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The abundance of media options is a central feature of today’s infor-
mation environment. Many accounts, often based on analysis of
desktop-only news use, suggest that this increased choice leads to
audience fragmentation, ideological segregation, and echo chambers
with no cross-cutting exposure. Contrary to many of those claims, this
paper uses observational multiplatform data capturing both desktop
and mobile use to demonstrate that coexposure to diverse news is on
the rise, and that ideological self-selection does not explain most of
that coexposure. We show that mainstream media outlets offer the
common ground where ideologically diverse audiences converge
online, though our analysis also reveals that more than half of the
US online population consumes no online news, underlining the risk
of increased information inequality driven by self-selection along lines
of interest. For this study, we use an unprecedented combination of
observed data from the United States comprising a 5-y time window
and involving tens of thousands of panelists. Our dataset traces news
consumption across different devices and unveils important differ-
ences in news diets when multiplatform or desktop-only access is
used. We discuss the implications of our findings for how we think
about the current communication environment, exposure to news,
and ongoing attempts to limit the effects of misinformation.

audience networks | news consumption | selective exposure | web
tracking | computational social science

D igital technologies have drastically changed the way in which
people access news and political content. Audiences today
have more choices and flexibility when it comes to consuming
content, but what is still unclear is the impact that those choices
have on overall patterns of news consumption. The answer to
this question is important because democracies rely on informed
citizens. Past research has often interpreted the abundance of
media options as leading to narrower, more selective news diets.
This would result in increasing audience fragmentation (i.e.,
audiences disperse among the higher number of choices) and
decreasing coexposure (i.e., audiences self-select into news out-
lets that are aligned with their preconceived views) (1). There is
evidence that Internet penetration boosted self-selection (2) and
that social media platforms allow users to tailor news diets
aligned with their preconceived ideological positions (3). How-
ever, there is also evidence that offline interpersonal relations
exhibit the highest level of ideological segregation (4, 5), which
casts doubts on the polarizing effects of digital technologies.
Research has documented an increase in partisan news con-
sumption over time, with surges ahead of salient political events
(6) and fluctuations that depend on the nature of the story
reported (7, 8). However, with the exception of niche outlets
with low reach, partisan differences across outlets are small even
when taking into account opinionated news content. Many of the
mainstream media that account for the largest shares of atten-
tion online generally have politically diverse audiences and are
ideologically centrist, and most seek to be impartial in their news
coverage (9, 10). This results in a less partisan media environ-
ment than commonly accepted (11). Numerous studies depict
news diets that are more varied than often assumed, at least for
those who consume news (9, 12). Some provide evidence that
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suggests a significant overlap between Democrats’ and Repub-
licans’ news diets (13). Others find coexposure to news sources
more consistent with diverse diets than segregated ones (14-16).
There is a small portion of highly interested and partisan audiences
that self-select into ideologically consistent news sites (13), and some
of them may inhabit echo chambers, but these audiences do not
represent the vast majority of news users who generally use diverse,
and cross-cutting news sources—as we show in the analyses below.

This paper offers unprecedented evidence that advances our
understanding of the online news ecosystem. In particular, we
use observational data from the United States that combines web
tracking behavior and self-declared ideological alignment (Ma-
terials and Methods). We use these data to determine if audiences
are becoming more fragmented in their exposure to news sour-
ces. For this, we assess patterns of coexposure to news sources
and test if the selective exposure hypothesis (the idea that people
purposefully select sources that match their political beliefs)
(17), receives consistent empirical support. We analyze mobile
and desktop tracking data for a period of 5 y and we characterize
the ideological alignment of news audiences for a period of 16
mo. We document the differences in exposure estimates that
arise when only desktop access is analyzed (as most prior re-
search does, despite the fact that more than half of digital media
use is now mobile; see SI Appendix, Fig. SI4). Desktop estimates
exclude exposure through mobile phones and tablets, which our
data include in the form of multiplatform statistics. Our results
suggest that multiplatform estimates yield a very different picture

Significance

Access to diverse news strengthens democratic citizenship.
Whether digital technologies have narrowed or widened news
diets fosters contentious debates. Previous research shows the
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fragmented audiences, ideological segregation, and echo cham-
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to show that the increase in mobile access to news actually leads
to higher exposure to diverse content and that ideological self-
selection explains only a small percentage of co-exposure to news.
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increasing divide between informed citizens and news avoiders.
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of how the online media environment has evolved during the past
few years.

Results

We define exposure to news content as users accessing the web
domain of news organizations. Fig. 1 shows changes in the per-
centage reach of news outlets and changes in user engagement
with those outlets (measured as the average time spent on their
domains). The figure shows that there is a significant difference
in the estimates extracted from desktop-only and multiplatform
data. As the time series and yearly distributions show, desktop
measures underestimate exposure to news and the average time
that users spend consuming content from news sites. We assess if
these differences in measurement change the conclusions we can
draw regarding fragmentation by first looking at coexposure and

A Average Reach

then determining how much of that coexposure responds to
ideological self-selection.

Using statistics of audience overlap, we built monthly coex-
posure networks where the nodes are news outlets and the ties
measure the number of unique users that visited two news sources
in a given month. We interpret these networks as measuring
similarity in the audience base of news outlets. As Fig. 24 shows,
the networks can look very different, depending on how much
overlap exists across news domains. We capture these differences
in the coexposure networks with the measure of network density
(see Materials and Methods for definitions). Media landscapes
where audiences are fragmented would have density values ap-
proximating 0. Density scores are based on the presence of ties,
but in the context of our data coexposure ties are very heteroge-
neous in the magnitude of the overlap (Fig. 2B). To eliminate the
weakest ties (e.g., those that may result from random browsing
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Fig. 1.

Audience reach (A) and user engagement (B) for news outlets according to desktop-only and multiplatform estimates. Past research has mostly

analyzed web log data reflecting desktop usage. Our data show that desktop-only measures greatly underestimate the number of users exposed to news

sources and the time they spend on those sites.
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Fig. 2. Networks of audience overlap across news sources. The nodes in these networks are news outlets and the ties measure the number of users coexposed to those
outlets. (A) Network density measures the number of existing ties out of all possible ties that could exist in the network. In an empty network with no audience overlap
the density is 0; in a complete network (where all outlets share some audience) the density is 1. (B) Edge weight distribution for desktop and multiplatform data
(expressed in thousands). Density scores are based on the presence of ties, but coexposure ties are very heterogeneous in terms of audience overlap. To eliminate the
weakest ties, we apply two filtering techniques to our data: PMI and backbone extraction. (C and D) Networks of audience overlap grow denser over time, regardless of
the filtering technique used: The pattern remains visible even when only the most significant ties are preserved (see S/ Appendix for trends in the raw, unfiltered data).

This trend suggests that exposure to news is becoming more diversified and less

behavior) we apply two filtering techniques to the networks (see
Materials and Methods and SI Appendix for results for unfiltered,
raw data). Fig. 2 C and D summarize changes in the density of
these filtered networks. Although the overall density levels change
(e.g., the backbone approach is more stringent in eliminating ties
as insignificant), the patterns are consistent: The networks built
with multiplatform estimates grow substantially denser over time,
suggesting increasing coexposure (and a widening of news diets).
The analyses with desktop data lead to the opposite conclusion.

To determine if this increasing coexposure results from in-
creasing selection along ideological lines, we use two measures of
segregation (see Materials and Methods for definitions). Fig. 3
illustrates the distribution of these two measures. In Fig. 3 4 and
B we show changes in the segregation index. As the figures show,
segregation levels are, overall, low (for reference, the score
reported in prior research using 2009 data from the same source
is 0.075 for desktop access, averaged over 12 mo, which suggests
that overall levels of online segregation have decreased since
then). Consistently, the local average mean for multiplatform
data is lower or equal to the desktop data. The differences in the
monthly scores are statistically significant according to a Wil-
coxon signed-rank test (P = 0.003 for party identification and P <
0.001 for political outlook; see SI Appendix).

In Fig. 3C we summarize the distribution of the second mea-
sure: the favorability scores assigned to news outlets. These dis-
tributions show that the audiences consuming news in our data tend
to lean Democratic but also toward conservative views (see SI Ap-
pendix for monthly distributions). There is a moderate association

28680 | www.pnas.org/cgi/doi/10.1073/pnas.2006089117

fragmented. Data that use desktop-only estimates lead to the opposite conclusion.

between party identification and political outlook (Fig. 3D). The
magnitude of this correlation is consistent with survey data col-
lected through the American National Election Studies (e.g., ref.
18). Fig. 3 E and F zoom into the top 20 sites ranked by per-
centage reach. These plots show that the sites with a larger au-
dience base converge toward the median of the distributions, but
also that their alignment in the continuum has face validity. [Two
caveats here are that, as noted, our audience leans Democrat and
that ideological differences among mainstream news media is very
small, as previous research assigning ideological scores based on
the analysis of content has also shown (11)].

The aggregated segregation scores already suggest that ideo-
logical selective exposure is not a prominent factor in news
consumption: The score is much closer to 0 than to 1, and it has
actually decreased compared to what was reported in previous
research (4). To further quantify the impact of ideology on
coexposure, we calculate the correlation between the coexposure
network and matrices measuring pairwise distance for the two
ideological scores (Materials and Methods). As Fig. 4 shows, the
correlations are negative and highly significant: This means that
the further two news sites are in the ideological distributions, the
lower their audience overlap is. The results of the regression
models (Fig. 4C) confirm that distance in both party affiliation
and political outlook have a significant and negative effect on
overlap. This result, which we interpret as evidence of selective
exposure, is robust across the three networks we consider (see S/
Appendix for additional robustness tests). However, ideology
explains at most 16% of the variation in coexposure to news,
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gesting lower segregation levels when mobile access is considered. (C) Distribution of favorability scores for party affiliation and political outlook (Materials
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which means that selection along ideological lines is not the only
mechanism explaining news exposure (especially for sites with the
strongest audience overlap: When the backbone network is used
as dependent variable, ideology explains less than 4% of the data).

Discussion

Many Americans have strong political beliefs, and some actively
dislike and distrust those sympathetic to the other side. This means
that, in theory, many people could be engaging in extensive selective

Yang et al.

exposure when they consume news, an effect hypothesized to be-
come more pronounced as people have more media choices (19,
20). The selective exposure effects we identify here are significant
over time, but despite the growth in media choice these effects do
not seem to grow in magnitude. Most importantly, the patterns of
ideological segregation that we identify here explain a small per-
centage of the variance in news diets, while coexposure grows
denser and, therefore, less fragmented. This is consistent with
previous research analyzing longitudinal data (4, 13) and with
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Fig. 4. Correlation of audience overlap and ideological scores. The correlation
negative and highly significant in both the PMI networks (A) and backbones

of the coexposure network and pairwise distance in the ideological distributions is
(B). Boxplots provide nonparametric confidence intervals based on random per-

mutations. The correlation is negative because audience overlap decreases the further news sites are in the ideological distributions shown in Fig. 3C. The
magnitude of the correlation does not change substantially over time and there is no apparent trend. (C) Regression results with the raw and filtered networks as
dependent variable (data aggregated for 2018). The three models show consistent results: audience overlap is higher between news sites that are ideologically

similar, according to the favorability scores. However, these two variables still |

eave much unexplained structure in the coexposure networks: the most predictive

models explain just 16% of the data (much less when only the strongest overlap, or the backbone of the network, is considered).

studies on the mechanisms that shape online news diets, mostly
aggregators and social media, which prior research has shown can
actually boost coexposure to diverse content (12, 21, 22).

One important caveat is that our analyses rely on traffic data
at the top-level domain. A more fine-grained analysis of Uniform
Resource Locator-level data (URLs) might yield different esti-
mates of exposure to news: Most people accessing news outlets
on the web are not necessarily consuming political content but
rather entertainment or sports, as previous research has docu-
mented (6, 11). Another important limitation is that our mea-
sures of exposure to content rely on visits and time spent, which
offer a narrow understanding of actual engagement with the
news: These measures do not really tell us how people process
the information they read to make it compatible (or not) with
their beliefs. However, our analyses do suggest that we should be
cautious in interpreting the results of prior work that relies on
desktop-only estimates: Such data miss an important and grow-
ing segment of online news exposure and, as we show, that gap
leads to a substantive difference in findings. Our data also do not
include all social media activity. The statistics we analyze only in-
clude users that click on links posted on platforms like Facebook or
Twitter and visit the corresponding domains. Likewise, messaging
applications are outside the scope of our analyses, even though they

28682 | www.pnas.org/cgi/doi/10.1073/pnas.2006089117

have also become an important channel for news consumption (10).
There is very little research in this area in part due to the difficulties
(logistical and ethical) of accessing and collecting data generated in
private, end-to-end encrypted environments. Still, social media and
messaging application activity create blind spots in our assessment
of the news ecosystem. Selective exposure on those platforms might
be on the rise.

More generally, our results point to a much more profound
form of selective exposure that goes beyond the traditional focus
on ideological segregation and partisan polarization, namely the
growing inequality between those who consume news and those
who, despite the abundance of offers and ease of access, con-
sume little or no news at all (20). Political ideology may matter
less for online news consumption than previous research sug-
gests, with levels of interest in political news being a more sig-
nificant determinant of online exposure. Less than half of the
online population consumes news on the web [with recent re-
search suggesting that news consumption of any sort is, in fact,
heavily outweighed by other forms of media consumption, “com-
prising at most 14.2% of Americans’ daily media diets” (23)]. This
creates an even more urgent problem for democracies to the extent
that this opt-out population is also more likely to be susceptible to
misinformation and other forms of manipulation. Future research

Yang et al.
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should pay more attention to whether populations with little or no
exposure to news are also more vulnerable to misinformation
campaigns or echo-chamber effects.

Materials and Methods

Data. We use two main sources of observational data: 1) Comscore’s Media Metrix
panel, which is a representative panel of the online population that offers es-
timates for desktop and multiplatform media usage (monthly aggregates at the
domain level from October 2014 to December 2018, N ~ 250,000 panelists) and
2) Comscore’s Plan Metrix panel, which offers data on audience demographics,
including partisan affiliation (i.e, Democrat-Republican self-placement) and
political outlook (i.e., liberal-conservative self-placement), provided as monthly
aggregates at the domain level (from September 2017 to December 2018, N ~
20,000). A full list of the news outlets we analyze (n = 424) as well as more in-
formation about the characteristics of the data can be found in S/ Appendix.

Methods. We build the networks of audience overlap using the number of
unique users coexposed to a pair of news sources for a particular period (e.g.,
a month or year). We analyze these weighted networks as built using the
observational data (what we call “raw networks"”; see S| Appendix) and after
applying two filtering techniques that only retain ties with a statistically
significant overlap, that is, more audience overlap than expected by chance.
The first version, which we call “PMI networks,” uses the pointwise mutual
information measure of association. It is defined on pairs of news sites (i, j)

as PMI(i, j) = log :(%'pg.), where p(j, j) is the fraction of all online users that
access both sites and p(i) and p(j) is the fraction of all online users accessing
each site. These filtered networks only retain the edges with a PMI larger
than zero. The second version is what we call the “backbones,” which result
from a filtering procedure that uses a null model of equal edge weight
distribution at the local (focal-node) level to determine which edges depart
significantly from the null model (24). These two techniques differ in the
threshold of statistical significance: The backbone approach is more strin-
gent; the PMI approach eliminates fewer ties compared to the raw version of
the data. We analyze these two types of filtered networks to assess the
sensitivity of our results to choices in the construction of the coexposure
networks and to exclude the possibility of noise driving the results.

Measures. Graph density is defined as the ratio of the number of observed
edges and the number of possible edges, given the size of the network. For
undirected, simple networks
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D; = % where E; is the number of edges at a particular time t and V; is
the number of vertices or nodes at a particular time t (25). We calculate the
“segregation score” following ref. 4 to create an index of audience isolation in
terms of ideology. The score for the news sites in our list is calculated as

S = %(% X C%') - E/(% X C%’) where %’ is the share of Republican (or conser-
vative) visits for site i. The segregation score approximates 1 when Republicans
only visit Republican outlets and Democrats only visit Democrat outlets, and it
approximates 0 when Republicans and Democrats visit the same outlets. We also
calculate the “favorability scores” following ref. 6 to create another measure of
ideological diversity in the audience of news sites. We assign a favorability score
to a news site / in time t according to the formula fav(ir) = =2, where R stands
for the audience share of a news site that self-identify as Republican and D
stands for the share that self-identify as Democrat. The score equals 1 when the
news site domain is visited exclusively by Republicans and —1 when it is visited
exclusively by Democrats (0 means that Republicans and Democrats are equally
likely to visit the site). In addition to party affiliation, we also calculate segre-
gation and favorability scores for “political outlook,” where the categories are C
for conservative and L for liberal. We calculate these scores monthly and, for
some analyses, we aggregate them yearly. See SI Appendix for more details on
these measures and monthly distributions.

Models. Since we analyze relational data, we test the association of coex-
posure and ideology using the multiple regression quadratic assignment
procedure (MRQAP), a permutation test for multiple linear regression de-
veloped to analyze data organized in square matrices (26-28). The variables
in these matrices indicate audience overlap (according to the raw network
data and the filtered networks) and distance between news sources in the
distribution of favorability scores for party affiliation and political outlook.
See SI Appendix for additional details on specifications.

Data Availability. The data and code necessary to replicate the findings
reported in this article can be accessed in the Open Science Framework re-
pository (https://osfio/hp5fm/) (29).
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