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Social tie maintenance has always had cognitive and emotional costs and has been leading to uneven distribution
of communication volume among interaction partners of individuals. This distribution, known as social signa-
ture, is assumed to be stable for each person. Availability of digital traces of human communication allows
testing whether this assumption is true and whether it holds in specific channels of computer-mediated
communication. In this paper, we investigate private messaging on a popular social networking website on a
sample of 39 users and 8063 communication partners of those users over the period of 18 months. We find that
this communication channel does not reduce cognitive costs as the overall number of users’ active contacts, on
average, is equivalent to the cognitive limit known as Dunbar’s number. Confirming some previous research, we
show that the volume of communication is unevenly distributed, related to emotional closeness, and that changes
in this distribution (that is, the changes in social signature) over time within an individual are smaller than the
distances between social signatures of different individuals. However, as an absolutely novel finding, we
demonstrate that the changes within individuals are statistically significant, thus questioning the concept of

social signature as a stable phenomenon.

1. Introduction

Social tie maintenance, although being obviously rewarding, re-
quires cognitive, emotional, and temporal investment (Miritello et al.,
2013; Dunbar, 2018). This induces individuals to develop their
communicative strategies that are likely to be dependent on their
cognitive capacities and, therefore, to be constant in size and structure.
In recent years, these strategies have attracted the attention of re-
searchers from network science and psychology under an emerging term
of social signature. As defined by Saramaki et al. (2014) who proposed
this term, the social signature of an ego is a distribution of interaction
intensity among different alters of this ego — a distribution that shows
stability in time for each ego despite the turnover of alters, but varies
between egos. In social network theory, an ego is a focal node of a
network, such as an individual, and alters are the nodes whom the ego is
directly connected to by a certain type of ties, such as friendship or
exchange of messages.

Although research on social signature is just in its cradle, this phe-
nomenon may turn to present a fundamental feature of human
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communication if it gets confirmed across different societies, types of
communication, and communication channels. It will then be able to
provide new evidence and development for a broader social brain theory
proposed by evolutionary psychologist Robin Dunbar (Dunbar, 1998,
2009) and continued in the respective stream of further research (Cen-
tellegher et al., 2017; Godoy-Lorite et al., 2016; Heydari et al., 2018; Liu
et al., 2018; Saramaki, 2014; Sutcliffe et al., 2012).

According to Dunbar’s Human Social Brain (HSB) Hypothesis, the
human brain owes its size to its ability to maintain social interactions
with others in large and complex groups. Dunbar (1992) and other
scholars (Sawaguchi & Kudo, 1990; Hill & Dunbar, 2003) observe a
visible correlation between mean social group size and relative
neocortical volume in primates which suggests that the former is limited
by the latter. This means that primates are unable to process more social
information and, therefore, to maintain more social ties than their brains
allow. In humans, this cognitive limit, also known as Dunbar’s number,
has been empirically found to average 150 meaningful or stable con-
tacts, within the bounds (100; 250) (Dunbar, 2018; Hill & Dunbar,
2003). Additionally, Dunbar and colleagues’ social layers theory
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provides evidence for uneven and layered structure of emotional
closeness in egos’ social groups (Dunbar, 2016; Sutcliffe et al., 2012).

Saramaki’s concept of social signature enriches HSB theory by hy-
pothesizing that the distribution of interaction volume between egos’
social group members is also invariant, stable, related to emotional
closeness, as well as independent of the composition of alters and of
major life changes. That is, while friends may come and go, an ego’s
strategy of distributing her communicative effort over the number of
friends that her individual cognitive limit affords will stay untouched.
However, all the evidence in favor of the social signature theory is based
either on the data from voice telephone communication (Centellegher
et al., 2017) which is mostly limited to the closest layers of alters, or on
public communication on social networking sites (Heydari et al., 2018;
Liu et al., 2018) which is neither representative of communication
within one’s social group (see reasons in the Related Work section further
below). Thus, to date, social signature theory has limited empirical
support. Furthermore, alternative theories claim that modern commu-
nication devices and services, such as online social networks (OSNs) may
allow humans to break through their cognitive limits and reach the
numbers of alters far greater than 150 or 250 (Wellman, 2011).

This work seeks to contribute to the theory of social signature and to
the broader social brain theory by rigorously testing the core proposi-
tions of the former on the data from a private messenger service of a
popular OSN. We assume that private messaging, unlike telephone
communication, can accommodate all layers of social ties (due to its
potential openness to strangers), but, unlike public communication, is
free from the tasks of public self-presentation and other intervening
influences (see Related work for more details). To additionally challenge
the presumably universal character of social signature, we base our
research on individuals from a society beyond Western Europe which to
date has been the only region studied. Consistent with the HSB theory,
we find that OSN technology offers no advantages for overcoming the
upper limit of the number of contacts proposed by Dunbar and that,
facing this limit, individuals choose to distribute the amount of their
communication very unevenly, roughly according to the emotional
closeness of their contacts. However, the phenomenon of social signa-
ture finds only partial support: while, in line with Saramaki, the change
of individual social signatures over time is smaller than interpersonal
differences in signatures, still the change is statistically significant.

Thus, our theoretical contribution is three-fold:

@ We question the social signature hypothesis (Heydari et al., 2018;
Saramaki, 2014) by providing evidence against its invariance and
universal stability. We suggest that further theory should develop
around the explanation of variance of social signature and of its
stability among individuals where both social and cognitive factors
are likely to play a role.

@ We show that social brain hypothesis (Dunbar 1992, 1998, 2009)
sustains in OSN private messaging as a communication channel, but
suggest that the mechanism of OSNs’ influence on the growth of
individual social networks found by Wellman (2011) is different
from a direct break-through Dunbar’s number and that it should be
captured by different research methods.

@® We confirm the relation between communication volume and
emotional closeness, but simultaneously show that it significantly
varies across individuals and thus enrich the social layers theory
(Dunbar, 2016; Sutcliffe et al., 2012) by proposing to refocus it on
the factors explaining individual variance.

Apart from a theoretical contribution, our work has clear practical
implications. Stability of social signature has been already found to be
associated with personality traits (Centellegher et al., 2017). More
broadly, various communication markers, such as interaction frequency,
volume, number, and composition of partners are known to be behav-
ioral predictors of mood disorders and mental health (Schelde, 1998;
Faurholt-Jepsen et al., 2016; Rohani, 2018; Timon & Christoph, 2020).
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It is thus quite plausible that these conditions may be also predicted with
abrupt changes in individual social signatures which means that a deep
understanding of the latter may empower decision-making on individual
and public monitoring of psychological well-being and adaptability.

Further, as an abrupt change in communication patterns is often
associated with the decline in well-being, it may also predict dissatis-
faction with and churn from a particular OSN. While a sharp decrease in
communication via an OSN is a somewhat obvious indicator of the loss
of interest in it, it is much less obvious that a sharp increase or abrupt
structural change may predict the same. This may happen because the
two latter changes may result from excessive communication forced by
alters or by an OSN functionality and be manifestations of communi-
cation overload. Such overload has shown mixed effects on OSN fatigue
(Cao & Sun, 2018; Lee et al., 2016), however, it was usually measured
with self-reported data. More objective measurements justified theo-
retically and empirically by the research on social signatures and
cognitive limits may help obtain more reliable evidence on the associ-
ation between communication overload and consumer loyalty to an
OSN. They thus can help build more user-friendly OSN functionalities
informed with the knowledge about fundamental limits of human
communication abilities.

Our findings are based on the data from 39 users of VKontakte (VK) —
a Russian replica of Facebook and the most popular social networking
site in Russia. Namely, we collect the data on their private messages —
their timestamps, authors/recipients, and the number of characters and
words - for the period of 18 months, thus obtaining information about 1
879 827 messages from/to 8063 alters. Additionally, we ask our re-
spondents to answer several questions about each of their VK friends
obtaining another set of 14 916 alters that intersects with the first set of
alters at the number of 4958.

The rest of the paper is structured as follows: in the next section, we
present the discussion about the potential ability of OSNs to break
through the human cognitive limits and the state-of-the-art analysis of
works on the social signature phenomenon. In section 3 we introduce
our hypotheses and their theoretical foundations. Section Data and
Method contains the details about our research design, including data
collection and analysis. The Results section is organized in correspon-
dence with the order of hypotheses presentation in section 3. Finally, we
discuss key results and provide their interpretations and explanations in
the section Discussion and Conclusion. At the end of this section we also
reflect on limitations of our analysis and future research perspectives.

2. Related Work

Relationship formation, maintenance, and decay have since long
been studied in psychology, sociology, communication research, and
other relevant disciplines. Multiple studies have shown that the ability
to maintain healthy and diverse ties is related to human well-being,
health and success (Holt-Lunstad et al., 2010, 2015; House et al.,
1988; Jokinen et al., 2008; Shor et al., 2013) which explains the constant
interest of researchers to this topic. However, capturing communication
patterns at scale has not been possible until the (quite recent) emergence
and proliferation of digital traces. At the same time, digitalized forms of
communication have not been merely reflecting what previously
happened face-to-face; quite the reverse, human communication has
been visibly reshaped by various digital channels.

Thus, OSNs have been seen as an efficient tool for broadcasting to
relatively large personal networks at the scale never available before.
However, this has come at the expense of the effect known as context
collapse (Donath & boyd, 2004) - a situation when both intimate and
distant contacts get exposed to the same information. This, in turn, has
led to the development of novel communication strategies, including
restriction of the revealed information (Lampinen et al., 2009, 2011).
Texting and instant messaging, while avoiding this effect, have altered
directed personal communication in their own way. First of all, the
prevalence of text communication over voice calls has become salient
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(Hayat et al., 2020), especially among the younger generation (Blaire
et al., 2015). One possible reason for this is that private messaging is
more flexible than both voice calls and public OSN posting in that it
allows being used as both synchronous and asynchronous communica-
tion (Madell & Muncer, 2007). Compared to face-to-face interaction, it
also allows reallocation of cognitive resources from environmental
scanning and nonverbal management toward the composition of mes-
sages that are, furthermore, editable (Walther, 2007). This leads to
greater control over involuntary expressions (Walther, 2007) with
modest losses in speed.

2.1. Cognitive limits to communication network size

The aforementioned evidence creates grounds to assume that
information-communication technologies (ICTs) may offer more cogni-
tively efficient ways of communication and thus allow humans to tran-
scend some of their cognitive limitations. The evidence for and against
this is mixed.

Research confirming the persistence of the cognitive limit in ICT-
mediated communication is prevailing and is mostly represented by
the works of Robin Dunbar and collaborators. Although the amount of
the evidence they offer is indeed impressive, this stream of works is not
free from certain inconsistencies. Thus, MacCarron et al. (2016) find the
number of contacts in telephone communication to be far lower than
150 in an entire year. Haerter et al. (2012) investigate E-mail commu-
nication in an organization and show that on average the limit is around
250 alters (not between 100 and 250). Neither of these works is thus a
perfect match to the suggested threshold number of 150. Further, Pollet
et al. (2011) convincingly show that the size of OSN networks is not
related to the size of overall networks or to the average emotional
closeness of “offline” friends, and those who do use OSNs do not have
larger overall networks than those who do not. This indicates the exis-
tence of a cognitive limit, but does not suggest its threshold value.
Gongalves et al. (2011) find that from the moment a user starts using
Twitter, the average number of tweets per alter increases until the
number of alters in a user’s network reaches a threshold of 100-200
users. From this, however, it is hard to directly derive a conclusion that
once any alter starts to receive a smaller number of messages, commu-
nication with him immediately turns “meaningless”. If it does not, then,
perhaps, individuals can maintain a number of meaningful relations
exceeding 100-200 despite a certain decline in frequency.

All this points to an important problem with the definition of Dun-
bar’s number as a limit to the amount of alters with whom an ego is able
to maintain “meaningful” relations. The way meaningfulness is
conceptualized may greatly influence the outcome of experiments on
determining the threshold value, while the ability to predict this
threshold is what provides meaningfulness for the SBH itself. Without a
definition of meaningfulness, it is difficult to determine, for instance,
whether the difference between the results of MacCarron and Haerter is
determined by the incompleteness/excessiveness of the studied net-
works or by other factors. In one of his early works Dunbar (Hill &
Dunbar, 2003) suggests that a single Christmas postcard per year should
be sufficient to consider an alter a part of ego’s network; however, more
universal and more ICT-relevant operationalizations are also needed. To
date, this problem is unresolved.

Alternative theories claim that social networking sites are able to
help individuals cut through the limit of the Dunbar’s number (Well-
man, 2011). Thus, different studies find that heavy internet users tend to
have larger offline and online networks than light users and gain more
ties with time (Wang & Wellman, 2010); larger online ego-networks
contribute to the increase of strong ties, albeit not as much as to the
growth of weak ties (Manago et al., 2012), larger online ego-networks
are associated with larger core discussion networks (Vriens & van
Ingen, 2018), and certain types of heavy internet use contribute to
higher numbers of social ties (Zhao, 2006). These results directly
contradict Pollet et al. (2011) and suggest that OSNs, in fact, do help

Computers in Human Behavior 122 (2021) 106856

humans to grow their networks. Additionally, it has been shown that
larger online personal networks are associated with higher perceived
social capital — that is, the perceived amount of resources that alters can
share with an ego, or the perceived amount of help an ego can get from
them (Ellison et al., 2014). Wellman (Rainie & Wellman, 2012; Well-
man, 2011) also reviews the works (e.g. Bernard et al., 2001; McCormick
et al., 2010) that estimate human networks to be much larger than 150,
amounting to 1000 and more, depending on how connections are un-
derstood. However, the works mentioned by Wellman are either based
of self-reported (and therefore incomplete) data on personal networks or
are mathematical estimations (that should lose some of their usefulness
with the advent of large digital traces) More importantly, they aim at
measuring the number of alters an ego knows, not the number of
meaningful contacts.

2.2. Layers of closeness in personal networks

More recent versions of social brain theory incorporate the alterna-
tive findings reviewed above as additional layers of human networks
(Dunbar, 2018). In total, Dunbar’s layer model, in its different versions,
includes 4-7 layers, such as support clique, sympathy group, active
network, and finally individuals whose names and faces can be matched
by an ego (Dunbar, 2016; Dunbar et al., 2015; Sutcliffe et al., 2012).
These layers are claimed to have a scaling ratio of roughly 3, starting
from the average of 1.5 alters in the inner layer and ending with 1500
individuals in the outside layer (Dunbar, 2018). The definition of a tie as
the ability to match a face and a name goes far beyond the initial idea of
meaningful relations and adds complexity to the problem of finding the
threshold number.

The theory of layers has also been criticized by Wellman (2011) who
underscores that ego-network structure is consistently found to be more
complicated, with clusters of functional roles of alters cutting across the
layers of proximity. As cohesive subgroup detection has been one of the
core fields of social network analysis for decades, there is little doubt
that human networks, including online networks, are clustered. Online
clusters have been identified based both on self-reported criteria (Kelley
et al., 2011, pp. 216-233) and on observational data that include link
distribution and node attributes (Traud et al., 2012; Petkos et al., 2015;
Gaito et al., 2017). While Kelley and coauthors report users to single out
such clusters as family, work, classmates, church, location-based, and
“close friends”, among others, Traud et al. and Gaito et al. also identify a
whole range of user features that predict their grouping.

Cluster structure, however, is not incompatible with a layer struc-
ture. Another finding that makes both streams of research compatible is
that both groups of Dunbar (Saramaki et al., 2014) and Wellman (Parady
et al., 2020) find a positive relation between emotional closeness and
communication intensity, even though the latter may be measured
differently. Finally, a highly uneven (power-law or similar) distribution
of communication volume among ego’s alters has been confirmed in
multiple works, both related and unrelated to Dunbar’s group, based on
telephone calls (Saramaki et al., 2014; Raeder et al., 2011; Shi et al.,
2018) and on some other types of communication, such as VK friends,
posts, comments and likes [Rykov, 2015; Rykov, Nagornyy, & Koltsova,
20171].

2.3. Social signatures

Unlike the shape of the distribution of communication volume
among alters, its stability, as mentioned in the introduction, has not
been studied as much. There are only five works offering evidence in
favor of the phenomenon of social signature, and none of them tests the
hypothesis of the existence of social signature directly. Godoy-Lorite
et al. (2016) show that the distributions of skewness values among all
users are similar in different time periods — more precisely, they prove
that the distributions of differences between the distributions of skew-
ness values do not statistically differ one from another. This does not
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account for the changes within each of individuals who might “swap”
their skewedness values with other persons over time. Centellegher et al.
(2017) find that individuals with certain personality traits have signif-
icantly more stable signatures than individuals with other personality
traits, not claiming the overall stability of social signatures. Liu et al.
(2018) offer visual representations of contact distributions of different
egos and base their conclusion about their similarity on raw values of
Jensen-Shannon (JS) distances between individual distributions. This is
problematic because no threshold separating “big” differences from
“small” differences is available. Finally, Saramaki et al. (2014) and
Heydari et al. (2018) go furthest by showing that JS distances between
different periods of the same person are smaller than JS distances be-
tween different persons. Neither of them tests these differences statis-
tically which is not a big problem for the latter study due to the size of
the sample, but is a problem for the former. Thus, whether distributions
of communication volume in personal networks are indeed stable or
dynamic remains an open question.

Interestingly, social network dynamics for decades has been an
established branch of social network analysis, but the latter has been
always interested in a somewhat different set of research questions.
Namely, networks dynamics has been mostly understood and studied as
alter turnover — that is, substitution of individual ties, or re-wiring in
networks (Degennea&Lebeaux, 2005), or stability of individual ties and
its factors (Lubbers et al., 2010), or decay of individual ties and its
factors (Raeder et al., 2011; Shi et al., 2018). These approaches, how-
ever, indirectly suggest certain volatility of both network size and the
distribution of communication volume among alters across an ego’s life
course. Thus, David-Barrett et al. (2016) find that telephone commu-
nication intensity with different types of family members is different and
evolves differently along the life cycle of an ego. It has been also shown
that the number of an ego’s interactions depends on such factors as age,
education, number of hours to work, and having a partner (Van den Berg
et al., 2012), while contact frequency with an alter has been similarly
shown dependent on her age, family and employment status (Calastri
et al.,, 2017). This research suggests that the change in the listed
socio-demographic parameters may result in the growth or decay of
personal social networks and in the redistribution of contacts within
them between the alters of different degrees of closeness. However, we
are aware of no research indicating the existence of short-term volatility
of communication volume distribution.

To sum up, the research on personal network size, stability of contact
distribution and the role ICTs for them has been rich and diverse, but to a
certain extent fragmented. In what follows we will try to unite these
three aspects in a single and rigorous research design.

3. Hypotheses

In our research, we begin with the core assumption of human social
brain theory related to the maximal personal network size and then
proceed to the theory’s extensions. To date, the persistence of the
cognitive limit in interaction mediated by ICTs has been studied on such
communication channels as telephone voice calls (MacCarron et al.,
2016), E-mails (Haerter et al., 2012), microblogging services (Goncalves
et al.,, 2011), as well as applied to the static OSN friend networks
(Dunbar, 2016). This evidence gives ground to assume that in OSN
private messaging, too, the number of communication partners should
average to Dunbar’s number - at least among those who use this channel
to reach most of their meaningful contacts. Therefore, our first hy-
pothesis sounds as follows:

H1A. Average number of alters in an ego-network of OSN private
messaging is approximately equal to Dunbar’s number (150), within
empirically justified bounds (100-250).

At the same time, we cannot ignore the alternative theories and the
concerns raised by Wellman and his colleagues (Wellman, 2011). As this
stream of research claims that ICTS, and OSNs in particular, should
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extend human capacity to maintain social ties, rather than constrain it, it
is logical to expect that if the amount of OSN-mediated ties does differ
from Dunbar’s number it is hardly going to be lower:

H1B. Average number of alters in an ego-network of OSN private
messaging is higher than Dunbar’s number (150).

A direct consequence of the HSB hypothesis is the skewness of the
distribution of the communication volume among an ego’s alters that, as
mentioned in the previous section, has been confirmed by both
competing groups of relevant research (Centellegher et al., 2017; God-
oy-Lorite et al., 2016; Heydari et al., 2018; Liu et al., 2018). It has been
thought to be caused by selective investment of individuals into their
connections determined by the limited capacity of their brains and time
available. This selectiveness accounted for in the model of social layers
reviewed above (Sutcliffe et al., 2012), in turn, is a development of an
early sociological theory of weak and strong ties by Granovetter (1973).
It is this idea of varying tie strength that has led to the works testing the
relation between perceived strength or emotional closeness, and
communication volume, measured either as contact frequency, overall
time, or the number of messages (Saramaki et al., 2014; Parady et al.,
2020). As the number of the works confirming this relation is limited
and their context is different, we find it important to test whether this
relation sustains in a different communication channel and a different
sample before passing to examining the existence of the social signature
phenomenon:

H2. Emotional closeness is positively related to the volume of
communication.

Another and, in fact, more profound consequence of the cognitive
limit hypothesis is the assumed existence of social signatures as stable
distributions of egos’ contacts or communication volume among their
alters. As mentioned in the literature review, this phenomenon still lacks
confirmation because it was not tested in a rigorous way. The most
precise method employed for this task was comparison of intra-personal
and inter-personal distances between distributions of communication
volume (Saramaki et al., 2014; Heydari et al., 2018). We, therefore, find
it important to start from replicating this approach, albeit transferring it
from exploratory to inferential research design via the formulation of the
following hypothesis:

H3A. When distributions of egos’ contacts over their alters are
compared both between different periods of the same person and be-
tween different persons, intra-personal differences will be significantly
smaller than inter-personal differences.

However, the confirmation of this hypothesis cannot exclude the
volatility of individual contact distributions over time: although intra-
personal differences may be smaller than inter-personal, they still can
be relatively high. And vica versa, if intra-personal differences are
approximately equal to inter-personal differences, this may mean that
all individuals are uniformly stable or uniformly unstable, and these two
conditions are inseparable by testing H3A. A more straightforward and
rigorous way to confirm the existence of stable social signatures is to
directly test whether distributions of contacts of the same ego from
different periods are statistically identical:

H3B. Distributions of egos’ contacts over their alters in different pe-
riods of time will be not significantly different one from another.

Thus, if both H3A and H3B are confirmed, it would be possible to
conclude that stable social signatures exist, but they vary between in-
dividuals. For HSB theory it would mean that differences between in-
dividual strategies of investment into egos’ ties might be explained by
certain fundamental and constant cognitive features. However, if only
H3B is confirmed, the signatures, in addition to being stable for each
individual, would be roughly the same among all individuals. This
would lead to a much stronger claim of both temporal and inter-personal
invariance of social signatures.
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4. Data and methodology

In this section we provide the outline of our methodological
approach. First, we justify the choice of a particular Russian OSN -
Vkontakte.ru. Next follows the subsection describing the process of data
collection and sample characteristics. Finally, we conclude with a
detailed specification of methods used for hypotheses testing.

4.1. Vkontakte: our communication channel as a research site

Vkontakte social networking site (or VK; previously: Vkontakte.ru;
now: vk.com) is to a certain degree a replica of Facebook in terms of the
interface and functionality. Vkontakte user’s individual page allows
customizable privacy settings and is structured very similarly to Face-
book featuring user profile information, a “wall” for messages, photo,
video, and audio repositories, and others. Additionally, just like Face-
book, VK includes a private instant messaging service that allows both
individual and small group communication.

The choice of Vkontakte for the study was motivated by two main
considerations.

First, in contrast to other Western countries dominated by Facebook,
it is Vkontakte that is the regional leader in many post-soviet countries,
especially in Russia (Mediascope Web Index, 2019; Russian center for
public opinion research, 2018). To date, the official VK registry numbers
more than half a billion personal accounts (VKregistry, 2021). The
monthly reach of VKontakte is around 38 million visitors, while the
number of active users producing the content varies between 30 and 35
(Mediascope Web Index, 2019). What is most important for our
research, by the time of data collection, VK messenger left behind both
WhatsApp and Facebook messengers in terms of daily reach (Media-
scope Web Index, 2018).

Second, Vkontakte still remains relatively open for third-parties such
as external research groups. Unlike Facebook which severely restricted
access to its API from 2016, Vkontakte provides legal access to users’
publicly available digital traces. Moreover, at the time of data collection
and it was still possible to request (by a user’s consent) the details about
communication in VK private messenger. Access to this unique infor-
mation was crucial for our research goal.

Taken together, among all other social networks popular in Russia,
the Vkontakte OSN seems to have a greater potential to represent
communication behavior of social networks users in its entirety.

4.2. Data collection

Each respondent was presented with a specially developed applica-
tion interface by a trained interviewer in person. First, a respondent was
asked to login in his/her VK account and give access to his/her private
messages. The interviewer explained that the application only counted
the number of characters and words, but did not download the texts.
Next, the respondent was shown the pictures and names of his VK friends
and asked to submit the answers to seven questions about each of them
into the interface. The research protocol was approved by the Institu-
tional Review Board of the National Research University Higher School
of Economics. The present paper uses the data from only one of the seven
questions, namely “How close is this person to you emotionally?” (0 not
at all, 9 — very close).

4.3. Participants

Our respondent selection procedure consisted of seven filter ques-
tions. To be excluded from the sample, it was sufficient that a respondent
gave a positive answer either to the question “Have you ever bulk
deleted your VK private messages?” or to any of two other questions. All
the rest questions were aimed at selection of those VK users who claim to
maintain most of their significant contacts via VK, and do it relatively
regularly. This selection procedure was meant to filter non-users, past
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users or occasional users whose online networks were nothing close to
their overall amount of contacts and were just insufficient for analysis.
Additionally, the minimum amount of friends for individuals to be
included in the survey was set to 100 (with one exception of 96); this was
done to put the testing of H1A in more difficult conditions and to ask: are
those people who claim to have relatively many friends able to really
communicate with the numbers beyond Dunbar’s number? Next, we
selected only the respondents who registered not later than 3.5 years
prior to our research so the depth of observation for each of them would
be no less than 18 months and unaffected by the novelty of VK use.
Finally, respondents were sampled from a young urban population aged
22-30 as the group prevailing in VK. It served the goal of selecting those
people for whom the given channel of communication was most likely
culturally natural. Also, it guaranteed that all respondents had been off-
age by the date from which their private message data were collected.

The data were collected between January and March 2018. In total,
42 respondents completed our survey which resulted in 39 valid ob-
servations. The sample is not free from certain gender bias with 28 fe-
males against 11 males. Table 1 shows the basic descriptive statistics,
including the number of alters who either received or sent at least one
message from/to the ego, the number of VK friends and the number at
which both sets intersect. The intensity of communication is measured
as the total number of characters, since users vary greatly in their
inclination to split their utterances into several messages, and word
delimitation is very difficult in informal texts (which is why neither
message nor word counts are accurate).

4.4. Data analysis design

To test HIA we used TOST (two one-sided T-tests R package that
either confirms or rejects equivalence of means) (Lakens et al., 2018)
with theoretically justified bounds — 100 and 250 active contacts — and
theoretical mean equal to Dunbar’s number (150 contacts). An active
contact was defined as an alter who both received and sent at least one
message to/from the ego during the last year. We based this choice on
the work of Hill and Dunbar (2003) where they used acts of sending
Christmas cards as indicators of tie maintenance. However, we defined
active contacts in a more demanding way as at least one reciprocated
message per year to avoid unresponded spam messages, as well as failed
one-way attempts to communicate.

For H1B we chose a one-sided one sample T-test which tests the null
hypothesis (in our case: mean N of contacts is not different from or is
significantly smaller than Dunbar’s number). For H2 a multilevel
random-slope random-intercept regression model was used, with the
data being logarithmized before model fit.

To test H3A&B we borrowed much from the approaches of Saramaki
(Saramaki et al., 2014) and Heydari (Heydari et al., 2018). We con-
structed each social signature as the function NC = f(R), where NC is the
number of characters received or sent to/by a given ego’s alter, and R is
the rank of this alter in the list of this ego’s alters sorted by the number of
characters sent/received. Such distributions were constructed for three
consecutive 6-month periods T1, T2, and T3. Since different egos had
different numbers of contacts, we limited the distributions by two
thresholds — either 20 or 40, and added zeros to the ends of those

Table 1
Sample descriptive statistics.
Mean Median Min Max SD
Age 25.33 24 20 30 2.83
N of characters, 18 2384446 1442998 31682 7558178 2119474
months
N of alters contacted, 221.38 168 30 1250 212.34
18 months
N of friends 382.92 268 96 1703 325.35
N of friends contacted 135.18 110 28 665 115.65
Average closeness 2.18 2.36 0.27 4.80 1.156
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distributions that were shorter. A 40-alter threshold might theoretically
give us a more complete picture, but as these distributions ended up
containing more zeros, this might artificially inflate their similarity,
which is why we decided to work with two different thresholds.

To compare social signatures we, in accordance with Saramaki’s and
Heydai’s method, computed Jensen-Shannon distances (JS) (1) between
different egos of the same period, thus obtaining six sets of inter-
personal distances corresponding to the three periods of time and the
two thresholds (JS20-alterT1, JS20-alterT2, JS20-alterT3, JS40-alterT1,
JS40-alterT2, JS40-alterT3), and (2) between different periods of the
same ego, which formed six sets of intra-personal distances corre-
sponding to the three pairs of periods compared and the two thresholds
(JS20-selfT1/T2, JS20-selfT2/T3, JS20-selfT1/T3, JS40-selfT1/T2,
JS40-selfT2/T3, JS40-selfT2/T3). Next, we went beyond the initial
Saramaki’s approach and applied a set of statistical tests to check
whether the visually observed differences are significant.

For H3A we performed 18 one-sided Mann-Whitney tests that
compared all 20-alter-based inter-personal distances to all correspond-
ing intra-personal distances, and did the same for the sets of 40-alter-
based distances. Mann-Whitney test was chosen based on the analysis
of the data distribution.

For H3B we first performed a series of Kolmogorov-Smirnov tests
(KS) each of which compared a pair of social signature distributions of
the same person from two different periods T1/T2, T2/T3 or T1/T3,
based either on top-20 or top-40 alters. We thus obtained six sets of
different results (39 individual results in total) that had to be general-
ized. To test the global hypothesis of the overall equivalence of all dis-
tributions within each given person, we chose the Stouffer test as the
most powerful in its category (Futschik et al., 2019) and performed it for
each of the six sets of individual results.

Finally, in line with Saramaki, we controlled for the alter turnover
effect, that is, we checked whether the possible change of social signa-
ture over time could be affected by the dropout and the acquisition of
alters. The turnover was measured by the Jaccard index that compared
the sets of either top 20 or top 40 alters (who sent or received messages
to/from an ego) between periods T1/T2, T2/T3, or T1/T3. The relation
of Jaccard index values to intra-personal JS distances was tested with six
multilevel linear regression models run for each pair of periods and for
the two thresholds — 20 and 40, and, additionally, with six Pearson
correlation tests.

5. Results

Below we describe our results in accordance with our three
hypotheses.

5.1. Cognitive limits

As identified by TOST (two one-sided T-tests), the average number of
alters with whom an ego has had at least some private messaging during
a year does not significantly differ from Dunbar’s number (150), within
the empirically grounded bounds (100-250) (see Table 2A, B). Actually,

Table 2
Equivalence of average alter number to Dunbar’s number: (A) tests results, (B)
specified equivalence bounds.

(A) Tests results

t df P-value
t-test 0.8424443 38 0.4048105
TOST Upper —3.059614 38 0.0020254
TOST Lower 2.793473 38 0.0040616
(B) Equivalence Bounds
Low High Lower Upper
Cohen’s d —0.3124147 0.6248294
Raw —50.00000 100.0000 —21.61706 64.79654

Computers in Human Behavior 122 (2021) 106856

the observed mean lies within narrower bounds (128-215) which con-
firms H1A. This makes testing H1B redundant.

As predicted, we find that the amount of communication is very
unevenly distributed among the alters of the same ego. The best-fit
distribution of the total number of characters sent or received in the
three periods is truncated power-law with an exponential cutoff.
Fig. 1A-C shows the distributions of the number of characters over egos’
alters in the three periods. Prior research observes similar distributions
of likes, comments, and friends over SNS users (Rykov, Nagornyy, &
Koltsova, 2017; Rykov, 2015).

5.2. Communication volume and emotional closeness

To see whether the observed skewness is related to emotional
closeness, we first plot the distribution of closeness classes (0-9) over all
alters (Fig. 2A and B) and the median number of characters per alter in
each closeness class as the function of the size of the closeness class (e.i.
the number of alters in each closeness class) (Fig. 3).

We can see that in their friending behavior egos fall into two groups:
those who are inclusive (Fig. 2A) and those who limit friending
emotionally distant others (Fig. 2B). The former have more friends and a
long-tail distribution similar to those shown in Fig. 1, while the latter
have bell-shaped distributions and fewer friends. Fig. 3 plots all groups
of closeness against their size and the median amount of communication
between the members of each group and their respective egos. It roughly
shows that the amount of communication increases with closeness and
decreases with the group size, which is also inversely related to close-
ness. These trends are much more pronounced when means are plotted
instead of medians (not reported here), but medians are more appro-
priate in our case due to the nature of the data distribution. Also, the
graph includes those friends whom the respondents could not remember
and whose closeness therefore they were not asked to evaluate, as well
as those correspondents who are not friends at all. On average, the latter
get more attention from egos than friends with closeness 0-2, but the
median shows us that the mean of this class must be artificially inflated
by a limited number of hyper-communicative non-friends, while the
majority of them are the least communicated category among all groups
of alters. Finally, we should note that Fig. 3 excludes an outlier
respondent who skews the overall distribution. However, when added to
the regression reported below, she does not alter its results.

Table 3 which shows the results of a multilevel regression confirms
the close association between the reported emotional closeness of alters
to egos and the amount of communication between them, which allows
accepting H2. In particular, with the dependent variable (number of
characters) having been log-transformed, the table shows that, on
average, an increase in emotional closeness by one level brings a 126.5%
increase in the number of characters sent and received (CI =
108,6-145,8). Conditional R? of 0.388 as compared to marginal R2 =
0.224 tells us that variation between respondents is large, however, as
shown in Table 3, they differ much more by the intercept than by the
slope. In other words, the magnitude of relation between closeness and
the amount of communication is not very different between re-
spondents, while they differ much more in terms of the absolute number
of characters sent and received. Examination of individual slopes (see
appendix 1) also tells us that no respondents have a negative relation
between the closeness of their alters and the amount of communication
with them, which means that this relation is universal and is not influ-
enced by the distribution of emotional class sizes shown in Fig. 2.
However, linear approximations of individual distributions of the
amount of communication over closeness classes may obscure their not
perfectly linear character. As Fig. 4 shows, in fact respondents invest
very different amount of effort into communication with alters from
different closeness classes which is consistent with (Tamarit et al.,
2018).
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5.3. Social signatures

Finally, we pass to hypothesis 3 which tests the existence of social
signature as a stable communication pattern by comparing distributions

of communication volume over egos’ alters between different egos and
between different periods of time of the same ego. However, before
doing this we check whether the changes in these distributions might be
related to the friend turnover - i.e. we check whether the burnout of old
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Table 3

Relation of the emotional closeness of alters to the amount of communication
between alters and egos. Multilevel linear regression with random slopes & in-
tercepts; level 1 = respondents (egos), N; = 39; level 2 = alters, N, = 12964.

Dependent: number of characters, log-transformed
Random effects:
Groups Name Variance Std. Dev. Corr
resp_id (Intercept)  1.95964 1.400
closeness 0.05905 0.243 0.01
Residual 9.38124 3.063
Fixed Effects:
Estimate Std. Error  df tvalue Pr(>|t|)
(Intercept) 0.83440 0.22944 36.65595 3.637 0.000843 ***
Closeness 0.81738 0.04184 38.86022 19.534 <2e-16 ***

friends and the influx of new friends might be responsible for social
signature change. As evaluated by both Pearson correlation and linear
regression, the relation is exceptionally weak and insignificant (for
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details, see Appendix 1).

In 16 out of 18 Mann-Whitney tests employed to test H3A intra-
personal differences are significantly smaller than inter-personal (p <
0.05, and mostly p < 0.01). The two insignificant tests (p = 0.288 and
0.068) involve JS distances between periods 1 and 3 that reflect the
cumulative change of social signature during the entire period of study.
As Fig. 5 shows, cumulative self-distances are generally larger than
distances both between T1 and T2, and between T2 and T3. We thus can
confirm H3A and conclude that changes of social signature within in-
dividuals - or, more precisely, short-term changes — are indeed smaller
than differences between social signatures of different individuals
within any given period.

Passing to H3B, we present the summary of the Kolmogorov-Smirnov
tests performed to compare distributions of the amount of communi-
cation of the same egos between different periods of time (see Tables 4
and 5). As Table 5 shows, we can observe a mixture of more and less
stable respondents. Overall, the majority of changes in all but one
category presented in Table 4 are significant. It can be seen that

50%
Characters proportion

75% 100¢

M class0 M class1-8 [ class 9

Fig. 4. The amount of communication between egos and their alters in T3. X axis: share of the number of characters exchanged with the alters of a given emotional
class (group of classes), among the total number of characters. Y axis: individual respondent’s ID sorted by the amount of communication with class 9 alters. Blue:

class 0, red: classes 1-8; green: class 9 (the closest alters).
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Table 4
Comparison of social signatures of the same egos between different periods of
time, Kolmogorov-Smirnov test.

T1 vs T2 T2vs T3 T1vs T3
Top 20 friends Significant (p < 0.05) 16 21 22
Non-significant 23 18 17
Top 40 friends Significant (p < 0.05) 21 25 27
Non-significant 18 14 12

Table 5

Distribution of respondents by the number of significant changes in their social
signatures, as determined by Kolmogorov-Smirnov tests comparing periods T1
vs T2, T2 vs T3 and T1 vs T3.

Top 20 friends Top 40 friends

3 non-significant changes 8 3
2 non-significant changes 8 6
1 non-significant change 18 23
All changes significant 5 7

significant changes occur more often between periods 1 and 3 which is
expectable as this change takes place over a longer period of time. Also,
changes in social signatures based on top 40 friends are larger than in
those based on top 20 friends although visually this does not seem to be
the case (Fig. 5). As our sample is relatively small, this evidence is of
suggestive nature which is why we apply the Stouffer test as a meta-
analytic metric that tests the global null hypothesis about overall
insignificance of p-values. For all six categories (three pairs of periods
compared based on top 20 and top 40 friends) the null hypothesis was
rejected with the global p-value < 0.01. This means that in general we
cannot claim that social signatures tend to be stable over time and
should reject H3B.

6. Discussion and conclusion

In our research we obtained several empirical findings that are
important for the development of human communication theory, spe-
cifically in relation to the phenomenon of social signature, its stability,
“size”, shape, relation to alters’ turnover and emotional proximity with
an ego. Our findings are summarized and interpreted below.

6.1. OSNs may help go around cognitive limits only indirectly, if at all

We show that the studied OSN does not give individuals any ad-
vantages for cutting through Dunbar’s number and for growing their
network of active contacts. This happens despite our decision to adopt a
very mild definition of an active contact — at least one reciprocal contact
in a year — and despite pre-selection of only those users who claim to
maintain relations with >80% of their important alters via VKontakte. A
simplest explanation would be that either the studied OSN or OSNs, in
general, are not suitable for cutting through Dunbar’s number, or that
such break-through is not possible at all.

However, since a positive relationship between internet use and the
size of offline networks has been shown in several studies referred to
above (Wang & Wellman, 2010; Zhao, 2006), the situation may have
more profound theoretical explanations. First, the causation in these
studies may be reverse: large offline networks might be not an outcome
of heavy internet use, but a cause — in other words, individuals with
higher cognitive capacity might channel communication with their
larger networks both offline and online. Moreover, it might be the case
that only these individuals would be able to make use of OSNs for the
growth of their ego-networks, while others would lose offline contacts
due to the inability to include OSNs into their communicative toolkit.
Thus, OSNs might play a polarizing role while still keeping the average
size of ego-networks around the magic number of 150. This is a new
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possible view of the role of OSNs for human personal networks, distinct
from both Wellman’s and Dunbar’s interpretations.

Second, the ability of OSNs to expand ego-networks might work in a
subtle way that is not captured by our research design but is in line with
the assumption made by Wellman (Rainie & Wellman, 2012). When our
respondents claim that they maintain most of their significant contacts
via VK they, first, do not claim to do it solely via private messaging, and
second, they do not claim doing it solely via VKontakte. Apart from
private messages, OSNs offer a diverse functionality, such as simulta-
neous reach of large numbers of alters with public posts, cheap reactions
in the form of likes and others. Taken together, these functionalities may
allow users to rotate the most intensively contacted alters, temporarily
including some of their friends into active private messaging, but
keeping many more in the loop via different, less time-consuming
functionalities. Such dormant contacts that are likely to die out offline
may be easier activated if they are “conserved and stored” online. This
might let users if not directly break through Dunbar’s number, then go
around it. Among other things, the ability to activate dormant contacts is
one of the possible explanations of OSN’s efficiency for social capital
accumulation and mobilization.

6.2. Communication volume and emotional closeness are related, but
highly individual

Our next finding is generally in line with the theory of social layers
(Sutcliffe et al., 2012). As in Saramaki (Saramaki et al., 2014), we find
that the amount of communication with alters is very unevenly
distributed and related to their emotional closeness. However, we
should note that emotional closeness is far from explaining all the
variance in the amount of communication. Moreover, since in our model
conditional R? is larger than marginal R?, the variation among in-
dividuals by the strength of their relation between closeness and
communication volume is in fact higher than the overall effect of
closeness on communication volume. In other words, while some in-
dividuals invest most of their communicative effort into their closest
alters, others spread their communication much more evenly which
means that, for their private messaging strategy, emotional closeness is
of little or no significance. This can also be seen from Fig. 4. Further-
more, we show that a large portion of our sample prefers to filter
emotionally distant alters out of their online friends, while another large
portion is much more inclusive. These details add a lot of complexity to
the social layers theory questioning the focus on their average sizes and
calling for the focus on factors influencing individual variation of layer
sizes, proportions, and composition.

6.3. Online social signatures are not stable over time

Finally, our third finding is about stability — and, therefore, the very
existence — of social signature as a constant feature of an individual.
Here, we have compared individual distributions of the number of
contacts among alters, and we have done those comparisons both be-
tween different individuals and between different periods of the same
individual. We find that intra-personal differences are smaller than
interpersonal, still they are significant. In other words, communication
strategies both vary among humans and change with time, but short-
term changes are smaller than the variation between humans. More-
over, we find that differences between non-neighbor periods are larger
than between neighbor periods. It is thus quite plausible that periods can
be found that are long enough to make the difference between intra-
personal and interpersonal distances insignificant or non-existent.

These findings provide more support for the indirect evidence about
the changeability of the communication structure over time found in the
number of the reviewed works (Calastri et al., 2017; David-Barrett et al.,
2016; Van den Berg et al., 2012) rather than to the social signature
hypothesis. Interestingly, in his recent work, “The anatomy of friend-
ship” (Dunbar, 2018, p. 34) Dunbar also cites studies showing that the
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size of ego-networks tends to change during the human life-cycle —
expanding in the young age and shrinking in the middle age and espe-
cially in the old age. Moreover, he points at the possibility of not only
network size, but also the distribution of communication over contacts
to change with time: “once reproduction sets in, many of the less
congenial relationships are shed in order to concentrate what time and
effort is available on the relationships that matter most” (Dunbar, 2018,
p- 34).

All this goes against the very core of the idea of social signature and
against conclusions of Saramaki (Saramaki et al., 2014), Heydari
(Heydari et al., 2018) and Liu (Liu et al., 2018). However, three reser-
vations should be made here.

First, the existing research provides indirect evidence on long-term
volatility of communication volume distributions while we so far find
short-term volatility that might have different explanations. Switching
between the channels of communication is one of them. If for some in-
dividuals no single communication channel accumulates the lion share
of communication volume, their entire communication networks may
turn to be both more or less stable, and they may also turn to be bigger
and exhibit different distributions. Second, if we examine individual
signatures in our sample, we see that some individuals, albeit a minority,
pass the test for social signature stability. As Centellegher et al. (2017)
show, the degree of stability may be related to certain personality traits
which means that the social signature hypothesis may hold for some
population subgroups, but not the others.

Third, the definition of social signature stability is still an open
question. How similar should two distributions be to be considered
roughly the same? We apply the Kolmogorov-Smirnov test whose null
hypothesis assumes that the two compared samples have been drawn
from the same population and, therefore, should have identical distri-
butions. KS test is a natural choice for comparison of distributions,
however, alternative methods might be offered that would be directly
grounded in the theory of psychology and cognitive science. Our find-
ings thus show that social signature theory has a lot of room for
enrichment and refinement with a whole range of nuances. We
demonstrate that social signature stability can hold only for certain
populations, in certain channels or, perhaps, only across them, and
under a certain definition of stability to be defined.

6.4. Practical significance

Additionally, our research has several practical implications some of
which were anticipated (see introduction) while others were not. The
first is associated with confirming the existence of the cognitive limit to
communication in private messaging. Struggling for user retention,
OSN s often seek to increase user engagement which creates information
and communication overload and may in the end contribute to user
churn. Knowledge of cognitive limitations may help OSNs develop
strategies of engaging users without overloading them. Instead of only
offering more and more new friends, OSNs could also offer users handy
functionalities for navigating, filtering, and categorizing their networks
without doing it entirely manually.

A second practical implication follows from our observation of a
relatively high variation in the distribution of emotional closeness and
communication volume over alters, both between the egos and the
different periods of the same ego. Although we do not find social
signature stability we find variation that if studied may shed light on
individuals’ strategies of social media use in terms of communication
intensity and emotional engagement. This in turn may help develop OSN
functionalities that meet individual communicative goals. We also
observe the individual and the overall bounds for social signature
volatility. While just any statistically significant change may be unable
to indicate any meaningful changes in user conditions or intentions, the
change beyond the empirically grounded bounds does seem able to
indicate the fall of well-being, satisfaction with OSN, or churn intention.
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6.5. Limitations and future research

As follows from sections 6.1-6.3, some of our results may be inter-
preted only after additional research which is needed to overcome
certain limitations present in this study.

First, our work shares the limitations of all case studies: our evidence
against the idea of social signature is based on one communication
channel (private messages in an OSN), one OSN (VKontakte), and one
society (Russia) — just as the previous evidence in favor of social
signature was also based on separately studied cases. A more profound
limitation of all this group of studies, including ours, is that few in-
dividuals in modern societies use only one channel of communication,
and thus single-channel approaches can never reveal complete personal
networks. A more interesting research question in this context is not
whether social signature holds within a specific channel, but whether it
holds in complete individual communication networks of those who
have e.g. social media among their communication channels and those
who have not. This question is extremely difficult to answer given the
unavailability of face-to-face communication traces right now, there-
fore, it will be waiting for a suitable technology to develop. Meanwhile,
more single-channel replication studies are needed.

A related question of interest in this context is whether social media
and other ICTs help expand personal networks not by direct break-
through the Dunbar’s number, but via functionalities able to reduce
cognitive load. The meaningfulness of human relations is often deter-
mined by the possibility to rely on alters when help is needed; social
media allow users to quickly mobilize help without maintaining time-
consuming or cognitively expensive relations. This may lead to the
expansion of the number of meaningful others beyond Dunbar’s number
without either the growth of communication volume or the increase in
the number of emotionally close alters. In fact, communication volume,
emotional closeness, and helpfulness may get detached from one
another as a result OSN influence on human communication (which is
suggested by our exploratory analysis of emotional closeness distribu-
tions). Studying whether all this is really so requires research designs
that are different from ours, and looks like a promising direction for
future research.

Finally, talking about the meaning of meaningfulness we should once
again point at the underdevelopment of definitions of core concepts that
underlie both HSB theory and social signature theory as its part. Above
all, these include the concept of meaningful relations and the concept of
social signature stability. This underdevelopment has not been fully
overcome in our work either. Our design based on digital traces does not
allow measuring meaningfulness, while our way to measure stability is
not the only one possible. More theoretical and empirical work is needed
to develop these definitions. Once this goal is reached, it will become
possible to more precisely determine the conditions under which the
social signature hypothesis holds — whether it be a certain communi-
cation channel or a certain set of personality traits or a certain period in
a life cycle. These questions form an agenda for a whole stream of future
studies.
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Appendix
Hypothesis formulation

At the initial stage of our research, we first formulated hypotheses conceptually as accurately as possible. We then reviewed and carefully examined
the relevant statistical methods that we could use to test the corresponding null hypotheses. After that, we made important clarifying and final edits to
the wordings of our hypotheses, trying to eliminate any inaccuracies, discrepancies, and redundancies. Thus, we were guided by several principles and
by the fact that the wordings of the hypotheses should be uncluttered and at the same time conceptually concise, statistically correct and contain
critical statistical details for a reader to grasp the context that we put across our hypotheses.

In our hypotheses, we used the concepts from social network analysis (alters and ego-network) and from HSB theory (Dunbar’s number), which
allowed us to convey the intended meaning very accurately. When formulating H1A, we kept in mind the assumptions of the TOST test, which was
used for verification and which requires setting the values of the equivalence bounds that are essential for outlining the scope of this hypothesis. The
bounds are required because the assumption tested by TOST (and interesting to us) is essentially negative - we assume the absence of difference from,
while usually the presence of difference is tested. Furthermore, we assume the absence of difference of a sample mean from a number, not from a mean
of another sample, as it is usually done. Therefore, the presence of exact bounds that might complicate the hypothesis’ comprehension was found to be
necessary.

Hypothesis H1B required fewer numeric values than hypothesis H1 A. But we could not omit such details completely, and clearly stated the value of
Dunbar’s number to avoid any ambiguity. Here we also used the terminology from social network analysis.

Hypothesis H2 is stated succinctly. We clearly propose the positive association between two variables—emotional closeness and volume of
communication. This hypothesis is also in full agreement with the underlying statistical procedure—multilevel regression analysis—that we used to
verify it.

The wordings of hypotheses H3B and especially H3A had to be made longer in accordance with the complex nature of the assumption tested.
Instead of just stating that we expect social signature to be a stable phenomenon, we chose much more technical wordings in order to precisely
determine what will be tested and to justify why the assumption has to be broken into two hypotheses, and how exactly they differ. Simultaneously, to
keep the reader in context, we chose to explain what is meant by inter-personal and intra-personal distance right within the formulation of H3A.

Formulating H3B presented a challenge similar to that with H1A as our assumption was negative - that is, we expected the difference between the
two tested values to be insignificant. This is unusual as, most often, what is being tested are assumptions about the presence of statistical difference,
not its absence. We chose to state this plainly and in a technical manner.

Analyzing the average number of alters

Our hypotheses concerning the average number of alters in an ego-network of OSN private messaging determined the choice of two appropriate
statistical tests: 1) two one-sided T-tests (TOST) for hypothesis H1A, 2) an ordinary one-sided one sample T-test for hypothesis H1B.

TOST tests the null hypothesis that two mean values (two-sample test), or a mean value and a theoretical value (one-sample test), are not
equivalent, and the alternative hypothesis is that they are equivalent within some practical limit that should be specified by the researcher. TOST
consists of two one-sided T-tests that are used to test the estimate against values of lower and upper equivalence bounds (AL and AU). To draw a
conclusion of statistical equivalence, both tests must be statistically significant (p value < alpha). We used its implementation in TOSTER R package.

One-sided T-test checks the null hypothesis that a true mean is less than or not different from the theoretical number or a population mean. The
alternative hypothesis is that a true mean is greater than population one, which corresponds to our formulation of hypothesis H1B.

Association between emotional closeness and the volume of communication

Our data possess a clear hierarchical structure, with alters, being the lowest level, nested within egos (the second level). Thus, to estimate the
association between emotional closeness and the volume of communication, we used multilevel regression modeling. R packages ImerTest and
Ime4—widely accepted and stable solutions—were chosen to carry out modeling. We have built several linear models with Imer function: random
intercept only, random slope only, random intercept and slope. The fitted models were compared and the best model was chosen based on the
following metrics: AIC, BIC, log-likelihood. To calculate conditional and marginal %, we used performance package.

Prior to multilevel modeling, we analyzed the distribution of the total number of characters sent and received between an ego and an alter with
powerlaw package for Python programming language. This package offers goodness-of-fit tests for various distributions. The obtained results show that
our data are best approximated by truncated power-law distribution (« = 1.834, A = 4.431e-7). Thus, we applied natural logarithm transformation to
the total number of characters to meet the linear regression assumption of data and residuals normality.

Social signature analysis

The methodology of social signature analysis, due to its complexity, has got a relatively detailed description within our paper; here, we repeat the
core aspects of the methodology while supplementing them with some additional details.

We constructed social signatures for all egos as the distributions of the total number of sent/received characters by their alters, corresponding to
the function NC = f(R), where NC is the number of characters either sent or received by a given ego’s alter, and R is the rank of this alter in the list of
this ego’s alters sorted by the number of characters sent/received. These distributions were created for three consecutive 6-month periods T1, T2, and
T3, limited by two thresholds—20 and 40 alters—and padded with zeros if shorter.

To compare social signatures, we applied Saramaki’s and Heydai’s method and estimated Jensen-Shannon distances (JS) using distance function
from philentropy R package. Given three periods of time and two thresholds, six sets of distances were calculated: (1) interpersonal, between egos of the
same period (JS20-alterT1, JS20-alterT2, JS20-alterT3, JS40-alterT1, JS40-alterT2, JS40-alterT3), (2) intrapersonal, between different periods of the
same ego (JS20-selfT1/T2, JS20-selfT2/T3, JS20-selfT1/T3, JS40-selfT1,/T2, JS40-selfT2/T3, JS40-selfT2/T3). Furthermore, we modified the initial
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Saramaki’s approach by introducing a set of statistical tests to check whether the visually observed differences are significant: 1) Mann-Whitney rank
test (for hypothesis 3A), 2) Kolmogorov-Smirnov two-sample test (for hypothesis 3B).

Mann-Whitney rank test was chosen because of non-normal distributions of JS distances in all inter- and intra-personal sets. We used wilcox.test
function from stats R package which offers the default implementation of this test. We performed 18 one-sided Mann-Whitney tests comparing all 20-
and 40-alter-based interpersonal distances to all corresponding interpersonal distances.

We chose the Kolmogorov-Smirnov test (KS) and its standard implementation in ks.test function from stats R package to compare social signature
distributions of egos intrapersonally. First, we performed a series of KS tests comparing two social signature distributions of the same ego from two
different time periods and for two thresholds (20 and 40 alters): T1 vs T2, T2 vs T3, or T1 vs T3. Thus, we obtained six sets of different results (39
individual results in each) that had to be further generalized. To test the global hypothesis of the overall equivalence of all distributions within each
pair of time periods and threshold (alters limit), we selected the Stouffer test as the most statistically powerful in its category (Futschik et al., 2019),
and applied it to six sets of individual results. We used its implementation in poolr R package.

Following Saramaki’s approach, we carried out further analysis to figure out if the change of social signature over time could be affected by alters
turnover. We estimated alters turnover using the Jaccard index that compared the sets of top 20 or 40 alters who sent or received messages to/from an
ego between periods T1/T2, T2/T3, or T1/T3:

_AN4

J(Ai,A) =A U4,

The association between Jaccard indices and intra-personal JS distances was analyzed using Pearson correlation tests and multilevel linear
regression models built for each pair of periods and both thresholds-20 and 40 (six tests and six models, in total).
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