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Abstract

As individuals consume an increasing amount of news on social media

it is important to understand the consumption habits of individuals on

this platform. This study examines the importance of ideological simi-

larity betwen a news source and an individual and the importance of the

reliability of a news source in users' consumption decisions in a social me-

dia environment. The �ndings suggest that, conditional on who a user

chooses to follow, on average users have no preference for ideologically

similar or dissimilar news, that users prefer less reliable and likely sen-

sational news, and when examined separately liberals prefer conservative

news while conservatives prefer neither conservative or liberal news. The

results are consistent with the idea �click-bait� works and that individuals

whose ideology is not dominant in government like to stay informed about

the �other side.�

1 Introduction

Individuals are consuming an increasing amount of news and information through
social media. According to a 2017 Pew Research Center Survey, 67% of US
adults consume news on social media and 20% do so often (Shearer and Got-
tfried 2017). Social media presents a platform in which users may be exposed to
a variety of news sources. These sources di�er in terms of their political ideology
and their accuracy. Because of opportunity costs and preferences, individuals
likely do not consume all news they come across. This article seeks to shed light
on what drives individuals' consumption decisions concerning news on social
media. In particular, the study will focus on preferences for ideology and for
accuracy in news.

Understanding the consumption habits for individuals on social media is
important for many reasons. As social media becomes a larger platform for news,
news organizations, advertisers, and social media companies all will be a�ected

∗This is a working paper. Please keep in mind that the study is being continually updated
as more data is collected.
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by the behaviors of social media users.1 Economic models of the market for news
are often built on assumptions about consumer preferences (see Mullainathan
and Shleifer 2005; Gentzkow and Shapiro 2006; Allcott and Shapiro 2017) and
will bene�t from a greater understanding of consumption decisions. The growing
concern over fake news on social media suggests the need to understand why
people choose to consume news.2 There is also the issue of political polarization.
Strong preferences for news that matches an individual's ideology could signal
a society in which individuals become increasingly polarized by only consuming
information similar to their own ideology. These issues, and perhaps more,
suggest the topic being studied warrants investigation.

This study examines the importance of ideological similarity between news
sources and individuals and the importance of the reliability of a news source
in users' consumption decisions in a social media environment. In particular I
ask: 1) Do consumers have a preference for news with a similar or opposing ide-
ological position to their own? 2) Do consumers have a preference for accurate
or inaccurate reporting? And 3) Do the preferences for ideological news di�er
for conservatives and liberals? I focus on active US Twitter users. The results
indicate, conditional on users' following decisions, individuals on average have
no preference for ideologically similar or dissimilar news, users have a preference
for less reliable news, and when looking at liberals and conservatives separately
liberals prefer conservative news to liberal news and conservatives have no pref-
erence for conservative or liberal news. The �ndings about users preference for
ideology contradict popular belief but are consistent with studies such as Boxell,
Gentzkow, and Shapiro (2017). Users' preference for less reliable news is likely
driven by sensationalim and supports the notion that �click-bait� works. Fi-
nally, the result that liberals prefer conservative news, while conservatives have
neither a preference for liberal or conservative news, is likely the result of the
timing of data collection. During a time when liberals can be thought of as
the minority party, they may consume conservative news, particularly on social
media, to be informed about the �other side� or perhaps to mock what they
view as an incorrect viewpoint.

This work is the �rst empirical study, to my knowledge, to examine the
e�ect of both ideological preference and reliability on news consumption de-
cisions in social media environment using data on individual ideology, news
ideology, and news reliability. There are several studies closely related to my
own. Boxell, Gentzkow, and Shapiro (2017) �nd political polarization in recent
years is largest in demographic groups least likely to use social media. Their
�ndings argue against the idea that the internet and social media are primary
drivers of polarization. Gentzkow and Shapiro (2011) �nd low levels of ideolog-

1From 2016 to 2017 there was a 15 percentage point increase in the number of Twitter
users that get news from the platform (Shearer and Gottfried 2017).

2Pew reports that nearly two-thirds of Americans believe that fake news is sowing confusion
concerning current events and issues (Barthel, Mitchell, and Holcomb 2016). The concern
over the impact of false reporting has even lead to Congressional hearings on the matter.
As reported by the Chicago Tribune on September 27, 2017, �...Twitter's representatives will
likely face questions about the spread of false news stories...� from US Congress members in
their investigation of Russian interfernce in the 2016 election (Jalonick et al 2017).
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ical segregation, the situation where conservatives consume conservative news
and liberals consume liberal news, in individuals' online consumption habits.
They develop a structural model estimating the e�ects of ideology and quality
on consumer utility to test their assumptions (Gentzkow and Shapiro 2011).
While similar, their are several di�erences between their work and this study.
First, while quality is related to my concept of reliability it is not identical. I
de�ne reliability to be the likelihood of factual reporting from a news source.
While factual reporting is a component of what Gentkow and Shapiro refer to
as quality, quality includes other features such as entertainment, timeliness, and
writing standards. Another di�erence in their work is quality is a parameter
to be estimated. In my work I use data on reliability and estimate the e�ect
of reliability on consumption decisions. This implies I do not assume a priori
reliability is a feature which gives consumers positive utility. In other words I
do not assume consumers view factual reporting as resulting in higher quality.

Another related study, An et al. (2014) looks at the sharing of news articles
on Facebook and Twitter. The study �nds that partisan sharing, the situation
where individuals share news similar to their own beliefs, exists on social media.
Finally, Allcott and Gentzkow (2017) look at fake news consumption on social
media and the likelihood of users to believe what they consume. They estimate
that the average US adult read and remembered about one fake article.

The remainder of the paper is organized as follows. In section 2 of the paper
I present a model of utility for news consumption on social media. Section
3 describes the data and sources. Section 4 introduces the empirical strategy.
Section 5 presents the �ndings and possible explanations for the results. Section
6 concludes.

2 A Utility Model of News Consumption on So-

cial Media

Consider a rational agent i active on social media with ideology b. At time t
news from source j with ideology a and reliability R enters the agent's news-
feed.3Agent i chooses whether or not to consume the news based on the following
utility function:

uijt = αi + β(ajt − bi)
2 + γRjt + εit (1)

where uijt is the utility derived from consuming news. I assume the utility from
not consuming news is normalized to zero. The agent will choose to consume
news if they receive any positive utility from doing so. αi is an individual
speci�c term that can be viewed as the utility or disutility from consuming
news or the preference for news. ajt is the ideology of source j producing the

3Note that the news that enters the newsfeed is not random. It depends on factors such as
who the agent chooses to follow. In the current draft of the paper, I assume that the decision
to follow someone and the decision to consume news are separate. As long as the agent does
not consume every piece of news sent by those they follow this assumption seems reasonable.
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news that enters agent i's newsfeed at time t. bi represent agent i 's ideology and
is constant. I de�ne ideology as a unidimensional measure of political preference
for both individuals and news outlets standardized to have a mean of zero.4 The
di�erence (ajt − bi)

2 captures how similar j 's ideology is to agent i 's ideology
and is quadratic to allow for larger di�erences in ideology to have a bigger e�ect
than small ones. β captures the preference for ideology Speci�cally, β captures
the preference for consuming news from a source with an ideology similar to an
agent's own ideology. If consumers receive some positive (negative) utility from
information similar to their own ideology β should be negative (positive). Rjt
is a measure of the reliability of news from source j that enters the newsfeed
at time t. I de�ne reliability as the likelihood that a news source produces an
accurate report of events. Rjt takes on a value of 1, 2, or 3 with 1 representing
the lowest level of reliability (higher likelihood of reporting a false report) and
3 representing the highest level of reliability (lower likelihood of reporting a
false report). Reliability is distinguishable from truth because even if a source
consistently seeks to report true information mistakes can be made. γ represents
the preference for reliability. γ will be positive if consumers receive positive
utility from reliability and negative if they receive negative utility. Finally, εit is
idosyncratic utility. Note t does not index a speci�c time but rather the order
news enters the newsfeed.

It is assumed agent i has full knowledge of their preferences and the values of
ajt, bi, Rjt at time t. Agent i uses this information at time t to decide whether
to consume news from source j or not. I make no assumption about ideology
being a negative quality. Instead ideology is simply a characteristic of the news.
News can be presented which is both ideological and reliable.

3 Data

Twitter5 is a social media platform with 100 million active daily users and 500
million tweets sent per day in 2017 (Aslam 2017). 74% of Twitter users and 11%
of the US adult population get some news from the site (Shearer and Gottfried
2017). While Twitter is not the primary source of news for most US adults, it
is an increasingly important part of the news market and an important market
to study.

3.1 Twitter Sample

The �rst step in collecting the data for estimation is constructing a sample of
active US Twitter users. I do this using Twitter's Streaming API.6 I collect a
sample of active Twitter users over the period from June 20 to June 22, 2017.7

4My de�nition of ideology is the same as that in Barberá et al. (2015).
5https://twitter.com/
6https://developer.twitter.com/en/docs
7To primarily collect US users I open a connection to Twitter's Streaming API from 11

a.m. to 3 p.m. Central Time each day. This gives a random sample of roughly 1% of all public
tweets. The speci�ed time period coincides with noon to 1 p.m. for each of the four time
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After collecting the sample of tweets I drop �deleted� tweets and apply a
�lter suggested by Barberá et al. (2015) which acts as a simple location and
activity �lter.8 Next, I remove all users listed as �veri�ed� to ensure that I am
not including news, political, or journalistic accounts which are not part of the
population of interest.9 From the tweets I am able to collect a sample of 530,415
unique users. Because of Twitter API services rate limits, this sample is far too
large to gather data about in a reasonable time frame. From this larger sample
I randomly draw 1,500 users.

3.2 User Timelines, News Sources, and Consumption

To estimate the parameters of my model, it is necessary to observe both potential
and actual consumption for each user. The Twitter API service does not allow
a user's home timeline (the tweets that appear directly on their newsfeed) to be
directly observed. However, I can use the data avaiable to construct a partial
approximation of a user's home timeline. Between September 22 and 23, 2017 I
gather a list of the accounts each user in my sample follows.10 Accounts which
have been suspended, become private, or have been deleted during the time
between data collections are dropped leaving me with 1,412 users. A user's
timeline is made up of content such as tweets and retweets issued by those they
follow. API rate limiting makes it unreasonable to collect tweets from every
account a user follows.11 I draw 80 accounts from a weighted random sample,
where accounts are weighted by the total number of tweets sent since activated.
This has the e�ect of drawing 80 accounts at random with a sampling method
which approximates the likelihood that account has tweets which show up in the
user's newsfeed.12 I collect the last 200 tweets from the users in my sample and
the random sample of accounts they follow.13 Some users or accounts may have

zones in the continental US. This is the peak time for Twitter activity in each time zone (Lee
2016). A potential problem is that the time period when the sample is collected di�ers across
time zones possibly biasing the sample. I expect that bias is minimized since the majority of
tweets collected should come from users in the most active time zone at any given hour.

8The �lter drops all users who do not identify English as their language, who have tweeted
less than 100 times, who follow less than 100 accounts, and who are followed by less than
25 accounts. This �lter is used because while some accounts have location data it is not
consistent or reliable.

9According to Twitter's �About veri�ed accounts� page, https://support.twitter.com/
articles/119135, all veri�ed accounts are determined by Twitter. Accounts that are veri-
�ed are of �public interest.� This includes accounts such as media outlets, journalists, and
politicians.

10I collect this data from Twitter's Rest API.
11Users in the sample follow up to 70,955 accounts.
12A few users follow less than 80 accounts. While the �lter applied when collecting the

sample implies that this should not be possible there are some rational explanations for why
this may happen. Two prime examples are users may choose to unfollow certain accounts
and that some accounts may be deleted or suspended decreasing the total number of accounts
users follow.

13I collect 200 tweets because that is the maximum number of tweets Twitter allows to
be collected in a request. These 200 tweets include all tweets, retweets, quote tweets, and
replies that have not been deleted by the user. Deleted tweets count as part of the 200 tweets
collected in the request.
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less than 200 tweets if the user deleted any tweets or if the user has not sent
200 tweets since active. This does not give me a perfect recreation of a user's
timeline. In particular, it does not include content �favorited� by accounts the
user follows which also appear in the newsfeed. Data on favorites is not collected
because this would double the already lengthy data gathering process. However,
the estimation procedure does not require that I observe a user's entire timeline
for the estimates to be valid. The tweets were collected between October 6 and
October 15, 2017.14

To construct a set of news sources, I take the list of news sites used to
estimate the structural model in Gentzkow and Shapiro (2011). I remove any
sources for which there is no veri�ed Twitter account. For those sources left
I augment the collection of news sources by adding accounts to some of the
outlets that have multiple Twitter accounts. For example, I include the FoxNews
and foxnewspolitics accounts. Finally, any news source that does not have an
estimate for ideology and data on reliability, discussed in sections 3.4 and 3.5
respectively, is dropped leaving me with 44 Twitter news accounts. My �nal list
of news sources, along with their reliability, ideology, and number of followers
is given in Table 1.

3.3 Consumption

It is di�cult to directly observe what news users consume. However, I am able to
use the given data to create a proxy for consumption and potential consumption.
I consider the following to be consumption:

1. A retweet of a news source.

2. A quote tweet of a news source.

3. A retweet of a quote tweet of a news source.

4. A reply to a news source.

5. A retweet of a reply to a news source.

6. A quote tweet of a reply to a news source.

7. A retweet of a quote tweet of a reply to a news source.

8. A quote tweet of a quote tweet of a news source.

9. A retweet of a quote tweet of a quote tweet of a news source.

Retweets, and other similar actions on Twitter, are signals of engagement with a
tweet. This proxy for consumption is used because it captures user engagement
with information from a particualr news source.

14This time period between data collection can be thought of as a spam �lter. Twitter
accounts that are active over long periods are unlikely to be spam bots (Barberá et al. 2015).
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Table 1: News Sources, Reliability, Ideology, and Number of Followers

News Screen Name Reliability News Ideology Number of Followers

BBCBreaking 3 -0.597 35,783,935
BBCWorld 3 -0.665 21,770,024
AP 3 -0.496 11,918,692
Reuters 3 -0.453 18,997,496
ABC 2 -0.539 12,700,127
ACLU 2 -1.163 1,370,238
CBSNews 2 -0.552 6,222,985
CNBC 2 -0.359 2,805,167
TheEconomist 2 -0.480 22,332,756
FT 2 -0.351 3,080,424
Hu�Post 2 -0.855 11,063,717
Hu�PostPol 2 -0.944 1,427,540
latimes 2 -0.736 3,102,687
NRO 2 1.169 268,489
Newsweek 2 -0.707 3,378,380
NewYorker 2 -0.920 8,234,080
NPR 2 -1.196 7,308,087
nprpolitics 2 -0.918 2,920,439
nytimes 2 -0.775 40,111,847
NewsHour 2 -0.867 980,212
politico 2 -0.409 3,469,443
RollingStone 2 -1.026 6,347,223
Salon 2 -1.171 1,004,164
Slate 2 -0.976 1,782,992
TheAtlantic 2 -0.949 1,616,260
thenation 2 -1.197 1,249,327
TIME 2 -0.719 14,893,391
TODAYshow 2 -0.654 4,270,186
townhallcom 2 1.424 109,929
USATODAY 2 -0.439 3,507,965
washingtonpost 2 -0.566 11,501,983
WSJ 2 -0.066 15,098,991
AlterNet 1 -1.472 138,528
BreitbartNews 1 1.471 865,718
CNN 1 -0.612 38,369,482
cnnbrk 1 -0.576 53,404,452
dailykos 1 -1.360 269,593
FoxNews 1 0.760 16,373,717
foxnewspolitics 1 1.122 1,886,457
Heritage 1 1.166 620,985
MoveOn 1 -1.541 277,326
MSNBC 1 -1.087 1,918,949
newsbusters 1 1.371 170,163
thinkprogress 1 -1.352 848,370

Number of Followers as of Nov. 10, 2017
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Using the tweets gathered, I am able to identify consumption and all poten-
tial consumption, by which I mean all news considered for consumption.15

Potential consumption may come directly from a news source or indirectly
through another account.16 This allows the user to potentially be exposed to a
more diverse set of news.17I am left with a sample of 331 users who potentially
consume information from a news source in Table 1.

Note my de�nition of consumption does not consider consumption to be
clicking on an article. It is constructed this way because information can often
be consumed from the content of a tweet. Figure 1 gives an example. Objective
breaking news headlines are another good example of tweets that can be con-
sumed without clicking on a link. Capturing this type of consumption is one
advantage of my proxy over using link clicks. Another advantage of my de�ni-
tion of consumption is that data is available.18 The de�nition of consumption
used for this article is certainly reasonable if it is assumed that consumption
requires a certain level of engagement with the content.

3.4 Reliability

What is true is often di�cult to determine. As mentioned above, I de�ne reli-
ability as the likelihood of factual reporting from a news source. My de�nition
of factual reporting is the production of an accurate report of events. However,
it is perhaps better to think about what is not factual reporting. I consider
non-factual reporting to be the case of reporting events which are veri�ably
false, not cases where groups with di�erent points of view may disagree about
the accuracy of the information.

The data on news reliability comes from MediaBias/FactCheck.com.19 This
source has several advantages. First, it gives each news source a Factual Re-
porting score. These scores are partially assigned based on research into how
many fact checks a source has failed. In particular, the site references PolitiFact
and Snopes frequently in the assessments of Factual Reporting. Both PolitiFact
and Snopes have been used in academic research on fake news (see Allcott and
Gentzkow 2017).20 The Factual Reporting score places the news source in one
of 5 bins (Very Low, Low, Mixed, High, and Very High). The higher the factual

15Favorites are not considered consumption because they require the least amount of input
from the user out of all actions that Twitter permits a user to make. Favorites are, therefore,
much less likely to signal any signi�cant engagement with the content of the tweet.

16For example, a followed friend from work who retweets Fox News.
17This is justi�ed based on the work of An et al. (2011) who �nd that indirect media expo-

sure, exposure to news that does not come directly from the source, increases the ideological
diversity of news users are exposed to by a signi�cant margin.

18I do not have information on who clicks what link.
19https://mediabiasfactcheck.com/
20MediaBias/FactCheck.com has also begun to be suggested as a reference to help as-

sess the reliability or bias of a news source by academic institutions' libraries. Some ex-
amples include the University of Minnesota Library (https://www.lib.umn.edu/libdata/
page.phtml?page_id=5401), the University of Pittsburg Library (http://pitt.libguides.
com/newspapers/bias), and the University of Washington Library (http://guides.lib.uw.
edu/research/evaluate/fakenews).
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Figure 1: Consumption without Click: CNN

From @CNN Twitter account
The embedded video gives all the information supplied in the link.
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reporting the more likely the source is to not have failed many fact checks. All
the news sources in my list have a score of mixed or higher and are coded on
a scale of one to three with one being mixed and three being very high. The
exclusion of Low and Very Low news sources is the result of having no estimates
from Barberá et al. (2015) for their ideology. The reliability score is assigned
based on a news account's parent organization.21

3.5 User and News Ideology

User and news ideology are not observed directly. My data on ideology is derived
from Barberá's work developing a method to estimate the ideology of users and
political �elites� on Twitter (See Barberá 2015; Barberá et al. 2015). Elites are
accounts such as political actors, news organizations, and think tanks for which
ideology is a key component of a user's decision about whether to follow that
account. Barberá (2015) and Barberá et al. (2015) develop two versions of an
ideal points model that estimate ideology, a unidimensional variable, for both
users and elites in a multi-step process. The key identifying assumption for
both models are users prefer to follow accounts, particularly political and news
accounts, which are similar to their own ideology and thus following decisions
are informative about user and elite ideology. I choose to use estimates from
the model in Barberá et al. (2015). The advantage of this version of the model
is that an additional stage is added that expands the number of elites and
allows for the estimation of ideology for a larger number of users (Barberá et
al. 2015). The authors model the probability that a user decides to follow an
elite account as function of the euclidean distance between the elite's and user's
ideology, the popularity of the elite account, and the political interest of the
user.22 The greater the distance between the ideology of a user and an elite
the less likely the user is to follow the elite. Given that the decision to follow
an elite account is binary, the authors assume that the error term is logistically
distributed. Using correspondence analysis, which is similar to a log-linear latent
space model, Barberá et al (2015) are able to estimate the parameters of their
model of following behavior. These parameters allow them to obtain estimates
of the ideology of users and elites. This is done in three stages. The �rst stage

21To further validate MediaBias/FactCheck.com I test the correlation between the overall
percentage �Pants on Fire� scores for �ve major channels on PunditFact (sister site to Poli-
tiFact) and my 1 to 3 score based on MediaBias/FactCheck.com. The 5 sources for which
PunditFact scores a signi�cant amount of statements are ABC, CBS, NBC/MSNBC, CNN,
and Fox. For the NBC/MSNBC score from MediaBias/FactCheck.com I user the average of
the two scores. The Pearson's correlation is -0.878 which suggests that a higher score based on
MediaBias/FactCheck.com is associated with a lower percentage of major fact check fails from
PunditFact. However, it should be kept in mind that this is correlation of only 5 observations
so it is at best suggestive evidence.

22Using the notation of Barberá et al. (2015) the probability that user i follows elite j is
formally expressed as Pr(Yij = 1 | αi, βi, dij) = Logit(αi + βj − dij) where αi captures user
i's political interest, βj captures the popularity of elite j and dij is the euclidean distance
between user i's ideological position and elite j's ideological position. The function is designed
such that the further the distance between the ideology of i and j the less likely i is to follow
j. This notation should not be confused with the notation used throughout the paper.
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Table 2: Liberal and Conservative Users

User Ideology Number of Users Percent

Liberal (ideology ≤ 0) 203 61.33
Conservative (ideology > 0) 128 38.67

Total 331 100.00

estimates the model parameters for elite accounts and users that follow at least
10 elites. Once estimates for the ideology of users and elites are obtained, the
second stage identi�es the most popular accounts followed primarily by liberals
and the accounts followed primarily by conservatives in the �rst stage and labels
them elites. This is based on the assumption that following one of these popular
accounts, even though they are not necessarily political, provide information
about user ideology. The third stage estimates the model using the expanded
number of elites allowing a larger number of users to be incorporated in the
analysis.

The ideology estimates are standardized to have a standard normal distri-
bution (Barberá et al. 2015). More negative (positive) values are associated
with more liberal (conservative) ideology. Barberá (2015) validates the origi-
nal model results for elites by comparing them to Poole and Rosenthal (2007)
DW-NOMINATE measures of ideology, and the results for users by successfully
matching a sample of users to party registration records and a sample of users
to publically stated political preference.23 The Barberá (2015) and Barberá et
al. (2015) estimates for ideology are highly correlated (Barberá et al. 2015).

Instead of estimating the full model myself, I use the tweetscores package in
R (Barberá 2016) which eliminates the need to estimate the �rst two stages of
the Barberá et al. (2015) version of the model. This saves an immense amount
of time as it eliminates the need to collect data on all the followers of elites.
All that is needed to estimate ideology for a user is the list of accounts they
follow. The estimates are based on data gathered in 2014. I do not expect
this invalidates the estimates as it is unlikely large swaths of politicians and
news organizations have dramatically shifted their ideological positions over the
intervening period. In addition to user ideology I need ideology estimates for
my list of news sources. I use the Barberá et al. (2015) ideology estimates for
elites and match them with the list of veri�ed news accounts.24
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Table 3: Consumption of Tweets

Consumption Frequency Percent

0 40,014 99.30
1 281 0.70

Total 40,295 100.00

Table 4: Consumption of Tweets

(a) Liberal

Consumption Frequency Percent

0 26,146 99.33
1 176 0.67

Total 26,322 100.00

(b) Conservative

Consumption Frequency Percent

0 13,868 99.25
1 105 0.75

Total 13,973 100.00

3.6 Descriptive Statistics For Sample

Table 2 breaks down the sample into liberal (ideology≤0) and conservative
(ideology>0) users. Liberal users outnumber conservative users roughly 60 to
40. Recall that the sample is of active US Twitter users. If there are more left
of center users that are active on Twitter this would explain why there is not
a more even division between liberals and conservatives. It should be kept in
mind that Twitter is likely not representative of the US population at large and
therefore liberals and conservatives on Twitter may not be a perfect match for
liberals and conservatives elsewhere.

Table 3 shows consumption for users in the sample. News consumed is coded
as 1 while news not consumed is coded as zero. It is immediately apparent
that users consume a low amount of news relative to the amount of news they
see. This is not an entirely surprising result as users are confronted with an
enormous amount of information online and consuming a large percentage of it
would have high opportunity costs. Table 4 shows consumption for liberal and
conservative users and tells pretty much the same story as Table 3. Both liberals
and conservatives consume a small percentage of total potential consumption.

Figure 2 presents a frequency graph of the reliability measurement for news
and Table 5 gives summary statistics. More news sources fall into the high
category than any other category while relatively few sources �t in the very
high category. Figure 2 could suggest users are primarily exposed to news from
the mixed and high categories and rarely exposed to news from the very high

23The results are also validated in several European nations.
24It is my plan moving forward to estimate the full version of the model originally put

forth in Barberá et al. (2015) using my own data. However, Twitter rate limiting has made
gathering the data necessary a time consuming process. There are several advantages to
estimating my own version of the model. First, the estimates will be updated to re�ect the
political landscape of 2017. Second, I can choose which elites to include in the model and
thus expand the number of news sources in my �nal sample.
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Figure 2: News Reliability Frequency

Table 5: Summary Statistics

Variable Mean Std. Dev. Min Max Obs
News Reliability 1.818 0.582 1 3 44
News Ideology -0.483 0.816 -1.541 1.471 44
User Ideology -0.344 1.309 -2.416 2.410 331
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Table 6: Number of News Accounts and Number of Followers by News Reliability

Reliability Number of Accounts Number of Followers

Very High 4 88,470,147
High 28 192,159,029
Mixed 12 115,143,740

Table 7: Consumption and Potential Consumption by News Reliability

Reliability Consumption Potential Consumption Consumption Rate

Very High 49 7,031 0.70%
High 137 23,534 0.58%
Mixed 95 9,730 0.98%

category.
Table 6 breaks down the total number of accounts and the total number of

followers for news sources in the mixed, high, and very high reliability categories,
while Table 7 shows consumption, potential consumption, and consumption
rates for each category. The information presented in Tables 6 and 7 support
the notion that users are primarily exposed to, and consume, news from sources
in the high category. Perhaps the most striking information in Table 7 is how
much potential consumption and consumption there is in the very high category
despite there only being four news sources in that category. This alleviates some
of the concern that users are rarely exposed to news from the most reliable news
sources. Also of note is that while users are exposed to more information from
the high category, they consume a smaller percent of potential consumption
from these sources. Additionally, users consume a higher percent of potential
consumption from the mixed category than from any other group.

Table 8 shows consumption, potential consumption, and consumption rates
by reliability for liberal users and conservative users. Liberals are exposed to
a higher percentage of high reliability tweets than their conservative counter-
parts. About two-thirds of the tweets that liberals are exposed to come from the
high category while less than half of conservative exposure is to high reliability
tweets. On the other hand, conservatives are exposed to a much higher per-
centage of mixed tweets. Over a third of the tweets conservatives are exposed
to are mixed reliability while that �gure is less than one-�fth for liberals. Both
liberals and conservatives are exposed to roughly the same fraction of very high
tweets. This highlights how the exposure to reliability varies between conser-
vatives and liberals. This exposure is a function of who users choose to follow
which is not modeled in the current paper. It should also be noted that both
conservatives and liberals consume a higher percent of potential consumption
from news sources in the mixed category than from the other news sources.

Figure 3 presents the density distribution of news outlets' ideology. There
is a very large peak left of zero and a smaller peak right of zero. This indicates
that the news sources used for this study are primarily liberal (ideology≤0) with
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Table 8: Consumption and Potential Consumption by News Reliability

(a) Liberals
Reliability Consumption Potential Consumption Consumption Rate

Very High 31 4,454 0.70%
High 100 17,527 0.50%
Mixed 45 4,341 1.04%

(b) Conservatives
Reliability Consumption Potential Consumption Consumption Rate

Very High 18 2,577 0.70%
High 37 6,007 0.62%
Mixed 50 5,389 0.93%

Table 9: Liberal and Conservative News

News Ideology Number of Sources Percent

Liberal (ideology ≤ 0) 37 84.09
Conservative (ideology > 0) 7 15.91

a small group of conservative (ideology>0) sources. The information from Table
9 further supports this notion. Almost 85% of all news sources in the sample are
liberal. Table 5 gives the summary statistics showing the average news ideology
is somewhat left of zero.

Table 10 shows consumption, potential consumption, and consumption rates
for the full sample as well as broken down for conservative and liberal users.
Users on average are exposed to over eight times as much liberal news as con-
servative news. The di�erence in exposure is even more dramatic for liberals.
They are exposed to more than 40 times as much liberal news as conservative
news. On the other hand, conservatives are exposed to slightly less than three
times as much liberal as conservative news. This result is not surprising and
highlights the importance of users' following decisions once more.

It is interesting to note that even though users are exposed to a greater
amount of liberal news, they consume a higher percentage of the conservative
news the encounter. Liberals in particular have a much higher consumption
rate for the conservative news which comes through their feed relative to their
consumption rate for liberal news. Conservatives have less di�erence in their
consumption rates of liberal and conservative news.

Figure 4 gives a box plot graph of news ideology by news reliability. The �rst
thing that stands out is there is more variance in the ideology of news sources
with mixed reliability than news sources in the other two categories. Similarly,
news sources with high reliability have more variance in ideology than news
sources in the very high category. The information in Figure 4 suggests for
many users there may be a trade o� between ideology and reliability. That is,
one may have to consume news which does not match their ideology in order to
consume reliable news.

15



Figure 3: Kdensity of News Ideology

Table 10: Consumption and Potential Consumption by News Ideology

(a) Full Sample
News Ideology Consumption Potential Consumption Consumption Rate

Liberal 233 36,131 0.65%
Conservative 48 4,164 1.15%

(b) Liberals
News Ideology Consumption Potential Consumption Consumption Rate

Liberal 160 25,707 0.62%
Conservative 16 615 2.60%

(c) Conservatives
News Ideology Consumption Potential Consumption Consumption Rate

Liberal 73 10,424 0.70%
Conservative 32 3,549 0.90%
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Figure 4: Box Plot of News Ideology and News Reliability

Figure 5 plots the density of user ideology against the normal distribution
for the sample of 331 users. Table 5 gives the summary statistics. The mean
of user ideology is left of center (recall that the median Twitter user has an
ideology of zero by design in Barberá's model). The distribution of ideology
is consistent with the information presented in Table 2 suggesting that active
users on Twitter may be more liberal on average.

4 Empirical Methodology

Because utility, uijt is unobserved I cannot directly estimate equation (1). How-
ever, because I observe whether news is consumed or not I can de�ne a varible
consumption, cijt, such that:

cijt =

{
1, if uijt > 0

0, if uijt = 0
(2)

allowing me to express equation (1) as:

cijt = αi + β(ajt − bi)
2 + γRjt + εit (3)

which is a binary choice model. Because I have a panel data set, using the
proper assumptions, I can estimate the marginal e�ects of ideological distance
and reliability on the probability of consumption by using a random e�ects
probit model.

The �rst assumption which must be made to run the model is that ε ∼
N(0, 1) and the individual speci�c component of utility α ∼ N(0, σ2

α). An
additional assumption which must be made to identify the random e�ects probit
model is that αi, the individual preference for information, is uncorrelated with
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Figure 5: Kdensity of User Ideology

(ajt − bi)
2 and Rjt. It is likely a preference for information is uncorrelated

with either ideological distance or reliability. The higher one's preference for
information the more likely an individual is to consume information regardless
of the ideological content or the reliability of the news source because they
simply like to consume information. Therefore, it is fairly safe to assume αi is
uncorrelated with both (ajt − bi)

2 and Rjt.
I choose to model the consumption decision with a random e�ects probit

model because of the ability to allow for unobserved individual heterogeneity.
In a market for news it is probable there will be a great deal of unobserved
di�erences between individuals' preferences for news. Some individuals likely
have a strong taste for information and consume a great deal of news while
other individuals may be very casual consumers. In the random e�ects probit
model heterogeneity enters the model through the term αi or what I have called
the preference for information. This term varies across individuals by allowing
each individual to deviate from the mean value. This allows individuals to have
di�erent preferences for news on social media.

In addition to the model speci�ed in equation (3) I run a simple random
e�ects probit model separately on conservatives and liberals to test their pref-
erences for conservative news and see if they di�er in fundamental ways. These
probit models have the following speci�cation:

cijt = λi + κConNewsjt + εit (4)

where cijt is the same as speci�ed in (2) and ConNewsjt is a dummy variable
indicating whether news source j is conservative.

A potential limitiation of the utility model speci�ed in equation (1) is it
does not take into account the direction of the ideological distance. Individuals
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Table 11: Marginal E�ects of Random E�ects Probit Equation (3) at Mean
Values

Mean (ajt − bi)
2 = 1.301

Mean Rjt = 1.933

Varibles Marginal E�ect 95% Lower 95% Upper

Ideological Distance Squared 0.001 -0.0002 0.001
(0.0003)

Reliability -0.002*** -0.004 -0.001
(0.001)

ρ 0.304
ln(σ2

α) -0.828
(0.194)

Likelihood-Ratio Test of ρ = 0: χ̄2=203.78, Prob >= χ̄2 = 0.000
*p<0.1, **p<0.05, ***p<0.01

Standard errors are in parentheses.

may prefer news of a certain ideology regardless of the exact ideological distance
between the user and the news source.25 These simple probit models speci�ed
in equation (4) will provide some insight into this issue.

5 Results and Discussion

The estimated marginal e�ects of the model speci�ed in equation (3) for the
full sample are presented in Table 11. The model indicates the proportion of
total variance contributed by panel-level variance is not zero, therefore the panel
probit is prefered to a pooled probit model. In terms of the utility model, this
implies individuals have di�erent preferences for news.

The results indicate the marginal e�ect on ideological distance is not statis-
tically di�erent from zero. In other words, if the user considers consuming news
less aligned with their own ideology, this results in no real change in the proba-
bility the user will consume the information. The model predicts the marginal
e�ect of reliability is negative and statistically signi�cant at the 1% level. That
is, increasing the likelihood of factual reporting from one category to the next
decreases the user's probability of consumption by about 0.23 percentage points.

While at �rst the results may seem surprising, there is a plausible ex-
planation for the �ndings. It is likely less reliable news implies more sen-
sational or �click-bait-y� news. To test the notion that less reliable news is
correlated with more sensational news I collect additional data from Media-
Bias/FactCheck.com. News sources are divided into categories such as �Least
Biased�, �Left-Center/Right-Center Bias�, and �Left/Right Bias.� A signi�cant
factor in sorting news sources into these categories is their use of loaded words

25For example, a somewhat moderate liberal may prefer a news source far to the left as
opposed to a closer but conservative news source.
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Table 12: Marginal E�ect of Random E�ects Probit Equation (4) at Mean
Values: Liberals

Mean ConNewsjt =0.023

Varibles Marginal E�ect 95% Lower 95% Upper

Conservative News 0.016*** 0.008 0.025
(0.004)

ρ 0.352
ln(σ2

α) -0.612
(0.220)

Likelihood-Ratio Test of ρ = 0: χ̄2=205.96, Prob >= χ̄2 =0.000
*p<0.1, **p<0.05, ***p<0.01

Standard errors are in parentheses.

which the website describes as �wording that attempts to in�uence an audi-
ence by using appeal to emotion or stereotypes.� I use this information to code
news sources on a scale of one to three with one being news in the Least Bi-
ased category and three being news in the Left/Right Bias category giving me
a variable measuring the degree of sensationalism of a news source. A larger
value implies a more sensational news source while a smaller value implies a less
sensational news source. I �nd the Pearson's correlation between reliability and
sensationalism to be -0.663. This supports the idea that less reliable news is
more sensational news. Given less reliable news is more sensational news, the
results imply users have a preference for sensational news over more objective
and accurate news. It is plausible users on social media, where an enormous
amount of information is confronted, would consume the news which is the most
shocking and dramatic.

The �nding that users do not have a preference for ideologically similar
news is consistent with results from other studies such as Boxell, Gentzkow,
and Shapiro (2017).26 Once the average user has decided what accounts to
follow, ideological distance is not an important factor in the decision about
what news to consume. These results are an average for all Twitter users and
do not capture di�erences between ideological groups which are examined below.

Tables 12 and 13 give the marginal e�ects from the models in equation (4)
for liberals and conservatives. For both models, the null ρ = 0 is rejected
indicating panel probit is prefered to pooled probit. The results indicate that
for liberals the marginal e�ect of a news source being conservative is positive
and statistically signi�cant at the 1% level while for conservatives the marginal
e�ect is statistically insigni�cant. For liberals, if a news source is conservative
this will increase the probability of consuming news by about 1.6 percentage
points relative to a liberal news source. On the other hand, for conservatives
the probability of consuming news does not depend on whether the news source
is conservative or liberal.

26The authors �nd polarization has increased more among demographic groups less likely
to use social media
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Table 13: Marginal E�ect of Random E�ects Probit Equation (4) at Mean
Values: Conservatives

Mean ConNewsjt = .2539898

Varibles Marginal E�ect 95% Lower 95% Upper

Conservative News 0.001 -.003 .004
(0.002)

ρ 0.094
ln(σ2

α) -2.264
(0.512)

Likelihood-Ratio Test of ρ = 0: χ̄2=25.57, Prob >= χ̄2 = 0.000
*p<0.1, **p<0.05, ***p<0.01

Standard errors are in parentheses.

The �nding that liberals prefer conservative news while conservatives have
no preference for conservative or liberal news may be unexpected but is not un-
reasonable. An explanation for this �nding is liberals want to be informed about
the viewpoints of the �other side.� These results may be driven by the timing of
the data collection. Given the data was collected at a time when Republicans
control the Executive and Legislative branches of government, liberals may be
keen on consuming news from conservative sources to stay informed about the
viewpoints of their ideological counterparts. This is probable for a few reasons.
First, if being well informed about the other side is seen as a type of political
advantage it would make sense liberals, whose party is out of power, prefer to
consume conservative news. With Democrats being the minority party, liberals
may feel a stronger urge to take action than if the Democrats were the major-
ity party. A related explanation is liberal users enjoy mocking viewpoints they
consider incorrect especially at a time when individuals with liberal ideological
views do not control the government. These explanations are particularly rea-
sonable when considering the current study only re�ects the preferences of users
on Twitter. It is entirely possible liberal users consume news di�erently outside
of social media (i.e. they consume liberal news on TV but conservative news on
social media). It would be interesting to see if the �ndings were reversed during
a period when Democrats controlled the White House and congress.

It is important to keep in mind the �ndings do not tell us anything about if
users believe what they consume. Just because individuals may have a prefer-
ence for less reliable and more sensational news does not imply they believe or
do not believe the contents of what they consume. Additionally, liberal users,
as implied in the discussion above, do not necessarily become more conservative
when they consume conservative news.

Finally, it should be remembered the measure of consumption used in this
study is based on sharing actions taken on Twitter. If this is not a good proxy
for consumption, the implications of the results would change slightly. Instead of
providing information about users' consumption preferences, the results would
imply that users prefer to engage with and share news regardless of ideology and
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prefer to engage more sensational news. A possible explanation for this result
is users share news they consume and agree with while engaging, and perhaps
debating, news with which they disagree. Additionally, it seems entirely reason-
able that users have a preference for broadcasting sensational news even if they
also consume reliable news. That liberals have a preference for engaging conser-
vative news relative to liberal news while conservatives have no such preference
is sensible. Similar to the explanation above, liberal users may engage, debate,
and mock conservative news, particularly during a time when conservatives are
the majority party, while still consuming liberal news. Again, these results are
conditional on users' following decisions. These alternative explanations should
be kept in mind when considering the results.

6 Conclusion

This study has set out to examine consumer preferences in a social media envi-
ronment. In particular, I set out to answer three questions. First, do consumers
have a preference for news with a similar or opposing ideological position to
their own? Users as a whole, conditional on who they choose to follow, do not
have a preference for either ideologically similar or dissimilar news. Second, do
consumers have a preference for accurate or inaccurate reporting? Users have
a preference for less reliable and more sensational news reporting. In other
words, click-bait works. Finally, do the preferences for ideological news di�er
for conservatives and liberals? Liberal users have a preference for conservative
news while conservative users do not have a preference for conservative or liberal
news. This may be a function of gathering the data in a year when the liberal
party is the minority party in Washington implying liberals may feel the need to
stay well informed about their ideological counterparts or they gain some utility
from mocking conservative views at a time when individuals with conservative
views are in power or some combination of both.

It should be kept in mind that all of the above �ndings are conditional on
who users choose to follow and the �ndings say nothing about users' beliefs
about what they consume. However, the results still provide insights into the
news consumption habits of users in a social media environment. Understand-
ing news consumption habits is important for a variety of groups including news
producers, advertisers, social media platforms, economists concerned with mod-
eling the news market, individuals concerned with fake news and more.
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