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Abstract
Forming social relationships is critical to student success and well-
being, but is one of the first aspects to be neglected in the design of
massive online courses. We present our experience deploying an in-
course networking tool that enabled 1,600+ learners and teachers in
a massive online CS1 course to form 2,000+ connections with other
individuals. We discuss how social preferences and networking
goals vary by demographics, economic factors, course goals, and
course role. Contrary to usual online social behavior, users in our
network sent more out-group requests than a random baseline by
role (2.04G), gender (1.1G), and developing vs. developed country
(1.07G ). We highlight differences between developing vs. developed
country users: developing country users send 2.5G requests and
make, on average, 1.78G as many connections as those from de-
veloped countries. From a randomized control trial we find that
random recommendations increase the volume of sent requests
by 44.48% and promote cross-group requests across developing vs.
developed countries (+28.9%), age (+15.1%), and gender (+8.6%). Ul-
timately we show that integrating socialization as a core feature
of online CS1 classrooms can help support people from all back-
grounds in achieving their diverse educational goals, which often
extend well beyond improving coding proficiency.

CCS Concepts
• Human-centered computing → Collaborative and social
computing; • Social and professional topics → Computing
education; User characteristics.
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1 Introduction
Social presence is crucial for academic engagement and motivation,
particularly in massive online courses (MOOCs) [3, 4, 8, 18, 22, 23,
33, 35]. In an era where large language models (LLMs) are enabling
more accessible personalized learning [7], the true value of MOOCs
may be to increase accessibility to human co-learners and teachers.
Our objective is to empower diverse online learners and teachers to
cultivate interpersonal relationships in order to promote academic
success and community formation.

We introduce a novel in-course networking tool called Connec-
tions that integrates interpersonal relationship-forming as a core
part of the online course experience. On the course platform, all
users have profiles and can send connection requests to other users.
If a request is accepted, the two users are connected and exchange
contact information. We deploy it in Code in Place, a free, global
online CS1 course with 9,000+ adult participants [21, 31].

We discuss the differences in social engagement, preferences,
and intentions between user demographics. We highlight the expe-
riences of CS1 students from developing countries, who are tradi-
tionally disadvantaged in MOOCs [13, 20], under-studied byMOOC
researchers [2], and under-served by CS education [30]. Finally, we
conduct a randomized control trial to evaluate the effects of encour-
aging users to form interpersonal relationships by ”recommending”
a random subset of other users.

Our main contributions are as follows:

(1) We describe our experience deploying, to the best of our
knowledge, the first course-embedded social networking
system for a CS1 MOOC, enabling 1,600+ users to safely
form and strengthen 2,000+ connections. We outline how to
reproduce our tool.

(2) We reveal interesting global patterns in social interaction
across demographics. Compared to those from developed
countries, students from developing countries 2.5G as many
requests and have around 1.78G as many connections. Teach-
ers are more socially engaged than learners, and there are
differences by age and gender. We observe more out-group
requests than would occur by chance across role, gender,
and developing vs. developed country. However, developed
country users exhibit strong in-group preference.

(3) From topic modeling of 6,700+ messages we find that users
more often seek professional (19.59%) or co-learning (15.07%)
over cultural (5.95%) or personal (4.63%) connections. We
also find that developing country users send 1.36G requests
seeking co-learning and 1.29G professional networking re-
quests compared to developed country users.

(4) We find that having at least one organic connection is corre-
lated with significantly higher course completion.
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Figure 1: An overview of the process for user A and user B to become connected, using our tool.

(5) We run a large scale randomized control trial and find that
showing users uniformly random “recommendations” sig-
nificantly increases the volume of sent requests as well as
the proportion of out-group requests across age, gender, ge-
ography, and economic development.

2 Related Work
Social presence & social network analysis in MOOCs. Social

presence – the ability to perceive others in an online environment
[33] – impacts student retention, grades, and satisfaction [18, 23] in
online courses. [28] adds that the social context of online courses
differs meaningfully from in-person learning: small decisions can
powerfully influence relationships and communication patterns.
Further, teacher isolation in online education [6, 36] causes teacher
burnout and lowmotivation.We combat the “facelessness” of virtual
space by providing each course participant a customizable profile.
We also enable a new interaction mode previously impossible on
our course platform – 1-on-1 relationship formation – and assess
the relationships and discourse that result.

Previous work has used social network analysis to understand
the social dynamics of MOOCs, primarily on discussion forum
data [5, 29, 37, 38]. We extend this body of work with new signal:
sending a connection request conveys what kind of bond a learner
seeks to form more clearly than responding to a forum thread. Ho-
mophily, the tendency of individuals to connect with those similar
to themselves [14, 15, 24], has been shown in MOOCs based on role,
geographic location, and language [11, 12]. We investigate the ho-
mophily of users in our network to understand how the dynamics
of our tool differ from other MOOCs.

Impact of demographic factors on student success. Litera-
ture has shown variation in MOOC outcomes and learning process
based on demographics, intentions, and socioeconomic background
[9, 13, 16, 19, 20, 32, 40]. However, there is less literature on how
social dynamics of MOOCs vary by background. [34] compared pop-
ulations of learners in regional versus global MOOCs and suggested
that the importance of social dynamics may vary by sub-population.
We discuss the social dynamics of a global MOOC in finer detail,
e.g. by learner background, role, interests. [13] closed the achieve-
ment gap among MOOC participants from less vs. more developed
countries by prompting them to reflect on valuable relationships
and write advice to future learners, suggesting that interpersonal
dynamics may particularly motivate under-represented groups. Our
course is a CS1 course; CS also has known achievement gaps by, e.g.,
gender and socioeconomic status [10, 17, 27, 30]. Thus we hope that

Figure 2: The Connections page. At the top are randomly
selected recommendations which are only shown to users in
the treatment group of our RCT. Successful connections are
shown on this page below Connection Requests.

a better understanding of MOOC social behaviors and preferences
by demographic will aid the development of future interventions
to foster achievement and motivation of under-represented groups.

3 The Connections tool
Connections is a networking tool which enables a ”friend request”
ability within a CS1 MOOC’s course platform.

3.1 Components
Connections page. The Connections page, shown in Figure 2,

is a sub-page of our course website where users can view their
connections and connection requests. For the treatment group of
our RCT we also display 4 user profiles, randomly selected from
users who consent to connecting and updated every 6 hours.

User profiles. As part of onboarding, users are asked to complete
their course profiles with a non-empty display name (defaults to
first name and last initial provided in user’s course application) and
country, but both can be anonymized – display name can be set to
an alias and country can be set to “Somewhere on Earth.” Users can
optionally populate an “About Me” and “Goals” section. From the
profile editing page, users can opt out of the Connections feature
so that their profiles do not allow connection requests from others.

Users’ view-only profiles are accessible from various places on
our course platform, namely the discussion forum, the section page,
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and the Connections page. From the view-only profile of another
user, users can perform the following actions:

Sending a request: A and B are unconnected. On B’s profile, A
fills out a message and contact information and sends the request.

Editing a request: A has sent B a request. A can change their
provided message or contact information or unsend the request.

Accepting a request: A has sent B a request. On the Connections
page, B sees A’s profile under “Your Requests”. On A’s profile, B can
see the message A sent (but not their contact information). B sends a
message and contact information back in order to accept the request;
A and B are connected and will appear on each others’ connections
pages under “Your Connections.” When A and B visit each others’
profiles they can see both messages and contact information.

Dismissing a request: A has sent B a request. On the Connections
page, B sees A’s profile under “Your Requests”. On A’s profile, B
can see the message A sent (but not their contact information). B
dismisses the request by clicking a button; B can review A’s request
at any time, but the request is hidden by default to indicate dismissal.
From A’s perspective, their request to B is still pending.

Editing a connection: Users A and B are connected. Both can
edit the information they have shared with the other or remove the
connection, in which case the users return to an unconnected state.

3.2 Design considerations
Formation of lasting ties. We afford users the ability to ex-

change contact information in order to enable participants to stay
in touch after the course ends, and we require users to write a
message in order to encourage more intentional requests.

Privacy. To protect user privacy, we do not reveal user contact
information until both users have mutually agreed to share their
information, i.e. they are connected. We also encourage sharing
less-sensitive contact information by including this message above
the contact information field in the form for sending a request:
”We will only share this with {Recipient Display Name} if they
accept your request. For your own privacy, we recommend sharing
a Linkedin link or making an email alias.” We also enable users to
edit or revoke all shared information at any time.

Safety. In order to maintain a professional course atmosphere
while also not discouraging friendly, non-academic outreach, we
provided the following suggestions above the message field in the
request form: ”Here are some ideas… Discuss a shared learning goal
Share a common subject of interest Ask a question”

Not distracting. We designed our tool to be minimally distract-
ing, restricting on-platform dialogue between two users to one
message each. We did not implement notifications for our system
in order to minimize the interruptions to the academic experience.

4 Deployment in massive CS1 course
We deployed our tool as a core part of the platform in a free, 6-week
CS1 MOOC with 641 volunteer teachers and 8956 adult (18+) learn-
ers from 148 countries. The course had weekly synchronous section
meetings with one volunteer teacher and a small group of learners.
Outside of weekly sections, learners worked asynchronously on
lectures and assignments, consulting the discussion forums if they
had any issues.

Our analysis is done on a dataset (= = 6827) excluding users
who did not want to connect (= = 187), did not engage at all with
the course, or were outliers with more than 8 connections (= = 87,
1.26%) , corresponding to those 3+ I-scores from the mean. We look
at correlations between connections usage and course completion
metrics (assignment and lesson completion, section attendance),
and we outline trends in tool usage based on the following demo-
graphic factors:

• Age group: 18-27, 28-37, 38-47, 48-57, 58-67, and 69+
• Role→ learner / teacher : Our course had four roles – student,

experienced student, mentor, and section leader – which we
group into learners (experienced students and students) and
teachers (mentors and section leaders)

• Region: Russia, North America, Middle East, Africa, Central
America, South America, Asia, Caribbean, Europe, Oceania,
Eastern Europe, South Asia, based on user’s home country

• Developing / developed :TheHumanDevelopment Index (HDI)
quantifies the development level of a country as a score from
0 to 1 based on three key qualities: health (life expectancy at
birth), education (average years of schooling), and quality of
life (gross national income per capita) [25]. We group users
based on the HDI of their home countries according to the
cutoff specified in [26] – countries with HDI < 0.694 are
developing and countries with HDI ≥ 0.694 are developed.
In our dataset 4660 users are from developed countries and
2100 are from developing countries.

5 Randomized control trial design
In order to investigate the effects of encouraging students to send
connections requests we ran a randomized control trial (RCT). In our
treatment group (= = 5542, ≈ 80%), users see 4 uniform-randomly
sampled ”recommended” profiles on their Connections page, up-
dating every 6 hours. Our control group (= = 1372, ≈ 20%) has full
access to the Connections tool except they do not see recommen-
dations.

6 Results
Our tool was largely able to fulfill the desires of those seeking social
connectivity – 72% of users who initiated a request made at least
one successful connection. Engagement peaked in the first and last
weeks of the course (Figure 4). From a survey of 150 randomly
selected users (25 responders) who consented to us publishing their
feedback, we received some positive qualitative feedback:

“I love connections. I have met some people who are
generous and very helpful. I met a friend from Pakistan.
I love to chat with her and she is so kind. We become
friend and we share our thoughts, culture and many
more.”

“I connected with two people outside the class. It has
been very helpful for two reasons. One is that these
interactions kept me motivated to attend the sessions
and practice assignments. The other is that since they
had some prior knowledge around coding, we exchanged
ideas on how to move forward with these skills.”
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Figure 3: Propensity for social connection varies by user background, role, and interests.

Figure 4: The volume of sent requests peaks at the start and
end of the course. We observe a similar trend for the overall
engagement with the tool and number of connections.

Statistic No
conn.

Has
conn. Cohen’s 3 ?-value

Assignments done 14.92 16.72 0.20 < 0.001
Lessons done 7.09 7.70 0.16 < 0.001
Sections attended 3.80 4.76 0.44 < 0.001

Table 1: Having one or more connections is significantly
correlated with higher course completion.

We find that having made at least one connection is significantly
correlated with higher course completion across all metrics – see
Table 1 for effect sizes (Cohen’s 3) and results of one-sided C-tests.
Importantly, these results are only correlational and may be con-
founded by factors that impact both engagement and socialization.

6.1 Patterns in social engagement & preferences
Regional differences by economic development. Users from

developing countries (= = 2100) engage significantly more with the
tool and send significantly more requests than users from developed
nations (= = 4660; Cohen’s 3 = 0.39, ? < 0.001) – see Figure 3a.
Developing country users also make 1.78G as many connections as
those from developed countries on average (0.64 vs. 0.36).

Teachers seek connection more than learners. In Figure 3b
we show that teachers send significantly more requests than learn-
ers (Cohen’s 3 = 0.29, ? < 0.001), suggesting that interpersonal
interaction is a major motivation for volunteer teachers.

Varying student interests influence social behavior. Stu-
dents were required to specify one or more goals for taking the
course in their application for the course, including:

• Learn: I want to learn how to program in Python
• Job: I want to get a job as a programmer
• Community: I want to be part of a community of other

students who are also learning
Figure 3c shows the differences in average sent requests based on

whether or not the student expressed a particular interest in taking
the course – ✘ means students who did not express this interest, ✔
means students who did. Users could select multiple interests.

Students who cited community building as a goal engaged more
than those who did not (Cohen’s 3 = 0.11, ? < 0.001). Students seek-
ing job opportunities also engaged slightly more, by a statistically
significant margin, compared to those who did not (Cohen’s 3 =
0.07, ? < 0.001). On the other hand, students who stated that learn-
ing Python was one of their primary goals did not show significant
differences in average sent requests compared to those who did not
state this as a goal (? = 0.15 ≮ 0.05). Thus while some CS1 students
may not seek social interaction from their course experience, others
may consider it an integral part of their educational objectives.

Engagement trends with age & gender. We also observe a
generally negative trend between social proclivity and age, as well
as discrepancies by gender, shown in Figure 3d and Figure 3e. The
trend with age may be due to lower technical fluency in older
individuals, or alternatively, reduced incentive to network due to
having more established careers.

Some birds of a feather flock together, but opposites attract.
While prior work shows demographic homophily in social pref-
erences of MOOC participants [12], we observe significant cross-
group preferences by gender, role, and developing / developed
country, as shown in Table 2. However we do observe homophily
in age group, country, and region.

The baseline shown in Table 2 assumes requests are sent uni-
formly at random. Let # be the total users. The total number of
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Category Out-group % Baseline % Cohen’s ℎ ?-value

Age group 50.93 68.01 0.35 < 0.001
Gender 55.92 51.05 0.10 < 0.001
Learner / teacher 28.93 14.15 0.36 < 0.001

Country 79.40 88.32 0.24 < 0.001
Region 66.31 79.39 0.30 < 0.001
Developing / developed 45.79 42.84 0.30 < 0.001

Table 2: Users prefer out-group requests by gender, role, and
developing / developed country, compared to a uniform ran-
dom baseline. Bolded values are significantly greater.

possible requests is # × (# − 1) since self-requests are prohibited.
For each category (e.g. gender) with : groups (e.g. non-binary, male,
female) and #8 users in group 8 , the number of possible in-group
requests is

∑:
8=1 #8 × (#8 −1). So, the number of possible out-group

requests is # × (# − 1) − ∑:
8=1 #8 × (#8 − 1). We divide this by

the number of possible requests, # × (# − 1), to get the expected
out-group percentage if requests were sent randomly.

Users from developed nations prefer to flock together. Users
from developed countries sent 90.30 ± 2.30% of their requests to
developed country peers, indicating a clear in-group preference.
By contrast, users from developed countries sent requests at a rate
about proportional to the number of users from each category –
31.28% to 2,100 fellow developing country users and 68% to the
4,660 developed country users.

The acceptance rates of viewed requests (those which we validate
that the receiving user saw) further highlight this disparity. Users
from developed countries were significantly more likely to accept
requests from developed countries (44.17%) compared to developing
countries (26.32%, ? < 0.001 from a two-proportion I-test), while
users from developing countries demonstrated no significant pref-
erence, with acceptance rates of 54.90% for developing and 54.55%
for developed country requests (? = 0.98).

6.2 Trends in intentions for networking
We employed an LLM pipeline to understand the intentions of 6,737
request messages. First we repeatedly prompted OpenAI’s GPT-4o
[1] to identify the main topics from a random sample of 100 request
messages. After manual evaluation and refinement we settled on
the list of topics below. We then classified messages by providing
GPT-4o the list of topics + descriptions and one user message at a
time. While we validated the reasonableness of clusters and labels
to the best of our ability, the findings of this analysis should be
interpreted with caution – the task is inherently difficult and model
output may not fully align with human judgement. Here are the
topics from most to least frequent:

• Introductions and Greetings (2,301, 31.46%): Users introducing
themselves, saying hello, and making initial connections.

• Professional Networking (1,433, 19.59%): Users emphasizing
the importance of professional networking, career develop-
ment, and connecting with like-minded individuals.

• Learning Together (1,102, 15.07%): Messages about form-
ing study groups, collaboration on projects, and sharing
resources or experiences for mutual learning.

Statistic Control Treatment Cohen’s 3 ?-value

Sent requests 0.46 0.66 0.09 < 0.001
Connections 0.38 0.46 0.07 0.01

Assignments done 15.60 15.24 −0.04 0.71
Lessons done 7.33 7.20 −0.03 0.87
Sections attended 4.01 4.00 −0.03 0.82

Table 3: Seeing recommendations increases volume of sent
requests and connections but does not impact course com-
pletion. Bolded values are significant (? < 0.05).

• Section Interactions (739, 10.10%): Users interacting with their
section leaders or other students in their section or weekly
session.

• Feedback and Help Requests (609, 8.33%): Requests for assis-
tance with coding problems, feedback on assignments, and
queries about the course progress or materials.

• Cultural Connections (435, 5.95%): Users expressing interest
in connecting, sharing knowledge, and learning about each
other’s cultures.

• Gratitude and Appreciation (356, 4.87%): Users expressing
gratitude and appreciation for guidance, support, or feedback
received.

• Personal Interests and Hobbies (339, 4.63%): Mentions of per-
sonal hobbies and interests outside of coding, such as cook-
ing, hiking, reading, and playing music.

Distribution of message topics varies by demographic group
and course progression. Compared to users from developed coun-
tries, users from developing countries more often wrote seeking
to learn together (16.87% vs. 12.37%, ℎ = 0.13, ? < 0.001) or for
professional networking (16.87% vs. 13.06%, ℎ = 0.11, ? < 0.001).
Users from developed countries sent proportionally more requests
expressing gratitude (8.75% vs. 2.55%, Cohen’s ℎ = 0.28, ? < 0.001)
or following up on section interactions (16.74% vs. 8.76%, ℎ = 0.24,
? < 0.001).

Women more often discussed section interactions (17.01% vs.
9.68%, ℎ = 0.22, ? < 0.001) or sought feedback and assistance
(15.02% vs. 10.51%,ℎ = 0.14, ? < 0.001) compared to men. Menmore
often reached out to learn together (17.00% vs. 10.54%, ℎ = 0.19,
? < 0.001) and sent proportionally more generic introductions and
greetings (31.84% vs. 24.07%, ℎ = 0.17, ? < 0.001).

We also found that message topics varied depending on when
during the course the requests were sent. During the first week of
the course users tended to send more introductions and greetings
compared to during the last week of the course (33.61% vs. 18.27%,
ℎ = 0.35, ? < 0.001) and more often reached out to learn together
(18.69% vs. 10.33%, ℎ = 0.24, ? < 0.001). During the final week
of the course users sent proportionally more messages expressing
gratitude and appreciation (10.7% vs. 2.24%, ℎ = 0.37, ? < 0.001)
and in order to network professionally (24.54% vs. 12.55%, ℎ = 0.31,
? < 0.001) compared to during the first week of the course.

6.3 RCT results: effect of recommendations
Engagement with the tool slightly, but not significantly, increases
under the treatment, with 28.48% of control users and 30.63% of
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Category Control
out-group %

Treatment
out-group % Cohen’s ℎ ?-value

Age group 45.08 51.88 0.14 < 0.001
Gender 52.06 56.55 0.09 0.04
Learner / teacher 35.78 27.81 0.17 < 0.001

Country 75.67 80.01 0.10 0.01
Region 61.71 67.06 0.11 0.01
Developing / developed 36.67 47.27 0.22 < 0.001

Table 4: Recommendations increase proportion of requests
to users dissimilar to the sender across age, gender, and ge-
ographical categories but decrease proportion of requests
from learners to teachers or vice versa.

treatment users having sent, accepted or dismissed a request (? =

0.11, from a two-proportion I-test). We believe this is because users
are not notified of new recommendations, so users who do not
actively use the tool are not made aware of recommendations.

The treatment boosts the number of sent requests and connec-
tions by a small margin. We observe no effect of the treatment on
course completion outcomes from a one-sided C-test – see Table 3.

Presenting random recommendations can counteract homophily
across certain demographic divides. As Table 4 shows, recommen-
dations significantly increase the proportion of out-group requests
across age, gender, and geography.

Notably, recommendations decrease the proportion of learner-
teacher and teacher-learner requests. This is due to a substantial
increase in teacher-teacher requests, which represent 0.88% of re-
quests sent by users in the control group and 4.68% of requests sent
by users in the treatment group(two-proportion I-test ? < 0.001).

Compared to control, treatment users sent more messages about
personal interests (5.54% vs. 1.92%, Cohen’s h = -0.20, p < 0.001),
cultural connections (6.54% vs. 3.68%, Cohen’s h = -0.13, p < 0.01),
and introductions / greetings (30.23% vs. 24.96%, Cohen’s h = -
0.12, p < 0.01). Conversely, messages requesting help (11.18% vs.
16.96%, Cohen’s h = 0.17, p < 0.001), expressing gratitude (4.61% vs.
7.04%, Cohen’s h = 0.10, p < 0.01), and concerning section (11.10%
vs. 16.48%, Cohen’s h = 0.16, p < 0.001) were less frequent in the
treatment group.There was no significant difference in professional
networking (15.25% vs. 16.00%, Cohen’s h = 0.02, p = 0.63) nor
learning together (15.55% vs. 12.96%, Cohen’s h = -0.07, p = 0.09). We
note that two topics which decreased in frequency under treatment
(gratitude and section interactions) imply that the users have met
before (receiving help or sharing a section). Though we were unable
to properly classify requests into “users who have met before” vs.
“users who are meeting for the first time”, it is possible that the
treatment increases the proportion of the latter.

6.4 Safety
There were no reports regarding unwanted or inappropriate be-
havior from connections on the course’s reporting forum. We also
manually examined all 151 dismissed requests and 21 removed
connections and found no inappropriate behavior or language.

7 Discussion
While some claim MOOCs can fix global educational inequality
[39], differences in enrollment and completion between developing
and developed countries suggest this goal remains unmet [13]. Our
results show that learners from developing countries seek social
engagement more actively than those from developed countries,
especially for co-learning and professional networking. We postu-
late that, in alignment with [13], social presence in MOOCs may
alleviate social identity threat for students in developing regions,
making the online classroom more equitable and inclusive.

Given the prevalence of homophily in other MOOCs [11, 12],
we are pleasantly surprised that users in our network both already
prefer and can be encouraged to form out-group connections across
demographic categories. As MOOC enrollment grows and course
populations becomemore diverse, we hope positive in-course social
dynamics can contribute to positive cross-cultural, inter-group
online dynamics more broadly [41].

7.1 Future work
Several users requested in-course direct messaging, as the one-
message limit made it hard to start a conversation and some prefer
to chat before sharing external contact information. A handful of
users wanted notifications about connections requests or accepted
connections. Both these features are worth exploring but must
be weighed against potentially greater distraction and cognitive
load. Also, our random recommendation system begs the question
of a more intelligent recommendation system. Networking tools
focused on the organic formation of groups rather than one-to-one
relationships could also be explored.

Though we received a few reports of lasting connections stem-
ming from our tool, many claim their connections progress no
further than a Linkedin connection. Future investigation into what
kinds of relationships persist, based on user demographics or cul-
tural values, would be informative.

8 Conclusion
In this report we presented an in-course networking tool, Connec-
tions. We described its design and successful, safe deployment in a
diverse CS1 MOOC. We outlined trends in willingness to form so-
cial ties and intentions in networking by user background. We also
showed strong quantitative evidence that users can be encouraged,
via random recommendations, to send out-group requests.

People of all backgrounds seek and benefit from interpersonal
connection in online courses. As LLMs enable personalized but
antisocial learning, our study underscores the essential role of
socialization inMOOCs.We believe it is both possible and necessary
to explore futures of equitable, pro-social online education.
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