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Abstract

As social interactions are increasingly taking place in the digital environment, online friendship and
its effects on various life outcomes from health to happiness attract growing research attention. In
most studies, online ties are treated as representing a single type of relationship. However, our online
friendship networks are not homogeneous and could include close connections, e.g. a partner, as
well as people we have never met in person. In this paper, we investigate the potentially differential
effects of online friendship ties on mental health. Using data from a Russian panel study (N = 4, 400),
we find that – consistently with previous research – the number of online friends correlates with
depression symptoms. However, this is true only for networks that do not exceed Dunbar’s number
in size (N ≤ 150) and only for core but not peripheral nodes of a friendship network. The findings
suggest that online friendship could encode different types of social relationships that should be
treated separately while investigating the association between online social integration and life
outcomes, in particular well-being or mental health.
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Introduction

Individual’s mental health is known to be associated with their position within the social network. One of the most
well-established relationships is the association between social integration and depressive symptoms [1–5]. Generally,
social integration is understood as a structural aspect of people’s relationships, that indicates how those relationships
are patterned or organized [6]. However, in most of the studies, social integration is simply defined as the number of
social contacts.

Social integration and depression

Longitudinal studies demonstrate that the association between social integration and depression might be explained by
the protective role of social connections that serve as a stress buffer mitigating the depressive symptoms [6–8], or by
the changes in friendship formation and interactions of individuals with depressive symptoms (i.e. such individuals
tend to withdraw from existing contacts or create fewer new connections) [9, 10]. Based on the National Longitudinal
Study of Adolescent Health data (Add Health, N = 11, 023), Ueno studied the association between the depressive
symptoms and a variety of ego-network patterns [11]. He concluded that the number of friends was the strongest
predictor of depressive symptoms. Although other variables generally showed significant correlations with depressive
symptoms in the expected directions, the associations were very weak, especially when controlling for the number
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of friends. Employing the same longitudinal dataset Shaefer et al. [12] analyzed the role of depressive symptoms in
the evolution of friendship networks and demonstrated that depressed persons withdrew from friendships over time,
leaving them with fewer friends. Depressed individuals were also less likely to be selected as friends by others because
they tend to occupy peripheral network positions. Negriff [10] found that higher levels of depressive symptoms led
to smaller, less connected networks with fewer friends in the largest connected component of the network two years
later. She concluded that individuals with depressive symptoms lack the social skills needed to form and maintain close
relationships, which leads to the dissolution of friendship ties.

Previously reported results on the relationship between social network structure and depressive symptoms were mostly
obtained for complete networks based on self-reported data [4, 12], e.g. by asking school students to nominate their
friends. Having information about the whole network structure allows controlling for a variety of network effects.
However, it limits the generalizability of the findings as it is not clear if they are specific to particular schools or could be
generalized to a large population. As a result, the association between depressive symptoms and ego network structure
is not well understood at the population level. Self-reports on social networks can also be biased [13] which makes it
essential to search for more objective measures of social interactions.

Online social integration

In the past decade, a significant fraction of social interactions migrated online, for example to social media platforms
[14,15]. This process was accelerated in 2020 due to the COVID-19 pandemic and associated restrictions on face-to-face
meetings, making social media and other digital platforms one of the key communication tools for a large part of the
population. Given the central role that social media plays in interpersonal communication, it is important to understand
the relationship between the online social environment of an individual and their depressive symptoms.

Empirical results for online networks largely agree with studies of offline networks. Users suffering from depression
have smaller networks [10, 16, 17] with densely clustered pockets and less frequently explicitly mention their network
partners compared to the non-depressed users [16]. Individuals with suicide ideation and depressive symptoms also
have less clustered personal social networks and tend to connect with individuals similarly oriented toward suicide and
depression [18].

Existing literature on the association between online networks and depressive symptoms mostly does not differentiate
online friends, although online networks are known to consist of multiple layers, which differ in both emotional
closeness with alters [19] and levels of support [20]. Moreover, network studies based on data on offline networks
highlight the distinct impact of different ties on personal well-being [6, 21, 22]. This can also apply to online networks.
For instance, Lup et al. [23] showed that the association between Instagram use and depressive symptoms is moderated
by the number of strangers followed: more Instagram use is related to greater depressive symptoms only for those at
highest levels of strangers followed, and for those at lower levels, Instagram use and depressive symptoms are unrelated.

In this paper, we investigate the potentially differential effect of online friendship ties on mental health, based on the
survey data and data from a social networking site in a sample of young adults.

Methods

Survey data

We used data from an ongoing Russian Longitudinal Panel Study of Educational and Occupational Trajectories
(TrEC) [24] that tracks 4,399 students from 42 Russian regions who participated in the Programme for International
Student Assessment (PISA) [25] in 2012. The initial TrEC sample was nationally representative for one age cohort
(14–15 years old in 2012).

In the 2018 wave, the eight-item Patient Health Questionnaire depression scale (PHQ-8) [26] was included in the survey
to measure depressive symptoms of participants. PHQ-8 asks individuals to self-rate the frequency of various depressive
symptoms over the past 2 weeks using a 4-point verbal scale: “not at all,” “several days,” “more than half the days,”
and “nearly every day.” Depression symptoms are scored as the sum of all items, ranging from 0 to 24. The depression
questionnaire was filled by 2, 554 participants.

The PHQ-8 scale has been shown to be a valid tool in detecting depression across various cultures [27–31] in both
clinical and population-based studies.
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Figure 1: The distribution of the number of online friends. The median number of friends is 132, the majority of
users (56%) have between 50 and 200 friends, however, some users have as many as 4,476 online friends.

.

Data on online friendship

In addition to survey data, the data set includes information on the online friendship of respondents on VK. VK
was created in 2006 as a clone of Facebook and became the most popular Russian social networking site with more
than 100, 000 active users. It is particularly popular among young adults: more than 90% of 18–24 years old use it
regularly [32].

VK provides an application programming interface (API) that enables the downloading of information systematically
from the site. The public API could be used for research purposes according to the VK team.

In 2018, publicly available information from VK was collected for TrEC participants. This online data is available
only for those respondents who provided consent to use their VK data for research purposes (79%). Information on
non-participant was anonymized, i.e. VK ID’s of participants’ friends were removed. The VK data collection procedure
was approved by the Institutional Review Board.

For the purposes of this study, we have analyzed the structure of 1.5 radius ego networks, i.e. the networks that include
friends of a participant on VK and friendship connections between them.

Network size

Typically to empirical social networks [33, 34], there is a large variability in the number of users’ friends: while the
majority (56%) has between 50 and 200 friends, some users have more than 2,000 connections (see Fig. 1). Such
large networks cannot represent meaningful social ties indicating that users employ different strategies when accepting
or sending friend requests on social media. While for some, online friendship might indicate relatively close social
connections, others probably indiscriminately accept or send requests resulting in thousands of online “friends”. To
account for that, we consider separately those who have an unreasonably large number of friends and everyone else. We
choose Dunbar’s number (N = 150) as a threshold to separate these two groups as it is thought to be a soft upper limit
of the personal social network size [35] and was empirically confirmed in both offline and online settings [36–39].

The exact Dunbar’s number is to a certain degree an arbitrary threshold as it is not fixed for every individual but rather
is an approximate estimate. However, we find that in our particular case this choice is reasonable based on empirical
observations (see Results).
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Figure 2: Different approaches to identifying the core friends. Core (red) and periphery (grey) nodes of an empirical
ego network without the ego. Core friends include (a) all nodes of the network, (b) only the nodes in the largest
connected component, (c) only the nodes in 3-core.

Core

We further assume that even for users with reasonably sized networks not all connections are necessarily equally
important. One way to identify meaningful connections is to look at the cohesive structures within the ego networks.
Borgatti and Everett [40] argue that networks tend to follow the core-periphery model. It means that the network
consists of two classes of nodes, namely a cohesive subgraph (the core) in which actors are connected to each other in
some maximal sense and a class of actors that are loosely connected to the cohesive subgraph (the periphery). These two
different structural types of social connections, in turn, might play different roles in network functioning [21]. Cohesive
network connections are more likely to provide emotional support and resource exchange, whereas periphery ties do
not have these properties as they serve different functions (e.g. binding groups together or provide information) [21, 41].
In the case of VK, isolated friends are also more likely to be bots or accounts with fake information [42].

For that reason, we separate online connections into core and periphery nodes. For comparison, we use three different
approaches. First, we include all friends in the core, Fig. 2a. Second, we include in the core only the nodes that are part
of the largest connected component [43], Fig. 2b. Finally, we consider only friends that belong to the network k-core
(k = 3), Fig. 2c, where k-core is a subgraph in which each node is adjacent to at least a minimum number, k, of the
other nodes in this subgraph [43, 44]. We choose k = 3 as it is the largest nontrivial value for our data, i.e. for k ≥ 4 the
size of k-core is zero for a large fraction of networks.

Results

Depressive symptoms and size of the network core

The prevalence of depression (PHQ-8 ≥ 10) is 16.6% in our sample (N = 2, 554). The average PHQ-8 score is 5.3
(S D = 4.7). Similar depression rates have been previously found in samples of students and young adults [22, 45, 46].
The prevalence of depression among men (51.3% of a sample) is lower than among women: 11.5% for men vs 21.9% for
women (P = 2.8 · 10−9, χ2-test). This is expected given that prevalence of depression among women is approximately
two times larger than among men [47, 48].

The mean number of friends on VK is 190, the median is 132, similar to other online social networks [34, 37]. The
average size of the largest connected component is 112 nodes (the median is 70). The mean size of the network k-core
is 117 (the median is 76).

We find no association between the number of online friends and depressive symptoms for the whole sample: the
correlation between PHQ-8 scores and total number of friends is Pearson’s r = −0.01, P = 0.51, for the size of the
largest connected component, r = −0.02, P = 0.43, and for the core size, r = −0.02, P = 0.36.

Role of the network size

We then compared the relationship between depressive symptoms and network size separately for smaller (N ≤ 150)
and larger networks (N > 150) using a bootstrap test. For that purpose, we repeatedly drew a sample of networks from
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Figure 3: The effect of network size on association between depressive symptoms and the size of network core.
The distribution of the correlations between network core size (largest connected component) and depressive symptoms
for smaller (N ≤ 150) and larger ego networks (N > 150). The distributions are from 10, 000 bootstrap simulations.

both groups with replacement and computed Pearson correlation coefficient between the size of the largest connected
component and PHQ-8 scores. The results of simulations are presented in Fig 3. The median value of correlation
over 10,000 simulations for smaller networks is –0.08 and for larger networks is 0.05, the difference is significant with
P < 10−3.

We then check for the robustness of this result with respect to changing the threshold, N. For that purpose we have
computed the correlation between network size and depression score for networks of various sizes. We, first, computed
the correlation for the smallest 30% of all networks, i.e. networks whose size is between the 0th and 30th percentile. We
then repeated the procedure by sliding the network size thresholds with a one percent step, i.e. computing correlation for
networks lying between the 1st and 31st percentile, between the 2nd and 32nd, etc. The results (see Fig. 4) suggest that
the relationship of interest is indeed different for smaller and larger networks. While there is a consistent significantly
negative correlation for smaller networks, for larger networks it consistently does not differ from zero. Curiously, the
change in the pattern seems to approximately correspond to Dunbar’s number.

For the sample of networks that are smaller or equal than 150 nodes (N = 1, 382), we find statistically significant
associations between the size of the largest connected component and depressive symptoms (Pearson’s r = −0.08,
P = 0.003), and size of k-core and depressive symptoms (r = −0.07, P = 0.006). Intriguingly, the relationship between
the overall network size and depressive symptoms remain non-significant (r = −0.02, P = 0.39). When the size of the
periphery was considered separately it even correlated positively with depression: r = 0.06 (P = 0.02) for the largest
connected component and r = 0.05 (P = 0.05) for the k-core.

Our findings suggest that depressive symptoms of an individual are associated with their online friendship networks.
The size of the network core, but not the network periphery, is negatively correlated with depressive symptoms. We also
find that these results hold only for networks that do not exceed Dunbar’s number in size and, thus, probably represent
the actual social connections.

Discussion

Social networking sites such as Facebook, Twitter, or VK, allow their users to establish and maintain social connections
with others. These connections have the potential to affect important life outcomes including an individual’s well-being
and mental health. The strength and direction of these effects are still not clear. In particular, most of the studies treat
online ties as homogeneous, although they might represent different kinds of relationships and as a consequence have
different impacts on mental health.
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Figure 4: The relationship between the network size and depressive symptoms. The change in the strength of
correlation between the number of friends and depression depending on the network size. For smaller networks, there is
a consistent significantly negative correlation between the size of the network core and depressive symptoms but not for
the size of the whole network. For larger networks, the correlation consistently does not differ from zero. The 90%
confidence intervals are computed via bootstrap.

In our study, we examine the relationship between the structure of online ego networks and depressive symptoms in a
nationally representative sample of young adults. The results could potentially be generalized to a population level,
albeit for one age cohort. We find that the size of the network is negatively associated with depressive symptoms,
however, this is true only for core but not peripheral nodes. The size of the periphery is positively correlated with
depression. Social comparison theory provides one possible explanation of this association. Peripheral ties may
represent people we do not know personally. Previous research has shown that Facebook users with more friends who
are strangers are more likely to exhibit attribution error toward those users they do not know, i.e. to attribute the positive
content presented on Facebook to others’ personality, rather than situational factors [49]. Thus these users are more
vulnerable to social media’s positivity bias, which can lead to negative social comparison, and, in turn, emotional
distress and depression [23, 50–52].

We also find that some users have a very large number of online friends. These online ties are unlikely to represent
meaningful social connections and, perhaps not surprisingly, for users with such large networks, the size of their core
network is not associated with depressive symptoms.

These findings further support the notion that online friendship could represent different types of social relationships
and, thus, online ties should be treated deferentially while investigating the association between online social integration
and mental health.

Limitations and further research

Our study is limited by the cross-sectional nature of the data and does not allow exploring the causal relationships
between the structure of online ego networks and depressive symptoms. Furthermore, the online friendship networks
are relatively stable: once added friends are rarely removed while the manifestation of depressive symptoms is typically
limited in time. This might explain the weakness of found relationships. The small effect sizes should be taken into
account when considering future research as it does not allow detecting potentially differential effects for different
groups, e.g. depending on users’ gender, ethnicity, or socio-economic status. One potential solution is to collect data on
specific groups of users, for example, those who might benefit most from online integration.
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Further research might also go beyond the information on friendship networks and consider other types of communica-
tion information, such as comments, direct messages, or likes. This might serve as a better proxy for social integration,
see, for example, [53].

Overall, our results suggest that future studies of the effects of online social integration on depression should focus on
refined measurements of social integration to identify actual and active connections at several time points.
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