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Abstract—Full research paper—Most introductory program-
ming courses rely on the use of automated assessment for
grading programming assignments. While such systems save
teachers’ time by eliminating manual grading, the submissions
may not be reviewed by the teachers at all, losing valuable
insight into how students solve the assignments. In this paper,
we introduce CodeClusters which provides teachers’ a quick
overview of general patterns in code submissions. The main
features of the system are full-text search and N-gram -based
similarity detection model that can cluster and subset the code
by various aspects such as AST similarity or software also has It
has also an interface for streamlining the writing of feedback to
multiple submissions at once. CodeClusters has been primarily
designed to be used jointly with automated assessment systems
where automated tests would assess the functionality of the
code, and CodeClusters would be used for gaining a higher-
level view of programming patterns and for writing feedback
to students. CodeClusters was evaluated in a think-aloud study
with university lecturers responsible for programming courses at
two research-first universities. The lecturers were pleased by the
possibility of providing better feedback to students quickly, saw it
could improve the quality of their courses over solely automated
assessment, and expressed interest in using CodeClusters in their
own courses.

Index Terms—source code submissions, source code analysis,
clustering, feedback

I. INTRODUCTION

One of the key components in many introductory program-
ming courses is hands-on practice with programming assign-
ments that help students learn both syntax and semantics. A
key part of this hands-on practice is feedback, which helps
students to adjust their work to better match the expectations
[1]-[3]. As an introductory programming course may receive
hundreds or thousands of programming assignment submis-
sions each week [4]-[7], writing feedback manually for each
student is often not feasible.

A common solution for providing large quantities of feed-
back is the use of automated assessment systems, which
run a set of automated tests on programming assignment
submissions and provide feedback on the correctness of the
submissions [8]—[12]. The use of automated assessment allows
a faster feedback cycle when compared to manual reviewing,
and is effectively available around the clock [12]-[14]. One
of the benefits is also consistency as the same grading criteria

Arto Hellas
Department of Computer Science
Aalto University
Espoo, Finland
arto.hellas @aalto.fi

is applied to every student submission, thus providing same
grade and feedback on similar programming errors [12]-[14].

The use of automated assessment, however, involves a
trade-off. While the use of automated assessment removes
the need to manually assess submitted assignments, teachers
can become dependent on the scores from the automated
assessment systems, and may not be as involved with manual
inspection of students’ submissions as they would without
such systems. This in turn may lead to teachers becoming
unsure about the problems that students face, which makes it
harder to design classroom interventions to address gaps in
students’ understanding.

In this work, we introduce and evaluate CodeClusters,
which has been designed for effective manual reviewing of
programming assignment submissions as well as for writing
feedback for multiple submissions and aspects of submissions
at once. Similar prior art to the system are OverCode [4],
Codewebs [5], and Divide and Correct [15]. In OverCode
stacks of canonicalized source code lines are used to cluster
the submissions, Codewebs enables searching and clustering
the code by similar code phrases, and Divide and Correct
clustering using TF-IDF similarities with k-medoids algorithm.
CodeClusters uses N-grams built from tokenized abstract
syntax trees for clustering with various configurable clustering
algorithms. It also provides search functionality that can use
either software metrics or string-based matching. Additionally,
teachers can create review flows to automate their feedback
with the parameters they have found suitable. Of the related
systems, Divide and Correct appears closest although it has
been designed for natural language submissions and uses only
a fixed approach for clustering [15].

This article is organized as follows. Subsequently, in Sec-
tion II, we discuss the analysis of source code and pro-
gramming assignment submissions. In Section III, we present
CodeClusters. Section IV outlines the evaluation methodology
of CodeClusters, including the structure of the interviews, and
Section V outlines and discusses the results of the evaluation.
Finally, Section VI summarizes the work and outlines future
research directions.



II. BACKGROUND

Here, we outline the background for the development of
the CodeClusters. We first discuss reviewing students’ code,
which is followed by an outline of ways for representing code
for automated analysis. Finally, we briefly discuss source code
similarity detection.

A. Reviewing code submissions

Student code has been reviewed in multiple ways to study
learning [16], misconceptions [17], likely grades [18] as well
as code quality [12], [16] and complexity [12]. The approaches
of reviewing student assignments can be broadly categorized
as either manual or automatic.

Manual review depends typically heavily on teachers and
teaching assistants (TAs). One of the benefits of manual
reviews is gaining a view of the types of problems that students
struggle with; the act of being a TA, as an example, can be a
valuable experience by itself [19]. Providing consistent reviews
can, however, be difficult. As an example, when seeking to
build an automated feedback system out of previously given
reviews, Rogers et al. [20] noted that one of the key problems
was inconsistency in grades and feedback from TAs. Similarly,
when asking TAs to cluster code submissions, Glassman et
al. [21] observed that TAs often overlooked presentational
details and preferred structural similarities, which led to some-
what distinct clusters between TAs.

Indeed, there are multiple levels of variations between
submissions. Luxton-Reilly et al. [22] suggested that these
variations can be categorized into three hierarchical levels.
At the first level, the control-flow structure defines the main
aspects of the program. At the second level, if two submissions
share the same control-flow structure, variations in program
syntax that do not contribute to control-flow can be analyzed.
At the third and final level, if the syntax of the submissions
also matches, presentational variations such as the differences
in formatting and exact tokens and their order can be stud-
ied [22].

Programmatic reviewing of code can be further divided
into two categories; static and dynamic analysis, where static
analysis tools study the code without executing the code, while
dynamic analysis can also execute the code [23]. A popular
type of static analysis tool is a program called “linter” [24],
which provides feedback on code structure and formatting. The
use of linters can help developers maintain a uniform style,
reduce maintenance, enhance readability, and avoid errors in
their code [24]. Although linters have been used in program-
ming courses [16], [25], Crow et al. code quality aspects
are not discussed in some introductory programming courses
[26]. Automated tests that are run on student submissions for
the purposes of automated assessment [10] can be seen as a
form of dynamic analysis, and one can also write in guiding
messages or “scaffolding” into the automated tests [27]; there
exists also the possibility of identifying transformations that
are needed for the submission to match a correct solution, as
suggested e.g. in [28]-[30].

B. Code Representations and Metrics

Code can be represented in multiple ways. In general,
representations are built by first parsing the code into a stream
of tokens. The tokens are then parsed into a parse tree, which
effectively contains a derivation of the programming language
grammar. As parse trees can become relatively large, they are
often transformed into abstract syntax trees (ASTs) [31], [32],
which offer the full syntactical structure of the program in a
hierarchical form.

ASTs can further be standardized and pruned depend-
ing on their use. As an example, MistakeBrowser [28] and
Codewebs [5] standardize ASTs by removing less important
tokens, which can be seen similar to removing stop-words in
natural language processing. Then, similar tokens are trans-
formed into a single representation, such as changing for
and while tokens into loop tokens. Another option is to
focus on the possible execution paths of a program, which
is typically modeled as a control-flow graph (CFG), which is
effectively a directed cyclic graph of all the possible execution
paths a program may take during its execution [31]-[33].

Control-flow graphs remove many of the noisy details of
formatting and syntax while retaining the actual behavior
of the program. In general, CFGs have also been used to
study variations between student submissions [21], [22], [34];
Control-Flow Abstract Syntax Tree (CFAST) [34], for ex-
ample, models the control structure of the code by pruning
ASTs to only contain the tokens that contribute to the control
flow of the program. Losing the tokens, however, also implies
losing the ability to detect syntactical similarities. This would
decrease the overall applicability of models that use only
CFGs.

Another possibility is to transform the AST into a sequence
of tokens, which is then used to represent the program or
parts of the program. Some systems, such as JPlag [35], add
separate tokens to the start and end of statements, such as
"BEGIN_IF” and "END_IF”, to help detect nested structures
in the data. These tokens are often used as a set of sequences
(N-grams), each sequence with a number of tokens [36], where
the set of token sequences is then used to represent the code.

Perhaps unsurprisingly, different code representations and
transformations have been also used in static and dynamic
analysis. As an example, the Cyclomatic complexity metric
uses CFGs in its calculation of complexity [37], while the
Assignments, Branches, Conditionals (ABC) metric counts the
specific structural parts of the program [38].

C. Similarity Detection

Much of the research in similarity detection of program code
has focused on the detection of plagiarism, software license
violations, and clones. Code similarity can be broadly catego-
rized into three levels: purpose, algorithm, and implementation
level [39]. If two programs both sort numbers by ascending
order, they can be considered similar at the purpose level.
If they share the same algorithm, at the algorithm level, and
if their implementation of the algorithm is the same, at the
implementation level. Due to the difficulty of deciding whether



two programs are equal at the purpose or algorithm level, most
similarity methods work only at the implementation level [40]
— if we expect that two students have solved the same exercise,
we can already assume that the programs that they have written
are the same at the purpose level.

In addition to the above examples, similarity detection has
been also used for providing feedback to students [1], [4]—
[71, [15], [25] using clustered solutions so that one can, in
principle, provide one feedback that then is propagated to
the whole cluster. Systems such as OverCode, Codewebs, and
Divide and Correct use similarity detection, and their results
are used to cluster the submissions. Many of the systems
use derivations of ASTs as their representation, but the used
similarity measures vary. OverCode uses a custom algorithm
that matches canonicalized stacks together, Codewebs uses
probabilistic semantical equivalence to find the most used
context for given AST subtree, and Divide and Correct uses
multiple feature vectors which are compared using cosine
similarity [4], [5], [15].

Deciding how the similarities are calculated is crucial in
producing accurate results, yet as discussed in Section II-A,
there might be multiple similarity levels and their measurement
would be susceptible to subjective biases by human reviewers.
When considering the actual clustering algorithms for finding
similar source codes, there are a wide variety of algorithms
such as k-means, DBSCAN and OPTICS (see e.g. [41]-[44]),
which have also been used in previous studies with students’
submitted source code [7], [15], [21], [25].

III. CODECLUSTERS

As a general description, CodeClusters' is a web applica-
tion that is used to study code submissions and to provide
feedback on the submissions. CodeClusters includes search
and modeling functionality, as well as an easy interface for
creating feedback to groups of students. The present version
supports Java program code submissions and instead of a one-
size-fits-all model, it is designed to allow the composition
of different parts of a review process: searching, modeling,
and providing feedback, to provide teachers greater flexibility
in automating their review process. The high-level view of
how CodeClusters has been designed to be used is shown in
Figure 1.

A. Implementation

At its core, CodeClusters is a web application that can
be accessed a web browser. It is divided into 6 parts that
are run as individual Docker containers. The containers are
managed by Docker Compose and the server configuration
is written as docker—compose.yaml files. This simplifies
the development and deployment of the system and using
containers allows managing the various dependencies of the
servers easily. While CodeClusters provides a single-page web
application (SPA) front-end written using React that is used for
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Fig. 1. An overview of the flow of using CodeClusters. Students submit
their code to an LMS, which then sends the code to CodeClusters. Teachers
use CodeClusters to review the submissions and to provide written feedback
to them, which is then read by students.

interacting with the parts of the application, here we discuss
the key parts of the system that allows the review process.

1) Database: CodeClusters uses PostgreSQL as it is widely
accepted in the industry as the leading open-source relational
database. The database is accessed mainly through the appli-
cation server, but the modeling server is also provided access
to avoid having to pass possible large quantities of data from
the application server.

2) Search server: The search functionality has been imple-
mented using Apache Solr?, which is based on the Apache
Lucene search engine. The code features indexed into Solr
include the code and general metadata of the submissions such
as student id and timestamp. The code is tokenized by line
breaks and whitespace, which was observed to offer the most
flexibility in searching various special characters and exact
patterns compared to pruning the code, despite possible issues
with improperly formatted code. Other indexed features are
software metrics, generated by the Checkstyle® static analysis
library. In addition, the total sums of various Java keywords
are also indexed.

All of the features are searchable from the UI by either
string queries that support Lucene operators, filters that specify
ranges of desired values or facets, a Lucene-specific feature
that enables subsetting the data based on indexed values. The
configuration of Solr was relatively small. For ranking the
documents Solr uses Okapi BM25, a probabilistic IR model,
which at the time of the development was the default IR model
for Lucene. Modifying or changing it to another model, for
example, TF-IDF, was not deemed necessary in evaluations
conducted during the development of CodeClusters.

3) Modeling server: The modeling server was implemented
using Python and Flask, utilizing the scientific libraries of
the Python ecosystem for clustering. In the present state, the
system can process Java program code by either parsing it into

Zhttps://lucene.apache.org/solr/
3https://checkstyle.sourceforge.io/



ASTs using ANTLR* parser generator or generating metrics
with Checkstyle static analyzer.

The ASTs are parsed as part of the similarity detection,
transformed into an N-gram representation of tokens repre-
sented in vector space as TF-IDF matrices and cosine simi-
larities. The modeling functionality in the application allows
the manual setting of various parameters such as the used set
of N-grams, the used token set, clustering algorithm, and the
2-D dimensionality reduction method. Most of the modeling
is implemented using the basic scientific computation libraries
such as NumPy and scikit-learn, and the available clustering
algorithms are k-means, DBSCAN, HDBSCAN, and OPTICS
algorithms. To plot the submissions in a two-dimensional
scatter plot, a dimensionality reduction method is used with
either t-SNE or UMAP algorithm. All of these options are
parameterized and choosable by the user.

B. Main features

The main features of CodeClusters are an easy-to-use code
search functionality, where instructors can search code submis-
sions with code, with metric ranges (e.g. lines of code between
given two numbers), and with Lucene-specific operators and
filters. Searching code leads to a list of submissions that match
the search, where the code for each submission is shown to
the user. Submissions can be selected from the list, which then
allows writing a review for the selected submissions.

When writing submissions for a set of selected submissions,
one can also add one or more tags to the review, which can
then be selected for reviewing and for providing feedback.
CodeClusters also keeps track of the submissions which have
already been reviewed and which have not yet been reviewed,
and provides an overview page with a matrix-like view that
allows fast inspection of current review status. The matrix-like
view also provides fast access to submissions that have not yet
been reviewed. Reviews need to be accepted on the overview
page before they are sent to the students.

In addition to the search functionality, CodeClusters allows
clustering submissions. When clustering submissions, the in-
structor selects model parameters (defaults are provided) and
runs the clustering. The clustering results are shown both with
histograms that show the sizes of the clusters and with a 2-
dimensional visualization. The Figure 2 shows an example of a
clustering attempt; model parameters are chosen and clustering
has been performed. Two clusters were identified (labels O
and 1 on the bottom left-hand side); one of them has 13
submissions, while another has 11 submissions. In this case,
there are 53 submissions that were not clustered, indicated
with the label -1. Clicking on a bar in the histogram opens
a review area similar to the one that is used when searching
submissions, which allows reviewing and providing feedback
to selected submissions.

CodeClusters also provides the functionality for creating
review flows, which are effectively pre-defined searches or
clusterings with pre-defined review messages. These can be
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Fig. 2. Sample view in CodeClusters. The teacher has selected an assignment
and used CodeClusters to create clusters on the source code submissions.
Clicking on a cluster (in the visualizations) leads to the view used for writing
feedback.

used, for example, for rapid generation of feedback on code
submissions that share properties that are easily defined with
the search or clustering functionality.

C. Related Systems

Here, we briefly discuss three related systems. OverCode [4]
and CodeWebs [5] have been designed for providing feedback
to large numbers of program submissions at ease, while Divide
and Correct [15] works on natural language submissions.

1) OverCode: OverCode [4] is a code visualization and
exploration tool that helps teachers and TAs to create grading
rubrics and to find misconceptions, pedagogical examples, and
other interesting patterns. OverCode uses various static and
dynamic analysis techniques to reduce the dimensionality of
the submissions, including analyzing execution graphs and
renaming variables that are used similarly so that they use
a common name.

The key feature used in clustering and grading is stacks,
which are single lines of canonicalized code that are shown
with the number of submissions they occur in. Teachers can
select stacks to write feedback about and merge them with
other stacks. Unlike systems that use more abstract source
code distance metrics, OverCode maintains closeness to the
original representations by pattern matching the canonicalized
lines of code, making the process straightforward to follow and
to understand. On the other hand, as the focus is on stacks,
the overall structure of the code is not in focus, which can
make it difficult for the teachers to gain a higher-level view of



structural variations in students’ solutions. This can also lead
to challenges when grading more complex assignments.

2) Codewebs: Codewebs [5] is a search engine for pro-
gramming submissions that helps teachers find submissions
that share a similar structure, which can then be used to
provide feedback to students; the feedback could cover, for
example, misconceptions or other problems. Codewebs uses
automated test results and code, both as strings and ASTs,
which are indexed for efficient search.

The key features include an inverted index of submissions
and the ability to search code with a set of code phrases.
These code phrases do not need to be exact; instead, the search
engine looks for submissions that are semantically similar to
the searched code phrases. Codewebs has been tested on a
dataset of million Octave code submissions, and it seems to
scale well for grading, studying, and providing feedback to
submissions, at least in the context of individual functions.

3) Divide and Correct: Divide and Correct [15] is a system
designed for reading, grading, and providing feedback to short
natural language submissions. It applies similarity detection
by combining multiple features and transforming the features
into a distance metric, which is then used for clustering the
submissions. The resulting clusters can then be graded and
provided feedback using a web interface.

The key features of Divide and Correct include hierarchical
clustering of submissions, which allows teachers to first divide
the submissions into up to 10 clusters, and then further divide
the submissions into a maximum of 5 subclusters per cluster.
The approach used in the system is based on a previous
clustering approach called [45]. While such systems are rarely
evaluated by teachers, at least in the articles that describe the
systems, Divide and Correct was evaluated in a within-subject
study with 25 teachers. The results indicated that while grades
were similar in groups that did not use Divide and Correct
and groups that used Divide and Correct, teachers provided a
lot more feedback when using Divide and Correct. Similarly,
using Divide and Correct, teachers were able to go through
the submissions roughly three times faster.

IV. METHODOLOGY

We use Design Science Research (DSR) as the basis for
our research. DSR “is a research paradigm in which a designer
answers questions relevant to human problems via the creation
of innovative artifacts, thereby contributing new knowledge to
the body of scientific evidence. The designed artifacts are both
useful and fundamental in understanding that problem” [46].
Our approach can be defined as exploratory DSR analysis,
where the objective is to verify that the problem we outline
exists and that the designed artifact has the potential to solve
that problem [46], [47].

The starting point for this study was the observation that
while professors can use automated assessment tools for
grading, reviewing, and providing feedback to the submissions
in programming courses is not feasible to a large number
of participants. The evaluation itself is conducted as a semi-
structured interview complemented with tasks and think-aloud

protocol, where we introduced CodeClusters to professors who
currently or in the past have been responsible for teaching
introductory programming courses.

A. Structure of the interview

Overall, the interview structure was as follows. First, before
the interview, participants answered a preliminary question-
naire, which provided us information about their teaching
experience and perceptions related to grading and providing
feedback. The interview consisted of two parts, where the
participants, after a demo of CodeClusters, solved a set of
tasks using CodeClusters. Finally, the participants were given
a satisfaction and evaluation survey, where they were asked for
their impressions regarding CodeClusters and how they would
see its features, the search, modeling, and reviewing, be of use
for analyzing and providing feedback to course submissions.

During the interview, the participants were free to voice out
their thoughts and to discuss their answers to the tasks at any
given point, and to give further justifications for their answers.
The interviews were conducted online, where the participant
shared their screen as they were solving the problems. Each
interview was conducted separately.

B. Interview tasks and data

The interview tasks were designed to simulate a situation
where the participants were reviewing and providing feedback
to Java programming course submissions. As the data, we
used a total of 110 submissions for the Rainfall Problem —
the Rainfall problem is often used in introductory program-
ming courses and considered a relatively difficult problem for
novices [48].

The interview tasks were divided into four parts with each
part addressing a different aspect of CodeClusters. The parts
were ordered; (1) reviewing using searching, (2) reviewing
with modeling, (3) creating and using review flows, and (4)
reviewing and accepting reviews. To perform the tasks, the
teachers logged into CodeClusters that was seeded with
a dataset. The tasks can be found in their entirety in the
Appendix A.

The first part consisted of searching submissions code using
the search server and then reviewing the searched submissions.
This required that the participants were able to find the correct
controls and to use them to perform various searches. The
participants used various features of the Lucene API provided
through the search server, such as facets and filters, partially
to showcase the search capabilities of CodeClusters.

In the second part, the participants clustered source code
submissions with the modeling functionality and then reviewed
submissions within the clusters. The participants were not
expected to understand the models or their implementations,
and necessary parameters for e.g. clustering were provided
in the task description. The participants were asked to inspect
the generated clusters and to compare them against each other.
The objective was to see how well the participants can process
the clusters and whether they could find structural patterns
amongst them. The purpose of the tasks was to demonstrate



how such models behave in general and what their possible
shortcomings are.

In the third part, the participants used the review flow
functionality of CodeClusters. Review flows are a feature of
CodeClusters that allow the composition of search, modeling,
and review into a single executable action that helps automate
repetitive parts of the review process. In the task, the partici-
pants were asked to create a basic review flow to demonstrate
its functionality, including writing a few reviews.

Finally, in the fourth part, the participants were asked to test
the review overview functionality, which allows them to see all
the submissions in a single view with the provided feedback.
They were then asked to edit a few of the associations between
the reviews and submissions, and then to accept the reviews,
which would lead to sending the reviews to the students.

C. Analysis of the results

For the analysis, we coded the interviews and combined the
results of the coded transcripts of the interviews, the question-
naire answers, and the performance of the participants during
the tasks. The questionnaires and the tasks were processed
chronologically to create a synthesis of results. As our sample
size was small, statistical methods were not used to e.g. look
for differences in performance in the participants.

V. RESULTS AND DISCUSSION
A. Participants and the preliminary questionnaire

In total, five participants from two Universities participated
in our study. All participants declared themselves to be univer-
sity lecturers (similar to Associate Professors in the American
system). Many had long careers in academia, which was also
voiced in the discussions — one participant reminisced that in
the end of the 1980s and at the start of the 1990s, the grading
of programming assignments in introductory programming
courses was manual, while they had since transferred mostly
to automatic grading.

When considering the question “Grading assignments auto-
matically is better than by hand.”, the participants voiced that
the answer naturally depended on the perspective. Automatic
grading was considered as a worse option for students by
many, as this often had the consequence of having less
personalized feedback. One participant did note, however, that
automatic grading does provide the possibility of giving near-
instant feedback, which can be more useful to the students,
especially when learning the basics of programming. From
the instructors’ perspective, almost everyone viewed automatic
grading better, however, partially due to being heavily con-
strained by the available time.

The participants answered similarly to the questions “If you
had to grade an assignment by hand, what would be your
process roughly?” and “If you had to give feedback in writing
to student for an assignment, what would be your process
roughly?”, possibly as the process involved manual writing of
feedback. Many also mentioned the use of grading rubrics or
checklists that would be used to define and create the criteria
for evaluation, including the use of tools such as Rubyric [49].

There was also discussion on the use of Github issues and
different communication technologies such as Telegram for
providing feedback. In general, the discussions also indicated
that grading assignments by hand — especially introductory
programming assignments — was very rare.

Every participant agreed that feedback is a very important
part of the learning process. At the same time, almost everyone
agreed on too few teachers and teaching assistants, alongside
having a large number of students, as the main problems with
providing feedback to students.

When considering the question “I often check student sub-
missions to see how they have approached a problem.”, it was
evident that programming submissions were not collectively
analyzed, even though some instructors mentioned the possi-
bility of viewing how students construct their solutions using
tools such as CodeBrowser [50]. Despite the evidenced lack
of manual analysis of programming assignment submissions,
all the participants agreed that knowing how students solve
programming assignments is very important.

In general, perceptions on the use of automated feedback
were mostly positive, although it was mentioned that the
quality of automated feedback is another matter.

B. Interview tasks

The participants were given the task of reviewing a Java
programming course submission for outliers or other interest-
ing patterns and to provide feedback based on their findings.
All the tasks were scripted and the participants were given
help if it became clear that they did not know how to perform
a task. This was intentional as asking people to use an
unknown system is not without drawbacks, even if the context
is familiar.

First, in the search tasks, the participants learned to use
the Lucene facets and to select submissions with a cyclomatic
complexity of 3. There was only one such submission, inten-
tionally faulty, and when looking at the code, the participants
were prompted whether they saw anything wrong with the
submission. The submission contained a BIT_AND (&) that
was used instead of AND (&&). None of the participants iden-
tified this — this could indicate that the participants were either
not accustomed to detecting such flaws and the multitude of
potentially erroneous ways that one could attempt to solve the
assignment.

After a while, all the participants became familiar with the
user interface and did not seem to have problems with it. We
acknowledge that a longer session with the participants would
have been required to verify this conclusively.

Second, in the modeling tasks, the participants learned
to divide submissions into clusters with CodeClusters. The
participants were asked to run an N-gram model and compare
the submissions between the clusters. The model divided the
submissions into structurally similar clusters that shared the
same syntactical tokens all the way to the individual ordering
of the statements. The difference between two clusters might
have been, for example, the use of an additional variable or
having else 1if instead of if.



The comparison proved to be difficult and not many par-
ticipants were able to detect differences without help. One
participant even mentioned that without having submissions
side by side, it was not easy to remember what they were
comparing against. We noted this as a suggestion for future
work.

After the modeling, the participants performed the remain-
ing tasks without considerable problems, including writing
feedback to students. In total, the time it took to perform
the interview tasks ranged from 30 to 50 minutes, depending
on how much the teacher wanted to discuss the system and
analyze the submissions.

C. Satisfaction and system evaluation questionnaire

After the interview tasks, the participants were given a
questionnaire that gauged user satisfaction and perceptions of
the system.

First of all, when considering the ease of use of CodeClus-
ters, most of the answers were neutral. This was in line with
how the participants performed in the tasks and also highlights
a need for a good onboarding process. The system also has
inherent complexity due to the ability to use the Lucene API
and the possibility of setting modeling parameters manually,
which likely contributed to the feeling of complexity. Most
participants highlighted the unfamiliarity (and unintuitivity) of
the UI as the main problems of CodeClusters.

Regarding improvements, the answers were unique — each
participant effectively wished for different improvements,
which ranged from a Ul tweak (moving search closer to re-
sults) to different ways to compare submissions from different
clusters. During the interview tasks, many also voiced out
that they would like to use the system with a programming
language their course used.

The participants in general agreed that the code search
functionality was useful for finding interesting submissions,
although its applicability was not clear for all — that is, simply
searching code was not something that everyone found useful
or meaningful. The majority considered that the modeling
functionality could be useful (given potential improvements),
while one participant was also neutral on this. In practice, this
was a by-product of being uncertain whether there would be
time to use the feature. All the participants agreed that sending
collective feedback to students was useful.

Collective feedback based on the clusters was also found
to have potential issues. Some participants noted that it was
not clear that clustering could produce applicable and reliable
clusters, even though this seemed like a more broad comment
and not necessarily tied to CodeClusters. Similarly, the tuning
of the model and setting parameters were seen as hard to grasp.

As a response to the question “What did you like the
best about CodeClusters? Would you consider using it given
improvements?”, all participants expressed interest in try-
ing the system out in the programming courses they were
responsible for. Many recognized that the system had the
potential of being a helpful tool for analyzing large quantities
of submissions that otherwise would go unprocessed. It seems

that simply clustering the submissions to gain an overview of
most common patterns was by itself already valuable, while
the possibility to provide collective feedback was in general a
bonus. Every participant agreed that they could be providing
additional feedback in programming courses with a system
similar to CodeClusters.

VI. CONCLUSION AND FUTURE WORK

In this work, we explored the use of a system designed to
cluster and review submissions for the purpose of providing
feedback more efficiently. We presented CodeClusters and
evaluated its use with five university lecturers from two uni-
versities. To summarize the evaluation, the results are mostly
positive. Instructors expressed that learning to use the system
within the duration of the interviews was challenging, which
underlined a need for a good onboarding process. The features
that CodeClusters provided were seen as quite satisfactory.
Everyone expressed interest in using the system in their own
course, given the availability of the programming languages
that they teach and an integration with the LMSs that they
use.

Our results indicate that the participants did not have similar
existing systems that they use to analyze programming assign-
ment submissions and that the designed system would provide
opportunities for deepening knowledge about the students’
programming patterns. We also observed some evidence in
the participants perhaps not being too familiar with reviewing
source code as none of them spotted a relatively simple
mistake in a program. This could be due to the unfamiliar
language, but it could be also due to a lack of practice
with reviewing programming assignment submissions, which
might be a by-product of being accustomed to using automatic
assessment functionality.

Overall, CodeClusters offers a robust groundwork for fur-
ther development, and while it became evident during the inter-
views that some Ul enhancements are required to improve its
usability, namely side-by-side comparisons between clusters,
the basic approach appeared suitable for the task. The search
was found to be a good general tool for finding outliers that
would scale well to large datasets. The implemented similarity
detection model, N-grams, while producing interesting clus-
ters, could still require improvements to better discern higher-
level patterns, especially in more complex assignments.

As a part of the future work, we are considering in-
corporating more features into the modeling process, such
as CFGs, hierarchically generated N-grams, and additional
metrics. These could result in improved accuracy in detecting
meaningful structural patterns.

APPENDIX

This appendix outlines the parts in the interview: a preliminary
questionnaire, tasks given to the participants during the interview,
and a satisfaction and system evaluation questionnaire.

A. Preliminary questionnaire

The original questionnaire included options for some of the
questions; these have been rephrased for conciseness. Questions 6



and 10-13 were Likert-like questions where the options ranged from
1 (Strongly agree) to 5 (Strongly disagree).

1)
2)

3)
4)

5)

6)
7)

8)

9

10)
11)
12)

13)

What is your current profession?

How many programming courses have taught or been part of
teaching?

Over how many years have these courses been taught?

In these courses, how have the assignments mostly been
graded?

In these course, how has the feedback on assignments been
given to the students?

Grading assignments automatically is better than by hand.

If you had to grade an assignment by hand, what would be
your process roughly?

What are the biggest problems related to giving feedback to
students?

If you had to give feedback in writing to many students, do
you think there would be a lot of repetitive work? Are there
ways you would try to speed up the process?

Giving feedback to students has no positive impact on their
performance.

It is very important to me to know how students have solved
an assignment | have created.

I often check student submissions to see how they have
approached a problem.

Giving good feedback can’t be automated or it is too difficult
to do so.

B. Interview tasks

The interview tasks were presented in four parts. As a preliminary
task, the participants were asked to open the address that hosted the
system, to log in using specific credentials, and to choose a course
and an assignment.

Part 1: Searching

D

2)

3)

4)

5)

6)

Search code with the word "number”. How many submissions
do you find? How about using fuzzy search with edit distance
of 2: “number 27?7

Clear the search field. Open CyclomaticComplexity facet.
Scroll back to the main search bar and click the search
button (rectangle with magnifying glass). Select the buckets
with CyclomaticComplexity higher than 5. Run search again
(you must do this always to update facet results). How many
submissions do you find?

Reset the previous buckets and select CyclomaticComplexity
bucket with value 3. Do you notice something strange with the
submission?

Select all the submissions found in 1.3 and give them a review
with a message: 1.4 message”, metadata: 1.4 metadata” and
tag “tagl”.

Close all facets. Search submissions with the query . Select
the line with the operator and add a review to the submission
with the message: ”1.5 You have used BITAND operator ()
instead of AND operator ().”, 1.5 Fix tests to check for bitwise
operators.” and tags “tagl”, “test-error’.

Empty the search query. Add a custom_filter:
BITAND_rare_keywords=[* TO *] Do you get the same
result as previously? Delete the filter and add a new one:
INT_keywords=1 How many submissions you find? Reset the
custom filters.

Part 2: Modeling

D

2)

3)

Go to the Model tab, select N-gram model. Run the model
without changing its parameters.

Select cluster with label 1. Quickly glance through the sub-
missions. Then select cluster 2. Can you tell what is the main
difference between the clusters?

If you select cluster 0 and quickly go through it, can you tell
what is its difference to the others?

4)

5)

6)

Part
1))

2)

Part
D

2)

3)

There should be a cluster with 16 submissions total. Select that
cluster and all of its submissions and give them review ”2.3
message” and “tag2”.

Change the N-grams parameters minimum n-gram to 3 and
maximum n-gram to 7 and the clustering algorithm to OPTICS.
Run the model.

Select the cluster with 18 submissions. Select all submissions
and add them to a review ”2.5 message” and “tag2”.

3: Review Flows

Go to the Review Flows tab. Click New flow. Give the review
flow title 3.0”, description 3.0” and tag “’tag3”. Write * to
the search query. Give review the message ”3.0”. Create the
review flow.

Select the created review flow from the drop down. Click
”Run and review”. From the search results, find the submission
with highlighted result ”++oknumcount” and select the line.
Give it a review with a message 3.1 Do you know what is
the difference between ++variable and variable++?” and tag
“tag3”.

4: Accepting Reviews

From the navigation bar, click the Reviews link to go to the
/reviews page. Compare the submissions between review 2.3
and 2.5 and check the submissions that are missing from
the other review. If you had to guess, what would be your
explanation why.

Select those submissions and link them to the missing review
using the “Link” button.

Accept all reviews. Filter the page to only show the SENT
reviews.

C. Satisfaction and system evaluation questionnaire
The original questionnaire included options for the second ques-

tion.

The question has been rephrased for conciseness. Questions 1,

4-6, and 9 were Likert-like questions where the options ranged from
1 (Strongly agree) to 5 (Strongly disagree).

1)
2)
3)
4)
5)
6)
7)
8)

9

[1]

[2]

[3]

[4]

CodeClusters was easy to use.

What were the biggest problems using CodeClusters?

If you could improve CodeClusters to fit your needs, how
would you do it?

Having a code search was useful in finding interesting submis-
sions.

Being able to run a model to cluster code wasn’t very useful
even considering future improvements.

Sending collective feedback to many students at once seemed
useful.

I think the biggest problems in giving clustered feedback to
many submissions at once are ...

What did you like the best about CodeClusters? Would you
consider using it given improvements?

I could see giving feedback being integrated to programming
courses using a system similar to CodeClusters.
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