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Abstract. The World Economic Forum listed massive digital misin-
formation as one of the main threats for our society. The spreading of
unsubstantiated rumors may have serious consequences on public opin-
ion such as in the case of rumors about Ebola causing disruption to
health-care workers. In this work we target Facebook to characterize
information consumption patterns of 1.2M Italian users with respect
to verified (science news) and unverified (conspiracy news) contents.
Through a thorough quantitative analysis we provide important in-
sights about the anatomy of the system across which misinformation
might spread. In particular, we show that users’ engagement on veri-
fied (or unverified) content correlates with the number of friends hav-
ing similar consumption patterns (homophily). Finally, we measure how
this social system responded to the injection of 4, 709 false information.
We find that the frequent (and selective) exposure to specific kind of
content (polarization) is a good proxy for the detection of homophile
clusters where certain kind of rumors are more likely to spread.

1 Introduction

The Web has become pervasive and digital technology permeates every aspect of
daily life. Social interaction, healthcare activity, political engagement, and economic
decision-making are influenced by the digital hyper-connectivity [1–8]. Nowadays,
everyone can produce and access a variety of information by actively participating in
the diffusion and reinforcement of narratives. Such a shift of paradigm in information
consumption has profoundly affected the way users get informed [9–15]. The spreading
of unsubstantiated rumors, whether intentional or unintentional, could have serious
consequences; the World Economic Forum has listed massive digital misinformation
as one of the main risks for the modern society [16]. Interesting is the popular case
of Senator Cirenga’s [17,18] law, proposing to fund parliamentary deputy members
with 134 million of euros (10% of the Italian GDP) in case of defeat in the political
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competition. This was an intentional joke – the text of the post was explicitly men-
tioning its provocative nature – which became popular within online political activists
to an extent that it has been used as an argumentation in political debates [19]. In
this work we focus on two distinct types of news – science and conspiracy – which
differ for the possibility of verifying their content. On the one hand, science news have
pointers to the related scientific papers as well as references to authors, universities,
institutions and recognized organizations. On the other hand, conspiracy news diffuse
information that are “neglected” by main stream media; thus it is almost impossible
to verify their sources. Indeed, science news are aiming at diffusing scientific knowl-
edge and scientific thinking, whereas conspiracy news provide alternative arguments
that are difficult to document. Conspiracists tend to reduce the complexity of reality
by explaining significant social or political events as secret plots conceived by pow-
erful individuals or organizations. Just recently, the fear of an Ebola outbreak in the
United States rippled through social media networks [20–22]. Furthermore misinfor-
mation may be particularly difficult to correct [23–26]. In fact, it has been recently
shown [27] that conspiracy and mainstream information reverberate in a similar way
on social media and that users generally exposed to conspiracy stories are more prone
to like and share satirical information [28]. In this work we analyze a sample of 1.2M
Facebook Italian users consuming scientific and conspiracy news. Our findings show
that users’ engagement on a specific content correlates with the number of friends
having similar consumption patterns (homophily). We then test the relationship be-
tween the usual exposure (polarization) to undocumented rumors (conspiracy stories)
with respect to the permeability to deliberate false information – 4, 709 intentional
satirical false claims. Our work provides important insights about the understanding
of the diffusion of unverified rumors. In particular, we show that through polarization,
we can detect homophily clusters where misleading rumors are more likely to spread.
Conversely, such social patterns might represent serious warnings about the effects
of current algorithmic specifications for content provisioning. Indeed, the tendency
to aggregate in homophile clusters might foster social reinforcement and confirma-
tion bias and thus polarization [25,26]. Along this path, recent studies showed that
the primary driver for viral phenomena is confirmation bias and that cascades are
bounded to the echo chamber size [29].

2 Related work

Rumor spreading. A wide branch of the literature is devoted to understanding
the spread of rumors and behaviors on online social networks, focusing both on their
structural properties and on their effects on social dynamics. In [10] the author in-
vestigates the effects of the topology on diffusion, showing that the network structure
has a significant effect. Moreover, he observes that rumors and behaviors spread far-
ther and faster across clustered-lattice networks than across random networks. In
[30] authors find that the probability of contagion is tightly controlled by the num-
ber of connected components in an individual’s contact neighborhood, rather than
by the actual size of the neighborhood. In [31] researchers show that although long
ties are relevant for spreading information about an innovation or social movement,
they are not sufficient w.r.t. the social reinforcement necessary to act on that infor-
mation. In [32] a method for identifying influence and susceptibility in networks is
presented. Their estimations show that influential individuals with influential friends
may allow the spread of information in the network. Moreover, a key factor in identi-
fying true contagion in social network is to distinguish between peer-to-peer influence
and homophily: in the first case, a node influences or causes outcomes to its neigh-
bors, whereas in the second one dyadic similarities between nodes create correlated
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outcome patterns among neighbors that could mimic viral contagions even without
direct causal influence [33]. The study presented in [34] reveals that there is a sub-
stantial level of topical similarity among users who are close to each other in the social
network, suggesting that users with similar interests are more likely to be friends. In
[35] authors have developed an estimation framework to distinguish influence and ho-
mophily effects in dynamic networks and find that homophily explains more than 50%
of the perceived behavioral contagion. In [36] the role of social networks and exposure
to friends’ activities in information resharing on Facebook is analyzed. Once having
isolated contagion from other confounding effects such as homophily, authors claim
that there is a considerably higher chance to share contents when users are exposed to
friends’ resharing. Network homophily has been also introduced into the dynamics of
cultural interaction, leading to a model in which patterns of social interaction change
with processes of social influence [37].

Cascades. Recent studies aim at unfolding cascades (i.e., a consecutive series of re-
shares) characteristics. A large variety of settings has been explored, such as blogging
[38–40], e-mail [41,42], and social network services – e.g., Twitter [43–45]. Some works
[46,47] also consider the anatomy and the predictivity of large Facebook cascades,
showing that in general rumor cascades run deeper in the social network than reshare
cascades [48]. In particular, in [46] authors find a method for predicting whether a
cascade will continue to grow in the future. Also temporal and structural features are
predictors of cascades size.

Diffusion of unsubstantiated rumors. In the last years, a new online phenomenon
is emerging i.e., the spreading of unsubstantiated and false claims through online so-
cial networks. It has been shown that online unsubstantiated rumors (e.g., the link
between vaccines and autism, the global warming induced by chem-trails, the secret
alien government) reverberate in a comparable way with respect to mainstream in-
formation such as scientific news and updates [27]. Recent works [27,28] reveal that
massive digital misinformation permeates online social dynamics creating viral phe-
nomena even on intentional parodistic false information. In [26] authors show that
consumption patterns around information supporting different (and opposite) world
views are similar.

3 Data Collection

We identified two main categories of pages: conspiracy news – i.e., pages promot-
ing contents neglected by main stream media – and science news. We defined the
space of our investigation with the help of Facebook groups very active in debunk-
ing conspiracy theses (“Protesi di Protesi di Complotto”, “Che vuol dire reale”, “La
menzogna diventa verità e passa alla storia”). As an additional control, we used the
self-description of a page to determine its focus.

Conspiracy and Science news. The resulting dataset contains 73 public Facebook
pages; 34 of such pages are related to scientific news while the other 39 to news that
may be considered conspiratorial; we refer to the former as science pages and to the
latter as conspiracy pages. Notice that the dataset used in the analysis is the same
used in [26] and [28]. Table 1 summarizes the details of our data collection. We down-
loaded all the posts from these pages in a timespan of 4 years (2010 to 2014). In
addition, we collected all the likes and comments from the posts, and we counted the
number of shares. In total, we collected around 9M likes and 1M comments, relative
to ∼ 1.2M and ∼ 280K Facebook users, respectively (see Table 1). Likes, shares, and
comments have a different meaning from the user viewpoint. Most of the times, a like
stands for a positive feedback to the post; a share expresses the will to increase the
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Table 1. Breakdown of Facebook dataset. The number of pages, posts, likes, comments,
and shares for science and conspiracy pages.

Total Science Conspiracy
Pages 73 34 39
Posts 271, 296 62, 705 208, 591
Likes 9, 164, 781 2, 505, 399 6, 659, 382
Comments 1, 017, 509 180, 918 836, 591
Shares 17, 797, 819 1, 471, 088 16, 326, 731
Likers 1, 196, 404 332, 357 864, 047
Commenters 279, 972 53, 438 226, 534

visibility of a given information; and a comment is the way in which online collective
debates take form. Comments may contain negative or positive feedbacks with respect
to the post.

Ego Networks. In addition, we collected the ego networks of users who liked at least
one post on science or conspiracy pages1.

Troll Pages. As a control, we used 4, 709 posts from two satirical Facebook pages
(which we will refer to as troll posts and troll pages) promoting intentionally false
and caricatural version of the most debated issues. The most popular of the two is
called “Semplicemente Me” (10K followers) [49] and it is focused on general online
rumors. The second one is called “Simply Humans” (1K followers) [50], and mostly
hosts posts of conspiratorial nature. We collected about 40K likes and 59K comments
on these posts, performed by about 16K and 43K Facebook users, respectively. The
contents of these pages were able to trigger several viral phenomena, with one of them
reaching more than 100K shares. We use troll memes as a benchmark to test users
interaction with information that are deliberatively false.

4 Preliminaries and definitions

In this section we provide some of the basic definitions and notions that we use
throughout the paper. Let P be the set of all the posts in our collection, and Pscience
(Pconsp) be the set of posts of the 34 (39) Facebook pages about science (conspiracy)
news. Let V be the set of all the 1.2M users and E the edges representing their
Facebook friendship connections; these sets define a graph G = (V,E). Hence, the
graph of likes on a post, GL = (V L, EL) is the subgraph of G whose users have liked
a post. Thus, V L is the set of users of V who have liked at least one post, and we
set EL = {(u, v) ∈ E; u, v ∈ V L}. Following previous works [26–28], we study the
polarization of users i.e., the tendency of users to interact with only a single type of
information; in particular, we study the polarization towards science and conspiracy.
Formally we define the polarization ρ(u) ∈ [0, 1] of user u ∈ V L as the ratio of likes
that u has performed on conspiracy posts: assuming that u has performed x and y
likes on science and conspiracy posts, respectively, we let ρ(u) = y/(x + y). Thus, a
user u for whom ρ(u) = 0 is polarized towards science, whereas a user with ρ(u) = 1
is polarized towards conspiracy. Note that we ignore the commenting activity since
a comment may be an endorsement, a criticism, or even a response to a previous
comment. Furthermore, we define the engagement ψ(u) of a user u as her liking

1 We used publicly available data, so we collected only data for which the users had the
corresponding permissions open.



Complex, Inter-networked Economic and Social Systems 2051

Fig. 1. Polarization on contents. Probability density function (PDF) of users’ polarization.
Notice the strong bimodality of the distribution, with two sharp peaks localized at 0 � ρ �
0.005 (science users) and at 0.95 � ρ � 1 (conspiracy users).

activity normalized with respect to the total number of the users likes in our dataset.
By defining θ(u) as the total number of likes that the user u has expressed in posts

in our collection P, notice that the following condition holds: ψ(u) = θ(u)
maxv θ(v)

.

In Fig. 1 we show that the probability density function (PDF) for the polarization
of all the users in V L is a sharply peaked bimodal where the vast majority of users are
polarized either towards science (ρ(u) ∼ 0) or conspiracy (ρ(u) ∼ 1). Hence, Fig. 1
shows that most of likers can be divided into two groups of users, those polarized
towards science and those polarized towards conspiracy news. To better define the
properties of these groups, we define the set V Lscience of users with polarization more
than 95% towards science

V Lscience = {u ∈ V L; ρ(u) < 0.05},

and the set V Lconsp of users with polarization more than 95% towards conspiracy

V Lconsp = {u ∈ V L; ρ(u) > 0.95};

such sets corresponds to the two peaks of the bimodal distribution.
We then define the induced subgraphs of G, GLscience = (V

L
science, E

L
science) and

GLconsp = (V
L
consp, E

L
consp) in the natural way, for example, E

L
science contains all the

edges in E such that both endpoints are in V Lscience. Such subgraphs describe the
internal social network of strongly polarized users.
Finally, we define some of the graph-theoretic terms that we use throughout the

paper. The degree of node u, deg(u), is the number of neighbors of node u. The k-core
of a graph H is the maximal subgraph H ′ of H such that the degree of each node in
H ′ is at least k.
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Fig. 2. Fraction of polarized neighbors as a function of the engagement ψ(·). Left panel: for
a polarized scientific user u ∈ V Lscience, the fraction of friends v with the same polarization
(v ∈ V Lscience) is very high (� 0.75) and grows with engagement ψ. Right panel: for a polarized
conspiracy user u ∈ V Lconsp, the fraction of friends v with the same polarization (v ∈ V Lconsp)
is very high (� 0.75) and grows with the engagement ψ.

5 Results and discussion

5.1 Homiphily: Engagement and friends

In this section we want to understand if the engagement in a specific kind of content
is a good proxy to detect group of users with similar attitudes. Homophily – i.e., the
tendency of users to aggregate around common interests – has been already pointed
out as a factor in rumor spreading [34,51]. Indeed, online content mingle cognitive,
behavioral, and social aspects of a user community. The resulting ecosystem allows
to investigate the various processes at play in the interactions of individuals, and to
study the ways in which users relate with the kind of information they interact with.
Thus, users’ liking activity across contents of the different categories [26–28] may be
intended as the preferential attitude towards the one or the other type of information
(documented or not).

Polarization and the friendship network. In Fig. 2 we show the fraction of
polarized friends of polarized users as a function of their engagement ψ(·) both in the
case of users polarized toward science (left panel) and in the case of users polarized
toward conspiracy (right panel). Figure 2 shows that social interactions of Facebook
users are driven by homophily: users not only tend to be very polarized, but they
also tend to be linked to users with similar preferences. In fact, in both panels of
Figure 2 we can observe that, for a polarized scientific (conspiracy) user, the fraction
of friends v with the same polarization is very high (� 0.75) and grows with the
engagement ψ.
Summarizing, we find that the activity of a user on a specific kind of content in-

creases the probability to have friends with similar characteristics. Such information
is a precious insight toward the understanding of information diffusion. Indeed, in
[27] we have shown that users usually exposed to undocumented claims (e.g., conspir-
acy stories) are the the most likely to confuse intentional false information as usual
conspiracy stories.
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Fig. 3. Predicting the number of polarized friends. Left panel: scientific polarized users.
Right panel: conspiracy polarized users. In both panels, for a polarized user u, we plot the
fraction of polarized friends with the same polarization (full red circles for scientific, full
blue triangles for conspiracy) versus the number of likes log(θ(u)) of user u. Full lines are
the results of a linear regression model y(u) = β0 + β1 log(θ(u)). Coefficients are estimated
using ordinary least squares; in both cases, all the p-values are close to zero.

Predicting homophily. For a polarized scientific users u ∈ V Lscience, in the left panel
of Fig. 3, we show the log-linear plot of the average fraction y friends v with the same
polarization (v ∈ V Lscience) respect given number of likes θ of the user u. In the right
panel, we show the same quantities for polarized conspiracy users. Figure 3 suggests
in both cases a linear correlation among the variables; thus, we check whether for a
polarized user u, the fraction of polarized friends in its category y(u) can be predicted
by means of a linear regression model where the explanatory variable is a logarithmic
transformation of the number of likes θ(u), i.e.

y(u) = β0 + β1 log(θ(u)).

Coefficients are estimated using ordinary least squares and they are – with the

corresponding standard errors inside the round brackets – β̂0 = 0.70 (0.005) and

β̂1 = 0.043 (0.001), with R
2 = 0.95, for users polarized towards science, and β̂0 =

0.71 (0.003) and β̂1 = 0.047 (0.0006), with R
2 = 0.98, for users polarized towards

conspiracy. All the p-values are close to zero.

5.2 Consumption patterns

In this section we focus on the consumption patterns of polarized users. We first
analize the statistics of likes, comments, and shares of posts in Pscience and Pconsp.
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Fig. 4. Consumption Patterns. Empirical complementary cumulative distribution function
(CCDF) for the number of likes, comments, and shares of Pscience (left panel) and Pconsp
(right panel).
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Fig. 5. Users’ Lifetime. Empirical cumulative distribution function (CDF) for the temporal
distance between the first and last like of users in V Lscience and V

L
consp on posts in Pscience and

Pconsp, respectively; see text for more details.

Figure 4 shows that the empirical complementary cumulative distribution function
(CCDF) for all such distributions are heavy-tailed, as often observed in social media
analysis; moreover, the consumption patterns both for scientific and for conspiracy
users are very similar.

We then analyze the users’ persistence on contents. To such an aim, we measure
how users in V Lscience and V

L
consp keep on consuming information in Pscience and Pconsp

over time. Figure 5 shows the CDF for the lifetime of V Lscience and V
L
consp on posts

in Pscience and Pconsp, respectively; here the lifetime of a user in V Lscience (V Lconsp) is
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Fig. 6. Network metrics. Complementary cumulative distribution function (CCDF) of the
degree of each node, the size of the connected components, and the coreness of each node
of the graphs G (all), GLscience (scientific news), and G

L
consp (conspiracy news). All graphs

present similar distributions, hinting that both groups of polarized users have the same
structure of social interactions of the whole social network.

the difference of the post time of the last and first post in Pscience (Pconsp) that she
liked; we observe that also the persistence on contents is similar for science and for
conspiracy users.

5.3 Polarized clusters

In order to understand whether the polarized clusters have different structures, we
study the polarized users’ network GLscience and G

L
consp compared to the whole social

network G. In Fig. 6, we show the complementary cumulative distribution function
(CCDF) of the degree of each node, the size of the connected components, and the
coreness of each node for the graphs G, GLscience, and G

L
consp. Panels of Fig. 6 show

that the social structures GLscience and G
L
consp of polarized users are very similar, both

among themselves and to the whole social network G.

5.4 Diffusion of misleading rumors

We have shown that the connectivity among users presents an homophily pattern
– i.e, users with similar polarization tend to aggregate together. However, the two
groups of polarized users (science and conspiracy) share similar information con-
sumption patterns and internal social network structure. We want now to understand
how polarized users react to the inoculation of false information; hence, we need
a benchmark sample of posts that can be cleared and unambiguously identified as
deliberately false.

Troll Memes. We use as a benchmark a sample Ptroll of 4, 709 posts from two troll
pages; in such posts, not rarely satirical jokes are mixed up with serious claims and
become debated issues [19]. The most popular post in our collection has 132K shares
and says that in the year of the post (2013), after 5, 467 years, the month of October
has 5 Tuesdays, Wednesdays, and Thursdays, and that this is a very rare event so
that Chinese people call it year of the glory shu tan tzu. The fact that October 2013
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Fig. 7. Average polarization of users who liked troll posts (false information) for increasing
values of the number of shares. The average polarization increases with the share size,
indicating that very popular posts containing false information are mostly supported by
conspiracy users.

has 5 Tuesdays, Wednesdays, and Thursdays is true, however the remainder is false:
this happens around once every seven years and the phrase has no sense in Chinese.
The second most popular post is the popular case of Senator Cirenga mentioned in
the introduction, which received more than 36K shares. The third one (shared 28K
times) has a more political taste by stating that the former Italian Speaker of the
House received a large sum of money after his resignation [52–54].

Polarization and false information. In order to understand if polarization fa-
cilitates the diffusion of false information, for each post p in Ptroll we calculate the
number of shares x of the post and the average polarization of user liking such posts.
In Fig. 7 we show the average value of ρ for increasing levels of shares; more precisely,
we compute the average polarization of all the users who liked troll posts with num-
ber of shares greater than x. We find an increasing trend that starts from an average
polarization of ∼ 0.6 and asymptotically stabilizes at a polarization level ∼ 0.73; the
polarization starts to increase sharply at x ∼ 20 and already saturates at x ∼ 200.
Figure 7 indicates that false information is more consumed by users with polarization
∼ 1 (conspiracy) than users with polarization ∼ 0 (science); moreover, the bigger
the spreading of the information, the larger the fraction of conspiracy users “liking”
it. As an example, the ratio among totally polarized scientific users (ρ = 0) and to-
tally polarized conspiracy users (ρ = 1) liking information with more than 2.8× 104
shares is ∼ 1 : 5. Hence, users with a conspiracy-like polarization seem to be a more
susceptible medium for the diffusion of false information.

6 Conclusion

In summary, we find that Facebook users (at least in the Italian dataset) tend to be
very polarized with respect to science vs conspiracy subjects, by forming two distinct
groups. Such groups are very similar: they present a strong homophily (tendency to
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interact with users of similar polarisation), they consume information with similar
patterns, and the internal social network structure is statistically similar. However,
when it comes to the susceptibility to diffuse false information, we find that users with
a polarization toward conspiracy are the most inclined to spread unverified rumors,
possibly in a non-linear fashion. In fact, the larger the spread of the false information,
the higher the polarization of the supporting users. Therefore, homophily and polar-
ization are possibly the key metrics to target the communities where cascades of false
or misleading rumors (the atoms of misinformation) are more likely to spread. Next
envisioned steps for this research are a) to consider how unsusceptible users behave
with respect to deliberate false information; and b) to analyse whether the topology
has a role in content consumption.

Funding for this work was provided by EU FET project MULTIPLEX nr. 317532, EU
HOME/2013/CIPS/AG/4000005013 project CI2C, and EU project SIMPOL nr. 610704.
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or preparation of the manuscript. Special thanks for building the atlas of pages to Protesi
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