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Abstract
Social media allow for an unprecedented amount of interaction between people online. A fundamental aspect of human social behavior, however, is the tendency of people to
associate themselves with like-minded individuals, forming
homogeneous social circles both online and offline. In this
work, we apply a new model that allows us to distinguish
between social ties of varying strength, and to observe evidence of homophily with regards to politics, music, health,
residential sector & year in college, within the online and
offline social network of 74 college students. We present a
multiplex network approach to social tie strength, here applied to mobile communication data - calls, text messages,
and co-location, allowing us to dimensionally identify relationships by considering the number of communication channels utilized between students. We find that strong social ties
are characterized by maximal use of communication channels, while weak ties by minimal use. We are able to identify
75% of close friendships, 90% of weaker ties, and 90% of
Facebook friendships as compared to reported ground truth.
We then show that stronger ties exhibit greater profile similarity than weaker ones. Apart from high homogeneity in social
circles with respect to political and health aspects, we observe
strong homophily driven by music, residential sector and year
in college. Despite Facebook friendship being highly dependent on residence and year, exposure to less homogeneous
content can be found in the online rather than the offline social circles of students, most notably in political and music
aspects.

Introduction
Despite the vast potential for communication through social media such as Facebook, users tend to interact mostly
with their closest friends (Backstrom et al. 2011). Friends
tend to come from similar socio-demographic backgrounds,
share common interests and information. This presents evidence of homophily, or the long-standing social truth that
“similarity begets friendship” (Plato 1968). While it has interesting implications in social networks in terms of link
prediction (Aiello et al. 2012), resilience (Newman 2003),
and preferential attachment (Papadopoulos et al. 2012), homophily also leads to the localization of information and resources into socio-demographic space (McPherson, SmithCopyright c 2014, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Lovin, and Cook 2001). Conversely, diversity in social contacts has been shown to be of great importance for social
and economic wellbeing, both at individual and community levels (Eagle, Macy, and Claxton 2010). Access to diverse information and resources in social networks can result in easier access to jobs and opportunities. Much of
the diversity in information that we experience both offline and online come from weak ties (Granovetter 1983;
Bakshy et al. 2012).
Social media sites like Facebook have had a profound
effect on the way we maintain close and distant social relationships, on their number and their diversity, and the
cultivation of our social capital (Vitak 2012; 2014). With
more weak ties online we have access to more diverse
news, opinions and information in general. It increasingly
appears that while homophily is strongly present in traditional social networks offline (McPherson, Smith-Lovin, and
Cook 2001), there is an emergence of “heterophily” online,
where people are exposed to and engage with information
mainly from others who are dissimilar (Bakshy et al. 2012;
Macskassy and Michelson 2011). While in light of social diversity this is a sought effect, no comparison between online
and offline social circles has confirmed this until now.
In this work we introduce a new multiplex measure of social tie strength and apply it to uncover the presence of homophily within a community of 74 students, with respect
to political orientation, music preferences, health habits,
and situational factors. We then measure whether students
can potentially be exposed to more diversity in these categories through their offline or online (Facebook) social circles. Our methodology is inspired by Fischer’s early work
on homophily (Fischer 1982), where it was observed that
the more types of relations that exist between two people
(e.g., friends, kin, neighbor), the stronger their bond, and
the stronger the effects of homophily (similarity) between
them. Although very different from kinship relations, the
same principle of tie strength and depth was found in media multiplexity with regards to various types of media in
the organizational environment (Haythornthwaite and Wellman 1998), where stronger ties interact through more types
of media than weaker ones. In this work, we use this concept
in student interactions and apply the resulting multiplex social tie measure to homophily, all the while considering both
online and offline relationships in the community.

The contributions made in this work can be summarized
as follows:
• We propose a novel methodology for studying online and
offline interactions based on communication multiplexity. We apply it to the multi-channel communication of a
group of 74 MIT co-resident students, taking into account
phone calls, text message, and co-location data. We show
that the greater number of channels utilized between two
individuals (multiplexity), the higher the probability of a
strong social tie such as close friendship.
• Considering the pairwise similarity of user profiles based
on political orientation, music preference, health indicators, and situational factors such as residential sector
and year in college, we show that there is a significant
positive relationship between communication multiplexity and profile similarity.
• We distinguish between the effects of homogeneity and
homophily on a multiplex network level, across categories. We observe that while the political and health similarity between students can be credited to the overall homogeneity within the community, there is distinct evidence of homophily based on music and situational factors.
• Finally, by observing the difference in composite similarity between one’s offline and online social circles, we
find that online interactions are more diverse in terms of
exposure to more varied musical preferences and political opinions. However, diversity online is relative to situational factors offline such as commonality in residence
and year in college and these appear to be driving factors
for Facebook friendship.
The remainder of this work is structured as follows: we
first present a review of the literature on multiplexity, offline
and online homophily and social capital, followed by a description of our research hypotheses, methodology and data.
We then present a quantitative evaluation of our hypotheses
followed by a discussion of the implications of the relative
diversity found online, and the role of social media such as
Facebook in diversifying human interactions.

Related Work
Multiplexity and Tie Strength. Multiplexity has been
explored in a wide range of systems from global airtransportation (Cardillo et al. 2013) to massive online multiplayer games (Szell, Lambiotte, and Thurner 2010). A comprehensive review of multiplex (multilayer) network models
can be found in (Kivelä et al. 2013). While multiplexity in
most systems creates additional complexity such as layer interdependence, in social networks multiplexity can be used
to define the strength of a tie.
In (Haythornthwaite 2005), the author studied the implications of media usage on social ties in an academic organization and discovered the same dependency that Fischer
observed in the 80’s in rural areas (Fischer 1982) - that
multiplex ties indicate a stronger bond. Typically measured
through the use of a single media, in this work we consider
multiplexity as a measure for tie strength.

Online and Offline Homophily. Recent research on homophily [lit. love of same], used sensors for tracking mobility and interactions offline in the same college setting as this
present work, and showed that physical exercise, residential
sector, and on-campus activities are the most important factors for the formation of social relationships, placing emphasis on spatio-temporal activities (Dong, Lepri, and Pentland
2011). Furthermore, dynamic homophily based on political
opinion was studied in the same context during the 2008 US
presidential election by means of Bluetooth scanning: the
researchers observed increased proximity around the presidential debates between students with the same political orientation (Madan et al. 2011).
Social network research has further focused on the effects
of homophily expressed in interactions online, where findings suggest that most of the content shared comes from
weak and diverse ties. The authors in (Bakshy et al. 2012)
showed that in the context of Facebook, while strong ties are
consistently more influential, weak ties are collectively more
important and users consume and share information produced largely by those with whom they interact infrequently.
Diversity in online social network exchanges has also been
observed in Twitter, where users re-tweet more content from
topically dissimilar ties (Macskassy and Michelson 2011).
In our work, we link social tie strength to evidence of homophily across political, music, health and situational categories.
Social Capital. Homophily often creates localization of
resources and information, leading to a decrease in potential social capital. Social capital is the value embedded in
social networks in the form of contacts who can potentially offer support (strong ties) and opportunities (weak
ties), also convertible to other types of capital (Burke and
Kraut 2013). The usage of Facebook and other social media has been associated with increased social capital with
comparison to non-users (Lampe, Vitak, and Ellison 2013;
Steinfield et al. 2009). In the educational setting, social capital is also increased with the usage of social media, specifically bringing benefits of social adjustment, support and persistence (Gray et al. 2013). In this work, we do not study the
effects of online media usage on social capital previously
explored in (Wellman et al. 2001) but rather compare between the online and offline social circles of students and
observe the differences in terms of potential diversity across
categories.

Analyzing Offline & Online Social Ties
We study homogeneity and homophily in the community as
it relates to multiplex tie strength. Ultimately our aim is to
discern whether students are exposed to greater variety of
opinions and information in their online or offline social circles. We define ties and their respective strength from mobile
communication. Based on the theory of media multiplexity
(Haythornthwaite 2005), which states that strongly tied pairs
make use of a greater number of available online media, we
hypothesize that a similar relationship exists in communication measured through mobile phones (calls, SMS, and colocation data):

H 1 The more communication channels utilized, the
stronger the tie.
We consider politics, music, health habits, residential sector & year in college as diversity factors. We use the term
diversity in this study to define the variety of information
introduced by ties as opposed to homogeneity. Based on Fischer’s observation that greater multiplexity results in greater
similarity (Fischer 1982), we hypothesize that on both the
edge and neighborhood network levels:
H 2 The more communication channels utilized, the greater
the similarity observed with respect to politics, health, music
and residence & year in college.
In order to confirm the presence of homophily, we study
the multiplex communication network weighted considering the number of types of interactions and we measure
the weighted distance between individuals in the resulting
graph. We test whether:
H 3 The closer two nodes are in the weighted network of
interactions, the greater their similarity with respect to politics, health, music and residence & year in college.
In light of recent studies of homophily online, and in
particular findings, which suggest that there exists a negative homophily phenomenon online (Bakshy et al. 2012;
Macskassy and Michelson 2011), we hypothesize that:
H 4 Online social circles are more diversified than offline
social circles with respect to politics, health, music and residence & year in university.
We will next formulate our multilayer approach, later applied to gain understanding of the multiplexity in the communication network and the social ties between pairs.

Multiplex Graph Model
For Social Interaction Analysis
In this section, we present our model for analyzing social
networks where interactions happen through different communication channels. We firstly introduce the concept of
multiplex graphs and then define the social interaction aggregations used in the remainder of this work.
Multiplex graphs. Different types of interactions and relationships between the same two nodes can be successfully
captured by means of the abstraction of a multiplex (multilayer) graph. We define a multiplex graph M as an ensemble of M graphs, each corresponding to an interaction type,
and therefore representing a layer in the multilayer (multiplex) graph. We indicate the α-th layer of the multiplex
as Gα (V α , E α ). Therefore, we can denote the sequences of
graphs composing the M -layer graph as:
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An adjacency matrix Aα is associated with each graph
Gα (V α , E α ) representing the layer α of the multiplex.
Therefore, M can also be described with a sequence of adjacency matrices A = [A1 , ..., Aα , ..., AM ]. We denote by
α
aα
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Figure 1: Union and Intersection aggregations are shown on the
right, where α indicates the layer; the original networks/layers of
the multiplex are shown on the left.

Union & intersection aggregated graphs. A multiplex
graph of the social interactions of individuals can be represented through different layer aggregations to better understand the properties of their tie, such as its strength. In
order to define these aggregations we need to first define the
concepts of union and intersection of two graphs.
S
We define the union Gα Gβ of two graphs Gα and Gβ
represented respectively by the adjacency matrices Aα and
Aβ as the graph described by the adjacency matrix Aα∪β
β
with elements aα∪β = 1 if aα
ij = 1 or aij = 1, 0 otherwise.
T
We define the intersection Gα Gβ of two graphs Gα
β
and G represented respectively by the adjacency matrices
Aα and Aβ as the graph described by the adjacency matrix
β
Aα∩β with elements aα∩β = 1 if aα
ij = 1 and aij = 1, 0
otherwise.
Given these definitions, we will consider the following
two types ofSlayer aggregations of the multiplex M: the
union graph M defined as
[

= G1

[

G2 . . .

[

GM
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i.e., the graph aggregation in which an edge between two
nodes is present if it
Tis present in at least one layer; and the
intersection graph M defined as:
\
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\
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M

i.e., the graph aggregation in which an edge between two
nodes is present if it is present in all the layers. Both the
union and intersection aggregations are illustrated in Fig. 1.
It is worth noting that it is possible to restrict this aggregation to a subset of graphs {α, β, γ, ...} and define for example the union
graph over the set of layers {α, β, γ, . . .} as
S
the graph M,{α,β,γ,...} corresponding to the union of the
graphs of layers α, β, γ, . . .. The intersection graph aggregation over a set of layers can be defined in a similar way.
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The open-access MIT Social Evolution dataset contains details of the everyday life of a group of students between October 2008 and May 2009 (Madan et al. 2012). These students co-reside in two adjacent college residence buildings
during term time. Details of their health habits, political orientation, music preferences, social relationships (online and
offline), and mobile communication were collected during
this period, allowing for a rich analysis of the relationships
between their characteristics, social ties and communication.
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Figure 2: Degree distributions for the call, SMS and proximity networks. In-degree is in light, while out-degree is in dark (proximity
is undirected).

Communication Layers
The multiplex interaction graph is built by combining different communication layers. Three types of interactions can be
extracted from the mobile phone data - physical proximity
data (whether pairs of users were within 10 meters of each
other, inferred from Bluetooth); phone call record data (who
called whom); and SMS data (who texted whom). Each of
these communication layers is a network in its own right
(Table 1).
Table 1: Network specifications. We take into account only interactions between students, ignoring external ones in the dataset.
network
calls
SMS
proximity

type
directed
directed
undirected

avg degree
5.8
2.12
61.2

nodes
69
33
74

edges
401
70
4,526

The degrees across the networks are uncorrelated and the
degree distributions show that each communication layer is
utilized to a different extent and purpose (Fig. 2). While the
proximity layer has a high average degree, the other two
layers have a low average degree in comparison, giving us
initial insight into the social dynamics of the student community - many students meet many others but few talk to
many on the phone or text. The three layers complement
each other, and in combination represent three basic communication channels of human interactions - passing time
together, talking on the phone and sending messages.
If we denote the set of edges in the proximity layer as P ,
the call layer as C and the SMS layer as S, the relationship
between the three communication layers can be described
as S ⊂ C ⊂ P , meaning that all participants have been
co-located with another participant and are part of the proximity layer but not all have called or sent a text message to
another participant. This is because the proximity layer is
prevalent, and the basis of all further communication when
a connection exists between two nodes, likely due to the fact
that all students are co-residing and possibly have lectures
together. All pairs with a call edge or a SMS edge also have
a proximity edge. Incidentally, almost all pairs with a SMS
edge also have a call edge (92% overlap), which may not be
generalizable to the case of other communication networks.
Overall, the density of the student network is such that 83%
of all nodes are connected on at least one layer - the proximity layer.
1
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Social Relationships
Social relationships reported by the participants form the
ground truth for our social tie analysis. Details of data collection methodology are described in (Madan et al. 2012).
We consider three types of reported social relationships:
Facebook friendship, Socializing twice per week, and Close
friendship. The relationships are not mutually exclusive. We
consider a pair to have a given relationship if i has declared
that relationship with j in at least half of the six surveys
during that time period (reports were given approximately
every month and a half). We allow these relationships to
be directed and not just reciprocal. For example, if i calls,
sends messages to and meets with j (full connectivity in
the multiplex), and considers him a close friend (maximal
social relationship), however j does not reciprocate the relationship or communication (minimal connectivity and social
relationship reported), j is still considered as a close friend
of i according to our definition because i treats him as such.
If we denote the set of reported close friendships edges as
CF , the set of those who reported socializing as SC, and
the set of Facebook friendships as F B, the relationship between the three can be described as CF ⊂ SC ⊂ F B.
This signifies that all close friends socialize and are Facebook friends, but not all Facebook friends socialize and are
close friends.We assign the highest subset (most inclusive)
set to a pair, so pairs have a single definitive social relationship for the purpose of our analysis. Overall, we have 2,179
directed pairs who have not declared any social relationship;
1,299 who are only friends on Facebook but do not socialize regularly; 586 who do socialize twice per week but are
not close friends, and 462 close friends. If we were to split
relationships according to online and offline presence, we
can state that all social relationships have online presence in
the form of Facebook friendship (all 2,347), while all nondeclared social relationships do not (all 2,179).

User Profiles
From survey data collected periodically over the study period, we have additional information about the participants
- health, political and music preferences, as well as their
residential sector and year of study. We summarize the
information from each category to create a composite view
of a participant’s attitude. Table 2 contains a description of
this data, further elaborated upon next.

Table 2: Survey parameters and summary over time. We consider three types of summary over time: tmax when the final reported value is
taken in the final survey of the study, tavg is the average of all reported values and actual is when the actual value is reported.
category
political

health

music

situational

parameters
interest in politics
political orientation
weight(lb)
height(in)
salads per week
fruits per day
aerobics per week(days)
sports per week(days)
indie/alternative rock
techno/lounge/electronic
heavy metal/hardcore
classic rock
pop/top 40
hip-hop r&b
jazz
classical
country/folk
showtunes
other
year in college
residential sector

range
0-3
1-7
min 81.00 - max 330.00
min 60.00 - max 81.00
min 0.00 - max 6.00
min 0.00 - max 7.00
min 0.00 - max 7.00
min 0.00 - max 6.00
0-3
0-3
0-3
0-3
0-3
0-3
0-3
0-3
0-3
0-3
0-3
1-5
1-8

Political. We have information about the participants’ political sentiments around the 2008 presidential election. This
information includes the participant’s level of political interest ranging from Very interested - 3, Somewhat interested
- 2, and Slightly interested - 1 to Not at all interested - 0;
and political orientation from Extremely liberal - 7, Liberal
- 6, Slightly liberal - 5, Moderate middle of the road - 4,
Slightly conservative - 3, and Conservative - 2 to Extremely
conservative - 1. The liberal to conservative scale is fairly
fine grained and could be independent from a political party.
On average, participants reported they are Slightly liberal to
Liberal. Since the political orientation can evolve over time
and may be affected by the election period as was reported
in (Madan et al. 2011), we consider the value of these parameters reported at the end of the observation period for all
students, denoted by tmax .
Health. The average of the weight, height, salads and
fruits, and aerobics and sports per week allowed us to build
a comprehensive health profile for each user. An average
(tavg ) over the survey period is used to give a single value
for each attribute, and gain an understanding of the overall
health habits of each student. Previous studies on this dataset
found that tie formation was strongly dependent on health
factors such as aerobic exercise and other campus activities
(Dong, Lepri, and Pentland 2011).
Music. We use the self-reported interest in each genre to
build a music profile for each student. There are 11 different
genres to which users have attached a preference ranging
between No interest - 0, Slight interest - 1, Moderate interest
- 2 to High interest - 3. The most popular genre is “classic
rock” with an average rating of 1.84 and the least popular
one is “hip-hop and r&b” with an average rating of 0.75. The
association between homophily and music has been notably

summary
tmax
tmax
tavg
tavg
tavg
tavg
tavg
tavg
tmax
tmax
tmax
tmax
tmax
tmax
tmax
tmax
tmax
tmax
tmax
actual
actual

avg
1.67
5.34
157.5
67.4
1.46
2.12
1.91
0.89
1.75
1.34
1.01
1.84
1.23
0.75
1.19
1.76
0.84
1.25
1.25
2.5
4.9

SD
1.00
1.31
41.34
4.14
1.43
1.45
1.9
1.5
1.17
1.09
1.1
1.1
1.08
0.86
1.03
1.09
0.96
1.14
1.23
1.37
2.16

drawn in (Mark 1998), where music types were found to
create niches in socio-demographic segments of society.

Situational. We have information about the residential
sector (floor and building, where there are two buildings separated by a firewall only) and the college year of each student during the academic year. We coded each sector from 1
to 8 according to location and adjacency to each other. For
example, sectors 1 and 2 are on the same floor, separated by
a firewall, sector 3 is in the same building as sector 4 but one
floor up, while sector 5 is adjacent to it and so on. In terms
of year in college, students are either a Freshman - 1, Sophomore - 2, Junior - 3, Senior - 4 or a Graduate Resident Tutor - 5. These situational factors have been previously been
found to be highly indicative of a social tie (Dong, Lepri,
and Pentland 2011).

Results
We now address our hypotheses, firstly by defining the relationship between social ties and multiplexity, showing that
the more communication channels are utilized, the stronger
the social tie is indeed (H1). We then define a multiplex
weight as a measure of tie strength, which significantly correlates with the profile similarity of students (H2). We go
on to distinguish the presence of homophily on a network
level in the student community (H3). Finally, we measure
whether students are potentially exposed to more diverse resources through less similar ties - online or offline, and find
that although Facebook friendship is relevant to situational
factors, greater political and music diversity exposure can be
found online (H4).
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Figure 3: Probability mass function P (X = x) for each declared relationship x within each graph aggregation. None (None) means there
was no declared relationship in the directed pair; Facebook Only (FB) means that there was only a Facebook friendship declared between the
pair; Socialize (SC) means that the pair declared they socialize twice per week in addition to being friends on Facebook; and Close Friends
(CF) means that there was a declared close friendship in addition to all other social relationships.

H1: Multiplexity & Social Ties
In media multiplexity, the use of many different media indicates a strong tie (Haythornthwaite 2005). Here, we examine the strength of online and offline ties by considering the multiplexity of communication between students.
Due to the relationships between the layers (denoted as S:
SMS, C: calls, and P : proximity) being S ⊂ C ⊂ P , we
have four possible non-redundant aggregations: (1) proximity layer only, which includes edges
present only on the
T
proximity layer; (2) proximity calls, where we have
those edges present
S onSboth the proximity and call layer;
(3) proximity calls
SM
T
T S, or the union of all layers;
and (4) proximity calls SM S, or the intersection of
all layers.
In Fig. 3, we compare the probability of each of the
three social relationships (and that of having no relationship) within each of the aggregations described above. For
each one, we measure the probability of having a given social tie. Overall, we observe that single-layer communication is indicative of no relationship or an online social tie.
As the number of layers increases to two, we find that the
probability of having no tie decreases dramatically, while
the probability of having a stronger offline tie increases. At
the highest level of multiplexity, which in our case is three
layers, we find the highest probability of friendship. This
is aligned with previous studies of media multiplexity, and
demonstrates the same principle with just a few mobile communication layers.
Most strikingly, the highest probability of close friendship (P = 0.75) occurs at the intersection of the three layers (intersection all in figure). In this aggregation, all other
social ties are underrepresented, highlighting the relationship between high multiplexity and strong ties (close friendship). The union and proximity only aggregations reflect the
probability of having no social relationship (P = 0.5), and
also of being Facebook friends only (P = 0.3). The intersection between the
T proximity and call layers on the other
hand (proximity calls), gives a more balanced representation of the different relationships with a 0.5 probability of
close friendship, a 0.23 probability of socializing twice per
week, and a 0.17 probability of being friends only on Facebook. The total probability of being friends on Facebook if

two students have met during the period is defined by the
total probability of a social tie, since all social ties (all relationships except “None”) are also present on Facebook. This
gives a 0.5 probability of being friends online if the pair is
connected on one layer (in our context the proximity layer),
0.9 if connected on two (proximity and calls), and with certainty if connected on all layers.
Given the above observations, we can conclude that the
more communication channels utilized, the stronger the tie
(H1), and that the level of multiplexity is a good indicator
of tie strength. If we consider the number of layers as an
indicator of tie strength, we can describe the strength of a tie
in terms of a multiplex edge weight in the network as:
mwij =

M
X
aα
ij
M
α=1

(4)

where M is the total number of layers in the multiplex.
For example, if two students (i and j) utilize all possible
channels for communication (in our case M = 3), mwij
will be equal to 1, whereas if they use one channel, mwij
will be 1/3 . Next, we will apply this multiplex weight to
assess the relationship between multiplexity and user profile
similarity in terms of political, music, health and situational
factors.

H2: Multiplexity & Profile Similarity
With the presumption that individuals with stronger (multiplex) ties bear greater similarity, we compare the similarity
between student profiles to the strength of their multiplex
relationship as defined by the multiplex weight (mw). We
derive the similarity scores between students, using the cosine similarity of the vector of attributes for each category music, health, political, and situational for each pair of students. These values are described in detail in Table 2. As
an example, if two students are both Somewhat interested in
politics (value = 2), and one is Slightly liberal (value = 5),
while the other is Slightly conservative (value = 3), their cosine similarity (sim = 0.98) would be higher than a pair of
students with the same political orientations but where one
student is Not at all interested (value = 0) and the other is
Very interested (value = 3, sim = 0.7). Each category has a

different number and range of attributes, and the similarity
scores vary accordingly, however the magnitude is consistent and allows us to perform graph correlation analysis, as
described next.
To find the relationship between the multiplexity (mwij )
and the profile similarity of two individuals, we use a
standard matrix correlation coefficient. Given two generic
graphs represented by the N xN weighted adjacency matrices Aa and Ab , we first define the correlation coefficient per
node Ci as follows:
N
P

Ci = s

j=1
N
P
j=1

a
wi,j

(c) music

(d) situational (year/floor)

(5)
N
P
j=1

b
wi,j

Table 3: Graph correlations between multiplex weight and each
similarity score, p-value < 0.001 **, 0.01 *.
music
0.49*

(b) health

a
b
wi,j
wi,j

From the definition of the correlation coefficient per node,
we can derive the graph correlation coefficient, which measures the correlation between the two weighted matrices as
follows:
N
P
Ci
C(Aa , Ab ) = i
(6)
N
We calculate the graph correlations between the adjacency matrix of the multiplex and that of the pairwise similarity per category. In essence, we compare each mwij with
its correspondent similarity weight, and then take the average for the whole graph (see Table 3). We find that there is a
significant positive relationship between the multiplex edge
weights and the similarity across categories.

political
0.6**

(a) political

health
0.6**

situational
0.56*

The highest correlations are with the political and health
factors (C = 0.6 for both), signifying that these are most
closely related to the multiplex tie strength but comparably
so are also situational factors (C = 0.56), and music (C =
0.49). This means that multiplex ties tend to be observed in
conjunction with high profile similarity.
Next, we measure the Spearman rank degree correlations
between the weighted multiplex degree and weighted similarity degree of each node and observe the effects on a
neighborhood level, displayed in Fig. 4. Those nodes with
a high similarity degree also have a high multiplexity degree in consistence with the graph correlations on a per edge
basis. This signifies that students who have more multiplex
ties are also more similar to their neighbors than less popular
ones in terms of degree rank.
From the correlations on a per edge level, along with correlations on the neighborhood level, we can confirm that the
greater the multiplexity, the greater the similarity observed
across categories (H2). Homophily, which is observed at the
network level, is explored in the following section.

Figure 4: Spearman degree rank correlations (ρ) between similarity and multiplex networks. (a) political ρ = 0.78 (b) health
ρ = 0.79 (c) music ρ = 0.81 (d) situational ρ = 0.73, all p-values
< 0.01.

H3: Multiplexity & Homophily
Homophily is a network phenomenon, which is distinct from
homogeneity in that it implies the occurrence of non-random
similarity in pairs of connected nodes. We measure the presence or absence of homophily in the student community as
a function of network distance and profile similarity. We define distance, as the standard weighted network distance. We
weight our network using the multiplex weight mwij . The
distance is then equivalent to the shortest path between two
nodes in the network. A distance of 0 is indicative of full
connectivity in the multiplex. This means that the pair is
connected on all three layers. Direct connectivity of one hop
exists up to a multiplex weight of 0.2, where weights are
normalized in the range 0-1. A distance of 1 represents a
non-existent path between two nodes.
With the expectation that individuals at a shorter distance
in the multiplex network are more similar than those further
away, we measure the conditional probability of the similarity between pairs of connected students given a specific network distance, as shown in Fig. 5. At first glance, we can distinguish between the top graphs (5a and 5b) as having consistently high probability of high similarity over distance,
and the bottom graphs (5c and 5d) as having a diagonal distribution of high probability, with high similarity probability
decreasing over distance.
The first two figures show an overall homogeneity in
terms of political and health factors. At a distance of 1 (nonconnected nodes), the probability of high similarity is still
high, indicating that two nodes with high multiplexity and
high similarity in these categories could be connected at ran-

H4: Diversity in Offline & Online Social Circles
So far, we have identified homogeneity and homophily
within the student community. Especially during the formative university years, it is important to maintain diverse information and resources. In this section, we assess the value
of social media such as Facebook in introducing diversity
across the categories taken into consideration in this work
by comparing students’ offline social circles with their online ones.
We define diversity as the opposite of homogeneity, and
measure the ∆ difference (change) in similarity between the
online and offline neighborhoods of each node. The online
neighborhood of a node includes all nodes to which it is
connected where there is any declared social relationship,
since we know that all relationships are a subset of Facebook (CF ⊂ SC ⊂ F B). The offline neighborhood includes all other connections to nodes in the graph, where
there is no stated social relationship in the surveys. To obtain the ∆ change between the online and offline similarity,
we subtract the average online similarity of an ego from the
average offline similarity. Formally:
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dom. High homogeneity can be expected in the study, given
that students are co-residing and share the same context.
On the other hand, homophily exists where there is nonrandom similarity between individuals with shorter multiplex distance. This is most evident in subfigure 5c - music
preferences, where there is a clear shift in high probability
from top left to low right as distance increases. This means
that those pairs at a short distance in the network, are also
highly likely to have a similar taste in music (sim = 0.9,
where dist = 0), whereas those pairs who are further from
each other in the network have a lower similarity in music
taste. For unconnected pairs, the similarity is especially low
(near 0), indicating that edges in the network with respect
to music are non-random and highly dependent on musical
preferences.
Fig. 5d on the other hand shows an interesting divide between low and high similarities. Most pairs are grouped into
very high or very low similarity, and appear at the top row
and bottom row of the graph. Therefore, students tend to be
either in the same year and floor or in different years and
different floors, which may be as a result of room allocation
according to year. There is a high chance (P = 0.7) that
those who live and study together (sim = 1), also have a
highly multiplex tie, represented by the distinguishable top
left tile at position (0,1), and less so for those who live further apart and/or are in a different year.
Despite the community being highly homogeneous in political and health aspects, we find that the shorter the distance in the multiplex network, the greater the similarity
between two nodes (H3) in the music and situational categories, which is indicative of homophily. The decrease in
diversity of resources such as information is a potentially
harmful effect of homophily and homogeneity alike. We
therefore conclude our analysis by exploring the role of online and offline social circles in diversifying information in
the student community in the following section.
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Figure 5: Conditional probability of similarity given a certain network distance (P (x|y)) in terms of multiplex weighted shortest
path. We consider the entire multiplex networks, where the maximum distance was 0.9, and 1 is where no path exists between two
nodes.

P
∆sim =

simoff
−
|Noff |

P

simon
|Non |

(7)

where simoff and simon are the similarity values between
the offline and online contacts of a given student, and Noff
and Non are his offline and online neighborhoods.
In Fig. 6, values above 0 indicate that there is greater online diversity than offline, whereas values below zero indicate that there is a lower diversity online than offline. The
boxplot can be read as the distribution of ∆sim, where the
values are divided into quartiles. The top and bottom continuous lines (or whiskers) represent the top and bottom quartiles, whereas the values inside the box, below and above the
thick line representing the median, are the upper and lower
mid-quartiles.
We can see immediately that the situational (year/floor)
category online is largely less diverse than offline. In other
words, students are more often Facebook friends with other
students in their year and residential sector but may meet
offline with students from other residential sectors and/or
years. Interestingly, we find that in terms of political orientation, Facebook friendship between students tends to be more
varied than offline, with more than 50% of values above
zero. In terms of music preference and health, we have a
50/50 distribution, where half of online relationships are
more varied than offline and vice versa. However, the music distribution is more wide spread, meaning that there is a
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Figure 6: Box-and-whiskers plot of the difference between online
and offline average neighborhood similarity.

big disparity between offline and online neighborhoods. On
the other hand, health indicators are more clustered around
the median, indicating small disparities between online and
offline neighborhood diversity.
From this analysis, the situational (year/floor) category
appears to be the most important factor for Facebook friendship, however, we observe that greater diversity is possible
online in terms of politics and music. Music exhibits the
most observable homophily in Fig. 5, yet some students have
more musically diverse Facebook friends than offline contacts. This is due to the steep decline in similarity in Fig. 5c,
after a distance of 0, which means that although one is very
likely to have music in common with their close friends, the
people they socialize with or have just as Facebook friends
can be highly diverse.

Discussion & Conclusions
Summary of Contributions. This work makes several
contributions to the study of human interactions online
and offline. We firstly describe a generalizable model for
defining multiplex tie strength through different media.
This model is grounded on previous work on multiplexity (Haythornthwaite and Wellman 1998), and attempts to
fill a gap in homophily research, identified in (McPherson,
Smith-Lovin, and Cook 2001) by advancing the understanding of multiplex social ties, social distance, and applying
it to the online and offline context as required by the twodimensional nature of human relations nowadays.
We additionally show in the context of our study that in
social circles such as those formed in a college campus,
strong ties with high multiplexity bear greater similarity, and
highly ranked nodes have many connections with high similarity. We find more similar nodes are at a shorter distance in
the network in situational and music aspects, as evidence of

homophily, while political and health factors indicate high
homogeneity in the community. We also find that for three
frequently shared categories of information online - politics,
music, and health, users were part of more or equally diverse social circles online, however their online connectivity is highly dependent on situational factors such as year in
college and residential sector.
Limitations. The academic environment has been a rich
source of sociological studies, and education itself is a
strong factor in homophily (McPherson, Smith-Lovin, and
Cook 2001). Studying homophily in the college context is
relevant to the socio-demographic background in the institution, and as we have observed in the present work, consists
of a highly homogeneous group of people. Unfortunately,
parallel online and offline data is rarely available and similar studies would benefit in the future from wider-context
at a larger scale. Nevertheless, it is precisely in such homogeneous communities that diversity of information is most
needed, especially in the formative university years.
Despite the potential for exposure to greater information
diversity online, we are not able to conclude as to the usage patterns and content of the students’ newsfeeds on Facebook. There are many additional constraints to receiving diverse information such as time and attention spent on Facebook, aggregation of posts, and blocking of content by the
user - not considered in the present work. Nevertheless, we
are able to observe a satisfactory measurement of multiplex
tie strength, and present a novel model generalizable to all
communication interactions.
Implications. Our work reflects the role of social media in
maintaining diverse social circles, highlighting a challenge
for the design of such services - allowing for diversity while
maintaining relevance in an increasingly populated online
information stream. This has become of recent public concern, as the term filter bubble emerged to describe the personalization of services such as Facebook and Google as an
“echo chamber” of censorship in search and information aggregation (Pariser 2011). The concern is that receiving only
agreeable and relevant information may obscure objectivity
and limit access to potentially useful and diverse resources.
Recent work, however, has demonstrated that Facebook
users are more likely to share diverse content from weaker
ties than from stronger, more similar ties as a result of generally having more weak than strong ties online (Bakshy et
al. 2012). On the other hand, diversity online is relative to
diversity offline - we tend to associate ourselves online with
people we meet offline or who share similar interests and
likely come from a similar background. In this work, student ties at the same educational institution were strongly
affected by residential sector and year in college but exhibited diversity in other aspects online.
It is evident that online social circles are maintained at
a lower time cost and social media such as Facebook have
become an important component of human communication.
Facebook not only helps decrease tie decay over distance
and time (Dunbar 2011) but can also enhance tie strength
through online interaction (Burke and Kraut 2014) and instill a sense of closeness and stability to geographically dis-

tant and communication-restricted ties (Vitak 2014). Facebook serves ties of varying strength, as reflected in the
present work, and allows us to stay engaged with a large subset of the people we meet offline, stretching the boundaries
of our social circles. Increases in audience size and diversity
on Facebook are associated with an increase in the amount
of broadcasted information online (Vitak 2012). The passive
consumption of broadcasted information from friends on
Facebook can also lead to an increase in tie strength (Burke
and Kraut 2014), and therefore diverse and large audiences
on Facebook contribute to the overall increase of social capital, as is also implied by the present work. These technology
effects have much more profound implications outside the
geographically constrained college environment, nevertheless, even small increments in the diversity of homogeneous
social circles can be of great benefit and may also be encouraged by design.
When it comes to the depth of human relations, it is
difficult to reduce them to any single value. Our work goes
one step in the direction of applying more dimensionality
to social ties, a direction which will hopefully bring greater
understanding to the online and offline aspects of human
social life and their interdependence.
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