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BUSTA 1

1. Il candidato descriva le maggiori criticita a cui si va incontro quando si raccolgono dati da
social media

2. Il candidato esponga le differenze tra Deep Learning e Machine Learning

3. Il candidato descriva alcune tecniche per fare Cyber Intelligence utilizzando dati
proveniente da Social Media

INGLESE: Abstract del paper: Flamino, J., Galeazzi, A., Feldman, S. et al. Political polarization of
news media and influencers on Twitter in the 2016 and 2020 US presidential elections. Nat
Hum Behav (2023). https://doi.org/10.1038/s41562-023-01550-8
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Social mediahas been transforming political communication dynamics for

over adecade. Here using nearly a billion tweets, we analyse the change in

busta 1

Twitter's news media landscape between the 2016 and 2020 US presidential

elections. Using political bias and fact-checking tools, we measure the
volume of politically biased content and the number of users propagating
suchinformation. We thenidentify influencers—users with the greatest
ability tospread newsin the Twitter network. We observe that the fraction
of fake and extremely biased content declined between 2016 and 2020.
However, results show increasing echo chamber behaviours and latent
ideological polarization across the two elections at the user and

influencer levels.

busta 2

A growing number of studies have documented increasing political
polarization in the USA that is deeper than at any time since the
American Civil War' ", Partisan division over issues hasincreased among
those affiliated with political and news media organizations—elected
representatives, party officials and political pundits—alongside an
alarmingincreaseinaffective polarizationamongvoters*, Thistwo-level
pattern—issue polarization among political elites and affective
polarization among voters—invites further research on the diffusion
of polarized political information between those in positions of
political influence and the larger population.

This diffusion of political information is difficult to track with
traditional survey and roll call voting datathatlack relational measures.
Increasing reliance on social media for political communication is
opening unprecedented opportunitiestostudy thediffusion of politi-
calinformation and misinformation®’ over communication networks”,
Furthermore, the rapid growth of Twitter, Facebook, Redditand other
socialmediahave transformed the communicationsand information
propagation landscape. Alongside traditional broadcast media and

face-to-face communication, people now can search forand exchange
information with billions of other users in a global network. Recent
studies have examined theimpactofnewtechnologies, like Twitter and
YouTube,on electionoutcomes” ", including the effects of disinforma-
tion’ ', Other studies have documented how social media platforms
contribute to polarization through the creation of echo chambers™ ™.

We use a vast amount of social media data collected from
Twitter over the 2016 and 2020 US presidentlal elections enriched with
political bias classifications to study diffusion dynamics of political
content through news media. In this longitudinal study, we focus on
shifts in Twitter’s political landscape caused by changes in the news
media content being disseminated. We discovered that, proportion-
ally, the fraction of tweetsin the fake news and extremely biased news
categories decreased or stayed the same on Twitter.

We also focus on analysing news media influencers, defined as
users with the greatest ability to broadly propagate news media infor-
mation over social media. We analyse changesin their influence, com-
positionand the types of news media they are disseminating between
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BUSTA 2

1. Il candidato descriva la differenza tra web scraper e web crawler

2. |l candidato descriva i limiti del Deep Learning

3. Il candidato illustri un sistema di storage per Big Data che pu0 essere utilizzato in ambito
Cyber Intelligence
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Social media has been transforming political communication dynamics for

over adecade. Here using nearly a billion tweets, we analyse the change in
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Twitter’s news medialandscape between the 2016 and 2020 US presidential

elections. Using political bias and fact-checking tools, we measure the
volume of politically biased content and the number of users propagating
such information. We then identify influencers—users with the greatest
ability tospread news in the Twitter network. We observe that the fraction
of fake and extremely biased content declined between 2016 and 2020.
However, results show increasing echo chamber behaviours and latent
ideological polarization across the two elections at the user and

influencer levels.
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A growing number of studies have documented increasing political
polarization in the USA that is deeper than at any time since the
American Civil War* . Partisan division overissues hasincreased among
those affiliated with political and news media organizations—elected
representatives, party officials and political pundits—alongside an
alarmingincreaseinaffective polarizationamongvoters'’. Thistwo-level
pattern—issue polarization among political elites and affective
polarization among voters—invites further research on the diffusion
of polarized political information between those in positions of
political influence and the larger population.

This diffusion of political information is difficult to track with
traditional survey androll call voting datathat lack relational measures.
Increasing reliance on social media for political communication is
opening unprecedented opportunities tostudy the diffusion of politi-
calinformation and misinformation"’ over communication networks",
Furthermore, the rapid growth of Twitter, Facebook, Redditand other
social media have transformed the communications and information
propagation landscape. Alongside traditional broadcast media and

face-to-face communication, people now cansearch forand exchange
information with billions of other users in a global network. Recent
studies have examined theimpactofnewtechnologies, like Twitterand
YouTube, onelectionoutcomes™ ™, including the effects of disinforma-
tion"". Otherstudies have documented how social media platforms
contribute to polarization through the creation ofecho chambers”

We use a vast amount of social media data collected from
Twitter over the 2016 and 2020 US presidential elections enriched with
political bias classifications to study diffusion dynamics of political
content through news media. In this longitudinal study, we focus on
shifts in Twitter’s political landscape caused by changes in the news
media content being disseminated. We discovered that, proportion-
ally, the fraction of tweets in the fake news and extremely biased news
categories decreased or stayed the same on Twitter.

We also focus on analysing news media influencers, defined as
users with the greatest ability to broadly propagate news media infor-
mationover social media. We analyse changes in their influence, com-
position and the types of news media they are disseminating between
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thetwo elections. We find that the proportion of top influencers affili-
ated with news media organizations decreased in 2020, while the pro-
portion of those affiliated with political organizations increased. We
also quantify and compare the levels of polarization between 2016 and
2020. There are multiple types and levels of polarization established in
literature® ', which we discuss in the Supplementary Materials. How-
ever, we focus on‘ideological polarization™' of Twitter users, defined
asthelevel ofideological separation between the political alignments
of the content that these users propagate. For the remainder of the
article, we use the term‘polarization’ to refer specifically to ‘ideological
polarization’. Our polarization analysis reveals an increase in echo
chamber behaviour between 2016 and 2020 resulting from Twitter
users’tendency tobe less likely to disseminate information orinteract
withusers onthe otherside of the political spectrum. This analysis also
suggests thatnew influencers from 2020 are more polarized than the
influencers who persisted from the 2016 US presidential election. We
believe theseresults establish afoundation for future work by provid-
ing observations on trends and patterns arising in Twitter’s political
landscape in news media.

Resuits

We note that the initial foundation for this research is established in
ref. "', which analysed the news media diffusion dynamics on Twitter
during the 2016 US presidential election. We harness part of the data
usedin thatarticle and followits relevant methodology toidentify and
classifyinfluencersin the 2020 US election data. Additionally, following
aneditorial request added to the reviews of this article, we anonymized
all Twitter usernames of personal accounts in both the main manu-
script and the Supplementary Materials. Specifically, if the username
being presented does not represent an established major news organi-
zation that is verified on Twitter, that username is replaced with an
alias. This alias consists of two parts: affiliation and year of relevance. A
user'saffiliation can be with the media, US politics or personal (see the
News mediainfluencers section for more information on how we define
affiliations). The personal affiliation is also splitinto ‘individual’ and
‘other’labels, with the former representing no official affiliation with
media or politics, and the latter representing a lack of information
required to make a distinction. All affiliation labels are shortened to
their first five letters in the alias. Year of relevance is determined as
beingin the top 100 list of influencers for 2016, 2020 or both. See the
Twitter retweet networks section for more details on influencers and
ourinfluenceridentificationalgorithm.So,a politically affiliated user
that was influential only in 2016 will have an alias of ‘Polit_2016".

News mediaon Twitterin2016 and 2020

We tracked the spread of political news on Twitter in 2016 and 2020
by analysing two datasets containing tweets posted between 1june
and election day (8 November in 2016 and 2 November in 2020). The
datawere collected continuously using the Twitter search APl with the
names of the two presidential candidates in each of the presidential
electionsin 2016 and 2020 as keywords. Using more keywords target-
ing specific media outlets or hashtags concerning specific news events
could miss election-related tweets that did not contain references to
the list of outlets or events.

The 2016 dataset contains 171 million tweets sentby Il millionusers
and was used in refs. "' to assess the influence of disinformation on
Twitter in 2016. The 2020 dataset contains 702 million tweets sent by
20 million users. Hence, we observe a near doubling of the number of
Twitter users involved in spreading political news in 2020 compared
with 2016.

At the time we collected our data, the statistical analyses of the
raw collected data were limited because the data collection process
designed by Twitteritselfhas been shown to have sampling issues. For
instance, the probability of non-responses from APl queriesis not pro-
vided by Twitter, and Twitter has acknowledged that the 100% firehose

isnotactuallyalO0%sample, the10%is notarandomly distributed 10%
and the 1% is not arandomly distributed 1%. Thus, standard sampling
methods are difficult to apply to the collected Twitter data. However,
for the goals of our article, thisis our best option as there are no other
large-scale, comprehensive datasets available for both the 2016 and
2020 US elections thatarereadily accessible to us.

The classifications of news media websites presented below and
used here, including ‘fake’, ‘extremely biased’, ‘left’and ‘right’, and espe-
cially theboundaries between categories, are amatter of opinion rather
than astatementoffact. We use terms‘left and ‘right’ for political lean-
ings that are often referred to as ‘liberal’ and ‘conservative’ on the US
politicalideology spectrum. The categorizations and labels assigned
to the corresponding classes and used here originated in publicly
available datasets from fact-checking and bias rating organizations,
whicharecredited below. Theclassifications of political views and the
related conclusions contained in thisarticle should notbeinterpreted
asrepresenting opinions of the authors or their funders.

For each tweet containing a URL link, we extracted the domain
name of the URL (for example, www.cnn.com) and classified each link
directing toanews mediaoutletaccordingto this outlet’s political bias.
The 2016 and 2020 classifications rely on the website allsides.com (AS),
followed by the bias classification from the website mediabiasfactch
eck.com (MBFC) for outlets notlisted in AS (both accessed on 7 January
2021for the 2020 classification). We classified URL links for outlets that
mostly conform to professional standards of fact-based journalismin
five news media categories: right, right leaning, centre, left leaning and
left. We alsoinclude three additional news media categories toinclude
outlets that tend to disseminate disinformation: extreme bias right,
extreme bias left and fake news. Websitesin the fake news category have
been flagged by fact-checking organizations as spreading fabricated
news or conspiracy theories, while websites in the extremely biased
category have been flagged for reporting controversial information
that distorts facts and may rely on propaganda, decontextualized
information or opinions misrepresented as facts. A detailed explana-
tionofthe methodologies used by AS and MBFC for rating news outlets
and of the differencesin classification between 2016 and 2020 is given
in the Methods. The full lists of outlets in each category in 2016 and
2020 are given in Supplementary Tables 1and 2. In the 2016 dataset,
30.7 million tweets, sent by 2.3 million users, contain a URL directed
to a media outlet website. The 2020 dataset contained 72.7 million
tweets with news links sent by 3.7 million users. This number reveals
adrop in the fraction of tweets flowing from users that propagate
news medialinks, from18%in 2016 to 10%in 2020.

The proportions of tweetsand userswho sentatweetin each of the
news mediacategoriesareshowninFig. 1a.b along with other statistics
about the activity of usersin each category. The raw numbers used to
generatethis figure areshownin Supplementary Table 3. Importantly,
they demonstrate that the fraction of tweets in the fake and extremely
biased category (representing outlets that were most susceptible
to sharing disinformation) decreased from 10% to 6% for fake news
and from 13% to 6% for extreme bias right news. The fraction of users
who shared those tweets also decreased for extreme bias right news
(from 6 to 3%) but not for fake news (which remained at3%). However,
the total number of tweets and users increased over the same period
by 411 and 80%, respectively. In short, between 2016 and 2020, the
numbers of tweets and users grew at a rate in the range of 80 to 246%
forall categories, except the number of users who shared extreme bias
right news, which declined by 10%.

The fraction of tweets in the extreme bias left category was only
2% in 2016 and it dropped to a mere 0.05% in 2020. The number of
tweets in this category also dropped. The fraction of tweets in the
centre category also decreased, from 21 to 10%, but the number
oftweetsincreased dramatically, By contrast, the fraction of left-leaning
tweets increased from 24 to 45%, while the fraction of right-leaning
tweets increased from 3 to 6%.
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