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Abstract—This full research paper investigates how the emer-
gence of large language model (LLM)-based tools has influenced
student code submissions in Massive Open Online Courses
(MOOCs) on programming. The rise of LLMs has introduced
new opportunities and challenges in programming education,
particularly regarding how students approach programming
tasks. As code submissions can be used as artifacts representing
the learning process, analyzing submissions before and after
the wide-spread adoption of LLMs can provide insight into
changes in how and whether students’ approaches to solving
programming tasks have changed and more broadly whether the
way how programming is practiced has evolved.

Using programming assignment submission data from two
University-level programming MOOCsSs, we explore whether and
to what extent code submissions have changed after the emer-
gence of LLMs. Our analyses focus on quantitative metrics from
the MOOCs, including number of submissions, code lengths,
stylistic aspects, and code complexity and originality. Our results
highlight that there are some differences in the high-level metrics
extracted from submissions between the pre- and post-LLM era,
although the differences are largely subtle. We discuss possible
reasons for the subtle differences.

Index Terms—Academic support, Learning technology

I. INTRODUCTION

The public release of ChatGPT in late November 2022
launched a flurry of discussion in educational contexts. While
providing ample opportunity for learning, the risks were
also quickly acknowledged, highlighting the dual nature of
large language models (LLMs) in education [1]. Opinions on
how to view student usage of the increasingly available and
capable LLM-based tools have varied from calls to reconfigure
teaching around said tools [2], [3], to calls of their bans from
education context [4]. Educators have expressed concerns of
students becoming overly reliant on LLMs [5]-[7] and risks
related to academic integrity [8], [9], while others highlight
the tools’ fragile nature and tendency to produce factually
incorrect content (also known as ‘hallucination’) [10].

Despite the plethora of concerns, previous work has indi-
cated that the use of LLMs is abundant in academia [11],
[12], and among students [11], [13]. For example, a recent
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investigation into essays submitted to a MOOC course on the
ethics of artificial intelligence indicated student essay lengths
and certain stylistic measures had changed drastically since
the release of ChatGPT [14]. Since many institutes of higher
education view the use of LLMs as academic dishonesty, hard
numbers on their use are hard to come by. At the same time, we
have observed cases of students asking in peer-support chats
whether they e.g. “should be worried” they find it necessary
to “ask ChatGPT for help” in almost every assignment.

In this work, we investigate whether we can identify indi-
cators of student use of LLMs in the context of two freely
available introductory university-level programming MOOCs.
One of the courses uses the Java programming language,
while the other uses Python. More specifically, our research
questions are as follows:

e« RQ1: How has the number of submissions and submis-
sion code lengths changed over time in the courses?

o RQ2: How has the stylistics of code submissions changed
over time?

« RQ3: How has the complexity and originality of exercise
submissions changed over time?

The rest of this work is structured as follows. First, Section
IT describes some of the key results motivating and relating
to the present endeavor. Then, Sections III and IV describe
our methodology—including the two courses in the context
of which this work is undertaken—as well as the results we
obtained. Finally, in Sections V and VI we discuss our results
more broadly, contrasting them to previous works, consider
the limitations of the present study, discuss potential future
work, and draw some final conclusions.

II. BACKGROUND
A. LLMs and programming

The publication of generally usable LLMs in late 2022
shook the whole education sector. The opportunities were
also quickly discovered in the context of programming ed-
ucation [6], [11]: LLMs can be used to generate educational



resources, such as example code [15]-[18] and programming
exercises [19]-[21] quickly and effortlessly. Moreover, they
can be used to provide personal tutoring [22], [23] that can
assist students with their problems, provide explanations on
errors [24], and help students overcome writer’s block. Such
tutoring systems enable students to have a real-time dialog [25]
about their code and the corrections needed with the artificial
tutor.

Despite obvious benefits for teaching and learning, potential
challenges were also quickly identified [6], [26]. Automat-
ically generated code raises questions on code reusability
and licensing, with unclear practices about how much LLM-
generated code students can include in their programs while
still attributing the solution as one’s own. Other challenges
are, for example, related to potential social bias of the LLM-
produced code [27], sustainability of tools building on LLMs
that incur high energy costs for training [28], and security
of generated code, as students may not be able to compre-
hensively evaluate this aspect; nevertheless, code produced
by LLMs can actually be more secure than code produced
by humans [29]. In addition to challenges with the resulting
code, the probably most discussed problem in education is
related to academic misconduct. Using LLMs to solve tasks
in introductory programming courses can be tempting to many
students who struggle with completing the tasks independently.
Early versions of the LLMs received mixed results in solving
programming tasks [15], [30], but current versions can solve
most tasks associated with a typical programming course, if
not all of them [31]. While LLMs have typically excelled
in basic programming tasks, they seem to be able to out-
perform typical students in more complex coding problems
as well [32]. Researchers have explored ways of detecting
LLM-generated code [9] and creating more LLM-resistant
assignments [33], but while small changes in the problems
or their wording can affect the models’ ability to solve the
problems [34], the models are improving so quickly that this
battle is likely already lost.

Methods for identifying LLM-generated code from human-
generated code have been proposed. For example, Al-
generated code have less perplexity, which allows the utiliza-
tion of perturbation to identify them [35]. However, the results
seem mixed: it seems that the current, publicly available AI-
generated code detectors in fact perform quite poorly [36].
However, machine learning models trained explicitly to iden-
tify LLM-generated code can perform quite well, achieving
over 90 % accuracy in CS1 context [9]. Code stylometry
and complexity [37] are typical examples of metrics used to
detect whether code was generated by an LLM or written by
a human.

B. Academic honesty in online courses

Maintaining academic honesty is particularly challenging
in online settings, such as MOOCs (Massively Open Online
Courses) as they always include the risk of students not
solving assignments on their own. Still, offering such courses
is important as a means of providing flexible and equal oppor-

tunities for continuous learning in our fast-evolving society.
While LLMs further exacerbate the risk and temptation of
cheating by making it easier and more accessible, concerns
about cheating and plagiarism in MOOCs were raised already
before the rise of LLMs [38]. Moreover, the sudden move to
online teaching during the Covid-19 pandemic saw a rise in
cheating [39], [40]. After the introduction of LLMs, studies
show that students can complete and pass university courses
merely based on using such tools [41].

There are methods for trying to prevent or detect cheating.
Proctoring systems [42] can, for example, limit access to web
services, provide real-time monitoring, utilize facial detection,
or analyze students’ answers on the fly, e.g. using keystroke
dynamics [43]. Naturally, such services are mainly usable
during exams (if even then) due to ethical and technical
issues. Another, very different solution is to change students’
attitudes and knowledge about the use of Al tools [44] by
providing clear guidelines and expectations and engaging dis-
cussions when possible. Other concrete examples [45] include
using complex, open-ended problems, oral examinations, or
group projects. However, all these methodologies should be
thoroughly studied in order to evaluate their effectiveness.
Moreover, many of the proposed solutions are difficult or
impossible to implement in MOOC settings with a large
number of students working remotely.

III. METHODOLOGY
A. Context

The context of this study is two introductory programming
MOOCs, provided for free by the University of Helsinki,
located in Finland. Both MOOCs are 5 ECTS credits!, and
have been developed for computer science freshmen. One of
the MOOCs uses Java, while the other uses Python. Both of
the courses are available in English. Conceptually, the Python
version was intended as a replacement for the Java version, but
both courses have been retained as the Java version continues
to be popular.

B. Data

Students attending the courses can provide research con-
sent, allowing the use of their submissions for research. For
this study, we obtained student assignment submissions from
students with research consent from the years 2022 and 2024.

To be able to compare whether possible changes are present
also across the courses, our analysis focuses mainly on as-
signments that are in both courses. As these shared tasks are
relatively small in scope, we also include a larger course-
specific assignments from each course. The assignments are
briefly described in Table 1.

For each assignment, we sampled submissions from up
to 2500 students with research consent. If there were fewer
students with research consent for a specific assignment, for
the assignment, we included all students with research consent.

'European Credit Transfer System; one ECTS credit corresponds to ap-
proximately 27 hours of work



TABLE I
BRIEF DESCRIPTIONS OF THE COURSE ASSIGNMENTS INCLUDED IN THE
STUDY. THE ASSIGNMENT HANDOUTS TYPICALLY COME WITH INPUT AND
OUTPUT EXAMPLES. THE CARDPAYMENT AND BIGYEAR ASSIGNMENTS
ARE SPECIFIC TO THE JAVA COURSE, WHILE THE OWNLANGUAGE
ASSIGNMENT IS SPECIFIC FOR THE PYTHON COURSE.

Assignment
LeapYear

Description

Write a program that reads a number from the user and
prints information on whether the year is a leap year
or not.

Write a program that reads a donation amount (a
number) and uses a set of rules to determine how much
the donation would be taxed.

Write a program that reads in numbers from the user
until the user types -1. Then, print the sum of the
numbers, count of the numbers, the average of the
numbers, and the amount of even and odd numbers.
Write a program that reads in a number from the user
and prints a christmas tree that has the height of the
number entered by the user.

Write a program that prints the average of the numbers
in a given list.

Object-oriented programming assignment where the
student implements two classes, one for a money card
and one for a terminal that uses the card.
End-of-course assignment where the student imple-
ments a program for tracking bird observations.
End-of-course assignment where the student imple-
ments their own programming language.

GiftTax

Numbers

Stars

ListAverage

CardPayment

BigYear

OwnLanguage

Altogether, the dataset has submissions from 12,297 students
with research consent.

C. Analyses

In our analyses, we treat 2022 data as ‘pre-LLM’ data, and
the 2024 as ‘post-LLM’ data. We classify 2022 as pre-LLM
data since the release of ChatGPT in late 2022 marked a
significant shift in student engagement with LLMs, as also
indicated in prior work [11].

To answer RQ1, How has the number of submissions and
submission code lengths changed over time in the courses?,
we extract the submission counts and the lines of codes
(LOC) for the 2022 and 2024 course iteration assignment
submissions. Then, we apply the non-parametric Kruskal-
Wallis H test [46] to assess whether there are differences
between the assignment-specific statistics between the 2022
and 2024 course iterations.

To answer RQ2, How has the stylistics of code submissions
changed over time?, we extract the number of commented
lines in the source code and the length of the variable names
in terms of characters. These metrics are compared across the
two datasets using the Kruskal-Wallis H test.

Finally, to answer RQ3, How has the complexity and
originality of exercise submissions changed over time?, we
extract McCabe’s cyclomatic complexity [47] for each sub-
mission and compare the difference using Kruskal-Wallis H
test. Additionally, we examine the differences in code structure
using Jensen-Shannon divergence [48]. To do this, we first
convert each submitted source code into a set of tri-grams
(n-grams with n=3) via text vectorization, then measure the
divergence between their probability distributions.

Together, these analyses provide a multi-dimensional eval-
uation of student programming practices before and after the
emergence of large language models. This allows us to assess
changes in quantity, quality, and structural complexity of code
submissions.

D. Statement on statistically significant differences

Our analyses does not apply a correction for multiple
comparisons, such as the Bonferroni correction, because each
statistical test addresses a distinct research question with
its own outcome measures. Over-correction in this context
could unnecessarily inflate the risk of Type II errors, thereby
obscuring potentially meaningful differences. Moreover, as
noted by the American Statistical Association, researchers are
encouraged to move beyond simply interpreting p-values and
to instead consider the broader evidential context to create a
more nuanced understanding of the results [49]. Effect sizes
are reported using epsilon squared (e?) for Kruskal-Wallis H
test; following [50], we interpret values smaller than 0.01 as
negligible, and values between 0.01 and 0.04 as weak.

IV. RESULTS
A. Submission counts and code lengths

Table II outlines the average submissions per student, av-
erage submissions lengths (in tokens), and average lines of
code (LOC) for the assignments over the two years, and
the corresponding p-values for the Kruskal-Wallis H test.
When considering the submissions per student, across all
assignments, the average number of submissions per student
are very similar between 2022 and 2024. However, for some
Java assignments, there is a statistically significant decrease
in submission counts. The effect sizes, in terms of €2, are
negligible, 0.003 for LeapYear, 0.002 for Stars, and 0.001 for
CardPayment.

Similar to submissions per student, the submission lengths
(in terms of tokens) are also very similar between the two
years. There are, however, a handful of assignments where
the differences are statistically significant. For example, the
average submission lengths for LeapYear are smaller for both
programming languages, although the effect size € is again
negligible, 0.004 for Python and 0.001 for Java. The effect
sizes are negligible also for the Python assignments GiftTax
(0.002), ListAverage (0.001), and OwnLanguage (0.004).

There are also minor differences between the lines of code
between the years. Similar to the previous results, however,
the differences are negligible.

B. Stylistics

Statistics on submission stylistics (commented lines, aver-
age variable name length) are shown in Table III. Overall, for
the average number of commented lines per submission, there
is a slight increase in many assignments, where the differences
are statistically significant for three Python assignments and
one Java assignment. For these, for Java, there is a slight
decrease in the number of comments, while for Python, there is
a slight increase in comments. Despite the average number of



TABLE II
AVERAGE SUBMISSIONS PER STUDENT, AVERAGE SUBMISSION LENGTHS (IN TOKENS), AND AVERAGE SUBMISSION LENGTHS IN LINES OF CODE (LOC)
FOR THE ASSIGNMENTS BETWEEN THE YEARS 2022 AND 2024.

Submissions per student Submission length (tokens) LOC
Assignment Lang. 2022 2024 Prw 2022 2024 Prw 2022 2024 prw
LeapYear Python 1.18 1.16 0.534 12153 12095 <0.001 11.14 10.95  0.068
Java 299 253  <0.001 53.31 52.42 0.008 21.08 2090  0.010
GiftTax Python 1.15 1.14 0.618 12231 12037 0.006 21.01 21.03 0.873
Java 1.91 1.86 0.266  240.76  240.36 0.329 31.06 31.19  0.024
Numbers Python 1.16 1.17 0.360 83.85 83.26 0.536 24.32 2479  0.034
Java 1.16 1.17 0.360 177.83 177.97 0.714 41.58 41.60  0.400
Stars Python 1.25 1.22 0.301 76.41 76.26 0.895 16.99 17.13  0.459
Java 420 371 0.002 231.58 23452 0.387 51.73 51.64 0.989
ListAverage Python 1.08 1.07 0.564 36.96 37.40 0.031 7.05 7.12  0.192
Java 1.29 1.26 0.339 140.73  140.63 0.805 31.95 31.98  0.549
CardPayment Java 3.83 3.53 0.043 128.69  129.67 0.700 38.29 38.60 0.543
BigYear Java 1.70 1.67 0.829 183.83 18534 0.575 44.68 4428 0.320
OwnLanguage Python 230 234 0.151 631.52 589.76 0.049 108.64 10579 0.396

comments increasing noticeably for some of the assignments
(e.g. from 4.05 to 6.14 for Numbers), the effect sizes €2 are
negligible.

Similar observations can be made for the average length
of the variable names, where some statistically significant
changes exist. The differences are more visible for Python (4
out of 6 assignments) than for Java (1 out of 7 assignments).
For Python, overall, for the affected assignments, the average
variable name length increases. However, the effect sizes are
again negligible.

C. Complexity and originality

Statistics on McCabe’s cyclomatic complexity and code
originality (measured using Jensen Shannon divergence from
tri-grams, JSD3) are shown in Table IV. Overall, the changes
in cyclomatic complexity are minor in absolute terms (between
0.1-0.3 points). A handful of assignments show statistically
significant differences, although like in the previous analyses,
the differences are negligible.

When considering the code originality, the JSD3 metric is
small for the majority of the Java assignments, which indicates
stability in the local syntactic patterns of the code submissions.
However, several Python assignments showcase moderate to
high JSD3 values (up to 0.28 for OwnLanguage).

V. DISCUSSION
A. Summarizing answers to research questions

Overall, our results highlight that although there are some
statistically significant differences between the years for the
course assignments, the differences are — in terms of €2 —
negligible.

For RQ1, How has the number of submissions and submis-
sion code lengths changed over time in the courses?, for Java,
we see a tendency for statistically significant reductions in
submission counts in 2024. For Python, we observe significant
differences in token counts for a few assignments, although
the submission counts remain largely unchanged (and small
from the start). For RQI, in general, with the exception

of submission counts for Java, there seems to be a high
degree of consistency in submission behavior and high-level
code structure across the two years. The differences that are
statistically significant are not substantial.

For RQ2, How has the stylistics of code submissions
changed over time?, for Python, there is a statistically signif-
icant increase in the number of commented lines and variable
name lengths for many of the assignments. Although the
differences are often relatively small, they are to some extent
visible — even to the extent that the average number of
comments increases by 50% for one of the assignments. For
Java, the stylistics are largely unchanged between the years
— as an example, for the assignment where the number of
comments in Python rose by 50%, there is a less than 1%
change in comments in the Java counterpart. More broadly, the
differences between Python and Java indicate that the stylistic
changes are not necessarily uniform across the two languages,
with Python showing more stylistic changes between 2022 and
2024.

For RQ3, How has the complexity and originality of exercise
submissions changed over time?, the changes in average
cyclomatic complexity are largely very small between the
years across the programming languages. When considering
the JSD3 metric, the Java submissions seem to be fairly stable
between the years, while the Python submissions show more
differences. Broadly speaking, the token-level patterns and
coding styles for Python seem to have experienced a more
notable change between the two years.

B. On small effect sizes

We note that it is possible that the statistically significant
differences stem from the large sample size. With thousands
of submissions, even small differences in metrics like token
count can become statistically detectable. This is, in part, why
researchers have suggested moving beyond p-values [49], and
including additional contextual evidence like effect sizes.

In our case, all of the effect sizes were negligible, even
though at an extreme, there was an increase of 50% in the



TABLE III
AVERAGE NUMBER OF COMMENTED LINES AND AVERAGE LENGTH OF VARIABLE TOKENS IN THE ASSIGNMENT SUBMISSIONS BETWEEN THE YEARS
2022 AND 2024.

Commented lines

Variable name length

Assgn. Lang. 2022 2024 p 2022 2024 p
LeapYear Python  10.65 10.97 0.900  4.33 433  0.154
Java 0.66 059 0941 527 527 0.660
GiftTax Python 5.16 5.60 0.077 466 485 0.004
Java 0.39 046 0.843 527 530 0.531
Numbers Python 4.05 6.14  0.002 526 540 0.002
Java 10.06 998 0.170 589 592 0454
Stars Python 16.87 1845 0.030 442 456  0.002
Java 8.58 8.65 0247 587 582 0.011
ListAverage Python 3793 3730 0.153 3.16 319  0.164
Java 9.70 981 0.871 550 551 0.134
CardPayment Java 9.38 947 0.173 772  7.69 0.804
BigYear Java 1096 1024 0.003 654 655 0.614
OwnLanguage Python 12.17 1350 0.030 6.13 634  0.009
TABLE IV it is also possible that the adoption of LLM-based coding

AVERAGE CYCLOMATIC COMPLEXITY AND JENSEN-SHANNNON
DIVERGENCE FOR TRIGRAMS (JSD3) IN THE ASSIGNMENT SUBMISSIONS
BETWEEN THE YEARS 2022 AND 2024.

Cyclomatic Complexity

Assgn. Lang. 2022 2024 p JSD3
LeapYear Python 4.84 474  <0.001 0.036
Java 4.58 4.53 0.005 0.012
GiftTax Python 8.80 8.52 <0.001 0.109
Java 9.00 8.97 0.133  0.041
Numbers Python 4.63 4.68 0.031 0.117
Java 4.09 4.07 0.946  0.025
Stars Python 3.28 3.26 0.326 0.166
Java 9.36 947 <0.001 0.025
ListAverage Python 1.98 1.99 0.828  0.034
Java 3.93 3.92 0.554  0.022
CardPayment Java 5.52 5.56 0.499  0.013
BigYear Java 7.51 7.52 0.718  0.054
OwnLanguage Python 2493  25.16 0.372  0.283

average number of comments in one of the assignments. There
are a handful of possible explanations for why the effect sizes
might be small.

First, in a MOOC:s, the participating population is typically
diverse in terms of student backgrounds, skills, and coding
styles. This heterogeneity of the course populations can con-
tribute to a high within-group variability. This, in turn, can
result in a high overlap between the groups, and consequently
dilute the between-group effects, leading to small effect sizes
despite significant differences.

Second, the assignments are highly structured and come
with strict guidelines that allow automated assessment of the
submitted solutions. The assignment structure and guidelines
may limit the variation in student submissions, which can
further reduce the differences between the groups. In a way,
we might be seeing a “ceiling effect”, where the allowable
solutions are so constrained where even using an LLM in the
process may only produce minor changes in the observable
code — such as changes in number of comments.

Third, as the participating population is typically diverse,

assistants also differs between the student populations. The
2024 dataset — and perhaps parts of the 2022 dataset — likely
includes a mix of LLM-assisted and traditional code submis-
sions. This mixture can again dilute the observed differences,
where the observed differences are minor across the entire
population.

Fourth, as LLMs have been trained with data that is publicly
available, including questions on platforms like StackOverflow
and Reddit, LLM-based coding assistants have also learned
patterns that are present in student code submissions. The
assignments of the MOOCs have also received plenty of
questions on the said platforms. This can further lead to a
situation where the differences between the years are not
major, in part as the models may already have knowledge of
sample solutions. This problem is further exacerbated by the
constraints set by the assignments.

Taking all of the above into account, the observed negligible
effect sizes might thus be in part due to the specific nature
of our data, and greater between-groups effects might be
observed with data from other (e.g. closed) courses.

C. Detecting LLM-generated submissions

When considering prior studies that have compared LLM-
generated submissions and student submissions, the studies
have mainly focused on differences between human-submitted
codes and LLM-generated codes [9], [37] where it has been
known which codes are human and which LLM-generated. In
our case, we compare overall data from the courses, where
differences may be harder to detect as it is likely that only
a minority of the student submissions are (entirely) LLM-
generated. This could explain why our effect sizes are low —
any differences are harder to tease out when most of the data
is similar (i.e., human-generated). In future work, it would
be interesting to analyze the submissions for patterns that
could indicate LLM-generated code, such as using ternary
operators and code that is “too optimized” considering typical
code produced by novice students [9]. At the same time,



such endeavors must be planned carefully so as to ensure any
observed effects are not false positives resulting from how the
data is split into ‘normal’ and ‘non-normal’ groups.

D. Limitations of the study

This study comes with a range of limitations, which we
acknowledge here. First and foremost, we do not have a ground
truth on whether students in the MOOCs have used LLMs
when working on their course submissions. The courses have
not, however, been adjusted between 2022 and 2024, which
means that any observed changes between the years should not
be attributed to possible course changes. However, the student
populations can be different between the years, which could
partially explain our findings.

Second, the data for the study comes from a single in-
stitution that offers two programming MOOCs. Institution-
specific practices, including course design and especially the
amount of scaffolding, may influence submission behaviors.
Thus, the results might differ in courses from other institutions
or educational settings.

Third, the study included only students who provided re-
search consent and who submitted solutions to the assignments
in a MOOC. This suggests that the data suffers also from self-
selection bias, which means that the participant sample might
not be entirely representative of the broader student population
(and possibly, even the student population in the MOOCsS).
As an example, it is possible that students who overuse LLM
support could be less likely to provide research consent.

Fourth, our analysis focuses on quantitative code metrics
such as lines of code, token counts, cyclomatic complexity,
and stylistic measures. The metrics capture only surface-level
differences and do not, for example, provide evidence of (lack
of) deeper understanding.

Fifth, we acknowledge that the large sample size can
produce statistically significant p-values, where the differences
can be in reality negligible. We have discussed some of the
potential reasons for the negligible results in Section V-B.

Finally, as also acknowledged in Section V-B, it is possible
that the structured nature of the MOOCs can also influence
the observations. The focus on introductory programming also
constraints the complexity of the assignments. For nearly all
assignments, the average cyclomatic complexity was under 10
— coincidentally, this is also in line with what McCabe calls
a reasonable upper limit for code complexity after which the
code should be modularized [47].

VI. CONCLUSION

In this work, we examined the differences in student submis-
sions before (2022) and after (2024) the release of ChatGPT
in two different large, introductory programming courses, one
in Python and one in Java. Our findings suggest that — against
our expectations — the differences between the years are minor.
While there are multiple statistically significant results, such as
specific exercises having more comments and longer variable
names since the release of ChatGPT, the effect sizes are
very low. Potential reasons for these findings could be, for

example, that only a minority of students use LLMs for solving
exercises, that the constrained nature of the exercises hides
any potential LLM use, or that LLM-generated code is more
similar to student code than we thought.
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