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Interpretation of student behavior in online learning platforms based on log data is complicated by not being
able to directly observe the learner. In this paper, we attempt to identify data patterns that signal either guessing
on assessment problems or disengaging from the task for students while working through homework modules in
an introductory physics class by contrasting data from the general student population with those who completed
homework modules in controlled, observed environments. We found that abnormally short problem solving
attempts that were previously modeled as a single guessing or answer copying behavior actually consisted of
two different types of “guessing” behavior: rapid and strategic guessing. Both types were associated with lower
levels of self-confidence, but had different distribution among proctored and unproctored student populations.
More importantly, the fraction of rapid guessing increased significantly after campus closure due to COVID-19,
but the fraction of strategic guessing remained constant.
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I. INTRODUCTION

Time-stamped log data from online learning platforms pro-
vide rich information about students’ learning behavior [1—
3]. However, one significant challenge in the mining of log
data is to reliably relate the patterns detected to actual student
behavior, especially when the data are noisy. For example,
if a student submitted an answer to a problem shortly after
opening it, how short does the duration need to be for re-
searchers to conclude that the student generating those events
was guessing [4, 5]? Or, if no new log event is recorded
over for a period time, how long does that period need to
be before researchers can determine that the student has dis-
engaged with the learning process [6]? While the answers to
these questions can be estimated through data analysis tech-
niques alone [7, 8], a more reliable method is to recruit and
observe students in a lab environment, and correlate the log
data from those students with their observed learning behav-
ior, as exemplified in Baker’s studies of student disengage-
ment [9].

In the current study, we adopt a simpler protocol similar
in principle to Baker’s approach to understand students’ log
data during online problem solving. Our goal is to iden-
tify patterns in the data that are indicative of students be-
ing completely disengaged from the learning materials, such
as walking away or quickly clicking through the material.
Therefore, we recruited students to complete parts of their
online homework in a in a regular classroom, with one proc-
tor who took attendance but did not observe students’ learn-
ing behavior. No additional requirements were imposed on
the students’ behavior to allow for the collection of log data
that more closely corresponds to students’ “natural” problem
solving processes, which could involve temporary disengage-
ment from tasks or guessing on assessment problems. We hy-
pothesized that by contrasting proctored students’ data with
the log data collected from the rest of the class, we would be
able to identify patterns in the data that correspond to com-
plete disengagement from tasks.

Additionally, on some assessment problems, we asked stu-
dents to rate their confidence level in their responses to the
problems. These data can assist in distinguishing between a
guessing attempt from a quick answer to a simple question.

A practical application for identifying the abnormal sig-
nals associated with disengagement in student data is to
monitor the change in their level of engagement through-
out the semester. This application is especially valuable and
timely amidst the COVID-19 outbreak, as instructors and re-
searchers try to quantify the impact of the abrupt shift to dis-
tant learning on students’ learning behavior.

In this paper, we first present our analysis and comparison
of both the time-stamped log data and the survey data be-
tween the proctored and unproctored student samples. The
comparison suggests that what had previously been treated as
a single type of “guessing” or “copying” behavior [10, 11]
may actually consist of two different types of behavior:
“rapid” guessing during which students barely read the prob-
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lem text, and “strategic” guessing, in which students likely
read the problem but did not fully solve the problem. More
specifically, we will answer the following research questions:

RQ 1 What are reasonable cutoffs for exceptionally brief and
exceptionally long assessment attempts?

RQ 2 How are students’ estimates of their confidence on as-
sessments related to their attempt durations?

RQ 3 How does the fraction of brief assessment attempts
change over the semester, in particular after the
COVID-19 outbreak?

II. STUDY DESIGN AND METHODS

The log data analyzed in this study were generated from
students’ interactions with online learning modules (OLMs),
implemented in the Obojobo Next online platform [12] de-
veloped at the University of Central Florida Center for Dis-
tributed Learning. The OLMs were assigned as homework in
a Spring 2020 introductory calculus-based mechanics course
at the University of Central Florida. Each module contains
an instructional component with learning materials and an
assessment component which consists of one or two mul-
tiple choice problems assessing students’ understanding of
the content presented in the learning materials. The assess-
ments contain mainly problem-solving and calculation ques-
tions. The individual modules were designed for students to
complete in 20-30 minutes, and are organized in a mastery
learning format as detailed in Ref. [13]. Each student was
allowed 5 attempts on each assessment and required at least
one attempt on the assessment before being given access to
the instructional material. For each of the first three assess-
ment attempts in every module, students received a new iso-
morphic problem set, whereas, on the 4th and 5th attempt, the
problem set on the 1st and 2nd attempts were repeated. Stu-
dents received a 10% penalty if they passed the module on
their 4th or 5th attempt.

A. Implementation of proctored sessions

Students were invited to participate in the study by com-
pleting parts of their homework assignments in a proctored
environment. Students received 1% of extra course credit
for participating in a homework session. Sessions were an-
nounced through two short statements before regular lecture
and two emails to the class. Students were permitted to attend
a maximum of 2 out of 9 available sessions. 46 out of the 273
students enrolled in the course participated in the observa-
tions, and we recorded 61 individual sessions. Each session
lasted between 1 and 2 hours [14], and students were required
to stay for at least 1 hour to receive the extra credit incentive.

The proctors of the homework sessions refrained from in-
teracting with participants as much as possible to minimize
the impact of their presence on student’s behavior. Proctors



only spoke with participants during a short appeal at the be-
ginning of the session asking students to work on the home-
work modules during the session, as well as recording their
name, student ID number, and sign-in/sign-out times.

B. Survey questions

For 43 out of the 65 OLMs, the assessment component
also contained a survey question asking students to rate their
confidence of their answer to the assessment problems on a
5-point Likert scale: “Strongly/Very Unconfident,” “Uncon-
fident,” “Neutral,” “Confident,” “Strongly/Very Confident.”
Following common practice [15, 16], we collapsed students’
responses into three categories: “Confident,” “Neutral,” and
“Unconfident” in data analysis.

For each of the first three assessment attempts in every
module, students were presented with isomorphic problem
sets related to the topic of the module. After the 3rd attempt,
students received the Ist and 2nd sets of problems again and
were assigned a lower score if they subsequently passed the
module. In the current paper, we only analyze students’ 1st,
2nd, and 3rd attempts for each module, as guessing behav-
ior significantly changes when students are presented with a
problem they have already seen. We define the duration of an
attempt to be the amount of time from opening an assessment
to submitting a response.

III. RESULTS

A. Assessment attempt duration analysis

To answer RQ 1, we plot the density distribution of at-
tempt durations on a log scale, for attempts conducted by stu-
dents in the proctored session and attempts conducted by all
other students before and after the campus closure due to the
COVID-19 outbreak in Fig. 1A. Attempt durations are cut off
at 10* seconds since only 2.1% of all attempts were longer.
The longest attempt recorded in the proctored session was
3,707 seconds. The fraction of attempts between 102 and 103
seconds is much higher for students in the proctored sessions
than in the two other distributions, whereas the trend is re-
versed for attempts below 35 seconds. Additionally, Kruskal-
Wallis H and Mann-Whitney U tests show the before closure,
after closure, and proctored distributions are all significantly
different from one another (see Table I) [17].

For all three populations, attempts shorter than 35 seconds
formed its own cluster that is separated from the main distri-
bution when plotted in log scale. For the students in the proc-
tored session, the peak of the distribution lies between 15 and
35 seconds, while for attempts after the COVID-19 outbreak
a prominent peak lies under 15 seconds. For attempts made
before COVID-19, there is no obvious peak.

We plot in Fig. 1B the duration of attempts under 100 sec-
onds on a linear scale, to examine the distribution of brief
attempt durations in detail. A very small fraction of at-
tempts in Fig. 1B from the proctored students were less than
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FIG. 1. Normalized histograms for three groups of students: those
who participated in proctored homework sessions, for all attempts
before campus closure, and attempts after campus closure. Dashed
vertical lines indicate the median time for each group and solid verti-
cal lines indicate 15 and 35 seconds. Panels A and B show the same
data on logarithmic and linear scales.

15 seconds, while the other two distributions have signifi-
cantly higher fractions, especially for attempts made after the
COVID-19 outbreak. The brief attempts for proctored stu-
dents peaked between the range of 15 to 35 seconds, within
which the difference between the three distributions are rela-
tively smaller.

A number of previous studies attributed very short attempts
to guessing or answer copying behavior since the duration
is barely long enough for the student to finish reading the
problem text [4, 5, 10]. Based on the current results, we hy-
pothesized that those brief attempts may consist of two dif-
ferent types of guessing behavior: “rapid” guessing occurs
mostly under 15 seconds, is rarely observed among students
in the proctored sessions but is more frequent among other
students, especially after the COVID-19 outbreak. Analyzing



TABLE I. Kruskal-Wallis H and Mann-Whitney U statistical tests
comparing each group of attempt durations shown in Fig. 1.

Group (median)
Proctored (216 s) Before Closure
Before Closure (166 s) After Closure

After Closure (66 s)

Comparison Statistic ~ p-value
H =5.38 p=0.02
U=124x10° p < 0.01

U =1.13x10% p < 0.01

Proctored

the survey data in Sec. III B allows us to further investigate
this hypothesis. “Strategic” guessing lasts between 15 and 35
seconds and is observed at a similar frequency among proc-
tored and unproctored students. While the duration is still
much shorter than necessary for answering most of the as-
sessment problems, it is likely long enough for students to
at least quickly read the text of the problem. The 26 rapid
and strategic guesses submitted by proctored students were
distributed across 12 different modules.

B. Survey data

To answer RQ 2, we plot the distributions of each category
of confidence: confident, neutral, unconfident, and no re-
sponse in Fig. 2, grouped by the attempt duration with a max-
imum duration of 150 seconds. As shown in Fig. 2, for the
unproctored population, the fraction of confident responses
is much lower than neutral and unconfident responses in at-
tempts less than 15 seconds. This difference is still evident
for responses between 15 and 30 seconds, although it is much
smaller. For attempts greater than 30 seconds, the difference
either disappeared or is reversed. For the proctored session,
the highest count of neutral response occurred for attempts
between 15 and 30 seconds, whereas the few unconfident re-
sponses are distributed evenly across each bin.

C. Variation in student behavior after campus closure due to
COVID-19

To explore the impact of the COVID-19 outbreak on stu-
dents’ online learning behavior (RQ 3), we plot in Fig. 3 the
fraction of either rapid or calculated guessing in all attempts
on every module assigned in the Spring 2020 semester.

The two vertical lines in Fig. 3 separate modules before
and after campus closure according to either their release or
due dates. Modules to the left of the dashed line were due
before closure, and modules to the right were due after the
closure. The solid line separates modules that were released
before/after the campus closure. Linear regressions for both
guessing strategies over either the entire semester or periods
separated by the campus closure are listed in Table II.

The fraction of both types of guessing increased slightly
at nearly identical rates over time prior to campus closure,
with occasional spikes on certain modules. In contrast, the
fraction of rapid guessing jumped to over 40% for most of
the modules released after campus closure, while the fraction
of strategic guessing remained largely unchanged.
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TABLE II. Linear fit parameters for the distributions in Fig. 3. Rapid
guessing durations are shorter than 15 seconds; strategic guessing
attempts are between 15 and 35 seconds in duration.

Slope Intercept R p-value
Rapid (full sequence) 0.0053 —0.012 0.80 p < 0.001
Strategic (full sequence) 0.0012 0.080 0.49 p < 0.001
Rapid (before closure)  0.0022 0.004 0.52 p < 0.001
Strategic (before closure) 0.0021 0.065 0.45 p = 0.003
0.0110 —0.330 0.77 p < 0.001
0.0014 0.068 0.35 p =0.067

Guessing group

Rapid (after closure)
Strategic (after closure)

IV. DISCUSSION AND FUTURE WORK

In this paper, we present multiple pieces of evidence sug-
gesting that abnormally short problem solving attempts in
an online environment could stem from two distinct types
of guessing behavior: “rapid” guessing, which is less than
15 seconds in duration, and “strategic” guessing, which takes
place in roughly 15 to 35 seconds. To the best of our knowl-
edge, this distinction has never been made in previous papers
studying students’ brief problem solving behavior in online
environments [4, 5].

The distinction between the two types is supported by three
findings:

1. Rapid guessing is rarely observed among students in
the proctored homework session but observed much
more frequently among students completing assign-
ments on their own. On the other hand, strategic guess-
ing is observed with similar frequency in both popula-
tions.

2. While both types of guessing are associated with a re-
duced level of self-confidence, students are less confi-
dent about their answers when conducting rapid guess-
ing compared to those who are conducting strategic
guessing.

. The fraction of rapid guessing dramatically increased
shortly after the COVID-19 related campus closure,
while the fraction of strategic guessing remained the
same.

These observations also shed light on the different behav-
ioral nature of the two types of guessing. Rapid guessing
likely occurs when the student is disengaged from learning
resources and submits an answer without reading or having
only briefly read the problem text. It is also possible that
a fraction of those submissions stem from students copying
their answers from a peer. The fraction of rapid guessing can
thus serve as a detector of disengagement among students. In
our current analysis, the significant increase in rapid guess-
ing shows the profound impact of the abrupt shift to distance
learning on students’ ability to continue with their course
work.

On the other hand, strategic guessing is likely being per-
formed by students who are engaged in the learning process
but do not initially know how to solve the problem. Although



Spring 2020 survey response data
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FIG. 2. Survey responses for attempts with duration less than 150 seconds. Each category was normalized independently to highlight the

overall distribution of each category of survey responses.
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FIG. 3. As the semester progressed, students changed their assess-
ment strategies. The fraction of students who followed “strategic”
guessing behavior was approximately constant, while the fraction
of students who engaged in a “rapid” guessing strategy sharply in-
creased after the campus-wide transition to online-only instruction.
The dashed vertical line marks the time at which modules were re-
leased before spring break but due after spring break and the solid
vertical line marks the modules released and due after spring break.

we used “guessing” in the name, it could also originate from
students who either made an educated guess or misinterpreted
the problem and thought that it could be solved very quickly.
This could explain why more strategic guessing students rated
“confident” on the survey question. A more appropriate name
may be given to this type of behavior in follow-up stud-
ies. Remarkably, the fraction of strategic guessing remains
roughly the same after the campus closure. A possible expla-
nation is that this type of behavior may be a common study
strategy adopted by students in a mastery learning setting.
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While all three pieces of evidence point to two different
types of guessing, an extensive amount of follow-up data
analysis will be needed to confirm the existence of the two
types, determine more accurate duration cutoffs for each type,
and further reveal the cognitive and metacognitive process be-
hind each type. Of particular importance is to examine how
problem solving behavior depends on the context, type, and
difficulty of the problem, and on what fraction of the prob-
lems we can detect the two types of guessing. While rapid
guessing is likely context-independent as students have not
had time to interact with the material, strategic guessing may
only occur on certain types of problems. Furthermore, to
what extent does the design of the learning experience and
online platform impact students’ problem solving behavior
and strategy? Finally, the percentage of correct answers for
each type of guessing needs to be carefully examined, which
will provide insight into the behavioral nature of each type of
guessing behavior.

In this paper, we have demonstrated that new insights into
students’ online learning behavior can be obtained by com-
paring the log files of all students to those who interacted with
the resources in a proctored environment, even with minimum
or no interaction with the proctor. A potentially fruitful future
direction is to see if the same technique can be applied to the
analysis of other types of data, such as problem solving at-
tempts with normal or abnormally long duration, the duration
of learning from instructional resources, or interacting with
other online learning systems.
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