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Abstract
Effective communication is vital for the success of professional
software engineering (SE) teams. As SE courses teach essential in-
dustry skills like teamwork and collaboration, ensuring effective
communication becomes important in student projects. However,
poor engagement from team members can lead to conflicts, uneven
workloads, and diminished learning experiences. Teammate types
such as Couch Potatoes, who contribute minimally, and Hitchhik-
ers, who rely on others while taking credit, exacerbate these issues.
In contrast, Lone Wolves work independently, potentially isolat-
ing themselves, while Good Teammates actively collaborate and
contribute fairly, driving team success. In this study, we aimed to
investigate the communication patterns of teammate types such
as Couch Potato, Hitchhiker, Lone Wolf, or Good Teammate dur-
ing a SE testing course. We applied Ordered Network Analysis
(ONA) to the conversational data of the teams to examine the dis-
tinct communication patterns of students whose contributions were
either perceived positively (e.g., Good Teammates) or negatively
(e.g., Couch Potato, Hitchhiker, Lone Wolf) by their peers. The
findings reveal distinct communication behaviors across teammate
types. While Good Teammates and Couch Potatoes discussed simi-
lar content, Good Teammates communicated more frequently and
consistently throughout the project. Lone Wolves seldom engaged
in pleasantries, reflecting a task-focused approach, whereas Hitch-
hikers rarely contributed substantively to technical discussions,
such as pull requests, often interacted through pleasantries. These
patterns emphasize the need for early interventions and commu-
nication planning to promote accountability balance and effective
student collaboration during class projects.
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1 Introduction
Software engineering is fundamentally a socio-technical discipline
[32] in which effective team communication plays a critical role
in the success of software projects, contributing not only to aca-
demic achievement but also to professional development in the
software engineering field [10, 24]. In educational settings and the
software industry, collaboration and communication are funda-
mental to achieving successful outcomes in group-based course
projects. The skills developed through team work during academic
training directly translate into the collaborative nature of software
development in real-world industry environments [24].

Working in teams provides students with the opportunity to
collaborate with diverse individuals and take on various roles to
complete a course project. As team members, they encounter a
range of behaviors, some of which may be easier to work with
than others. Even in teams where all members are collaborative,
differing goals can create challenges—for instance, some students
may strive for an "A" grade at all costs, while others may aim to do
just enough to secure a passing "C" grade [25, 30].

Previous research on team dynamics [20] has identified several
types of conflictive behaviors that can appear in teams: Couch
Potatoes are individuals who contribute minimally to group efforts,
often relying on others to carry the workload [19]. Lone Wolves,
prefer to work independently, sometimes struggling to integrate
with the team [3]. Hitchhikers are those who, like Couch Potatoes,
contribute little but try to coerce the others into doing everything
their way and actively seek to benefit from the group’s efforts
without significantly contributing [19]. Lastly, Good Teammates
are described as students who work well with others, contribute to
the work, and bring a positive attitude to the group [21].

Although prior research has examined conflictive behavior types
in teams and their effects on group performance [3, 19, 21], to
the best of our knowledge, no studies have yet investigated the
distinct communication patterns—such as frequency, trends, and
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context—associated with these behavior types within the context
of software engineering education.

This study explored how SE students communicate during group-
based course projects and whether their communication patterns
align with their peers’ perceptions of their behaviors. We present
an empirical study exploring the following research questions:

• RQ1: How often does each type of teammate communicate?
• RQ2: What topics does each teammate type communicate
during interactions?

We analyzed communication data from students collaborating on
group-based class projects, focusing on their interactions within the
group. In addition, we examined survey responses in which students
in a SE testing class evaluated their teammates’ contributions to
the class project and assigned them a teammate type.

Our contributions to understanding these communication pat-
terns can help educators identify struggling or disengaged students
early and implement targeted interventions to foster more equitable
collaboration. For instance, recognizing the limited or superficial
contributions of Couch Potatoes and Hitchhikers can guide strate-
gies to ensure accountability and fair workload distribution. Sim-
ilarly, understanding how Good Teammates maintain productive
communication or how Lone Wolves prefer independent interac-
tion can inform practices to enhance team cohesion and optimize
individual strengths. Ultimately, this analysis contributes to improv-
ing team-based learning experiences and better-preparing students
for the collaborative demands of professional software engineer-
ing. Instructors can leverage tools like communication analysis
and peer evaluations to identify struggling students, ensure fair
workload distribution, and foster effective time management and
collaboration skills.

2 Background
2.1 Course Context
The study was performed using data from the Spring 2024 semester
of a senior-level computer science course focused on Software Test-
ing at Colorado State University, which had 24 teams comprised of
118 students (89 in-person and 29 online). Colorado State Univer-
sity is classified as R1: Doctoral Universities – Very high research
activity (Carnegie Classification System) 1.

The lectures focus on the fundamentals of systematic testing us-
ing various formalisms such as input space partitioning, graph cov-
erage, mutation analysis, state-based testing, and testing workflows.
The project provides hands-on training in test-driven development
with various testing tools while using models to support various
testing and implementation activities in a team of five students.

2.1.1 Course Project. In Sprint 1 (P1), students used input space
partitioning to create tests, implement core business logic, and im-
prove code coverage through graph-based coverage principles. In
Sprint 2 (P2), they enhanced the P1 test suite’s mutation score with
Pitest, applied static analysis tools (PMD and SpotBugs), refactored
code, and used automatic test generation tools (EvoSuite and Ran-
doop). They also implemented a REST controller and mocked a
database. In Sprint 3 (P3), students developed the front-end with

1https://carnegieclassifications.acenet.edu/

JavaScript and React and wrote comprehensive test cases using
Fitnesse and Selenium.

2.1.2 Team Creation. Students in this course were split into teams
to work together on a software engineering project throughout
the 16-week semester broken into three 5-week sprints. Teams
consisted of about five students each.

Rather than randomly assigning students to teams, the instruc-
tor intentionally formed diverse and balanced groups. These teams
were designed to reflect a mix of genders, attendance model (in-
person or online), computer science skills (based on accumulated
course credits), and prior experience (assessed through a ques-
tionnaire on internships, coursework, and familiarity with specific
languages, tools, technologies, and processes). To give students
some control over their team dynamics, each student was allowed
to select one partner to be in the same group, enabling them to
work with a known and trusted collaborator. Given the inclusion
of online students—who often have different schedules and time
zones compared to in-person students—teams were limited to no
more than two remote participants. Furthermore, based on research
showing that women tend to feel more motivated and confident
when paired with peers of the same gender [38], teams were struc-
tured to include at least two women, ensuring that women had the
opportunity for peer parity.

2.1.3 Teammate Types. In addition to the initial survey used to
assess students’ experiences with team formation, the instructor
conducted three online surveys—one at the end of each sprint—with
response rates of 100%, 98.3%, and 97.4% for the first, second, and
third surveys, respectively. The questionnaire included items to
evaluate how each team member perceived their teammates’ con-
tribution levels and to identify a perceived teammate type (Good
Teammate, Lone Wolf, Couch Potato, or Hitchhiker).

The instructor provided an in-class explanation of teammate
types to ensure clarity. Therefore, in a team of five students, each
student was evaluated by the other four teammates. The team-
mate could be labeled with more than one teammate type. The
Good Teammate label was assigned only for unanimous cases, i.e.,
when the entire group considered the teammate a Good Teammate.
When at least one teammate considered the student a Couch Potato,
Hitchhiker, or Lone Wolf, the student received that teammate type.
This meant that a single student could receive multiple negative
teammate type labels.

This approach was adopted to address potential biases in evalua-
tions. It is challenging to consistently meet the criteria for being
labeled a Good Teammate, and since the surveys were administered
at the end of each sprint and were graded based on completion,
there may have been instances where students did not fully engage
with the survey process.

Additionally, the possibility of students offering lenient or fa-
vorable evaluations of their peers—either to avoid conflict or to
protect teammates—was taken into consideration. Therefore, the
decision to label a student as a "Negative Teammate Type" (Couch
Potato, Hitchhiker, Lone Wolf) based on a single report from any
one teammate helps mitigate the influence of potential bias and
better reflects the diversity of perceptions within the team. We
discuss the trade-offs of our approach in Section 3.6.
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2.2 Epistemic and Ordered Network Analysis
Epistemic Network Analysis (ENA) is a network analysis technique,
which can be used to examine co-occurrences of concepts (codes)
in a given segment of discourse data. Those co-occurrences are
considered a good indicator of cognitive connections, particularly
when they are frequent [29] [18]. ENA represents the structure
of connections among codes in discourse by calculating the co-
occurrence of each unique pair of codes within a segment of data,
and aggregates this information in a cumulative adjacency matrix.
ENA represents this matrix as a vector in high-dimensional space,
which is then normalized to quantify relative frequencies of co-
occurrence independent of discourse length. In this process, ENA
projects the networks as points into a low-dimensional space using
singular value decomposition (SVD) [31]. This analytical tool hence
provides network graphs, where the nodes in the model correspond
to the codes in the discourse and the edges represent the relative
strength of connection among codes [40].

Besides of identifying the co-occurrences of codes in qualitative
data, Ordered Network Analysis (ONA) models the directional re-
lationships between different contributions (codes), such as how
one participant’s message or action may influence the next [36].
These directional relationships refer to how an initial message
(composed by codes) triggers a response (composed by codes), and
how responses can then shape subsequent contributions, creating
an ordered flow of communication. By modeling the directional
relationships from initial messages to the subsequent responses,
ONA can reveal many important ordered differences in individual’s
contributions to the collaborative process.

3 Methodology
In this section, we outline our methodology for addressing the
research questions proposed in Section 1.

3.1 Dataset
We analyzed conversational data collected from students interacting
about a course project.

Students were added to Microsoft Teams channels based on their
team number by the instructor and Teaching Assistants (TAs). Only
student messages were considered in the analysis. We retrieved
11,248 student messages from all 24 teams using the Microsoft
Graph API. The data collected included the team number, student
name, date and time of the message if the message started a new
thread or was a reply as part of a message thread, the number and
types of reactions the message received, subject of the message,
and the content of the message. Only messages from designated
team channels were retrieved. We did not have access to private
Teams conversations between individual members or transcripts
from Teams meetings and any other remote or in-person meetings.
Therefore, the only indication of a team’s conversation is within
the designated channel created for the course.

The study was approved by the Institutional Review Board of
the university. All data were deidentified so that each student was
assigned a random number associated with their team, e.g., students
in team 8 were S8.1, S8.2, S8.3. The replication package [16] has the
dataset and the code to run the conversational data analysis.

3.2 Conversation Frequency
The data collected from the student messages included the date
and time the messages were sent, allowing us to extract frequency
information. We divided the messages sent during each sprint using
the sprint end dates. The end date of each sprint was used as a ref-
erence point in Fig. 2 to visualize how students interacted with one
another as the deadline approached. This helps highlight patterns
or changes in communication behavior during critical periods of
the project timeline. Next, we grouped the messages per teammate
type. The frequencies were calculated for each sprint as students
could have different teammate types assigned through the sprints.
By applying these methods, we calculated the following metrics for
each teammate type: the number of messages sent, the number of
students, and the average number of messages sent.

3.3 Defining the Codebook
In order to extract potential codes and keywords from the data, we
performed topic modeling using Latent Dirichlet Allocation (LDA)
[4]. Table 1 shows the extracted stems of keywords for the initial
codebook. The cleaning and pre-processing steps from Saravani et
al. [26] were performed on all 11,248 messages from the 24 teams.

Table 1: Initial Codebook

Code Keywords
0 worker, qualif, project, compani, method, isp, set, check,

class, think
1 run, issu, tri, code, start, file, sure, like, branch, server
2 merg, look, need, fix, know, want, pr, issu, class, sorri
3 report, score, case, implement, test case, team, point,

coverag, compon, reflect
4 meet, good, time, thank, team, think, sound, avail, today,

like

The initial codebook identified several potential keywords. A
subset of the authors of this paper then held four meetings to col-
laboratively revise the codebook, refining it until they reached a
consensus through a negotiated agreement process [11]. For ex-
ample, keywords worker, qualif, project, compani in code 0 were
used for the new project themes code. Also, the planning code was
inspired by keywords from code 4. The keyword thank in code 4
inspired the pleasantries code. After these revisions, the codebook
was presented to the instructor for further refinement and verifi-
cation. We determined that codes 1, 2, and 3 all discussed actions
performed regarding the codebase in GitHub. We broke these into
two distinct codes: pull request, which is the main unit of work
and code performed by the students, and github actions, which
describes the actions the other teammates can do in response to a
pull request. The final codebook is shown in Table 2 based on the
presented coding approach.

The finalized codebook was used to automatically code all 11,248
messages and to generate the well-formatted table [28] necessary to
use ONA. This coded data was then represented in ONA networks
using the ENA web tool [1] with the following configuration:

• Unit of analysis: teammate type
• Conversation: teammate type
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Table 2: Finalized Codebook

Code Description Keywords Example
pull request Mention or discussion of a pull request (PR)

in GitHub. In software engineering and specif-
ically in this course, PRs are the main "unit of
work" displayed by teammates in the form of
reviewable code written by the teammate.

pr, pull request, branch, main PR is out. This one contains a
filter file that excludes, the DB
file and DTOs files to help make
SpotBugs more readable

github actions Actions that teammates can perform in GitHub.
Typically these are actions done by other team-
mates to look at another teammate’s code in
their PR

merge, approve, review, com-
ment, commit

I left a comment on the PR. I’ll
merge it once that’s addressed.

project themes The project entailed creating an application that
worked as a project management system, thus
consisting of workers, qualifications, compa-
nies, and projects.

worker, qualification, company,
project

I’ll work on another issue for
now until Project.addWorker()
is done

planning Talk about teammates getting together to meet
and discuss the project.

meeting, meet, in person, re-
mote, on a call, on the call, avail-
able, schedule, teams call, csb,
lab, when2meet

How about we shoot for a 4:30
PM meeting on Friday, then?

pleasantries An inconsequential remark made as part of a
polite conversation.

thanks, thank you, thx, nice
work, good work, great work,
nice job, great job, good job,
great idea, good idea, well done,
awesome, good luck, appreciate,
lgtm, kudos, please, pls, plz, yay

Great, thank you!

• Codes: pull request, github actions, project themes, planning,
and pleasantries from Table 2

• Comparison group: teammate type
• Network type: Ordered

3.4 ONA Analytical Procedures
ONA is built on a similar mathematical framework used in ENA.
The ONA algorithm accumulates the connections for each unit of
analysis using the coded data. Those connections are identified
using a moving window formed from a current line of data to the
preceding lines within the window. In this study, the unit of analysis
is the teammate type, and the moving window size is five lines. We
chose a five-window size because we identified that in our conversa-
tion data, the current line is the response to the preceding four lines
of conversation, stating the common ground where the connections
are happening. For example, as shown in Table 3, all five messages
are within the window size, where S4.2’s final response “Good idea.
I’ll bring it up next meeting" is the response to the four messages
preceding it. The coding process is binary, where a value of one
indicates the presence of a code, and a value of zero signifies its
absence.

The connections are accumulated into an asymmetric adjacency
matrix where the number of connections from code A to code B
may differ from the number of connections from B to A. This al-
lows ONA to provide the directionality of the connections to codes,
unlike the uni-directionality modeled in ENA [35]. ONA trans-
forms this single matrix into a single high dimensional symmetric
adjacency vector, which is then normalized and centered. The algo-
rithm then performs a dimensional reduction using singular value

decomposition (SVD) and means rotation (MR), which allows these
high-dimensional vectors and matrices to be represented in a 2D
space [35].

In ONA, the network nodes are placed in the space using the
same optimization method used in ENA [5]. This algorithm mini-
mizes the distance between the ONA scores and the centroids of
the corresponding networks. As a result, the layout of the ONA
metric space can be interpreted based on the positions of the nodes.
Units with ONA points on the right side of the space tend to have
more frequent connections between the codes located on the right.
Similarly, units with points on the left side of the space have more
frequent connections between the codes on the left.

3.5 ONA Visualization Design
3.5.1 Nodes. In ONA, the size of each node corresponds to the
number of times a particular code appears as a response to other
codes within the data, with larger nodes indicating more frequent
responses. In Figure 1, node B is the least common response com-
pared to A and C. The color and saturation of the circle inside
each node reflect the number of self-connections for that code,
which occurs when a code appears both as a response and in the
ground (source of a connection) of a given window. Larger and
more saturated colored circles represent codes with more frequent
self-connections. In Figure 1, node A has the most self-connections
than nodes B and C.

3.5.2 Edges. Directed connections in ONA are represented by
edges between nodes, visualized as a pair of triangles [35]. ONA
employs a "broadcast" model so the source of a connection (ground)
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Table 3: Example Coded Student Discourse

Student Message pull request github actions project themes planning pleasantries
S4.2 I made a PR for verifying a work has x

qualifications
1 0 1 0 0

S4.3 I left some comments on it for you to ad-
dress

0 1 0 0 0

S4.2 I’ll work on addressing those. Thank you
for reviewing that!

0 1 0 0 1

S4.1 I saw those comments too. I think we
should all talk about it in our next meet-
ing on Monday.

0 1 0 1 0

S4.2 Good idea. I’ll bring it up next meeting 0 0 0 1 1

is placed at the apex of the triangle, and the destination (response)
is at the base. In other words, the directionality is read as the thin-
ner part of the edge to the thicker end of the edge of the triangle.
To make directionality clear, the dark chevrons placed inside the
triangles indicate the directionality of the connection from ground
to response [35]. Between any two codes there may be a bidirec-
tional connection where the chevron only appears on the side with
stronger connections. In Figure 1, node A to node C has a thicker
triangle with a chevron on meaning that code A is in the common
ground that code C is a response to. The dark chevron pointing
towards C from A helps viewers identify that C is more often a
response to A than vice versa.

Figure 1: Sample ONA Network

3.6 Trade-Offs
We followed Robillard et al. [22] guidelines for reporting trade-offs
that promotes a fair and dispassionate assessment of researchers’
work.

The first decision point involved how to classify teammate types
based on peer evaluations. The labeling approach required unani-
mous agreement to assign the Good Teammate label, while a single
report was sufficient to label someone as a Couch Potato, Hitch-
hiker, or Lone Wolf. This asymmetry aimed to reduce bias and
encourage accountability. While the unanimous requirement en-
sured that only universally recognized contributors were labeled
as Good Teammates, it also introduced a trade-off—potentially ex-
cluding individuals seen as strong contributors by most, but not all,

teammates. Similarly, assigning a negative teammate type based
on a single teammate’s feedback aimed to counteract leniency and
encourage honest reporting. This approach valued diverse perspec-
tives but risked overemphasizing outlier opinions, potentially mis-
classifying students not consistently exhibiting negative behavior.
Alternatives like majority voting or weighting feedback by role or
task proximity could offer a different balance between fairness and
inclusivity. However, they might dilute minority insights or com-
plicate interpretation. The chosen approach prioritized capturing
diverse perspectives, recognizing that all methods have trade-offs.

The second decision point stems from refining the codebook.
While automated methods reveal broad patterns, they often miss
nuanced details like idioms or implicit meanings. Manual refine-
ment helps align codes with research goals focused on actionable
insights for educators. A trade-off in refining the codebook lies in
balancing interpretability with technical specificity—for example,
separating pull-request and GitHub actions to distinguish between
code creation and review, which automation had merged. An al-
ternative strategy could have included technical testing terms like
mutation score, test coverage, or static analysis to highlight domain
depth. However, this suits studies focused on technical performance
more than team communication. Mixing technical and behavioral
codes might also reduce clarity by creating competing focal points.

4 Results
4.1 RQ1: How often does each type of teammate

communicate?
Table 4 presents the frequency of messages per sprint sent by each
teammate type: Couch Potatoes, Hitchhikers, Lone Wolves, and
Good Teammates. For each sprint, the table shows the total number
of messages and the average number of messages sent by each
teammate type.

Good Teammates consistently demonstrated the highest level of
communication across all sprints, totaling 7,916 messages with an
average of 36.99 messages per student, the higher average messages
per sprint than the other teammate types. Out of the 11,248 mes-
sages sent throughout the semester, Good Teammates sent 70.3% of
the total messages, Couch Potatoes sent 11.7%, Lone Wolves sent
9.6%, and Hitchhikers sent 8.4%.

In Figure 2, the dashed vertical lines indicate the end of each
sprint, marking the deadlines when the students submitted their
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Table 4: Message Frequency of Different Teammate Types

Couch Potatoes Hitchhikers Lone Wolves Good Teammates
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Sprint 1 27 496 18.37 20 356 17.80 15 780 52.00 72 2821 39.18
Sprint 2 31 511 16.48 17 377 22.18 14 211 15.07 68 2434 35.79
Sprint 3 22 309 14.05 13 207 15.92 9 95 9.44 74 2661 35.96
Totals 80 1316 16.45 50 940 18.80 38 1076 28.32 214 7916 36.99

Figure 2: Messages Per Day for All Teammate Types

projects for review. We observed notable spikes in communication
activity toward the end of each sprint. This pattern indicates that
students tend to engage in more frequent and intensive interac-
tions as project deliverable deadlines approach, where students are
likely finalizing and submitting their work. Such behavior suggests
that deadlines served as a catalyst for collaboration and problem-
solving, likely driven by the urgency to finalize tasks and address
any remaining issues.

RQ1
The analysis revealed that Good Teammates consistently demon-
strated the highest level of communication throughout the se-
mester. Communication activity spiked significantly toward the
end of each sprint, coinciding with project submission deadlines,
indicating that students engagemore intensively in collaboration
and problem-solving as deadlines approach.

4.2 RQ2: What topics does each teammate type
communicate during interactions?

To qualitatively represent the content of the messages sent by each
of the teammate types, we used Ordered Network Analysis. Figures
3 show the individual network of co-occurrences of the codes pull
request, github actions, project themes, planning, and pleasantries
within a 5 stanza moving window for each of the teammate types.
Meaning these are the co-occurrences within 5 student messages
sent. The unit of analysis is the teammate types to isolate the differ-
ences in the teammate types in each network. For example Figure
3d shows the connections all Good Teammates made over the entire
three sprints of the course.

One way to compare individual networks is to compare the
centroid of the network. The small colored squares on each network
represent the centroid of the individual network. The centroid
allows a network to be reduced to a single point for comparison,
thus capturing all of the weighted connections between codes. The
color saturation of the circle within each node are proportional
to the number of self-connections for that code. In Figure 3, the
pull request code has the most self-connections compared to all
the other codes for all teammate types. Meaning after a student
discusses a pull request, the next message is often also about pull
requests.

4.2.1 Couch Potato Individual Network. In Figure 3a, the Couch
Potato centroid indicates they discuss less planning and pull re-
quest than Good Teammates and Lone Wolves, but still more than
Hitchhikers. Their centroid was also the closest to project themes
compared to the other teammate type centroids, indicating Coach
Potatoes discussed project themes the most. Couch Potatoes more
often discussed planning and then pull requests as the next topic of
discussion, and were the only teammate type to have pull request be
the response of planning since all three other teammate types have
the chevron pointing from pull request to planning. They engaged
in lots of project-related discussions as indicated by the thick edge
between pull request and project themes. However, they had many
thin edges to planning meaning Coach Potatoes did not discuss
much planning or agreeing to attend team meetings. They had

754



Analyzing the Communication Patterns of Different Teammate Types in a Software Engineering Course Project FSE Companion ’25, June 23–28, 2025, Trondheim, Norway

a strong edge from pull request to pleasantries, indicating saying
"thank you" or "good job" in response to a pull request.

4.2.2 Hitchhiker Individual Network. In Figure 3b, the Hitchhiker
centroid is the furthest away from the pull request code, meaning
they typically did not discuss pull requests. Hitchhikers also had
the weakest connection between pull request and project themes
compared to the other teammate types. Hitchhikers had the thickest
edges to and from pleasantries compared to all the other teammate
types, had lots of thicker edges going towards planning, and had
the most saturated circle within the pleasantries node meaning
they usually mentioned another pleasantry in response to a dif-
ferent pleasantry. Despite not engaging in many project-related
discussions, Hitchhikers discussed planning and agreeing to attend
meetings and used lots of pleasantries.

4.2.3 Lone Wolf Individual Network. In Figure 3c, the Lone Wolf
centroid is near pull request as well as planning. This means they
discussed more of these codes compared to the other codes. Lone
Wolves had the weakest connections to and from pleasantries. Be-
sides not using pleasantries, and had good connections to all of the
other codes.

4.2.4 Good Teammate Individual Network. In Figure 3d, the Good
Teammate centroid is close to pull request code, meaning a majority
of the discussions are about pull requests. Similar to Lone Wolves,
Good Teammates also do not use many pleasantries.

4.2.5 Differences with a Good Teammate. To better visualize the dif-
ferences between the teammate type individual networks, Figure 4
shows the subtracted networks for the negative teammate type
options compared to the Good Teammate. A subtracted network is
able to show the most salient differences between two networks by
calculating the difference in connection strengths between corre-
sponding nodes.

Figure 4a shows there are not very many differences in the
content discussed by Good Teammates and Couch Potatoes as seen
by the thin edges between all of the nodes. Couch Potatoes used
more pleasantries than Good Teammates. While that, in Figure
4c), we show that Good Teammates discuss more project themes
with pull request compared to Lone Wolves. Lone Wolves have
more instances of responding to pull request with planning and
github actions. Good Teammates also use more pleasantries than
Lone Wolves. The biggest difference from a Good Teammate was
that of Hitchhikers. Figure 4b shows that Hitchhikers discuss a lot
more planning with pleasantries and github actions with pleasantries
compared to Good Teammates that discuss more pull request with
project themes and pull request with planning. In all subtracted
networks, Good Teammates discuss pull requests and project themes
more than all the other teammate types.

We discuss our findings in the context of existing literature in
Sec. 5, drawing connections between our results and prior research.

RQ2
Good Teammates consistently discussed pull requests and project
themes, which are related to technical progress. In contrast,
Hitchhikers rarely engage with pull requests and instead start
conversations with planning topics, such as meetings, often fol-
lowed by pleasantries. They also discuss GitHub actions, typically
tasks handled by others, but these conversations are interspersed
with pleasantries rather than substantive technical contributions.
Couch Potatoes, while using more pleasantries than Good Team-
mates, still engage in discussions about pull requests, unlike
Hitchhikers. Lone Wolves stand out with the weakest connec-
tions to and from pleasantries among all teammate types.

5 Discussion
Good Teammates consistently demonstrated the highest levels of
communication, both in terms of frequency and the relevance of
content. Aligned with research that shows a great teammate focuses
on achieving goals and consistently communicates with the team [9,
14], our results show that Good Teammates’ messages were focused
on project-related tasks, such as pull requests, project themes, and
planning, reflecting a high level of engagement and collaboration.
These students were not only frequent communicators but also
consistently discussed important aspects of the project.

Hitchhikers exhibited a very different communication pattern
from Good Teammates. While they sent fewer messages overall, the
content of their communication was noticeably less focused on the
project or technical tasks. Instead, Hitchhikers tended to engage in
more social or low-effort discussions, such as pleasantries or general
planning, rather than delving into the actual work or code-related
issues. This aligns with the Hitchhiker manipulative behavior [19],
and suggests that Hitchhikers may be employing a strategy to stay
minimally involved in the work while still appearing somewhat
engaged, particularly when deadlines approach. Their behavior
represents a clear attempt to "game the system" by contributing
as little as possible while avoiding being perceived as completely
absent. This lack of focus on the project’s core tasks is a stark
contrast to the behavior of Good Teammates. Hitchhikers need to
have their limits set early and high, because they have an uncanny
ability to detect just how much they can get away with [19].

Couch Potatoes exhibited a communication pattern similar to
Good Teammates in terms of content but used significantly more
pleasantries. This suggests that Couch Potatoes frequently made
inconsequential remarks, such as thanking or praising their team-
mates. While pleasantries play a vital role in team culture by boost-
ing morale and fostering a sense of belonging within the team [39],
they contribute less directly to project tasks. The key distinction
between Couch Potatoes and Good Teammates lies in the frequency
of their messages. While Good Teammates communicated regularly
and consistently throughout the sprints, Couch Potatoes were far
less active overall. This reduced frequency of communication signif-
icantly limited their ability to contribute at the same level as Good
Teammates, despite having similar discussions about project tasks
when they did engage. Couch Potatoes seem capable of contributing
the right content, but their infrequent participation prevented them
from fully playing an active role within their teams. The literature
suggests that Couch Potatoes benefit from clear, firm expectations
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(a) Couch Potato (b) Hitchhiker

(c) Lone Wolf (d) Good Teammate

Figure 3: Individual Networks for Teammate Types

and can often be effectively guided to produce reasonably good
work when provided with structured direction [19].

Aligned to research on community smells that shows that Lone
Wolves carry out their work with little communication [6, 7, 34],
one notable difference between Lone Wolves and other teammate
types in our study is that Lone Wolves had the weakest connections
to and from pleasantries compared to all other teammate types. Our
results showed that Lone Wolves had more instances of respond-
ing to pull request with planning and github actions, for example,
responding to a pull request being made with either reviewing the
pull request or suggesting to meet and discuss the pull request.
This could suggest that they were less likely to engage in social
interactions, such as thanking or praising teammates, which might
indicate a more individualistic or task-focused approach to commu-
nication. Despite this, their focus on project tasks shows they were
still somewhat engaged, but their lack of social connection could
limit their overall teamwork effectiveness. The literature suggests
that Lone Wolves benefit from targeted mentoring and the imple-
mentation of a structured communication plan. These strategies
encourage them to engage more frequently and effectively with
their peers, fostering better collaboration and integration within
the team [7].

Our results align with the findings of previous studies on team
communication patterns that emphasized the importance of fre-
quent and relevant communication for team performance [17].

6 Related Works
Previous studies in other domains have explored how various team-
mate types communicate and their impact on team dynamics. In
medicine [19], Couch Potatoes were shown to burden their team-
mates by minimally contributing, forcing others to compensate
for their lack of effort. Hitchhikers were shown as exploiting the
team by avoiding meaningful contributions while still taking credit
for the work, which creates resentment and undermines fairness.
Lone Wolves, although capable, isolated themselves from the team,
reducing collaboration and cohesion. Marketing education [3] also
discussed the negative impact on student team performance when
having LoneWolves in group-based projects. Characterized by their
preference for working independently and lacking trust in team-
mates’ abilities, Lone Wolves were shown as impatient with group
processes, thus hindering effective collaboration. We contribute to
the state-of-the-art by analyzing the communication patterns of
different teammate types in a software engineering group-based
class project.
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(a) Couch Potato (purple) vs Good Teammate (red) (b) Hitchhiker (orange) vs Good Teammate (red)

(c) Lone Wolf (green) vs Good Teammate (red)

Figure 4: Subtracted Networks of Good Teammate Compared to Other Types. Different colors represent each teammate type.

In computer science, Chen et al. [8] investigated the impact of
group communication patterns on students’ performance. The find-
ings showed that effective communication correlated with higher
individual grades. Different than our study, which analyzed the
perceived contributions of individual members as teammate types,
the study analyzed teams by communication patterns of their mem-
bers: "ideal" (balanced communication with active contributions
from all members), "dominant leader" (a central leader communi-
cating extensively with others), "unsocial" (minimal interaction),
and "unresponsive" (irregular communication). Groups with "ideal"
or "dominant leader" patterns performed significantly better, while
those with "unsocial" or "unresponsive" patterns had lower grades.
Besides the impact on grades, [2] investigated how communica-
tion relates to the software development lifecycle and found that
developers communicate more when more bugs are present.

ENA and ONA have been used as analysis techniques in edu-
cation and learning. ENA has been used to understand the social
presence of a student [23], the role the student plays in the group
[13, 33], and sentiment of the students’ messages [27] in educational
group settings. ONA has been used to model the performance of
military teams learning to identify, assess, and respond to potential
threats detected by radar [35]. It is also being used to understand

learning tactics applied by students in an Massive Open Online
Courses (MOOC) [36], as well as to unveil patterns of success and
struggles in students programming assignments in a CS1 course[37].
In this paper, we used ONA to the conversational data of the teams
to examine the communication patterns of students. We applied
the automated methods used in [26] and [15] to extract specific
content and terminology students use in chat messages exchanged
during the group-based course project.

7 Implications and Future Work
The findings of this study provide actionable insights for instructors
to enhance team dynamics and learning outcomes in group-based
projects. Instructors can use communication analysis to identify
Couch Potatoes, Hitchhikers, and Lone Wolves early, enabling tar-
geted interventions such as mentoring and structured support to
foster engagement.

Establishing communication norms and plans at the start of
projects can help set expectations for frequency and type of com-
munication. Assigning and rotating distinct roles within teams can
help to ensure active participation and expose students to vari-
ous aspects of teamwork, while periodic check-ins help address
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communication gaps and conflicts. Encouraging task-oriented com-
munication, focusing on topics as pull requests and planning, can
be facilitated through templates or training.

Future research could delve deeper into the team climate and
the reasons behind teammate evaluations, offering more nuanced
insights into behaviors and perceptions of contributions. Defensive
climates, characterized by judgmental communication, controlling
behaviors, and a lack of empathy, can stifle open interaction and
hinder collaboration within teams [12].

Analyzing conversational data through the lens of defensive com-
munication climates could provide valuable insights into whether
specific teammate types are more likely to encounter or contribute
to such climates. Additionally, delving into the justifications stu-
dents provide when evaluating and classifying their peers into these
teammate types could uncover the underlying dynamics driving
these perceptions. This approach would not only clarify how defen-
sive climates influence team interactions but also inform strategies
to foster more supportive and inclusive communication practices.

Additionally, future studies could examine how various team-
mate types contribute to the project by analyzing course project
data on GitHub. This analysis could compare perceived contribu-
tions with actual contributions, shedding light on potential discrep-
ancies and providing a more comprehensive understanding of team
dynamics.

8 Threats to Validity
Construct validity: The categorization of teammate types (e.g.,
Couch Potatoes, Hitchhikers, Lone Wolves, and Good Teammates)
is based on peer evaluations and perceptions. However, these clas-
sifications may be influenced by peer biases or misunderstand-
ings of teammate behavior, potentially affecting the validity of the
constructs. However, our results identified similarities between
what the literature says about the behavior of each teammate type
and the conversational data. For example, our results (see Sec 4.2)
showed that Hitchhikers do not tend to talk about pull requests, and
avoiding working on deliverables is a behavioral characteristic of a
Hitchhiker [19]. Lone wolves missing pleasantries also aligns with
the behavioral characteristic of social isolation of lone wolves [7].
Another threat is that this study leverages metrics such as the fre-
quency and topics of messages to analyze communication patterns.
While these metrics provide useful insights, they may not fully
capture communication effectiveness, which could be a more criti-
cal determinant of team performance. The study assumes frequent
discussions about pull requests, project planning, and task updates
indicate effective collaboration. However, effective teamwork can
also occur with minimal written communication, particularly when
tasks are well-distributed and independently managed.

Internal validity: Being based on peer evaluations, the clas-
sification of teammate types may be influenced by interpersonal
relationships, personal biases, or a lack of comprehensive obser-
vation. Students may inaccurately label peers as Couch Potatoes,
Hitchhikers, or LoneWolves based on subjective impressions rather
than objective behaviors. We mitigated this bias by assigning Good
Teammate only for unanimous cases, i.e., when the entire group
considered the teammate a Good Teammate. As explained for con-
struct validity, the study itself mitigates this threat by showing

communication patterns associated with teammate types. However,
confounding variables can play a role. Other factors, such as prior
teamwork experience, technical expertise, or time management
skills, might influence communication patterns and team contribu-
tions. These variables are not controlled for in the analysis, which
could confound the relationship between teammate types and com-
munication behavior. Moreover, the reliance solely on Microsoft
Teams chat data may not provide a complete picture of commu-
nication. Teams could use other communication tools (e.g., email,
messaging apps) or have verbal interactions that are not captured,
leading to gaps in the analysis. To mitigate these internal threats,
future research could triangulate data from multiple sources (e.g.,
additional communication tools, project management logs), incor-
porate more objective measures of team contributions, and explore
longitudinal designs to capture temporal effects and confounding
variables more accurately.

External validity: Our findings are based on data from a single
course at one institution, the results may not apply to other educa-
tional contexts, courses, or institutions with different curricula or
teaching methodologies. The characteristics of the cohort, such as
skill levels, prior experience, and team diversity, are unique andmay
not represent broader populations of software engineering students.
Furthermore, external factors, such as concurrent coursework or
other situational stressors, might have impacted communication
patterns. Although the findings from this case study should not
be generalized, they suggest that communication patterns can of-
fer valuable insights into teammate behavior. Nonetheless, further
research is needed to validate the teammate type constructs and
to explore whether perceived teammate types align with actual
contributions.

9 Conclusion
The results of this study demonstrate that the perceptions of team-
mate types as Good Teammates, Couch Potatoes, Hitchhikers, and
LoneWolves are related to communication behaviors. Students who
their peers classified as Good Teammates were the most consis-
tently active communicators, engaging in task-oriented discussions
related to project deliverables. In contrast, students who were clas-
sified as Couch Potatoes or Hitchhikers had lower levels of commu-
nication, and their conversation topics were less focused on project
tasks. Lone Wolves did not engage in collaborative communication.

These findings underscore the importance of consistent, task-
oriented communication for successful collaboration in team-based
projects. They also suggest that teammate types can help to under-
stand team dynamics and identify students who may need addi-
tional support or intervention to increase their engagement and
contributions.

Educators can use these insights to foster better communica-
tion within teams, ensuring that all members contribute to discus-
sions and work collaboratively toward shared goals. In particular,
students identified as less engaged—such as Couch Potatoes and
Hitchhikers—may benefit from targeted strategies that encourage
more active participation, thereby improving both their individual
learning outcomes and the overall success of the team.
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