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ABSTRACT

This work-in-progress study asks whether fine-grained online
quiz process data can explain exam performance in com-
puter science courses. Using event logs from two courses,
we aggregated quiz behavior for N = 138 student-exam ob-
servations and investigated whether browser focus-switching
(“page blur”) and broader quiz-taking profiles added ex-
planatory value beyond pre-semester GPA. We extracted
ten behavioral features capturing blur frequency, timing, at-
tempts, variability, and formative quiz performance, then
applied random-forest feature ranking, hierarchical regres-
sion, and K-means clustering. Page blur frequency emerged
as the strongest behavioral predictor and was found to be
statistically significant in predicting summative exam per-
formance beyond pre-semester GPA alone (p = 0.041). In
contrast, interpretable behavioral clusters did not signifi-
cantly improve model fit (p = 0.148). The results suggest
that a specific attention-related process signal can be more
informative than broader behavioral profiles, although its
gain over an academic baseline is modest. These findings are
used to motivate a future intervention in which page blur is
embedded within a broader Effort-and-Engagement score is
shared with students through personalized feedback.
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1. INTRODUCTION

Online quizzes are now routine in education but are often
observed only through scores. In unproctored settings, that
leaves instructors with little visibility into how students in-
teract with an assessment and whether they persevere with
a challenging problem, switch away to another resource,
or engage in repeated practice. Learning analytics makes
these behaviors visible through learning management sys-
tem (LMS) process data, but it remains unclear which sig-
nals are genuinely useful for explaining later summative per-
formance.
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That question is especially important when quizzes func-
tion as low-stakes, frequent assessments rather than one-shot
checkpoints. In that setting, quiz logs capture not only per-
formance but repeated opportunities for practice, retakes,
and feedback before a higher-stakes exam. This makes them
a useful context for analytics intended to support students
early, while there is still time for behavior change.

The work herein focuses on one concrete signal: browser fo-
cus loss during a quiz attempt, recorded as a “page blur.” We
treat blur events as a low-cost, imperfect proxy for attention
switching or external resource use. The study is also part
of a broader work-in-progress effort to develop an Effort-
and-Engagement (EE) score that combines quiz behaviors
with other student-facing course indicators to support non-
punitive, personalized feedback. Here, however, we narrow
the contribution to two questions.

e RQ1: Does the frequency of browser focus-switching
(“page blur” events) during quizzes predict final exam
performance, after controlling for students’ baseline
academic ability (GPA)?

e RQ2: Can unsupervised clustering of quiz behaviors
(including timing, attempts, and blurs) identify dis-
tinct student profiles that explain performance differ-
ences better than GPA alone?

2. RELATED WORK

Process-data research shows that event logs can reveal strate-
gies that are not visible in correctness-only measures [7, 8].
In LMS settings, log event features can predict achievement,
but recent reviews emphasize that these gains depend heav-
ily on feature engineering, context, and strong baseline com-
parison [1, 13]. Process-mining and formative-assessment
studies have also shown that quiz behavior can be summa-
rized into interpretable patterns or clusters [2, 4, 9].

Attention and multitasking research provides the conceptual
motivation for using page blur as a signal. Attention can be
inferred from interaction traces [18], off-screen exam behav-
iors can be detected through more intrusive sensing [5], and
multitasking is often associated with poorer academic out-
comes [10, 12, 17]. At the same time, window-switching
behaviors are context dependent and should not be treated
as a standalone cheating detector or risk label [14, 16]. This
tension motivates our focus on whether a specific blur signal
is more useful than broader behavioral profiling.
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3. METHODS

We analyzed quiz logs from the Canvas LMS for two upper-
division computer science courses offered during Fall 2025.
To align quiz behavior with major assessments, we aggre-
gated data over two eight-week windows. Namely, quizzes
preceding the midterm and quizzes preceding the final. Be-
cause students could contribute to one or both windows, the
final dataset contained N = 138 student-exam observations
from roughly 70 students. The outcome variable was the
corresponding exam grade, with pre-semester GPA serving
as the academic baseline. Many quizzes included random-
ized Canvas “Formula” items, which reduced the value of
answer memorization across attempts and made repeated
attempts more interpretable as continued engagement with
the procedure.

For each observation, we extracted ten quiz-level features
describing blur frequency and change, time on task, tim-
ing variability, number of attempts, days of engagement,
and formative quiz performance. We first trained a random
forest model to identify the most salient behavioral pre-
dictors, then estimated hierarchical linear models to com-
pare a GPA-only baseline with a GPA+blur model and a
GPA+-cluster model. For clustering, we tested K = 2 through
K =5 on the full behavioral feature set and retained K =
3 because it yielded the most interpretable profiles. We
also used 5-fold cross-validation as a secondary comparison
between blur-based and cluster-based predictive configura-
tions. The extracted features were:

avg_page_blurred mean: average page-blur frequency
per attempt

avg_blurred_change_mean: average change in blur count
across attempts

avg_days_between_attempts_mean: average spacing be-
tween attempts

avg_duration mean: average attempt duration

avg_duration change mean:
tion across attempts

average change in dura-

pct_correct_mean: mean highest formative quiz score
std_duration mean: within-quiz duration variability
distinct_days_mean: average number of active quiz days
std_page_blurred _mean: variability in blur frequency

total attempts_mean: average number of quiz attempts

Note that many of those features consist of a summary
statistic, e.g. average, over all the attempts for one quiz.
These are then averaged again over all of the quizzes in the
time period using an arithmetic mean to yield one feature
for each student-exam pair.

4. RESULTS

The random-forest feature ranking identified GPA as the
strongest overall predictor, but page-blur measures emerged
as the most important behavioral features, with
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Table 1: Top Behavioral Features from the Random Forest

Feature Importance
avg_page_blurred_mean 0.155
avg_blurred_change_mean 0.111
avg_days_between_attempts_mean 0.077
avg_duration_mean 0.069
avg_duration_change_mean 0.067

avg_page_blurred_mean and avg_blurred_change_mean rank-
ing above formative quiz performance. We therefore cen-
tered the confirmatory models on avg_page_blurred_mean.

For RQ1, the GPA-only model explained 18.2% of the vari-
ance in exam grades (R> = 0.182). Adding average blur
frequency increased R? to 0.207, and the blur coefficient
was negative and statistically significant (8 = —0.512, ¢ =
—2.063, p = 0.041). The nested-model comparison was also
significant (F1,135 = 4.26, p = 0.041). In practical terms,
students who switched away from the quiz window more
frequently tended to perform worse on the associated sum-
mative exam, even after accounting for GPA.

For RQ2, K-means with K = 3 yielded interpretable profiles
that we summarized as steady workers, high-effort retry-
ing students, and low-effort /high-distraction students. How-
ever, adding these cluster labels to the GPA model did not
significantly improve model fit (R* = 0.205; Fb 134 = 1.94,
p = 0.148). This same pattern appeared in cross-validation
also, as seen in Table 2, where models using the continuous
blur feature outperformed those using cluster labels. To-
gether, these findings suggest that a granular, theoretically
motivated attention signal carried more explanatory value
than broader behavioral categories.

The three clusters were still descriptively useful. The “steady

worker” profile paired longer, more focused attempts with

strong quiz scores; the “high-effort retrying” profile showed

repeated, shorter, focused attempts; and the “low-effort /high-
distraction” profile combined fewer attempts with more blur

events and weaker formative performance. These profiles

suggest meaningful differences in quiz-taking strategy, even

though they did not explain summative performance beyond

GPA.

e Steady workers: longer attempts, moderate retake be-
havior, and relatively low blur frequency

e High-effort retrying students: more attempts spread
across days, shorter attempts, and strong formative
scores

o Low-effort/high-distraction students: fewer attempts,
less distributed engagement, and the highest blur fre-
quency

Table 2 shows the comparison of blur-based and cluster-
based models using 5-fold cross-validation. The same pat-
tern holds there, in which models using the continuous blur
feature achieved lower error than those using cluster labels,
with the random forest with GPA and blur performing best



Table 2: 5-Fold Cross-Validation Comparison

Model RMSE
Random Forest (GPA + Blur) 18.08
Linear Regression (GPA + Blur) 18.53
Random Forest (GPA + Clusters) 18.55
Linear Regression (GPA + Clusters) | 18.71

--- average
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Figure 1: Partial dependence and ICE plot for average page
blur frequency and its relationship with exam scores. As blur
frequency increases, the modest but statistically significant
negative relationship can be seen.

overall. Figure 1 presents the partial dependence and indi-
vidual conditional expectation plot when average page blurs
were used to directly predict exam performance.

S. DISCUSSION AND NEXT STEPS

The central finding is that granularity matters. Namely,
that a specific, theoretically grounded signal tied to atten-
tion switching explained more than broad behavioral pro-
files. This does not mean that page blur should be treated
as a direct proxy for cheating or disengagement. The gain
beyond GPA was modest, and prior work shows that log
metrics are highly context dependent [1, 14]. Still, blur fre-
quency appears useful as a low-stakes risk signal when it is
interpreted alongside other course behaviors rather than in
isolation.

This is also why the clustering result remains useful, even
though it was not significant in the regression model. The
clusters helped describe different quiz-taking strategies in a
way that may still matter for instructor insights and feed-
back. In other words, the profiles were descriptively interest-
ing, but the blur metric was the sharper explanatory signal
for this dataset. However, the implication should not be that
blur events replace broader views of student engagement.
But, instead, that they can add a specific attention-related
signal that is easy to collect and interpret. In practice, this
makes blur events more useful as one component of a larger
engagement model than as a standalone indicator.

That framing directly informs our next step. We are us-
ing this result to design an Effort-and-Engagement (EE)
score that combines page blur frequency with broader in-
dicators such as attendance, assignment completion, quiz
participation, and retakes. The aim is not high-stakes clas-
sification, but student-facing feedback that makes engage-
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ment patterns more visible and actionable. This direction is
consistent with work on nudge analytics [3], student-facing
dashboard feedback [6, 19], and personalized nudges [15]. In
future work, we plan to evaluate whether periodic, support-
ive EE updates can shift quiz behavior, quiz-retake patterns,
and student perceptions of support without becoming puni-
tive or noisy. That future study will let us test whether
a small but interpretable log-data signal can be translated
into an actionable, student-facing intervention rather than
remaining only a predictive model.

5.1 Limitations

Several limitations matter for interpreting the current re-
sult. First, this is an observational analysis from two upper-
division computer science courses at a single institution. The
dataset is adequate for this work-in-progress, but it is mod-
est, and the student-exam structure means that some stu-
dents contributed more than one observation across the two
assessment windows. The findings should therefore be inter-
preted as evidence of a promising signal in a specific course
context rather than as a general effect size for LMS quizzes.

Second, blur events are behaviorally ambiguous. A page
blur can reflect off-task multitasking or answer-seeking, but
it can also reflect note-checking, calculator use, accessibility
needs, temporary interruptions, or ordinary course-related
resource use. Our claim is deliberately narrower, which is
that frequent focus-switching is associated with lower exam
performance after controlling for GPA. We do not interpret
blur as a direct measure of cheating, intent, or disengage-
ment. That is also why we frame the signal as low stakes
and combine it with other student-controllable behaviors in
the planned intervention.

Third, the predictive gain is modest. GPA remained the
strongest baseline predictor, and the increase in explana-
tory power from adding blur was meaningful but not large.
For practice, that means the value of process data here is
not that it unlocks a highly accurate predictive model. Its
value is that it surfaces a concrete, interpretable behavior
that instructors can discuss with students and potentially
target through supportive feedback. That practical value is
stronger in courses that already rely on low-stakes, frequent
quizzes. Repeated formative assessments create multiple
chances to practice, revisit material, and act on feedback,
so they also create multiple opportunities for instructors to
notice process patterns before a major exam. This is one
reason the signal is more useful for early support than for
high-stakes classification.

5.2 Intervention Design
The planned EE score aggregates five student-controllable
dimensions of course engagement:

1. Attendance: proportion of class sessions attended

2. Assignments: proportion of assignments turned in

3. Quiz attempts: proportion of available quizzes attempted

4. Quiz retakes: repeated engagement with formative quizzes

5. Page blur frequency: average focus-switching rate during
quiz attempts

The score is intended to surface interpretable components
rather than produce a single opaque risk label. The sample



message below illustrates the style of the planned feedback,
which aims to be supportive, behavior-focused, and framed
around concrete next steps, rather than to shame or punish.

Your Effort & Engagement Update

Hi [Student],

Here is your current effort-and-engagement snapshot for
CS 1234. This is not a grade—it is a reflection of how you
have been engaging with the course so far.

Attendance 85%
Assignments Submitted 90%
Quizzes Attempted 100%
Quiz Retakes 40%
Quiz Focus (blur rate) 65%
Overall EE Score 71/100 (class mean = 75)

You are doing well—you have attempted every quiz and
your attendance is strong. Two areas to consider: you
have retaken fewer quizzes than most of your peers, and
your quiz focus score suggests you may be switching away
from the quiz window frequently. Retaking quizzes can
help you practice the process, and staying on-task can
make that practice more valuable.

Keep it up!

Figure 2: Representative EE score message used to illustrate
the planned student-facing intervention.

The design of these messages follows three principles from
prior work. They should be 1) personalized to the student’s
own data, 2) explanatory about which behaviors are driving
the score, and 3) actionable in the next steps they recom-
mend [6, 11, 19]. The LLM should itself be viewed as an
auxiliary delivery mechanism for that feedback, rather than
as the source of the intervention logic itself.

We envision these messages being delivered routinely, but
are aware students may ignore them if frequency is too high.
Ideally, the message supports reflection without becoming
part of the grading environment. Each EE score component
is transparent and controllable, allowing students to see if
their score is affected by attendance, missing assignments,
limited quiz participation, low retake behavior, or frequent
focus-switching. This transparency is important as the in-
tervention aims to prompt helpful self-regulation rather than
create a vague sense of surveillance.

The next study will therefore focus less on prediction and
more on response to feedback. We plan to examine whether
supportive EE updates change behaviors that instructors
actually want to influence, such as quiz completion, retake
use, and sustained on-task engagement, and whether stu-
dents perceive the messages as useful, fair, and non-punitive.
That evaluation is necessary before any broader deployment,
because even interpretable analytics can fail if the feedback
they generate is mistimed, noisy, or too easy to misread.

6. CONCLUSION

The main contribution of this work has been to investi-
gate several quiz-process indicators and has found that page
blur frequency provides the clearest behavioral signal be-
yond GPA. While broader student profiles can be useful
for classifying students broadly, their prediction capabilities
are more limited. The combination of modest predictive
value and high interpretability makes blur most promising
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as one component of a student-facing engagement interven-
tion rather than as a standalone risk flag. Because the signal
comes from low-stakes, frequent quizzes, it is also available
early enough to inform supportive feedback before higher-
stakes assessments occur.
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