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Abstract
Loneliness has emerged as a chronic and persistent problem for a considerable fraction of the general population in the devel-
oped world. Concurrently, use of online social media by the same societies has steadily increased over the past two decades. 
The present study analyzed a recent large country-wide loneliness survey of 20,096 adults in the US using an unsupervised 
approach for systematic identification of clusters of respondents in terms of their social media use and representation among 
different socioeconomic subgroups. We studied the underlying population heterogeneity with a computational pipeline that 
was developed to gain insights into cluster- or group-specific patterns of loneliness. In particular, distributions of high lone-
liness were observed in groups of female users of Facebook and YouTube of certain age, race, marital, and socioeconomic 
status. For instance, among the group of predominantly YouTube users, we noted that non-Hispanic white female respondents 
of age 25–44 years who have high school or less education level and are single or never married have more significant high 
loneliness distribution. In fact, their high loneliness scores also seem to be associated with self-reported poorer physical 
and mental health outcomes.
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Introduction

The COVID-19 pandemic has led to adoption of social 
distancing measures that have made societies worldwide 
acutely aware of phenomena such as loneliness and social 
isolation as well as rising concerns about their potential 
impacts on individual health and behavior. Yet, more gen-
eral erosion of social ties and bonds within communities 
in the United States (US) and other parts of the developed 
world has long been observed. Some experts have positioned 
US to be in the midst of a deepening “loneliness epidemic 
(The “Loneliness Epidemic”, 2019).” While social isolation 
typically refers to the objective lack of (or limited) social 
contact of an individual with others, loneliness refers to the 

perception of social isolation or the subjective feeling that 
“one’s social needs are not being met by the quantity or 
quality of one’s social relationships” (Social Isolation and 
Loneliness in Older Adults, 2020; Hawkley & Cacioppo, 
2010; Peplau & Perlman, 1982).”

Loneliness is a chronic and persistent problem for 
about 15–30% of the general US population (Hawkley & 
Cacioppo, 2010). About 80% of those under 18 years of 
age and 40% of adults over 65 years report being lonely at 
least sometimes (Berguno et al., 2004; Pinquart & Sorensen, 
2001; Weeks, 1994). A recent report notes that more than 
one-third of US adults aged 45 and older feel lonely, and 
nearly a quarter of adults aged 65 and older are considered 
to be socially isolated (Social Isolation and Loneliness in 
Older Adults, 2020). Different models to explain loneliness 
ranging from the individualistic nature of certain societies to 
cognitive maladaptation of individuals have been proposed 
(Lykes & Kemmelmeier, 2014; Masi et al., 2011).

In general, levels of loneliness reduce in middle age, and 
then increase at older ages. When left unattended, loneli-
ness is known to have serious consequences for cognition, 
emotion, behavior, and physical health. Loneliness and 
social isolation are comparable to other risk factors such 
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as smoking, lack of exercise, obesity, and high blood pres-
sure in older adults (Fakoya et al., 2020). Further, loneliness 
is associated with cognitive decline, depression, dementia, 
reduced immunity, and suicidal ideation (Calati et al., 2019; 
Jaremka et al., 2013; Sutin et al., 2020). Both social isolation 
and loneliness were found to be associated with increased 
all-cause mortality, and conversely, social integration with 
reduced mortality risk (Hobbs et al., 2016; Holt-Lunstad 
et al., 2015; Steptoe et al., 2013).

It seems ironic that concurrent to this growing loneliness 
phenomenon in the developed world, the past two decades 
have also seen tremendous increase in the use of Internet-
based social media platforms by the same societies. Here, 
we refer to social media as a broad term encompassing all 
communication platforms and technologies enabling users 
to create and share content with their constructed networks 
consisting of friends, followers, groups, etc. In principle, 
such platforms have the potential to address the problem of 
perceived social isolation through access to virtual support-
ive networks, including for those who may find it difficult to 
engage in face-to-face interactions. Yet, curiously, aggres-
sive social media use may increase perceived social isolation 
because users may choose to use social media interactions in 
lieu of in-person interactions thereby leading to weakening of 
ties within groups and lowering of social capital (Rasmussen 
& Rasmussen, 2014; Steinfield et al., 2008).

There is little doubt that social media has revolutionized 
how human beings interact with each other in the  21st century. 
Social media use among the US adults has steadily increased 
since the early 2000s (The rise of social media - Our World 
in Data, 2020). During just the first quarter of 2019, there 
were 68 million Twitter users. In 2019, there were 180 million 
Facebook, 107.2 million Instagram, and 80.2 million users 
of Snapchat in the US. Other platforms such as YouTube, 
LinkedIn, Tumblr, Pinterest, etc., also continue to rise in their 
popularity and use (Social media - Statistics & Facts, 2020).

Interestingly, studies have shown that associations that may 
exist between rising social media use and increasing loneliness 
are not straightforward. Whereas some studies have noted a 
negative link between the two, others have not. Further, subtle 
platform-specific patterns were observed. For instance, while 
Instagram interaction and browsing were related to lower 
loneliness, broadcasting on the same platform was associated 
with higher loneliness (Yang, 2016). It was found that image-
based social media was associated with increased perceived 
well-being and decreased loneliness whereas text-based social 
media use was not associated with psychological well-being 
(Pittman & Reich, 2016). Self-reported Facebook and Insta-
gram use were found to correlate positively with depression, 
and higher Facebook use was associated with lower self-
esteem and greater loneliness (Hunt et al., 2018; Quan-Haase 
& Young, 2010).

Researchers are now looking into different modes of 
spread—or “contagion”—of loneliness via social networks. 
To determine the role of various social network processes 
and to explore the topography of loneliness as it spread in 
such networks, they have used population-based data such as 
the Framingham Heart Study (Cacioppo et al., 2009). They 
noted that loneliness occurred in clusters, extended up to three 
degrees of separation, and spread though emotional contagion. 
Such transmission of loneliness was found to be stronger than 
the spread of perceived social connections, stronger for friends 
than family members, and stronger for women than for men. In 
fact, a meta-analysis of more than a hundred loneliness studies 
found that women report significantly higher levels of loneli-
ness than men (Pinquart & Sorensen, 2001). This appears to 
underscore the importance of studying group-specific, hetero-
geneous distributions of loneliness in a given population.

In this study, therefore, we adopted an unsupervised data-
driven approach rather than making any model-based assump-
tion about the association between social media use and loneli-
ness. In such unsupervised learning of patterns, no class label 
is used to guide the grouping of the data, which is determined 
purely based on similarity among the samples. First, we identi-
fied the common patterns of social media use by clustering the 
respondents of a nationwide loneliness survey of US adults. 
Second, we used statistical testing for demographic characteri-
zation of these clusters. Third, we used a user-friendly proce-
dure to select different socioeconomic subgroups of interest 
within the clusters, and observe and compare their distribu-
tions of loneliness and health outcomes. We perform these 
steps using a computational pipeline that was developed for 
integrating different types of data: social media use, demo-
graphic and socioeconomic variables, loneliness measures, and 
health outcomes.

The rich collection of variables used in our platform was 
originally recorded in the hitherto largest nationwide sur-
vey of loneliness among the US adults conducted by Cigna, 
a large US health services company, in 2018 (Bruce et al., 
2019). Their report included a multivariable linear regression 
model which identified key contributors such as social anxiety 
and social media overuse to the outcome of loneliness (Bruce 
et al., 2019). The present study analyzed the survey data with 
a different unsupervised approach, which is described in the 
next section. The following section demonstrates the findings 
of that approach. We conclude with discussion and plans of 
future work.

Data and Methods

In this study, we analyzed survey data that were origi-
nally collected by Ipsos on behalf of Cigna Health and Life 
Insurance Company and Cigna Behavioral Health, Inc., 
and provided to us courtesy of Cigna. (Bruce et al., 2019) 
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The data were collected by an online survey of 20,096 
adults in the US conducted between February and March 
of 2018. Respondents to the survey yielded data based on 
two types of variables: (a) demographic and structural, and 
(b) cognitive and behavioral. We focused on self-reported 
information on variables of type (a) that included age, gen-
der, race, ethnicity, geographic region, education, presence 
of children in the household, marital status, employment 
status, etc. Information on variables of type (b) relevant to 
this study included social media platform type and usage, 
perceived social well-being and functioning, self-rated 
mental health, and overall physical health, etc. Response 
categories for each of these survey items are described by 
(Bruce et al., 2019).

In this study, we grouped the age, race, education, and 
income data from the survey into intuitive categories for 
our analysis. The age of respondents, recorded as an inte-
ger in years, was categorized into 4 groups indexed as: (1) 
less than 25, (2) 25 to 44, (3) 45 to 64, and (4) 65 or above. 
The race information was derived as non-Hispanic white 
(W), black (B), and Hispanic (H), while the remaining cat-
egories were combined to a fourth group called “Others” 
(O). We grouped the education variable into 4 categories 
as follows: (a) HS: high school or less, (b) SC: some col-
lege, (c) BD: bachelor’s degree, and (d) MH: master’s or 
higher degree. The marital status variable was categorized 
as (a) SNM: single or never married, (b) MLP: married 
or living with partner, and (c) WDS: widowed, divorced, 
or separated. The gender variable was used as originally 
recorded: male (M) and female (F).

The survey asked the respondents about their use of 
eight major social media platforms. In this study, we 
indexed these as (1) Instagram, (2) Snapchat, (3) Twitter, 
(4) Pinterest, (5) YouTube, (6) LinkedIn, (7) Facebook, 
and (8) Tumblr. Henceforth, we use these indices 1 through 
8 to denote the corresponding platforms. We categorized 
the responses into 5 frequency levels of social media use 
indexed in the following order: (1) “Never,” (2) “Less 
often” or “Every few weeks,” (3) “1–2 times a week,” (4) 
“3–6 times a week” or “About once a day,” and (5) “Several 
times a day.”

As a measure of each respondent’s level of loneliness, 
the survey reported a score based on the well-known UCLA 
Loneliness Scale (LS) (Russell et al., 1980, 1996). The LS 
scale includes 20 questions which are grouped into posi-
tively and negatively worded questions groups. A positively 
worded question such as, “How often do you feel that there 
are people you can talk to?” is paired its negatively worded 
counterpart, “How often do you feel that people are around 
you but not with you?” There are four possible answers to 
each question: “always,” “sometimes,” “rarely,” or “never,” 
which are scored as 4, 3, 2, and 1, respectively, for a posi-
tively worded question, while the same for a negatively 

worded question is reversed. The total LS score for a 
respondent is in the range of 20 to 80 points, with the mid-
point at LS = 50. Thus, higher LS score indicates a greater 
level of loneliness for the respondent.

We created a computational pipeline that consists of the 
following sequence of steps:

1. Clustering of social media use: unsupervised identifi-
cation of common patterns of social media use by the 
respondents.

2. Demographic characterization of clusters: test of rep-
resentation of all possible combinations of age and race 
groups in the clusters from step 1.

3. Selection of subgroups: using chosen socioeconomic 
variables to split the demographically characterized 
clusters from step 2 into corresponding subgroups.

4. Visualization of subgroups: comparison of the distribu-
tions of LS scores of subgroups obtained from step 3 
using statistics and plots.

Given the significant variation in the frequencies of social 
media use across different platforms (see Supplementary 
Fig. S1), for clustering in step 1, we used an agglomerative 
and sparse hierarchical clustering algorithm described in 
(Witten & Tibshirani, 2010) with Manhattan distance meas-
ure. The algorithm uses an optimization strategy to select the 
features that contribute significantly to the clustering of social 
media use data on 8 platforms from the survey respondents.

In step 2, over-representation in a given cluster (identified 
in step 1) of each of 16 demographic groups (i.e., all 4 × 4 
combinations of age and race categories) was tested with 
one-sided chi-square test of association, and its significance 
determined by a p value threshold of 0.05. In step 3, we split 
these demographically characterized clusters into different 
subgroups of interest, such as by gender, or different socioec-
onomic variables as specified by the user. In step 4, we study 
the differences in the LS distributions across the selected 
subgroups. The LS distributions could be compared numeri-
cally with Kolmogorov-Smirnov (KS) statistics, or using 
visual aids such as boxplot, density plot, violin plot, empiri-
cal cumulative distribution function (ecdf) plot, etc. Survey 
weights were used in the computation of KS statistics and 
ecdf plots to allow for comparison of weighted distributions.

Results

During initial processing of survey data, we noted that for 
a significant proportion of respondents, social media use is 
predominantly of just one platform. For platforms 1 through 
8, we denote the clusters of these “loyal” users as L1–L8, 
respectively. Further, a significant number of respondents 
who have minimal use of all the 8 social media platforms 
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were assigned to a cluster denoted by L0. The patterns of 
social media use in the 8-dimensional data, due to 8 plat-
forms, of the remaining respondents were identified with an 
agglomerative and sparse hierarchical clustering algorithm 
as described in the “Data and Methods” section.

Hierarchical clustering is among the most popular methods 
of unsupervised learning of nested groups in data. Based on 
the dendrogram produced by our hierarchical clustering, we 
determined 4 clusters (called 1, 2, 3, 4) representing 4 dif-
ferent patterns of social media use (Supplementary Fig. S2). 

Fig. 1  Patterns of social media usage of clustered respondents. The radar chart shows the median frequency of use of 8 social media platforms 
for the members of the clusters 1, 2, 3, and 4. The 5 levels of use of the platforms 1-8 are described in the “Data and Methods” section
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The median use of the members of each cluster is shown in 
the radar plot of Fig. 1. Facebook and YouTube were the most 
significant features that are common across multiple clusters, 
with Snapchat and Instagram also significant in some of them. 
Moderate interest in Pinterest and Twitter were also noted. 
Including the clusters L0 and L1–L8, we obtained a total of 
13 clusters of social media use in the survey data, as shown 
in Table 1. The demographic characterization of each cluster 
yields the most significantly represented age- and race-groups 
in each cluster, also shown in Table 1.

For analysis of loneliness data within the context of these 
social media clusters, a user-friendly procedure allows us to 
select different parameters of interest to identify subgroups 
of the cluster members. Thus, we can compare the subgroup-
specific distributions of LS scores and other health outcomes 
using either KS statistics or visual tools. The subgroups could 
be selected either in parallel or sequential manner. It may be 
noted that during sequential selection, the sample size of a 
small subgroup may be further reduced, thereby making it 
harder for comparing patterns. (We followed a standard abbre-
viated notation for denoting the subgroups in the Figures and 
Tables, as shown in the Supplementary Table T1.)

As an example of comparison of subgroups in parallel, 
we compared the LS distributions of 3 subgrouping criteria: 
(1) male vs. female, (2) age below 45 years vs. 45 years or 
above, and (3) marital status SNM vs. MLP vs. WDS. We 
used these 3 selection criteria to dissect 4 clusters based on 
the most significant features in clustering, viz., Facebook 
and YouTube. These clusters are (1) L5: YouTube users (2) 
L7: Facebook users, (3) 2: users of both platforms, and (4) 
L0: non-users. This produces an interesting set of results 
as shown in Fig. 2. We observed that there is no notice-
able difference among the male and female LS distributions 
for clusters 2, L0, or L5 (Fig. 2a, g, and j). Yet, there is a 
clear difference among the LS distributions for male and 
female users of Facebook (L7) shown in Fig. 2d. The null 

hypothesis that these LS distributions are equal was rejected 
by the KS test (p value = 0.0014).

Notably, the two younger age groups (i.e., 1 and 2) in 
the survey, as compared to the two older groups (3 and 4), 
overlap with the popular definition of generations considered 
“digital natives,” or those who grew up in the “digital age.” 
Interestingly, when we compared these younger vs. older 
groups (i.e., of age below 45 years vs. 45 years or above), 
not only did we observe clear differences in their LS distri-
butions for L5 and L7, but the percentile of high LS ( ≥ 50 ) 
actually flips from being higher among the younger users of 
L5 (shown in green in Fig. 2b) to older users of L7 (red in 
Fig. 2e). That is, lonelier respondents were more common 
among the younger YouTube users, while the same is true 
among the older users of Facebook.

Finally, we selected subgroups of the same clusters using 
marital status as the selection parameter, as shown in Fig. 2 
(right column). We observed a pattern that was consistent 
across all clusters. As is expected, MLP had the least propor-
tion of high LS respondents as compared to those in SNM 
and WDS in every cluster. Among the last two subgroups, the 
same proportion was marginally higher for SNM than WDS.

In the next example, given the high representation of 
older Hispanic respondents in the cluster L7 of Facebook 
users (see Table 1), we conducted a parallel comparison of 
loneliness patterns among subgroups of female Hispanic  
age-group 3 (FH3) users of L7 (denoted by FH3_L7). By 
fixing FH3_L7 as our reference group, we varied over 
different choices of parameters Fig. 3. When we fixed the 
cluster to L7 but varied the FH3 subgroup selection cri-
teria between marital status Fig. 3a and education levels 
Fig. 3b, we noted that only the former revealed a signifi-
cant proportion of high LS users in the SNM subgroup 
shown in green in Fig. 3a. No such distinctive high LS 
subgroup of FH3 appeared when we fixed the criteria to 
marital status, and varied the clusters Fig. 3c, d.

Table 1  Demographic 
representation of clusters. The 
significantly represented age- 
and race-groups among each of 
the 13 clusters of respondents 
based on social media use. The 
size of each cluster is shown 
as percentage of total number 
of respondents. An asterisk (*) 
denotes level 3 use of a platform

Cluster Type Size (%) High median use Significantly represented groups

1 Pattern 11.93 1, 5, 7 W2 B2 B3 H2 O2
2 Pattern 24.70 5, 7 W3 B3 H2 H3 O2
3 Pattern 15.60 1, 2, 5, 7 (3*, 4*) W1 W2 B1 B2 H1 H2 O1
4 Pattern 3.32 2, 5, 7 W1 B1 B2 H1 H2 O1
L1 Platform 0.4 1 (Instagram) W2 B1 B2
L2 Platform 0.15 2 (Snapchat) H1 O2
L3 Platform 0.37 3 (Twitter) H3
L4 Platform 0.85 4 (Pinterest) H4
L5 Platform 4.48 5 (YouTube) W3 W4 B3 O1 O2 O3
L6 Platform 0.27 6 (LinkedIn) H3
L7 Platform 22.48 7 (Facebook) H3 H4
L8 Platform 0.06 8 (Tumblr) -
L0 Platform 15.38 (None) W3 W4 B4 H3 H4 O3 O4
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To assess the distinctiveness of the loneliness signature 
identified above, we varied over multiple selection criteria 
as another illustration of such parallel comparison. We fixed 
age, race and cluster but varied the gender to male (Sup-
plementary Fig. S3a); fixed gender, race, and cluster but 
changed the age group to 4 (Supplementary Fig. S3b); and 
fixed age, gender, and cluster but varied the race to white 
and black (Supplementary Fig. S3c, d). While we observed 
a significant percentile of high LS members among the SNM 

subgroups in the Supplementary Fig. S3a, c, these were not 
distinct from the corresponding WDS subgroups.

In our final example, we illustrate the process of 
sequential selection of subgroups. We begin with com-
paring the LS densities of non-Hispanic whites across 
the 4 different age-groups (denoted by W1–W4) and the 
clusters in which they are significantly represented (see 
Table 1). In Fig. 4, we noted interesting bimodal distri-
butions for female white (FW) respondents, in contrast 

Fig. 2  Comparison of LS distributions across different clusters and 
subgroups. The x-axis represents LS, and its mid-point is shown with 
a dashed line. The 4 row panels represent the clusters L5, L7, 2, and 
L0 from top to bottom. The 3 column panels represent from left to 

right the subgroup selection criteria: gender, age, and marital sta-
tus. The LS distributions of the subgroups are shown using different 
colors in each plot
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Fig. 3  Comparison of LS distributions across different subgroup selec-
tion parameters. For illustrative example, we use the group FH3 as ref-
erence. To compare, we fix the cluster L7 but vary the FH3 subgroup 
criteria between a marital status and b education; fix the criteria to 

marital status and vary the clusters to c L0 and d 2. The x-axis repre-
sents LS, and its mid-point is shown with a dashed line. The LS cumu-
lative distributions of the subgroups are shown using different colors 
in each plot

Fig. 4  Comparison of loneliness across clusters, age groups, and 
sexes. For illustrative example, the data for non-Hispanic whites (W) 
are shown here, for all 4 age groups a 1, b 2, c 3, and d 4. The vio-

lin plots show the densities of LS scores (y-axis) for both males (blue) 
and females (pink) for the clusters (x-axis) in which the groups are sig-
nificantly represented. The mid-point of LS is shown with a dotted line
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to their male counterparts, that have significant peaks 
of high LS scores (≥ 50). For instance, such bimodal 
distributions appeared in FW age-groups 2 and 3 of a 
given cluster L5 (YouTube users). They also appeared in 
FW age-group 1 of the clusters 3 and 4. Such bimodal-
ity could indicate the presence of finer subgroup struc-
tures with varying densities of loneliness, which may be 
revealed by the right choice of socioeconomic parameters 
used for further dissection.

To demonstrate, based on different levels of education, 
the 4 subgroups selected above reveal interesting varia-
tions of LS densities as shown in Supplementary Fig. S4. 
In particular, one group that consistently showed peaks 
in the high LS (≥ 50) range was “high school or less” 
(denoted by FW:HS, and shown in green). In the next 
step, we further probed this FW:HS subgroup based on 
marital status of its members, as shown in the cumula-
tive distributions of LS in Fig. 5. Notably, the percentile 

Fig. 5  Comparison of LS distributions in subgroups across marital 
status. The x-axis represents LS scores, and its mid-point is shown 
with a dashed line. The data for FW:HS are shown. The LS distribu-
tions of SNM, MLP, and WDS subgroups are shown in green, red, 

and blue respectively. Two age-groups a 2 and b 3 are compared 
across a fixed cluster L5, and two clusters c 3 and d 4 for a fixed age 
group (1)

Fig. 6  Loneliness among cat-
egories of self-reported physical 
and mental health. In the SNM 
group among the FW users of 
YouTube (L5), the boxplots 
show the LS scores (y-axis) 
for each category (x-axis) of a 
physical health and b mental 
health. The mid-point of LS is 
shown with a dashed line
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of high LS members is significantly higher for those 
with marital status SNM (as compared to MLP or WDS) 
among the FW:HS YouTube users (L5) of age-group 2 
Fig. 5a but not of age-group 3 Fig. 5b. In fact, this dis-
tinctive high LS signature for SNM L5 users (denoted by 
FW2:HS:SNM_L5) did not appear in any other FW:HS 
subgroup (e.g., Fig. 5c, d).

We conclude our sequential analysis by comparing the 
LS distributions across the ordered categories of physi-
cal health and mental health of the FW2:HS:SNM_L5 
respondents, as shown in Fig. 6. We observed clear and 
consistent patterns suggesting higher LS to be associated 
with poorer health outcomes in both cases.

Discussion

A 2018 PEW survey found that while 10% of its respondents 
reported feeling lonely or isolated, the same rate is consider-
ably higher for low-income Americans (16%) than the high-
income group (6%) or for those who have never been married 
(17%) than those who are married (6%) (Bialik, 2018). Indeed, 
a large-scale study of a nationally representative sample of US 
adults aged 19–32 years indicated that perceived social isola-
tion in its study population was greater among single adults 
and those with lower incomes (Nadkarni & Hofmann, 2012). 
In this study, therefore, we have focused on capturing different 
aspects of population heterogeneity in a large nationwide sur-
vey with the needed computational capacity to gain insights 
into cluster- or group-specific patterns of loneliness.

Our clustering of data on social media use of respondents 
revealed a variety of interesting patterns with Facebook and 
YouTube being selected as the most prominent of features 
that contributed to the clustering. We observed significant 
differences in the distributions of high loneliness scores 
within the subgroups of users of both these platforms defined 
by age, gender and marital status. We identified particular 
groups such as predominantly Facebook users who are His-
panic female of age 45–64 years and single or never mar-
ried to have more significant high loneliness percentile than 
other comparable subgroups. Similarly, among the group of 
predominantly YouTube users, we noted that the group of 
non-Hispanic white female respondents of age 25–44 years 
who have high school or less education level and are single 
or never married have more significant high loneliness dis-
tribution. In fact, their high loneliness scores also seem to 
be associated with self-reported poorer physical and mental 
health outcomes. Such group-specific vulnerability has also 
been noted by other studies, such as significantly higher sui-
cide rates in the recent years among all women of age 25–44 
years in the US (Hedegaard & Curtin, 2018).

It is possible that that the concurrent rise of social 
media use and loneliness are due to their occurrence at the 

crossroads of multiple overlapping social psychological pro-
cesses (Cacioppo et al., 2009). Such factors as the need to 
belong, self-presentation, and awareness of events in one’s 
social network could be attributed to popularity of platforms 
such as Facebook while information seeking, status seeking, 
and socializing may drive the Twitter users (Quan-Haase & 
Young, 2010; Nadkarni & Hofmann, 2012; Lee & Ma, 2012). 
In turn, social media use may lead to a variety of both social 
as well as individual level behavioral changes and health out-
comes for different groups of users. For instance, a group of 
undergraduate students in the US were found to have signifi-
cant reductions in loneliness and depression upon limiting 
their use of social networking sites (Hunt et al., 2018).

Relationships between social media use and loneliness 
or social isolation remain unclear, and our findings suggest 
that a deeper focus on group-specific patterns is warranted. 
In a recently published “biography” of loneliness, the author 
explored the landscape of this phenomenon as it affects dif-
ferent groups of people and their very specific conditions—
from widowhood to old age to homelessness, among others 
(Alberti, 2019). The pathways through which loneliness 
may develop in a particular community, and the variety of 
responses that it may generate from its members, call for 
detailed studies that are focused on specific groups, and that 
could inform various psychosocial aspects of healthcare.

Our socioeconomic group dissection approach assumes 
greater significance in the recent context of the COVID-
19 pandemic, during which social isolation may have 
had divergent effects in different subgroups. In our 
future work, therefore, we look forward to extending our 
approach using social network data analysis to identify 
shared patterns of loneliness and depression—possibly 
using a social group vulnerability index—as communities 
worldwide were forced to interact online extensively dur-
ing their largely isolated, digital existence over the course 
of the pandemic.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s41347- 021- 00208-4.
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