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ABSTRACT
In this work, we evaluate the impact of several common and distinct
anti-plagiarism efforts implemented in an introductory course on
operating systems (OS) in an online Master’s in Computer Science
program. Over ten semesters (Spring 2015 to Spring 2018) we objec-
tively measured plagiarism within each semester’s programming
projects. We explored multiple mechanisms for reducing plagiarism
in the projects and experienced varying degrees of success.

We define plagiarism within the context of our analysis, describe
how we measure it, and then review the techniques that we trialed
in attempting to reduce it. Two plagiarism-reduction techniques
showed a statistically significant (e.g.: M=0.06385, SD=0.001, p <
0.05) decrease in detected plagiarism rates. While we found two
effective mechanisms, one stands out for being effective, requiring
minimal instructor time and resources, and decreasing the time re-
quired for the other. more traditional, effective mitigation approach.

Specifically, we demonstrate that an honor code combined with
a simple student evaluation is effective at reducing plagiarism rates.
This represents a novel “middle ground” between prior work that
shows honor codes are not effective in online classes and prior
work that shows a comprehensive course in academic honesty,
with evaluation was effective.
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1 INTRODUCTION
Academic honesty is a critical component of those engaged in
research. Because we build upon the work of others, it is imperative
that we be able to rely on the integrity of work done by others:

As a society, we rely on the academic and journal-
istic integrity of other people’s work. The whole
point of academic research is to share knowledge
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with others and learn from one another. Since
knowledge and ideas are the primary product
produced by academic communities, it is essen-
tial that this knowledge is accurate and gives
credit to those who created it. [43]

The concept of intellectual integrity is not restricted to academic
work; dishonest behavior spills over into the non-academic world.
Cheating is a difficult habit to break, and forms of cheating (such
as plagiarism) spread easily when left unchallenged. [13]

Instructors for complex technical classes focus on conveying the
material to promote mastery. Students, on the other hand, often
focus on achieving the highest possible marks, and when they have
not achieved mastery of the material, they may submit work that
is not their own.

Started in 2014, our part-time program grants a Master’s of Sci-
ence in Computer Science to students who complete it. All courses
and student interactions are conducted online. The average stu-
dent is in their mid-30s and employed full-time. Many work in the
technology industry. Our university seeks to maintain its reputa-
tion for high academic standards, thus evaluating students’ work
for integrity is essential. Online courses are expected to show
plagiarism rates comparable to traditional, in-person courses (in
which plagiarism does occur, even within high-ranking institu-
tions) [5, 24, 29, 33, 41]. However, courses in which the students
tend to be employed full-time (such as ours) generally show higher
rates of plagiarism than courses taken by full-time students [36].

This work evaluates plagiarism rates for the three programming
projects included in an online, graduate-level introductory operat-
ing systems course that is taught at scale, with typical class sizes
of 200 or more students and a trend to larger class sizes. We have
full-semester data available for all but the first and the most recent
(incomplete) semesters.

Using the available data, we evaluate plagiarism rates for those
projects across the various semesters. Over time, the class instruc-
tors evaluated and implemented specific intervention mechanisms
with the goals of understanding and reducing plagiarism rates.

Over the course of this study, we worked with the instructional
staff to implement five different interventions (see §4). Of those five,
we identified two that are effective (see §4.2 and §4.5). We describe
our interventions, and our evaluation and analysis of the results.

Of the two techniques we identify, one (§4.5) demonstrates a
“middle ground” between prior work that showed honor codes do
not work, which we confirmed (§4.3) was not effective for our
class, and prior work that showed a full course with assessment did
work for online clases. Notably, our technique requires nominal
instructor effort to implement and substantially decreases the effort
required to implement the other successful intervention strategy
(§4.5).
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Figure 1: Course Timeline
Intervention timeline and percentage of unique students detected via automatic plagiarism checks.

A student flagged multiple times is only counted once.

2 PRIORWORK
While we are still early in the understanding of online-instruction
dynamics, the available evidence suggests that plagiarism occurs in
both online and in-person programs at scale. [6, 16, 24, 33, 41, 48,
56, 59] Much of the prior work focuses on undergraduate academic
dishonesty. To the best of our knowledge, this is the first multi-
year analysis reporting results from trialing actual intervention
strategies in an online computer science graduate course.

Motivating students to adhere to academic honesty policies and
the instructional strategies that are effectively achieve this goal,
particularly with respect to plagiarism in computer science classes
remains an open area of research and practice. [15]. Although some
prior work has explored root-cause analysis for plagiarism, our goal
was less to understand why students plagiarize and more to un-
derstand how to discourage it through a combination of detection
and education mechanisms. [19] Our approach is consistent with
prior work suggesting a move away from a moralistic view of pla-
giarism, instead reframing discussion of plagiarism as an integral
part of the learning process. In other words, even if students do
not understand what plagiarism is when starting the program, edu-
cating them about it is important and beneficial, albeit secondary
to the instructors’ primary goals. [1] That said, our work also sup-
ports the prior observation that simply informing students about
an honor code does not lead to a decrease in plagiarism in online
programs. [37] Active education about academic honesty through
formal training, however, may be effective. [14]

We admit that we do not know the optimal mechanism for achiev-
ing the goal of motivating students to adhere to academic honesty
policies. We have not explored the specific issue of motivations
behind plagiarism (which the literature suggests can be cultural,
economic, or perception-based), but we do note that our successful
interventions are consistent with educating students, regardless of
their cultural background. [4, 9, 12]

There is a strong body of research describing techniques for re-
ducing plagiarism, but there is a much smaller pool of evaluations
of applying these techniques. [20, 34, 52] One side effect of this

paucity of research is that the most common strategy for combating
plagiarism is to shift responsibility to the individual instructors,
which results in haphazard enforcement and knowledge-sharing.
By providing rigorous review of techniques applied over time to
the same class, with similar student populations, we contribute
solid evidence of techniques that work. We hope that universities
can incorporate this evidence into a broader initiative toward im-
provement for all courses, rather than rely on anecdotal knowledge
shared haphazardly by individual instructors. [40, 51]

3 BACKGROUND
As noted in the introduction, the subject of our study is an on-
line graduate-level introductory course in operating systems. The
course consists of a set of video lectures, two proctored examina-
tions, three programming projects, and one narrative evaluation
project. Examinations are modified on a per-semester basis; some
prior examinations are provided as study guides so students can
review the format and general scope of questions. All programming
is done in the C programming language. [31] Instructors evaluate
student projects and provide feedback on their deficiencies. Because
our specific program provides a credential, it must take prudent
steps—including preventing plagiarism—to ensure its integrity. [21]

3.1 Class Information
The university collects and publishes data about the courses in the
program. Our analysis covers data collected between the Summer
2015 and Spring 2018 semesters, though we have only partial data
for Summer 2015 and Spring 2018 as of this writing. From course
inception in Spring 2015 through Spring 2017, 1,691 students en-
rolled in the course and 632 students subsequently withdrew. This
is the fourth highest withdrawal rate (39.5%) at the university. A
popular student-review website unaffiliated with the university de-
scribes the course as challenging and requiring a substantial work
commitment.
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Table 1: Project 1 Submission & Plagiarism Data

Project 1 submissions consist of four distinct units; each unit is independently analyzed. Per semester, we report the total number of
submissions and the percentage flagged for plagiarism (as defined in §5).

PR1-A PR1-B PR1-C PR1-DSemester Submissions % Plagiarism Submissions % Plagiarism Submissions % Plagiarism Submissions % Plagiarism

Summer 2015 152 3.95 145 4.14 121 3.31 129 5.43
Fall 2015 161 11.80 154 9.74 136 6.62 142 9.15

Spring 2016 148 6.76 137 8.76 136 4.41 133 6.02
Summer 2016 141 1.42 142 4.93 119 5.04 123 4.07

Fall 2016 173 6.36 176 6.82 141 4.26 154 5.84
Spring 2017 137 8.03 136 11.03 107 11.21 111 13.51

Summer 2017 72 1.39 70 0.00 62 3.23 68 0.00
Fall 2017 217 2.76 211 1.90 192 2.60 204 1.47

Spring 2018 255 4.31 252 4.76 218 1.83 228 2.63

3.2 History
The first presentation of this course was in Spring 2015. Our ability
to evaluate plagiarism for this semester was limited because much
of the relevant data was unavailable; we did have access to a subset
of the data. Since prior students’ solutions to the assignments for
this first semester were not available, our presumption is that the
rate of plagiarism was likely low. From Spring 2015, some students
placed their solutions to the projects in publicly accessible code
repositories. We expected to observe some increase in the rate of
plagiarism as a result.

The course has evolved during its lifetime. From Summer 2015
through Spring 2016, code was submitted via either the university’s
learning management system or a custom web-based interface
provided by the content provider. In many cases, students submitted
to both; such submissions were flagged as plagiarism.

Instructors evaluated the initial submission of each project by
running a simple set of tests and then providing feedback to the
students. Formative analysis of the projects was done after the
submission deadline by using a set of black-box tests that were
not available to students. Instructors used the results of those tests
to provide feedback to the students. Beginning in Summer 2016
and continuing through Spring 2018, students submitted code to a
centralized grader via an automated submission system that saved
copies of each student’s submission. Grading was based on the
results of the last submission prior to the submission deadline. The
automated system allows instructors to submit all student code
submissions to the Stanford MOSS service (see §5), which simplifies
the process of performing routine plagiarism checks. Using those
checks, the instructors identified evidence of plagiarism, which led
to our involvement with the instructors in doing further evaluation
the available data. Subsequently, most of the historical data was
also made available to us for this study.

4 INTERVENTIONS
Figure 1 is a course timeline marked with the interventions that
we describe within this section as well as the observed student
plagiarism rate across all projects — in other words, each student
detected as a case of plagiarism, based on our definition (see §5).

Having observed evidence of plagiarism in Summer 2016, in
consultation with the instructors, we initiated a series of interven-
tion strategies aimed at proactively reducing the plagiarism rate
in the course. Most interventions were trialed independently. Two
interventions were trialed at the same time, but we did not observe
any effect from those. The interventions that were successful were
introduced independently, which permits us to do this retrospective
analysis (see also §3.2).

4.1 “Detect and Confront” (Summer 2016)
In Summer 2016, a student reported their code repository on the
university server had been duplicated (“forked”) by another student.
As a result of that report, the instructors initiated an investigation,
which ultimately led to the implementation of systematic evalua-
tions of student submissions for plagiarism. MOSS data [2] (see §5)
was generated as part of the normal automated code-evaluation
system, making this investigation straightforward. We worked with
the instructional team from that point to evaluate the plagiarism
data. Our analysis of prior semesters is retrospective.

The plagiarism rate varied between 8% and 10% between Fall
2015 and Summer 2016, with a notable increase after Summer 2015,
when the plagiarism rate was measured at 5%. We hypothesize that
the initial low plagiarism rate was the result of the course being
new; no students had yet publicly posted code for the projects.

The instructional team discussed strategies for handling this
newly discovered problem. They decided to implement an amnesty
intervention. The instructors made a public post on the class discus-
sion forum (Piazza) noting the discovery of plagiarism and offering
the option of coming forward:

For these students in question, we will give 48 hours
(12:00PM 16 JUL 16) to put a private note on Piazza
for the Instructors’ team with information of where
you got the answers from and will only receive a zero
for the assignment. Otherwise, those who do not self
report will still get a zero and be reported to the Office
of Student Integrity and called for a hearing.

Interestingly, a number of students did come forward. None of
them had, in fact, committed anything bordering on substantial
plagiarism. The instructors investigated these cases and concluded
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that the confessing students had consulted with standard reference
manuals or online assistance sites and typically were concerned
over small pieces of code they had taken from online sources, such
as Stack Overflow [26], but had failed to cite in their submissions.
None had been suspected of plagiarism, and their conduct did not
rise to a level the instructors considered plagiarism. No action
was taken against any of the students that attempted to claim the
amnesty. Conversely, those students who had been suspected of
plagiarism did not take advantage of the amnesty.

4.2 “Identify and Prosecute” (Fall 2016)
After the amnesty experience, the instructors took an aggressive
stance on plagiarism in Fall 2016. However, enforcement took place
after the second project submission, and university time limits on
reporting suspected academic dishonesty foreclosed the option for
enforcement on the first project.

Enforcement was rigorous. Instructional staff met with the stu-
dents, advised them they were investigating a different student for
potential plagiarism, and asked for insight on how the other stu-
dent might have gained access to the copied code. In most cases
the students confessed to their inappropriate behavior, were given
a failing score for the individual assignment, and continued in the
class. Some students refused to respond to instructor inquiries,
and others denied they had plagiarized their submissions. Those
cases were referred to the university for further investigation. No
decrease in the plagiarism rate was observed.

The following semester (Spring 2017), the instructional staff
began enforcing the anti-plagiarism policy shortly after the com-
pletion of the first project, using the same strategy as in Fall 2016:
meeting with students, granting a failing grade to students who
confessed, and referring the remaining students to the university.
Unfortunately, the two students who did not respond were not re-
ported to the university, and both of those students repeated their
plagiarism for Project 3. None of the other offending students re-
peated their inappropriate behavior, and there was a notable drop
in the plagiarism rate for the second project. However, this ap-
proach of meeting with students is resource intensive. We discuss
the resource requirements of this approach in §6.2.

4.3 “Honor Code” (Fall 2016)
In Fall 2016, the instructors posted a public message on the class
forum (Piazza), “pinning” it so it appeared near the top of the forum
messages. The post established a definition of collaboration for
the course, encouraging discussion of techniques, problem-solving
mechanisms, concepts, and reference materials. The post also de-
fined plagiarism: using someone else’s code without attribution. It
stated that students could use small blocks (10 lines or fewer) of
code from public sources provided they properly cited the source.

A copy of the Piazza post was sent (via e-mail) to every student in
the class. This step was unusual but consistent with the instructors’
intent to clearly communicate their expectations to students.

We did not observe any meaningful decrease in the plagiarism
rate for the course for Fall 2016. We did observe a notable decrease
in Spring 2017, but we attribute that to the aggressive enforcement
action also undertaken at that time (see §4.2. With that in mind, we
conclude that the intervention undertaken in Fall 2016 did not have

a material impact on the plagiarism rate. This observation is con-
sistent with prior work indicating that honor codes by themselves
are not effective in online programs. [24]

4.4 “Identify & Neutralize Public Code” (Spring
2017)

From analyzing the entire body of reported cases of plagiarism in
this course, we observed that there is a flow of code from semester
to semester as students make their code available publicly, whether
through a code repository such as github.com or a homework-
sharing service such as coursehero.com — both of which contain
code from former students of this specific course (as well as many
others).

Based on our understanding that this sort of cross-semester code-
sharing was occurring, in Spring 2017 instructors agreed to work
with us to implement a new intervention: removing prior students’
code from public repositories. We used uniquely identifiable infor-
mation from the project, such as project-specific function names
within the code itself, to locate over a dozen separate public loca-
tions for course code. Whenever a public repository was identified,
one of the instructors would contact the owner of that repository
and request they remove the students’ code. In most cases, the
repository owner agreed.

One reason former students commonly gave for sharing their
code publicly was to allow them to show the code to prospective
employers as an example of their abilities; in those cases, the in-
structors asked the students to keep the code private and only
share it as necessary. This is another case in which the goals of the
instructors and students (albeit former students) were at odds.

Despite these efforts, new repositories continued to appear even
as older repositories were removed. As of the date of this writing,
there are five easily identified public code repositories on github.
com. We have suggested that the “DMCA Takedown” mechanism
might be useful in removing public code, but that effort has not
been evaluated. [23] Instructors hesitate to purse this approach
because it would require utilizing instructor time to work with the
university lawyers.

Because requesting the removal of course-related code from
public repositories has been ongoing and because new repositories
continue to appear, we maintain that this enforcement method is
unlikely to be a factor in the improvements observed in §4.2 and
§4.5.

4.5 “Honor Code with Reinforcement”
(Summer 2017)

As previously noted, the university has a written honor code. Re-
minding students of the honor code was not an effective inter-
vention strategy in and of itself (§4.3). Prior work has found that
teaching academic integrity, including formal evaluation, may be
effective for online classes. [14] With this in mind, we proposed a
new approach in Summer 2017: constructing a short educational
module describing the honor code and its purpose, as well as re-
quiring that students take a short quiz in the first two weeks of
the class acknowledging they had read, understood, and agreed to
abide by the honor code. The quiz was entitled Project Collabora-
tion Policy and consisted of two questions. The first displayed a
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Table 2: Project 2 Submission & Plagiarism Data

Project 2 consists of two separate submission units. Per semester,
we report the total number of sub-

missions and the percentage flagged for plagiarism (as defined in §5).
Part 1 Part 2Semester Submissions %Plagiarism Submissions %Plagiarism

Summer 2015 136 7.35 132 7.58
Fall 2015 146 9.60 133 9.00

Spring 2016 140 1.43 136 2.94
Summer 2016 134 8.21 128 7.81

Fall 2016 150 6.67 145 8.97
Spring 2017 122 4.10 121 3.31

Summer 2017 71 0.00 69 2.90
Fall 2017 199 1.01 193 0.00

letter from the Dean of the College and asked the student to Please
confirm that you have read and understood the following message
sent by the Dean. The second question referred to the instructors’
“Collaboration versus Cheating” policy as posted on Piazza: Please
confirm that you have read and understand the clarification on Col-
laboration vs. Cheating posted in Piazza. This policy statement was
the same one the instructors had posted in prior semesters. A small
number of students followed up after this quiz, asking clarifying
questions in the course-discussion forum.

When we began analyzing the plagiarism data for Summer 2017,
we were pleasantly surprised to observe a noticeable decrease in
detected plagiarism rates. However, the Summer 2017 class was
the smallest in the program’s history, so we theorized that the
lower rates of plagiarism might be simply a natural variation due
to the (relatively) small sample size. We did find these results en-
couraging and anxiously awaited the results for Fall 2017. No new
interventions were trialed that semester.

The Fall 2017 class was the largest class since the program’s
inception. This addressed our concern about the relatively small
class size in the previous semester. Our review of the data supported
our prior observation that the rate of plagiarism had materially
decreased.

The instructional team has continued this intervention into
Spring 2018; no new intervention has been added. Spring 2018
is the largest presentation of the course to date, and although the
course is still in progress as of the time of this writing, preliminary
results are good.

5 PLAGIARISM DETECTION
This work relies on the ability to detect plagiarism. We utilized
multiple automated techniques for detecting academic dishonesty.
The primary tool used throughout the lifetime of the course is
MOSS, or Measure of Structural Similarity. [2] This service is
freely available through Stanford University’s Computer Science
department and is a popular tool for detecting plagiarism in pro-
gramming assignments such as those used in the class we are eval-
uating. [18, 46, 49] Routine plagiarism evaluation is performed by
submitting the current semester’s students’ code in its entirety.
Each student’s code is compared against all other code submitted in
the same batch, and MOSS permits for submission of any skeleton
(“common”) code that is provided to students by the instructors.

Table 3: Project 3 Submission & Plagiarism Data

Project 3 consists of two separate submission units. Per semester,
we report the total number of submissions and the percentage

flagged for plagiarism (as defined in §5).
Part 1 Part 2Semester Submissions %Plagiarism Submissions %Plagiarism

Spring 2015 176 14.20
Summer 2015 129 17.05 131 14.50

Fall 2015 137 23.36 136 17.65
Spring 2016 130 16.92 130 12.31

Summer 2016 122 13.11 122 13.11
Fall 2016 140 20.71 140 20.71

Spring 2017 114 13.16 114 13.16
Summer 2017 60 10.00 60 10.00

Fall 2017 173 9.83 173 9.83

The resulting automated report is a set of web pages that display
regions of structural similarity between any two submissions from
the submitted code.

Students are provided with a basic skeleton program, written
in the ‘C’ programming language [31], that implements command
line arguments and basic initialization. The code is built using
standard Linux tools and the code builds, but does not provide
any functionality. The projects themselves attempt to introduce
students to basic operating-systems concepts: threads, inter-process
communications, queues, stacks, I/O, etc. These low-level systems
implementation tools are often unfamiliar to students who are used
to working with higher-level languages and abstractions.

At our urging, instructors introduced a second technique in Fall
2016: “watermarking” the student starter code. Although water-
marking did not prevent plagiarism, it did provide us with a tool for
establishing provenance. Thus far, watermarking has not identified
instances of plagiarism that were not independently flagged by
MOSS.

A third technique, introduced in Fall 2017, was to calculate and
include in the information submitted to the automatic grading sys-
tem the SHA-2 checksum of files within the student environment;
one of the key components was the actual submission script used
to send student code to the automated evaluation system. This
permitted us to determine whether students were modifying the
tools in order to spoof the grader. While we have observed separate
checksums, our investigations thus far have not identified more
nefarious academic dishonesty. Because this approach also reports
the checksums of files that are not submitted by students, we can
use it to flag student code from prior semesters.

A member of our research team suggest that one possible expla-
nation for the observed decrease in the plagiarism rate was that
students became better at hiding their plagiarism. While we cannot
definitively exclude this possibility, our analyses of watermarks
and checksums do not suggestions any irregularities not detected
by MOSS. Because we have not previously disclosed our use of
watermarks and checksums, we think it unlikely students would
be aware of it. A further advantage of evaluating checksums is
that SHA-2 is known to be difficult to spoof; a student brilliant
enough to do so is unlikely to need to plagiarize the code for an
introductory graduate operating-systems course. [45]
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Table 4: Aggregate Plagiarism Results

MOSS-reported similiarity across all semesters: breakdown by
project/sub-project, reporting numer of flagged submissions,

percentage (of total), plus average similarity % and average line
count similarity (with standard deviation).

Plagiarism MOSS

Project Total Submissions Detected Percent Average
%

Standard
Deviation

Average
Lines

Standard
Deviation

PR1-A 1456 77 5.29 11.35 15.39 43.67 50.62
PR1-B 1423 83 5.83 11.03 16.32 30.76 36.46
PR1-C 1232 54 4.38 11.44 10.67 35.70 27.01
PR1-D 1292 66 5.11 13.22 14.13 37.51 32.51
PR2-A 1094 52 4.75 12.05 11.16 30.82 25.78
PR2-B 1056 54 5.11 8.36 16.32 64.43 107.43
PR3-A 1181 184 15.58 24.05 15.75 26.28 18.16
PR3-B 1012 136 13.44 22.83 16.50 28.01 23.14

In the unlikely case that students have developed the level of
insight necessary to circumvent the various plagiarism checks in
the system, they have done so independently of other students —
MOSS detects collaborative plagiarism. Thus, to circumvent MOSS,
a student must find a candidate code base and then substantially
alter its structure to avoid detection. Even if a student were to
actively use MOSS to confirm their code no longer appeared struc-
turally similar to the original code they plagiarized, they would
then need to also make sure their modified code works, which in
turn means fixing it and debugging any problems that arise due
to the substantive changes. Given that our pedagogical goal is to
ensure students understand the underlying mechanisms, this goal
is achieved if the student must understand their now modified code
base sufficiently well to pass the tests of their code. This effect
has been separately noted, particularly with respect to MOSS and
programming classes. [22]

6 EVALUATION
In our retrospective evaluation of the entire corpus of student code
submissions for the course, we chose to minimize the potential for
bias in our findings by defining plagiarism in a manner that can be
automatically detected. Our basis for this choice was to mitigate
the possibility of subjective bias on the part of the researchers at
excluding specific cases of potential plagiarism. In terms of actual
enforcement actions in a real class, we would not rely solely upon
automated identification: we must also engage our expertise to
verify that the flagged submissision legitimately represents an in-
stance of plagiarism. All of the cases flagged in our analysis would
have been evaluated for further action; indeed, many of them were
further evaluated.

For the purposes of our study, an instance of plagiarism is defined
by a MOSS-reported similarity score of 30% or more, with more
than 30 lines of structurally similar code. While this may exclude
some cases of plagiarism, it is broadly consistent with the data and
represents a balance between false positive and false negative rates.

Since our goal is measuring effectiveness, a reasonable model
should indicate whether our interventions work. During our anal-
ysis, we considered several different thresholds, as well as a sieve
model in which potential cases were reviewed, to ensure that this
was the case. That review process led us to change the way we
processed MOSS data and eliminate duplicate student submissions

Table 5: “Honor Code with Reinforcement” T-Test Results

See §4.5. One-tailed two-sample t-test, assuming unequal
variances: all but PR3-B demonstrates statistical significance of

intervention from pre-intervention classes.
Project P (T<=t)

PR1-A 0.036
PR1-B 0.006
PR1-C 0.020
PR1-D 0.004
PR2-A 0.004
PR2-B 0.044
PR3-A 0.005
PR3-B 0.051

by providing the student prototype code to MOSS so that overlap
would not show up as plagiarism among the small group of students
who submit the base code.

Each project consists of discrete components: Project 1 has four,
Projects 2 & 3 have two. Each component is individually submitted
for grading. Our use of MOSS analyzes each component separately.
Table 1 reports our results for Project 1 from Summer 2015 through
Spring 2018. Table 2 reports our results for Project 2 from Summer
2015 through Fall 2017. Table 3 reports our results for Project 3 from
Spring 2015 through Fall 2017. Table 4 summarizes all presentations
of the course.

We have also provided detailed information about the quantita-
tive nature of similarity reported by MOSS for all submissions from
the available historical data. We break this down by the average
structural similarity, both as a percentage and as a line count, and
we provide the standard deviation for both of those values.

This aggregate data provides insight into the varying nature of
the projects. Project 3, for example, utilizes a code generator for
part of the student-submitted code, corresponding to a substantially
higher level of similar code. We consider this is a limitation of the
design of the project rather than an indicator of improper student
behavior.

6.1 Effectiveness
Because we noted that results were comparable for all but two
of the interventions, we did not perform a statistical analysis of
the comparable interventions. While we did find the “Identify and
Prosecute” intervention effective, we do not see that as providing
novel insight — though it may provide some insight into the lower
bounds of what is reasonably achievable.

We did perform a statistical evaluation of our “Honor Code with
Reinforcement” intervention. For each separate component that was
submitted, we performed a one-tailed two-sample t-test, assuming
unequal variances. We decided this approach was appropriate for
this evaluation because we were only interested in interventions
that yielded lower plagiarism rates. We were testing distinct groups
of students, but they had similar backgrounds. We tested against
the null hypothesis with a 95% confidence (p < 0.05).

In evaluating Project 1 cases (four of the eight total components
per class) we used data from Summer 2015 through Spring 2018,
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(a) Project 1 Grades (b) Project 2 Grades

Figure 2: Projects 1 & 2 per-semester mean and median grades
Decreased plagiarism has not cause decreased student grades.

with the pre-intervention data coming from Summer 2015 through
Spring 2017, and the post-intervention data coming from Summer
2017 through Spring 2018. This represented four distinct data sets to
analyze. We used the same data set for Project 2 cases (two of eight
total components), with Summer 2015 through Fall 2017 for the pre-
intervention case, and Summer 2017 through Fall 2017 data for the
post-intervention case. We omitted the Spring 2017 data for Project
3 because it represented the “Identify and Prosecute” intervention.
For Project 3, we used data from Spring 2015 through Fall 2017.
Spring 2015 to Fall 2017 data was used for the pre-intervention
case, and Summer 2017 through Fall 2017 were used for the post-
intervention case. We also omitted the Spring 2017 data for Project
3 under the same rationale as we omitted it from the Project 2 data.

Our interpretation of these results is that the samples in ques-
tion are unlikely to come from the same population (p < 0.05). We
conclude that our intervention in this case is significant.

6.2 Resource Requirements
An important consideration for the instructional staff is the level
of resources required for implementing these interventions. Begin-
ning in Spring 2018, we collected detailed information about the
level of effort required for the two effective interventions. Our find-
ings, while preliminary, indicate that, on average, the preparation
of the honor code and the formal evaluation of student understand-
ing takes less than one hour of instructional time; the University
learning-management system saves time by permitting them to be
copied from prior semesters to the current semester. Responses to
follow-up questions from students and clarification of the policy
required approximately an additional hour of time.

The time required for students to complete the evaluation is
generally less than 15 minutes. Fewer than a dozen students asked
follow-up questions; most questions were one or two paragraphs
long.

Preliminary analysis to review and report on suspected cases
of plagiarism took approximately 10 hours. Much of this work is
now done via automated scripts, which can extract the relevant

information. We have created additional scripts that will decrease
the amount of evaluation time required during future presentations
of the class.

The instructional staff spends three to four hours per case of
suspected plagiarism to review the material, schedule a meeting
with the student, post a private message to the student on the
course-discussion forum, and meet with the student (if the student
chooses to respond). Students who admit to plagiarism are offered
the option of resolving the issue by taking a score of zero on the
plagiarized assignment; the agreement is reported to the university.
When a student denies plagiarizing, the instructional staff must
spend approximately five hours constructing a detailed description
of the evidence of plagiarism, which includes noting the code and
the MOSS output, identifying watermark indicators, pointing to the
original source code or other student’s code, preparing the formal
complaint process for the university, etc.

We have not formally quantified the overall cost, but even the
most superficial analysis indicates that any intervention that mini-
mizes cases of plagiarism substantially improves over the enforce-
ment model.

6.3 Observations
Prior to this work, our evaluation was restricted to doing intra-term
analysis of student code submissions. As we previously noted, inte-
gration of MOSS into the automatic grading system (Summer 2016)
made this analysis simpler to perform. One conclusion of a thorough
review of the output of that process is that the automated system,
while convenient, can provide a high degree of false-positive re-
sults. Excessive false positives demonstrate the need to improve
the performance of the tools used within the course.

We also took the opportunity to perform a broad cross-sectional
observation of student submissions over time.We observed patterns
of data sharing that suggest students find and use public reposi-
tories. While we saw no real decline in plagiarism rates when we
removed existing repositories, the sharing pattern indicates that it
is important to convince students not to share their code publicly.
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Table 6: Cross-semester Plagiarism Cases Identified

MOSS analysis: all course submissions, all semesters. Exclude
same-semester flagged instances; student counted at most once:

report new students and previously reported students.
Single-semester analysis fails to detect some plagiarism.
Project Unique Instances Pre-existing Instances

PR1-A 15 29
PR1-B 17 30
PR1-C 5 18
PR1-D 3 24
PR2-A 6 11
PR2-B 14 24
PR3-A 25 32
PR3-B 0 1

One interesting insight that emerged from our review is that not
only did the absolute level of MOSS-detected plagiarism decrease,
but the relative severity of plagiarism has decreased. To illustrate
this point, we computed the average similarity score, as reported
by MOSS, for all instances that met our definition of plagiarism for
the purposes of this study (see Table7). These averages appear to
have decreased substantially.

Wewere curiouswhether the decrease in plagiarism corresponded
to a decrease in student grades, so we analyzed project scores for
Summer 2015 through Fall 2017 (see Figure 2). Our conclusion is
that the decrease in plagiarism did not correlate with decreased
student grades.

7 ADDRESSING LIMITATIONS
One member of the University instructional team questioned the
value of doing cross-semester analysis, citing anecdotal wisdom to
us: “If one student cheats from a given source, itś almost certain
that another will use the same source.” We decided to analyze our
data and determine if this claim was supported by the data.

Thus, we analyzed our full-cohort data, as shown in Table 6. We
reviewed all identified students and compared them with the intra-
semester data to determine howmany of the cases discovered in this
fashion were not identified by the intra-semester analysis. In doing
this analysis, we excluded all same-semester code matches. The
cross-semester approach identified 85 additional cases, in addition
to 189 cases that duplicated the intra-semester findings.

There were 47 unique users from the 85 cases, and 73 unique
users from the 189 duplicate cases. We note that we had previously
identified 293 unique students in the cross-semester analysis, thus
indicating that the cross-semester analysis failed to identify 220
of those unique students: we were surprised at this finding. We
suggest further research may provide additional insight in §8.

Thus, the intra-semester analysis identified 293 unique students
across all projects and semesters, while the cross-semester anal-
ysis identified 47 unique students that had not been previously
identified. While we will recommend continuing with the cross-
semester analysis, the 16% increase in identified cases may not
strike other practitioners as justifying the added effort required to
do cross-semester analysis.

Table 7: Average Similarity for MOSS identified cases

Notable decrease in average post-intervention similarity: decreased
cheating level for flagged students.

Project 1 Project 2 Project 3
Part A Part B Part C Part D Part A Part B Part A Part B

Summer 2015 76.50 51.25 54.29 43.20 65.10 60.91 61.68
Fall 2015 60.00 69.90 47.89 55.23 45.33 65.36 52.66 57.21

Spring 2016 69.20 63.25 43.50 49.75 31.00 48.50 48.18 52.81
Summer 2016 44.50 43.86 39.33 41.20 49.36 62.70 41.56 62.70

Fall 2016 53.27 64.67 44.67 59.89 47.40 56.46 48.38 48.38
Spring 2017 85.09 69.07 56.67 67.27 59.40 73.75 49.80 49.80

Summer 2017 30.0 0.00 36.50 0.00 0.00 55.00 35.33 35.33
Fall 2017 41.33 42.00 51.20 52.33 33.50 0.00 40.76 40.76

Spring 2018 53.09 51.25 32.25 49.67

8 FUTUREWORK
We can see a number of areas for future work: (1) We can augment
the mechanisms available for detecting plagiarism. While MOSS is
an excellent tool, it is not necessarily applicable to all programming
classes. Evaluating new mechanisms for detecting code plagiarism
will be useful, and this is an active area of research. [7, 8, 17, 18,
25, 28, 32, 38, 39, 55, 58] (2) We can work to identify new ways to
modify the behavior of students to achieve our goals of further
improving academic honesty. (3) we can improve our own analysis
of the output from our existing tools. Our work on this project has
already encouraged us to develop a number of tools we can use to
ease the evaluation of student code in the future, and we suspect
there is further work to do in this area, particularly with an eye
toward simplifying the process for others.

We realize that future classes will now be aware of the tech-
niques that the course instructors use to detect plagiarism. As a
result, course instructors will need to find ways to further improve
their detection abilities. At some point, the work required to cir-
cumvent these checks becomes greater than the effort of simply
doing the assignment — and hopefully also achieves the instructors’
pedagogical goal. [22]

In §6.3 we noted the surprising number of unique students identi-
fied by the per-semester analysis thatwere not identified in the cross-
semester analysis. We suggest further research into this surprising
finding may provide additional insight into the patterns of plagia-
rism in classes, as we suspect this suggests collaborationmay be a
significant source of academic misconduct. Finally, we note that we
excluded all same-semester matches from the cross-semester anal-
ysis; it may be sufficient to only perform cross-semester analysis
because presumably it should also identify same-semester matches
— provided that we do not exclude them.

9 CONCLUSION
Although prior work demonstrated that honor codes alone are
not an effective mechanism for reducing code plagiarism, we have
demonstrated in this work that explaining and reinforcing lessons
in academic honesty resulted in statistically significant decreases
(p < 0.05) in plagiarism rates across seven of eight distinctive pro-
gramming submissions in a large online graduate computer science
course. In addition, this technique required minimal effort from
the instructors — in contrast to a strict enforcement policy, which
substantially increases the burden on the instructional staff.
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