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Abstract—This full innovative practice paper describes a com-
putational tool designed to optimally match students to industry-
sponsored capstone projects in a software engineering capstone
course for Computer Science undergraduates at an R1 University
(R1U). In the context of these capstone courses, where students
stand at the culmination of their academic journey, aligning
students’ personal learning goals and existing computing skills
with team formations becomes critical. This paper presents the
Student-Project Matching Tool (SPMT), created to help students
find the best available industry-sponsored projects based on
their desired learning outcomes, project requirements, and their
interests in each project. To choose the learning outcomes they
aim to achieve, students can select from a list of predefined
software engineering categories and the skills needed to achieve
proficiency in each category. The initial list of technical skills for
each category was recorded from job postings on a variety of
well-known job-search websites, and was further refined by the
capstone program’s industry partners. Allowing students to select
the skills they will work on ensures that they have opportunities
and exposure to the skill sets required for employment while still
working on one of their most appealing projects.

We have developed and piloted the SPMT, which utilizes
student vectors to represent their interests and experiences across
various software engineering skill sets. Similarly, this tool uses
vectors to represent the skills required by each available project,
aligning with the exact dimensions as those of the student vectors.
The SPMT calculated Euclidean distances between the student
interest and project requirement vectors. Next, the resulting
Euclidean distances were multiplied with weights associated with
students’ level of interest in each industry-sponsored project.
Subsequently, we framed the student-project matching process
as a linear sum assignment problem, aiming to minimize the
total sum of Euclidean distances between each student-project
pair.

The output of the SPMT process consistently matched students
with teams that met their software engineering interests and
project priorities. Our results reveal increased engagement and
growth toward students’ desired learning outcomes and com-
puting skills. Specifically, after the first term of the capstone
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sequence, most students self-reported higher levels of proficiency
growth in the skills within their desired software engineering
category. This suggests that the SPMT effectively provides stu-
dents with valuable learning experiences relevant to their career
interests and representative of real-world settings.

Index Terms—capstone projects, computing skills, computer
science

I. INTRODUCTION

In today’s rapidly evolving and competitive world, the
alignment of educational experiences with industry standards
and personal aspirations is not only beneficial for students, but
vital. To be competitive on the job market, students must be
equipped with more than theoretical knowledge. As capstone
students stand at the culmination of their academic journey,
their projects serve as a final bridge between theory and prac-
tice. For most, they hope to work on a project that is personally
engaging and reinforces the practical skills needed to achieve
their personal career goals. Moreover, their capstone project
must be authentic to what they will see in a paid position to
truly prepare them for similar work in industry. Therein lies
the problem that every capstone program instructor or director
has faced: How do we provide students with authentic and
engaging projects that are relevant to each student’s specific
goals?

For many, the solution is to directly partner with sponsors
from industry on projects. Under the guidance of these spon-
sors, student teams work on industry projects, many of which
see real-world deployment. However, the inclusion of a third
party in capstone courses adds an extra layer of complexity.
Industry sponsors and their projects each come with their own
unique set of requirements.

For example, a project implementing a chatbot using Ope-
nAI’'s GPT-3 model will require familiarity with natural lan-



guage processing and deploying Al models in cloud envi-
ronments like AWS or Azure. Similarly, a project focused
on developing a data visualization dashboard might require
proficiency in using industry-standard tools such as Tableau,
Power BI, and handling large datasets in SQL and NoSQL
databases.

Additionally, since students may consider certain sponsors
more desirable than others due to name recognition, there
may be dissonance between project preferences and students’
learning and career goals. Thus, capstone instructors have
three main criteria to consider when preparing their programs:
individual learning goals, project preferences, and sponsor
requirements.

For instructors who decide to partner with industry sponsors,
balancing these criteria when forming student teams becomes
a difficult, but essential problem. In this paper, we present
the Student-Project Matching Tool (SPMT) as a solution.
The SPMT is a series of student and sponsor intake sur-
veys that feed into the algorithmic Student-Project Matching
(SPM) Recommender system that optimizes student-project
assignments for individual learning goals, project preference,
and sponsor requirements. The subsequent sections outline
the existing algorithmic solutions to student-project matching,
identify gaps in the literature that the SPMT addresses, and
detail the methodology of our intake surveys, the SPM Rec-
ommender system, and our evaluation. We then present and
discuss the quantitative and qualitative results from deploying
the SPMT, concluding with reflections and suggestions for
future work.

II. RELATED WORK

Centering capstone programs on industry-sponsored
projects has long been seen as a boon, with [1] reporting
more than two decades ago that having a party that “truly
cares” about the end result leads to improved student
performance. Since then, many have continued research on
best practices for facilitating industry participation in capstone
courses. Reference [2] finds that semester-long projects with
smaller team sizes work best, and [3] finds that clear and
detailed project descriptions are necessary for students to
make efficient use of project time, especially at the beginning
of the capstone. From the sponsor perspective, [4] finds
that companies see partnerships with capstone programs as
an opportunity to develop low-priority projects that would
not otherwise be worked on. This leads to the conclusion
that, however low the stakes may be, sponsors are true
stakeholders in their capstone projects. This buy-in shows
in project success; In a comparison of capstone projects led
by instructors and sponsors, [5] finds that industry projects
lead to higher performance in skills development and general
project execution than faculty projects. However, success is
not solely dependent on sponsors. Reference [6] finds that
student buy-in, while important to project success, is not
always present, underscoring the need to match students with
projects they are interested in. When asked to identify their
considerations for project selection, [7] finds that the top

two considerations for students are to gain experience in a
particular field or technology and to receive exposure to a
particular company for potential internships or employment.
We then see that students must be matched to projects in a
way that considers students’ desired skill development, their
own project preferences, and sponsor needs.

There is a long history of student-project matching in
capstone courses. In the early 2000s, work from [8], [9] frames
student-project matching as simple optimization problems,
only considering student preferences with simple constraints
like teammate preference and each team needing access to
a car. In the late 2000s, we began to see some complexity
added to these optimization problems, with [10]-[12] now
considering lecturer preferences for projects and students. In
these capstone courses, lecturers must be assigned to mentor
a project and group of students. Although this marks the first
inclusion of mentor preferences in the problem formulation
of student-project matching, it is not directly extendable to
industry sponsors. In these capstones, the lecturers are already
familiar with their students and do not come prepared with
projects. Industry sponsors, conversely, come prepared with
projects they want to be completed and are not likely to
know any students and thus will not have direct student
preferences. However, recent research has begun considering
sponsor preferences as side constraints to their optimization
problem formations. Reference [13] moves closer to a skills-
focused approach by adding a constraint that each project team
must have students from at least two disciplines, while [14]
adds a constraint to allow sponsors to require specific skills.
Similarly, [15] suggests that each team should have sufficient
“soft skills” between group members, such as interpersonal
and leadership skills.

Students’ project preferences are at the center of each
problem formulation mentioned above. Although sponsor pref-
erences or skills are occasionally considered additional side
constraints, there is a lack of skills-focused project matching.
Existing solutions do not consider each student’s desired
learning goals and the skills applicable to each project.

IIT. RESEARCH GOALS

With SPMT, our goal is to directly incorporate personal
learning goals, project skill requirements, and student prefer-
ences into the optimization problem instead of acting as side
constraints. In this way, we aim to maximize and personalize
student learning opportunities by matching students to projects
that will provide the skills needed to achieve their personal
goals. We also aim to create a flexible tool that can scale
vertically to larger capstones and horizontally to capstones in
various fields. To this end, we pose the following research
questions:

1) Does the SPMT contribute to student growth toward
personal learning goals?

2) Does the SPMT contribute to student engagement?

3) Does the SPMT match students with their top choices
at a similar rate as manual matching?



4) Does the SPMT maintain the same level of sponsor
satisfaction as with manual matching?

IV. STUDENT PROJECT MATCHING TOOL

The SPMT consists of three phases (see Figure 1). The first
is the data collection phase, where a series of intake surveys
are given to students and sponsors for use as input to the SPM
Recommender. The second is the matching phase, where the
SPM Recommender matches students to projects according to
a cost matrix created from the intake surveys. Finally, in the
evaluation phase the quality of these matches is assessed with
automatically generated metrics combined with student and
sponsor feedback surveys.

A. Data Collection

The data collection phase consists of three separate surveys:
two intake surveys (one for students and one for sponsors),
and a project interest survey for students to rank their interest
in each project. At the center of the intake surveys is a set
of skills that employers consider to be the “gold standard”
of skills needed to be successful in a variety of software
engineering disciplines in which CS students may be inter-
ested. To establish this gold standard, we first identified six
main software engineering job categories (see Table I) and
searched for positions in these categories on three well-known
job search websites [16]-[18]. On each site, we performed a
separate search for each category and extracted the first ten
job listings from each search. We then extracted a set of all
the industry skills that were mentioned for each job listing.'
Lastly, a superset of skills for each category was created by
including skills that appeared in at least 70% of the job listings
for a given category. The final list of skills, which we will refer
to as the “gold standard”, is shown in Table I.

1) Sponsor Intake Survey: The Sponsor Intake Survey
consists of 38 questions aimed at understanding the sponsors
and their projects. The first five questions focus on information
on the project, sponsor, and sponsor mentorship availability.
The purpose of these questions is to provide capstone staff
with the information they need to create the Project Interest
Survey detailed below. A key request during this intake survey
is that sponsors record a short video detailing their project.
The remaining 33 questions in the intake survey correspond
directly to the gold standard for software engineering skills
listed in Table I. Each sponsor is asked to select all categories
under which their project falls and rate how important they are
to their project on a four-point Likert scale. For each selected
category, sponsors were asked to rate the relevance of the gold
standard skills that fall under that category on additional four-
point Likert scales.

2) Student Intake Survey: The Student Intake Survey con-
sists of 72 questions designed to understand the students’
unique backgrounds and career goals. The first 13 questions
ask for personal information from students, such as courses
and grades, confidence in finding a job, and demographic

INote that we consider the desired familiarity with a specific tool or
framework to be a skill.

information. Although not directly used in the matching pro-
cess, these questions provide capstone staff with insight into
their class’ unique backgrounds and allow for evaluation of
the recommended matches during the evaluation phase. The
remaining 59 questions specifically ask students about their
familiarity with the gold standard software engineering skills
and if they were interested in developing skills under each
category. As with the Sponsor Intake Survey, familiarity with
each skill is recorded on a four-point Likert scale.

3) Project Interest Survey: The last survey in the data
collection phase, the Project Interest Survey, is uniquely
tailored to each course offering. The sponsor intake survey
responses are used to create a list of video overviews and text
descriptions of sponsored projects. For each project, students
are asked to review the provided videos and text and rate their
interest on a three-point Likert scale (high interest, somewhat
interest, no interest).

B. SPM Recommender

The SPM Recommender is the core of the SPMT, as it
is the algorithmic component of the tool. First, responses
from the three initial surveys form a feature vector for each
student and each project, representing their unique interests
and requirements. Next, a cost matrix is formed by taking
the Euclidean distances between each possible pair of student
and project vectors. Each value of this matrix is then scaled
according to the ranks the students gave individual projects
in the Project Interest Survey. In the final step, the matching
problem is formulated as a linear sum assignment problem,
which is subsequently solved using the Hungarian Algorithm
[19], [20].

1) Generating Student and Sponsor vectors: Each element
of a student vector represents the student’s interest level in
a specific software engineering category, as reported in the
Student Intake Survey. The responses are encoded as follows:
1 for high interest, 0.5 for mild interest, and O for no interest.

For project vectors, a different encoding approach is used
based on the Sponsor Intake Survey. Sponsors indicate the
importance of each category to their project using the fol-
lowing ratings: major project component, significant project
component, small project component, and not a project com-
ponent. To avoid undervaluing skills that are less central to a
project, the categories are encoded with the following values:
1 for major component, 0.8 for significant component, 0.6 for
small component, and 0 for not a component. This approach
ensures a more balanced and accurate representation of project
requirements, preventing unintended biases that could arise
from a simplistic encoding scheme.

2) Calculating and Scaling Cost Matrix: The second step
of the SPM Recommender is to calculate a cost matrix
with the distances between each student-project pairing. For
our distance metric, we use Euclidean distance, which is
calculated with the n-dimensional extension of the well-known
Pythagorean Theorem. For an n-dimensional student vector §
and an n-dimensional project vector p, the Euclidean distance
is calculated with the following equation:
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4(5,5) = \/Gr = 51 + (52— o) + ...

However, for our use case this can be simplified to the L2
norm of the element-wise difference between vectors:

Note that for a large n, the “curse of dimensionality” will
take hold, reducing the effectiveness of Euclidean distance
[21]. However, since we are only considering interest and
requirements around the six software engineering categories
in Table I, our n is relatively small.

Once distances have been calculated and compiled in a cost
matrix, we scale these costs according to the Project Interest
Survey responses. For each element of the cost matrix, that is,
for each student-project combination, we check the student’s
interest in that project. If the student has high interest, we do
not scale the cost. If the student has a moderate interest, we
multiply the cost by 1.5. Lastly, if the student has low interest,
we scale the cost by 3. In practice, these scaling values are

first compiled into a matrix with the same size as our cost
matrix and then multiplied element-wise with the cost matrix.

The scaling values used in our SPMT deployment were
specifically chosen after iteratively tuning them for medium
and low interest. We found that the mentioned values produced
the largest number of top choices while minimizing low-
interest matches. In future SPMT deployments, whether for
a different capstone sequence or the same one, these values
may need to be adjusted to achieve optimal results.

3) Linear Sum Assignment and the Hungarian Algorithm:
With the cost matrix complete, the SPMT is now almost ready
to be formulated as a linear sum assignment problem. That is,
our matching problem can almost be described in terms of
agents being assigned tasks in a way that minimizes the linear
sum of the costs associated with these assignments. A key
requirement of this type of problem formation is that we need
a square matrix so that each agent will be assigned exactly one
task, and each task will be assigned exactly one agent. To meet
this requirement, we duplicate each project column in the cost
matrix to provide more “slots” for students. For our specific
capstone offering, this meant having at least five equivalent
columns in the cost matrix for each project. In our case, where



the number of projects does not divide the number of students,
we first calculated the remainder r (the number of projects
needing six students instead of five). We then increased the r
most desirable projects to six slots. The most desirable projects
were determined by a simple sum of the number of students
who expressed high interest in each project.

It is also worth noting that we allowed students to identify
students they would like as teammates, understanding that this
would prioritize work with that teammate over their project
preferences. After the SPM Recommender created its list of
recommendations, we considered all bidirectional teammate
requests and made swaps only if there was an available slot
on the team. That is, we only moved students to a team of five
(making it a team of six) to keep our group sizes relatively
uniform. We also considered swapping the student with a filled
slot if the other student would be moved to a project with
higher priority. However, we did not need to do this in the end;
in practice, very few students prioritized specific teammates
over project preferences.

Now that we have a square matrix, we use Kuhn’s classic
Hungarian Algorithm [19] to find the optimal assignments. In
our case, we specifically use scipy’s linear_sum_assignment(),
which implements the Jonker-Volgenant variant of the Hungar-
ian Algorithm detailed in [20].

4) Implementation: The SPM Recommender is imple-
mented in the Python programming language in a Jupyter
notebook for ease of use. As long as the information from
the intake surveys is properly formatted and saved in the
same folder as the notebook, the SPM Recommender will
run successfully. The tool itself can be found on the authors’
GitHub [22].

C. Match Evaluation

Once students are matched with projects, we move on to the
final phase of the SPMT: evaluation. Our evaluation metrics
correspond to our four research questions. First, we can
immediately calculate how many students were matched with
projects in which they reported high, medium, and low interest
(RQ 3). Near the end of the projects, both the students and
the sponsors receive a survey to report their satisfaction with
their teams. Students are asked how much they have grown
in each skill category corresponding to their project, cross-
referenced with their interests from the Student Intake Survey
(RQ 1). Students are also asked to rate their satisfaction with
their project and the learning opportunities it provided them as
a metric of engagement (RQ 2). Lastly, sponsors are asked to
report their satisfaction with their team according to various
factors, including project progress and student preparedness
(RQ 4). The results of the deployment of the SPMT for a six-
month capstone course are discussed in the following section.

V. RESULTS AND DISCUSSION

We deployed the SPMT in the 2024 offering of an un-
dergraduate software engineering capstone program at an R1
University. The sequence is two-quarters long, starting in
January and ending in June. Although required to be taken

back to back, one or two students usually drop between
winter and spring quarters. Since only a few students left the
sequence between quarters, we do not anticipate this affecting
the results. To establish a baseline for SPMT performance, we
compare the results with the 2022 and 2023 offerings of the
capstone. In 2022, only student preferences for projects were
considered, and teams were created manually. Although teams
were still formed manually in 2023, student and sponsor skills
were considered when matching. See Table II for a breakdown
of the number of students in each term.

Year \ 2022 2023 2024
Winter 28 47 72
Spring 28 47 69
TABLE 11
2022-2024 ENROLLMENTS PER QUARTER OF THE CAPSTONE SEQUENCE

In the remainder of this section, we explore the SPMT’s
evaluation metrics. Specifically, we look at student-preference
alignment, student feedback, and sponsor feedback.

1) Student-Preference Alignment: To evaluate the matches,
we first consider the quality of the match as it relates to
students’ project preferences. In the intake survey, students
rate projects based on their level of interest in each, expressing
high, moderate, or low interest. In 2022, 86% of students
were matched with a project of high interest. In 2023, these
numbers drop slightly to 83%, and in 2024, they rise slightly
to 88%. We establish two null hypotheses that the proportion
of students matched with one of their top choices does not vary
between 2024 and previous years. A two-proportion z-test be-
tween 2022 and 2024 yields a p-value of approximately 0.77.
Similarly, a two-proportion z-test between 2023 and 2024
yields a p-value of 0.42. In both cases, we do not reject the
null hypothesis at any reasonable significance level, suggesting
that the SPMT does not significantly change the proportion of
students matched to their top choices. This means that even
though the SPMT factors additional considerations into its
matching than was done in previous course iterations, students
are still assigned to their top projects at the same rate as before.

2) Student Feedback: Student feedback is quantitatively
collected in two ways. First, we look at student engagement.
As a metric to garner insight into student engagement, we
asked students near the end of the 2024 capstone how satisfied
they were with their project and the learning opportunities it
provided them. Students responded on a five-point Likert scale,
ranging from “extremely dissatisfied” to “extremely satisfied”.
As shown in Figure 2, only a few outliers are dissatisfied with
their projects and the learning opportunities they provided. In
total, these outliers make up only 11% of students.

The second method we use to gather student feedback is by
assessing self-identified areas for improvement. Students are
asked how they think their skills have grown in each of the
relevant gold standard skill categories. This is formatted as a
five-point Likert scale, with values from 1 to 5 correspond-
ing to “No Growth”, “Minimal Growth”, “Average Growth”,
“Moderate Growth”, and “Major Growth”, respectively. Figure
3 shows that 79% of the students list at least one category as



How satisfied are you with your project
and the learning opportunities it has provided you?
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Fig. 2. Student satisfaction with their projects and the learning opportunities
provided by them. Possible answers ranged from Extremely Dissatisfied (1)
to Extremely Satisfied (5).

having average or higher improvement. Interestingly, when we
look at the percentage of students who report an average or
higher improvement in at least half of the relevant categories,
we see the same proportions. That is, the same 79% of students
who report growth in at least one category also report having
average or higher growth in at least half of the categories
relevant to their project.

Taking a closer look at the low growth students, they are
spread among 57% of teams with only one or two students on
each, suggesting that their low growth is not related to their
project or sponsor. To verify that their low growth was not due
to dissatisfaction with their project match, we looked at project
assignments of low growth students and found that 77% of
them were matched with their top choices. Although this is
lower than the class percentage (88%), this small difference is
unlikely to explain the large shift in skill growth.

3) Sponsor Feedback: Halfway through the capstone, spon-
sors are asked to give feedback on their teams. Specifically,
they are given a survey to fill out consisting of six Likert scale
questions and three text response questions. We see in Figure
4 that no sponsors are unhappy with their team’s progress,
regardless of year. To check the similarity of responses
between 2024 and prior years, we run two non-parametric
Mann-Whitney U tests. Comparing the 2022 median with the
2024 median yields a p-value of 0.881 and comparing 2023
with 2024 yields a p-value of 0.303. Both of these p-values
fall below typical significance thresholds, suggesting that the
SPMT has not significantly impacted sponsors’ overall ratings
of their teams and the progress made by the half-way point of
the capstone sequence.

Although not asked in 2022, sponsors were asked in 2023
and 2024 to rate how prepared their students were for their
project. In Figure 5, we see that in both years sponsors
gave only neutral or positive scores to all teams. A t-test
comparing the means of each year yields a p-value of 0.706.

Percentage of Students Reporting at Least One Skill
with Average or Higher Growth

Minimal or No Growth in Any Skill

Average or Higher Growth in at Least One Skill

Fig. 3. Distribution of students’ self-reported skill growth. The blue slice
represents students who reported average, moderate, or major growth in at
least one category. The orange slice represents students who did not report
average or higher growth in at least one category; that is, they reported
minimal or no growth in all relevant categories.

Overall, how would you rate the team and their progress so far?
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Fig. 4. Sponsors’ overall satisfaction with teams and progress at the half-way
point of the capstone sequence. Responses from before (2022 and 2023) and
after (2024) the SPMT was deployed are included.

As before, this p-value falls below the typical significance
threshold, so we conclude that the SPMT has not significantly
impacted students’ preparedness for their projects. Moreover,
these results suggest that using the SPMT to match students
to teams where they can develop the skills they want has not
left sponsors with incapable students. Instead, we see that the
sponsor experience remains statistically unchanged.



How prepared were the students for this project?
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Fig. 5. Students preparedness in the 2023 and 2024 iterations of the capstone.
Values reported by sponsors at the half-way point of the sequence.

VI. CONCLUSION

The Student-Project Matching Tool (SPMT) has proven
effective in enhancing student satisfaction and promoting skill
growth within the context of industry-sponsored capstone
projects. A significant majority of students reported notable
skill development, with 79% indicating at least average growth
in skills pertinent to their projects. Importantly, the low growth
observed in a small subset of students was not attributable to
specific sponsors or project dissatisfaction, suggesting other
factors may be at play.

The SPMT has successfully maintained a high level of
alignment between student preferences and project assign-
ments, achieving an 88% match rate with projects of high
interest, comparable to the results of manual assignments
from previous years. Sponsor satisfaction has also remained
consistent, with positive feedback regarding project progress
and student preparedness. These findings indicate that the
SPMT effectively balances skill-based matching without com-
promising stakeholder satisfaction.

In summary, the SPMT represents a significant advance-
ment in optimizing capstone project assignments and aligning
educational experiences with student career aspirations and
industry needs. Continued refinement and iteration of this tool
hold promise for further enhancing capstone courses and better
preparing students for their future careers.

VII. FUTURE WORK

Despite the demonstrated effectiveness of the SPMT, several
areas warrant further investigation and development. Future
research should aim to understand the underlying causes of
low or no skill growth reported by a minority of students.
Identifying whether these issues are related to project matching
could inform modifications to the SPMT to better support
affected students.

Additionally, the SPMT requires validation with larger and
more diverse populations. While the tool was tested on a
relatively large cohort within a specific computer science
capstone course, it will be crucial to extend its application
to capstone courses in other disciplines and institutions. This

broader testing will help determine the tool’s generalizability
and effectiveness across different educational contexts.

Exploring the integration of more sophisticated matching
algorithms and incorporating additional variables, such as
student interpersonal skills and project team dynamics, could
further enhance the SPMT’s accuracy and utility. By address-
ing these areas, future iterations of the SPMT can continue
to improve the alignment of student projects with individual
learning goals and industry requirements.
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