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Abstract

Human social networks are composed of multiple dynamic and overlapping com-
munication networks, in which membership changes over time. However, less well
understood are whether and how our communication patterns are similar or differ-

ent over time and across various modes of communication. Here, we use data on the
frequency of phone calls, text messages, and in-person interactions to examine the
social signatures of more than 700 students in a university setting. Our analysis shows
that although there is substantial turnover in participants networks, participants’social
signatures are persistent across time and consistent across communication modes. Fur-
ther, we find that communication networks that are mediated via phone calls or text
messages are more stable than are in-person networks. Our results show that, likely
due to limitations in cognitive and emotional resources, people maintain networks

of relatively stable size and structure their communication within those networks in
predictable patterns. Our findings may help with formalizing social network theories,
explaining individual-level attitudes and behaviors and aggregate-level social phenom-
ena, and making predictions and detecting abnormalities in applied fields.
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Introduction

Social interactions play an important role in many aspects of human societies at
both the individual level, such as mental health and individual well-being (House et al.
1988; Holt-Lunstad et al. 2010; Manninen et al. 2017), as well as the societal level,
such as infectious disease control (Kafsi et al. 2013; Zhang et al. 2020) and viral mar-
keting (Szabé and Barabasi 2003). Understanding how social interactions evolve over
time and how they vary across different communication modes are essential. Without
a deep understanding of temporal evolution of social interactions across communica-
tion channels, our understanding is limited in that we apply methods and models from
studies of static networks to dynamic social processes, and from single modes of com-
munication when social networks are frequently multi-layered. One approach to study-
ing dynamic and multi-layered social interactions is from social network structures and
their relationship to ego-centric tie strength. The distribution of tie strengths from an
ego-centric perspective, as discussed in further detail below, has been dubbed an indi-

’

vidual’s “social signature” (Saramaiki et al. 2014). That is, members of an inner layer (i.e.,
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stronger tie strengths) of an individual’s social contacts receive more communicative
interactions and the outer layers (i.e., weaker tie strengths) receive less communicative
interactions (Saraméki et al. 2014). These social structures, particularly when they are
invariant across time and mode of network interaction within the same population, pro-
vide opportunities to examine fundamental network properties that enable the exten-
sion of theory. Social signatures may make individuals who are at the center of the social
network receive information sooner than others (Garcia-Herranz et al. 2014), make it
easier for individuals to live in “echo chambers” within which they mostly interact with
others who hold similar beliefs, attitudes, and behaviors (Lewis et al. 2012), and acceler-
ate the reinforcement of individuals’ existing beliefs, attitudes, and behaviors through
social influence (McPherson et al. 2001). These individual-level effects may evolve into
an aggregate-level knowledge gap, attitudinal extremity and polarization, and health
disparities. Thus, understanding whether and how social signatures change across com-
munication channels, across individuals, and across time is essential to study both indi-
vidual-level and aggregate-level social issues.

One gap in the literature about social network structures is that researchers have paid
substantially more scholarly attention to varying structural properties than to invariant
properties. Social signatures are the allocation of social resources across members of a
focal individual’s social network, which may vary over communication modes and over
time. Researchers have tended to assume that different social networks have varying
network structural properties (Borgatti et al. 2009). These variations in social network
structures across people, channels, and time could then explain differences in outcomes,
such as imbalanced information flow and polarized attitudes and behaviors. However,
we argue that exploring invariant social network structures may be similarly impor-
tant for both formalizing social network theories and applying social network theories
to explain applied social network-related phenomena. First, exploring invariant social
network structures can help with formalizing social network theories. One criticism of
social network research is that the field tends to be “merely descriptive” or “just meth-
odology” (Borgatti et al. 2009). Examining invariant underlying structural components
of social networks across people, channels, and time may help with formalizing social
network theories and increasing their explanatory power. Second, invariant structures of
social networks can help explain the variance in outcomes across social networks. Indi-
vidual differences indeed explain a certain amount of variance in outcomes. Yet, struc-
turally equivalent roles (i.e., people in similar positions and that have similar ties in a
network) rather than individuals may help explain more variance in the outcomes (Bor-
gatti et al. 2009) and thus increase the generalizability of findings. Structurally equivalent
individuals may face similar environments in which they may gradually develop similar
responses, such as similar attitudes and behaviors.

Understanding the fundamental invariant structures of social interactions has been
a central challenge for scholars (Sekara et al. 2016), which has highlighted two major
opportunities for advancing our understanding in this area. A fundamental ques-
tion in this area is: invariant structures relative to what? On the one hand, it may be
invariant structures of social interactions across differing channels of interaction. An
increasing number of information and communication technologies make it possible

for people to interact with each other through multiple channels (Mones et al. 2017),
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from person-to-person interactions (Cattuto et al. 2010), via phone calls (Onnela et al.
2007), and through social media (Grabowicz et al. 2012), among other modes. Social
interactions across channels are inherently overlapping (Palla et al. 2005; Ahn et al. 2010;
Rosvall et al. 2014). A frontier in this area is multi-layer communication networks, and
particularly the temporal stability of interaction patterns across modes of communica-
tion. Studies in this area are challenging because of the intrinsic differences between
different communication channels (Heydari et al. 2018), including measurement chal-
lenges surrounding whether and how to compare or combine weighted and unweighted
communication network measures (Saramiki and Moro 2015). On the other hand, it
may be that patterns of social interactions are invariant across time, but may or may
not vary over communication mode. Understanding meso-level social group behaviors
(Palla et al. 2007; Lin et al. 2009) and their temporal evolution or lack thereof across time
is essential in understanding the time-invariant fundamental structures and regularities
governing social groups (Holme and Saraméki 2012; Sekara et al. 2016).

To enable an in-depth understanding of the channel- and time-invariant character-
istics of social network structures, we focus on dynamic multi-layer social networks
across communication modes (i.e., person-to-person, phone calls, and text messages)
and across time. We note that the communication modes vary in both physical proxim-
ity, with in-person interactions likely being relatively proximate compared to phone calls
and text messages, and synchronicity, with in-person interactions being synchronous,
phone calls being sometimes synchronous and sometimes not (e.g., because of a voice-
mail message), and text messages being asynchronous (although sometimes alternat-
ing in a short period). Therefore, we categorize social networks into person-to-person
networks and mediated networks (i.e., phone call and text message). Our study aims to
examine the persistence of social signatures across time in both person-to-person net-
works and mediated networks. We also aim to compare the consistency of social sig-
natures across different communication modes, including both mediated channels and
in-person channels. Specifically, we analyze the complete dynamic multi-layer social
networks collected by the Copenhagen Networks Study (Sapiezynski et al. 2019) (CNS)
to explore: (1) how individuals allocate their communication resources across people
(i-e., individuals’ social signatures) in the person-to-person (in-person interactions) and
mediated networks (i.e., phone call and text message), (2) whether a given individual’s
social signature is persistent over time, but different from other individuals’ social signa-
tures, and (3) whether a given individual’s social signatures in different communication
modes are similar to each other.

Our work advances the literature in at least three ways. Theoretically, we provide a
broader understanding of social signatures by comparing and incorporating multi-
modal social networks. Previous research on social signatures primarily has investigated
mediated networks (Saraméki et al. 2014; Heydari et al. 2018). We analyze person-to-
person networks in addition to mediated networks and show that social signatures are
consistent across different communication modes, from person-to-person to mediated
networks. Additionally, we show the existence of persistence of social signatures in the
so far largest multi-layer social network used to examine social signatures with more
than 780 participants. By doing so, we substantially improve the generalizability of pre-
vious research on the persistence of social signatures. We also show that the time period
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to observe persistence of social signatures could be shortened to within one month
whereas prior studies have examined longer time periods. Finally, our study has implica-
tions for empirical studies and may help with formalizing social network theories.

To study the consistency and persistence of social signatures across communication
modes, we analyze a previously published longitudinal data set that includes social net-
work interactions across phone calls, text messages, and in-person interactions detected
by Bluetooth (Sapiezynski et al. 2019). These data include participants’ interactions
across communication modes and across time such that we are able to construct social
signatures for participants both within a given mode of communication and by com-
bining the modes into a single multi-channel network, as described below. Using these
data, we compare the social signatures of individuals across communication modes to
reference distributions to examine whether the social signatures of individuals are con-
sistent across communication modes. We also compare the distance between two social
signatures of each focal ego at two different time periods to the distance between the
social signatures of the focal ego and a randomly selected other participant. This ena-
bles us to examine whether the social signatures of individuals are persistent across time.
This work takes inspiration from prior work on social signatures (Saraméki et al. 2014),
including work that examines multiple modes of interaction (Heydari et al. 2018).

The structure of the paper is as follows. The next two sub-sections review the litera-
ture on static and dynamic social signatures across different communication modes. The
subsequent section describes the data sets and summarizes our analytical methods. The
three sub-sections under the results section summarize our results about social signa-
tures from three aspects: turnover rate, persistence, and consistency. We then discuss
the implications of our findings and the limitations of our study in the discussion section.

Static and dynamic social signatures

Existing research has examined patterns of both static and dynamic social interactions
through single or multiple communication channels. One key finding in static social net-
works is that social interactions are constrained by cognitive limits. According to this
theory, the maximum number of relationships an individual can actively maintain aver-
ages approximately 150 contacts (Hill and Dunbar 2003; Dunbar 2014). This hypothesis
rests on the assumption that maintaining social relationships is costly in terms of time
(Miritello et al. 2013; Milardo et al. 1983), cognitive resources (Stiller and Dunbar 2007;
Powell et al. 2012), and emotional capability (Saramaki et al. 2014). Within the set of
150 people, the first and closest circle, usually called an individual’s support clique, is
limited to approximately five members (Dunbar and Spoors 1995). More distant circles
include the sympathy group (~15 members), the affinity group (~50 members), and the
active network (~150 members). Although the basis of this theory is rooted in offline
social networks (Hill and Dunbar 2003), support for groups of approximately this size
have been found in mobile phone networks (Mac Carron et al. 2016), social networking
sites (Arnaboldi et al. 2013; Dunbar et al. 2015), and online computer games (Fuchs et al.
2014). Indeed, these findings are intriguing as they suggest that the number of friends
at a given time for each individual in a single communication mode approximates the
150-person theoretical average. Yet, static social network analysis hinders detailed
understanding of the mechanisms shaping the underlying social network structure by
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focusing on a single temporal slice (Laurent et al. 2015) and a single communication
mode. Even within the relatively static groups that make up an individual’s social net-
work, there may be meaningful variation in how much attention is paid to a given social
contact over time or across communication modes. Therefore, social networks need
to be examined in a dynamic setting across different communication modes within an
individual.

Irrespective of the different communication channels that individuals use to interact
with each other, research must advance our understanding of whether the social inter-
action patterns observed in static social networks change or persist over time for each
individual. Social networks may change over time depending on many factors, such as
job transition, relocation, adoption of new information communication technologies, or
simply age. Despite these changes, research has found that the way in which individuals
allocate their communicative effort among members of their social networks is persis-
tent over time (Saramaiki et al. 2014). Within the general pattern, there are between-per-
son variations so that each individual has a distinct social signature. The persistence of
social signatures was first found in a phone call network (Saraméki et al. 2014) and simi-
lar social signatures have been found in text message networks (Heydari et al. 2018) and
online social networks (Liu et al. 2018; Koltsova et al. 2021).

Social signatures across different communication modes
Though both static and dynamic patterns in a single channel uncover valuable charac-
teristics of social interactions, comparing these patterns across different communica-
tion modes may provide more insight into the underlying structures and mechanisms
of social interactions. More importantly, cross-channel comparisons make it possible to
examine whether the persistence of social signatures is a genuine characteristic of ego-
centric social networks and can be generalized to other communication modes. Some
work on social signatures has found that mediated networks (i.e., call networks and text
messaging networks) are similar and display patterns that are distinct from the person-
to-person network (Stopczynski et al. 2014), but other work has found that for a given
individual, the text message patterns and phone call patterns may differ significantly
with respect to daily communication patterns, indicating that phone calls and text mes-
sages serve different roles in communication (Aledavood et al. 2016). Despite these dif-
ferences among different communication modes, scholars have also found similarities.
Individuals have similar egocentric network structures in both online and offline social
networks (Arnaboldi et al. 2013). Social signatures in mediated communication net-
works (i.e., phone calls, and text messages) show persistent individual differences over
time, despite the turnover in each individual’s networks (Heydari et al. 2018). A more
integrated approach to comparing and integrating in-person and mediated social net-
works in an individual’s life would greatly advance our knowledge of human interactions.
Integrating a given individual’s social networks into one network may help cor-
rect the biases introduced by observing single channels. There are two main concerns
related to the single-channel approach (Stopczynski et al. 2014). First, the single-channel
approach only captures an incomplete picture of the entire life of an individual. That is,
the observations based on one communication mode will provide incomplete samples of
a complete network (Nanavati et al. 2008; Wang et al. 2013). Human social interactions
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between the same individuals take place across many different communication chan-
nels, such as face-to-face communication, phone calls, text messages, emails, social net-
working sites, and many other platforms. In some instances, the networks composed
by these various modes of communication will overlap and in others they will not. We
must study the communication channels that are typically examined separately together
to fully understand human patterns of interaction (Stopczynski et al. 2014). Second,
the single-channel approach may limit interdisciplinary cooperation (Stopczynski et al.
2014), which may inhibit our ability to have a broad theoretical understanding of which
relationships are specific to a given communication mode and which are more universal.
Scholars using single-channel approaches may find it difficult to validate their findings in
different channels that could be useful to scholars in other disciplines. The limitations of
the single-channel approach can be reduced by using a multi-channel approach. To our
knowledge, scholars who have integrated different social networks to study social signa-
tures have mainly examined mediated networks, such as phone call networks and text
message networks (Heydari et al. 2018), perhaps due to the relative convenience of col-
lecting such data. We use the Copenhagen Network Study that enables the integration of
in-person networks and mediated networks (Stopczynski et al. 2014; Mones et al. 2017;
Sekara et al. 2016; Alessandretti et al. 2018; Sapiezynski et al. 2018). Scholars using this
data have found that relationships in mediated settings, such as Facebook interactions,
phone calls, and text messages, are frequently reflected in offline behaviors (Sapiezynski
et al. 2018) and that central members in the offline network interact with the environ-
ment regularly, whereas core members in the online networks show irregular behaviors
and are more active in irregular social activities (Mones et al. 2017). These data have
the substantial potential to be used to examine a key component of multi-modal com-
munication networks, namely whether social signatures persist both in time and across
communication modes. We note that another researcher independently and contempo-
raneously used the same data set to study a related set of questions (Schulman 2021).

Materials and methods

The data examined in this study come from the CNS. The CNS has the largest and the
most dense population to date among studies analyzing multi-layer high-resolution
social networks. The original researchers collected temporally dynamic, multi-layer net-
work data from a densely interconnected cohort of 787 newly-admitted undergraduate
freshmen students at the Technical University of Denmark. 78% of the participants are
male and 22% are female. Each participant was equipped with an Android smartphone,
through which Bluetooth data were collected every five minutes, and phone call and text
message data were collected over the observation period regardless of the participants’
activities. The total observation time used in this study was four weeks, starting from a
Sunday during a school term. The time period observed is the same across all students.
The Bluetooth data can be used as a proxy for physical distance, which is a reasonable
proxy for person-to-person interactions (though see a discussion of the limitations of
this approach below). The phone call and text message data represent mediated com-
munication through cellphones, with which participants were equipped for the purposes
of the study.
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To compare and integrate the networks, we then use the approach developed by Heydari
et al. (2018). The challenge in comparing and integrating the three networks is defining the
weights of ties in the networks because the frequencies of phone calls, text messages, and
in-person interactions cannot be directly compared. We break the timeline of each ego-
alter interaction and divide it into time bins of 1 h across the observation period. We then
count the number of bins that contain at least one social interaction between an ego and
alter. These counts are used as the weights for ties between egos and alters. For example, a
given individual (i.e., the ego in Fig. 1) has six contacts in total in a random day. For the spe-
cific node E, the ego texted with E during 2 h, called E during 3 h, and was with E in person
during 1 h. Therefore, the total time of interactions will be five no matter how many times
the ego texts, calls, and sees the node E. As illustrated by the example, if a given node had a
text message conversation that went back and forth multiple times all during the same hour,
that would be measured as a single hour of interaction. Using this approach, we integrate
the phone call network, the text message network, and the person-to-person network. In
doing so, we are able to investigate the three single-mode communication networks as well
as an integrated multi-mode network.

To measure the consistency and persistence of social signatures, the first step is to exam-
ine whether the composition of the social networks changes across time, individuals, and
channels. Examining changes in the composition of each ego’s social network members
helps to inform further examinations of social signatures. If ego networks have low over-
lap but still have high consistency in terms of social signatures that would have a different
interpretation than if both the overlap of network members and social signature patterns
remained relatively stable. Therefore, our first measure is Jaccard Index (JI), which meas-
ures the overlap of two sets of alters in a pair of egocentric networks (Heydari et al. 2018;
Saramaki et al. 2014). The JI is defined as:

lo1 () o2
J(o1,00) = ——— (1)
lo1 J o2
Text message Phone call Person to person
L=2hrs X=3hrs E=1hrs

Fig. 1 Node E has 2 h text messages, 3 h phone call, and 1 h in-person interactions. These interactions are

weighted and then integrated into the new network. This method and the representation of it in the figure

closely follow the methods and the schematic that represents it in Heydari et al. (2018)
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where 01 and oy are two social signatures. If there is complete overlap between the two
sets of alters, then JI = 1; if there is no overlap between the two sets of alters, then JI = 0.

The next step is to compare whether the underlying structures of the social networks
change. To do that, our second measure is Jensen—Shannon distance (JSD), which measures
how a pair of probability distributions diverge from each other. JSD has previously been
used by network researchers to measure the similarity between two social signatures (Hey-
dari et al. 2018; Saramaki et al. 2014). The JSD is defined as:

1 1 1
JSD(01,02) = H(Zo1+ Z02) = SIH(01) + H(o2)] ()

where o1 and o7 are two social signatures, H(o) is the Shannon entropy of . Thus, JSD is
minimized when the probability distributions are the same and becomes larger as they
diverge.

We then combine these two measures to answer our research questions. First, to examine
the persistence of social signatures (i.e., whether individuals’ social signatures stay stable
across time), we divide the 28-day observation into two intervals I; and Iy, each of which
encompasses 14 days. We compare social signatures using a 14-day time interval rather
than on a daily- or weekly- basis such that we are able to capture the underlying social sig-
natures rather than random noise due to daily life. By splitting the observed period into the
two largest, equally sized time periods possible, we limit the impact that any given day, day
of week, and so on, would have on our measurements while still enabling a time-dynamic
comparison of equally sized periods of time. Previous studies have analyzed the persis-
tence of social signatures in a similar way (Saramaiki et al. 2014; Heydari et al. 2018). Fur-
ther, as discussed in detail below, understanding whether persistent social signatures may
be observed in relatively short periods of time is important for future research in this area.
We then calculate a given individual’s JI between I; and I to see whether a given individu-
al’s social networks members change over time. We then compare a given individual’s JSD
between I; and I with the JSD of random participant in I; and the JSD of a random partici-
pant in I to see whether individuals’ social signatures stay stable over time. We repeat the
same procedure for all four social networks (i.e., in-person, text message, phone call, and
integrated network).

Second, to examine the consistency of social signatures (i.e., whether individuals’ social
signatures stay stable across communication modes), we compare a given individual’s JI
between in-person and text message networks, between in-person and phone call networks,
and between text message and phone call networks, to examine whether the members of
the same person’s social networks stay the same. We then compare a given individual’s JSD
between his or her own social networks with the corresponding JSD between the individual
and a random other. We do so to examine whether individuals’ social signatures stay stable
across different communication modes. We repeat the procedure for all paired combina-
tions between in-person, text message, and phone call networks.

Results

Turnover in individual social signatures

The distribution of weights in human social signatures in the person-to-person,
phone call, text message, and integrated social network appear to be relatively broad,
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as seen in Fig. 2. A small number of contacts of an individual participate in the major-
ity of interactions, whereas most of the contacts only participate in a small amount of
social interactions of that individual. This holds true over time and across all of the
four social networks. To quantify the level of turnover in the networks, we compared
the composition of alters in I; and I, using the Jaccard Index. A high level of turnover
within each individual’s network would be indicated by low Jaccard Index score; a low
level of turnover within each individual’s network would be indicated by high Jaccard
Index score, as illustrated in Fig. 3. For the person-to-person network of participants,
J(1,13) = 0.33 £ 0.01; for the phone call network, J(I1,I5) = 0.44 £ 0.02; for the text
message network, J(I1,12) = 0.51 & 0.02. For the integrated network that combined the
three networks, J(I1,13) = 0.34 £ 0.01. The results indicate that the turnover rate is the
largest for the person-to-person network, followed by the phone call network, and the
turnover rate is the lowest for the text message network. For the combined network,
the turnover rate is most similar to that of the person-to-person network. The differ-
ences between the distributions shown in Fig. 3 are consistent with expectations given
the nature of the data. Given that the person-to-person interactions observed are due
to proximity measured by Bluetooth, we expect that turnover may be relatively high as
these are a mixture of purposeful interactions, structured interactions (such as being in

Phone call SMS
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Fig. 2 The social signatures are averaged over the participants for two consecutive intervals. The shape of
the social signatures is invariant across different communication modes
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Fig. 3 The Jaccard Indexes are averaged over the participants for two consecutive intervals. The high
turnover rates in the person-to-person network and the combined network are reflected as the larger Jaccard
Indexes between the two intervals in the two networks

a shared classroom) and chance encounters. The phone call and SMS networks are much
more likely to be purposeful interactions among relatively strong ties. In all cases, the
results suggest that there is substantial turnover in the set of people participants inter-
acted with between I and 1.

Persistence of individual social signatures
To examine the persistence of individual social signatures, we compared the Jensen—
Shannon Divergence (JSD) between I; and I, for each network. We calculated ego s
self-distances between I; and I5, denoted as dself. A low self-distance score indicates high
similarity between the ego’s social signatures in the two intervals. We then calculated ref-
erence distances using two approaches: first, we randomly selected another participant
in [; and calculated the distance between the signatures of the ego i and the signatures
of the randomly selected other participant in /3, denoted as d,1; second, we randomly
selected another participant in /; and calculated the distance between the signatures of
the ego i and the signatures of the randomly selected other participant in I, denoted as
dyer2- In doing so, we are able to compare the distributions of dsr to both d,.r1 and .
If dyeyy is significantly smaller than the reference distributions this would suggest that an
individual’s social signature is more stable over time than we would expect from chance.
The results show that on average, the shapes of the social signatures are persis-
tent over time, as seen in Fig. 4. Specifically, we found that on average, the distance
between an individual’s social signatures in two consecutive intervals is significantly
smaller than the distance between the individual’s social signature and the social sig-
natures of another random individual either in I; or /5. The finding holds true across
all three networks. Specifically, for the person-to-person network, the average self-dis-
tance is dgjr = 0.075 £ 0.005 whereas the average distance to a random individual in
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Fig. 4 The distributions of all self-distances dsr and reference distances djer1and dyers, for all egos across
different communication modes

I is dyep1 = 0.828 + 0.008 and the average distance to another random individual in I
is dyefy = 0.810 % 0.008 (£/1(1019) = — 77.00, p < .001; £15(1004) = — 73.78, p < .001).
Similarly, for the phone call network, the average self-distance is dg,r = 0.207 £ 0.012
whereas the average distance to a random individual in I; is dyef1 = 0.309 & 0.017 and
the average distance to another random individual in I is dyrp = 0.437 £ 0.016 (11
(510) = — 4.75, p < .001; £/2(519) = — 10.89, p < .001). Next, for the text messages
network, the average self-distance is dgr = 0.151 £ 0.009 whereas the average dis-
tance to a random individual in /; is d,r; = 0.467 & 0.017 and the average distance to
another random individual in I is dy,r5 = 0.519 £ 0.016 (¢1(605) = —16.286,p < .001;
t12(615) = —19.317,p < .001). Finally, for the combined network, the average of
self-distance is dgr = 0.10 & 0.005 whereas the average distance to a random ego
in Iy is dyer1 = 0.71 £0.009 and the average distance to another random ego in I is
drea = 0.71 £ 0.009 (¢1(1112) = —58.689, p < .001;£/2(1123) = —58.806,p < .001).

Consistency of social signatures across communication modes

We next compared the alter composition of the three networks (i.e., person-to-person
network, phone call network, and text message network). We found that with regard to
the composition of alters, the phone call network and the text message network are more
similar to each other, as seen in Fig. 5 compared with the person-to-person network
(J (sms, bt) = 0.002 &+ 0.002; J(call, bt) = 0.007 & 0.001; J(sms, call) = 0.455 & 0.017;
Esms.callvs.sms.bt (533) = —27.185,p < .001; bsms.call vs. call.bt(528) = —26.966,p < .001;
Lsms.bt vs. callbr(1134) = —2.244, p < .05). In other words, individuals interact with pri-
marily the same group of people through phone calls or text messages. When they
switch from mediated communication to person-to-person communication, individuals
usually interact with a different group of people. As discussed in greater detail below,
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Jaccard Index
o
o 3
o o

o
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o

Density

D Bluetooth to SMS D SMS to phone call D Bluetooth to phone call
Fig. 5 The Jaccard Indexes are averaged over the participants for each pair of comparison among the three
networks. The similarity of alter composition between the text message network and the phone call network
is indicated by the higher Jaccard Index between SMS and phone call

this is again consistent with the likelihood that for many participants mediated com-
munication is more purposeful and likely to be directed primarily at strong ties while
in-person interactions (as detected by Bluetooth) are likely to be a mixture of purpose-
ful interactions and circumstantial, non-social interactions. We then compared the
distances between each pair of the three networks within a given individual with the
distances between the individual and another randomly selected individual within the
same network. We found that the social signatures are significantly consistent within
people across different communication channels, as illustrated in Fig. 6. Specifically, the
average distance between a given individual’s social signature in the person-to-person
network and the social signature in the text message network is significantly smaller
than both the distance between the same individual’s social signature and a random
other’s social signature in the person-to-person network (dpzsms/selr = 0.509 & 0.007,
Aptsms/otherbt = 0.842 £ 0.008, £(1222) = —30.92,p < .001) and the distance between
the same individual’s social signature and a random other’s social signature in the
text message network (dpssms/othersms = 0.747 £0.012, t(1013) = —16.86,p < .001).
For the comparison between the text message network and the phone call network,
the average distance between a given individual’s social signature in the text message
network and the social signature in the phone call network is significantly smaller
than both the distance between the same individual and a random other in the text
message  network  (dgpscaisserr = 0.191 £ 0.009,  dypscati/other.sms = 0.524 £ 0.015,
£(830) = —19.12,p < .001) and the distance between the same ego and a random other
in the phone call network (dgscai/other.cant = 0.543 £ 0.014, £(886) = —21.89,p < .001).
For the comparison between the person-to-person network and the phone call net-
work, the average distance between a given individual’s social signature in the
person-to-person network and the social signature in the phone call network is sig-
nificantly smaller than both the distance between the same individual’s social sig-
nature and a random other’s social signature in the person-to-person network
(dbtcull/se{f = 0.512 4+ 0.007, dbtcall/other.bt = 0.858 + 0.007, £(1220) = —35.10,p < .001)
and the distance between the same individual’s social signature in the phone call net-
WOtk (dpseatt jother.cant = 0-633 % 0.014, £(888) = —8.01, p < .001).



Li and Bond Applied Network Science (2022) 7:10 Page 13 of 19

P
=
[}
=
[}
(=]
0 0.25 0.5 0.75 1
Distance
. Ego bluetooth to Ego SMS . Ego bluetooth to Reference bluetooth I:l Ego SMS to Reference SMS

>
x

(2]

c

[}
(=]

Dlstance
Ego bluetooth to Ego Call . Ego bluetooth to Reference bluetooth D Ego phone call to Reference phone call

7]

c

[}

[a]

0 0.25 0.5 0.75 1 1.25
Distance

Ego SMS to Ego phone call . Ego SMS to Reference SMS I:l Ego phone call to Reference phone call

Fig. 6 The social signatures are averaged over the participants for each pair of comparison among the

three networks. The similarities of social signatures within a given individual is indicated by the lower JSD

of ego-to-ego network comparisons. The top panel compares the ego bluetooth to ego SMS distances
(green) to reference distances for the ego’s bluetooth and a reference social network member’s bluetooth
signatures (purple) and the ego’s SMS and a reference social network member’s SMS (pink). The middle panel
compares the ego SMS to ego phone call distances (green) to reference distances for the ego’s bluetooth
and a reference social network member’s bluetooth signatures (purple) and for the ego’s phone call and a
reference social network member’s phone call signatures (pink). The bottom panel compares the ego SMS
to ego phone call distances (green) to reference distances for the ego’'s SMS and a reference social network
member’s SMS signatures (purple) and the ego’s phone call and a reference social network member’s phone

call (pink)

Discussion
This study provides a broader and deeper understanding of the characteristics of

human social signatures in several ways: (1) individuals have consistent and unique
ways of allocating communication resources (i.e., social signatures) across the mem-
bers of different social networks; (2) the mediated communication networks (i.e., the
phone call network and text message network) display substantially distinct char-
acteristics from the person-to-person network. First, the mediated communication
networks have a relatively low turnover of their members compared to the person-to-
person network. Second, with respect to the composition of alters, the two mediated

social networks are relatively similar, whereas the person-to-person network has less
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overlap with the mediated communication networks; (3) most importantly, the social
signatures of all three social networks remain persistent over time, even with high
turnover. Each individual’s social signatures across different communication modes
are similar to each other. In sum, individuals’ social signatures are persistent across
time and consistent across communication modes.

The patterns of social interaction demonstrate that human communities are inherently
overlapping with each individual participating in different social networks contempo-
raneously (Saramaki et al. 2014; Sekara et al. 2016; Sapiezynski et al. 2018). The social
interaction patterns across various channels differ to an extent that individual social
ties cannot be reduced to a single layer. Recent scholarship has focused on the differ-
ences of social interaction patterns across different channels (Stopczynski et al. 2014;
Aledavood et al. 2016; Mones et al. 2017; Heydari et al. 2018; Sapiezynski et al. 2018).
Most studies have compared multi-channel high-resolution data without considering
the nature of different communication modes and the synchronicity of human interac-
tions. Media richness theory suggests that individuals choose different communication
channels by matching the richness of the communication channel (i.e., availability of
immediate feedback, multiple cues, focus on personal interests, and variety of language)
with the equivocality of task (Daft and Lengel 1983). When the content of communica-
tion is ambiguous, people are likely to choose rich a communication channel, such as
person-to-person communication. When the content of communication is clear, people
will choose lean media, such as mediated communication. The similarities of the two
mediated communication networks in terms of their alter composition and high turno-
ver rates could be due to decreased ambiguity in communication content and reduced
time constraints in the mediated communication networks. People may turn to differ-
ent people for clarity and establish temporary relationships. This could explain why the
person-to-person network has a relatively higher turnover and its alter composition has
less overlap with the mediated communication networks. It is also important to keep in
mind that the results on in-person interactions rely on Bluetooth measurements, which
likely constitute a mix of purposeful interactions, chance encounters with previously
known members of an individual’s social network, structured interactions such as being
in the same classroom, or simple chance encounters such as passing by one another in a
hallway.

Despite the differences in social interaction patterns between the person-to-person
communication network and the mediated communication networks, similarities across
different communication modes exist as well. We found that social signatures of both
person-to-person and mediated communication networks are persistent over time and
consistent across channels, even though the rate of turnover of network members is
high, which is consistent with previous research (Saraméki et al. 2014; Aledavood et al.
2015; Heydari et al. 2018). The high level of turnover indicates that the persistence of
social signatures is not attributable to relatively static network membership. The con-
sistency of social signatures across different communication modes indicates that the
consistency is not due to the channel of communication. The similarity between a
given individual’s social signatures of different social networks rather than the similar-
ity between the social signatures of different people in the same social network further
indicates that the potential reasons of persistence and consistency of social signatures
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might be within individuals. Psychologists have proposed several explanations that may
explain the persistence of social signatures over time. The first is the cognitive constraint
hypothesis, which argues that people have limited cognitive resources to spend on social
interactions (Bernard and Killworth 1973; Saramaki et al. 2014). Each individual’s cogni-
tive constraints are consistent over time, but vary across individuals. Similarly, time is
also a limited resource with respect to social interactions (Roberts and Dunbar 2011).
The individual cognitive and time constraints are reflected as distinct social signature
patterns. Another explanation is the social brain hypothesis that assumes the evolu-
tion of large brains is driven by the demand of coping with complex social lives (Dunbar
1998; Arnaboldi et al. 2015). Different volumes of core brain regions may determine the
number of individuals people can maintain at each level of emotional closeness (Sara-
miki et al. 2014). Future studies may examine whether these mechanisms could explain
the persistence and consistency of human social signatures using experiments rather
than observational studies.

The evidence of the persistence and consistency of social signatures advances literature
in the following ways. First, our study provides a broader understanding of social signa-
tures by showing that the persistence of social signatures exists not only in mediated net-
works, as showed in previous studies (Saramaiki et al. 2014; Heydari et al. 2018), but also
in in-person networks. We also show that the social signatures within one individual are
consistent across the in-person network and the mediated networks, but different from
other individuals’ social signatures. Second, by using so far the largest and most complex
social network data to examine questions relating to social signatures, our study mean-
ingfully advances the generalizability of studies in this area. Third, our study shows that
researchers do not need a long time period to observe the persistence and consistency of
social signatures. Within a month, we observed evidence of the persistence and consist-
ency of social signatures, which is a substantially shorter period of observation than in
other studies. This suggests that researchers may be able to incorporate social signatures
to research on phenomena that take place in a short period of time. Further, given the
substantial resources required to follow a full social network over an extended period of
time, being able to examine processes related to social signatures in shorter periods of
time will make research in this area more accessible. Fourth, the persistence and consist-
ency of social signatures indicate invariant social network structures, which can be used
to cast basic theoretical assumptions in formal models of social networks.

The persistence and consistency of social signatures give scholars valuable opportuni-
ties to make inferences for other networks when the information on a given network
is known. Scholars have successfully used the frequency of online social interactions to
predict the offline tie strength (Jones et al. 2013; Sapiezynski et al. 2018) and have used
the strength of Bluetooth signals to predict online relationships (Sekara and Lehmann
2014). Our study suggests that similarities between the highly overlapping mediated
networks may enable researchers to make inferences from one mediated network about
another. Our findings also suggest that using the frequency of online social interactions
to predict offline tie strength need to consider the alter composition of each social net-
work. The alter composition of the person-to-person network is quite different from that
of the mediated network due to high turnover. An individual who is a strong tie in the

person-to-person network may not be a strong tie with the same ego through phone
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calls or text messages. Therefore, even though our study suggested that, for a given indi-
vidual, their social signatures patterns in the person-to-person network and the medi-
ated networks are similar to each other, scholars should consider differences in alter
composition before making inferences about tie strength from one network to another.

The persistence and consistency of social signatures may also contribute to research
about attitudes and behaviors. External environments surrounding individuals, such
as their social networks, can shape, activate, or restrict the attitudes or behaviors of
individuals (Hafner-Burton and Montgomery 2010). Our study further supports prior
research showing that social signatures are persistent over time, which may improve
a major limitation of cross-sectional studies on how egocentric networks may influ-
ence individuals’ attitudes and behaviors (Eveland and Hively 2009; Hively and Eveland
2009; Eveland et al. 2013; Eveland and Hutchens 2013; Song and Eveland 2015; Eveland
and Shen 2021), namely that the findings may illuminate short-term relationships but
whether those same relationships hold in the long term is unknown. Our findings sug-
gest that individuals’ egocentric allocations of social resources, specifically social signa-
tures, are persistent across time, indicating that the findings from cross-sectional studies
may have long-term implications.

Our findings about the integrated multi-layer network also shed light on studies about
the social contagion and social influence processes. To achieve successful information
transmission or social influence, simple contagion requires multiple exposures to the
same source, whereas complex contagion requires multiple sources of exposure (Centola
2018). Thus, high turnover rates may inhibit simple contagion but could encourage com-
plex contagion. The relatively low turnover rates may inhibit complex contagion pro-
cesses as people have relatively fewer chances to be exposed to different sources of the
same content. We found that person-to-person networks have relatively higher turnover
rates compared to mediated networks, which indicates mediated networks may be more
likely to foster simple contagion processes and person-to-person networks may be more
conducive to the complex contagion processes.

Our study also has important limitations. First, though our study has the largest sam-
ple size using multiple communication channels to study social signatures to date, we
are uncertain of the extent to which our study can be generalized to other populations
and over time. Like the original study on social signatures (Saramaéki et al. 2014), we also
used convenience student sample. The student sample limits the generalizability of our
study. Though we believe it is important to know how young adults form social connec-
tions via different communication channels, we are unsure whether these findings would
be generalized to other populations. Future studies may want to examine whether social
signatures hold the property of persistence and consistency among other populations.

Second, we used the Bluetooth data as a physical proximity indicator of person-to-
person social interactions. The collection of sensor data (e.g., call records, text logs, or
Bluetooth proximity logs) to study human social behaviors has been termed “reality
mining” (Eagle and Pentland 2006). Using these digital records, researchers can accu-
rately detect participants’ social networks and regular patterns in daily activity (Eagle
and Pentland 2006). Other examples of using mobile phone records for social sensing
include the friends and family study in a residential community (Aharony et al. 2011)
and the GroupUs study to predict human interaction types (Do and Gatica-Perez 2011).
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Though the use of Bluetooth data to study social interactions has gained traction, we
acknowledge the lack of precision of using Bluetooth data as a proxy of in-person social
interactions. On the one hand, Bluetooth data is relatively noisy so that occasionally a
Bluetooth device may not detect all nearby devices in a scan (Do and Gatica-Perez 2011).
More importantly, the nature of Bluetooth data cannot tell individual choices from social
circumstances. For example, we cannot know whether two students are physically close
to each other because they intentionally choose to interact or they happen to attend the
same class, among other reasons they may be physically proximate. Individual choices
may reflect the underlying social signatures, whereas social circumstances (e.g., attend-
ing the same class) may bring in confounds to the results. Therefore, the person-to-per-
son interaction results should be interpreted with caution given the uncertainty of the
measurement strategy.

In summary, our work found that social signatures are persistent over time and con-
sistent across different communication channels for each individual. The social signa-
tures in different time periods and communication channels within the same individual
are similar to each other rather than similar to a random individual’s social signature
in the same communication channel. The two mediated networks (i.e., phone call net-
work and text message network) are highly overlapped, whereas the person-to-person
network has relatively low overlap with the two mediated networks. The two mediated
networks also display relatively low turnover rates compared to the person-to-person
network. We expect that our work will advance human understanding of the dynamic
social interaction patterns across different communication modes. We also expect our
work can have implications for empirical studies on attitudes and behaviors, diffusion of

information, among other important network phenomena.
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