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ABSTRACT
Breaking news represents an important avenue of information
about current events, including life-or-death information during
natural disasters, but it can also serve as a vector along which
misinformation can rapidly spread. In the present work we study
factors associated with the sharing of breaking news by young,
college-aged students. Using a unique combination of survey and
behavioral data, we identify traits associated with a propensity to
share breaking news on Twitter. We find that individuals who share
more breaking news report high levels of confidence in their ability
to differentiate real from fake news and to manage information
overload. However, breaking news sharing is not associated with
the reported use of traditional fact-checking strategies (e.g., finding
other sources for the same information) before sharing. Thus, our
data are consistent with the idea that breaking news sharers tend
to rely, at least in part, on confidence in their own understanding
of the news when determining what breaking news to share. We
contextualize these findings by studying patterns of general news
sharing and non-news sharing, as well as studying connections
between party affiliation and factors associated with the sharing of
content.
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•Networks→ Socialmedia networks;Online social networks;
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1 INTRODUCTION
Social media platforms and online sources account for an increas-
ingly large portion of news access and consumption, and young,
college-aged persons in particular are more likely to access news
online than through traditional news media pathways [12].

With social media platforms such as Twitter and Facebook, the
news served up to individuals through streams and feeds is deter-
mined by a combination of active individual choice— selection of
whom to follow or intentional network creation— and by algorithms
that draw upon a vast array of social signals that help determine
the relevance of content and rank it [34]. This means that the news
presented to individuals online, while often originating from main-
stream media outlets [13], may first filter through myriad paths of
intentional network creation and algorithmic curation. Individuals
who participate actively and share content widely within these
platforms may influence the processes and news outputs of such
“social algorithms” [18].

The gatekeeping function of traditional news media is there-
fore being partially supplanted and substantially complemented by
individuals and groups, who through their activity and influence
on social media can help to shape what users see and consume.
These shifts demand new theories, for instance network gatekeep-
ing theory, which attempt to account for these complex dynamics
emerging with respect to technology and media, as the dimensions
of information control in society change and evolve in ways that
prior exposure-related models cannot capture [1, 23].

Research in the network gatekeeping tradition can be seen as
a piece of a broader argument that understanding citizens’ media
exposure in the web era involves mapping a wide number of vari-
ables within a complex “curated flow” model. Exposure increasingly
comes from social contacts and individual media users [34]. Such
work emphasizes in particular the existence of a new generation of
highly active media users, operating as influencers and gatekeepers,
who are increasingly shaping media exposure and the public sphere
[2, 5]. These local opinion leaders can exert great influence over
what gets seen and heard by citizens, and as non-traditional actors
can influence information flows and framings around important
civic and political events [10].

The present work provides unique perspective on an important
subpopulation of these local, non-traditional gatekeepers and their
behavior around an important kind of news content. Specifically,
we consider who among young persons of college age in the United
States may serve as a kind of new gatekeeper for breaking news.
We ask:
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Who among young persons shares breaking news on
Twitter, why do they do it, and how does the sharing
of breaking news compare to the sharing of news in
general, and non-news content?

We study breaking news because a) it often involves consequen-
tial issues and events that impact human lives (as opposed to softer
news, feature or lifestyle news, or entertainment/sports coverage)
and may have implications for civic health and well-being; and b) it
typically involves rapid decision-making on the part of users about
whether or not to share, thus serving as a good test of information
literacy and judgment. Breaking news might generally be defined
as coverage of novel and unfolding “events involving top leaders,
major issues, or significant disruptions in the routines of daily life,
such as an earthquake or airline disaster” [26].

The consequences of misinformation being rapidly shared can
be substantial and, in certain cases, irreparable, damage. Sharing of
misinformation on social media has led, for example, to persons be-
ing wrongly suspected of criminal activity and even terrorism [25].
The phenomenon is also of increasing concern in diverse societies
where ethnic tensions are easily inflamed [31]. The research com-
munity continues to explore how misinformation around unfolding
crises, both natural and human-induced, should be addressed or
combatted [9].

Further, it should be said that our definition of “fake news” in
this paper follows [13] and [19] wherein “fakeness” is attributed
at the level of the publisher, not the story. Fake news outlets have
the “trappings of legitimately produced news” but lack the ethical-
editorial norms that characterize traditional journalism institutions,
such as fairness, objectivity, and independence from external influ-
ence in exercising news judgments. Of course, stories that could
qualify as fake news may fall into different analytical categories,
such as misinformation or propaganda. Researchers have tended to
note these distinctions even as they study the general phenomenon
[13].

We choose to study young persons because they access more
news on social media, including breaking news, than older co-
horts [12], and thus serve as a potentially important subset of
non-traditional gatekeepers. Finally, we focus on social media, and
Twitter specifically, as it is the place where many young people
first receive breaking news [33]. The research literature on news
literacy levels continues to grow, and recent work has called into
question whether older news consumers are more news literate
than younger consumers [11, 13, 15]. How exactly to measure news
literacy among younger consumers continues to be debated, as
different curricular models are explored in high school and under-
graduate education [21, 22].

Understanding the dynamics of information sharing and its
causes requires granular data both on user behavioral patterns
and motivations. To address this, we draw on a unique research
design that allows access, through survey data, to the self-reported
factors and motivations of young users on their news sharing be-
havior (N=3,194). For a subset of these users (N=789), we also have
access through the Twitter API to their actual, observable behavior
online. The young persons we study are mostly ages 18-24 making
them part of the late Millennial and Generation Z (GenZ) cohorts
(born in mostly in the mid-1980s and after). They are drawn from

a diverse set of colleges and universities across the United States.
We examine nearly 1.5 million tweets shared by these individuals,
focusing on the roughly 110,000 posts in which links were shared.

To address our research question, we first perform a factor analy-
sis on all survey respondents to identify latent factors that might be
related to the sharing of breaking news. For individuals for whom
we have Twitter data, we then run a negative binomial regression to
find associations between latent factors and the sharing of breaking
news. To contextualize our findings for breaking news sharing, we
also run similar regressions for news sharing in general, as well
as non-news sharing. As described below, we use a combination
of manual and automated methods to classify breaking news and
news in general.

Our main findings are three-fold:

• Students who claim to find it easier to differentiate real from
fake news, and who say they do not feel particularly over-
whelmed despite the current, high-velocity news environ-
ment, share more breaking news and news in general. How-
ever, there is no association between sharing (breaking) news
and using active techniques to evaluate information verac-
ity (e.g., evaluating the source of content). Students who
share more (breaking) news believe they can differentiate
real news from fake news, but do not necessarily claim to
take active means to differentiate the two.
• Students who share more news in general, however, do seem
to be more conscious of the source of content and generally
trust news media more. Even so, these same individuals are
not more likely to share breaking news (or to share non-
news content). Students who share more non-news content
appear to be less concerned about news validity.
• While party affiliation is not a significant predictor of sharing
of any kind, the latent factors we identify are distinct across
party lines. We therefore find that a students’ stated party
affiliation is associated with particular latent factors that, in
turn, predict sharing behavior.

Given these findings, we discuss the implications for how we
might understand the evolving nature of younger active sharers,
who may operate as gatekeepers and influencers, and how their
practices may help curate the news seen by others in their networks.

2 RELATEDWORKS
On social media, certain persons are frequently more likely to be
active and to broadcast items, making them potentially influential
with peers, particularly with respect to how these peers perceive
and trust news [35]. Considerable literature exists studying both
the motivations behind this sharing behavior, as well as the content
of those shares [17, 20, 32]. In a recent review article, Kümpel et al.
[17] identified a variety of factors in the literature that have been
associated with news sharing behavior, including higher levels of
popularity and activity, and people who also share more in general.
Our study aims to complement the existing body of work on sharing
behaviors of news content by focusing on 1) differentiating highly
active sharers from their peers, 2) young persons of college age and
3) a particularly consequential category of information: breaking
news.
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Breaking news is important because it may relevant to matters
of health and safety, and salient issues of public concern. We focus
in particular on Twitter, which has proven a compelling platform
for breaking news [27], and has, as mentioned, become a central
source of breaking news for young persons [33]. This preference
for breaking news on Twitter is due in part to the rapid speed at
which information can spread on the platform. The rapid spread
of breaking news can be both a boon and a curse. With respect to
the former, the rapid spread of breaking news on Twitter during
environmental disasters was a critical source of information for
those on the ground [30]. With respect to the latter, the very nature
of breaking news means that the whole story is not often known,
and thus breaking news has been implicated in rumor cascades and
the propagation of misinformation [37].

Consequently, the study of breaking news overlaps with the
study of why people share, but also with research on the sharing
of misinformation on Twitter [13], as well as how perceptions
of credibility on Twitter impact sharing behavior [24, 29]. This
work has found that factors like education, age, and partisanship
can impact perceptions and/or sharing of low credibility content.
We complement these efforts by looking at breaking news more
generally, and by combining survey and behavioral data to do so.

There have been several other recent efforts to combine survey
data with social media data (for a recent, if somewhat selective,
review of such work, see [14]). Particularly relevant to our research
is the work of Wells and Thorson [36], who combine survey and
behavioral data to explore exposure to political shares on Facebook.
Additionally, Guess et al. [14] find that survey and behavioral data
on sharing are correlated, but that survey data typically underesti-
mates sharing behavior for highly active individuals. Such research
underscores the benefit of our methodological approach of com-
bining survey data to understand motivations with behavioral data
that more accurately represents user activity than self-reported
responses.

3 DATA AND METHODS
In this section, we first give a high-level overview of the survey
and Twitter data used to answer our research questions. We then
provide more detail on how we identify breaking news shares,
general news shares, and non-news shares on Twitter and how we
identified latent factors of respondents from the survey data.

3.1 Overview of Survey and Twitter Data
Survey data used here were originally collected by Project Informa-
tion Literacy1, a non-profit research group that involves academics
from various universities focused on understanding information
seeking and sharing behaviors of today’s youth. The survey, which
the authors of this paper were involved in constructing, focuses
broadly on understanding how students engaged with the news,
and was carried out in mid 2018. Full details on the survey, in par-
ticular details on the sampling methodology and resulting sample,
are available at https://www.projectinfolit.org/news_study.html.

The survey included twenty questions, spanning from demo-
graphics to questions about news sharing behaviors. Many of these
questions had several subparts. One of the questions asked was “If
1https://www.projectinfolit.org/

you are a Twitter user, will you share your Twitter username/handle
with us?” It was made clear that students could opt out of answering
this question, and that their data would be used to study behav-
ioral patterns associated with news sharing and consumption. The
survey, as well as these additional analyses on Twitter data, were
approved by the Institutional Review Board at Wellesley College.

In total, the survey was completed by 5,844 college students
from 11 different universities, colleges and community colleges
around the United States and represent, to our knowledge, the
largest study of student engagement with news to date. Of these
5,844 respondents, 3,194 provided complete answers to the survey
questions studied in the present work, and 890 students responded
to the Twitter handle question. Of these responses, 851 could then
be linked to a Twitter account. Of these 851, we were able to collect
data for 789 of these accounts; the other 61 were protected at all
three collection periods. This final set of 789 non-protected accounts
represents 13.5% of all students, and 30.4% of respondents who said
they used Twitter.

We performed data collection for these Twitter accounts at three
different points: April, May and October of 2018. During each col-
lection period, we collected up to their last 3,200 tweets. For the
purposes of the present work, we aggregated all data across these
three collection periods. We then extracted any tweets containing
URLs to websites outside of Twitter, expanding all links in the pro-
cess. We collected 1,484 tweets from the median college student. In
total, we collected 1,425,819 tweets, from which we extract a total
of 109,254 URL shares.

3.2 Identifying Breaking News, General News,
and Non-News Tweets

We took a high-precision approach to identifying breaking news
shares on Twitter, relying on a combination of relatively strict
keyword filtering, followed by manual labeling. From all tweets
described above, we first selected any tweet where the text of the
tweet contained the word “breaking”, “developing”, “trending”, or
“exclusive”. This resulted in a set of 1,508 tweets, around 1.4% of all
tweets containing links to external URLs. For each unique combi-
nation of tweet text and linked URL (n=1161, with a subset of these
being shared multiple times), one of the authors, an expert on the
study of breaking news, manually determined whether or not it
was a share of breaking news or not. Of all the tweets containing
these keywords, 89.8% of them (1,043) were determined to be shares
of breaking news.

To identify all shares as either “news” or “not news”, we first
expanded URLs and domain names from potential link shorteners,
and then classified the domain name for each URL as either “news
domains”, or “not news domains”. To perform this classification,
we relied on both manual and automated methods.

We first collected two lists of manually constructed labelings of
news websites, one from [13] and the other from [40]. Grinberg
et al. [13] provide a list of 1,253 news websites and 298 non-news
websites that represented approximately 80% of all exposures to
any form of content in their data. The list from [40] is a set of
7,845 news websites and is an aggregation of several hand-labeled
datasets of local news websites available on the web. In addition
to the use of these lists of domains, we also manually labeled the

https://www.projectinfolit.org/news_study.html
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top 250 websites in our dataset (according to the number of unique
URLs shared) as either “news” or “not news” domains. Using this
combination of manually constructed lists from other sources and
our own manually constructed list, we are able to classify 73% of
all shares in our dataset as either “news” or “not news”.

In order to better study the tail of the sharing distribution it was
necessary to develop automated methods as well. We developed
a deterministic2 classifier by querying the Google News search
index. We leveraged Google News because it represents a global
independent standard for inclusion and exclusion of news, and it is
a widely used aggregator of media content that combines human
selection (outlets often have to apply for inclusion) and algorithmic
curation.3

For each domain in our dataset that is shared more than once and
was not alreadymanually labeled (n=15,296), we performed a search
on Google News with that domain name as the search term. We
then recorded if any of the search results returned are a link to that
domain.4 If so, we classified the site as being a news domain, since
it is indexed by Google News, otherwise, we assume the link is to a
non-news website. We evaluated this approach by subsampling a
random set of 275 websites from our data and manually classifying
them as “news” or “not news”. The classifier had an accuracy of
77.6%, acceptable for use in our labeling task. Using the Google
News classifier, we were able to increase to 94% the number of
shares in our dataset annotated as news or not news.

3.3 Identifying Latent Factors
Because our survey data was not constructed with an a priori ex-
pectation about factors indicative of breaking news sharing, we
identify such factors using an exploratory method. To do so, we
first identified within the survey a set of 28 questions that were
potentially relevant to factors related to breaking news sharing. We
then estimated an exploratory multiple item response theory model
(MIRT) to identify latent factors (or factors) that drove patterns in
responses, and how much each survey respondent was associated
with each of those factors.

We describe here five sets of questions we used at a high level,
the full set of questions that factor into our analyses are presented in
Figure 1. The first set was a collection of 11 questions that attempted
to establish why students shared breaking news specifically. Re-
spondents were asked: “When you’re deciding to share ‘breaking
news’–a special news event that is currently developing–on social
media how do you evaluate the quality of the information that
you share, if you do at all?” Respondents were then prompted with
statements like: “Compare and fact check the news item using a
different source,” and asked on a five-point Likert scale from “Al-
most Always” to “Never” how often they used this behavior to
evaluate information quality. Students could also answer: “I don’t
share breaking news at all,” a point we address below.

The second set was a collection of eight questions that addressed
at why students shared news in general. Students were asked,
“Why do you share news items, if at all, on the social media sites

2In the sense that we do not train its parameters, although there is likely some stochas-
ticity to the Google News search results
3See https://support.google.com/news/publisher-center/answer/7526416?hl=en.
4Note that while this approach worked in April of 2018, Google has since changed
their site to use internal links, making this approach significantly more difficult.

that you use?”, and then prompted to describe how strongly they
agreed or disagreed with statements like: “Sharing news lets my
friends/followers know about something I think they should know.”
Responses were on a five-point Likert scale from “Strongly Agree”
to “Strongly Disagree”, where students could also answer “I don’t
share or retweet news items at all.”

The third, fourth, and fifth sets related to information veracity
and fake news, underscoring the relationship between breaking
news and misinformation noted above. The third set was a collec-
tion of six questions that attempted to determine students’ per-
spectives on the factual nature of news. Students were prompted
with statements like: “From my perspective, I do not trust the news,
no matter what the source is.” They were then asked to agree or
disagree on the same five point Likert scale described above. The
fourth set was a pair of questions that, as part of a broader ques-
tion on what constitutes news, asked students to agree or disagree
with the following two statements: “It’s difficult to tell real news
from fake news”, and “The sheer amount of news on any given day
is overwhelming.” The final set was a single question that asked
students to rate themselves on a five-point Likert scale ranging
from “Very confident” to “Not confident at all” on the following
question: “‘Fake news’ is a term we hear and see a lot these days.
How confident do you feel with recognizing fake news?”

Oncewe identified the questions of interest, we used the nFactors
package in R [28] to compare various heuristics for determining the
number of factors to extract from the data. Using the Eigenvalues,
Parallel Analysis, and Optimal Coordinates approaches, we settled
on the extraction of seven latent factors from the responses to these
questions. Because we expected there would be multiple factors
to analyze, and because the data was represented via Likert scales,
we then estimated a MIRT model using the mirt package in R [6].
This model provided us with a set of seven latent factors that best
explain the variance in responses to the survey questions.

In the MIRT model each question “loads onto” (is associated
with) zero or more factors or factors. Responses to those questions
then determine the respondent’s level for each of the factors. The
set of latent factors is therefore essentially a smaller dimensional
representation of the data; these dimensions describe a common
set of factors that can be said to have driven responses to the
survey data. The MIRT model we use is therefore a latent variable
model that attempts to identify k (here, k = 7) latent continuous
factors that can be used to maximally explain the variation in a set
of ordinal responses. In comparison to similar approaches using
matrix decomposition (e.g., with SVD) or Bayesian admixtures (e.g.,
latent Dirichlet allocation), the MIRT model is useful in that it can
easily handle both missing data and ordinal data.

Because the model cannot be solved exactly, estimation was per-
formed using a Monte-Carlo Expectation Maximization algorithm,
as suggested by the package developers. The estimation procedure
was run for 500 iterations, after which we extracted factors using
an Oblimin rotation, ignoring loadings smaller than .25 on each
dimension.

One final note regarding the questions “I don’t share breaking
news at all” and “I don’t share or retweet news items at all”. These
accounted for approximately one third of our data for each question
type. First, we required that these responses be consistent across
entire question subsets (i.e. students answered either “I don’t share

https://support.google.com/news/publisher-center/answer/7526416?hl=en
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breaking news at all” for each question or gave a Likert response
for every question in the first set of questions). Second, because
the MIRT model does not require non-missingness (it calculates
likelihood estimates only over non-missing values), we treated
cases where respondents gave these answers as missing in the
MIRT model. Finally, we include. as a variable in the regressions
described below, indicators for whether or not students provided
these two responses.

3.4 Associating Latent Factors with Sharing
Patterns on Twitter

We carry out three separate regression models to better understand
patterns in sharing on Twitter and to contextualize those results
with patterns for news sharing in general, and the sharing of all
other non-news content. Values for these dependent variables were
computed by aggregating the number of breaking news, news, and
not-news shares for each individual to get a count for each user
over all of their tweets.

The primary independent variables we study are the seven latent
factors identified for each individual in the survey data. We also
include control variables for gender and political party, as well as
three different measures of activity. Political party is coded as a
categorical variable with five levels: very conservative, conservative,
moderate, liberal, and very liberal. We control for two measures
of self-reported activity by creating indicators variable showing
whether or not the student stated: “I don’t share breaking news at
all” or “I don’t share or retweet news items at all” on the surveys,
respectively. We also control for a behavioral measure of general
activity online, including as a factor the logarithm of the number
of statuses we collected for the individual (plus a constant of one
to avoid undefined values). All independent variables are centered
and scaled by one standard deviation.

Since the dependent variables are count-distributed, we use a
negative binomial regression model. Further, given the exploratory
nature of our work, rather than assuming the full model to be the
single best model, we instead estimate the power-set of all potential
models using the glmulti package in R and provide coefficient
estimates averaged over these models. Doing so provides greater
certainty on our estimates across a range of potential modeling
decisions [4].

4 RESULTS
Wefirst present results for our exploratory factor analysis generated
by our MIRT model, which exposed seven latent factors that helped
to explain responses to the survey questions detailed above.We then
provide results for our regression analyses. These results motivated
a final analysis that connects the latent factors we observe with
partisan affiliation.

4.1 Analysis of Latent Factors
Figure 1 presents the seven latent factors that we identified from
our MIRT model, and suggests several different ways in which
responses to the survey questions are structured. Before continu-
ing, we describe how to interpret these results by rough analogy
to a model computational social scientists are likely to be more
familiar with - latent Dirichlet allocation (LDA; [3]). Like LDA,

our MIRT model decomposes the question responses into a set of
latent factors (“topics” in LDA) onto which one or more questions
(words, in LDA) are “loaded” (in LDA, that have a high probabilis-
tic association with a topic). We can then use these latent factors,
in combination with survey responses, to characterize individuals
with a low-dimensional representation. This is analogous to LDA
where we use topic distributions of documents as a representation
of the content of that document.

In light of this explanation, Factor 1 represents students who
find news overwhelming and who do not have confidence that
they can differentiate real from fake news. Students who load high
on Factor 1 are therefore considered apprehensive news sharers.
Students who load high on Factor 2 can be said to have high trust
in traditional media; meaning that they tend to trust news provided
that it comes from particular sources, believe journalists have good
intentions, and look for news from sources they trust. Factor 3 also
represents trust, but in a different way. Students who load high on
Factor 3 place less trust in specific media organizations (they do not
find source to be a credibility indicator) but trust the news media
writ large, especially with respect to particular journalists.

Students who loaded high on Factor 4 seemed to use both high
and low quality indicators of source credibility. These individuals
can be characterized as cautious in a different way than Factor 1;
rather than being generally skeptical of their ability to identify real
from fake news, and feeling overwhelmed, these individuals took
clear steps to try to identify such differences. Students loading high
on Factor 4 therefore actively worked to address potential issues
with news content.

Students loading high on Factor 5 also spend time attempting
to evaluate source credibility, but tend to do so with more social
signals - evaluating hashtags, numbers of shares, and looking at
the comments. Finally, students loading high on Factors 6 and 7
have different reasons for sharing. Students loading high on Factor
6 seem to dislike the idea of sharing in general, whereas students
loading high on Factor 7 seem to be opposed only to their idea that
their sharing online was an act intended to change the views of
their peers or to give them a broader voice.

In sum, our MIRT model exposed latent factors identifying vari-
ous ways in which students were cautious (or not) in evaluating
news content before sharing, as well as different reasons they chose
to share online. We now contextualize these factors by showing
how they relate to real-world sharing behaviors of breaking news,
news in general, and non-news content.

4.2 Connecting Latent Factors to Sharing
Patterns

Figure 2 shows that even when controlling for gender, party, and
various measures of self-reported and actual activity, the latent fac-
tors identified in our MIRT model help to explain sharing behavior
on Twitter. The figure provides coefficient estimates with 95% confi-
dence intervals of Incident Rate Ratios (IRR), i.e., the multiplicative
change in the number of shares due to a one standard deviation
increase in the variable. Results are shown for each of our three
different dependent variables: breaking news (black), news sharing
in general (orange), and non-news sharing (purple).
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Factor 7

Factor 5 Factor 6

Factor 3 Factor 4

Factor 1 Factor 2

−0.5 0.0 0.5 1.0

−0.5 0.0 0.5 1.0

The sheer amount of news on
any given day is overwhelming.

Without knowing the source of
the news I can't trust news.

Journalists make mistakes but generally
try to get their news stories right.

I trust [traditional news
sources more than social media].

Without knowing the source of
the news I can't trust news.

Read the comments, if
there are any, about the news post

Check to see who posted
or tweeted news item

Read or view the entire news story
from start to end and then decide

Check how current information is

Check the URL to see
where the source originated

Compare and fact check
the news item using a different source

Sharing news is a way
to entertain myself.

Sharing news is a way
to entertain my friends/followers.

Sharing news gives me a break
from what I'm currently doing.

Sharing news lets me provoke
responses from others.

How confident do you feel with
recognizing fake news?

The sheer amount of news on
any given day is overwhelming.

It's difficult to tell real
news from fake news.

Fake news has made me
distrust the credibility of any news.

I do not trust the news,
no matter what the source is.

Journalists deliberately
insert their own bias into news stories.

Without knowing the source of
the news I can't trust news.

Journalists make mistakes but generally
try to get their news stories right.

Check to see who posted
or tweeted news item

Read the comments, if
there are any, about the news post

Check to see what the
hashtag (#) is, if there is one

See how many times the
news items was shared/retweeted

See how many times
the news item was 'liked'

Sharing news gives me an opportunity to help
change the views of my friends/followers.

Sharing news gives me a way to have a
voice about a larger cause in the world.

Sharing news lets my followers know
about something I think they should know.

Sharing news helps
me define my online presence.

Figure 1: Results from the Multiple Item Response Theory Model. Each of the seven subplots shows a different latent factor
identified by the model. For each factor, we show the questions that load most heavily onto it, as well as if that loading was
positive (blue bar) or negative (red bar). For example, individuals who strongly agreed with the questions “It’s difficult to tell
real news from fake news” and “The sheer amount of news on ...”, and who felt extremely unconfident recognizing fake news
would have a strong positive association with Factor 1.
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Figure 2: Results for our negative binomial regression mod-
els on the sharing of breaking news (black), all news (or-
ange), and non-news (purple) shares. Results are given as
95% confidence intervals of Incident Rate Ratios (y-axis) for
variables in the model (x-axis). The grey bar at 1 indicates
no change from the variable. Not shown are coefficients for
the two survey-based activitymeasures, or for the party vari-
ables, in order to ease visual clarify. Results for these coeffi-
cients are discussed in the text.

With respect to the latent factors associated with sharing on
Twitter, Figure 2 shows that students who were unsure that they
could differentiate between real and fake news, and who felt over-
whelmed by the news, tended to share approximately 75% as much
breaking news or news in general. In other words, students who
weremore certain of their ability to differentiate real and fake news,
and who felt less overwhelmed, shared 25% more breaking news
and news in general than their peers.

However, there was no association between breaking news shar-
ing and Factor 4, which represented students who reported using a
variety of different strategies to assess the veracity of news content.
Consequently, it was students who believed they could differentiate
real versus fake news, but not necessarily those who actually en-
gaged in strategies to do so, who shared more breaking news. With
respect to news sharing in general, students who placed high levels
of trust in both the media writ large and in specific sources were
likely to share more. Thus, general news sharing was associated
with strong trust in traditional media and journalists and in oneself
to identify such sources. Importantly, these behaviors were distinct
from non-news sharing, which was significantly associated only
with the use of low-quality credibility assessments of news and
more individualistic reasons behind motivations for sharing.

With respect to control variables, men tend to share most across
all three forms of sharing. And, as expected, individuals who are
more active on Twitter tend to share more - a one standard de-
viation in the logged activity count was associated with almost
five times more sharing of any kind. However, after controlling for
this behavioral measure, self-reported measures of activity showed
almost no association with sharing behavior. The single exception
was that a small effect of stating: “I do not share or retweet news
items at all”, which was associated with a 40% drop in news shar-
ing (95% IRR CI [.40, .97]). Finally, the categorical party affiliation
variable is not a significant predictor of sharing behavior of any
kind.

4.3 Connecting Latent Factors to Partisanship
Given established differences in the literature on sharing patterns
across party lines, especially of misinformation [13, 14], we chose to
further explore how party might be associated with sharing behav-
ior through its relation to our latent factors. Figure 3 presents mean
loadings, with confidence intervals, for individuals self-identifying
with the five potential responses for party affiliations and their
mean loadings on each factor.

Figure 3 shows that individuals who were more extreme in their
party affiliations tended to load lower on Factor 1 - that is, they
tend to be more confident in their ability to manage information
overload and to differentiate real from fake news. While prior work
has shown that individuals who are more avid news consumers
also tend to be more politically active [7], other researchers find
using behavioral data that individuals on the extreme right shared
most fake news [13]. Given the lack of association between party
and Factor 5 — the factor associated with use of fact-checking
strategies— one hypothesis for future work that is consistent with
our data is that people on the political extremes believe themselves
to be knowledgeable news consumers, so much so that they do not
necessarily engage in fact-checking behaviors that may prevent the
spread of misinformed breaking news.

In addition, we find that Factors 2 and 3, which areassociated
with trust in the media, are also associated with a left-leaning
political affiliation. Consequently, an increase in traditional news
media sharing is associated with an increase in media trust, which
is in turn associated with a left-leaning political view. This finding
fits with critiques of a left-leaning skew of traditional news media
identified elsewhere [38].

In sum, party affiliation is not, controlling for other factors, signif-
icantly associated with sharing of breaking news, news in general,
or non-news content. However, it is associatedwith latent factors, or
traits, of individuals which do predict news sharing. These findings
suggest the importance of continuing work to better understand
the relationships between ideology and news sharing, particularly
in the context of misinformation [16]. For instance, if such relation-
ships exist at a cognitive level, or if the current political climate is
more at fault for current political asymmetries.

5 CONCLUSION
As themedia world growsmore complex, explaining how people are
exposed to news becomes more difficult [39]. Media content may be
increasingly personalized and tailored to individuals by their own
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Figure 3: Average loading for each factor (y-axis) for individ-
uals in the full survey dataset across party (x-axis). Each fac-
tor is a separate subplot, shown only are those factors that
have a significant association to one of the sharing counts
(breaking, news in general, or non-news). Confidence inter-
vals shown for each party affiliation/latent factor combina-
tion are 95% confidence intervals.

choices and those of algorithms. Knowing how and why individuals
play an active, mediating role in their online social environment is
a vital step toward building better models for understanding the
hybrid media ecosystem that characterizes 21st century societies
[34].

The current paper makes a contribution to this area of inquiry
by providing a rich, granular account of how and why members
of the Millennial and Generation Z cohorts share breaking news
content, and contextualizes the results with findings for news in
general and non-news content. We do this by leveraging survey
data and online observational data that are linked together for a
large group of individual young persons.

Importantly, this study is based on a non-probability sample of
young persons, and it is unclear how generalizable the findings may
be. However, significant effort was made during the data collection
phase to select a diverse group of colleges and universities across
the United States (in terms of size, geography, and competitive-
ness of admissions) from which to draw a sample. Additionally,
the survey data we rely on is self-reported, with all of the typical
limitations of such data. To address these limitations, we use behav-
ioral data to measure our dependent variable. Finally, we use some
automation and heuristics to identify both breaking news and news
in general, and an exploratory model of latent traits associated with
news sharing, any of which, if modified, could potentially lead to
different conclusions. However, the methods we use to identify
news are relatively straightforward, and our statistical approach is
well established in the survey literature.

Overall, we find that individuals’ self-reported level of confidence
in determining valid information from misinformation predicts
increased sharing of breaking news content. However, these same
individuals did not claim to engage in typical strategies for actually
checking the veracity of breaking news content. Consequently, we
find that individuals who believe themselves to be news “experts”
sharemore breaking news, potentially irrespective of the aptitude of
this self-identified expertise. Respondents who share more overall
news seem to be more conscious of the source of content and
generally trust news media more, but similarly did not necessarily
engage in fact-checking strategies.

While these findings can clearly be cast in a negative light, there
is also room for optimism. Specifically, there is reason to believe
that young people do, in fact, have the news literacy they claim to
[8], and it is simply expressed in ways that are not captured by the
behaviors asked about in this survey. Whether or not these young,
active sharers of breaking news are actually savvy news consumers
is a matter of future work.
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