Proceedings of the Eighth International AAAI Conference on Weblogs and Social Media

Topic-Based Clusters in Egocentric Networks on Facebook

Lilian Weng
School of Informatics and Computing
Indiana University Bloomington

Abstract

Homophily suggests that people tend to befriend others with
shared traits, such as similar topical interests or overlapping
social circles. We study how people communicate online in
term of conversation topics from an egocentric viewpoint us-
ing a dataset from Facebook. We find that friends who favor
similar topics form topic-based clusters; these clusters have
dense connectivities, large growth rates, and little overlap.

Introduction

The principle of homophily states that people with com-
mon characteristics are more likely to have contact with
one another (McPherson, Lovin, and Cook 2001; Kossinets
and Watts 2009). When combined with social influence pro-
cesses, this can result in a feedback loop that produces
increasingly homogeneous personal networks (Crandall et
al. 2008; Jamieson and Cappella 2009). Indeed, theoretical
models of social influence propose that extreme polariza-
tion of interests can evolve even within a population of ac-
tors who hold diverse sets of opinions (Macy et al. 2003;
Flache and Macy 2011). Meanwhile, social circles tend
to restrict the range of interests that two people may dis-
cuss, further enhancing the potential polarization of interest
groups in ego networks; for example, family members might
be interested in all manner of life events, while co-workers
might prefer business issues.

In this paper we examine the self-reinforcing proper-
ties of homophily via a study of conversation topics in a
complex empirical environment. Through examination of
egocentric networks, we observe evidence of both increas-
ing homophily and intrinsic heterogeneity within the so-
cial circles surrounding a central actor. First, people tend
to connect with those who are interested in similar con-
tent and form dense topic-based clusters. Second, these
clusters grow new internal links much faster than random
chance would predict, suggesting a feedback loop between
homophily and social influence. Finally, there is no heavy
overlap between clusters, implying heterogenous topical in-
terests among friends.
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Related Work

Most existing research into homophily focuses on dyadic
measures, pre-defined social groups, or global patterns in
the network (Crandall et al. 2008; Backstrom et al. 2006;
Schifanella et al. 2010; Aiello et al. 2012). While these
approaches provide a great deal of information about ho-
mophily, influence, and similarity, they do not provide an
analysis from the perspective of a single actor. In this paper,
we adopt an egocentric approach, in which the local network
of a central ego is expressed as a set of alter nodes connected
to the ego, together with all the links among alters (Wasser-
man and Faust 1994). This incorporates a full set of ego’s
acquaintances, allowing us to estimate the extent to which
the friend set is segmented into distinct groups.

According to homophily, similar people are more likely
to have contact than dissimilar ones (McPherson, Lovin, and
Cook 2001; Kossinets and Watts 2009). A feedback loop—
where people both tend to connect with similar alters and
grow to resemble their friends because of social influence—
is often suggested to explain an increase in homogene-
ity within networks (Crandall et al. 2008; Jamieson and
Cappella 2009). The existence of homophily in online set-
tings has been observed in various empirical studies (Fiore
and Donath 2005; Aral, Muchnik, and Sundararajan 2009;
De Choudhury 2011), although dissimilarity, disagreement,
and heterogeneity can also exist among people close to each
other, yielding division among social groups (Brzozowski,
Hogg, and Szabo 2008; Munson and Resnick 2010).

Similarity among people can be quantified in terms of var-
ious innate features (McPherson, Lovin, and Cook 2001),
such as demographic characteristics, geographic locations,
or topical interests expressed during interpersonal conversa-
tion. Topics and user interests haven been studied broadly
in online environments from multiple perspectives (Michel-
son and Macskassy 2010; Romero, Tan, and Ugander 2013;
Weng and Menczer 2014). Topical locality on the Web
describes a phenomenon similar to homophily: most Web
pages tend to link with related content (Davison 2000;
Menczer 2004). This concept can be extended to interper-
sonal interaction. For example, social bookmarking services
provide a venue for collaborative tagging behavior, produc-
ing an emergent social network built upon common inter-
ests. The similarities and interests of users in these systems
can be measured by their use of vocabulary and tagging
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Figure 1: An illustration of definitions in an ego network
with their mathematical representations. The example ego u
interacts with n,, = 4 alters and posts about |T},| = 3 topics.

practices; based on this approach researchers have found ev-
idence of homophily within these emergent networks (Schi-
fanella et al. 2010; Aiello et al. 2012). Existing research on
social influence also showed that both topical similarity and
link structure among users should be taken into considera-
tion (Weng et al. 2010).

Unlike previous studies, we focus on the relationship be-
tween topical interests and the structure of a user’s local
neighborhood. In particular, we explore the ecosystem by
aggregating metrics based on the viewpoint of individual ac-
tors, which allows us to determine the extent to which local
network interactions might shape an individual’s experience
of the system.

Methods

We gathered a dataset of approximately 65,000 randomly
sampled egos (or users) who were active on Facebook from
Apr 7, 2012 to June 16, 2012. This data collection was au-
tomatically processed on Facebook’s internal servers. Re-
searchers worked with anonymized and aggregated data and
did not directly process any user input. While reconstructing
an ego network, only alters (or friends) with at least one re-
sponse to the ego’s posts over the time window, denoted as
active alters, were considered, as most egos do not actively
communicate with all potential alters. Egos without any ac-
tive alters were filtered out.

Definitions

For the sake of clarity we use the following terms in the
manner defined below. Figure 1 provides a summary of these
definitions.

Definition 1. Ego network: An ego network G, is a local
friendship network centered at the ego actor u. GG, contains
n., active alters of u, notated as V,, = {v! | 1 < i < ny}.
We draw a link between v!, and v/, (v v} € V, and i #
7), if they are friends. There are e, edges in total among
n,, alters. Edges formed during the observation window are
considered as new links and Ae,, marks the number of new
links in G, (Ae, < ey).

Definition 2. Topic: The ego u creates posts on Facebook,
each of which is assigned a topic label t* € T, where T,
includes all the topics that u has posted about.
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Definition 3. Response: An alter v, € V,, is deemed to be
interested in topic tﬁ if she likes, comments, or shares posts
about t*. The intensity of v’, responding to ¢* is quantified
by the sum of corresponding likes, comments, and shares,
labeled as ri:¥.

Definition 4. Topic Cluster: A topic cluster C* is a sub-
graph of G.,, composed of alters with responses to topic t*,
{vi | r&* > 0,1 < i < ny,}. The cluster C* contains nuzj
nodes and e* edges among which Ae® are newly created
over our observation window (nf < n,, Aef < ek <e,).

Topic Classification

Many Facebook posts are either not associated with descrip-
tive text or are short and informal. We therefore focus on ex-
ternal URL shares, as every URL directs to a Web page, pro-
viding richer contextual data. Interestingly, in many cases, it
is possible to determine the topic merely by checking the
URL domain, as many hosts serve content about similar
topics; for instance, espn.com focuses on sports news and
techcrunch.com focuses on technology. The top 400 most
popular domains generated about 85% of the shares in our
dataset, with the most dominant domain, youtube.com, cov-
ering nearly 70% of the total shares. We manually labelled
each top domain with one of twenty predefined topic labels
(see Table 1). Since Youtube videos cover an assortment of
themes, we collected Youtube category tags for each video
through Google’s public API' in order to get a more fine-
grained description of video shares.

Results

We investigate three aspects of topic-based clusters in ego
networks: dense connectivity, fast growth, and segmentation
of social circles.

Cluster Density: Homogeneity

The graph density of a topic cluster C¥ is measured by
k

D(CY) = sty

nk(nk—1)"
tially smalle;,(i; ter)rns of both nodes and edges, than the ego
network as a whole, direct comparison of graph densities can
yield spurious results (van Wijk, Stam, and Daffertshofer
2010). We therefore set up two baselines to simulate the for-
mation of a cluster of a given size such that the density of a
simulated module is affected by the numbers of nodes and
edges in G, but not by the topics. Given a topic cluster C*
with n* nodes and e* edges, the baselines are computed as:

2 Since topic clusters are often substan-

Random sampling We sample n* alters at random from V,
and count the number of edges, e; (n*), among them. The

k
density of the sampled sub-graph is D1 (CF) = %
Weighted sampling n* nodes are selected from V,,, each
with probability proportional to how active the alter is. It

simulates the process whereby an alter who has responded

"http://gdata.youtube.com/feeds/api/videos/

>The definition is similar to the clustering coefficient of the
ego u in the Facebook friendship network, but the measurement
of D(C¥) only involves a portion of u’s neighbors; they are equiv-
alent when C¥ contains all u’s friends.



Table 1: Densities of clusters on various topics averaged
across all sampled ego networks. We use the Mann-Whitney
U test (Mann and Whitney 1947) to check whether differ-
ences between empirical measures and the two baselines are
statistically significant. (D), is compared with both (D),
and (Ds),, and the bigger p-value is displayed. The largest
average density for each row is in bold.

Topic tx # Clusters  (nF) ‘ (DYu (D1)u {D2)u ‘ U test
All 79433 6.3310.331 0305 0.312 ] #**
Business 782 53710227 0216 0.215]*
Comedy 9473  5.60|0.444 0.414 0.424 | ***
Entertain 10918 5.43(0.280 0.265 0.268 | **
Film 1296  4.2210.305 0.278 0.282 | *
Games 816 4.720.246 0.231 0.234 | *
Knowledge 2645 5.63]0.345 0.295 0.319 | *#*
Lifestyle 1900 4.5210.298 0.261 0.267 | **
Memes 308 3.57|0.377 0.354 0.366
Music 8197 6.05|0.295 0.277 0.283 | **
News 16862 6.53(0.224 0.215 0.220 | *
Nonprofit 700 5.45(0.259 0.223 0.225]|*
Pictures 6424 525]0.512 0.443 0.454 | *#*
Politics 330 6.42|0.173 0.152 0.180
Religion 1137 3.99(0.144 0.145 0.147
Shopping 2212 4.85]0.382 0.329 0.335 | #%*
Social 5251 5.83[0.421 0372 0.381 | *#*
Social tools 5940 14.4410.353 0.345 0.351
Sports 1212 578 10.278 0.251 0.261 | *
Tech 626 5.04|0219 0.183 0.211|*
Tools 2391 4.51[0.490 0416 0.433 | ***

Mann-Whitney U test: * p < 0.05, ** p < 0.01, *** p < 0.001.

to many posts is more likely to participate in the discus-
sion of a given topic. This baseline cluster has e (n*)

edges and density Do (CF) = _2ex(ny)

nf(nf—1)°

By comparing the densities of the real and simulated groups,
we can assess the extent to which topic clusters are more or
less denser than random affiliation or frequency-based at-
tachment mechanisms would predict.

Table 1 lists the average densities of all empirical and
simulated topic clusters. When averaged across all topics
the average density in the data is significantly higher than
both baselines. This supports the existence of topic-based
homophily, as alters who are interested in the same topic are
more likely to be connected to each other. The results hold
for most of the individual topics considered here. The only
exceptions are “politics” and “religion”, which might be due
to the subject matter at hand. “Politics* and “religion* are
more formal and less popular than casual topics like “com-
edy”, “knowledge”, and “shopping”, which all have rela-
tively high densities. These casual topics might be more ac-
cessible to new alters, and new connections might be more
likely to start with common interests than shared political or
religious affiliation.

Cluster Growth

The growth rate of topic clusters can be gauged by the frac-
tion of new links established within these cluster among all
the newly formed links in the ego network. Given an ego u,
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Figure 2: The plot of cluster growth rate measured for the
empirical data A(u) and shuffled edges As(u) as a function
of ego network size n,,.

T k
we compute the cluster growth rate as A(u) = Lzle‘fe“
In the ego network observed at the beginning of the obser-
vation period, there exist many “missing slots”, or pairs of
unconnected nodes, where new edges could potentially form
at a later time. If there are Ae, new links observed in an
ego network, we can create a comparable graph by selecting
Ae,, missing slots at random, which effectively generates an
updated graph with shuffled edges. The topic cluster growth
rate measured for a graph containing shuffled edges, denoted
as \g, approximates the expected cluster growth rate without
topic-based homophily. We estimate® )\, by:

bl (3nk(nk —1) — ek + Aeh)

1y
nu(ny — 1) — ey + Aey

2

As(u) =

where 1n,(n, — 1) is the maximum number of undirected
links that can be built among n,, nodes, and the denominator
%nu(nu —1)—e, + Ae, counts the number of missing slots
at the start of the observation. A similar estimation can be
done for each topic cluster, as summed up in the numerator.

On average, 10.79% of new edges are formed within topic
clusters across all observed ego networks, but for networks
with shuffled edges only 0.26% fall inside topic clusters.
The high cluster growth rate in the data is robust regardless
of different ego network sizes (see Fig. 2). These rates do
converge for very large ego networks, but there are much
more small ego networks than large ones. Topic clusters
are therefore much more likely to gain new connections
and grow denser than would be predicted by chance. The
shared interest between two alters in the same topic clus-
ter largely enhances the probability of them forming a con-
nection later. This suggests a possible feedback loop be-
tween homophily and social influence (Crandall et al. 2008;
Jamieson and Cappella 2009) where frequent interactions in-
crease similarities among group members, leading to more
linkages concentrated inside the group.

3Considering that there might be overlap between clusters, the
formula slightly overestimates the growth rate for shuffled edges.



Cluster Overlap: Heterogeneity

To examine whether various topic clusters heavily overlap,
we measure the Jaccard similarity between nodes of every
pair of clusters in an ego network. Given two topic clusters,
Ck and C!, the overlap is:

{vi [ vi € Ci Ay € Gy 1 < i <
{v [ vl € CE Vvl € CL 1 <i <nub
Two of the previously introduced baselines, random and
weighted sampling, can be similarly applied here. The Jac-
card similarity computed for a pair of simulated groups is
labeled as .J; (random sampling) or .J, (weighted sampling).
These estimate the overlap between two clusters if they are

constructed without topic-based homophily.

The average cluster overlap in the data, (J), = 0.0838,
is significantly smaller than what we observe in the base-
lines, (J1),, = 0.1135 and (J3),, = 0.1316 (Mann-Whitney
U test, p < 0.001). This suggests the interesting possibil-
ity of homophily causing not only homogeneity within topic
clusters, but also heterogeneity across clusters. This could
be due to topic-based or social-circle-based segmentation,
where friends communicate with the ego based on individual
interests which in turn leads them to be naturally partitioned
into groups with little overlap.

J(Cy. Cr)

Conclusion

We study the relationship between friendship structure and
topical interests within local networks centered at individ-
ual actors. Topical interests are identified by the content to
which a given alter has responded. People with similar pref-
erences are grouped, forming topic-based clusters. We show
that such clusters have dense connectivities, high growth
rates, and little overlap with each other. Our findings sug-
gest that both the homogeneity among people with shared
interests and the heterogeneity across interest groups exist,
suggesting a feedback mechanism involving homophily, in-
fluence, or both. These results were obtained from a com-
plex empirical environment where individuals hold a variety
of interests and form friendships under very different cir-
cumstances. We expect to further extend the method of con-
structing topic-based clusters and related measures to an-
alyze conversation topics and different types of friendship
links in egocentric networks as future work.
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