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News outlets are now more than ever incentivized to provide their audi-
ence with slanted news, while the intrinsic homophilic nature of online social
media may exacerbate polarized opinions. Here we propose a new dynamic
latent space model for time-varying online audience-duplication networks,
which exploits social media content to conduct inference on media bias and
polarization of news outlets. We contribute to the literature in several direc-
tions: (1) Our model provides a novel measure of media bias that combines
information from both network data and text-based indicators; (2) we endow
our model with Markov-switching dynamics to capture polarization regimes
while maintaining a parsimonious specification; (3) we contribute to the lit-
erature on the statistical properties of latent space network models. The pro-
posed model is applied to a set of data on the online activity of national and
local news outlets from four European countries in the years 2015 and 2016.
We find evidence of a strong positive correlation between our media slant
measure and a well-grounded external source of media bias. In addition, we
provide insight into the polarization regimes across the four countries consid-
ered.

1. Introduction. We propose a new statistical model able to offer meaningful insights
into the perceived media bias and regime changes in polarization within online social media.
The risk of being unintentionally exposed to biased news and polarized opinions has gained
awareness both in the public debate (WEF (2022)) and in the academic sphere (see Puglisi and
Snyder (2015), Gentzkow, Shapiro and Stone (2015), Cinelli et al. (2021)) due to the rapid
changes in the news consumption landscape (Newman et al. (2017)). Luckily, the current
availability of social-media data provides a privileged perspective on phenomena related to
people’s preferences and homophilous behavior (Zhang et al. (2018), Chen, Okhrin and Wang
(2024), Yu et al. (2022)).

Figure 1 provides an illustrative example of both media bias and polarization starting from
a preliminary analysis of the dataset described in Section 4. The figure displays a network
of Italian news outlets in which the thickness of the edges is proportional to the number of
Facebook commenters in common between any two outlets in the years 2015 (top) and 2016
(bottom). While media bias, in terms of political leaning, can be inferred indirectly from the
network’s structure or directly by analyzing news outlets’ content production, an increase
in polarization can be detected when the average number of users interacting with various
sources decreases (see Figure 2).

Media bias refers to the dissemination of biased news pieces, often with the aim of support-
ing the interests of certain individuals or groups, such as political parties. The phenomenon
is considered detrimental to consumer welfare (Gentzkow, Shapiro and Stone (2015)), as it
entails a reduction in the informativeness of news pieces, while some argue that biased news
outlets driven by both ideological interests and profits could even affect political outcomes
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FIG. 1. Italian audience-duplication networks obtained from the bipartite network of Italian news outlets and
their Facebook commenters in 2015 (top) and 2016 (bottom). Node size is proportional to the news outlets’
engagement in terms of comments. Nodes are labeled with the name of the outlet and colored from red (left)
to blue (right) according to the text-analysis political-leaning score computed following Gentzkow and Shapiro
(2010) and Garz, Sörensen and Stone (2020). Edge thickness is proportional to the number of commenters in
common between any two news outlets.
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FIG. 2. Monthly network density of the average number of commenters in common between any two Italian
outlets. The gray areas indicate the kernel density estimates, the bars display the interquartile range, and the dots
denote the median.

(Anderson and McLaren (2012)). Recent advancements in measuring media bias include the
implementation of text-analysis techniques to account for the similarity between news articles
and political content (see Gentzkow and Shapiro (2010), Garz, Sörensen and Stone (2020))
as well as the use of both stochastic block models (SBMs; Lee and Wilkinson (2019)) and
latent-space (LS) models (Hoff, Raftery and Handcock (2002), Friel et al. (2016), Sewell and
Chen (2016)). SBMs are employed to capture discrete group structures, such as clusters of
ideologically aligned actors or political communities (see Peixoto (2019)). LS models, on the
other hand, allow for infinitely many levels of political leaning and induce a node ordering
by representing social-media relational data in a continuous latent space (Barberá (2015), Ng
et al. (2021)).

Polarization refers to the radicalization of people’s opinions in the sense that they are fur-
ther apart from one another. Some fear that this collective change in attitudes may be reflected
in more partisan positions of people’s representatives, even though there is no obvious evi-
dence of this (Prior (2013)). Others claim that online social media exacerbate polarization
by offering incentives for homophilous behavior, that is, the tendency to interact with sim-
ilar individuals (Dandekar, Goel and Lee (2013)). However, while a predisposition toward
homophily has been observed on several social platforms (see Hanusch and Nölleke (2019),
Cinelli et al. (2021)), evidence of an exacerbation of polarization in social media environ-
ments is mixed (Kubin and von Sikorski (2021)). Several different methodologies have been
adopted for measuring polarization (see Esteban and Ray (1994), Yarchi, Baden and Kligler-
Vilenchik (2021)), including in the field of network science (see Garimella et al. (2018),
Cinelli et al. (2021)). Two common objects of investigation are bipartite networks, which
relate social media users to online pages, and audience duplication networks, where nodes
represent pages and weighted edges denote the number of users in common between any
pair of pages (a one-mode projection of the bipartite network). Figure 3 illustrates the two
concepts.

In this paper we present a novel dataset of time-varying media networks. We construct
reader-user bipartite networks and audience duplication networks using tick-by-tick infor-
mation on the Facebook activity of national and local news outlets, as collected by Schmidt
et al. (2018). The dataset comprises all posts published by the news outlets from four Eu-
ropean countries (France, Germany, Italy, and Spain) along with the corresponding users’
interactions for the years 2015 and 2016. Our bipartite network explicitly captures the pres-
ence or absence of user–outlet interactions in terms of comments, while the derived audience
duplication network is constructed by assigning edge weights between pairs of news outlets
proportional to the number of users who comment on posts from both outlets. Following
common practice in the literature (Peng and Yang (2022)), we aggregate user comments at
the outlet level to obtain a more stable representation of each outlet’s overall editorial line,
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FIG. 3. Media networks: An example of a bipartite network of n readers, u1, . . . , un and m news outlets,
p1, . . . , pm (top left) and the corresponding audience duplication network obtained using one-mode projection
(top right). At the bottom, the adjacency-matrix representation of both the bipartite network, Bn×m, and the
audience-duplication network Am×m. The matrix A is obtained as A = B ′B .

avoiding the noise inherent in post-level heterogeneity. The resulting dataset is openly avail-
able; see Appendix M in the Supplementary Material (Casarin, Peruzzi and Steel (2025)) and
the online repository (Casarin, Peruzzi and Steel (2025)).

Previous studies about media polarization use heuristics to detect communities and infor-
mal sequential analysis for time variation, while we propose a formal statistical framework
for dynamic polarization analysis, treating polarization as a collective feature of the actors
involved. In particular, we introduce a novel dynamic LS network model that leverages both
time-varying online audience-duplication network data and textual content to characterize a
set of news outlets in terms of both a dynamic latent political leaning dimension and popu-
larity via individual effects.

LS models project the nodes of a network on a lower d-dimensional latent space (Hoff,
Raftery and Handcock (2002)). Extensions of the original model include, for example, a dy-
namic component for the latent coordinates (Friel et al. (2016), Sewell and Chen (2016), Kim
et al. (2018)), mixtures of latent coordinates (see Handcock, Raftery and Tantrum (2007)),
and common or multiple latent spaces for multilayer networks (see Gollini and Murphy
(2016), D’Angelo, Murphy and Alfò (2019), Sosa and Betancourt (2022)). The statistical
properties of LS models have been addressed by Rastelli, Friel and Raftery (2016) for binary
networks, while Barberá (2015) presents an early application of LS modeling for the esti-
mation of latent ideology on social media and De Nicola, Tuekam Mambou and Kauermann
(2023) provides a static assessment of media polarization using LS models.

Our paper adds to the methodological literature in several respects:

• The latent coordinates of our LS model provide a novel measure of media bias which
combines information from network data (e.g., Barberá (2015)) and from a state-of-the-art
text-based indicator (e.g., Gentzkow, Shapiro and Stone (2015), Garz, Sörensen and Stone
(2020)).

• We endow the latent coordinates with Markov-switching (MS) dynamics which allows for
capturing polarization regimes over time. A similar approach has been adopted for change-
point detection in the context of LS projection models (Park and Sohn (2020)). The choice
of modeling regimes rather than continuously varying levels of polarization is coherent
with the literature on opinion formation (see Iyengar, Sood and Lelkes (2012), Törnberg
et al. (2021)). In addition, the MS model is parsimonious and more easily scalable than
other dynamic specifications.
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• We extend the results of Rastelli, Friel and Raftery (2016) on statistical properties of LS
models to weighted temporal networks with MS dynamics (MS-LS models) by obtaining
closed-form expressions for the first and second moment of the strength distribution. Be-
sides the theoretical relevance of the results, we show how such closed-form expressions
can be used to assess the adequacy of the proposed model against other competing models
(see Section 4.3).

Our model is applied to our novel temporal network dataset to provide estimates of media
bias that are coherent with the PEW Research survey (Mitchell et al. (2018)). We also shed
light on the in-platform (i.e., within Facebook) polarization regimes across the four countries.
We find evidence of cross-country heterogeneity in the shifts from low to high polarization
regimes, in line with the sociological argument of Prior (2013).

Section 2 provides an overview of the model within a Bayesian framework and discusses
its statistical properties. In Section 3 we discuss posterior inference along with the constraints
used in our model and present a simulation exercise. Finally, Section 4 describes the dataset
of European news outlets and applies our model in both static and dynamic setups.

2. The longitudinal Markov-switching latent space model.

2.1. The model. Let 𝒢 = {𝒢t , t = 1,2, . . . , T } be an undirected and weighted temporal
(in our application audience-duplication) network with 𝒢t = (Vt ,Et ,Yt ). For each time in-
stance t , the vertex set (collection of news outlets) is constant, that is, Vt = V ⊂ ℕ, and the
edge set Et ⊂ V × V (common commenters between any two outlets) is time-varying. For
each edge (i, j) ∈ Et , we assume the (i, j)th element of the weighted adjacency matrix Yt ,
that is, Yijt , is observed and denotes the number of connections (commenters in common)
between news outlets i and j at time t . We adopt a Poisson model for the connections,

(1) Yijt |λijt
ind∼ 𝒫oi(λij t ),

for i, j = 1, . . . ,N i ≠ j , t = 1, . . . , T , where N = Card(V ) is the number of nodes in the
network and 𝒫oi(λ) denotes a Poisson distribution with intensity parameter λ > 0. In our LS
model, the intensity is driven by static (αi) and d-dimensional dynamic node-specific latent
features (xit ∈ 𝒳 ⊂ℝ

d ),

(2) logλijt = αi + αj − β∥xit − xj t∥2.

The parameters αi , i = 1, . . . ,N have the natural interpretation of individual effects which
are news-outlet specific and capture the popularity of the outlet (the engagement of the audi-
ence with the newspaper). The latent features xit are realizations of the latent variables Xit ,
i = 1, . . . ,N , and enter the log intensity through the squared Euclidean distance, as suggested
in Gollini and Murphy (2016) and in D’Angelo, Murphy and Alfò (2019). This accounts for a
clearer representation of the proximity of news outlets on a latent manifold and leads to faster
computational convergence compared to the standard Euclidean distance. Assuming β > 0
lends an interpretation of similarity features to the latent variables. The more similar the
news outlets (the closer the nodes), the higher the number of commenters they tend to have
in common. We also employ an observed political-leaning proxy, Lit , to provide additional
information on the location of news outlets within the latent space. This political-leaning
measure takes values between zero, denoting extreme left, and one, denoting extreme right
(e.g., see Gentzkow and Shapiro (2010), Garz, Sörensen and Stone (2020)). Our modeling
choice is not to include Lit in the log-intensity equation to preserve the tractability of the
random graph model properties. Rather, we assume that the political-leaning proxy Lit is
driven by the same latent variables Xit as appear in the network log-intensity. Since the lean-
ing measure Lit is continuous in (0,1), a Beta-logistic regression model is assumed, which



MEDIA BIAS AND POLARIZATION USING AN MS-LS MODEL 3421

is a convenient and interpretable specification, although other choices can be used (e.g., see
Branscum, Johnson and Thurmond (2007), Casarin, Dalla Valle and Leisen (2012)),

(3) Lit |μit , ϕ
ind∼ ℬe

(︁
μitϕ, (1 − μit )ϕ

)︁
,

where ℬe denotes the Beta distribution with location and precision parameters μit ∈ (0,1)

and ϕ > 0, respectively. To endow the latent features Xit with a media-bias interpretation
while ensuring Yijt is independent of Lit conditional on Xit = xit , we assume

(4) μit = φ
(︁
γ0 + 𝜸 ′

1xit

)︁
,

where φ(x) = 1/(1 + exp(−x)) is the logistic function. With this modeling choice, we can
interpret the latent space as the political spectrum of news outlets.

In the media environment, news outlets are subject to time-varying polarization regimes
(e.g., Macy et al. (2021), Leonard et al. (2021) on polarization dynamics). One can think
about a state of low polarization, where news outlets are perceived, on average, closer within
the political spectrum, and a state of high polarization, in which news outlets are perceived
politically further apart. For this reason we specify a Markov-switching (MS) regime process
{St , t = 1, . . . , T } that drives the dynamic latent features. We assume a hidden Markov chain
with K < ∞ possible states of the world. The MS process allows our latent features xit to
vary jointly through time across the different polarization states. We can reparameterize our
dynamic latent features xit to account for MS dynamics,

(5) xit =
K∑︂

k=1

𝕀(st = k)𝜻 ik,

where 𝜻 ik denotes the latent position of news outlet i in state k, while 𝕀(st = k) is an indicator
function which is 1 if the realization of the hidden variable St is st = k at time t and 0
otherwise. Moreover, we characterize the transition between states through

(6) ℙ(St = k|St−1 = l) = qlk, l, k = 1, . . . ,K,

which can be grouped in the transition probability matrix Q = {𝒒1, . . . ,𝒒k, . . . ,𝒒K}, where
𝒒k = (qk1, . . . , qkK) denotes a column vector such that 𝒒 ′

k1 = 1 for each state k. Since the
number of latent variables increases as 𝒪(dKN + T ), our model is more parsimonious than
a continuously varying LS model (e.g., see Sewell and Chen (2016)), where the number
of latent variables increases as 𝒪(dT N). Thus, our approach is computationally much less
demanding for dynamic network applications with large T . Our approach also differs sub-
stantially from SBMs. While SBMs would cluster the news outlets into discrete groups, our
MS-LS ranks news outlets on a continuum interpretable as a political spectrum. More impor-
tantly, the specification in (5) allows identifying polarization regimes (periods in time char-
acterized by common behavior in terms of political leaning and polarization). Appendix K in
Casarin, Peruzzi and Steel (2025) provides more detail on alternative dynamic specifications.

We take a Bayesian approach to inference and choose the following prior structure (as
explained in Section 3.2 we fix β in our empirical application):

π
(︁
α1, . . . , αN,

{︁
𝜻 1k, . . . , 𝜻Nk, σ

2
k

}︁
k=1,...,K, γ0,𝜸 1, ϕ,Q

)︁
(7)

= π(γ0)π(𝜸 1)π(ϕ)

(︄
N∏︂

i=1

π(αi)

)︄
K∏︂

k=1

π
(︁
σ 2

k

)︁
π(𝒒k)

N∏︂
i=1

π
(︁
𝜻 ik|σ 2

k

)︁
,

where we find it useful to augment the parameter space with σ 2
k , k = 1, . . . ,K and the specific

prior distributions assumed are detailed in Appendix C.1 (Casarin, Peruzzi and Steel (2025)).
In our implementation of the model, we have little prior information at our disposal, and
we opt for the use of relatively vague priors to let the data speak. Our results are robust to
substantial changes in these priors. The directed acyclic graph in Figure 4 summarizes our
MS-LS model.
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FIG. 4. Directed acyclic graph of the Markov-switching latent-space model. The graph exhibits the condi-
tional independence structure of the observation model for Yijt and Lit within white circles with parameters,
𝜶 = {α1, . . . , αN }, β , γ0, 𝜸 1, ϕ, latent coordinates Xt = {X1t , . . . ,XNt }, their state-dependent counterparts
Z•k = {Z1k, . . . ,ZNk} with variance σ 2

k , and latent states, St , within gray circles.

2.2. Model properties. We now present some of the properties of the MS-LS Model in
(1), (2) and (5). With Assumption 2.1 we extend the scope of the latent variable model pro-
vided in Rastelli, Friel and Raftery (2016) to weighted temporal networks. In this section we
do not consider the political-leaning equation (3) since this is quite specific to our application
and we aim to present the properties of a general network model.

ASSUMPTION 2.1. Given an undirected temporal network, 𝒢t = (V ,Et ,Yt ), for t =
1,2, . . . having vertex set V ⊂ ℕ and weighted edge sets Et ⊂ V × V with characteristic
weight Yijt , we assume a sequence of latent coordinates {𝑿1t , . . . ,𝑿Nt } for t = 1,2, . . . with
𝑿it ∈ 𝒳 ⊂ ℝ

d for each node i ∈ V and time index t ∈ℕ.

With Assumption 2.2 we introduce the Markov-switching dynamics and the independence
between latent variables across states.

ASSUMPTION 2.2. Given a K-state latent Markov-chain process St ∈ {1,2, . . . ,K} for
K < ∞ and t = 1,2, . . . with transition probabilities qlk = ℙ(St = k|St−1 = l), we assume
the latent variables 𝑿it = ∑︁K

k=1 𝕀(St = k)Zik . We also define the set 𝜻 •k = {𝜻 1k, . . . , 𝜻Nk}
consisting of the i.i.d. realizations of the latent random variables {Z1k, . . . ,ZNk} with k ∈
{1, . . . ,K}, where each Zik is distributed according to πk(·), a given probability measure.

Assumption 2.3 introduces the conditional independence between any two edges, given
the latent variables and the current state of the world.

ASSUMPTION 2.3. We assume conditional independence between any two edges, given
the latent variables applicable to the current state St . Given the intensity parameter λijt ,

∀(j, i) ∈ Et , Yijt |𝑿it = xit , 𝑿j t = xj t
ind∼ 𝒫oi(λij t ) is a Poisson random variable.

Moreover, we assume that our latent variables are normally distributed and conditionally
independent given their variance.

ASSUMPTION 2.4. The latent variables are normally distributed: Zik|σ 2
k ∼ 𝒩 (0, σ 2

k Id)

and take values in ℝ
d , for a fixed d .
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Finally, we specify the form of the intensity parameter λijt .

ASSUMPTION 2.5. Given the individual effects αi and αj and the latent variables, we
assume the Poisson rate parameter,

λijt = exp

{︄
αi + αj −

K∑︂
k=1

𝕀(st = k)β∥𝜻 ik − 𝜻 jk∥2

}︄
.

Under Assumptions 2.1–2.5, our model is a time-varying MS-LS model with Poisson
weights and normally distributed latent variables.

The nodal strength, defined as Yit = ∑︁
j≠i Yij t , is a quantity of particular interest when

dealing with weighted networks, as it provides information on how strongly connected a node
is with its neighbors. We can derive the following properties of the probability generating
function (pgf) of the nodal strength, where in the sequel we will focus on the strength of a
random node (and thus, omit the index i):

PROPOSITION 2.1. The mth derivative of the conditional pgf Gl of the nodal strength
evaluated in x = 1, given St−1 = l for the MS-LS model can be written as

∂mGl(x)

∂xm

⃓⃓⃓⃓
x=1

=
K∑︂

k=1

qlk

∂m ˜︁Gk(x)

∂xm

⃓⃓⃓⃓
x=1

=
K∑︂

k=1

∑︂
hi∈ℋi

(︃
m

hi

)︃
e

∑︁
j≠i (αi+αj )hj

(︁
σ 2

k

)︁− d
2 bh,kqlk,

where ˜︁Gk(x) is the conditional pgf, given St = k and St−1 = l, and

bh,k =
(︃

1

σ 2
k

+ ∑︂
j∈𝒥i

2βhj

2βhjσ
2
k + 1

)︃− d
2 ∏︂

j∈𝒥i

(︁
2βhjσ

2
k + 1

)︁ d
2

with multi-index hi = {h1, . . . , hi−1, hi+1, . . . , hN } and index set ℋi = {hj ∈ {0, . . . ,m}, j ≠
i|∑︁j≠i hj = m}, 𝒥i = {j |j ≠ i, hj > 0} and β > 0.

The first derivative of the pgf returns the conditional expectation of the strength for a
random node, 𝔼(Yt |St−1 = l).

COROLLARY 2.1. Defining α = αi + αj for each i and each j , the expected nodal
strength of the underlying network 𝒢t can be expressed as

𝔼(Yt |St−1 = l) = G′
l(x)|x=1 =

K∑︂
k=1

qlk
˜︁G′

k(x)

⃓⃓⃓⃓
x=1

= (N − 1)eα
K∑︂

k=1

qlk

(︁
4σ 2

k β + 1
)︁− d

2 .

Note that 𝔼(Yt |St−1 = l) turns out to be a weighted sum of the expected nodal strength
obtained by conditioning on each possible state of the world. The result in Rastelli, Friel and
Raftery (2016) can be obtained as a special case imposing all but one of the conditional prob-
abilities qlk for k ∈ {1, . . . ,K} to be zero. This is due to the fact that the expected conditional
strength in their unweighted network is the same as in our setup, only with the restriction that
α has to be negative. The expected strength for each regime increases linearly with the num-
ber of nodes, N , and exponentially with the intercept parameter α. The lower σ 2

k β , the larger
the similarity between the nodes in that state and, in turn, the higher the expected strength.

COROLLARY 2.2. The analytical expression of the variance of the strength distribution
uses the first and the second factorial moment of the pgf, resulting in

𝕍ar(Yt |St−1 = l) =
K∑︂

k=1

qlk𝕍ar(Yt |St = k) +
K∑︂

k=1

qlk

(︁˜︁G′
k(x)|x=1 − G′

l(x)|x=1
)︁2

,

where 𝕍ar(Yt |St = k) = ˜︁G′′
k(x)|x=1 + ˜︁G′

k(x)|x=1 − ˜︁G′2
k (x)|x=1.
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Similarly, an analytical expression for the dispersion index can be obtained,

𝔇(Yt |St−1 = l) =
K∑︂

k=1

qlk𝔇(Yt |St = k) + v,

where

𝔇(Yt |St = k) = 1 + vk − ˜︁G′
k(x)|x=1, v =

∑︁K
k=1 qlk

˜︁G′′
k(x)|x=1∑︁K

k=1 qlk
˜︁G′

k(x)|x=1
−

K∑︂
k=1

qlkvk,

with vk = ˜︁G′′
k(x)/˜︁G′

k(x)|x=1. The expressions of the derivatives ˜︁G′
k(x) and ˜︁G′′

k(x) are given
in (A.1) and (A.1) in Appendix A (Casarin, Peruzzi and Steel (2025)).

The result for the second factorial moment differs from the results in Rastelli, Friel and
Raftery (2016), as our derivation reflects the existing heterogeneity in weighted edges. More-
over, our MS-LS model allows modeling overdispersion in the strength distribution; in partic-
ular, we show in Appendix A.3.5 (Casarin, Peruzzi and Steel (2025)) that 𝔇(Yt |St−1 = l) > 1.

We derive the above results and present a sensitivity analysis of the moments of the
strength distribution to different combinations of the model parameters in Appendix A
(Casarin, Peruzzi and Steel (2025)). To help clarify these results, Figure A.1 presents a sensi-
tivity analysis of these network metrics to the parameters of the generative network model: it
displays contour plots of moments of the strength distribution of an MS-LS model with d = 1
and K = 2. Labels “L” and “H” denote low- and high-polarization states. The mean, variance
and dispersion index of the strength distribution increase with α and N (see also Figure A.2,
in the Appendix, Casarin, Peruzzi and Steel (2025)), and the mean decreases with σ 2

Lβ . For
qLL = 1, when the network stays in low polarization, both the variance and the dispersion
initially increase with σ 2

Lβ up to a maximum and then decrease. When a state of high polar-
ization kicks in with σ 2

Hβ > σ 2
Lβ , that is, qLL < 1, both variance and dispersion decrease with

σ 2
Lβ . The smaller qLL, the sharper the variance and especially the dispersion index decrease

with σ 2
Lβ .

3. Inference.

3.1. Posterior sampling algorithm. In this section we will go back to the setup in (1)–(8),
so including (3). Let Y = (Y1, . . . ,YT ) be the collection of observed network weights with
characteristic element of Yt given by Yijt , L = (L1, . . . ,LT ) are the observed political-
leaning proxies with characteristic element Lit and S = (S1, . . . , ST ). Consider the parame-
ters 𝜽 = (𝜶,Z,𝝈 2, γ0,𝜸 1, ϕ,𝑸), while β is fixed in our empirical implementation (see Sec-
tion 3.2). Here Z = (Z•1, . . . ,Z•K) denotes the latent coordinate parameters, where Z•k is
a d × N matrix, while 𝝈 2 = (σ 2

1 , . . . , σ 2
K) is a vector of state-specific variables. The joint

posterior p(𝜽 |Y,L) ∝ f (Y,L|𝜽)π(𝜽) is not tractable. Thus, we follow a data augmentation
approach and apply a Gibbs sampler for posterior inference (see Appendix C, Casarin, Pe-
ruzzi and Steel (2025)). Let us denote with 𝝃 = (𝝃1, . . . , 𝝃T ) the collection of state indicator
variables, where 𝝃 t = (ξ1t , . . . , ξKt )

′ and ξkt = 𝕀(St = k). The complete-data likelihood func-
tion is the product of the following:

(8) f (Y,L, 𝝃 |𝜽) =
T∏︂

t=1

N∏︂
i=1

(︄
fB(Lit |St , 𝜽)

N∏︂
j=i+1

fP (Yij t |St , 𝜽)

)︄
K∏︂

l=1

K∏︂
k=1

q
ξlt−1ξkt

lk ,

where fP (Yij t |St , 𝜽) is the probability mass function of the Poisson in (1) with dynamic
intensity given in (2), fB(Lit |St , 𝜽) the probability density function of the Beta given in (3).
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With this notation, xit can be written as 𝜻 i•𝝃 t , in (2) and (4) where 𝜻 i• = (𝜻 i1, . . . , 𝜻 iK) is a
d × K matrix.

We approximate the joint posterior distribution by Markov-chain Monte Carlo (MCMC)
sampling. Our Gibbs sampling algorithm iterates the following steps:

1. Draw αi from p(α| . . .), i = 1, . . . ,N via Adaptive Metropolis–Hastings (MH).
2. Draw ϕ from p(ϕ| . . .) via MH with truncated normal proposal.
3. Draw γ0 and 𝜸 1 from p(γ0,𝜸 1| . . .) via MH.
4. Draw 𝜻 ik from p(𝜻 ik| . . .), i = 1, . . . ,N and for k = 1, . . . ,K via Adaptive MH.
5. Draw σ 2

k from p(σ 2
k |𝜻 •k) for k = 1, . . . ,K .

6. Draw 𝒒 l from p(𝒒 l|𝝃) for l = 1, . . . ,K .
7. Draw s via the forward-filtering and backward-sampling algorithm (see Frühwirth-

Schnatter (2006)).
Further details on the algorithmic design can be found in Appendix C (Casarin, Peruzzi

and Steel (2025)).

3.2. Identifying restrictions. The model presents several identification challenges. The
first issue is related to the multiplication of the squared Euclidean distance ∥𝜻 i•𝝃 t − 𝜻 j •𝝃 t∥2

by the parameter β . As there is a clear scale indeterminacy between β and the variance of the
latent variables in terms of σ 2

k , we choose to set β = 1. In addition, latent coordinates enter the
parameter λijt only through the squared distance. This makes—in principle—positions that
differ just by means of reflection, translation, and rotation equally likely (see Hoff, Raftery
and Handcock (2002) and Friel et al. (2016)). Nonetheless, the introduction of (3) helps pre-
vent the emergence of many equivalent latent-space representations. To overcome translation
issues, we center the latent coordinates to the origin of the axes at each Gibbs-sampling
iteration. For d = 1, a reflection of the latent coordinate around the origin is possible. To
counteract reflection, we assume that the position of a single outlet is known in terms of left
and right political leaning (e.g., ζi∗k < 0 for a left-leaning outlet i∗ and for each state k), and
we apply a reflection transformation to the latent leaning coordinates every time the latent
leaning of i∗ is in the wrong orthant, similarly to Barberá (2015). For d > 1, not only reflec-
tion remains possible but also rotation. This causes indeterminacy of the parameter 𝜸 1. To
prevent rotation of the latent coordinate with media bias interpretation, we impose the fol-
lowing restrictions to (3): 𝜸 1 = (γ11,0, . . . ,0) and γ11 = 1. Such a strategy is similar in spirit
to the loading restrictions in factor analysis (see Frühwirth-Schnatter, Hosszejni and Lopes
(2025)). For the other coordinates, we apply Procrustes transformation to solve the identifi-
cation issue, as commonly done for standard LS models (see Hoff, Raftery and Handcock
(2002)).

Finally, as pointed out in Frühwirth-Schnatter (2006), the joint posterior in Markov-
switching models is invariant with respect to a relabeling of the hidden states. We tackle this
issue by imposing an ordering restriction on the latent regimes across states. In particular,
we label latent regimes in increasing order of median distance, D̃k = medj>i(∥ζik − ζjk∥).
Alternative ordering restrictions may be considered, but we leave these for future research.

3.3. Analysis of simulated data. We assess the performance of our inference method by
running the algorithm on simulated data from an MS-LS model with d = 1 and K = 2. Our
simulation consists of 20 fictitious news outlets observed for 100 periods. Each period may
belong to one of two polarization states k ∈ {L, H}, where State L is characterized by a lower
average distance in the political-leaning dimension across news outlets, and State H has a
higher average distance. So news outlets jointly undergo periods of high polarization and low
polarization. The simulation setting is inspired by previous studies (Törnberg et al. (2021))
and aligns with our empirical findings. In periods of high polarization, news outlets exhibit
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a stronger and more radicalized identity, corresponding to a higher average distance in the
latent space. This manifests itself with news content that is more aligned with the language
of the reference political parties and with an audience that is more homogeneous in terms of
news diet, partially reflected by well-separated clusters along the political-leaning direction
of the latent space. Vice versa, we expect a less pronounced and more heterogeneous identity
of news outlets in periods of low polarization with lower outlet separation in the latent space.

The latent leaning positions in State H, ZiH, are drawn from a normal distribution cen-
tered at −0.75 for i ∈ {1, . . . ,10} and at 0.75 for i ∈ {11, . . . ,20} with a standard deviation
equal to 0.15, while the latent leaning positions in State L, ZiL, are drawn from a normal cen-
tered around the positions −0.25 for i ∈ {1, . . . ,10} and 0.25 for i ∈ {11, . . . ,20} also with
a standard deviation of 0.15; the individual effect parameters αi are randomly drawn from
a normal distribution with μα = 0 and σα = 2; the transition probability matrix 𝑸 has 0.95
on the diagonal and 0.05 as off-diagonal elements, and the sequence of states is randomly
drawn from the Markov chain initialized at State L; finally, we set ϕ = 200, γ0 = −0.1, and
γ1 = 0.5. We sample Yijt and Lit from the data generating process (1)–(5). Our simulation
represents a situation in which news outlets diverge in magnitude—via αi—and in terms of
political leaning—via Zik .

We run our MCMC algorithm for 50,000 iterations, and we discard the first 30,000 itera-
tions as burn-in and thin by a factor of 10 to reduce autocorrelation in the draws. To correctly
identify left- and right-leaning, we consider news outlet 3 as known to be left.

Figure 5 reports a summary of the simulation results. From a comparison between the true
values and the marginal posterior distributions, the model performs very well in terms of
identification of the individual effects and latent variables (Panel A), the latent states (Panel
B) as well as the other parameters in the simulation (Panel C). Credible regions for the pairs
(αi,Zik) estimated with our model (solid ellipses in Panel A) are narrower than those ob-
tained disregarding the political-leaning proxy Lit , that is, dropping (3) from the model

FIG. 5. Simulated data: Panel A: Estimated Coordinates in the Latent Leaning—Individual Effect Plane with
99% credible ellipses for the mode with (3) (solid inner ellipses), without (3) (dashed outer ellipses) and true
values (crosses). Panel B: Estimated latent states (squared dots) and true states (dashed step line). Panel C:
Boxplots of the marginal posteriors for the parameters γ0, γ1, ϕ, σ 2

L, and σ 2
H , with dashed lines indicating the

true values.
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(dashed ellipses). This suggests that the information-borrowing strategy is effective in im-
proving the estimation accuracy of the latent variables. As expected, the detection of the
regimes deteriorates when the regimes are not well separated in the latent space (see Ap-
pendix E, Casarin, Peruzzi and Steel (2025)). Properties of the MCMC chains are reported in
the Supplementary Material (Appendix D, Casarin, Peruzzi and Steel (2025)). Our MCMC
algorithm is implemented in R and C++, and we have made the scripts freely available (see
Appendix M.2, Casarin, Peruzzi and Steel (2025)).

4. Political leaning and polarization of news outlets. We apply our model to a dataset
of daily Facebook activities related to 225 national and local news outlets in France, Germany,
Italy, and Spain. We provide both static and dynamic analyses to assess the media slant in
these outlets as well as the polarization regimes across countries.

4.1. Dataset description and construction. Our novel media temporal network dataset,
network dataset in what follows, comprises the news outlets in the list reported in the Reuters
Digital News Report (2017) (Newman et al. (2017)). The tick-by-tick data in the source
dataset of Schmidt et al. (2018) contains all posts published, along with their associated
metadata, as well as all data on anonymized user interactions with these posts, in the form
of comments. Table 1 reports a summary description of the source dataset. We aggregate
comment interactions to daily data at the outlet level by constructing the set of daily bipartite
networks between news outlets and commenters—those Facebook users commenting on news
outlets’ posts. For each country, that is, France, Germany, Italy, and Spain, at time t , we
obtain the set of audience-duplication networks 𝒢t presented in Figure 6 by performing the
one-mode projection on the side of news outlets (as in Figure 3).

We complement our network dataset with data from Crowdtangle (CrowdTangle Team
(2022)) and Chapel Hill Expert Survey (CHES) data (Polk et al. (2017)). Crowdtangle allows
for retrieving Facebook posts for public pages and provides additional metadata for each
post. In particular, the fields Link Text and Description contain information on the text of
linked pages, such as the texts of news articles published on the Facebook walls of the news
outlets. There is not a perfect match between all the pages available in the source dataset
of Schmidt et al. (2018) and those available in Crowdtangle. Some news outlets may have
changed account or ceased to exist. In this case, information about these news outlets may
no longer be available on Facebook at the time of writing. The CHES questions political
scientists on different aspects related to politics and European integration. The CHES dataset
contains all the information at an aggregate level about scientists’ opinions on the ideological
position of political parties in Europe. Here we will make use of the lrgen variable, which
provides the ideological stance of a political party from 0 (extreme left) to 10 (extreme right).
The information retrieved from Crowdtangle and CHES allows us to construct a text-analysis
proxy for media slant. In particular, we obtain our observed proxy for daily media slant Lit by

TABLE 1
Source dataset description: Description of the Facebook dataset on national and local news outlets of the four
European countries (France, Germany, Italy, and Spain) gathered by Schmidt et al. (2018). The dataset entirely

covers the years 2015 and 2016. The news outlet list is reported in the Reuters Digital News Report (2017)

Country Pages Posts Comments Commenters

France 65 1,008,018 47,225,675 5,755,268
Germany 49 749,805 31,881,407 5,338,195
Italy 54 1,554,817 51,515,121 4,086,351
Spain 57 1,372,805 34,336,356 6,494,725
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FIG. 6. Audience-Duplication Networks: Cumulative networks for France (62 outlets), Germany (47 outlets),
Italy (45 outlets), and Spain (43 outlets) from January 1, 2015 to December 31, 2016. Node size is proportional
to the cumulative number of comments received in the time interval. Edge thickness is proportional to the number
of common commenters between each pair of outlets. Quantities are normalized for each country.

computing the index proposed by Gentzkow and Shapiro (2010) and adapted to online media
outlets by Garz, Sörensen and Stone (2020). Such a media slant index relies on text analysis
techniques to assess the similarity between pieces by news outlets and texts published by
politicians. We then associate a political leaning to each news outlet as a function of this
similarity and the parties’ political leaning. Further information on the adopted methodology
can be found in Appendix G (Casarin, Peruzzi and Steel (2025)).

The network dataset and the media slant index are publicly available, as described in Ap-
pendix M.1 (Casarin, Peruzzi and Steel (2025)).

4.2. Results from a static analysis. First, we implement a static version of our model
with d = 1 on the whole two-year time period, without the MS dynamic component. For
this we use an overall audience duplication network 𝒢t for each country, where the weighted
edge for each pair of outlets is Ỹij = ∑︁T

t=1 Yijt , and the overall observed leaning-feature is
constructed as L̃i = T −1 ∑︁T

t=1 Lit . Panels A, B, C, and D in Figure 7 report the estimated
(posterior mean) latent coordinates in the latent leaning-individual effect space. We notice
how the individual effect parameter αi associated with each news outlet and country may be
interpreted in terms of news outlet’s engagement, as major national news outlets are concen-
trated at the top in each graph.
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FIG. 7. PEW Index—latent leaning comparison for the static model: Panels A, B, C, and D present the posterior
mean of the latent coordinates of our news outlets, while Panel E displays the scatter plot comparing the PEW
survey results, available for 25 major national news outlets, with our estimated latent leaning variable (country-
specific means have been subtracted from the PEW scores to improve readability).

We correlate our posterior mean media slant with the results obtained by the PEW Re-
search Survey (Mitchell et al. (2018)). In this survey, participants were asked to assess the
left-right leaning of major national news outlets (25 of these also appear in our dataset) on a
0–6 scale with 0 indicating far left and 6 indicating far right. To the best of our knowledge,
a survey assessing the left-right leaning of all the outlets in our dataset is not available. We
will refer to the left-right ranking obtained by PEW Research as the PEW Research index.
We find that the PEW Research index has a 0.73 correlation with our estimated latent lean-
ing; see Panel E in Figure 7. Moreover, we notice the presence of both a left-leaning cluster
(bottom-left) and a right-leaning cluster (top-right). As a further validation, Figure L.1 in Ap-
pendix L (Casarin, Peruzzi and Steel (2025)) provides a comparison between the estimated
leaning and the partition obtained via traditional cluster analysis, using the Fast Greedy algo-
rithm (Clauset, Newman and Moore (2004)). This algorithm provides an optimal number of
clusters larger than two and in itself is not able to discriminate between left and right-leaning
outlets or rank news outlets on the political spectrum. Nevertheless, a graphical inspection
shows that both the PEW score and our leaning measure can be used to separate the clus-
ters (different symbols) into two large groups: left-wing outlets (bottom-left quadrant) and
right-wing outlets (top-right quadrant), coherently with the cluster analysis partition.

Figure L.2 presents the marginal posterior distribution of the parameters γ0, γ1, and ϕ.
The parameter γ1 conveys information on the relationship between the latent variable xi and
the observed leaning proxy Li . Latent leaning appears to be a strong driver for the observed
proxy only in the case of Italy, as the posterior mass of γ1 is located far away from zero,
while it seems a weak driver for France and mostly irrelevant for both Germany and Spain.
Nonetheless, the strong correlation with the PEW Research index suggests that having infor-
mation on online users’ interactions with news outlets may still be sufficient to provide an
effective classification on the political spectrum.

4.3. Results from a dynamic analysis. We now estimate the model described in Sec-
tion 2.1 in its dynamic specification with d = 2 and K = 2 (called ℳ4 in the next subsec-
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FIG. 8. Marginal posteriors for the dynamic model ℳ4: Kernel posterior density estimates for the parameters
γ0, ϕ, σ 2

L and σ 2
H for France, Germany, Italy, and Spain. The corresponding prior distributions (dashed lines)

are flat and nearly indistinguishable from the horizontal axis.

tion) and with d = 2 and K = 5 (ℳ6). The former specification is instrumental for a clear
representation of the main characteristics of the latent space, while the latter is the preferred
model (see the next section), which also provides an improved fit of the dynamic network
features. Model selection is discussed in some detail in the next section. The choice of a dif-
ferent model for each country is also legitimate. The dynamic analysis uses daily data, and
we deleted from our dataset those outlets that remained inactive—that is, did not receive any
comment—for more than 15 consecutive days. Overall, we removed 13 news outlets (DE:
four outlets, FR: five, IT: two, SP: two; see Appendix H, Casarin, Peruzzi and Steel (2025)),
which displayed unusual behavior. Posterior results for the parameters of the MS-LS model
with d = 2 and K = 2 are presented in Figure 8. As expected, values of σ 2

H tend to be larger
than those for σ 2

L. In Figure 9 we report the posterior means of the latent positions for the four
countries in states L and H. The individual-effect values are coherent with the engagement
interpretation in both states: well-known national newspapers display larger individual effects
(larger point size), while local newspapers display smaller individual effects (smaller point
size). Moreover, our latent variable dimension with media bias interpretation shows a posi-
tive correlation with the PEW Research Survey Index in this setting. Figure 10 illustrates the
correlation of 0.66 in the lower polarisation state and 0.62 in the state of higher polarisation.
Finally, the second latent coordinate captures news outlets’ similarities in other distinctive
characteristics, such as geographic vicinity or editorial ownership.

Latent states signal the presence of lower or higher in-platform polarization regimes. In
state L the average distance between outlets is lower in terms of political leaning than in state
H, making Facebook users more prone to interact with news outlets with different political
tendencies. Figure 11 reports the estimated polarization regimes (bottom panels) through time
for the MS-LS model, with d = 2 and K = 5 estimated for the four countries. State 1 denotes
the lowest polarization state, while State 5 indicates the highest polarization state. We no-
tice a tendency to move from a state of high in-platform polarization to a lower polarization
for France, Germany, and Spain. Italy and, to some extent, Spain follow an oscillating pat-
tern, with Spain exhibiting frequent switches between very-high and very-low polarization.
Overall, our findings contradict the hypothesis of a global shift toward a high-polarization
regime on social media in this time frame. In line with the opinion dynamics literature in
media contexts (e.g., see Hu, Chen and Hu (2024), Brooks and Porter (2020)), polarization
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FIG. 9. Latent positions for the dynamic model ℳ4: Posterior means of latent coordinates of the news outlets
for France, Germany, Italy, and Spain in State L and in State H. The node size is proportional to the posterior
mean of the individual effects.

within our model is strongly interconnected with the degree of interactions within a network
(expected strength). In the opinion dynamics literature, weak network connectivity and frag-
mented structures (e.g., echo chambers) can favor the emergence of polarization driven by
ideological differences. Overall, our model agrees with these media theories, since periods
of higher polarization (high values in the bottom panel of Figure 11) correspond to periods
of lower expected strength in the observed networks (low values in the top panel). Despite
not being the primary purpose of our analysis, polarization changes can be used to effec-
tively track the medium-term dynamics of the expected strength (boxplots in the top panels)
by borrowing information across periods classified within the same polarization regime. We
stress that our main aim is not to replicate the short-term features of the daily observations, but
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FIG. 10. PEW Index—latent leaning comparison for dynamic model ℳ4: Scatter plot comparing the PEW
survey results with the estimated latent leaning variable in State L and H. The country-specific mean has been
subtracted from the PEW Score to improve readability.

rather to conduct inference on polarization and media bias regimes; see Appendix K (Casarin,
Peruzzi and Steel (2025)) for a discussion on alternative MS-LS dynamic specifications.

4.4. Model selection. We perform model selection considering eight alternative models.
ℳ1 is an MS-LS model with d = 1 and K = 2 omitting the text-analysis interpretation in
(3) (i.e., imposing γ1 = 0), ℳ2 is an LS model with d = 1 and K = 1 omitting the Markov-
switching dynamics described in (5), ℳ3 is an unrestricted MS-LS model with d = 1 and
K = 2, ℳ4 is an unrestricted MS-LS model with d = 2 and K = 2, ℳ5 is an unrestricted
MS-LS model with d = 2 and K = 3, and ℳ6 is an unrestricted MS-LS model with d = 2
and K = 5. In addition, we consider the standard Poisson random graph model RG1 with

FIG. 11. Latent states for dynamic MS-LS model ℳ6: Top panels show the posterior distribution boxplots
for the average expected strength in each regime, with the underlying daily observations for information in the
background (gray dots); Bottom panels show the polarization states through time, where 1 denotes the lowest
polarization state and 5 the highest polarization state. In the online version, colors in both panels relate to the
polarization level, with red corresponding to high, purple to intermediate, and blue to low polarization.
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TABLE 2
Network model selection: (a) DIC scores and (b) Log pointwise predictive densities (lppd), as in Gelman, Hwang
and Vehtari (2014), for the models introduced here and two random graph models RG1 and RG2 with intensity

λijt = exp{α} and λijt = exp{αi + αj − β∥Lit − Ljt∥2}, respectively. Best performance in bold

(a) DIC × 10−6 (b) lppd ×10−6

Model France Germany Italy Spain France Germany Italy Spain

ℳ1 4.4698 2.3669 3.3066 4.6390 −2.2784 −1.2190 −1.6771 −2.3471
ℳ2 4.6434 2.4766 3.4825 4.9049 −2.3597 −1.2702 −1.7657 −2.4511
ℳ3 4.4696 2.3669 3.3049 4.6139 −2.2784 −1.2191 −1.6776 −2.3347
ℳ4 4.2654 2.2582 2.9797 4.2796 −2.1697 −1.1500 −1.5171 −2.1576
ℳ5 4.2533 2.2143 2.9766 4.1819 −2.1644 −1.1290 −1.5127 −2.1075
ℳ6 4.0949 2.1570 2.6588 3.9590 −2.0827 −1.1107 −1.4641 −2.0633
RG1 24.9489 9.6074 26.1551 15.1828 −12.5047 −4.8341 −13.1011 −7.6049
RG2 5.1913 2.8212 4.4554 5.4713 −2.6153 −1.4121 −2.2424 −2.7350

intensity λijt = exp{α} and the Poisson random graph model with individual effects and
observed leaning distances RG2 with intensity λijt = exp{αi + αj − β∥Lit − Ljt∥2}.

Model selection is carried out via two popular predictive measures, the Deviance Infor-
mation Criterion (DIC) (Spiegelhalter et al. (2002)) and the log pointwise predictive density
(lppd) of Gelman, Hwang and Vehtari (2014). Table 2 reports both criteria (see Appendix F,
Casarin, Peruzzi and Steel (2025), for further details). A first comparison conducted using
the DIC and lppd of model ℳ1, ℳ2, and ℳ3 highlights the contributions of the observed
leaning a-là Gentzkow, Shapiro and Stone (2015) and the dynamic component. The model
without the dynamic component (ℳ2) is dominated by the other two specifications for each
country. Except for Spain and to some extent Italy, very similar scores are obtained for ℳ1
and ℳ3. This is to be expected as ℳ3 aims to offer more interpretable latent coordinates
rather than an improved fit for the network. Table 2 also includes results for the random graph
models RG1 and RG2, which are clearly performing worse than our models. A comparison
between models ℳ3, ℳ4, ℳ5, and ℳ6 highlights the effect of increasing the number of
dimensions. The best-performing model on the basis of DIC and lppd is ℳ6 (d = 2 and
K = 5). Graphical inspection reveals that the latent space results for ℳ6 are in line with
those of the other models (see Appendix I, Casarin, Peruzzi and Steel (2025), for additional
results).

In addition, we compare the empirical and model-implied network metrics averaged over
the entire sample. Table I.1 reports a posterior predictive check (see Gelman, Hwang and
Vehtari (2014)) in which the posterior predictive expected nodal strength, nodal strength’s
standard deviation and dispersion index—derived in Section 2.2—are compared with the
empirical values, for the random graph models RG1 and RG2, and models ℳ3 to ℳ6. All
models are able to mimic the first moment of the strength distribution, but, as expected,
the simple Poisson random graph model can not accommodate the large amount of overdis-
persion in the data. The MS-LS models are able to capture the observed dispersion in the
strength distribution, leading to a rather similar fit. Appendix I in the Supplementary Ma-
terial (Casarin, Peruzzi and Steel (2025)) presents time-varying diagnostic figures for these
metrics. Appendix L.2 (Casarin, Peruzzi and Steel (2025)) provides a comparison with SBMs,
which generally offer a good fit and provide an alternative modeling solution for applications
where media clustering is more relevant than ranking media on the political spectrum.

5. Conclusion. We propose a dynamic Markov-switching latent space model to extract
insightful information concerning media ideology and in-platform polarization. The model
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projects the audience duplication network of news outlets on a d-dimensional Euclidean
space where the latent positions can be interpreted in terms of political leaning through a
suitable proxy. Inference is carried out within a Bayesian framework, allowing reliable re-
sults with relatively standard MCMC methods. We derive the theoretical model properties
and assess the effectiveness of the proposed methodology on simulated data. Our model is
applied to a Facebook dataset of news outlets in four European countries. We find that the
inferred latent leaning strongly correlates with the independent PEW Research Survey Index
and correctly ranks news outlets in terms of left- and right-leaning. Moreover, inference on the
latent states does not support the hypothesis of a unidirectional shift toward high polarization
on Facebook. Finally, model selection suggests that the dynamic specification should be pre-
ferred over a static one and that a text-analysis index may aid the leaning identification. Our
novel modeling technique is not free from limitations. First, few longitudinal studies have fo-
cused on polarization in general and more specifically on media polarization in Europe. This
makes it difficult to find a ground truth for validating polarization changes. Moreover, latent
factor and state identification is not trivial in this context. Finally, the current model does not
benefit from cross-country information-sharing which could be obtained, for example, with a
suitable hierarchical prior choice. Future research may be directed toward the testing of more
advanced text-analysis indicators for media bias, a more fine-grained analysis, for example, at
post level, the adoption of alternative latent space embedding specifications, such as circular
and hyperbolic, and the exploration of different identifying restrictions.
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