, 27]. This
phenomenon, along with the fact that students do not always
ask for help on their own [11, 14, 35], is the motivation for re-
search studying predictors of student struggle and performance
(e.g., [4, 17, 24, 28, 32]). This research belongs to the learning ana-
lytics (LA) domain, which uses data from students as they complete
course content to analyze which behaviors predict performance.

Among these studies, there is a large variability in the data fea-
tures and predictive methods used, with sets of features measuring
across categories such as “Code state contents,” “Handling errors,”
and “Time-on-task.” This makes it difficult to compare works. There
is also a discrepancy in the amount of data needed to achieve an
accurate prediction. Most works tend to choose cut-points, i.e., time
boundaries at which cumulative student data is evaluated, based
on the percentage of course materials completed or on the course’s
context. One example is Adnan et al. [1], who used machine learn-
ing and deep learning approaches to predict final exam scores. They
used cut-points in 20% intervals, predicting scores at 20% and 40%
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course completion, and so on. Another example is Llanos et al. [22],
who predicted course performance at weeks 3, 5, and 7 because
specific lab assignments were scheduled in those weeks. In addition,
most works use small datasets and test their methods on only a few
course sections (e.g., [4, 5, 32]). This makes it difficult to tell if the
data features are generalizable across different student samples.

In this work, we explore how well various data features predict
student performance at different times in the semester. Using a
dataset containing 30 course sections and 16 data features aligned
with prior research (defined in Table 1), we answer the following
research questions: (RQ1) Can we predict student performance using
common behavioral data features from LA literature? (RQ2) Which
data features are most predictive at different times in the semester?

Our work provides two main contributions. First, we analyze
a large set of data features from the current LA literature and
compare them across a single, large dataset. It is rare to have a
comprehensive evaluation with data features from multiple works.
By evaluating these on the same dataset, we can report results on
a single sample of students, enabling a more objective compari-
son of features. Compared with other datasets, ours contains more
information due to its size and granularity, comprising data from
over 1,100 students and 2,206,507 student submissions. Second, our
aggregation methodology allows us to incorporate the temporal
context of course progression in our analysis. By aggregating data
features at different cut-points throughout the semester, we ob-
serve how some features become more or less predictive over time.
These contributions work together to provide a comprehensive and
contextual analysis of common LA data features, and our findings
can be extended towards developing analytical tools to help CS1
instructors identify early signs of student struggle.

2 Related Work
2.1 Behavioral Data Features
Educational data mining researchers increasingly use action log
data to predict student performance [16]. These logs are a series of
actions recorded as a student completes course material content,
often in systems such as learning management systems (LMS) or
version control systems (VCS). The granularity of the data, as well as
the aspects recorded, varies across datasets. For instance, Arakawa
et al. [4] collected data from 312 students using GitHub VCS, record-
ing each time a student pushed a version of code to their repository.
Other works, such as Pinto et al. [28], used the PrairieLearn LMS to
collect data from 733 students, tracking progress on programming
homework, weekly quizzes, and cumulative exams.

The proposed data features used in each work vary greatly. Re-
searchers hypothesized student behaviors or patterns that may be
related to student struggle and performance, and then designed
features that operationalize these behaviors. Based on our literature
review, these features can be grouped into 13 categories. Table 1
lists these categories along with their descriptions. Some of these
categories may appear to be the same. We highlight the differences
between the two pairs of closely related categories below:

In our definitions, Effort focuses on the number of times an ac-
tion was done. For these features, some action is needed to complete
the assignment, but having too many or few could signal giving
too much or little effort. This category has features like "Number of

submissions,” where students must submit a certain number to com-
plete assignments. However, having too many submissions could
mean struggle, whereas too few could be a lack of engagement.

In previous works, Struggle focuses on features with author-
defined criteria for struggle. These are often binary features indicat-
ing whether a student meets the criteria. For example, Alam et al.
[2] labeled a student as struggling with a particular coding problem
if they attempted it but never got it correct, or if they got it correct
with more submissions than 75% of students.

Like Effort/Struggle separation, Time-on-task focuses on data
features tracking the amount of time spent working. The difference
between each Time-on-task feature is how they defined when a
student is spending time on an assignment. Some prior work used
only times when the student is actively typing [18], whereas others
used the intervals between logged submission timestamps [28].

The Engagement category operationalizes how active or focused
students were when working on an assignment. These features
may be related to time, but focus on whether the student engaged
in an action that indicated losing focus. This includes binary fea-
tures like "Overly Idle” [37], which labeled the student as idle if
they stop coding for more than 5 minutes, and "Interleaving” [28],
which checked if the student switches to another assignment before
returning to the original one during the same login period.

2.2 Prediction Models
Many prior works used accuracy measures, such as unit testing
ratios [4, 32] or final course grades [40], as data labels for their
prediction model. The analytical methods in LA can be applied to
two types of problems: regression and classification. In regression,
the model directly predicts the measurement through regression or
machine learning models. For instance, Araya et al. [5] used data
features focused on student behaviors to predict each student’s
average assignment grades, average midterm exam grades, and final
course grade using random forests, support vector regression, and
linear regression. In classification, students are sorted into groups
depending on their performance. For example, Llanos et al. [22] used
each student’s final course grade to label them as low-, medium-,
or high-performing, training machine learning models to predict
which group each student belonged to based on their performance
in lab assignments and exams. In this work, we compared 16 features
from our literature review, using generalized linear mixed models
to classify students based on final exam and course grade outcomes.

3 Methodology
3.1 Data Acquisition
The Evidence of Learning (EOL) dataset comprises two distinct
courses at a Mid-Atlantic US R1 University (data collected and
anonymized under our approved IRB Protocol #1478144-7). Both
courses follow the PythonBakery curriculum,1 a 15-week introduc-
tory Python course for undergraduate students. The curriculum
was created for the Canvas LMS, and its materials are publicly
available. It incorporates open source learning technologies, such
as BlockPy [6] and Pedal.2 BlockPy is a web-based Python envi-
ronment designed for beginner programmers. It features Canvas
1https://python-bakery.github.io/
2https://pedal-edu.github.io/pedal/
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Meta-Category Description
Student Info Course/Demographic information about students [22]
Student Prep Students’ prior knowledge and skills [19]

Achieving Mastery
Accuracy measures indicating that a student is learning.
Includes unit tests, grades, correct/incorrect submissions,

if the student eventually got the correct answer [2, 4, 5, 15, 18, 22, 26, 28, 39]

Code State Contents Contents of a particular code state,
not looking at its relationship to other code states [2, 5, 21]

Course/System Info Information about the course or learning system [22, 26, 39]
Changes in Code States What/how much a student is changing in their code [4, 15, 21, 37]

Difficulty of Task Related to how challenging the assignment is. Includes
student perceptions of how hard a piece of code is to implement [2]

Effort Related to how many attempts a student used to
complete an assignment [2, 4, 5, 8, 13, 15, 22, 26, 28, 37, 39]

Engagement Related to how active a student is in completing an assignment,
usually about how often/consistent students work [5, 15, 21, 28, 37]

Handling Errors Related to resolving errors in code (e.g., syntax and runtime errors) [4, 5, 15]
Procrastinating Related to when a student works on an assignment [4, 5]

Struggle Indicators of students getting stuck. Includes wheel-spinning [2, 4, 28, 37]
Time-on-Task Related to the amount of time a student works on an assignment [2, 5, 15, 18, 22, 28, 28]

Table 1: Meta-categories for data features. The descriptions and works that use features from each are listed.

integration, allowing students to write, compile, and submit coding
assignments directly on the Canvas website. With BlockPy and
Canvas, we unobtrusively log each student’s actions while they
complete assignments. Pedal is a framework for analyzing student
code. Instructors can create scripts that automatically provide feed-
back on student code based on the code’s context. Through Pedal,
instructors set up unit tests to evaluate a student’s code. We used
this unit-testing feature in our data. All data used in this study are
saved on our BlockPy server.

3.2 Dataset Contents
The EOL dataset contains a total of 2,206,507 student submissions
with 15,043,100 unique code states. Each time a student compiles
code for an assignment, we consider this as a new submission.
Courses were held between the Fall 2022 and Spring 2024 semesters
across 30 sections. 21 (15 non-Honors) sections were for non-CS
engineeringmajors (CISC-X). 9 (8 non-Honors) sections were for CS
majors (CISC-Y). The EOL dataset contains 1,189 students, including
853 (730 non-Honors) and 336 (306 non-Honors) from CISC-X and
CISC-Y, respectively. The courses had largely the same content. Both
courses are scheduled separately, with their own Honors sections,
and the bulk of students are in the non-Honors sections.

The PythonBakery curriculum consists of coding assignments,
projects, and exams. For this analysis, we focus on coding assign-
ments. An assignment comprises a set of problems grouped by
topic. Some problems have unit testing (test cases set by the in-
structor to assess student code). For this study, we focus on the
14 main assignments, which include fundamental coding topics,
such as If statements, For loops, and data structures. As the se-
mester progresses, course materials build on previously learned
concepts and become increasingly more complex. In the context
of our data, we focus on coding assignments because they occur

regularly throughout the semester, capturing more nuance in how
a student progresses through the course. Additionally, student be-
havior on these assignments may reveal signs of struggle much
earlier than on exams or projects scheduled later in the course. Each
assignment has an available, due, and lock date on Canvas. Through
BlockPy, students edit and submit their code directly on the Canvas
webpage. Student actions, such as starting an assignment, editing a
file, and submitting a code version, are logged. Metadata, such as
the timestamp of when the action occurred, the feedback provided
by Pedal, and the assignment in which the action occurred, is also
saved. Each week, two assignments (parts A/B) are made available
to students, both covering the same topic. For the first 8 weeks
of the course, the assignment topics and the number of problems
in each are as follows- 1: Intro (25/39); 2: Functions (28/21); 3: If
Statements (6/15); 4: Data Structures (21/21); 6: For Loops (14/12); 7:
Sequences (12/11); 8: Nesting (11/9). Week 5 had a midterm exam,
so no assignments were given.

The dataset follows the ProgSnap2 data format [29], which fea-
tures tables stored in an SQL database. The main table is an event
log that records the events (or actions) each student performs in the
BlockPy environment. Each record includes the event’s timestamp,
the event type, and any Pedal feedback triggered.

3.3 Feature Selection
Based on prior research, we derived data features that measure var-
ious student behaviors and patterns. We provided meta-categories
for each feature, indicating what each is intended to measure. We
selected a subset of features identified in prior literature as predic-
tors of student struggle and performance, based on viability with
our dataset. Table 2 lists these features with their associated meta-
categories and descriptions. Note that some of the descriptions and
calculations were modified to fit our dataset.
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Some of the data features in our models are not actionable pre-
dictors. Instead, they are used to contextualize model predictions.
As seen in Table 2, whether a student is a CS major or in an Hon-
ors section influences which course section they attend. Further,
whether a student took the course in the fall or spring semester has
contextual nuance. Students typically take CS1 courses in the fall,
because taking it later impacts eligibility to enroll in subsequent
courses. So, students in the spring semester are “behind” those tak-
ing it in the fall. These three data features are considered student
demographics, based on enrollment rather than identity traits such
as gender or race. They allow us to control for the different sizes,
needs, and capabilities of each course section in our dataset.

3.4 Outcomes
We tried two outcomes: the final course grade and the final exam
grade, since both were available. Both have been used in several
works as outcomes [2, 5, 15, 18, 20, 22, 39, 40]. We mapped actual
values to binary labels at a threshold of 80%, based on the consen-
sus of co-authors who were also course instructors for CISC-X/Y:
students who get a C (<80) do poorly in subsequent courses.

3.5 Data Preprocessing
We excluded students who did not complete work after the third
week of the semester and did not take the final exam, because they
have very little data and may have dropped the course during the
add/drop period. Seven met this criterion, leaving us with 1,182
students. Students who did not complete the final exam but com-
pleted work after the third week had their final exam grade mapped
to zero. Of the 1,182 students, 881 and 868 were ≥ 80 for our final
exam grade and final course grade outcomes, respectively.

In this study, we represented each student as a set of data feature
values. To capture how these feature values change over a semes-
ter, we aggregated them across the assignments made available
to students so far. Table 2 provides details on how each feature
was calculated. Those with an asterisk (*) indicate that a weighted
average was used to aggregate. Those without contain the aggre-
gated calculation in their description. We aggregated data in 2-week
intervals, resulting in 2-, 4-, 6-, and 8-week views of the semester.

3.6 Model Choice
We used generalized linear mixed models (GLMMs), similar to mod-
els used in prior research [5, 18, 21, 28, 37, 39]. Because GLMMs are
statistical models, we focused on the logistic regression coefficients
and p-values to assess the relationships between data features and
outcomes. Moreover, we focused on deviance scores to assess how
well our models fit the data, where lower values indicate a better
fit [23]. The 16 data features are the fixed effects, and the course
section of each student is the random effect. We fitted a GLMM for
2, 4, 6, and 8 weeks of the semester for each of our two outcomes,
yielding a total of 8 GLMMs. Because several GLMMs were used,
we may have encountered statistically significant results from ran-
dom chance. To account for the false discovery rate, we applied the
Benjamini-Hochberg procedure [7]. From this, we see the predictive
power of each data feature and how this changes over time.

4 Results
4.1 Predicting Final Exam Grades
Table 3 shows the standardized logistic regression coefficients for
each model predicting final exam grades. Values marked with an
asterisk (*) indicate p-values < .05 after applying the Bejamini-
Hochberg procedure. A student’s accuracy in unit test problems
and the amount of syntax errors they made were statistically sig-
nificant predictors across all cut-points. Compared to the other
features, these had larger coefficient magnitudes. Other data fea-
tures were statistically significant at a subset of cut-points. How
early a student started an assignment and how many missing as-
signments were statistically significant only after 2 and 4 weeks, not
later. Conversely, whether a student experienced wheel-spinning
was only a statistically significant predictor after week 8. Addition-
ally, deviance scores decreased as we include more semester data,
indicating that more data improves the model’s fit.

4.2 Predicting Final Course Grades
Table 4 presents the standardized logistic regression coefficients for
each of our models predicting final course grades. Values marked
with an asterisk (*) indicate that its p-value <.05 after applying
the Bejamini-Hochberg procedure. A student’s accuracy in unit
test problems, how early a student started an assignment, and how
many missing assignments were statistically significant across all
cut-points. Besides the number of syntax errors, these features
had the largest coefficient magnitudes among the data features.
The amount of syntax errors, although not statistically significant
after 2 weeks, was statistically significant after weeks 4, 6, and 8.
Whether a student got 100% on an assignment and the number of
coding sessions was statistically significant after weeks 2 and 4,
but not after 6 and 8. We see that including more semester data
decreased the deviance score, allowing the model to better fit the
data. Compared to the deviance scores in Table 3, these scores are
smaller. This means that the models predicting final course grades
fit the data better than those predicting final exam grades.

5 Discussion
Using final exam and course grades outcomes, we found a student’s
accuracy in unit tests was a statistically significant predictor across
all cut-points. Other features, such as the number of syntax errors,
when they started an assignment, and how many missing assign-
ments were statistically significant predictors at certain parts of
the semester. These results indicate we can predict student perfor-
mance with common behavioral data features from LA literature
(RQ1). From our features, we identified which are most predictive
at different times in the semester (RQ2).

5.1 Temporal Course Context
During the semester, the complexity of course materials increases.
The first assignments cover isolated core concepts, whereas the later
assignments are more complex and build on previously learned con-
cepts. Likewise, students’ coding behaviors may also change across
the semester. These changes are reflected in the change in statistical
significance for data features. For instance, when predicting final



When to Check In?: Identifying Early Signs of Student Struggle at Various Cut-Points in CS1 Course Data ITiCSE 2026, July 10–15, 2026, Madrid, Spain

Meta-Categories Feature Name Description Range
Student Info Semester Which semester a student’s course was in (0 for fall, 1 for spring) [22] [0,1]
Student Info IsHonors If a student was in a non-Honors (0) or Honors (1) course section [22] [0,1]
Student Info IsCSMajor If a student was a non-CS major (0) or CS major (1) [22] [0,1]
Student Prep PretestScore Score student received for the pretest to the course (4 indicates 100%) [19] [0,4]
Achieving
Mastery Solved* If a student got 100% on an Assignment before the lock date.

(0 if no, 1 if yes) [2, 28] [0,1]

Achieving
Mastery UnitTestRatio* [# of passed unit tests]/[total # of unit tests] in an Assignment [4, 39] [0,1]

Effort NumSubmissions [# of submissions]/[total # of problems after X weeks] [2, 5, 8, 13, 22, 26, 28, 39] [0,∞]
Engagement,

Effort NumSessions [# of coding sessions]/[# of Assignments after X weeks]
A coding session ends when no action is done after 15 minutes [28] [0,∞]

Engagement,
Effort

Missing
Assignments [# of unattempted Assignments] /[# of Assignments after X weeks] [15] [0, 1]

Handling
Errors, Effort SyntaxErrorRatio* [# of syntax error messages]/[total # of feedback messages]

in an Assignment [4, 5] [0, 1]

Procrastinating NormStartTime* Normalized timestamp of the first submission of an Assignment. 0, 0.5, and 1
are when an Assignment is available, due, and locked, respectively [4] [0, 1]

Struggle NumRapidGuesses [# of rapid guesses]/[# of Assignments after X weeks]
A rapid guess is when ≥ 3 submissions are made in a row in < 15 seconds [28] [0,∞]

Struggle WheelSpinning* If a student attempted the Assignment but never got 100%, or got 100% with
more submissions than 75% of other students. (0 if no, 1 if yes) [2] [0, 1]

Struggle NumExcessRuns [# of times code was compiled multiple times without any changes]
/[# of Assignments after X weeks] [37] [0,∞]

Struggle NumFeedback
Unchanged

[# of submissions where the feedback message did not change]
/[# of Assignments after X weeks] [4] [0,∞]

Time-on-Task TotalTime
SpentCoding

[# seconds spent coding]/[# of Assignments after X weeks]
from latencies between keystrokes excluding breaks over 15 minutes [18] [0,∞]

Table 2: Data features used in this work. The description, citations using similar metrics, and range are provided. * indicates
that a feature was aggregated using weighted average. Weights were determined by the number of problems in each assignment.

course grades, the amount of syntax errors is not statistically signifi-
cant after the first 2 weeks of the semester, but becomes statistically
significant after weeks 4, 6, and 8. This can be interpreted in light
of students’ growing familiarity with the coding language. At the
beginning, syntax errors are common among all students because
they were only recently introduced to the coding language and its
syntax. However, later in the semester, students are expected to be
well-versed in the syntax. Students with a high number of syntax
errors later in the semester are more concerning than those at the
beginning. Likewise, when predicting final exam grades, whether a
student experiences wheel-spinning is not a statistically significant
predictor after weeks 2, 4, and 6, but becomes statistically signifi-
cant after week 8. Wheel-spinning may be more common earlier in
the semester and is less concerning than later in the course.

Another trend that may have affected our results is students may
attempt fewer assignments later in the semester. This could be due
to several factors, such as balancing effort between courses or losing
motivation [31]. This decrease in attempts affects effort-based data
features. For instance, if a student did not attempt an assignment,
the number of syntax errors, rapid guesses, wheel-spinning, excess
runs, and unchanged feedback values for that assignment was 0.
Meanwhile, a student who attempted that assignment perfectly
on the first attempt also received a 0. These different scenarios

result in the same values for the listed features. Although using the
number of missing assignments as a feature could mitigate this by
identifying if a student attempted an assignment, these features
may have affected the models’ fit. We kept their descriptions and
calculations as they were operationalized in prior work. In future
work, we may redesign the features to better align with our data.

5.2 Design Recommendations
The data features used in this study can be easily calculated and im-
plemented into a dashboard for instructors to observe how students
complete assignments. By identifying patterns and early warning
signs within student behavior, instructors can intervene in a timely
manner. By providing insights, instructors can make more informed
decisions when designing student-centered course materials [10].
We will explore the demand and feasibility of this in future work.

5.3 Limitations and Future Work
We focused our analysis on the 14 assignments covering the main
topics of our CS1 courses. We did not include other course materials,
such as midterm exams, projects, and assignments covering more
advanced topics.We plan to incorporate these in future experiments.
We also only tested cut-points at 2-week intervals. Using smaller
intervals may provide more details on student behavior, potentially
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Standardized Logistic Regression
Coefficients "After X weeks”

Data Feature 2 4 6 8
Semester -0.27* -0.24* -0.24* -0.23
IsHonors 1.38* 1.41* 1.42* 1.41*
IsCSMajor 0.32* 0.30* 0.30* 0.29*
PretestScore 0.08 0.08 0.07 0.11

Solved 0.55 -0.06 -0.45 -0.92
UnitTestRatio 2.56* 4.14* 4.56* 4.17*

NumSubmissions >-0.01 0.03 0.05 0.06
NumSessions >-0.001 >-0.001 >-0.001 >-0.001

SyntaxErrorRatio -23.40* -23.61* -33.70* -46.69*
NormStartTime -2.79* -2.12* -1.86 -1.30

NumRapidGuesses -0.01 >-0.01 -0.01 -0.02
WheelSpinning -0.63 -0.870 -1.31 -2.26*
NumExcessRuns -0.02* -0.03 -0.02 -0.04
NumFeedback
Unchanged <0.001* <0.001 <0.001 <0.001

TotalTime
SpentCoding <0.001* <0.001 <0.001 <0.001

MissingAssignments 3.99* 3.97* 3.27 1.27
Deviance Score 1075.70 1038.32 1023.34 1003.68

Table 3: Standardized logistic regression coefficients, for the
final exam grade outcome. * indicates p-value <.05 after ap-
plying the Benjamini-Hochberg procedure.

Standardized Logistic Regression
Coefficients "After X weeks”

Data Feature 2 4 6 8
Semester -0.46* -0.55* -0.58* -0.50*
IsHonors 2.16* 2.28* 2.27* 2.12*
IsCSMajor 0.62* 0.74* 0.77* 0.73*
PretestScore 0.04 0.02 0.02 0.04

Solved 1.93* 1.79* 1.51 1.11
UnitTestRatio 2.78* 5.62* 6.47* 6.45*

NumSubmissions 0.02 0.08* 0.11* 0.12*
NumSessions >-0.001* >-0.001* >-0.001 >-0.001

SyntaxErrorRatio -13.16 -19.19* -27.80* -38.57*
NormStartTime -6.89* -7.08* -7.00* -5.86*

NumRapidGuesses -0.01 -0.01 -0.02 -0.02
WheelSpinning -0.25 -0.24 -0.81 -1.74
NumExcessRuns -0.01 -0.02 -0.02 -0.04
NumFeedback
Unchanged <0.001 >-0.001 >-0.001 >-0.001

TotalTime
SpentCoding <0.001 <0.001 <0.001 <0.001

MissingAssignments 8.04* 10.93* 11.40* 7.42*
Deviance Score 978.42 880.68 854.56 817.04

Table 4: Standardized logistic regression coefficients, for the
final course grade outcome. * indicates p-value <.05 after
applying the Benjamini-Hochberg procedure.

helping our models make better predictions. Our action log data is
from one institution and two CS1 courses, which may affect how
generalizable our findings are in other contexts. In addition, our
dataset included various features related to student information,
such as the semester a course was held, whether a student was in an
Honors section, and whether they were a CS major. We used them
in the same model and analysis to account for differences across
course sections in our dataset, but it would be interesting to test
whether some features are better predictors for certain groups of
students. As previously mentioned, the decrease in attempts affects
effort-based data features, where those who do not attempt an
assignment at all and those who complete an assignment perfectly
on their first attempt both receive values of 0 for those features. We
may redesign these to better fit our data in future studies.

In futurework, wemay explorewhat kinds of interventions could
be effective at different cut-points. We will explore the relationship
between these data features and self-regulated learning (SRL), a
self-directed process where students convert mental ability into
academic skill [41]. Prior studies show that self-regulation is a
key skill for achievement in STEM courses [30], and interventions
focused on SRL can increase student motivation [12], which can
improve course performance [31, 33]. Because action log data and
SRL theories complement each other [36], we believe they can be
used together with our chosen features to predict course outcomes.

We plan to explore the demand and feasibility of an instructor
dashboard, informed by the data features from this work. Previous
studies have created visualizations and user interfaces to present
LA [3]. A recent study revealed that LA can inform instructors’
educational design decisions [9], but there is a need for greater
integration of LA into educational practice.

6 Conclusion
In this work, we used 16 common behavioral data features from LA
literature to explore early signs of student struggle in an introduc-
tory CS course. Our data consisted of coding assignments from the
first 8 weeks of a semester, covering 7 introductory coding topics
for over 1,100 student samples. Using cut-points at 2-week intervals,
we used varying amounts of data to predict students’ final exam
and course grades, examining how predictive the data features were
at different points in the semester. For the final exam and course
grade, student accuracy on unit test problems was a statistically sig-
nificant predictor across all cut-points. The statistical significance
of other features changed as the semester progressed. This may
be due to the level of complexity in the course materials and/or
the context of a feature at that time in the semester. Our work pro-
vides a comprehensive evaluation of a large set of LA data features
that incorporates the temporal context of course progression into
our analysis. In future work, further exploration of the connection
between student performance and motivation is needed.
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