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Abstract

Background: A global-scale pandemic, such as the COVID-19 pandemic, greatly impacted communities of color. Moreover,
physical distancing recommendations during the height of the COVID-19 pandemic negatively affected people’s sense of social
connection, especially among young individuals. More research is needed on the use of social media and communication about
depression, with a specific focus on young Black Americans.

Objective: This paper aims to examine whether there are any differences in social-networking characteristics before and during
the pandemic periods (ie, pre–COVID-19 pandemic vs peri–COVID-19 pandemic) among the students of historically black
colleges and universities (HBCUs). For the study, the researchers focus on the students who have posted a depression-related
tweet or have retweeted such posts on their timeline and also those who have not made such tweets. This is done to understand
the collective patterns of both groups.

Methods: This paper analyzed the social networks on Twitter (currently known as X; X Corp) of HBCU students through
comparing pre–COVID-19 and peri–COVID-19 pandemic data. The researchers quantified the structural properties, such as
reciprocity, homophily, and communities, to test the differences in internet-based socializing patterns between the depression-related
and non–depression related groups for the 2 periods.

Results: During the COVID-19 pandemic period, the group with depression-related tweets saw an increase in internet-based
friendships, with the average number of friends rising from 1194 (SD 528.14) to 1371 (SD 824.61; P<.001). Their mutual
relationships strengthened (reciprocity: 0.78-0.8; P=.01), and they showed higher assortativity with other depression-related
group members (0.6-0.7; P<.001). In a network with only HBCU students, internet-based and physical affiliation memberships
aligned closely during the peri–COVID-19 pandemic period, with membership entropy decreasing from 1.0 to 0.5. While users
without depression-related tweets engaged more on the internet with other users who shared physical affiliations, those who
posted depression-related tweets maintained consistent entropy levels (modularity: 0.75-0.76). Compared with randomized
networks before and during the COVID-19 pandemic (P<.001), the users also exhibited high homophily with other members
who posted depression-related tweets.

Conclusions: The findings of this study provided insight into the social media activities of HBCU students’ social networks
and communication about depression on social media. Future social media interventions focused on the mental health of Black
college students may focus on providing resources to students who communicate about depression. Efforts aimed at providing
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relevant resources and information to internet-based communities that share institutional affiliation may enhance access to social
support, particularly for those who may not proactively seek assistance. This approach may contribute to increased social support
for individuals within these communities, especially those with a limited social capacity.

(J Med Internet Res 2024;26:e55531) doi: 10.2196/55531
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Introduction

Overview
The COVID-19 pandemic significantly impacted the mental
health of college students [1]. Reports suggest that symptoms
of depression, anxiety, and stress increased during the
COVID-19 pandemic period [2]. Many factors that were
exacerbated by the COVID-19 pandemic, such as housing, food
insecurity, and physical isolation, may have negatively affected
the mental health of individuals [1,2]. In addition, racial and
ethnic minoritized communities were disproportionately
impacted by the higher rates of COVID-19 infection and
mortality in the United States [3-6]. Owing to structural health
inequities, Black American college students are more likely to
experience difficulties in accessing resources for basic needs,
which may lead to deleterious mental health symptoms [7].

Expanding upon our previous study [8], which mainly focused
on the differences in the internet-based conversation topics of
the students of historically black colleges and universities
(HBCUs; defined as “...any historically Black college or
university established before 1964, with the principal mission
of educating Black Americans...” [9]) depending on their
depression expression using topic analysis and network analysis,
this study shifts its focus to examine changes in internet-based
social-connection patterns among 2 groups of HBCU students
before and during the COVID-19 pandemic. The study includes
(1) a depression-related group (d-r group), who have posted a
depression-related tweet or a retweet in the pre–COVID-19
pandemic period, and (2) a non–d-r group, who have not posted
depression-related tweets. We examined the changes in the 2
groups’ internet-based social networks and investigated the
social connectedness of this minoritized group based on whether
each Twitter (currently known as X; X Corp) user had a history
of mentioning depression. The pre–COVID-19 characteristics
of their social networks, such as their mutuality, the extent of
the clustering, and other structural properties, have been
compared with the same characteristics during the
peri–COVID-19 period. This was done to understand whether
the aforementioned social network measures have changed
during the COVID-19 pandemic or not and the implications of
these findings.

Background
A global-scale pandemic, such as COVID-19, can greatly impact
society and result in changes in personal social network
structures. The physical restrictions imposed during the
COVID-19 pandemic limited face-to-face interactions, which
facilitated the expansion of their internet-based social networks

[10]. For example, local area–based and internet-based networks
emerged in the United Kingdom due to geographic restrictions
(eg, stay-at-home orders) for regional volunteers and
neighboring supports [11]. Limited social activities and
communication, which may lower one’s sense of social
connection, can negatively affect mental health. People have
used internet-based social platforms to fulfil their need for
connectedness, resulting in a global increase in the average time
spent on social media during the COVID-19 pandemic. The
average time spent has increased from 54 minutes in 2018 to
65 minutes in 2022 [12,13]. Researchers found that those who
engage in these internet-based social activities can experience
relief from negative mental-health symptoms of depression,
loneliness, and anxiety during the COVID-19 pandemic [14-16].
In particular, this internet-based connectedness can be crucial
to minoritized groups during the COVID-19 pandemic. This is
crucial not only to attenuate the negative mental effects but also
to prompt people to share accurate and up-to-date health-related
information [17].

The pandemic also had negative implications for mental health
and well-being among the young communities of color. A study
found that Generation Z adults (aged 18 to 23 years) were the
most stressed generation during the COVID-19 pandemic,
reporting increased mood symptoms, stress, and alcohol use
during the COVID-19 pandemic [18].

In particular, Black communities experienced significantly
higher rates of COVID-19 hospitalization and mortality [3-6,19],
which can be attributed to systemic health inequalities, including
disenfranchisement from the health care system and escalating
mental health risks [20,21]. Acknowledging this unequal impact
may correlate with distinct coping strategies for social
connections in these communities [22]. Black college students,
as younger members of their communities, likely encountered
unique challenges due to the swift changes in their academic,
occupational, housing, and social environments, exacerbated
by the disproportionate effects of the COVID-19 pandemic [19].
The survey study by Molock and Parchem [23] revealed
substantial disruptions in various aspects of life of college
students of color. These aspects included finances, living
situations, academics, and career goals, demonstrating increased
stress, anxiety, and depression, along with challenges related
to racial injustice among the study participants.

Even though age and racial factors could influence minoritized
communities (eg, college students of color) significantly during
the COVID-19 pandemic, there is a paucity of research on the
impact of the COVID-19 pandemic on their mental health and
coping behaviors during this time [23-26]. Some studies
investigating the emotional well-being of HBCU students found
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that it strongly correlates with their social connectedness to
others, which is mediated by internet-based social platforms
[25]. Researchers have observed that strong social networks are
a crucial resource for younger generations to cope with
depressive symptoms [27]. This is particularly important for
college students in Black communities [25]. While these studies
offer valuable insights, they are constrained to conducting
individual (ie, egocentric) survey analyses and do not focus on
the collective behavioral patterns exhibited by HBCU groups.

Objectives
To fill this gap, this research focuses on the structural changes
in the internet-based social networks of HBCU students to
understand the collective internet-based behaviors of the group
during the COVID-19 pandemic. By categorizing the students
on the basis of their creation and engagement with
depression-related content, this study aims to investigate how
the aforementioned groups (d-r group and non–d-r group) have
shown distinctive behavioral patterns in making friends on the
internet and to describe the collective behavioral characteristics
among the groups before and during the COVID-19 pandemic.

Methods

Overview
Firstly, the researchers selected 20 HBCUs and identified active
users who are students of the HBCUs. We separated them into
the d-r group and non–d-r group depending on
depression-related mentions in their tweets (refer to detailed
methods in our previously published paper [8]). Social network
data (ie, IDs of followers and friends) of these Twitter users
were collected for the pre–COVID-19 and peri–COVID-19
pandemic periods. We compared the changes in the 2 groups’
social networks with a focus on their friends networks during
the pre–COVID-19 and peri–COVID-19 pandemic periods. The
variations of basic network characteristics such as (1) the
number of friends or followers, (2) reciprocity, and (3)
assortativity of the d-r group before and during the COVID-19
pandemic were assessed; their statistical differences were tested
with the paired 2-tailed t test. In addition, we separated the
HBCU students’ social networks from other users to focus on
the structural changes in the HBCU groups and the differences
in structural patterns between d-r and non–d-r groups during
the COVID-19 pandemic.

Data Source and Processing
Initially, we compiled a list of 20 HBCUs with active Twitter
followers. To ensure representative sampling, HBCUs were
chosen on the basis of their geographical distribution,
considering their historical concentration in the Southeastern
region owing to past racial segregation practices. Therefore,
HBCUs in the Southeast (14/20, 70%), Northeast (3/20, 15%),
Southwest (2/20, 10%), and Midwest (1/20, 5%) of the United
States were selected.

Subsequently, we identified Twitter users associated with the
HBCUs. The examination of tweets pertaining to these
educational institutions was conducted by one of the authors
(TM), who compiled the list of mentions and hashtags relevant
to each HBCU (eg, #school_name, @school_name_

abbreviation). Consequently, we compiled a comprehensive list
of users who authored tweets featuring these mentions and
hashtags using Twitter’s search application programming
interface. We categorized these users into 2 groups: one group
(d-r group) mentioning depression-related terms (eg, depressed,
#depressed, depression, #depression, dark place, depressing,
#depressing, sad sad #SadSad) on Twitter and another group
(non–d-r group) without such indications.

The first dataset of these users for the pre–COVID-19 pandemic
period was collected between May 13, 2019, and May 15, 2019.
These data yielded 682 users for the non–d-r group and the same
number of users for the d-r group. The second dataset of the
same users for the peri–COVID-19 pandemic period was
collected between July 19, 2022, and July 21, 2022. This was
done to gain insight into the changes in social networks during
the COVID-19 pandemic. The peri–COVID-19 pandemic period
dataset yielded 508 users for the d-r group (508/682, 74.5% of
the d-r group in the pre–COVID-19 pandemic period) and 512
users for the non–d-r group (512/682, 75.1% of the non–d-r
group in the pre–COVID-19 pandemic period). There has been
a notable decline in user subscriptions to the Twitter platform
throughout the COVID-19 pandemic. However, we could track
>70% of the previous users in the peri–COVID-19 pandemic
period. The datasets encompassed various user attributes such
as user ID, account description, and IDs of their followers and
friends. In addition, tweet-related attributes, such as tweet ID,
were included. Comprehensive details about compiling 20
HBCUs, selecting Twitter users associated with these HBCUs,
and separating users into 2 groups are noted in our prior work
[8].

Friendship Network Construction
On Twitter, there are 2 types of relationships: followers and
friends. Followers denote people who decided to follow a
person’s account; friends are people who an individual account
follows, as shown in Figure 1A. We analyzed only “friends”
on Twitter as a friendship network because making friends
reflects one’s intentional social activities on Twitter, but
following relationships are passively decided by others. When
V follows W (ie, V→W), W is V’s friend, as shown in Figure
1A. However, V is merely a follower and not a friend of W
from W’s perspective. Because we had followers and friends
of the sampled HBCU students’ in May 2019 and July 2022,
these relationship data were the internet-based social network
of HBCU students, including followers and friends, as shown
in Figure 1B. By focusing on the friend relationships on Twitter,
the network in panel Figure 1B can be transformed to Figure
1C.

From the 2 data collection periods (pre–COVID-19 and
peri–COVID-19 pandemic), there were 2 friendship networks
for each period; we compared the structural changes of those
networks in the context of the COVID-19 pandemic to
understand how these 2 groups’ collective internet-based
friendships looked different. For instance, Figure 1D displays
an exemplary structural change in that W stopped following V
and made a new friend, Z. To make a fair comparison, we
analyzed the networks of 2019 users solely with those have
remained in the 2022 dataset. As the first step, we incorporated
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all users along with their friends from the collected data to grasp
macrolevel patterns. Subsequently, as the second step, we
included users only affiliated with the selected HBCUs to

explore internal dynamics and microlevel patterns in greater
detail.

Figure 1. An exemplary friendship network construction from a Twitter account relationship. (A) Two possible interpretations for a relationship between
V and W: when V follows W, one can say W is a friend of V or V is a follower of W. (B) A sample social network of person V: dashed arrows represent
followers of V, and plain arrows represent the friends of V. Each color follows the originating node’s color. (C) Focusing on V’s friendship network,
the internet-based social network can be represented by 3 individuals (V, W, and Y nodes) and their 2 relationships (2 gray arrows). (D) An exemplary
network change from pre–COVID-19 to peri–COVID-19 pandemic periods. The pre–COVID-19 network had 3 individuals or nodes V, W, and Y.
Then, an individual Z is added to the peri–COVID-19 network, and transparent links between individuals W and V and Y and V disappear in the
peri–COVID-19 network.

The Macroview: Network Analysis With All Users

Reciprocity
We defined reciprocity ri for a node, which bears conceptual
resemblance to “mutuality” in sociometry [28] and a
network-level “reciprocity” in network science [29]. This was
done to quantify the proportion of node i's friends who are in a
mutual friendship with node i. For instance, let us consider
nodes V and W in the upper panel of Figure 1D. Node V has 1
outgoing link to node W (eg, W is a friend of V), and node W
has the same number of outgoing links to node V (eg, V is also
a friend of W). Because V and W are friends of each other, one
can say that there is 1 reciprocal link between nodes V and W.
Then, the reciprocity rV of node V is 1.0 based on equation 1,

(1)

In equation 1, Γi denotes a set of i's neighboring friends, and A
represents an adjacency matrix of a network. When Aij = 1, it
means there is a link from node i to j, and Aij = 0 represents a

disconnection between node i and j. Therefore, ri is in the range
of (0-1) by its definition. The larger the reciprocity, the higher
the mutual friendship between nodes.

Assortativity With the D-R Group of Users
The proportion of the d-r group of users among a node’s friends
(eg, a node’s number of outgoing links) could inform us of an
individual’s tendency to make friends with the d-r group of
users. This type of tendency connecting with similar ones is
proposed in many studies [29,30], and in this study, we defined
an individual-level “assortativity with the d-r group of users”
of node i (ρi) as follows:

(2)

In equation 2, dj denotes a binary value 1 (or 0) when a node is
classified as a d-r user in the 2019 dataset (or a non–d-r user in
the 2019 dataset). For these 2 network metrics and the number
of friends, we used the friendship network for the 2019 and
2022 datasets (as shown in Figure 2).
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Figure 2. Distributions of the number of friends, reciprocity, and assortativity of the students of historically black colleges and universities with
depression-related users (d-r group) and non–depression-related users (non–d-r group). (A-C) The number of friends, reciprocity, and assortativity of
the d-r group. (D-F) The number of friends, reciprocity, and assortativity of the non–d-r group. (A and D) Distributions of the number of friends of the
d-r group and non–d-r group for pre–COVID-19 (2019; red) and peri–COVID-19 (2022; blue) pandemic periods. The inset shows the cumulative
distribution function (CDF) of the number of friends. (B and E) The CDF of the reciprocity (r) of the d-r group and non–d-r group for 2019 and 2022.
(C and F) The CDF of the assortativity with d-r group (ρ) for each year.

Analysis of Networks Among HBCU Students

Community Detection
From the friendship network (ie, focusing on the friends’
relationships on Twitter), the largest connected component
(LCC) was extracted for each period (pre– or peri–COVID-19
pandemic periods), and the LCC was used for community
detection, excluding non-HBCU students. Thus, the size of the
LCC for each period was distinct because of different
connectivity structures. The LCC of the pre–COVID-19
pandemic period network contains 939 nodes, and the LCC of
the peri–COVID-19 pandemic period network includes 827
nodes. We applied the louvain_communities function of the
NetworkX module (Python Software Foundation). This function
finds the best partition of a graph based on the Louvain
community detection algorithm [31]. Therefore, a node in a
network can have the best community membership with an
integer number.

Membership Entropy
We compared the community membership with the physical
affiliations of HBCU students’accounts. The similarity between
a user’s physical affiliation (eg, a university) and their
community membership in internet-based network is evaluated
as an information entropy, where the fraction of users with a
school affiliation in a community is applied as a probability (p)
in the information entropy equation: S = –plog (p). This entropy
quantifies a community’s affiliation complexity in LCC, and
we averaged the entropy across all communities as follows:

(3)

In equation 3, C represents each community, |C| is the total
number of communities in a network, and Sc denotes the entropy
of a community C. The smaller the entropy for a network, the
more identical affiliation membership exists in the network’s
communities. Putting it differently, the communities in a
network are closely matched with the physical affiliation of a
college.

Coleman Homophily Index
The Coleman homophily index typically ranges from −1 to 1
[32]. A value of 0 indicates a neutral mix of the attributes,
representing random connections. A value of 1 signifies
complete homophily, where all connections occur within the
group; a value of −1 denotes complete heterophily, indicating
that all connections with individuals outside the group. When
there are 2 groups called V and W with connections between
them, we can assess the homophily of V (or W) as follows:

(4)

In equation 4, LVV represents the number of connections between
members in group V, MV denotes the total number of connections
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made by group V, and fV signifies the fraction of group V’s size.
In this study, the groups are defined as the d-r and non–d-r
groups, and hc illustrates the homogeneity of each group in their
internet-based connections during both the pre– and
peri–COVID-19 pandemic periods.

Attribute Randomized Network Construction
To compare the characteristics of the HBCU students’ friendship
network, this research randomized depression-related attributes,
which were empirically observed in the LCCs of the friendship
network from pre–COVID-19 and peri–COVID-19 pandemic
periods. The study generated 100 randomized network samples
for each period. The sample networks were structurally identical
to the original HBCU students’ friendship networks; however,
only depression-related attributes were randomly mixed. To
assess the statistical significance of the Coleman homophily
index and membership entropy of the randomized networks
with those of empirical networks, one can apply the permutation
test to those metrics to confirm the statistical significance of
their difference.

Ethical Considerations
To protect the rights and privacy of Twitter users, we followed
strict ethical principles throughout the study. All personally
identifiable information that could reveal users’ identities was
anonymized, and no sample tweet was presented in this paper.
Only aggregated information was reported. Data collection,
management, and analysis were conducted on a secure research
cluster computer. No data were made available as open access.

The University of North Texas (IRB-21-623) and Yale
University (2000032441) institutional review boards reviewed
and approved the study protocol, determining that it meets the
criteria for exemption for research involving human participants.
IRB exemptions covered secondary analysis without additional
consent for the secondary analyses of this study.

Results

The Macroview: Friendship Networks of HBCU
Students on Twitter
To understand the HBCU students’ collective internet-based
behaviors during the COVID-19 pandemic, first, we compared
their friendship networks on Twitter between pre–COVID-19
(May 2019) and peri–COVID-19 (July 2022) pandemic periods,
including all users regardless of their affiliation to the sampled
HBCUs (Figure 2). In terms of the number of friends, d-r and
non–d-r groups’ internet-based friendships have grown on
average with time. In particular, the d-r group (with
depression-related tweets) expanded the average number of
friends from 1194 before the COVID-19 pandemic to 1371
during the COVID-19 pandemic. When we statistically tested
the average number of friends for 2 groups using the paired t
test, the depression-related tweet users (d-r group) had
statistically different numbers of friends during the

pre–COVID-19 and peri–COVID-19 pandemic periods
(P<.001), with an increased average number of friends
(1194-1371). Conversely, the users without depression-related
tweets (non–d-r group) showed a less significant increment
(P=.06) than the d-r group, even though the former group’s
average number of friends slightly increased from 926 to 1007
before and during the COVID-19 pandemic.

The average number of friends and the distribution of the
number of friends have changed in the context of the COVID-19
pandemic. The distributions of the number of friends for the d-r
group of users in data published in 2019 and 2022 are displayed
in Figure 2A. It is noticeable that the tail part stretched out more
in 2022 than in 2019, showing the increased number of d-r group
of users, with a large number of friends during the COVID-19
pandemic. The heavy-tailed number of friends (approximately
6000) confirms active engagement in making internet-based
friends in the d-r group during the COVID-19 pandemic period.
The non–d-r group of users’ number of friends also increased
in the tail part during the COVID-19 pandemic period (refer to
Figure 2D); however, most non–d-r group of users maintained
the same number of friends as that before the COVID-19
pandemic, resulting in insignificant difference in the average
number of friends (P>.05).

Regarding the extent of mutual interactions, the reciprocal
relationship between users in both groups displayed statistically
significant change during the periods as shown in Table 1
(paired t test; d-r group P=.01 and non–d-r group P<.001) and
Figure 2 (for the d-r group, refer to Figure 2B and for the
non–d-r group, refer to Figure 2E). However, the pattern of
changes in average reciprocity differed between groups. On an
average, the d-r group has built up their mutual relationships
from 0.78 to 0.8, whereas the non–d-r group has lowered their
reciprocity from 0.73 to 0.67, as shown in Figures 2B and 2E).
The growth in the d-r group’s reciprocity suggests that users
who mention depression on internet-based platforms may be
more likely to form mutual relationships on the platform, unlike
the non–d-r group.

In addition, the d-r group of users’ assortativity with other d-r
group members has been amplified from 0.6 to 0.7 (P<.001).
Considering that the measure represents the proportion of the
d-r group of users when compared with all their friends, it means
the d-r group has been connected more to other d-r group of
users during the COVID-19 pandemic period (Figure 2C). The
non–d-r group of users kept a similar level of assortative
connections with the d-r group of users during the period on
average; it was not statistically significant (from 0.483 to 0.475,
P=.62; Table 1 and Figure 2F). The statistically significant
increments in the reciprocity (r) and the assortativity of the d-r
users (ρ) show that the d-r group members have made mutual
connections with other internet-based users and tend to connect
themselves during the COVID-19 pandemic (as seen in Table
1).
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Table 1. Paired t test to measure changes in the number of friends, reciprocity, and assortativity between the pre–COVID-19 and peri–COVID-19
pandemic periods for the depression-related (d-r) and non–depression-related (non–d-r) groups (with their P value regarding the paired t test).

P valuePeri–COVID-19 pandemic period (July 2022)Pre–COVID-19 pandemic period (May 2019)Measures

Non–d-r group

.061007926Number of friends

<.0010.670.73Reciprocity

.620.4750.483Assortativity

D-r group

<.00113711194Number of friends

.010.80.78Reciprocity

<.0010.70.6Assortativity

The Microview 1: Connection Patterns of HBCU
Students’ Friendship Networks
The friendship networks used in the previous analysis included
Twitter users who were not identified as HBCU students.
Therefore, focusing on HBCU students’ internet-based behaviors
could be difficult. Hence, to observe specific characteristics of
the HBCU communities, we separated their network from the
whole network. After removing users who not identified as
HBCU students from the previous LCC, we extracted the largest
connected cluster that can represent most of the HBCU students’
network and its connection properties. In the largest connected
cluster that connects solely HBCU students, the remaining
pre–COVID-19 and peri–COVID-19 pandemic networks
included 939 and 827 HBCU students, respectively, including
the d-r and non–d-r groups of users (Figures 3A and 3B). These
numbers correspond to about 68.8% (939/1364) and 81.1%
(827/1020) of the HBCU student sample in the pre–COVID-19
and peri–COVID-19 pandemic periods.

The communities are shown in Figures 3A and 3B, and those
communities are determined by the Louvain algorithm [31] in
Python’s NetworkX package. This algorithm found 11 and 15
communities for pre–COVID-19 (Figure 3A) and
peri–COVID-19 (Figure 3B) pandemic networks, respectively.
It is noticeable that the peri–COVID-19 pandemic network is
more segregated than the pre–COVID-19 pandemic network
even though we displayed the network with the same parameters
and layout algorithm (Cytoscape’s Prefuse Force Directed
Layout with default options), and the large numbers of
communities for peri–COVID-19 pandemic confirm the different
segregation (ie, 11 for pre–COVID-19 and 15 for
peri–COVID-19 pandemic periods; Figure 3B). The increase
of the clustering in the peri–COVID-19 pandemic period is also
confirmed by the modularity, a metric of the segregation quality
[33]. The pre–COVID-19 pandemic network has a modularity
of 0.7; the peri–COVID-19 pandemic has a higher modularity

of 0.75, confirming a more distinct and internally cohesive
structure of the peri–COVID-19 pandemic network.

The pre–COVID-19 pandemic network has a shorter diameter
of 11 (the longest distance between 2 nodes in an entire network)
than the peri–COVID-19 pandemic one (diameter of 13). This
is because the pre–COVID-19 pandemic network is more
densely connected among the communities. The longer diameter
in the peri–COVID-19 pandemic friendship network implies
that the network requires a greater effort to disseminate
information across the entire network. This change suggests
that during the COVID-19 pandemic, students tended to form
smaller, tightly-knit communities, potentially concentrating
information sharing and communications within these groups.

When we compared the alignment with the community
members’ affiliation with the university (ie, their university
name), we found that the communities identified by the
friendship network were well aligned with the members’ actual
university (or college) affiliations. The community members’
affiliation composition heterogeneity is calculated with the
membership entropy to quantify the affiliation complexity (as
referred in the Methods section). The peri–COVID-19 pandemic
network demonstrates a smaller variance in S compared to the
variance of S in the pre–COVID-19 pandemic network, as shown
in the kernel density estimate plot in Figure 3C. The mean of

the membership entropy during the pre–COVID-19 pandemic
period is approximately 1.0; this value during the
peri–COVID-19 pandemic period is decreased to approximately
0.5. Because larger entropy means a large discrepancy between
physical affiliation and community membership in
internet-based social networks, the relatively small membership
entropy during the peri–COVID-19 pandemic period
demonstrates that a structurally identified community contains
more homogeneous users in terms of their affiliated universities
when compared with the pre–COVID-19 pandemic period.
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Figure 3. Detected communities in the internet-based social networks of the students from historically black colleges and universities during
pre–COVID-19 and peri–COVID-19 pandemic periods. (A) This panel shows communities in the pre–COVID-19 pandemic period (data from May
2019). The colors represent 11 different communities detected by the Louvain community detection algorithm (Python Software Foundation). (B) The
panel shows communities in the peri–COVID-19 pandemic period (data from July 2022), which are distinguished by 15 communities. (C) The kernel
density estimation plot of the detected communities’ group membership entropy is shown. The vertical lines display the average membership entropy
for each period (pre–COVID-19: yellow; peri–COVID-19: blue), and the networks’ layouts use Cytoscape program’s Prefuse Force Directed Layout
with default parameter options.

The Microview 2: Connection Patterns of the D-R and
Non–D-R Groups Focusing on Filtered Friendship
Networks of HBCU Students
When we extracted the friendship networks of a group of HBCU
students (ie, d-r or non–d-r groups), the distinct structural
patterns and homophilic connections could be clearly observed
(as seen in Figures 4A and 4B). The more segregated community
patterns of the non–d-r group during the COVID-19 pandemic,
which is observed in Figure 4B, are correlated with the increased
modularity of the non–d-r group of users (from 0.67 during
pre–COVID-19 pandemic period to 0.73 during peri–COVID-19
pandemic period), while d-r group’s modularity has not largely
changed, as shown in Figure 4A (from 0.75 during
pre–COVID-19 pandemic period to 0.76 during peri–COVID-19
pandemic period).

The mixing patterns of each group also exhibited different
arrangements. The d-r group’s average Coleman homophily
index hc = 0.41 in pre-COVID-19 pandemic has remained
approximately the same with a slight decrease during the
COVID-19 pandemic. To assess the significance of these
changes in hc, we conducted the permutation test by randomizing
users’ depression-related attributes to generate 100 sample
networks that represent each group’s friendship networks during
pre–COVID-19 and peri–COVID-19 pandemic periods (seen
in the Methods section). Figure 4C displays the distribution of
hc for the randomized friendship networks of the d-r users before
COVID-19 pandemic (2019 dataset); Figure 4D shows these
data for the d-r users during the COVID-19 pandemic (2022
dataset). As one can see, the homogeneity of the d-r group
regarding the depression-related attribute is significantly
different from the randomized results (P<.001). In short, this

result emphasizes the d-r group’s collective connectivity patterns
with other d-r group members.

By contrast, the non–d-r group’s homophily has increased from
hc= –0.16 before the COVID-19 pandemic to hc= –0.04 during
the COVID-19 pandemic. This means that the non–d-r group
members connected more with other non–d-r group members
during the pandemic, as shown in Figures 4E and 4F. In the
pre–COVID-19 pandemic period, non–d-r users connected with
different group members (negative hc); however, they were
linked more with other members of the same group in the
peri–COVID-19 pandemic period (as seen in Figures 4B, 4E,
and 4F).

The d-r group’s average membership entropy has been
preserved during the COVID-19 pandemic from 0.51 to 0.52,

as shown in Figures 4G and 4H, even though for the
peri–COVID-19 pandemic period is statistically insignificant.
In contrast, the non–d-r group demonstrated a statistically

significant decrease in from 1.22 to 0.73 (as seen in Figures
4I and 4J). It made us infer that the non–d-r group’s
communities are aligned more with users’ physical affiliations
in the peri–COVID-19 pandemic period as compared with that
in the pre–COVID-19 pandemic period (indicating low
membership entropy). These results highlight the distinct
internet-based social behaviors between the d-r and non–d-r
groups in the course of the COVID-19 pandemic period. In
other words, the d-r members’ communities maintained
connections through shared physical affiliations during the
COVID-19 pandemic period. These connections were different
from the connection patterns of the non–d-r HBCU student
group.
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Figure 4. The depression-related (d-r) and non–depression related (non–d-r) groups’ friendship networks, composed of students from historically black
colleges and universities before and during the COVID-19 pandemic. (A) The panel demonstrates the structural change of the d-r group’s friendship
network in pre–COVID-19 (2019 dataset) and in peri–COVID-19 (2022 dataset) pandemic periods. (B) The panel displays the same structural changes
of the non–d-r group’s friendship network in pre–COVID-19 (2019 dataset) and peri–COVID-19 (2022 dataset) pandemic periods. (C to F). The
distribution of Coleman homophily index (hc) of randomized networks for the d-r group (C: 2019 and D: 2022) and for the non–d-r group (E: 2019 and
F: 2022) are compared with the empirically observed hc of the d-r and non–d-r groups (dashed black line). P values are evaluated from the hc of random
networks after the permutation tests. Highlighted bars in red represent the dataset having less the empirically observed hc. (G to J) The distribution of
<inline-graphic xlink:href="jmir_v26i1e55531_fig9.png" mimetype="image" xlink:type="simple"/> of randomized networks for d-r group (G:2019,
H:2022) and for non-d-r group (I:2019, J:2022). Dashed black lines represent the empirically observed <inline-graphic
xlink:href="jmir_v26i1e55531_fig9.png" mimetype="image" xlink:type="simple"/>, and red bars denote the dataset having less <inline-graphic
xlink:href="jmir_v26i1e55531_fig9.png" mimetype="image" xlink:type="simple"/> than the empirically observed one.

Discussion

Principal Findings
The COVID-19 pandemic profoundly impacted individuals,
communities, economies, health care systems, and daily life
worldwide [34-36]. The way individuals constructed social
networks was no exception. Owing to the requirements of
physical distancing, people use social media more than in the
past to connect with others [12,13]. The increase in social media
use on Twitter during the COVID-19 pandemic period was
observed in both the d-r and non–d-r groups. However, the
increase was statistically significant only in the d-r group.
Moreover, users in the d-r group significantly increased mutual
relationships (ie, reciprocity) and assortativity with other d-r
users, whereas the non–d-r group’s reciprocity and assortativity
decreased. The community detection and membership entropy
analyses revealed an interesting pattern of internet-based
socialization among HBCU students during the COVID-19
pandemic. The results show that the students strengthened their
internet-based relationships on the basis of their physical
affiliations in the course of the COVID-19 pandemic period,
indicating localization of such socialization. The increase in
agreement between internet-based relationships and offline
affiliation is mostly observed in the non–d-r group. However,
the d-r group has kept similar levels of connectivity during the

COVID-19 pandemic, connecting with more d-r group of users
in their internet-based community than the expectation from
randomized networks. This study offers unique insights into
the collective social networking patterns of young Black
communities in HBCUs, with focus on depression-related
expressions. This approach differs from traditional social
relationship analysis conducted on the general population
without providing information on the population group’s initial
mental conditions [10,37].

Distinct Internet-Based Socializing Patterns of the D-R
Group
In this study, the increase in the number of friends per user
during the COVID-19 pandemic for both groups may indicate
a coping strategy of people, resulting in more activities on social
media [12,13,37]. The internet has been a major source of health
information related to the etiologies, interventions, and
treatments for disease and illness [38]. Internet-based forms of
social support also gained prominence and experienced
substantial growth during the COVID-19 pandemic. This is
because they allowed interactions with a broader network of
people beyond geographic limitations, including the use and
expansion of formal internet-based support spaces [10]. The
statistically significant expansion of friendship shown only in
the d-r group indicates a desire for greater connectedness in this
group. This indirectly reflects a disproportional impact of the
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COVID-19 pandemic on people who experienced depression
before the COVID-19 pandemic. This finding may inform higher
education administrators and health organizations of the need
for tailored mental wellness interventions for Black college
students who mentioned depression on internet-based platforms.

In particular, the d-r group showed a statistically significant
increase in reciprocity (mutual dependence) and assortativity
(tendency to make friends in the same group) during the
COVID-19 pandemic. In contrast, the non–d-r group
experienced a decrease in both reciprocity (significant) and
assortativity (not significant). The increased reciprocity and
assortativity of the d-r group in an internet-based society might
indicate that the tendency to associate with similar individuals
became more prominent [10]; it might reflect that the d-r group
pursued mutual exchange for information and social support,
while the non–d-r group pursued more diverse information and
social-support sources.

This distinct internet-based socializing pattern may bring several
merits and benefits in different contexts, such as strong social
bonds [27], fostered empathy [39], and efficient communication
[40]. However, internet-based media can be a source of
misinformation about health-related topics [40,41]. Considering
the possibilities, we need to carefully understand the collective
internet-based behaviors of a group of interest, especially of a
minoritized group, which requires effort to understand their
information consumption patterns [42]. Given the significant
assortative tendency of the d-r group of users, identifying the
d-r groups and designing a strategy to deliver accurate health
information tailored for this group might be crucial to providing
support during outbreaks such as the COVID-19 pandemic.

Strengthening Physical Relationships via an
Internet-Based Platform
On an average, the social networks of 2 HBCU groups showed
that user interactions became more localized during the
COVID-19 pandemic compared with that before the pandemic.
When we focus solely on HBCU students, the results show more
modular interactions that are densely connected between users
with the same affiliations during the COVID-19 pandemic. The
size of the communities becomes small, leading to increased
modularity. The decreased membership entropy in the course
of the COVID-19 pandemic indicates that people tend to make
internet-based connections based on physical affiliations.
Another study found evidence of network homophily, revealing
that most teachers interacted primarily with colleagues from
similar disciplines and the same country [43].

Even though the densely connected internet-based communities
aligned with one’s physical affiliations can improve one’s
connectedness and emergency support, information among the
communities could often revolve around campus updates (eg,
remote learning), local COVID-19 pandemic status updates (eg,
vaccine availability), and connections within their immediate
community [11,40]. These localized and assortative connections
might influence the likelihood of exposure to reputable sources
of information [44]. Strategies that are culturally appropriate,
community competent, and mindful of the nuances of different
populations and communities play a crucial role in promoting
health equity [45]. The dissemination of health-related

information, especially of minoritized groups on internet-based
platforms, should be further explored.

However, the increase in Coleman homophily and modularity
in the filtered HBCU students’ friendship network is mostly
observed in non–d-r group of users than in the d-r group of
users. This implies that the tendency to connect with local
communities on the internet can be different by an individual’s
engagement in depression-related content on the internet. The
d-r group of users remained in a similar level of relational
alignment with physical affiliations in their internet-based
communities during the COVID-19 pandemic; the non–d-r
group of users reached a comparable level of Coleman
homophily and modularity to their counterparts in the course
of the COVID-19 pandemic period. This result suggests that
HBCU students with depression-related expressions before the
pandemic primarily sought social connections from their
preexisting interactions, unlike non-d-r users, who tended to
seek more localized connections. Therefore, a different strategy
may be needed to deliver appropriate health information to those
with depression-related expressions.

As these results are shown, understanding a group’s social
networks, risk experiences, and historical coping tendencies
can help shape tailored strategies for health communication and
treatment, as this information influences both internet-based
and offline behavioral choices. In this study, insights from the
internet-based socializing patterns of HBCU students can inform
health care workers on therapeutic strategies tailored to patients
within these communities. This might entail diversifying
health-related information within their communities and
nurturing sustainable localized communities with accurate health
information and direct links to health care systems and support
groups [42,43].

Limitations
A limitation of this study is that Twitter does not allow easy
filtering of users on the basis of demographics; therefore,
verification of whether users meet the inclusion criteria was
subjective and based on the available content in the user’s
Twitter profile (eg, profile picture, account description, and
tweets). This may exclude users who may have been eligible
for inclusion. Because we could not reverify affiliation in the
dataset published in 2022, the number of HBCU students in this
study may be overestimated. In addition, because this study
focuses on the social media activities and connections of the
d-r group of users, the categorization of depression-related
tweets cannot be used to confirm that the user has a clinical
diagnosis of a depressive disorder. Therefore, the d-r group of
users (or non–d-r group of users) could be overrepresented (or
underrepresented) in the categorization.

Conclusions
The results demonstrate that the social media activity of HBCU
students with depression-related tweets can be significantly
different from those without depression-related tweets. The d-r
group of users tend to have more mutual relationships and try
to connect with other d-r group of users. The HBCU students
also strengthened their connections among themselves in the
course of the pandemic. It is unclear whether having more
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friends in the same group can be positive (eg, social support)
or negative (eg, harmful action) and how the information flow
could differ from other demographic groups; thus, understanding
these structural patterns related to the health-related information
spreading dynamics could be an interesting future direction.

In addition, understanding minoritized groups’ internet-based
social behaviors, such as that of Black American college
students during the COVID-19 pandemic, can help to understand

their social support–seeking behaviors during stressful times
and inform the development of interventions to support their
mental health. Future studies should further explore the
relationship between social media and mental health to
determine whether there is a pattern of increased social media
activity, mental health information seeking, and social-support
seeking in different periods of time during the year for Black
college students.
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