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Lonely students typically underperform academically. According to several studies, the
COVID-19 pandemic is an important risk factor for increases in loneliness, as the
contact restrictions and the switch to mainly online classes potentially burden the
students. The previously familiar academic environment (campus), as well as the
exchange with peers and lecturers on site, were no longer made available. In
our cross-sectional study, we examine factors that could potentially counteract the
development of higher education student loneliness during the COVID-19 pandemic
from a social network perspective. During the semester, N = 283 students from
across all institutional faculties of a German comprehensive university took part in
an online survey. We surveyed their social and emotional experiences of loneliness,
their self-reported digital information-sharing behavior, and their current egocentric
networks. Here, we distinguished between close online contacts (i.e., mainly online
exchanges) and close offline contacts (i.e., mainly in-person face-to-face exchanges).
In addition, we derived the interconnectedness (i.e., the densities of the egocentric
networks) and heterogeneity (operationalized with the entropy) of students’ contacts. To
obtain the latter, we used a novel two-step method combining t-distributed stochastic
neighbor embedding (t-SNE) and cluster analysis. We explored the associations of
the aforementioned predictors (i.e., information-sharing behavior, number of online and
offline contacts, as well as interconnectedness and heterogeneity of the close contacts
network) on social and emotional loneliness separately using two hierarchical multiple
linear regression models. Our results suggest that social loneliness is strongly related
to digital information-sharing behavior and the network structure of close contacts. In
particular, high information-sharing behavior, high number of close contacts (whether
offline or online), a highly interconnected network, and a homogeneous structure of
close contacts were associated with low social loneliness. Emotional loneliness, on the
other hand, was mainly related to network homogeneity, in the sense that students
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with homogeneous close contacts networks experienced low emotional loneliness.
Overall, our study highlights the central role of students’ close social network on feelings
of loneliness in the context of COVID-19 restrictions. Limitations and implications

are discussed.

Keywords: COVID-19 pandemic, loneliness, social network, interconnectedness, network density, network
homogeneity, network heterogeneity, digital information-sharing behavior

INTRODUCTION

In early 2020, the new COVID-19 brought drastic
transformations to the lives of many people around the
world. Many nations enacted far-reaching COVID-19 measures,
such as masking mandates and restricting in-person face-to-face
contacts. The resulting school and university closures affected
over 1.5 billion students and adolescents, according to UNESCO
(2021). Higher education institutions across many countries
switched to online distance education at short notice. This
so-called emergency remote teaching (Hodges et al., 2020) had a
profound impact on teaching. The learning spaces transformed
from shared seminar rooms and library space to the personal
confines of the home. In-person teaching was replaced by
asynchronous and synchronous online courses. This change
from offline teaching to online teaching posed new challenges
for the digital skills of the students. Online tools had to be
operated; reliable webcam and microphone communication
had to be established; and online information exchange with
other peers had to be ensured. Students who could not meet
these requirements could fail to catch up. Not only was teaching
restricted, so, too, were regular in-person meetings with other
students and friends. The COVID-19 restrictions greatly limited
the opportunities to meet others in-person not only on campus
and in seminars, but also in the context of students’ private lives.
In many countries, contact with more than one person outside
the household was prohibited. This led to an increased feeling of
loneliness (Liu et al., 2021)—especially when the exchange with
close contacts (i.e., the people with whom they discuss sensitive
topics) was no longer possible in-person (Russell et al., 2012).
The aim of the study is to explore possible factors influencing
students’ feelings of loneliness in a German sample. We
hypothesize that an aspect of digital skills, i.e., the ability to
easily exchange information with peers called “information-
sharing behavior,” have a lowering effect on the perception of
loneliness. Furthermore, we focus on the close social network of
the students (i.e., the people with whom they discuss sensitive
topics) and investigate the connections between their structures
and students’ perceptions of loneliness. For the first network-
related question, we examine whether the way in which students
communicate with their close contacts has a varying impact on
their sense of loneliness. Here we distinguish between the number
of contacts with whom communication took place mainly online
and the number of contacts with whom communication took
place mainly offline, i.e., in-person. The second network-related
question concerns the connectivity structure of the network,
namely, whether greater interconnectivity in the close social
network is helpful to students’ sense of loneliness. The last

question addresses the diversity of the network, i.e., whether it
is more helpful to have many close contacts of a similar type
or whether a high degree of diversity is more helpful. Here, we
implicitly consider the mechanisms of social network formation
(i.e., selection and influence effects).

THEORETICAL BACKGROUND

COVID-19 Pandemic Restrictions and

the Feeling of Loneliness

Worldwide the COVID-19 pandemic had a far-reaching impact
on higher education teaching. In 165 countries, schools and
universities were closed (UNESCO, 2020), and a sudden switch
from mainly offline teaching to a special form of online
teaching occurred. Due to its differences from conventional
online teaching, the term emergency remote teaching was coined
(Hodges et al., 2020). For the more than 1.5 billion affected
students and adolescents, this meant a blatant rift in their social
environment. Alongside the extracurricular contact restrictions,
students lost many opportunities to meet and interact with peers
and other close contacts outside of their own households. For
example, in many countries, contact with more than one person
outside the household was prohibited. As a result, many contacts
were eliminated, and increasing feelings of loneliness had to be
confronted (Bu et al., 2020; Liu et al., 2021).

Loneliness has harmful effects on academic achievement. In
particular, evidence suggests that feelings of loneliness can have a
negative impact on grades (Neto et al., 2015; Rosenstreich and
Margalit, 2015) and are associated with an increased attrition
rate (Rotenberg and Morrison, 1993; Alkan, 2014). Loneliness
can affect academic grades through multiple impact pathways.
For one, studies show that loneliness leads to a decrease in
self-efficacy (Fry and Debats, 2002; Al Khatib, 2012), which
itself affects the academic performance (Honicke and Broadbent,
2016). Loneliness can also lead to so-called learning burnout
(Lin and Huang, 2012), where the students experience emotional
exhaustion and negative attitudes toward their learning and
university activities (Schaufeli et al., 2002).

The increased dropout rate of lone students (i.e., student
attrition), is described by Tintos (1993) student integration
model. His concept implies that student attrition is associated
with the student’s perceived (person-environment) fit to
the university environment, ie., feeling lonely represents a
suboptimal fit. Rotenberg and Morrison (1993) repeatedly
measured the loneliness of freshman students on two consecutive
fall semesters and were able to show that loneliness predicted
attrition, even after controlling for poor grade point average.
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This finding is supported by additional research indicating that
positive social relationships make a substantial contribution
to explaining students’ academic satisfaction, which is a key
indicator of student attrition (Bernholt et al., 2018). Overall,
literature suggests that there is a connection (albeit moderate;
Rotenberg and Morrison, 1993) between experience of loneliness
and academic performance.

Loneliness as a Multidimensional
Construct

Loneliness is understood as the subjectively perceived
discrepancy between desired and actual social relationships
(Weiss, 1973). According to Weiss' topology, loneliness is a
multidimensional construct. It is characterized by two aspects:
social loneliness and emotional loneliness. Social loneliness refers
to the number of relationships that is less than the desired
number. For example, people who have recently moved (e.g.,
to a new city or university) are likely to experience this form
of loneliness (Russell et al., 1984). Emotional loneliness, on the
other hand, refers to situations in which the absence of closeness
and intimate relationships is lamented. For example, people
who have recently been widowed or had a romantic relationship
broken off often experience this form of loneliness (Russell
et al., 1984). This proposed two-dimensional nature of loneliness
means that someone can feel lonely even though they have many
friends (i.e., low social but high emotional loneliness; Weiss,
1973). The involuntary constraints of the COVID-19 pandemic
led to a reduction of the (close) social network, which in turn
had a direct impact on the emotional as well as the social sense
of loneliness of both young and old adults (Killgore et al., 2020;
Liu et al., 2021).

Factors Related to Loneliness During

COVID-19 Restrictions

Digital Information-Sharing Behavior and the Close
Social Network

During the COVID-19 pandemic, the importance of digital skills
was twofold. First, the newly introduced emergency remote
teaching placed demands on students’ digital skills. Students
were required to use online tools and to exchange information
efficiently with fellow students and lecturers so as to avoid falling
behind the lecture—what Hong and Kim (2018) call information-
sharing behavior.

Second, the pandemic restrictions posed new challenges to
communication with friends and fellow students, whose presence
plays an important aspect in feelings of loneliness (Russell
et al,, 2012). Due to the loss of in-person meetings, it was now
essential for higher education students to be able to efficiently
exchange information with close contacts via common (digital)
communication tools (i.e., telephone, video chat, messenger)
to avoid losing touch. The ability to exchange information is
therefore an essential building block for remote teaching, as well
as for maintaining one’s online social network.

The widespread adoption of the internet in many people’s daily
lives created new ways of communicating with their contacts
(e.g., via chat, voice, or video chat). This raises the question of

whether online communication can even serve as a substitute for
in-person face-to-face contact and if, to which extent has it an
impact on feelings of loneliness?

Some researchers argued that online communication could
have a negative impact on people’s well-being because it displaces
time that could be spent with friends in-person (e.g., Kraut et al.,
1998). Other researchers reasoned that online communication
could increase the quality of relationships with friends and
therefore one’s own well-being (e.g., Valkenburg and Peter,
2007b). While there is evidence for both hypotheses (e.g.,
Kraut et al, 2002), it seems to be of great importance with
whom, rather than whether, people communicate online (for a
concise literature review, see Valkenburg and Peter, 2007a). If
the exchange takes place, for example, with friends and other
close contacts (i.e., “strong ties” according to Granovetter, 1973),
positive effects on relationship quality as well as on feelings
of loneliness were shown, especially with new communication
methods, such as video chat (Shaw and Gant, 2002; Manago et al.,
2020; Nakagomi et al., 2020). This association does not tend to
occur in the case of online exchanges with casual acquaintances
(i.e., “weak ties”; Valkenburg and Peter, 2007b).

The preceding findings are strengthened by further loneliness
research, since a central decisive factor for the perception of
loneliness is the immediate social network (i.e., a person’s close
contacts) and the social support that it provides (Nicpon et al.,
2006). Lonely individuals have a lower number of close contacts
(Shin, 2007) and are less likely to interact with them than non-
lonely individuals and thus, may experience lower levels of social
support (Russell, 1982). Jackson et al. (2000) showed a direct link
between social support and loneliness among college students.
Low levels of social support during the semester predicted
feelings of loneliness at the end of the semester. This also applies
in the online context, where a lower perceived social support is
associated with a lower number of online contacts (Nabi et al.,
2013; Dai et al,, 2021), all of which can affect the feeling of
loneliness (Moody, 2001).

Opverall, previous research indicates that, in the context of
COVID-19 restrictions, individuals who are more capable of
communicating seamlessly online with their existing close circle
might be better protected from feelings of loneliness (Valkenburg
and Peter, 2007b; Kralj Novak et al., 2015; Kluck et al., 2021). This
effect is further enhanced by a higher number of close contacts,
which could also translate to online exchange (Shin, 2007; Nabi
etal, 2013; Dai et al., 2021).

Interconnectivity of Close Contacts

Along with the number of social relationships, the
interconnectedness of the circle of contacts is an important
factor in the individual’s sense of loneliness (Stokes and Levin,
1986; Bell, 1991; Kovacs et al., 2021). As described above,
the circle of family and close friends might be particularly
protective against feelings of loneliness. This close network, also
sometimes referred to as bonding capital, is characterized by a
relatively high degree of interconnectivity (Salehi et al., 2019).
In network research, interconnectedness is expressed in terms
of network density which indicates the ratio between existing
links in the present network and the theoretical maximum
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number of links (i.e., everyone is connected to everyone else).
An early cross-sectional study by Stokes (1985) supports that
a high interconnectivity (i.e., high density) of an individuals
close contacts can be an important correlate of low feelings of
loneliness. In Stoke’s case, interconnectivity turned out to be
even more relevant than the number of close contacts. However,
the favorable link between interconnectivity and feelings of
loneliness does not appear to be unconditional. Other research
suggests that loneliness may spread through social networks,
much like a viral infectious disease (Cacioppo et al., 2009);
therefore, the “contagiousness” of loneliness should be taken into
account, particularly in longitudinal study designs. However,
as shown by Stokes (1985), a loneliness-reducing effect of
interconnectivity dominates in cross-sectional designs.

Diversity of Close Contacts

A further aspect that can contribute to an individual’s feeling of
loneliness is the homogeneity or diversity of the network actors.
Here we refer to homogeneous networks if the network actors are
very similar to each other (e.g., in terms of behavior or attitudes),
and to heterogeneous networks if they are very dissimilar to each
other. Homogeneous networks are often a result of mainly two
processes: selection and influence (Snijders, 2001).

Selection means that contacts outside the family circle are
selected according to one’s own preferences, i.e., new contacts
who have similar characteristics to oneself are favored. This
process is based on homophily (McPherson et al., 2001), which
can be expressed with the phrase “birds of a feather flock
together.” Selection processes are observed in the offline school
context (Burk et al., 2008; Steglich et al., 2010; Hopp et al., 2019),
in university (Mayer and Puller, 2008; Smirnov and Thurner,
2017), as well as in online contexts (e.g., in online social networks;
Mayer and Puller, 2008; as well as in online mentoring; Hopp
et al,, 2020). Choosing new contacts selectively can lead to
homogeneous individual networks (Mayer and Puller, 2008; and
clusters in the global network; Cacioppo et al., 2009; Hofstra et al.,
2017). Additional to selection, influence processes occur between
people in the same network and can increase homogeneity of
the network. Here, behaviors (e.g., smoking) or attitudes (e.g.,
confidence) can spread between the actors in the network.
Influence processes have been identified in many contexts—
offline and online (e.g., Mercken et al., 2010; Caravita et al., 2014;
Hopp et al., 2020). Moreover, there is evidence that loneliness
can also spread through influence processes—especially through
close friends (Cacioppo et al., 2009).

Research to date indicates a desirable role of homogeneous
close contacts networks in terms of low feelings of loneliness,
although studies so far have been rather limited. Homogeneous
networks often consist of close contacts, such as family and
close friends, whereas in heterogeneous networks, links between
the actors tend to be rather weak (Coffé and Geys, 2007).
Especially family and close friends play a major role in the
feeling of loneliness (Weiss, 1973). Some studies on bonding
capital (i.e., the network consisting of close contacts) underline a
protective effect of homogeneity on feelings of loneliness (Simons
et al., 2020; Thomas et al., 2020). Few studies have explicitly
investigated the homogeneity of the network based on different

types of actors. Van Baarsen et al. (1999) examined different
types of relationships (e.g., parent, child, friend, etc.) and could
demonstrate this protective association in a sample of Dutch
elderly. Ashida and Heaney (2008) showed that in older adults,
more homogeneous networks in terms of the network members’
demographic characteristics could improve social support and
therefore people experience less feelings of loneliness (Russell,
1982). However, contradicting research in older subpopulations
indicates that homogeneous network connections might increase
the risk of loneliness, due to the reduced resilience that
homogeneous networks might be associated with (Robustelli
et al., 2017; Liebke, 2019).

Nevertheless, due to the unusual situation of COVID-
19 constraints, homogeneous networks (indicating high social
support) may be predominantly related to perceptions of low
loneliness (evidence of limited comparability, Benkel et al., 2009).

The Current Study

The COVID-19 pandemic and the resulting restrictions on face-
to-face interactions present a novel research opportunity to
explore associations between one’s social network and one’s sense
of loneliness. We investigate to what extent digital information-
sharing behavior and the structure of close contact networks help
to mitigate feelings of loneliness in higher education students.
Here, we examine a sample of German students who were
exposed to the above-mentioned COVID-19 restrictions during
the study period.

Digital information-sharing behavior should make it easier to
deal with contact restrictions; that is, students demonstrate the
ability to communicate and interact via online tools. Therefore,
our first hypothesis is:

Hypothesis 1. In the given context of COVID-19
restrictions, digital information-sharing behavior is
associated with lower feelings of loneliness, both in terms
of social loneliness (H1a) and emotional loneliness (H1b).

The immediate social network (i.e., close contacts) is a central
factor that plays a decisive role in the perception of loneliness
(Nicpon et al., 2006). We consider three structural measures,
ie., number of close contacts, interconnectivity of the social
network, and homogeneity of the social network members.
We distinguish between offline and online contacts to examine
how the number of online contacts affects students’ feelings of
loneliness. Therefore, we investigate the following hypothesis:

Hypothesis 2. In the given context of COVID-19
restrictions, a higher number of online contacts are
associated with lower levels of loneliness, both in terms of
social loneliness (H2a) and emotional loneliness (H2b).

Beyond the number of contacts, the interconnectivity of the
contacts is also likely to contribute to a supportive network and
could thus be associated with a low sense of loneliness.

Hypothesis 3. In the given context of COVID-19
restrictions, higher interconnectivity of all close contacts
is associated with lower social (H3a) and lower emotional
(H3D) loneliness.
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Finally, we argued that homogeneous networks are linked with
low feelings of loneliness. Therefore, we investigate the fourth
hypothesis:

Hypothesis 4. In the given context of COVID-19
restrictions, higher homogeneity of contact types is
associated with lower social (H4a) and lower emotional
(H4b) loneliness.

MATERIALS AND METHODS

Sample

In total, the raw data set consisted of 363 students enrolled at the
University of Erlangen-Nuremberg, Germany. The performed
data cleaning (see section “Plan of Analysis”) resulted in 283
listwise complete cases (78.0%). Comparison between the two
samples (100 and 78.0%) led to no significant differences (¢-tests,
all | | < 0.78, all p > 0.44) regarding all variables depicted in
Table 1.

Participants were members of the following university
faculties: 34.1% faculty of humanities, social sciences, and
theology, 18.6% faculty of business, economics, and law, 17.6%
faculty of engineering, 16.1% faculty of medicine, and 13.6%
faculty of sciences. The participants were between 18 and 59 years
old (Myge = 23.5 years), and were predominantly female (i.e.,
72%). On average, students were in the middle of their fourth
semester (Mgemester = 4.54). For more details (see Table 1).

Procedure

The data collection was conducted during the summer semester
in 2020 at the University of Erlangen-Nuremberg in Germany
as an online survey with one measurement. At that time,
Germany was subject to the restrictions described in the
introductory section, such as lockdown orders, and higher
education teaching was mainly online. All enrolled students

TABLE 1 | Descriptives (n = 283).

M SD Median Mad Min Max Skew Kurtosis

Age 23.48 5.06 22.00 2.97 18.00 59.00 3.30 15.27
Gender* 1.72 046 2.00 0.00 1.00 2.00 -0.89 -0.90
Semester 454 274 400 297 1.00 15.00 0.99 0.85
Social loneliness 239 1.03 220 119 1.00 540 057 -0.37
Emotional 3.06 1.01 3.00 099 1.00 6.00 0.15 -0.34
loneliness

Offline contacts 272 157 300 148 0.00 800 049 -0.07
Partner 0.54 050 1.00 0.00 0.00 1.00 —-0.15 —1.99
Inf.-sharing beh. 529 0.85 550 074 1.75 6.00 —1.52 2.57
Online contacts 2.64 174 3.00 148 0.00 800 0.62 0.21
Interconnectedness  0.68 0.29 0.70 040 0.00 1.00 —0.58 -0.54
Heterogeneity 1.13 0.41 115 0.34 0.00 1.91 —0.80 0.55

Mad, median of absolute deviation. Partner refers to current significant other. Both
interconnectedness and heterogeneity refer to all contacts, regardless of online
or offline. *Gender coding: 1 = “male,” 2 = “female.” Inf.-sharing beh. stands for
information-sharing behavior.

were notified about the questionnaire via email from an
official university channel. They were informed that the online
survey will take approximately 12 min and that it is about
students’ personal social network and that the results might
help to better understand the changes in student life due
to (the COVID-19) contact restrictions. The questionnaire
was implemented in the German language using the online
survey system Unipark Questback EFS (unipark.com). After
answering demographic questions and the batteries regarding
loneliness and digital information-sharing behavior, participants
were asked to name up to eight close contacts with whom
they had “discussed matters important” to them in the last
4 weeks. Here, the participants were instructed not to use
names that would allow conclusions to be drawn about the
contacts named. Then the students had to answer for each
given contact the following items. For distinguishing “offline”
from “online” contacts, they had to provide the main channel
of communication during the past 4 weeks. For deriving
the students’ contacts’ heterogeneity, students provided the
contacts’ initiation of exchange, gender, residence, relationship
to student, social attraction, and media skill, see Supplementary
Appendix for more details. To determine the interconnectivity
between the subjects’ contacts, we presented participants with
an upper triangular matrix (based on the previously mentioned
close contacts) in which we indicated to them, step-by-step,
that they could mark which contacts knew each other by
checking boxes. After 2 weeks, students were reminded again
to complete the questionnaire. Subsequently, the questionnaire
data were extracted and subjected to further data processing.
In accordance with the institutional commissioner for data
protection, participants’ privacy was protected; all data has been
anonymized; and participating students were not disadvantaged
due to non-participation. Informed consent of the participants
was obtained by virtue of survey completion.

Measures

Social and Emotional Loneliness

To assess social and emotional loneliness, the Loneliness Scale
developed by Jong Gierveld and colleagues was used (Jong
Gierveld and Kamphuls, 1985; de Jong Gierveld and Van Tilburg,
1999). The total 11 item scale consists of separate social (5 items)
and emotional (6 items) loneliness subscales, and is demonstrated
to be valid and reliable measurement instruments for these
phenomena (van Baarsen et al., 2001; Dykstra and Jong Gierveld,
2004). They were measured using a six-point Likert scale with
1 = “not at all true” to 6 = “completely true,” and were recoded, if
necessary. A high scale value indicates high-perceived loneliness.

Social Loneliness

The social loneliness subscale (e.g., “there are enough people
I feel close to,” recoded) showed good internal consistency
indicated by Cronbach’s a = 0.88. The subscale showed a good
one-dimensionality, indicated by McDonald’s wy, = 0.84, which
gives the proportion of variance in scale scores accounted for
by a general factor (McDonald, 1999). A high  total value
of McDonald’s w; = 0.91 indicated a reliable multidimensional
composite (Watkins, 2017).
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Emotional Loneliness

The emotional loneliness subscale (e.g., “I miss having people
around”) showed acceptable internal consistency indicated by
Cronbach’s o = 0.78. The subscale showed an acceptable one-
dimensionality, indicated by McDonald’s w}, = 0.66 (McDonald,
1999). Again, a high o total value of McDonalds w; = 0.89
indicated a reliable multidimensional composite (Watkins, 2017).

Information-Sharing Behavior

We used the “Information-Sharing Behavior” subscale of the
measurement tool “Readiness for Academic Engagement Scale”
(Hong and Kim, 2018). The subscale consisted of four items (e.g.,
“I can interact with classmates using real-time communication
tools, for example, video conferencing tools or messengers”)
and used a six-point Likert scale with 1 = “not at all true”
to 6 = “completely true.” The subscale showed good internal
consistency indicated by Cronbachs o = 0.83. The McDonald’s
hierarchical w indicated good one-dimensionality with wy, = 0.79
(McDonald, 1999). A high McDonald’s total w value of w; = 0.87
indicated a reliable multidimensional composite (Watkins, 2017).

The Online Exchange With the Social Network of
Close Contacts

Participants were asked to name up to eight close contacts
with whom they had “discussed matters important” to them,
which is based on Marsden’s(1987) name generator. For each
contact mentioned, they were also asked to indicate whether the
exchange occurred predominately online (e.g., video chat, instant
messenger) or predominately offline (i.e., in-person face-to-face).
Thus, a student could have up to eight close contacts with varying
numbers of online and offline contacts (e.g., two offline and six
online contacts, or one offline and three online contacts).

Interconnectivity of Close Contacts

Interconnectivity describes the extent to which a student’s
contacts know each other. The interconnectivity was
operationalized with the network measure density, which
represents the ratio of observed connections to the maximum
possible connections. It is calculated with the formula
(2 x d)/(N x (N-1)), where N is the number of all contacts
in the network and d the observed connections between the
contacts. The value ranges from 0 (i.e., no one knows each other)
to 1 (i.e., all the contacts know each other). For example, if a
student has three contacts, and two contacts know each other,
then the interconnectivity is 1/3 (because one of three possible
connections is realized).

Heterogeneity of Close Contacts

As the measure of network heterogeneity, we chose the Shannon
entropy (also called Shannon index; Jost, 2006) of the close
contact types of each student. The Shannon entropy is a widely
used, reliable measurement of homogeneity or heterogeneity
(Jost, 2006; Masisi et al., 2008)". For calculating the entropy, we
derived the types of close contacts using a two-step procedure.

1Other measures such as the Blau index (also known as Gibbs-Martin index or
Gini-Simpson index) represent a similar reliable measurement of heterogeneity
(Jost, 2006) and showed no major changes in our results.

Here, we collected additional variables for each contact (e.g.,
closeness to person and residence) and applied a combination
of t-distributed stochastic neighbor embedding (t-SNE; i.e., step
1) and cluster analysis (i.e., step 2) to derive 12 types. A detailed
description of the used variables and process of analysis can be
found in Supplementary Appendix.

For each participant, the Shannon entropy is defined as the
negative of the sum of the probability of each close contact
type multiplied by the logarithm of the probability of each close
contact type. A high entropy value reflects high heterogeneity,
and a low entropy value reflects low heterogeneity (i.e., high
homogeneity). The numerical value of entropy is determined
by two properties, by the number of types and their probability
distribution. The entropy increases with the number of types and
with an equal distribution of these types. If the number of types is
given (e.g., the eight close contacts consist of two types “type A”
and “type B”), the Shannon entropy reaches its maximum when
all types are occupied with equal frequency (e.g., four contacts are
“type A” and four contacts are “type B”)—regardless of the order
of the types. We found twelve different types of close contacts;
thus, entropy theoretically could take values between zero and
log(12) = 2.5. However, since only a maximum of eight contacts
could be named, the entropy was limited to log(8) = 2.1.

Plan of Analysis

Data Preparation

The data were available as an SPSS file and were prepared for
the following steps using SPSS v26 (IBM Corp, 2019): Definition
of missing values, recoding of negatively worded items, and
calculation of scales. Subsequently, further processing of the data
took place in R v4.0.4 (R Core Team, 2020). The data set was
examined for duplicates, and individuals who had more than 90%
missing values in the dependent or independent variables were
removed (n = 13, 3.6%). In addition, n = 67 (18.5%) cases showed
missing values in the dependent or independent variables and
were excluded from further analysis. Subsequently, we calculated
the variables: offline and online contacts, interconnectedness, and
heterogeneity, as reported in section “Measures.”

Data Analytic Strategy
We began our data analysis by examining the descriptive statistics
and the bivariate Pearson correlation to provide a first impression
of the structure of the variables of interest. This was followed
by our main analysis consisting of hierarchical regressions with
social and emotional loneliness as criteria. The control variables
were age, gender, and the presence of a partner (derived from the
variable “relationship to student” of the indicated close contacts).
We built the hierarchical regression on a base model with the
independent variables gender, age, offline contacts, partner, and
the corresponding loneliness subscale as the dependent variable.
First, to test hypotheses Hla and HIb, ie., the beneficial
relationship of information-sharing behavior on social and
emotional loneliness, we added the variable information-sharing
behavior as an independent variable to these baseline models.
Second, for testing hypotheses H2a and H2b, i.e., the association
between higher number of online contacts and lower social and
emotional loneliness, we added the variable online contacts,
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as an independent variable to the previous models. Third,
to test hypotheses H3a and H3b, ie., the beneficial link
of higher interconnectedness of the student’s close contacts
and feelings of social and emotional loneliness, we added
interconnectedness as an independent variable to the previous
models. Fourth, heterogeneity of the close contacts was added
to the models as an independent variable to address hypotheses
H4a and H4b (i.e., the correlation of lower heterogeneity
with lower social and emotional loneliness). Finally, to explore
the relative contributions of the predictors to the variance
decomposition of the final models, a relative importance
analysis was performed using the proportional marginal variance
decomposition as proposed by Feldman (2005). Confidence
intervals were determined via bootstrapping with n = 10,000
bootstrap runs. For the regressions, two-sided hypothesis tests
were used, each with an alpha level of a = 0.05.

For the mentioned analyses, we utilized R (v4.0.4; R
Core Team, 2020), as well as the following packages: for
general descriptives psych v2.1.3 (Revelle, 2020), for graphics
ggplot2 v3.3.3 and scatterplot3d v0.3-41 (Ligges and Maichler,
2003; Wickham, 2016), for cluster analysis factoextra v1.0.7
(Kassambara and Mundt, 2020), for t-SNE analysis Rtsne v0.15
(Krijthe, 2015), for calculating Shannon entropy vegan v2.5-
7 (Oksanen et al., 2020), and for relative importance analysis
relaimpo v2.2-5 (Gromping, 2006).

RESULTS

Descriptives and Correlations

The descriptives of the participants included in the analysis
can be found in Table 1. Students had—on average—an equal
number of offline and online contacts, £(558.01) = 0.63, p = 0.53.
Fifty-eight students (i.e., 20%) reported the maximum of eight
possible close contacts. Every second student (i.e., 54%) reported
having communicated with their significant other (i.e., partner).
The value of mean interconnectedness (i.e., a density value
of 0.68) indicates that approximately two-thirds of all possible
acquaintance connections between the students’ contacts were
present, which is considered as high (Giannella and Fischer,
2016). Additional results can be found in Table 1.

The correlation analysis, see Table 2, showed—as expected—a
high correlation between emotional and social loneliness. Social
loneliness correlated higher with the number of contacts (online
as well as offline) and digital information-sharing behavior than
did emotional loneliness. The number of close contacts (i.e., sum
of offline and online contacts) correlated moderately with social
loneliness, r(281) = -0.36, p < 0.001, and weakly with emotional
loneliness, r(281) = -0.12, p = 0.047.

Social Loneliness

Regression Results

To assess the associations between social loneliness and the
assumed independent variables, a hierarchical linear regression
was conducted. All results can be found in Table 3. All resulting
linear regression models showed good fit, indicated by normally
distributed residual variances and no signs of heteroscedasticity.
The variance inflation factors (O’Brien, 2007), and the condition
numbers (Kim, 2019) of all models indicated no collinearity
between the predictors.

Starting from a base model, we added the appropriate
predictors for each hypothesis. The base model including gender,
age, offline contacts and presence of partner showed a fit of
adjusted R* = 0.042, F4, 278) = 4.07, p = 0.003; see Table 3
for more details. While a higher number of offline contacts was
associated with decreased social loneliness (f = -0.18, p = 0.002),
the presence of a partner showed no significant effect. While age
was not related to loneliness, female participants showed higher
levels of loneliness on average, f = -0.12, p = 0.049.

By adding information-sharing behavior as a predictor, the
model fit improved significantly by AR? = 0.037, p = 0.009,
as displayed in Table 3. The significant regression coefficient
indicated a relationship between increased information-sharing
behavior and decreased social loneliness (f = -0.20, p < 0.001).
Thus, we accept Hypothesis 1a.

The number of online contacts increased the model fit
significantly by AR? = 0.067, p < 0.001 and showed a significant
negative association with social loneliness (p = -0.29, p < 0.001),
as displayed in Table 3, indicating that having more online
contacts is associated with less social loneliness. Thus, we
accept Hypothesis 2a.

TABLE 2 | Pearson’s correlation coefficients of all variables of interest (n = 283).

1. 2. 3. 4. 5. 6. 7. 8. 9. 10.

1. Gender -0.11 -0.13 0.01 0.03 0.15 -0.06 0.11 0.15 0.07
2. Age -0.02 -0.14 -0.01 0.13 0.06 0.12 -0.02 0.10
3. Social loneliness 0.56 -0.19 -0.09 -0.19 -0.20 -0.08 -0.07
4. Emotional loneliness 0.57 -0.05 -0.07 -0.12 -0.08 -0.08 0.07
5. Offline contacts -0.19 -0.06 0.11 0.01 -0.38 0.01 0.32
6. Partner -0.07 -0.05 0.11 0.27 -0.05 0.25 0.10
7. Inf.-sharing beh. -0.20 -0.11 0.02 0.28 0.12 -0.05 -0.02
8. Online contacts -0.19 —-0.06 -0.39 -0.09 0.12 -0.29 0.21
9. Interconnectedness —-0.06 -0.03 <0.01 0.23 -0.04 -0.32 0.1
10. Heterogeneity -0.06 0.09 0.32 0.08 -0.02 0.19 0.10

The upper triangular matrix represents Pearson’s bivariate correlation coefficients; the lower triangular matrix shows partial bivariate correlation coefficients controlled for
age and gender. Correlation coefficients with p < 0.05 are marked bold. No alpha error cumulation correction was applied. Inf.-sharing beh. stands for information-sharing

behavior.
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TABLE 3 | Regression results for social loneliness as the criterion.

TABLE 4 | Relative importance analysis results.

Predictor Base model Model1 Model2 Model3 Model4
Gender —-0.12* —-0.14* —0.09 —0.06 —0.05
Age —0.02 —0.02 0.02 0.02 0.01
Offline contacts —0.18* -0.19* -0.30* —-0.33* —0.41**
Partner —0.05 0.01 -0.02 0.02 0.02
Inf.-sharing beh. -0.20* -0.16"* —-0.17"* —0.15"
Online contacts —-0.29" —-0.36" —0.44*
Interconnectedness -0.18" —-0.22*
Heterogeneity 0.17*
R? 0.055 0.092 0.159 0.186 0.208
AR? 0.055** 0.037**  0.067**  0.027**  0.021**

Standardized regression coefficients. A more detailed table is depicted in
Supplementary Appendix. *Indicates p < 0.05. ** indicates p < 0.01. Inf.-sharing
beh. stands for information-sharing behavior.

By adding the interconnectedness of the students’ contacts, the
model fit significantly increased by AR? = 0.027, p = 0.003. The
significant negative regression weight indicated that an increase
of interconnectedness was associated with lower social loneliness
(B = -0.18, p = 0.001). For more details (see Table 3). Thus, we
accept Hypothesis 3a.

In the final step of the hierarchical regression, the added
heterogeneity predictor significantly increased the model by
AR? = 0.021, p = 0.007, thus resulting in a final model fit of
adjusted R*> = 0.18. As expected, a lower heterogeneity (i.e.,
higher homogeneity) was significantly associated with lower
social loneliness (f = 0.17, p = 0.003, see Table 3). This final model
indicates that having many contacts of a predominately few types
or not uniformly distributed types is associated with low social
loneliness. Thus, we accept Hypothesis 4a.

Relative Importance Analysis of the Final Model

To assess the various contributions to explained variance, we
conducted a relative importance analysis of the final step of
the linear regression model. The results can be found in
Table 4. The final model explained R? = 0.21 of total variance
regarding social loneliness as the criterion, of which age and
gender explained R* = 0.02. Of the remaining R*> = 0.19
variance, digital information-sharing behavior explained 14.8%
(i.e., RZ = 0.03 of total variance). Both offline and online contacts
were the most relevant contributors to the explained variance;
together they resulted in approximately two thirds of R? (i.e.,
64.8%, or R* = 0.12 of total variance, respectively). Offline and
online contacts did not differ in their amount of explained
variance, indicating that the communication channel with close
contacts shows no differences regarding the association with
social loneliness. The two predictors—interconnectedness and
heterogeneity—contributed 12.3% (i.e., R? = 0.02) and 8% (i.e.,
R? = 0.02) respectively, to R2.

Emotional Loneliness

Regression Results

To assess the associations between emotional loneliness and
the predictors, a hierarchical linear regression analysis was
conducted. All results can be found in Table 5. All resulting

Predictors Absolute Proportion Lower Upper  Significant
variance of 95% ClI  95% Cl differences
explained variance

explained

Offline contacts 0.06 32.25 18.08 46.94 a,c

Partner <0.01 0.15 0.00 7.96 a, b

Inf.-sharing beh. 0.03 14.84 1.83 36.09

Online contacts 0.06 32.43 17.15 48.22 b,d

Interconnectedness 0.02 12.32 3.26 25.10

Heterogeneity 0.02 8.00 1.03 16.43 c,d

Explained variances of included predictors for social loneliness as the criterion.
R? = 0.21, of which 0.02 is explained by gender and age. Significant differences
(o < 0.05) in explained variance are marked with the same letter (e.g., the
proportions of variance explained of offline contacts and partner differ significantly,
indicated by the same letter “a”). The confidence intervals (Cl) might be inflated
(Grémping, 2006). Inf.-sharing beh. stands for information-sharing behavior.

TABLE 5 | Regression results using emotional loneliness as the criterion.

Predictor Base model Model1 Model2 Model3 Model4
Gender 0.00 —0.01 0.01 0.02 0.038
Age —-0.14* —-0.14* -0.13* -0.12* —-0.13*
Offline contacts —0.05 —0.05 —0.08 —0.09 —0.19*
Partner —0.05 —0.02 -0.02 —0.01 —0.01
Inf.-sharing beh. —0.11 -0.10 -0.10 —0.08
Online contacts —0.08 -0.11 —0.20*
Interconnectedness —0.06 —0.11
Heterogeneity 0.20™
R? 0.026 0.0387 0.043 0.046 0.074
AR? 0.026* 0.011 0.006 0.003 0.028*

Standardized regression coefficients. A more detailed table can be found in
Supplementary Appendix. * Indicates p < 0.05. ** indicates p < 0.01. Inf.-sharing
beh. stands for information-sharing behavior.

linear regression models showed good fit, indicated by normally
distributed residual variances and no signs of heteroscedasticity.
The variance inflation factors (O’Brien, 2007), and the condition
numbers (Kim, 2019) of all models indicated no collinearity
between the predictors.

Starting from a baseline model, we added the appropriate
predictors for each hypothesis. The baseline model, including
gender, age, offline contacts, and presence of partner, showed a fit
of adjusted R? = 0.01. Neither a higher number of offline contacts
nor the presence of a partner showed any significant effect on
emotional loneliness. Solely higher age was associated with lower
loneliness experience (f = -0.14, p = 0.023).

No significant association between digital information-
sharing behavior and emotional loneliness was found (f = -0.11,
p = 0.078). For more details (see Table 5). Thus, we
reject Hypothesis 1b.

No significant association between the number of online
contacts and emotional loneliness was found (B = -0.05,
p =0.101), thus we rejected Hypothesis 2b.

No significant association between the interconnectedness
of the students’ contacts and emotional loneliness was found
(B = —0.06, p = 0.164), thus we rejected Hypothesis 3b.

Frontiers in Psychology | www.frontiersin.org

January 2022 | Volume 12 | Article 733867


https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org/
https://www.frontiersin.org/journals/psychology#articles

Hopp et al.

Social Networks and Loneliness

TABLE 6 | Relative importance analysis results.

Predictors Absolute Proportion Lower Upper  Significant
variance of 95% ClI  95% Cl differences
explained variance

explained
in %

Offline contacts 0.01 21.43 3.26 47.26

Partner <0.01 0.47 0.01 33.82

Inf.-sharing beh. 0.01 18.88 0.05 54.82

Online contacts 0.01 21.10 2.61 46.03

Interconnectedness 0.01 11.95 0.14 32.73

Heterogeneity 0.01 26.17 4.45 53.71

Explained variances of included predictors for emotional loneliness as the criterion.
R? = 0.07, of which 0.02 is explained by gender and age. Significant differences
(o < 0.05) in explained variance are marked with the same letter (i.e., there are no
significant differences). The confidence intervals (Cl) might be inflated (Grémping,
2006). Inf.-sharing beh. stands for information-sharing behavior.

By adding heterogeneity of the students’ contacts, the model
fit increased by AR? = 0.028, thus resulting in a final model fit of
adjusted R? = 0.05. A significant positive association between the
heterogeneity of students’ contacts and emotional loneliness was
found (B = 0.20, p = 0.002), as displayed in Table 5, indicating
homogenous networks are associated with lower emotional
loneliness. By adding heterogeneity, the two predictors offline
and online contacts turned significant which is addressed in more
detail in the discussion. Thus, we accept Hypothesis 4b.

Relative Importance Analysis of the Final Model

To assess the various contributions to explained variance, we
conducted a relative importance analysis of the final step of the
linear regression model. The results can be found in Table 6.
The final model explained R? = 0.07 of total variance regarding
emotional loneliness as the criterion, of which age and gender
explained R? = 0.02 of the remaining R? = 0.05 variance, digital
information-sharing behavior explained 18.9% (i.e., R* = 0.01
of total variance). Both offline and online contacts were the
large contributors to the explained variance, added together
they resulted in approximately 42.5% of R* (ie., R* = 0.02
of total variance). They did not differ in their amount of
explained variance. Interconnectedness contributed 12.0% to R2.
Heterogeneity made up approximately one quarter of R? (i.e.,
26.2% or R? = 0.01 of total variance).

DISCUSSION

In this study, we investigated higher education students’
perceptions of loneliness in a German sample. The COVID-19
contact restrictions and the rapid move to emergency remote
teaching in higher education resulted in a loss of in-person
contact. In this context, we examined how digital information-
sharing behavior and the structure of students’ close network
(i.e., number of close contacts with whom they communicated
predominately online or offline, interconnectivity of close
contacts, and heterogeneity of close contacts) were related
to students’ feelings of loneliness. Here, we examined social

and emotional loneliness separately. We performed hierarchical
linear regressions and examined the predictive strength of the
predictors via relative importance analyses.

In summary, our findings indicate that social loneliness is
strongly related to digital information-sharing behavior and
the network structure of close contacts. In particular, high
information-sharing behavior, many close contacts (regardless
of whether offline or online), a highly interconnected network,
and a homogeneous structure of close contacts were associated
with low social loneliness. Emotional loneliness, on the other
hand, was mainly linked with network homogeneity, in the
sense that students with homogeneous networks showed low
emotional loneliness.

Regarding our first hypothesis, we looked at the relationships
between information-sharing behavior and social and emotional
loneliness. Information-sharing behavior showed a favorable
relationship with social loneliness: Students with higher
information-sharing behavior showed lower social loneliness
perceptions. We could not find a significant association between
information-sharing behavior and emotional loneliness. Several
possible explanations exist for this connection. The imposed
COVID-19 restriction led to two relevant changes in students’
lives. First, there was a switch to emergency remote teaching,
and second, face-to-face contact was reduced. Emergency
remote teaching posed stressful challenges for many students
and instructors (Clabaugh et al, 2021). Digital information-
sharing behavior facilitated the use of the new focus on remote
teaching (Bergdahl et al., 2020). Students who were able to
cope well with the new virtual learning environment therefore
experienced less stress, which enables them to experience less
feelings of loneliness (Yarcheski et al., 2011; Héndel et al,
2020). Information-sharing behavior also seemed to be helpful
outside the higher education learning context. Our correlation
analysis results imply that higher digital information-sharing
behavior facilitates staying in touch with a higher number of
close contacts, and thus might be linked with decreased feelings
of social loneliness (as suggested by Hypothesis 2). The non-
significant association between information-sharing behavior
and emotional loneliness may be explained by the nature of the
Covid-19 restriction in Germany. Although personal contacts
were severely restricted at the height of the restrictions, it was
still possible to meet another person from another household
in addition to people from one’s own household. Therefore,
participants were able to meet their most important social
contact, usually their own partner or best friend, resulting in little
or no need to shift communication to online communication.
Further—preferably longitudinal—research should explore this
question in more detail.

In our second hypothesis, we tested the relationship between
close contacts with whom mainly online communication took
place and social as well as emotional loneliness. In the case
of social loneliness, we found a relationship in accordance
with the assumptions, i.e., the more online contacts, the less
lonely. In the case of emotional loneliness, this relationship only
emerged in the final model, considering all subsequent effects. As
other research suggests (Subrahmanyam and Greenfield, 2008;
Reich et al., 2012), we assume that due to involuntary contact
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termination by the COVID-19 restrictions, communication with
offline contacts was inevitably shifted to online communication.
In line with our results, this means that in the case of social
loneliness, which according to the definition is mainly related
to the number of close contacts, online communication could—
possibly only temporarily—act as a substitute for the lack of in-
person, face-to-face exchange. However, the desire for intimacy
is not associated with many close friends, resulting in weaker
associations with emotional loneliness (Russell et al., 1984). This
is also supported by our relative importance analysis where the
absolute proportion of variance of close contacts (no matter
whether offline or online) was lower for emotional loneliness
than it was for social loneliness. This result suggests that it is
not the number of close contacts that is decisive, but rather, as
mentioned for example by Weiss (1973), the quality of certain
few contacts is significant toward (not) developing feelings of
emotional loneliness.

Our third hypothesis tested whether higher levels of close
contact interconnectedness were associated with lower levels of
loneliness. Our results indicate that increased interconnectivity
was associated with lower social, but not emotional, loneliness.
Interconnectedness can derive from an evolutionary mechanism
of social networks, namely triadic closure (Schaefer et al,
2010; Bianconi et al., 2014), i.e., if a person has two close
friends, the two friends will almost inevitably get to know each
other over time (e.g., through shared activities, or a shared
social environment). Over time, this leads to an interconnected
close contacts network. For many social networks, a high
level of interconnectivity indicates functioning social support,
since the network consists of people who know each other
and thus originating from the same social environment
(Jones and Moore, 1989; Ashida and Heaney, 2008). Both
interconnectedness and social support have been shown to
have favorable impacts on feelings of loneliness (Jones and
Moore, 1989; Bell, 1991; Ashida and Heaney, 2008). The
unobserved effect of interconnectedness on emotional loneliness
in our study could probably be due to the assumption that
emotional loneliness is mainly related to significant others (e.g.,
life partners, Russell et al., 1984). Significant others usually
account for only a small proportion of the close social network
(Dunbar, 1998; Zhou et al., 2005) and therefore, they exert
relatively little impact on interconnectivity (i.e., the measure of
network density).

In our fourth hypothesis, we considered the relationship
between heterogeneity of the students’ close contacts and feelings
of loneliness; we hypothesized that higher homogeneity would be
associated with lower feelings of social and emotional loneliness.
To derive the heterogeneity, we applied the Shannon entropy
of the close contact types, which we obtained by using a
combination of t-distributed stochastic neighbor embedding
and cluster analysis. The final hierarchical linear regression
model demonstrated that higher contact homogeneity was
associated with lower social and emotional loneliness. High
homogeneity is often associated with networks of trusted
people, who provide social support that might allow students
to better cope with new challenges (Salehi et al., 2019; Simons
et al., 2020). Shannon entropy as a measure of heterogeneity

allows two conclusions about the structure of these social
support networks. A high degree of homogeneity (i.e., low
heterogeneity) can indicate (1) a low number of types or
(2) a non-uniform distribution of the present contact types
in the social support network. In other words, the support
network structure consists either of a few contact types (e.g.,
four persons of “type 1”7 and four persons of “type 2”) or
of several types that are non-uniformly distributed (i.e., some
types are disproportionately frequent, e.g., six persons of “type
1 one person of “type 2, and one person of “type 3”). It is
possible to determine which of the two possibilities applies by
considering the other two predictors relating to the number of
close contacts of the multiple regression (i.e., number of offline
and online contacts). Because the number of online and offline
contacts is correlated with the number of types (r &~ 0.6), the
additional explained variance of the loneliness measures due
to heterogeneity in our hierarchical model can be attributed
to the two structural possibilities by examining the regression
weights of online and offline contacts before and after adding
heterogeneity to the model.

In the case of social loneliness, both predictors online and
offline contacts were already significantly associated with social
loneliness before the inclusion of our heterogeneity measure.
We assume that the additional explained variance after adding
heterogeneity to our model consequently indicates homogeneity
due to a low number of types than a non-uniform distribution
of types. However, the latter possibility (i.e., non-uniformly
distributed types) cannot be completely excluded due to the
increased regression weights of online and offline contacts after
adding heterogeneity to the model. Either way, according to
our results, social support networks associated with low social
loneliness are characterized by many contacts with a low effective
number of types (either few types, or individual types are heavily
overrepresented).

In the case of emotional loneliness, probably only one
structural property of these social support networks applies: the
non-uniformity of types, i.e., an overrepresentation of individual
types. By adding the predictor heterogeneity, the originally
non-significant predictors online and offline contacts turned
significant, indicating shared variance between heterogeneity
and the predictors. Since the number of types is correlated
with the number of online and offline contacts, the remaining
residual effect of heterogeneity mainly describes the distribution
of types. Consequently, in the case of emotional loneliness,
an overrepresentation of a few individual types (ie., the
types are non-uniformly distributed, as seen in social support
networks, Coffé and Geys, 2007) is associated with lower
feelings of loneliness.

Opverall, regarding social loneliness, we interpret our network
related observations as follows: we conclude that close contact
networks formed according to principles of selection, influence
and linkage formation and thus, consisting of many individuals
of mainly a few types, are associated with lower feelings
of social loneliness. In the case of emotional loneliness, we
assume that a different explanatory possibility applies—mainly
specific types (e.g., significant others) of the close contacts
network might be associated with lower emotional loneliness.
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Therefore, the absolute number of close contacts might be
less important in this context, but rather a prioritization of
these special types.

Limitations, Future Research, and

Implications

We would like to address some limitations of our study and
simultaneously put the interpretation of the results in context.
First, since the present study consists of a cross-sectional analysis,
these results only represent correlational associations. However,
a comparison of longitudinal results with cross-sectional results
in similar research contexts indicates that they may well be very
comparable (Newall et al., 2009). Nevertheless, further research
should shed more light on the dynamic nature of the interactions
found. For example, longitudinal analyses could additionally
consider network development and explore the interplay between
selection, influence, and feelings of loneliness. Can contagion
processes regarding feelings of loneliness be demonstrated again,
as indicated by Cacioppo et al. (2009)? What is the temporal
pattern of our observed correlational effects?

Second, we would like to address our sample. It showed
a gender bias and mainly was situated in one state and one
university; therefore, there might be limited generalizability to
populations outside those represented by our sample. Regarding
the gender bias, a comparison with the validation analysis of
the utilized loneliness scales suggests that our results might
be representative (Jong Gierveld and Van Tilburg, 2010). In
addition, our results indicate that age is related to emotional
loneliness, and younger adults report higher emotional loneliness
than older adults do. This is consistent with previous research
(Yang and Victor, 2011; Ang, 2016; Nyqvist et al., 2016) and
may support the generalizability of our sample. In addition,
we cannot rule out the possibility of an overlap of egocentric
networks (e.g., through shared circles of friends or living in
the same apartment) that would violate the necessary statistical
independence for linear regression. However, we expect a
negligible influence on our analyses since students attended
different faculties and a large proportion of students lived with
their parents rather than at the university during the COVID-
19 restrictions. Two other points worth mentioning are the
relatively small sample size and the convenience sample. Both
aspects could explain why we did not find a significant correlation
between the presence of a partner and (emotional) loneliness.
Opverall, we note that while our sample is likely to have limited
representativeness, it nevertheless provides an interesting initial
insight into students” feelings of loneliness during a pandemic
period when only people from a maximum of two different
households were allowed to meet. Still, there is a need to repeat
our analyses with a larger, randomized sample to obtain more
reliable statistical results.

Third, in our study, we wanted to advance a networks
heterogeneity measure one step further by employing Shannon
entropy. There are two reasons why we would like to emphasize
that our study may have limited comparability with previous
research in terms of heterogeneity. First, our method of
measuring heterogeneity, and second, the context in which

previous research has viewed heterogeneity and loneliness. First,
to our knowledge, our study is the first to use the heterogeneity
measure entropy in students’ close networks. Other studies
often employ the so-called social network index, which counts
only the number of social types (e.g., spouse, parents, friends,
etc.) with which an individual interacts (Robustelli et al,
2017; Liebke, 2019). However, when measuring heterogeneity
or homogeneity, respectively, both the distribution of types
and a sophisticated type classification method should be
used (Jost, 2006). We addressed this shortcoming through a
more sophisticated type assignment and the use of Shannon
entropy. It is often used in ecology, information theory,
and thermodynamics (Jost, 2006; Masisi et al., 2008); we
encourage its use in a psychological research context as well.
Second, the context of our study is in part, very distinct
from that of earlier research. Our data reflected only a rather
short-term impact of the COVID-19 restrictions on students’
feelings of loneliness. Most students were aware—or at least
hoped—that these restrictions were only a temporary solution.
Furthermore, it should be noted that a considerable part
of public and private life was affected by the COVID-19
measures and therefore, it is likely that each close contact in
the network experienced impacts on their loneliness. Indeed,
previous loneliness research had been conducted in a different
context, and with different populations. Populations heretofore
studied in loneliness research were often challenged by a lack
of social support in their individual social networks (e.g.,
elderly, Fry and Debats, 2002; as well as populations with
mental health challenges, such as, borderline personality disorder,
Liebke, 2019), where heterogeneity proves beneficial to lower
feelings of loneliness due to its link to resilience (Elmqvist
et al, 2003). Considering the aforementioned points (i.e.,
our method of measuring heterogeneity and our distinctive
study context), our results on the heterogeneity of close
contacts networks have limited comparability with previous
research. Moreover, although the entropy measure represents
an advance over previous heterogeneity measures in network
research, we encourage future research to compare other
indicators of heterogeneity or homogeneity in individual network
environments, or even explore ensemble statistics of multiple
classifiers (Masisi et al., 2008).

Fourth, the relatively low effect sizes for emotional loneliness
could also be associated with the acceptable but rather low
omega hierarchical. A value of wy = 0.66 indicates a rather
poor unidimensional construct, which might affect our results.
This could also be a reason why the presence of a partner
showed only a non-significant value in the regression analysis.
Additional, research findings that a partner is less predictive
of emotional loneliness in young adults than in older adults
may play a role here (Green et al., 2001). In addition, a
relatively high number of students (i.e., 20%) reported the
maximum possible number of close contacts (i.e., eight),
indicating a ceiling effect. While this had no discernible
impact on our results, we recommend that, if the scope of
the study allows it, future research should provide twelve or
more fields for recording close contacts to better account for
the skewed distribution. Moreover, the observed results for
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emotional loneliness open up another possible interpretation:
there may be an unrecognized positive relationship between
the number of contacts and emotional loneliness after all (i.e.,
increased close contacts and decreased emotional loneliness,
see Hypothesis 2b). The effect of the number of close contacts
could be masked by its association with the number of
types and thus with heterogeneity in model 3 (Table 5)
in the following ways: A higher number of close contacts
is correlated with a higher number of types present and
thus with higher heterogeneity, which is negatively related to
loneliness, thus negating the “positive” effect of the number
of contacts. Future research should investigate this possible
relationship in more detail.

From our results, first indications for practical implications
can be derived—albeit to a limited extent due to the limitations
mentioned above. In order to strengthen the positive influence of
information-sharing behavior, universities should rely on easy-
to-use communication software and offer trainings on their
optimal use for lecturers as well as students. In this way, not
only the quality of online teaching might increase but the
hurdle for students to communicate with their peers is also
kept low. Our research revealed a strong association of students’
close social network, which consisted largely of peers (see
Supplementary Appendix), with feelings of loneliness. Other
research reinforces this connection through highlighting the
importance of perceived peer support on feelings of loneliness
(e.g., Kaufmann and Vallade, 2020; Laslo-Roth et al., 2020). Here
the lecturer plays a central role in facilitating these beneficial
effects (Kaufmann and Vallade, 2020). In online teaching, the
lecturer should try to promote interactions between students
and their peers (e.g., through group work in breakout rooms),
to provide opportunities for the development of online peer
support relationships (Kaufmann and Vallade, 2020). It should
be noted that such a supportive environment is more likely
to be created by synchronous teaching methods (e.g., via
video chat platform) and therefore the exclusive use of pre-
recorded material should be avoided. Moreover, our results
imply that interventions for loneliness (outside the context
of higher education) should not only take into account the
individual but also the individual’s network. Here, the focus
could lie on connecting and expanding the close network
(ongoing research projects are already being conducted, e.g.,
Band et al., 2019).

CONCLUSION

The present study provides valuable information about
how students’ close contacts network structures and digital
information-sharing behavior are linked to their experience
of loneliness in the context of the COVID-19 pandemic. This
study distinguished between social (related to the number of
contacts) and emotional (related to intimate contacts) loneliness
and showed different associations with the investigated
predictors. Overall, social loneliness was more strongly
associated with the network structure of close contacts than
was emotional loneliness. A higher number of close contacts,

high interconnectivity and strong homogeneity of those networks
were associated with lower feelings of loneliness—more with
social than with emotional loneliness—regardless of whether the
communication between the student and their close contacts
took place primarily online or offline. We concluded that
homogeneous network structures, which are an indicator of
social support networks, were linked with lower feelings of
loneliness. In addition, digital information-sharing behavior,
which might have facilitated transfer from offline to online
communication, was found to help students cope with feelings
of social loneliness. This study demonstrates that a functioning
close social network and suitable usage of digital tools are
important to cope with new social and educational environments
that will continue to play a decisive role in students’ lives,
even after COVID-19.
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