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This paper examines the prevalence of rapid answer copying among university students completing
online homework for an introductory level calculus-based physics course taught remotely during the
COVID pandemic. We first compared the attempt duration distribution of 26 problems, between 42
students who self-reported as having completed the homework by themselves against the rest of the class.
Significant differences were detected for 3 out of 26 problems. We then identified abnormally short
problem attempts indicative of potential rapid answer copying, by fitting the attempt duration distribution
of each problem with finite-mixture models, using mixtures of either normal or skewed distributions.
We detected a significantly smaller fraction of short attempts from self-reporting students on only 3 out of
26 problems and found no statistically significant difference in percentage correct of short attempts
between the populations. In conclusion, our analysis did not find evidence indicating widespread rapid
answer copying among students. We also explored differences in learning behavior between the two
populations by applying process mining to the event logs of one of the homework learning modules, which
reveals that some students may have copied answers after spending a longer time or using multiple attempts
on a given problem. However, this form of answer copying is also unlikely to be prevalent since the
percentage correct on normal attempts is also similar between the two populations on most problems.
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I. INTRODUCTION

One of the major concerns instructors have about online
homework and online learning systems is that students
may copy problem answers from other sources without
actually trying to solve the problems [1-5]. The switch to
remote learning during the COVID-19 pandemic further
elevated the worry that answer copying could become more
prevalent [2,6].

A number of earlier studies have identified rapid answer
copying in online homework, especially physics online
homework, by detecting abnormalities in students’ log data
from online learning systems. Since rapid answer copying
takes less time than authentic problem solving, the dis-
tribution of problem-solving duration could be observed
to have multiple peaks (see, for example, Fig. 4) with the
shorter duration peak likely produced by students either
guessing or answer copying [4,5,7-11].

However, those earlier studies have two shortcomings.
First, the “true” attempt duration distribution from students
who attempted the problem without answer copying
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was unknown. Not being able to contrast the attempt
duration distribution between answer-copying and non-
answer-copying students made it difficult to distinguish
answer copying from other problem-solving behavior that
could also generate short attempt duration, such as guess-
ing. Second, a single cutoff time such as 30 s was used to
distinguish between ‘“short” and ‘“normal” attempts for
all problems, determined based on either the author’s best
estimate [3,5,11], or by analyzing cumulative duration data
from all problems [7,8]. This “one size fits all” approach is
clearly not ideal since single step conceptual problems, for
example, can be solved much faster than multistep numeric
problems. A uniform cutoff will overestimate the frequency
of answer copying in the former case, and underestimate
the frequency in the latter.

The current study examines the extent to which rapid
answer copying is widespread among students taking an
introductory level calculus-based physics course taught
online during the pandemic, by analyzing students’ attempt
duration on 26 problems, administered in the form of online
learning modules (OLMs) assigned as online homework.
To address the first shortcoming of existing methods, we
establish the important “ground fact” of the true attempt
duration distribution for each problem without answer
copying, by identifying a subgroup of students who self-
reported as having completed all homework problems
independently, using a survey administered at the end of
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the semester. To address the second shortcoming, we
fitted the duration distribution of each individual problem
using finite mixture models (FMM) to estimate the cutoff
between short and normal attempts for each problem
individually.

For students who self-reported having completed the
problems independently, any short attempts identified by
FMM should have resulted from either guessing or incor-
rect ways of solving the problem. In the current study,
we assume that the frequency of those guessing attempts
among self-reporting students is similar to the frequency
among students who did not self-report but also solved the
problems independently. In that case, if there were no
or only a few cases of rapid answer copying among non-
self-reporting students, the fraction of short attempts will
be similar between self-reporting and non-self-reporting
students. On the other hand, if the non-self-reporting
population produced a significantly higher fraction of short
attempts, or have a significantly higher correct rate on
short attempts, then the difference is likely due to a frac-
tion of the non-self-reporting students engaging in rapid
answer copying.

More specifically, we hypothesize that if a substantial
fraction of non-self-reporting students are engaged in rapid
answer copying on a given problem, then we should be able
to verify one or more of the following hypothesis:

HI: The distribution of attempt time from non-self-
reporting students will be significantly different from that
of the self-reporting students, with self-reporting students
spending longer on average answering the problems.
H2: Non-self-reporting students will be significantly
more likely to submit a short attempt compared to self-
reporting students. Short attempt is defined as attempts
with duration shorter than the short-normal cutoff
determined by FMM fitting for each module.

H3: Non-self-reporting students will have a significantly
higher correct rate on short attempts compared to self-
reporting students.

II. METHODS

A. Instructional context

Data on students’ problem solving behavior were
obtained from a calculus-based Physics I course during
Fall 2020 semester, taught entirely online using Microsoft
teams [12,13]. Course contents were delivered through a
combination of prerecorded instructional videos, OpenStax
textbooks, and OLMs. Students had the option to work in
groups on problem-solving worksheets during synchronous
online class meetings, but attendance of class meetings was
not required.

Two midterm exams were administered during weeks 6
and 11 of the 16-week semester, and a final exam was
administered at the end of the semester. All exams were
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FIG. 1. Schematic illustration of the design of two online
learning modules.

administered remotely, and students were required to turn
on their webcams during the exam. In addition, biweekly
20-min quizzes were administered during the accompany-
ing lab sessions, proctored by a TA over webcam.

B. Design of online learning modules

Homework problems in this study are administered
through OLMs [8,14,15]. Each OLM consists of an
instructional component (IC) containing instructional text
and practice problems, and an assessment component (AC)
containing 1-2 problems (Fig. 1). Upon accessing a new
module, students are required to make one attempt at
the AC before being able to access the IC. This design
could improve students’ learning from the IC through the
“preparation for future learning” effect [16,17], and also
improve the interpretability of clickstream data [8,14].
Students are allowed 5 attempts on the AC and on each
of the first 3 attempts an isomorphic problem is shown to
them. Students cannot access the IC during an attempt on
the AC. On average an OLM module is designed to be
completed in 20-30 min. Eight to twelve OLM modules
are assigned as a sequence covering a common topic such
as mechanical energy, to be completed in 1-2 weeks.
A student can proceed onto the next module in the sequence
after either passing the AC or using up all the attempts on
the current module.

A total of 70 OLMs belonging to 10 sequences were
assigned as online homework in the Fall 2020 semester.

For the current study we selected three sequences,
assigned at the beginning, middle, and end of the 15-week
semester, with a total of 26 modules. The modules and
naming conventions are listed in Table 1. The first assigned
module, 1DO01, recorded activity from 250 students, whereas
the last module, AMO8, recorded activity from 209 students.

TABLE I. Sequences and modules selected for analysis in the
current study.

Names Topic Assigned ~ Modules
1D01-08 1D motion Week 2 8
EO1-E10 Mechanical energy Week 7 10
AMO1-AMO8  Angular momentum  Week 13 8
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None of the three sequences were due right before a
midterm exam.

Problem-solving duration in the current study is defined as
the time spent on making an attempt on the AC of a given
module. We do not distinguish between ACs with 1 or 2
problems, since the 2 problems in the same AC are closely
related and can be seen as one bigger problem. In each
sequence, the first 2—4 modules contain conceptual questions
or one step numeric calculation in their AC, and the rest
contain more elaborate numeric or symbolic calculation
questions in the AC. All questions are in multiple-choice
format.

C. Identifying short attempts using FMM

FMM is a model-based clustering algorithm that divides a
population into subgroups according to one or more observ-
able characteristics, by fitting the distribution of character-
istic(s) with a finite mixture of normal or skewed probability
distributions [18]. FMMs have been frequently used to detect
abnormally short question attempts since the distribution of
attempt durations are approximately log-normal. When two
or more distinct problem-solving behaviors are present, the
log of the attempt duration distribution can be fitted with the
sum of two or more normal distributions (for example, in
Fig. 4, E03), with the leftmost distribution corresponding to
abnormally short attempts.

Many previous applications of FMM in detecting
answer copying are based on normal distributions
[10,14]. However, in some cases when the actual distri-
bution of log duration is skewed, such as shown in Fig. 4:
E02, using normal distribution may cause the algorithm to
artificially add more components and identify clusters that
may not exist. To overcome this shortcoming, we consider
both normal and skewed distribution models using the R
package mixsmsn [18]. For each duration distribution, the
fitting algorithm first searches for the optimal number of
components up to 4, using one of three families of
distributions: normal, skewed normal, and skewed .
Then the best fit FMM of each family is compared based
on four selection criteria: the Akaike information criterion
(AIC) [19], the Bayesian information criterion (BIC) [20],
the efficient determination criterion (EDC) [21], and the
integrated complete-data likelihood (ICL) [22], and the
distribution favored by 3 out of 4 criteria are selected. In the
rare case that two models are each favored by two different
criterion, the one favored by EDC is selected [8,23].

To better identify short attempts in the distribution, we
used data from all attempts submitted by every student,
since some students are observed to submit multiple
guessing attempts on the same module. Students are also
more likely to submit a short attempt on the mandatory first
attempt prior to accessing the instructional component.
We also included submission from both self-reporting
and non-self-reporting students because the self-reporting
population is relatively small, and that the difference in
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FIG. 2. Density distribution of log (base 10) attempt duration of
the assessment component of module E0S.

duration distribution is only significant on 3 out of 26
modules. Even on those 3 modules, the distributions had
the same number of peaks at similar locations, as seen in the
example shown in Fig. 2. The differences mostly lie in the
magnitude of each peak.

If the attempt distribution is best fitted with a 2 or more
component FMM, then the intersection between the short-
est and second shortest component is used as the cutoff
between short and normal attempts. If a single component
fit is favored, then the cutoff is set as either 2 standard
deviations below the mean duration, or 15 s, whichever is
longer. This is because a previous clinical study indicated
that attempts under 15 s are likely to arise from complete
random guessing [24]. Figure 3 shows examples of
duration distributions fitted with either a one-component
or a two-component model, with the cutoff indicated by a
red vertical line.

D. Student self-report on homework completion

An end of semester survey was administered to all
students after the last homework assignment was due.
Two questions on the survey asked students to voluntarily
disclose whether they completed all or most of the assign-
ments by themselves and indicate the sequence on which
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FIG. 3. Histogram and FMM fit profile for log attempt duration
of module 1D03. The black line represents the cutoff originally
determined by the algorithm based on a two-component fit, and
the red line represents the adjusted cutoff (35 s).
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they had external help on any module. These two questions
were not mandatory for the survey. 42 students responded
to the questions and consented to their response being used
for research purposes. Of those, 33 indicated completing all
homework modules independently, and 9 indicated having
sought external help on 1 to 3 sequences. Those 9 students
were excluded from the self-reporting population on all
modules belonging to the indicated sequences. The nor-
malized quiz, exam, and final course scores of the self-
reporting students are not statistically different from the rest
of the class at a = 0.05 level according to Mann-Whitney
U tests.

E. Hypothesis testing

To test hypotheses H1 and H2, we conducted statistical
testing using the duration of either a student’s first
attempt, or of their correct attempt on the assessment
of each OLM. Answer copying was more likely to take
place on those two attempts, because students who
decided to copy their answers without engaging with
the problem were most likely to do so on the first attempt,
and that a copied answer is significantly more likely to
be correct. Using the correct attempt also minimizes the
fraction of guessing attempts in the dataset. Difference in
fraction of correct attempts among short attempts (H3)
was tested using short first attempts. Since there were only
a small number of short first attempts on many modules,
we also conducted the test using all short attempts, which
may artificially reduce the correct percentage of non-
copying students, since they were more likely to submit
multiple incorrect attempts.

Mann-Whitney U tests were used to compare the duration
distribution between populations (H1), and Fisher’s exact
tests were used to compare the fraction of short attempts
(H2) and the fraction of correct short attempts (H3).

III. RESULTS
A. FMM fitting of attempt duration

The attempt duration distribution of 11 problems were
best fitted with skewed normal or skewed-t FMMs, and 13
were fitted with normal distribution FMMs. Eight problems
were fitted with 1 component FMMs, and the rest are all
fitted with 2 or more components FMMs.

For 4 problems, the short versus normal cutoffs as
determined by FMM modeling were less than 15 s and
were thus adjusted to 15 s. Twenty problems had cutoffs
between 15 and 120 s, 2 problems had cutoffs beyond
120 s. We visually examined those two cases and found
one of them, 1D03, to be an artifact resulting from
the algorithm selecting a two-component normal distri-
bution as the best fit for an obviously one component
distribution, as shown in Fig. 4. Therefore, we adjusted
the cutoff from 480 to 35 s, based on best estimates from a
previous study [8].
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FIG. 4. Histogram and best FMM fit profile for log attempt
duration (base 10) of modules E02 (1-component skewed normal)
and E03 (two-component normal). Red line indicates the cutoff
for short attempts estimated from the FMM fit.

B. Hypothesis testing

H1: Differences in attempt duration: As listed in Table II,
in only 3 out of 26 modules did we detect a statistically
significant difference in the distribution of first attempt
durations between self-reporting and non-self-reporting stu-
dents (@ = 0.05). No significant differences were detected for
correct attempt duration on any problem. On all three
modules, self-reporting students spent longer on average
on their first attempt, as shown in the example in Fig. 2.

H2: Differences in fraction of short attempts: In
Table III, we list the modules for which a significant differ-
ence was found comparing the fraction of short attempts
submitted by self-reporting and non-self-reporting students.
When comparing first attempts, only 2 out of 26 modules had
a significant difference. In both cases non-self-reporting

TABLE II. Modules for which a significant difference in the
distribution of attempt duration was detected.

Type Module p value
First attempt 1D07 0.02*
First attempt EO08 0.01*
First attempt AMOS8 0.03*

* indicates p < 0.05.

TABLEIII. Modules for which a significant difference between
the fraction of short attempts among self-reporting (SR) and non-
self-reporting (other) students were found. Columns SR and other
list the fraction of short attempts detected for each population.

Module Attempt Cutoff p value SR Other
E08 First 94.5 0.03* 0.32 0.47
AMOS8 First 15.6 0.00%* 0.27 0.51
AMOS5 Correct 234 0.02* 0.27 0.46
AMO8 Correct 15.6 0.04* 0.38 0.53

* indicates p < 0.05.
** indicates p < 0.01.
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TABLE IV. Modules with marginally significant differences in
fraction of correct short first attempts between self-reporting and
non-self-reporting students.

Module Attempt p value SR Other
AMO4 First 0.09 0.17 0.57
E09 First 0.07 0.24 0.48
AMOS5 All 0.06 0.30 0.51

students had higher fractions of short attempts (show in
columns SR and other of Table III). When comparing all
correct attempts, AMO8 remains significant, but EOS is not.
Instead, AMOS is significantly different.

H3: Differences in fraction of correct short attempts:
When comparing the fraction of correct answers among
short first attempts, we found no statistically significant
differences between the self-reporting and non-self-report-
ing students on any problem, with two problems having p
values less than 0.1. As listed in Table IV, the differences in
correct fractions were greater than 0.2, but not significant
likely because there were too few short attempts for
sufficient statistical power on those problems. Even when
we included all short attempts, there were still no sta-
tistically significant differences on any module, with one
module being marginally significant, as listed in Table IV.

IV. DISCUSSION AND FUTURE DIRECTION

We analyzed attempt duration data from the assessment
components of 26 modules, and compared between self-
reporting and non-self-reporting students according to three
hypotheses about rapid answer copying.

If we assume that students’ self-report is trustworthy, and
that the self-reporting population’s problem-solving behav-
ior is representative of students who completed homework
independently, then our results suggest that rapid answer
copying is uncommon and isolated on only a few modules.
For H1, on only 3 out of 26 modules did we detect a
difference in the distribution of attempt duration. For H2,
on just two of the modules (E0O8 and AMOS) did we find
that self-reporting students are about 15%-20% less likely
to submit a short attempt (H2). Both modules where either
the last or close to the last module in the sequence, with
AMOS being the last assigned module in the semester. This
finding agrees with the findings of Warnakulasooriya et al.
[9] that showed answer copying was more likely to occur
on the last few problems in a long assignment.

Regarding H3, we did not detect a statistically significant
difference in the fraction of correct short attempts on any of
the modules. However, this could have been due to lack of
statistical power on some modules, since the differences in

correct percentage can be as large as 40% in the case
of AMO04.

Overall, the current analysis found little evidence of
widespread rapid homework answer copying in our Physics
I course taught during the pandemic, as significant
differences were detected on just 2 out of 26 modules.

It must be emphasized that the current attempt-duration-
based analysis only measures rapid answer copying,
where students submit their answer without trying to solve
the problem properly or even read the problem body.
Alternatively, students may also copy answer after spend-
ing adequate time trying (and failing) to solve the problem.
However, this form of answer copying is also unlikely to be
overly prevalent, since we also checked the differences
in correct percentage between the self-reporting and non-
self-reporting students on normal duration first attempts
and found only 2 modules to be statistically significant.
In addition, it can be argued that answer copying after
spending adequate time on solving the problem may reflect
less of students’ lack of motivation, and more of ineffective
instructional material.

Another potential caveat of the current analysis is that it
assumes that the fraction of guessing attempts among self-
reporting and non-self-reporting students who completed the
problems independently are similar. However, if signifi-
cantly more students who guessed on problems chose to self-
report, then the currently analysis will underestimate the
fraction of answer copying in the class. Future studies could
examine the validity of this assumption by comparing other
aspects of problem-solving behavior indicative of answer
copying, such as the frequency of making consecutive
correct short first attempts on multiple problems. This
behavior could be extracted and visualized using techniques
such as process mining [25] and sequence mining [26].

Finally, regarding the true duration of problem solving, a
previous study [24] found that students who complete the
modules while being proctored in a classroom are signifi-
cantly less likely to make an attempt under 15 s compared
to the rest of the student population. An interesting future
direction would be to compare and consolidate data from
the current study and the previous study, to gain further
insight into what actually causes short attempts of different
durations.
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