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Abstract

In times marked by an abundance of news sources and the widespread use of social media for
staying informed, acquiring accurate data faces increasing challenges. Today, access to information
plays a crucial role in shaping public opinion and is significantly influenced by interactions on social
media. Therefore, studying the dissemination of news on these platforms is vital for understand-
ing how individuals stay informed. In this paper, we study emergent properties of media outlet
sharing behavior by users in social media. We quantify this behavior in terms of coordinates in a
latent space proposing a metric called Media Sharing Index (MSI). We observe that the MSI shows
a bimodal distribution in this latent dimension, reflecting the preference of large groups of users
for specific groups of media outlets. This methodology allows the study of the extent to which
communities of interacting users are permeable to different sources of information. Additionally,
it facilitates the analysis of the relationship between users’ media outlet preferences, their political
leanings, and the political leanings of the media outlets.

Keywords: echo chambers, media bias, polarization, news sharing, social media, correspon-
dence analysis.

1 Introduction

Getting properly informed is a fundamental civic right to live in a modern democracy. This seemingly
simple fact is becoming increasingly challenging to achieve due to the abundance of information sources,
as well as the competition between true and false news [1–5].

Nowadays, the way we access information has become increasingly reliant on social media [6, 7].
Consequently, our access to it is mediated by the interactions of individuals who post and share news.
Studying the issue of news dissemination on social media becomes essential for understanding people
get informed in a modern society.

The process of how people become informed plays a fundamental role in shaping opinion formation
across several topics and has been deeply addressed since the seminal work of Mc.Combs and Shaw [8,
9] grounding the bases of Agenda Setting Theory.

News sharing behavior on Twitter was analyzed by Weaver et al [10] within the context of political
elections, using a bipartite network of users and news articles. Here, the authors analyzed the emer-
gence of communities in the projection onto the news layer and identify their main features that explain
these communities. A similar approach was addressed in [11] for Argentinian media outlets, comparing
electoral with non-electoral periods of time. In this context, the researchers found that groups of users
on Twitter emerge as a consequence of their preferences for a given set of media outlets.
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Given that the dissemination of news is highly influenced by the process of sharing them on social
media, understanding how this process is affected by user behavior and news’ features is crucial for
comprehending its scope and limitations. In this context, we face the question whether it is possible
to define a metric that quantifies users’ preferences in media sharing behavior.

Political preferences on social media have been quantified using either the content of messages
(tweets, for instance) as in [12, 13] or by considering the connectivity patterns among users, as in [14,
15]. In these last papers, the authors have developed a model, called Latent Ideology, that assumes
that the positions of individuals in an unobserved social space can be inferred on the basis of observed
connections among them, assuming that such connections are governed by the principle of homophily.
In particular, they estimated latent parameters by applying correspondence analysis to the adjacency
matrix of users following political accounts on Twitter. Latent Ideology was recently used in [16] to
analyze political polarization in the context of 2016 and 2020 US presidential elections, estimating
individual positions from the users-influencers adjacency matrix. A similar approach was employed in
[17] to estimate latent opinions within online debate about measures to mitigate climate change.

In this work, we study the process of large-scale users preferences for certain media groups. We
quantify these preferences in terms of coordinates in a latent space by adapting the Latent Ideology
methodology, which we have customized for this context, defining what we call the Media Sharing
Index (MSI). In particular, we raised the following research questions:

• Do users tend to form groups according to their preferences for specific media outlets?

• How homogeneous are those groups in terms of their position in a latent space of information,
and how does it relate to political ideology?

• Is there a polarization in news sharing? Is it related to the underlying political polarization?

• Do these preferences produce the formation of echo-chambers in news outlets preferences, thereby
restricting the free diffusion of information in social media?

2 Background

In this section, we review the political and media landscape in Argentina during the period under
study. In the last decade, Argentina’s political landscape has been characterized by the dominance of
two major parties: a center-left coalition (CL), known as Frente de Todos, and a center-right coalition
(CR) referred to as Juntos por el Cambio. During the 2019 elections, the center-left coalition presented
Alberto Fernández and Cristina Fernández de Kirchner as their candidates. Meanwhile, the center-
right coalition sought a second term for Mauricio Macri as president, with Miguel Angel Pichetto as
his vice-presidential candidate.

In reference to the media landscape in Argentina, the most significant media outlets are Infobae,
Claŕın and La Nación (each boasting approximately 20 million unique users in 2020 [18]), followed
closely by a second group with audience numbers ranging from 6 to 13 million unique visitors. Promi-
nent among this group are Página 12, Ámbito Financiero, Todo Noticias and El Destape Web.

3 Data and Methods

3.1 Data

In this research, we employed a pre-existing Twitter dataset [19] comprising tweets collected between
March 1, 2019, and August 27, 2019. This dataset was acquired by utilizing keywords linked to
participants in the 2019 Argentinean primary election, such as alferdez, CFK, CFKArgentina, Kirchner,
mauriciomacri, Macri, and Pichetto.

We made two specific modifications to the original dataset. Firstly, we filtered for all types of tweets,
including tweets, retweets, and quotes, that exclusively contained external URLs linking to Argentinian
news outlets, based on the ABYZ News Links Guide [20]. We also extracted the content of the news
articles from their respective web pages, by developing custom code for each media outlet, using Python
libraries such as Requests [21], Selenium [22], and Beautiful Soup [23]. Following these initial steps,
we obtained a dataset encompassing the activity of 123,180 users, who collectively generated 1,039,281
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Figure 1: Distribution of unique (gray) and shared news articles (green). There is total of
66,982 unique news articles that are shared in the period analyzed and 1,039,281 sharing events, i.e.
the total number of times one of the unique news is shared by users. The differences between gray and
green columns is a proxy of users’ behavior.

tweets, sharing 66,982 unique news articles from 17 Argentinian media outlets. Figure 1 displays the
number of unique news articles for each media outlet during the specified period (indicated in blue),
as well as the number of sharing events (tweets with URLs) of these unique news articles (indicated
in red). These variations represent users’ preferences for particular media outlets.

Secondly, we incorporated user data related to the final vote intention, as detailed in [19]. This
procedure resulted in 65,876 tweets originating from 17,349 individuals who expressed their intention to
support the Center-Left (CL) coalition (Fernández-Fernández), alongside approximately 40,277 tweets
from 15,361 individuals with an inclination toward the Center-Right (CR) coalition (Macri-Pichetto).
Supporters of the CL coalition shared 19,276 news articles, while those leaning towards the CR coalition
shared 10,135.

3.2 Methods

3.2.1 Sentiment Bias Definition

Here, we analyze the sentiment of the text of the shared news articles by decomposing each article into
multiple sentences and applying the Pysentimiento algorithm [24] to each sentence of every text article.
Then, we obtain the amount of positivity, neutrality, and negativity mention towards the two main
election candidates, as was previously introduced in [25]. For a single mention, it is counted as one;
for multiple mentions, sentiment is calculated individually, categorizing them as neutral, positive, or
negative. We evaluate the balance between positive and negative mentions of the Center-Left coalition
(CL) versus the Center-Right (CR) defining the Sentiment Bias (SB) [11, 26] of an article i as:

SBi =
(#CR+ −#CR−)− (#CL+ −#CL−)

#CRtotal +#CLtotal
(1)

Defining mentions on a per-sentence basis, the total count includes positive, negative, and neutral
mentions. For instance, consider an article containing six sentences referring to political candidates:
one negative mention of CR candidates (#CR− = 1), one positive mention of CR candidates(#CR+ =
1), three positive mentions of CL candidates (#CL+ = 3), and three neutral mentions regarding CL
candidates. In this case, #CL− = 0, #CRtotal = 2, and #CLtotal = 6. The Sentiment Bias of the

article is calculated as follows: SB = (1−1)−(3−0)
2+6 = −3

8 = −0.375.
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3.2.2 Media Sharing Index

In this section, we introduce the Media Sharing Index (MSI), a metric that positions users within a
hidden space reflecting their preferences for specific groups of media outlets. Simultaneously, it enables
the placement of media outlets within the same latent space, determined by the average preferences
of their audience. Essentially, users closer in this space tend to share similar media outlets, indicating
comparable preferences in media consumption. Likewise, media outlets situated closely in this latent
space imply shared usage by a similar set of users.

To define the Media Sharing Index (MSI), we follow previous works [14, 16] that propose a method-
ology to identify the ideology of users in social media based on correspondence analysis [27]. We initiate
by establishing a bipartite network denoted as G = (U, V, E), where U stand for the set of users, V
represents the news outlets, and E denotes the edges in the graph. The corresponding adjacency matrix
associated with this network is denoted as Y. The element yij represents the number of times user i,
with i ∈ U shares a news from a media outlet j, with j ∈ V .

The matrix Y is converted to the correspondence matrix P by dividing each element by its grand
total P = Y/

∑
ij yij . The element pij represents the probability of finding an event in which user

i shares an article from media outlet j. From matrix P , the matrix of standardized residuals S is
computed as:

S = D1/2
r (P − rcT )D1/2

c

where vectors r and c are defined such as ri =
∑

j pij and cj =
∑

i pij .The element ri represents the
likelihood that user i shares an article from any media outlet. Conversely, cj represents the probability
of media outlet j being shared by any user. The elements of outer product rcT (ricj) can be interpreted
as the probability of user i sharing a media outlet j given a null model where only the activity of user i
and the frequency of media outlet j being shared matter. By defining diagonal matrices Dr = diag(r)
and Dc = diag(c), we can express the elements of S as follows:

sij =
pij − ricj√

ricj

This expression can be interpreted as the deviation, measured in standard units, of pij from a null
model where users and media outlets are independent.

In order to compute the MSI for each user, we firstly perform singular value decomposition to S,
that is

S = UDαV
T

where UUT = V TV = I and Dα is a diagonal matrix with the singular values on its diagonal.
The Media Sharing Index for the user i, MSIi, is then identified by the standard row coordinates by
projecting only over the first singular component:

MSIi = (D1/2
r U)i

and finally normalizing these values to have zero mean and standard deviation equal to 1. As such,
users with similar values of MSI imply that they share a similar set of media outlets. In particular,
if user sharing behavior is driven by two distinct groups of media outlets, as shown in [11], we would
expect to observe a group of individuals with MSIi > 0 and another with MSIi < 0.

Finally, we define the MSI for media outlets as the weighted average of the MSI of the users,
weighted by the number of times user i shares media j:

MSIj =

∑
i yijMSIi∑

i yij
(2)

The interpretation of MSIj is analogous to one provided for MSIi: media outlets with MSIj > 0 will
have a very different set of users who share its articles compared to media outlets with MSIj < 0.

4 Results

4.1 The users - media outlets network and Media Sharing Index

Following a similar approach to previous studies [11], we build a bipartite adjacency matrix Y , where
each element yij gives the number of news articles from media outlet j, shared by user i.

4
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El Dia

Ambito Financiero
Perfil

Minuto Uno ClarinRadio Mitre

La Nacion

Todo Noticias

El Destape

Pagina 12

El Cronista

Figure 2: Giant component of the validated projection of the users - media outlets bi-
nary bipartite network over the media layer using the BiCM [30]. The size of the node is
proportional to the number of shared news. Nodes are colored according to the community (Louvain
algorithm) to which they belong.

We start with the binary projection of the users-media outlet network on the media outlets layer.
Here, nodes represent the media outlets, and they are linked if the number of users share at least one
article from those media outlets. In order to take into consideration only significant connections, we
validate them against those present in random networks generated by a Bipartite Configuration Model
(BiCM), following the approach introduced in [28].

Figure 2 shows the giant component of the validated projection on the media outlet layer. In this
case, the giant component has 12 media outlets out of the 17 original ones. The node size is directly
proportional to the number of shared news articles, while node colors are determined by the community
assignments obtained through the Louvain algorithm [29]. The figure illustrates the emergence of two
distinct clusters of media outlets. One cluster includes Página 12 and El Destape, among others, while
the other comprises Infobae, Claŕın, La Nación, and Todo Noticias. This clustering pattern mirrors
users’ preferences and their sharing behavior on social media.

In order to quantitatively analyze these preferences, we make use of Media Sharing Index (MSI)
introduced in section 3.2.2. First, we consider only the 12 media that emerge in the giant component of
Fig. 2. By considering only these outlets, the dataset reduces to 59874 unique news (about 88% of the
unique news from the total dataset) and 120626 users (about 97% of the users in the original dataset),
that come from a total of 1015380 tweets with a link to one of these 12 principal outlets (about 98%
of the number of original tweets), showing that these 12 media outlets are very representative of the
original dataset and no much information is lost.

Figure 3, top panel, shows the probability density function of the MSI from the set of users that
share at least one of the 12 media outlets from the giant component of user-media projection. This
figure illustrates the emergence of a bimodal distribution in the Media Sharing Index. We applied a
Gaussian kernel to the histograms instead of adjusting a bimodal model, so it is clearer the bi-modality
of the distribution. We check the multi-modality of this distribution using the Dip test [31, 32] and
discard uni-modality with a p-value practically equal to zero (p < 0.001).

Note that the order in the values of the MSI of the media outlets corresponds with the structure
observed in the Fig. 2. This bimodal distribution reflects polarization in user’s preferences for the two
groups media outlets identified in Fig. 2. In particular, it can be observed that there is a majority
group of users that shares news from the media cluster represented by Claŕın, La Nación, Todo Noticias,
among others, while it can also be identified a minority group that prefers El Destape, Página 12 and
Minuto Uno.

4.2 The two faces of political dimension

Despite the clear polarization visible in Fig. 2 and Fig. 3 top panel, it remains uncertain whether
this polarization aligns with users’ political preferences or the content of the news. In this section, we
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Figure 3: Probability density of Media Sharing Index (MSI). Top: Probability density of
MSI of users and the 12 media outlets taken from Fig. 2 (Radio Mitre is not displayed here due to its
positive MSI outlier status). Histograms were smoothed with a Gaussian kernel of bandwidth = 0.15.
Bottom: Probability density of MSI of users discriminated by their political ideology, Center Left in
blue and Center Right in red. The grey lines represent the positions of the media outlets.
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Figure 4: Comparison between MSI and users’ ideology. Joint distribution of politically label
users’ Media Sharing Index (MSI) versus their Ideology Valence, as defined in Eq. 3.

investigate the potential link between the observed polarization in Figs. 2 and 3 and the underlying
political polarization of users, as defined in [19], as well as the content of news articles.

4.2.1 Users political preferences

As was described in section 3.1, the dataset for this analysis is the same used by Zhou et. al. (2021) [19]
to infer the political preferences of users from their tweets on Twitter. There, the authors developed a
model to infer the users’ voting intentions based on the majority of tweets they posted, subsequently
labeling them as either Center-Left (CL) or Center-Right (CR) supporters. The model developed in
[19] infers vote intention based on the labeled hashtags that individuals used to express themselves in
social media.

Figure 3 bottom panel shows the probability density function of the users’ Media Share Index, seg-
mented by political preferences as computed in [19]. The two histograms are independently normalized
(we provide histograms with absolute values in Supplementary Material). It’s important to note that
although users’ political preferences are dynamic (the model allows users to change their preferences
over time), in this instance, each user is assigned a unique label corresponding to the most frequent
one. The alignment between the right peak in the bimodal distribution and the CR coalition is evi-
dent, whereas users associated with the CL coalition predominantly cluster around the left peak, with
a notable presence in the right peak as well. This implies that users affiliated with the Center-Right
(CR) coalition tend to share news from outlets like Claŕın, La Nación, and Infobae, among others. In
contrast, individuals identified with the Center-Left (CL) coalition show a strong preference for Página
12 and El Destape (which are generally avoided by CR users). However, CL users also exhibit some
level of engagement with media outlets closer to the right peak.

A more detailed description of a user’s ideology can be provided given that the label assigned in

7
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Figure 5: Media outlets’ average Sentiment Bias as a function of their Media Share Index.
This plot shows a strong correlation between ⟨SB⟩ and MSI (Spearman r = 0.945), pointing out that
media outlets with a same political bias are shared by a similar subset of users in social media.

[19] is dynamic, as mentioned above. We can define the ideology valence of a user i (IVi) as:

IVi =
#CRi −#CLi

#CRi +#CLi
. (3)

where #CRi (#CLi) is the number of times user i, identified as a Center-Right (or Center-Left)
partisan at that particular time, shared a news article, with the sum #CRi + #CLi being the total
number of news articles shared by user i. By this definition, IVi = 1 means user i is always labeled as
CR, so it points to a pure CR partisan. Analogously, IVi = −1 points to a pure CL partisan. IV will
only be defined for users with a label assigned in [19].

Figure 4 shows the relation between the ideology valence (IV) and the MSI. Again, this figure shows
that CR users have a very specific media consumption profile, while CL ones share news from media
from the both peaks observed in Fig. 3 bottom panel.

4.2.2 Media Outlet Bias

Another dimension of the analysis is to focus on media outlets instead of users. Analogously to the
relationship between the MSI of the users and their inferred ideology, the MSI of the media outlets can
be compared to the political content of the news articles. To get insight of the political content, we
select articles from our dataset that mention presidential candidates of both main coalitions (Alberto
Fernández - Cristina Fernández de Kirchner for the Center-Left coalition and Mauricio Macri - Miguel
Angel Pichetto for the Center-Right one, see section 2 for reference) and perform sentiment analysis to
account for positive and negative mentions to each candidate. Given the labeled mentions, we calculate
Sentiment Bias (SB) (Eq.1) as was described in section 3.2.

Figure 5 shows the mean value of Sentiment Bias ⟨SB⟩ for each media outlet as a function of
its MSI. We can observe a strong correlation (Spearman r = 0.945) between both quantities, where
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newspapers from the negative pole of Media Sharing Index (Página 12 and El Destape, among others)
correspond to a mean Sentiment Bias favorable towards Center-Left candidates (⟨SB⟩ < 0), while news
outlets from the positive pole of the MSI correspond to ⟨SB⟩ favorable to Center-Right candidates.

Summarizing, we have seen that users preferences codified in the Media Sharing Index strongly
correlates with partisan leaning of sharers as well as the political bias of the main analyzed media
outlets.

4.3 Retweet user networks

In this last section, we analyze the interaction among users by constructing the retweet network. In
particular, we focus in the relationship between the community structure, the Media Sharing Index
and the users political preferences. The retweet network is directed and weighted. The direction
points out the information flow (i.e., arrows go from a retweeted user to the user who retweets), and
the weights account for the number of retweets between both users. This network has 114,673 nodes,
which is about the 90% of the users described in section 3.1. The remaining 10% are users that did
not retweet or were retweeted by other users during the analyzed period. On the other hand, there is
a total of 12,993,644 edges, which is the number of retweets registered among users in this network. Is
it important to stress that we construct this network taking into account only retweets without links
to news articles. This means that this network does not have any information used in the calculation
of the MSI.

Figure 6 shows the two main communities of the retweet network, showing the two largest commu-
nities detected with the Louvain algorithm [29]. The algorithm detects 440 communities, but the two
largest communities comprise the 75% of the full retweet network, with practically the same number
of nodes in each community (see Table 1 for size and metrics references). Figure 6 shows a highly
modular structure of the retweet network, with a modularity score Q ∼ 0.48. This figure also reveals
the bias of each community, both in the Media Sharing Index and in the Ideological Valence (see his-
tograms associated with each community). For instance, we can observe that the red community can
be labeled as Center-Right, given the tendency of the users to have values of IV and MSI towards 1,
in both cases associated to CR political leaning as discussed in previous sections. On the other hand,
the blue community can be clearly associated with a Center-Left political leaning, given in particular
the distribution of the IV among the community. Moreover, as was also observed in the bottom panel
of Fig.3, this community shows a MSI distribution less biased, pointing out that this community not
only consumes CL media outlets but also media outlets linked with the opposite ideological position.

Community Relative size ⟨MSI⟩ ⟨IV⟩
1 38% 0.68 0.74
2 37% -0.87 -0.84
3 8% 0.46 0.28
4 3% 0.61 0.41
5 2% -1.03 -0.72

Table 1: Retweet network’s communities information. Mean MSI and IV of the five largest
communities of the retweet network detected by the Louvain algorithm. The rest of the 440 commu-
nities comprises only the 12% of the size of the network.

The modular structure of the retweet network is informative about users that tend to interact
frequently among them share similar preferences for media outlets. This produces that information
diffuses preferentially among users with same political leaning, leading to increase polarization and
enhance the formation of echo-chambers. To provide a more detailed quantification of this modular
structure, in Fig. 7 we measure the relationship between the MSI of retweeted users (sources of
information) and the average of the users who retweet them (targets), following a similar approach
developed in [12, 13]. Given that an user can be at the same time both source and target, we distinguish
between these two roles: each time a user is retweeted at least one time, it acts as source; eventually,
the same user retweets someone else and in that case its information is included as target. Figure 7
shows that users (targets of information) tend to share information from other users (sources) that have
highly similar media consumption profile, i.e. information flows between users that tend to consume
the same subset of media sources, as can be qualitatively conclude from Fig. 6.
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Figure 6: Retweet network. The two largest communities detected by the Louvain algorithm are
shown. Histograms show the distribution of the MSI and IV for each community. Given these dis-
tributions, red community can be associated with a Center-Right political leaning, while the blue
community with a Center-Left leaning.
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Figure 7: Echo chambers in user media preference. The joint distribution of the Media Share
Index (MSI) among users (information sources) and the average MSI of their neighborhood within the
retweet network (targets of information).
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5 Discussion and Conclusions

In this work, we propose a metric to characterize users’ behaviour on social media when sharing
information, particularly links to articles from media outlets. This metric, which we call Media Sharing
Index (MSI), is an adaptation of a proposed method sketched in [14, 16] to study political leaning in
social media. Here we focus in how users interact with mainstream media and the way the share
information taken from them.

The MSI enables us to set up a scale that describes the level of polarization in how users receive
information through social media. In this work, we specifically observe a bimodal distribution of the
MSI, where the two clearly defined peaks can readily be linked to two distinct groups of media outlets.
In the case of Argentina, these two groups are exemplified by Clarin, La Nación, Infobae, and Todo
Noticias, among others, on one side, and on the other side, Página 12 and El Destape. These six media
outlets stand out as the most widely shared on social media.

The Media Sharing Index’s strength lies in its ability to associate users within the two mentioned
groups with their respective political biases. One group is representative of the Center-Right (CR)
ideology, while the other embodies the Center-Left (CL) perspective. This association was validated
through two methods. First, we utilized the political preferences of a group of users, identified as
Center Right (CR) or Center Left (CL) supporters using the machine learning model developed in
[19]. We observed a clear correlation between media outlets and political preferences. However,
while the CR group predominantly shares news from media aligned with their own beliefs, the CL
group exhibits greater diversity in its media sources. This diversity arises from the fact that CR
media outlets represent mainstream media, and the CL group cannot overlook them when engaging in
political discourse.

Using the semantic content of shared news articles mentioning the candidates of Center Left and
Center Right coalitions, we measured Sentiment Bias (SB), which can be used a as a proxy for bias
from media outlets to candidates of political parties [11, 26]. We found that the average sentiment
bias of each media outlet show a strong correlation with their Media Sharing Index. This means that
media outlets with a similar bias are shared by a similar set of users. We can then conclude that in
a polarized society (as can happen in particular during electoral periods), the way users share media
information is strongly related with bias of these media outlets.

The larger diversification in media sharing from the Center-Left group was better understood by
studying the retweet network among users. This network, which excludes those retweets with links
to a news articles, shows that users tend to retweet others that share same media preferences and
display two large communities that can be identified as Center Right and Center Left, respectively.
Being more specific, we found that it is more probable to find users that are very retweeted for the
CL community, but their use to share CR media outlets. This shows that it is not possible to the CL
community to ignore the CR media outlets, given that, for this Argentinian case, they represent the
more consumed media outlets in the country.
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[14] Pablo Barberá et al. “Tweeting from left to right: Is online political communication more than
an echo chamber?” In: Psychological science 26.10 (2015), pp. 1531–1542.
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Users and shares distribution over MSI

Figure 1 shows the distribution of the number of politically labeled users and the number of news
shared by these users as a function of the MSI.
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Figure 1: (Left) Distribution of labeled users as a function of the MSI. (Right) Distribution of news
shared by labeled users as a function of the MSI.
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