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Abstract
Recognizing the presence and impact of news outlets’ biases on public discourse is a crucial challenge. Biased news significantly shapes 
how individuals perceive events, potentially jeopardizing public and individual wellbeing. In assessing news outlet reliability, the focus 
has predominantly centered on narrative bias, sidelining other biases such as selecting events favoring specific perspectives (selection 
bias). Leveraging machine learning techniques, we have compiled a six-year dataset of articles related to vaccines, categorizing them 
based on narrative and event types. Employing a Bayesian latent space model, we quantify both selection and narrative biases in 
news outlets. Results show third-party assessments align with narrative bias but struggle to identify selection bias accurately. 
Moreover, extreme and negative perspectives attract more attention, and consumption analysis unveils shared audiences among 
ideologically similar outlets, suggesting an echo chamber structure. Quantifying news outlets’ selection bias is crucial for ensuring a 
comprehensive representation of global events in online debates.
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We thoroughly investigate news biases by analyzing the entire information chain, from the selection of newsworthy events to news 
consumption, focusing on the often-overlooked selection bias. Using machine learning, we classify six years of news coverage on vac
cines and input these data into a Bayesian model to measure selection and narrative biases. Our results demonstrate that third-party 
reliability classification primarily considers the narrative conveyed by news outlets, neglecting biases in the editorial selection of 
newsworthy events. Additionally, we analyze the engagement these outlets receive, showing that extreme positions tend to attract 
more attention. Furthermore, our analysis of news consumption patterns reveals a higher audience similarity among news outlets 
with similar ideological stances, underscoring the interconnected nature of the information chain.
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Introduction
In the public sphere, several perspectives and opinions are fre
quently exchanged and discussed, leading to the emergence of di
verse views and understanding (1). With the advent of social 
media, a significant portion of the public debate has shifted online 
(2), where news and views are disseminated through fragmented 
and ongoing conversations.

The impact of information environments in shaping 
public opinion has been widely investigated, with researchers 
addressing different aspects, from the dynamic and consequence 

of the spread of misinformation (3–9) to the role of suggestion al
gorithms (10, 11) and the ideological biases of new outlets (12–14).

News coverage can become distorted through two main cat
egories of choices by newsmakers: which events to cover, and 
how to cover them (15). We refer to systematically distorted deci
sions in these areas as selection bias (also called gatekeeping bias, 
filtering bias, or agenda bias) and narrative bias (or presentation 
bias, statement bias), respectively.

Selection bias refers to the tendency of a news outlet to choose 
certain events to cover while ignoring others. For instance, a news 
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outlet may focus on adverse events related to vaccinations, while 
neglecting positive ones, thereby exhibiting a selection bias to
wards negative coverage. Narrative bias refers to the way in which 
news events are framed and reported, potentially influencing the 
reader’s perception and interpretation of the events themselves. 
Together, these two forms of bias can significantly shape the 
way in which news is consumed and understood by the public.

The former regards the choice of what information will be se
lected to be marketed as news and what stories will be “dese
lected” (16). This is the single most fundamental decision in 
journalism, and it is the most pervasive form of bias (17). 
However, it is also the least studied form of bias, probably due 
to the additional research and analysis effort required to examine 
a news outlet’s coverage of all relevant events related to a given 
topic (18), which needs to include an unobserved population in 
the analysis. Consequently, the literature has primarily focused 
on the narration of events (19–21), leaving the selection step of 
the news production process understudied.

In this work, we introduce a methodological framework to 
address this issue and place it within the broader context of public 
discussion. First, by focusing on the highly polarized and debated 
topic of vaccines and immunization, we consider all vaccine- 
related events reported by a comprehensive selection of Italian 
news outlets. This ensures our sample is as broad as possible 
and covers all events deemed newsworthy by any of these sour
ces. The large sample size of news outlets and the plurality of 
viewpoints considered minimize the probability of overlooking 
significant newsworthy events.

Our comparative approach does not focus on quantifying the 
universe of vaccine-related events but rather on detecting differ
ences in their selection among news outlets and their dependence 
on the classification provided by third-party organizations. 
Indeed, the classification of news outlets based on their reliability 
and ideological biases has been extensively used in social media 
studies to analyze different aspects of online debates (10, 22, 
23). Such classification is provided by independent fact-checking 
organizations (such as MediaBiasFactCheck (24), AllSides (25), or 
Journalism Trust Initiative (26)) which rates news producers based 
on journalistic criteria.

Following the literature on media bias (15), events covered in 
the collected vaccine-related news are categorized as adverse, 
neutral, or positive based on the harm or benefit they bring to vac
cination efforts. For example, negative events may involve the 
emergence of adverse effects, neutral events may cover periodic 
data from the vaccination campaign, and positive events may in
clude the discovery of a highly effective new vaccine.

The second step involves classifying articles based on how 
news outlets report these newsworthy events. The collected 
vaccine-related news is thus classified according to the narrative 
conveyed on the subject discussed (27). The categories used are: 
antivax, neutral, and provax. This classification depends on 
whether the article emphasizes only negative elements of the 
news (antivax), whether true or not, provides a balanced account 
(neutral), or highlights only positive elements (provax), whether 
true or not. For example, a news article that exaggerates the 

magnitude of adverse effects, neglects vaccine effectiveness, or 
suggests causal relationships between vaccination and adverse 
effects without evidence is labeled as antivax. A piece of news re
porting statistics on vaccine coverage, effectiveness, and adverse 
effects is considered neutral. In contrast, a news article describing 
the effectiveness of a new vaccine with sensationalized or emo
tionally loaded words, exaggerating the beneficial consequences 
of the event, is labeled as provax.

To provide a comprehensive view of the public debate, it is es
sential to examine consumer behavior in how they perceive and 
consume information generated by the news media. Indeed, so
cial media platforms introduce a feedback loop between news 
producers and consumers. Therefore, our study also investigates 
engagement and news consumption in relation to selection and 
narrative biases.

The framework of our analysis is depicted in Figure 1, which 
summarizes the various phases of the analysis and highlights 
the possible sources of biases within the information chain: start
ing from the selection of newsworthy events (I), verifying the nar
rative of the corresponding news disseminated by information 
sources (II), studying the engagement they generate among users 
(III), and examining their consumption by homophilic user 
groups (IV).

As a case study, we analyze all the news about vaccines pro
duced and disseminated on social media by nearly all Italian 
news outlets. While we use the Italian vaccine debate as a case 
study, our framework provides a flexible methodological ap
proach applicable to any context, topic, and language for analyz
ing the existence and interplay of narrative and selection biases. 
Nevertheless, given the broad interest in this topic, its social sig
nificance, and the high degree of polarization, vaccines serve as 
an ideal subject to test our methodology. In particular, we analyze 
the intense vaccine debate that occurred in Italy during the six- 
year period from 2016 to 2021, which attracted a wide range of 
views and highly polarized public opinion to the point where pol
iticians from competing parties publicly took opposing positions. 
During this time frame, the debate focused initially on the design, 
approval, and enforcement of the legislative framework on man
datory pediatric vaccinations (i.e. Law n.119 of July 31 (28)), which 
was introduced in mid-2017 and fully implemented only in 
September 2019. Later on, the debate shifted to COVID-19 vac
cines following the onset of the pandemic starting in January 2020.

We compile a comprehensive sample of news providers active 
in Italy, by relying on assessments provided by well-known organ
izations, namely NewsGuard, Facta, Pagella Politica, and Butac. 
Note that Newsguard alone claims to monitor domains covering 
about 95% of online engagement with news sites (29). These as
sessments also serve to distinguish between outlets that are ques
tionable (i.e. source producing mainly unverified or false content) 
and those that are reliable. Then, we focus on these news outlets 
to gather all vaccine-related content published on the major so
cial media platforms (Facebook, Instagram, Twitter, and 
YouTube) during the specified period, ensuring a plurality of view
points and thereby minimizing the probability of overlooking sig
nificant vaccine-related events.

Fig. 1. Biases in the information chain.
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Given the large and comprehensive set of articles representing 
the Italian vaccine debate during 2016–2021, we build machine- 
learning models capable of accurately classifying the collected 
content based on the nature of the event being discussed (adverse, 
neutral, positive) and the narrative being conveyed (antivax, neu
tral, provax), respectively. This approach provides massive scal
ability, avoiding the need for a sample selection and extensive 
manual annotation, which could introduce a bias, and make it 
suitable for use in many diverse frameworks.

In sum, we consider the news and views on vaccines produced 
by a diverse and comprehensive set of Italian news outlets that re
present the most popular web sources with the largest reach on a 
wide range of social media platforms (Facebook, Instagram, 
Twitter, and YouTube). We rely on the assessment granted by in
dependent fact-checking organizations to differentiate between 
questionable and reliable sources. Moreover, we exploit our machine 
learning model to classify news articles based on the narrative 
conveyed (antivax, neutral, provax) and the nature of the event 
being discussed (adverse, neutral, positive). Using our classification 
models, we quantitatively measure and analyze how selection 
and narrative biases shape the production and consumption of 
vaccine news.

Hence, our contribution to the literature is three-fold: (i) First, 
we propose a methodology to measure not only narrative bias 
but also selection bias and compare them to the reliability classi
fication provided by third parties. (ii) Second, we analyze the rela
tionship between these news-related biases and the online 
environment considering the spreading patterns and the engage
ment generated by the news outlets. (iii) Third, we provide a meth
od to evaluate whether the ratings provided by external entities 
suffer from ideological bias. In other words, we pose the funda
mental issue that can be epitomized in the Latin phrase of the 
Roman poet Juvenal: “Quis custodiet ipsos custodes?” (i.e. Who 
will guard the guardians?).

Our findings indicate that the classifications performed by 
third-party entities predominantly align with the narrative bias di
mension. However, they exhibit reduced accuracy in assessing the 
reliability of news outlets based on selection bias and are skewed 
towards a provax narrative and a selection of positive events. 
We showed that highly biased news outlets tend to generate great
er engagement. Moreover, the consumption patterns analysis re
vealed a significant overlap in audience among outlets with 
similar biases, hinting at the presence of an echo chamber effect.

Results
Selection bias
We start our analysis by addressing the issue of selection bias, 
which takes precedence over other forms of informational distor
tion. This bias plays a pivotal role in determining the pool of news
worthy events that are not reported and narrated by news outlets. 
At its core, selection bias molds the perception of what qualifies as 
noteworthy, thereby shaping the subsequent narrative presented 
to the public. This inherent bias in the selection process can exert 
a profound influence on the public’s understanding of reality, 
leading to the over-representation or under-representation of cer
tain events and contributing to a skewed worldview. Recognizing 
and mitigating selection bias is imperative for cultivating a more 
accurate and impartial portrayal of events within the media 
landscape.

The methodology for measuring news outlets’ selection bias in
volved first identifying all events covered by at least one outlet 

during the reference period. Since the sample includes all national 
news outlets and most local ones, the analysis comprehensively 
captures all relevant events related to vaccinations without evi
dent structural distortions in event coverage. In other words, in
corporating sources with opposing viewpoints and diverse 
editorial strategies ensured a set of newsworthy events that fairly 
represents all types of events. Once identified, these events were 
classified—using the outlined machine learning methodology— 
into positive, neutral, or adverse categories. Each news source 
was then linked to the events it reported. A news outlet is consid
ered to have selection bias (either positive or adverse) if it system
atically emphasizes a particular type of event in a way that 
diverges from the overall distribution of newsworthy events. 
This bias can distort the representation of reality by dispropor
tionately emphasizing certain types of events, even if the outlet’s 
reporting remains neutral in tone.

This bias can skew the representation of the world by over- 
representing certain event types, even if the outlet’s reporting 
style remains neutral.

To quantify this bias, i.e. the tendency of a news outlet to over- 
or under-discuss one type of newsworthy event, we fit a latent 
space model (30, 31) that estimates latent factor conveying infor
mation about the news outlets’ narrative when dealing with ad
verse and positive events. This model takes as input the 
publishing behavior (i.e. information about the narratives and 
types of published articles) of news outlets and maps each outlet 
on a latent dimension representing the narrative stance (see sec
tion Materials and Methods). We set up our model so that the 
more negative (positive) the latent factor the stronger the antivax 
(provax) narrative for both adverse and positive events. Then, we 
use the outlet-specific intercepts of the model (as described in sec
tion Materials and Methods) to quantify the selection bias. In our 
model, the intercept parameters αi,k=Adv and αi,k=Pos, obtained as a 
byproduct of the latent narrative estimation, represent the pro
pensity of news outlet i to report on adverse (k = Adv) and positive 
events (k = Pos), respectively. The higher αik, the stronger the pro
pensity to report on that type of event.

To quantify how balanced a news outlet’s reporting is between 
positive and negative events, we have defined a Selection Index (see 
section Materials and Methods). This index is calculated by meas
uring the distance between the news outlet’s position and the di
agonal in the adverse-positive propensity factor plane. The 
farther a point is from the diagonal, the more the corresponding 
news outlet favors one type of events in its articles. It is important 
to note that selection bias requires joint consideration of the pro
pensity to write about positive and negative events in order to 
have a single index that provides information on the imbalance 
of reporting.

Figure 2A displays the propensity factors for positive and ad
verse events. The 45-degree dashed line represents the perfect 
balance between the propensity to report on positive and negative 
events. The figure shows that questionable news outlets have a 
strong propensity to report on adverse events and a weak propen
sity to report on positive events. The vast majority of reliable out
lets show a mostly balanced approach in their reporting, with a 
slight preference for positive events on average. Noticeably, a 
small fraction of reliable outlets, known for their strong pro
science position, exhibit a strong propensity to report on positive 
events and a weak propensity to report on adverse events. The dif
ferent propensities of questionable and reliable news outlets in re
porting positive and adverse events are confirmed by the 
distributions of their distances from the balanced-selection line 
and the angles in polar coordinates, as depicted in Figure 2B and 
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C, respectively. Results show that reliable outlets tend to be less 
unbalanced than questionable ones, since the distribution of 
reliable news outlets in Figure 2B peaks closer to 0 with respect 
to the questionable one. Moreover, Figure 2C shows how most of 
the reliable news outlets lie below the angle of the balanced- 
selection line (45 degrees), implying a propensity to report 
more on positive than negative events. Conversely, most ques
tionable outlets are placed above the line, thus indicating a pro
pensity to report more on negative than positive events. Our 
analysis underscores a significant disparity in the selection pro
cess of newsworthy events between questionable and reliable 
news outlets. However, it also shows that both reliable and ques
tionable news outlets are influenced by selection bias, albeit to 
varying degrees.

Narrative bias
Based on the set of selected newsworthy events, information sour
ces determine the narrative through which these events are re
ported. The process involves a deliberate choice in framing and 
presenting the events, shaping the way they are perceived by 
the audience.

We quantify the narrative bias of each source by exploiting the 
distribution of the narratives (antivax, neutral, and provax) of the 
articles released by the source on a given type of event. The more a 
news outlet adheres to one narrative (the closer its latent position 
to the ideal points corresponding to one of the three narratives) 
the higher the bias in favor of that narrative (see section 
Materials and Methods).

Figure 3 shows the results of the latent factor estimation, where 
each dot represents the coordinates of a news outlet’s narrative 
when dealing with positive (x-axis) or adverse (y-axis) events. 
Each dot is colored according to the reliability of the news outlet, 
as derived from third-party data (see section Materials and 
Methods for further details).

As shown in Figure 3, the estimated narrative bias aligns well 
with third-party classifications of news outlets as reliable or 
questionable.

Indeed, the distinction between questionable and reliable out
lets is reflected by their differing reporting styles. Questionable 
outlets tend to have a negative stance when reporting on both 
positive and adverse events, while reliable outlets have a milder 
position when reporting on adverse events and are more positive 
when reporting on positive events. This can be also observed in 
the different modes of the marginal distributions. Noticeably, 
the set of reliable outlets includes not only those with moderate 
positions, but also some of those with a strongly positive narra
tive. Through manual inspection, we find the presence of news 
outlets historically known for a strong conspiracy component in 
the bottom-left corner of the plot, while those with a strong pro
science position are located in the top-right corner, confirming 
the soundness of our estimations.

Interplay between selection and narrative biases
After analyzing selection bias and narrative bias separately, we 
focus on the interplay between them. We address this question 
by studying the dependence between propensity values, from 
which we compute selection bias, and narrative values computed 
with the model. Figure 4 shows the scatterplot of narrative vs pro
pensity for the three types of events. The results reveal some in
teresting insights. First, there is a significant yet moderate 
correlation between the two types of news production biases 
(i.e. propensity and narrative), which is positive for positive 
events (Pearson’s coefficient: 0.420, P-value < 0.001), negative for 
adverse events (Pearson’s coefficient: −0.470, P-value < 0.001), 
and weakly positive for neutral events (Pearson’s coefficient: 
0.269, P-value < 0.001). This means that, although correlated, a 
news source more inclined to report positive events is likely to 
have a provax narrative, and one that focuses on negative events 

A B

C

Fig. 2. Estimated news outlets’ propensity to report on positive events against adverse events (left) and distributions of distances and angles of the point 
from the balanced selection line (right). The 45-degree line represents the set of all points showing a balanced selection of news, i.e. equal propensity of 
reporting on positive and adverse events.
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tends to have an antivax narrative. However, these are two dis
tinct stages in the information chain that do not overlap. 
Moreover, when we look at questionable and reliable sources sep
arately, they show very different editorial approaches: question
able sources have stronger correlations (Pearson’s coefficient: 
0.460, −0.514, 0.429, P-value < 0.001), whereas reliable sources 
show weaker correlations (Pearson’s coefficient: 0.266, −0.274, 
−0.198, P-value < 0.001), indicating that for questionable sources 
these two stages are more intertwined.

Biases and engagement
In the previous sections, we examined the behavior of news out
lets and emphasized the biases present in their published content. 
However, online social media offers us the opportunity to further 
analyze how content is received and interpreted by the public. Our 
next objective is to investigate the relationship between the strat
egies adopted by news outlets in terms of narrative and selection 
bias, and their level of user engagement. To do this, we must 
control for any scaling effects that may be present due to well- 
established news outlets having a larger audience and more re
sources for coverage. Therefore, we define an adjusted measure 
of engagement E(s; k; T):

E(s; k; T) =
I(s; k; T)

C(s; k; T) · F(s; T)
, 

where C(s; k; T) denotes the number of contents (i.e. articles) pub
lished by the news outlet s ∈ S on events of type k ∈ {Adv, Neu, Pos} 
in the time span T and I(s; k; T) represents the corresponding num
ber of user interactions (e.g. likes, shares, comments) received by s 
on articles about events of type k in the time span T, while F(s; T) 
represents the average number of followers of the social media ac
counts of news outlet s that were active during T.

To gain insight into the relationship between engagement met
rics and both narrative bias and selection bias proxies, we present 
scatter plots in Figure 5. The top panels display the relationship 
between the narrative bias factor and the engagement metric 
computed for adverse, neutral, and positive events, respectively. 
Similarly, the bottom panels show the relationship between the 
selection bias metric and the engagement metric. In both cases, 
the relationship appears strongly nonlinear. A U-shaped relation
ship emerges to exist between engagement and narrative bias, 
with more extreme narratives seeming to be associated with high
er engagement, while lower engagement is associated with mod
erate positions about the topic. However, this relationship 
appears to be mostly driven by the fact that questionable outlets, 
characterized by a more negative outlook on the topic, are more 
successful in generating engagement (see also Figures S8–S10). 
Also, a convex relationship seems to be in place when considering 
the selection bias metric. We further investigate these relation
ships through linear regression, which confirms the existence of 

Fig. 3. News outlets’ narrative bias in reporting positive events compared to their estimated stance in reporting adverse events, as estimated by the 
Latent Space Bayesian Model. Points are colored according to the classification retrieved from third-party data. The asymmetry in axis values is due to 
different framing strategies adopted when reporting events of different natures (positive or negative).
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a convex relationship between narrative and selection biases and 
engagement(see Table S2). Overall, the plots indicate that unbal
anced reporting of facts could potentially boost engagement, par
ticularly in the case of questionable news outlets that 
prominently promote a negative perspective on vaccines.

Biases and news consumption
The analysis reported in the previous section highlights the rela
tionship between news outlets’ biases and online engagement. A 
natural question is whether news outlets adopting similar pub
lishing strategies are also consumed by the same users. To exam
ine this, we analyze the problem from the perspective of news 
consumption, using Twitter data on the vaccine debate from 
January 2020 to December 2021 to study the similarity in the audi
ence of different news outlets. We define a metric based on cosine 
similarity on retweeters to quantify the connection between news 
outlets (see section Materials and Methods). Intuitively, outlets 
sharing a high percentage of retweeters have a higher value of 
the similarity metric (close to 1), while outlets with only a few 
shared retweeters will have a low similarity (close to 0). Using 
this information, we build an undirected network in which nodes 
represent news outlets and weighted edges indicate the level of 
similarity. To highlight only the stronger connections, we discard 
edges with weights lower than the overall mean of the edges (see 
section Materials and Methods).

The resulting network is visualized in Figure 6 and shows that 
reliable news outlets dominate the debate on Twitter. Moreover, 
reliable outlets form the core of the network, while questionable 
ones have a more peripheral role, as highlighted by the percola
tion analysis reported in Figure S7. However, it is worth noting 
that there is no clear separation between questionable and reli
able news outlets. This suggests that some users tend to retweet 
a set of only reliable or questionable news outlets, while others 
have a mixed news diet, sharing both types of outlets. This inter
play between questionable and reliable outlets in the similarity 
network is further clarified by Figure 6B–D, where the percentage 
of questionable ones for each cluster detected using Louvain algo
rithm (32) is color-coded. Most of the clusters are primarily popu
lated by reliable news outlets, with only one (Cluster 1) having 
more questionable (65%) than reliable outlets. Furthermore, 
Figure 6 also reports the average value of narrative bias for ad
verse events (panel B) positive events (panel C), and selection 
bias (panel D), highlighting the differences between questionable 
and reliable clusters. Indeed, the most questionable cluster 
(Cluster 1) has the lowest average narrative bias on adverse 
events, indicating that news outlets in this cluster tend to empha
size the magnitude of adverse events. At the same time, Cluster 1 
also has the lowest narrative bias on positive events, implying that 
its news outlets are likely to minimize the impact of positive 
events. Notably, this cluster has the highest value for selection 

Adverse Events Neutral Events Positive Events
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Fig. 4. Propensity vs narrative values for positive, adverse, and neutral events. Points represent news outlets’ scores for narrative and propensity 
computed with the Latent Space Bayesian Model. Questionable outlets (top row) exhibit a moderate correlation (Pearson’s coefficients: 0.460, −0.514, 
0.429, P-value < 0.001) between propensity and narrative for all three types of events. In contrast, reliable outlets (bottom row) show weak correlations 
(Pearson’s coefficients: 0.266, −0.274, −0.198, P-value < 0.001), suggesting that, for the latter, higher values of selection bias do not necessarily imply 
higher values of narrative bias.
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bias, indicating that its news outlets do not cover adverse and 
positive events equally. On the other hand, Cluster 10 exhibits 
the opposite behavior. It has the highest narrative bias values 
for both adverse and positive events, indicating that its news out
lets tend to minimize the importance of adverse events and exag
gerate the importance of positive events. We also notice that this 
cluster has the second highest value of selection bias, implying 
that these news outlets do not cover both types of news equally.

In summary, the information presented suggests that news 
outlets in the most questionable and reliable clusters (Cluster 1 
and Cluster 10, respectively) present events from opposing per
spectives: the first one strongly endorses an antivax narrative, 
while the second one firmly promotes vaccination. Moreover, 
both exhibit a high selection bias, meaning that they tend to select 
only the type of events that align with their narrative, indicating 
the presence of echo chambers. To further verify this, we com
puted the fraction of news outlets that have a selection bias 

toward adverse events for each cluster, and showed it as a darker 
bar in panel D of Figure 6. Intuitively, this is equivalent to the frac
tion of points that lie upon the 45-degree line in the left panel of 
Figure 2 for each cluster. Cluster 1 has the highest fraction of 
news outlets biased towards adverse events by far(78%), while 
Cluster 10 has less than 13%. Finally, a manual inspection of the 
clusters’ members revealed that Cluster 10 is composed of news 
outlets widely recognized as proscience, while Cluster 1 is popu
lated by well-known antiscience and conspiracy-theory outlets.

Conclusion
In this study, we proposed a new method to analyze the presence 
of two different types of biases in the selection, production, and 
dissemination of news. Our approach considers both the selection 
of events by news outlets (selection bias) and how they are pre
sented (narrative bias) to users. We exploited machine learning 

A B C

D E F

Fig. 5. Engagement vs narrative bias (top panels) and selection index (bottom panels) for adverse, neutral, and positive events. Engagement is measured 
by considering all interactions with content (reactions, shares, and comments) and adjusting for the size of each news outlet’s account.

A B C D

Fig. 6. Panel A displays the network of news outlets built on the retweeters’ cosine similarity. The reliability of outlets is color-coded in the network, with 
questionable outlets marked in yellow and reliable ones in blue. Panels B and C show the average Narrative bias for adverse and positive events, 
respectively, while Panel D presents the average Selection bias across clusters identified using the Louvain algorithm on the news outlets network. Each 
cluster is color-coded to indicate the proportion of questionable outlets, with the size of each dot proportional to the cluster’s size.
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techniques to classify the type (positive, neutral, or adverse) and 
narrative (provax, neutral, antivax) of Italian vaccine-related 
events reported by news outlets. We used this information to fit 
a Bayesian model and quantified the two biases through latent 
variables. Moreover, using data from fact-checking agencies, we 
classified news outlets based on their reliability (reliable and 
questionable). Finally, we analyzed the relationship between 
news outlets’ biases, citizen engagement, and news consumption.

Results show that our method allows us for the quantification and 
assessment of the relevance of selection bias, whose assessment rep
resents a more challenging task than narrative bias and is often ne
glected in the quantitative literature. The analysis also verifies the 
existence (or nonexistence) of an ideological bias in fact-checking or
ganizations that evaluate the quality of the information selected, dis
seminated, and discussed in public debates. Further, results suggest 
that questionable news outlets with a prominent negative view of 
vaccines, both at the selection and narrative stages, attract more en
gagement, which aligns with previous research (33), and the pres
ence of clusters of users consuming only one type of news, hinting 
to the presence of echo chambers (10). Ultimately, the article showed 
that there is a distinct and opposing informational chain between 
questionable sources and reliable ones, starting with how they select 
newsworthy events. Indeed, questionable sources, unlike reliable 
ones, tend to present a false yet consistent view of the world. This 
view, marked by high and overlapping biases, resonates with a dense 
and cohesive audience eager to spread it further.

The proposed methodology can be readily adapted to different 
domains by leveraging newly annotated datasets, ensuring its 
broad applicability. Moreover, the framework easily extends to 
topics where contrasting viewpoints (e.g. denialists and support
ers of anthropogenic climate change, prochoice and prolife posi
tions on abortion) are debated over extended periods. Crucially, 
our method depends on the representativeness of the collected 
news set. Selecting a broad range of sources that reflects the full 
spectrum of opinions (and events) is essential to accurately meas
ure both selection and narrative biases. This can be effectively 
achieved by combining data from lists of news outlets, typically 
sourced from national databases, to cover the vast majority of 
the information landscape. All of the analyzed aspects—biases 
in the selection and narrative of newsworthy events, the impact 
of these on citizen reactions and news consumption patterns, 
and possible biases in the assignment of quality ratings by 
fact-checking organizations—are fundamental to the functioning 
of democratic societies. Undoubtedly, public media plays a pivotal 
role in shaping public opinion. Firstly, the agenda-setting theory 
underscores how public media influences the significance of 
topics within public discourse. Secondly, gatekeeping practices 
may reflect on the volume and diversity of information users en
counter, potentially offering a limited perspective on reality. 
Lastly, significant bias in reporting factual events can distort real
ity, sometimes to the extent of completely aligning with the pro
ducers’ narrative. Understanding the presence and the impact 
of these biases on public opinion and discourse is crucial for en
suring an informed and engaged citizenry, which is vital for the 
health of any democracy.

Materials and methods
News corpus data
We collected approximately 350K vaccine-related pieces of con
tent published on Facebook, Instagram, Twitter, and YouTube 
from almost the entire universe of Italian news outlets in the 

6-year period from 2016 January 1 to 2021 December 31. This com
prehensive picture of the Italian media landscape was retrieved 
by combining several lists from different third-party organiza
tions, namely NewsGuard, Facta, Pagella Politica, and Butac.

The data collection process was carried out exclusively through 
the CrowdTangle API of Meta and the official APIs of Twitter and 
YouTube. The selected news outlets included a wide range of na
tional/local newspapers, radio/TV channels, and online news out
lets active in Italy during the aforementioned period, to ensure the 
most representative picture of both traditional and new media. 
Specifically, we selected 96 newspapers, 462 online-only news 
outlets, 89 TV channels, and 35 radio channels. Then, we focus 
on these 682 outlets to performed a keyword search for content 
that matched an exhaustive list of vaccine-related keywords, in
cluding general terms and vaccine brands/names (see 
Supplementary Material for the complete list of keywords).

News outlets were also assigned a binary label to distinguish 
between two categories: questionable—i.e. a source producing 
mainly unverified or false content—and reliable. This classifica
tion was retrieved from the lists provided by the aforementioned 
fact-checking organizations. It is worth noting that if a source 
was listed by more than one organization, there was a ∼ 100% 
overlap in assigning the label of questionable/reliable (34). 
Table 1 shows a breakdown of the dataset with the number of 
news outlets, contents, and corresponding user interactions 
(understood as the algebraic sum of all possible actions/reactions 
performed on the four platforms analyzed). Notice that the data
set is the same as that used in (35); for further details, we refer the 
reader to that study.

Twitter data
To analyze the similarity in news outlet audiences, we used 
Twitter data on the vaccination and COVID-19 vaccines debate. 
We collected all tweets made by the accounts we considered in 
our analysis that contained a keyword related to vaccination 
(see Supplementary Material for the list of keywords used). We 
also retrieved all the retweets pointing to these tweets, obtaining 
a dataset of 23,908 tweets created by 315 news outlets and 254,965 
retweets created by 53,074 users. Notice that not all news outlets 
in our list had an active Twitter account.

Modeling vaccine news narrative and event type
To classify the nature of the event reported (adverse, neutral, 
positive) and the narrative conveyed (antivax, neutral, or provax) 
by vaccine-related content, we followed Google’s pretrained BERT 
multilingual cased model (36), which represents the 
state-of-the-art for semantic text representation in most lan
guages (37), especially when data comes from social media (38, 
39). The narrative model is the same one built in (35) by training 
the BERT model on a manually annotated set of vaccine-related 
content, representing ∼ 10% of the data gathered. The sample 
was intentionally selected to contain anti- and provax narratives. 
Nonetheless, approximately half of the annotated data concerns 
neutral views. To make the model more balanced between narra
tive classes and more confident with the local space around 

Table 1. Breakdown of the dataset.

Category Outlets Contents Interactions

Questionable 161(23.6%) 44,547(12.6%) 10,898,774(11.4%)
Reliable 521(76.4%) 308,983(87.4%) 84,332,137(88.6%)
Total 682(100%) 353,530(100%) 95,230,911(100%)
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extreme values, augmented pieces of content (40) were added to 
the sample by inserting words in a selection of data annotated 
as antivax or provax through the contextual word embedding of 
BERT. The same sample was here further annotated with the na
ture of the event reported and then used to fine-tune the BERT 
model for the corresponding classification task. The data to anno
tate were split among the authors to get ∼ 20% overlap to compare 
the annotator agreement results with the model performance. 
The augmented dataset was split into two parts to produce a data
set for training (80%) and a dataset for evaluating (20%) the model, 
by ensuring on both sets comparable class distributions with re
spect to narratives and events. To ensure proper model evalu
ation, neither the annotated content used as a basis for the 
augmentation nor the augmented content were included in the 
evaluation set. The annotation results with respect to the narra
tive and event for the training and evaluation sets are summar
ized in Supplementary Material, where we also provide 
examples of annotations covering all possible combinations of 
events and narratives. The pretrained BERT multilingual 
cased model consists of 12 stacked Transformer blocks with 12 
attention heads each. We attached a linear layer with a softmax 
activation function at the output of these layers to serve as the 
classification layer. As input to the classifier, we took the re
presentation of the special Classify token from the last layer of 
the language model. Both the narrative and event models were 
jointly trained end-to-end on the downstream task of three-class 
identification. We used the Adam optimizer with the learning rate 
of 5e − 5 and weight decay set to 0.01 for regularization. The mod
els were trained for 4 epochs with batch size 64 through the 
HuggingFace Transformers library (41). The hyperparameters 
chosen were among those recommended in (36). In addition, the 
optimal learning rate was identified by plotting the loss against 
different learning rates over a few epochs. Statistics of the per
formances of the models are reported in the Supplementary 
Material.

A latent space model for news outlets’ stance
The latent stance (in adverse, neutral, and positive events) was in
dependently estimated by means of a latent space model (30, 31). 
We modeled the number of news articles yijk published by each 
news outlet i ∈ {1, . . . , N} within one of three categories (M = 3): 
antivax (j = 1), neutral (j = 2), provax (j = 3), and for the subset of 
type-k events (with k in {adverse, neutral, positive}) via a Poisson 
distribution yijk ∼ Pois(λijk) for which the log-intensity parameter 
is defined as logλijk = αik − ‖xik − z jk‖where ‖ · ‖ denotes the euclid
ean distance between the stance of news outlet i, xik, and the ideal 
stance z jk. The ideal stances are assumed such that μz jk

∈ 
{ − 1, 0, 1} for all j and k, where μz1k

= −1 is the expected stance as
sociated to antivax, μz2k

= 0 is the expected stance associated to 
neutral and μz3k

= 1 is the expected stance associated to provax. 
As an example, consider a news outlet publishing 3 antivax ar
ticles, 6 neutral articles, and 9 provax articles related to positive 
events. The propensity of the news outlet toward positive events 
is proportional to the total number of articles published by the 
news outlet on these events (18 in the example). The distribution 
of articles published across narratives provides information on 
the narrative of the news outlets, (mostly provax in the example).

We estimate the parameters of our model within a Bayesian 
setup by means of a Markov Chain Monte Carlo (MCMC) algo
rithm. On the one hand, the Bayesian estimation procedure allows 
for dealing with a complex model following a straightforward 
workflow. On the other hand, the Bayesian approach allows us 

to fully take into account the uncertainty associated with our es
timates. The prior specification for our set of parameters is the fol
lowing: we assume a vague normal prior for the intercept 
parameter αik, i.e. αik ∼ N (0, 15) for each i and k and an informative 
normal prior for the latent factor xik, i.e. xik ∼ N (0, 1) for each i and 
k and for z jk, i.e. z jk ∼ N (μ jk, σ2). While we opted for a vague prior 
for the news-outlet-specific intercept parameter, we decided to 
set a more informative prior on the latent coordinates. This choice 
is a soft constraint that helps the identification of the latent coor
dinates, as suggested in (30). The MCMC technique adopted in this 
case is a Metropolis-within-Gibbs (42) and is used to approximate 
the joint posterior of our model. Let αk = (α1k, . . . , αNk), xk = 
(x1k, . . . , xNk) and zk = (z1k, . . . , zMk), the joint posterior can be writ
ten as:

π(θk |Yk) ∝
􏽙N

i=1

􏽙M

j=1

f (yijk | θk)

⎛

⎝

⎞

⎠π(θk), 

where θk = {αk, xk, zk} and Yk is the collection of {y11k, . . . , yNMk}.
The algorithm implements the following steps: 

1. Set α(0)
k , x(0)

k , z(0)
k ,

2. for each h ∈ {1, . . . , H}

(a) Draw α(h)
ik from π(αik |xk, zkα−ik) via Random-Walk 

Metropolis-Hastings for each i;

(b) Draw x(h)
ik from π(xik |x−ik, zk, αk) via Random-Walk 

Metropolis-Hastings for each i;

(c) Draw z(h)
jk from π(z jk |xk, z−jk, αk) via Random-Walk 

Metropolis-Hastings for each j.

We notice that H = 5,000 is enough to obtain convergence after 
having discarded the first 1, 000 iterations as a burn-in. Since 
the adopted Bayesian framework allows for the uncertainty quan
tification of the parameter estimates, we report in Figure S2 the 
90% credible ellipses for the Propensity factor and Narrative bias 
parameters. Although some news outlets exhibit a quite wide 
range of variation, the difference between questionable and reli
able news outlets in the narrative bias space, as well as the pres
ence of a different level of selection bias, remains clear.

Selection index
To quantify how unbalanced a news outlet is in reporting on posi
tive and negative events, we define the SelectionIndex, which is 
computed by measuring the distance between the location of 
any news outlet i on the Propensity Factor plane and the 
θ-degree line passing through the origin of the plane:

SelectionIndexi = sin(θ) PF(Adv)
i

􏼐 􏼑
− cos(θ) PF(Pos)

i

􏼐 􏼑􏼌
􏼌
􏼌

􏼌
􏼌
􏼌, 

where the propensity factor of news outlet i in reporting an event 
of type k, is the intercept parameter αi,kof the latent space model 

estimated on the set of type-k events, i.e. PF(k)
i = αi,k. We further as

sume that θ = π
4, i.e. we consider a news outlet to be perfectly bal

anced if it shows an equal propensity to report on positive and 
adverse newsworthy events.

News outlets’ network
We relied on the Twitter data described above and built an undir
ected weighted graph G to quantify the similarity of news outlets 
in terms of audience. We started creating a matrix R with retwee
ters as rows and news outlets as a column. The entry ri,j of R is the 
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number of times user i retweeted the news outlet j. We then com
pute the cosine similarity for each pair of columns to obtain the 
similarity measure for each pair of news outlets. Thus, the weight 
wh,k of the edge between node h and k in the graph G is equal to:

wh,k =
rh · rk

‖rh‖ ‖rk‖
, 

where rh and rk are the two column vectors of news outlets i and j, 
respectively. Notice that wh, k ∈ [0, 1], since all the entries of the 
matrix are nonnegative. Finally, we excluded all the 0-degree no
des and then all the edges with a weight below the mean weight of 
all edges, obtaining a graph with 206 nodes and 1,555 edges. The 
weight distribution of the complete network and the weight 
threshold is shown in Figure S5, while the effect of the cut on 
the degree distribution is depicted in Figure S6.

Cosine similarity represents just one among several similarity 
metrics commonly employed to quantify the overlap of news out
lets’ audiences. Thus, to validate the robustness of our findings, 
we replicated the analysis using Jaccard similarity, another popu
lar measure for assessing the overlap between two sets. The out
comes, detailed in Figure S3, qualitatively correspond with the 
findings presented in the main paper.
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