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S1 Sample composition and country coverage

Data was collected from online access panels of the market research company
Netquest whose participants consented to regularly participate in surveys and
install browser plugins tracking their browsing behavior on desktop computers.
In countries (France, Spain, US) where the web tracking panels had a sufficient
size, approximately 1,500 participants were invited according to population mar-
gins, but some quota cells still remained empty. In countries where the panels
did not have a sufficient size, all panelists were invited (Germany, Italy, UK).

Compared to national population margins, the samples are skewed towards
well-educated female middle-aged people (Table S1). Especially younger and
older people as well as the lower educated strata of the population are under-
represented. At the same time, especially elderly and lower educated people
generally use the Internet less. Unfortunately, high-quality benchmark data on
the demographics of Internet users are not available for each country.

Table S1: Demographics by country (%).

Gender Age Education*
Country  Female 29/under 30-39 40-49 50-59 60/over Low Medium High
France 55.00 14.84 19.67 22.02 21.88 21.60 4.69 51.48 43.82
Germany 51.27 13.29 19.32 20.55 27.33 19.51 28.28 37.70 34.02
Italy 57.84 14.49 25.24 28.64 19.63 12.00 10.26 46.74 43.00
Spain 51.52 20.97 10.56 15.99 22.53 29.96 24.09 33.46 42.45
UK 52.29 9.72 15.32 20.64 23.85 30.46 4.95 48.53 46.51
US 65.56 13.04 20.75 18.52 23.85 23.85 4.47 60.59 34.94

Note: *Harmonized based on the International Standard Classification of Education (ISCED).

Table S2: Country-level characteristics

Country Party Media system SM for Side door to
system news (%) news (%)

France  Multi-party  Polarized pluralist 42 65

Germany Multi-party Democratic 34 59
corporatist

Italy Multi-party  Polarized pluralist 47 67

Spain Multi-party  Polarized pluralist 53 68

UK Two-party  Liberal (+ strong 40 54
public broadcasting)

US Two-party Liberal 46 66

Note: SM for news: came across news stories on social media. Side door:

keyword search, social media, aggregator, email, notifications as pathways to
news. Data from the Reuters Digital News Report 2019 (Newman et al., 2019).



S2 Survey items

Table S3: Survey items used in the analysis

Variable

Description

Original source

Political
extremism

Political
interest

Social media
for news

Social media
disagreement

Social media
engagement

Self-reported age. Divided by 10 before the
regression estimations to improve
interpretation.

Country-specific education levels that were
recoded into “low”, “medium” and “high
education” based on the
country-comparative ISCED scheme.
Self-reported gender. Female was coded as
1, male and the few “other gender”
responses as 0.

Based on a political ideology question
ranging from 0 (left) to 10 (right). The end
points in the US survey were labeled “very
liberal” and “very conservative”. Political
extremism is calculated as the absolute
distance of an individuals’ ideology to the
country mean (see also Barbera, 2015).
Measured as a 4-point scale ranging from
“not at all interested” to “very interested”.
Frequency of discussions about national and
local political matters with friends and
relatives.

Importance of social media for keeping up
with political news, debates and
discussions. 4-point scale from “not at all
important” to “very important”.
Disagreement with political opinions or
political content contacts post on social
media. 5-point scale from “almost never” to
“nearly always”.

Political and news engagement on social
network sites: comment on a news story;
share content related to political issues
originally posted by someone else; “like”
political pages or political posts others have
posted; post own thoughts or comments on
political issues; post links to political stories
or articles.

European Social
Survey, Round 8
(ESS) (ERIC, 2017)

Eurobarometer 83.3
(European
Commission, 2018)
Quello Search Project
(Dutton et al., 2017)

Reuters Digital News
Report 2019 (Newman
et al., 2019)




S3

News domain coding
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Figure S1: Description of the domain coding.

Table S4: Website visits covered by coding

Country Unique domains Visits Visits covered  Share covered (%)
France 134,102 30,040,775 26,073,607 87
Germany 95,716 16,392,236 15,482,615 94
Ttaly 128,110 24,981,435 21,735,489 87
Spain 109,845 15,497,311 13,093,310 84
UK 116,357 20,009,587 18,328,899 92
Us 165,751 29,239,470 26,639,489 91
Note: Subsequent visits of the same URL were merged to account for reloading tabs.



S4 Descriptive statistics

Table S5: Descriptive statistics, France

Variable N Mean St. Dev. Min Median Max
Survey variables
Age 1,444 46.29 14.28 18.0 47.0 85
Education 1,444 2.39 0.58 1.0 20 3
Female 1,444 0.55 0.50 0.0 1.0 1
Political interest 1,443 2.73 0.91 1.0 3.0 4
Political extremism 1,440 1.93 1.75 0.1 1.9 5.1
Political talk 1,305 1.98 1.18 0.0 20 4
Social media for news 1,341 2.60 0.91 1.0 3.0 4
Social media disagreement 1,341 2.96 0.79 1.0 30 5
Social media engagement 1,308 0.95 1.47 0.0 00 5
Dependent variables (daily)
Total news visits 1,444 2.31 8.28 0.0 0.0 289
News outlets visited 1,444 0.75 1.45 0.0 0.0 33
News types visited 1,444 0.61 0.95 0.0 0.0 7
Political news visits 1,444 0.25 1.37 0.0 0.0 154
Intermediaries visited (daily)
Facebook visits 1,444 13.62 27.07 0.0 2.0 687
Twitter visits 1,444 0.61 5.54 0.0 0.0 245
Search visits 1,444 10.13 17.38 0.0 4.0 320
Portal visits 1,444 7.85 19.37 0.0 0.0 558
Ebay visits 1,444 0.83 6.42 0.0 0.0 211
Total visits 1,444  115.87 109.03 1.0 86.0 1,512
Table S6: Descriptive statistics, Germany
Variable N Mean  St. Dev. Min Median Max
Survey variables
Age 1,055 46.94 14.05 18.00 48.00 84
Education 1,055 2.06 0.79 1.00 200 3
Female 1,055 0.51 0.50 0.00 1.00 1
Political interest 1,052 2.87 0.86 1.00 3.00 4
Political extremism 1,055 1.49 1.34 0.36 1.36 5.36
Political talk 901 2.20 1.05 0.00 2.00 4
Social media for news 949 2.70 0.84 1.00 3.00 4
Social media disagreement 949 3.15 1.01 1.00 3.00 5
Social media engagement 903 1.02 1.36 0.00 0.00 5
Dependent variables (daily)
Total news visits 1,055 2.19 9.00 0.00 0.00 391
News outlets visited 1,055 0.51 1.10 0.00 0.00 17
News types visited 1,055 0.41 0.77 0.00 0.00 6
Political news visits 1,055 0.27 2.08 0.00 0.00 145
Intermediaries visited (daily)
Facebook visits 1,055 7.36 20.38 0.00 0.00 635
Twitter visits 1,055 0.38 4.09 0.00 0.00 198
Search visits 1,055 7.18 14.64 0.00 2.00 514
Portal visits 1,055 8.40 17.03 0.00 0.00 536
Ebay visits 1,055 2.92 14.80 0.00 0.00 557
Total visits 1,055  94.61 108.92 1.00 61.00 1,604




Table S7: Descriptive statistics, Italy

Variable N Mean  St. Dev. Min Median Max

Survey variables

Age 1,436  43.78 12.82 18.00 43.00 88
Education 1,436 2.33 0.65 1.00 2.00 3
Female 1,436 0.58 0.49 0.00 1.00 1
Political interest 1,434 2.74 0.84 1.00 3.00 4
Political extremism 1,431 2.20 1.68 0.28 2.28 5.28
Political talk 1,306 2.41 1.14 0.00 200 4
Social media for news 1,392 2.90 0.77 1.00 3.00 4
Social media disagreement 1,390 2.88 0.73 1.00 3.00 5
Social media engagement 1,309 1.77 1.72 0.00 1.00 5
Dependent variables (daily)

Total news visits 1,436 2.24 7.12 0.00 0.00 452
News outlets visited 1,436 0.60 1.23 0.00 0.00 27
News types visited 1,436 0.46 0.77 0.00 0.00 6
Political news visits 1,436 0.17 1.07 0.00 0.00 86
Intermediaries visited (daily)

Facebook visits 1,436 13.68 29.56 0.00 1.00 700
Twitter visits 1,436 0.37 3.82 0.00 0.00 203
Search visits 1,436 10.74 16.94 0.00 5.00 327
Portal visits 1,436 5.94 13.03 0.00 0.00 292
Ebay visits 1,436 1.29 8.58 0.00 0.00 459
Total visits 1,436 99.18 98.77 1.00 69.00 1,045

Table S8: Descriptive statistics, Spain

Variable N Mean  St. Dev. Min Median Max

Survey variables

Age 1,342 48.49 16.75  18.00 50.00 87
Education 1,342 2.18 0.79 1.00 2.00 3
Female 1,342 0.52 0.50 0.00 1.00 1
Political interest 1,341 2.72 0.83 1.00 3.00 4
Political extremism 1,342 2.23 1.47 0.09 1.91 6.09
Political talk 1,191 2.08 1.17 0.00 2.00 4
Social media for news 1,276 2.91 0.91 1.00 3.00 4
Social media disagreement 1,272 2.90 0.71 1.00 3.00 5
Social media engagement 1,193 1.48 1.76 0.00 1.00 5
Dependent variables (daily)

Total news visits 1,342 3.73 10.70 0.00 0.00 270
News outlets visited 1,342 0.86 1.64 0.00 0.00 27
News types visited 1,342 0.61 0.95 0.00 0.00 7
Political news visits 1,342 0.57 2.55 0.00 0.00 139
Intermediaries visited (daily)

Facebook visits 1,342 7.49 20.27 0.00 0.00 522
Twitter visits 1,342 1.62 11.34 0.00 0.00 400
Search visits 1,342 11.38 18.96 0.00 5.00 485
Portal visits 1,342 1.34 6.11 0.00 0.00 408
Ebay visits 1,342 0.46 5.59 0.00 0.00 432
Total visits 1,342 79.18 83.97 1.00 53.00 979




Table S9: Descriptive statistics, UK

Variable N Mean  St. Dev. Min Median Max
Survey variables
Age 1,090 50.66 14.90  18.00 51.00 89
Education 1,090 2.42 0.59 1.00 2.00 3
Female 1,090 0.52 0.50 0.00 1.00 1
Political interest 1,089 2.72 0.91 1.00 3.00 4
Political extremism 981 1.34 1.44 0.04 0.96 5.04
Political talk 981 1.90 1.10 0.00 200 4
Social media for news 995 2.43 0.97 1.00 3.00 4
Social media disagreement 994 3.10 0.81 1.00 3.00 5
Social media engagement 982 1.10 1.62 0.00 000 5
Dependent variables (daily)
Total news visits 1,090 4.23 10.11 0.00 0.00 208
News outlets visited 1,090 0.76 1.17 0.00 0.00 16
News types visited 1,090 0.67 0.92 0.00 0.00 6
Political news visits 1,090 0.44 2.13 0.00 0.00 170
Intermediaries visited (daily)
Facebook visits 1,090 10.99 24.96 0.00 1.00 511
Twitter visits 1,090 1.63 12.50 0.00 0.00 459
Search visits 1,090 11.34 23.66 0.00 3.00 1,076
Portal visits 1,090 6.11 15.56 0.00 0.00 430
Ebay visits 1,090 3.98 15.71 0.00 0.00 416
Total visits 1,090 114.18 112.31 1.00 81.00 1,264
Table S10: Descriptive statistics, USA
Variable N Mean  St. Dev. Min Median Max
Survey variables
Age 1,387 47.54 14.80  18.00 48.00 85
Education 1,387 2.30 0.55 1.00 2.00 3
Female 1,387 0.66 0.48 0.00 1.00 1
Political interest 1,386 2.64 0.97 1.00 3.00 4
Political extremism 1,382 2.14 1.69 0.46 1.54 5.46
Political talk 1,173 1.77 1.25 0.00 2.00 4
Social media for news 1,346 2.58 1.00 1.00 3.00 4
Social media disagreement 1,347 3.09 0.93 1.00 3.00 5
Social media engagement 1,177 1.49 1.79 0.00 1.00 5
Dependent variables (daily)
Total news visits 1,387 1.51 5.84 0.00 0.00 329
News outlets visited 1,387 0.41 1.00 0.00 0.00 32
News types visited 1,387 0.35 0.72 0.00 0.00 7
Political news visits 1,387 0.24 1.50 0.00 0.00 68
Media diet slant 1,132 -0.13 0.24 -0.77 -0.13  0.91
Intermediaries visited (daily)
Facebook visits 1,387 14.69 29.70 0.00 2.00 815
Twitter visits 1,387 1.05 10.54 0.00 0.00 765
Search visits 1,387 15.22 25.07 0.00 6.00 389
Portal visits 1,387 10.07 21.26 0.00 0.00 627
Ebay visits 1,387 1.48 10.32 0.00 0.00 518
Total visits 1,387  125.11 140.97 1.00 86.00 3,157




S5 Comparison of samples to external benchmarks

To assess the generalizability of the news consumption behavior of study par-
ticipants, we compare the popularity of news domains in our data to their visit
numbers in the top 500 Alexa country rankings for the three months of our data
collection.! Alexa has the advantage that the data is available across countries,
as it tracks the website visits of more than 300 million users who have installed
a web browser plugin. Nevertheless, it is still unclear how representative of each
countries’ online population the data is. Figure S2 shows the correspondence
between the number of news website visits in both data sources.

France Germany Italy
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p=0.5 0=0.48 0=0.58 .

1,000

o

Spain UK us

10,000 .
p=0.71 ) p=0.66 p=0.48
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10 100 1,000 10,000 100,000 10 100 1,000 10,000 100,000 10 100 1,000 10,000 100,000
Web tracking visits

Figure S2: Popularity of news websites in the top 500 Alexa rankings per country
and among web tracking panelists. p = Spearman’s rank correlations.

Thttps://www.alexa.com /siteinfo


https://www.alexa.com/siteinfo

Participants in an online web tracking might have a higher propensity to
get news from online media instead of newspapers, television and radio. To
compare offline news exposure to an external benchmark, we implemented self-
report items of media exposure from the Reuters Digital News Report (DNR)
2019 (Newman et al., 2019) in our surveys. The high correlations demonstrate
that the study participants were equally likely to get news from newspapers and
in particular from the major television news programs in each country.

France Germany Italy

1.00

0.10

0.01

1.00

0.10

Weekly offline news media brand use (Reuters DNR 2019)

0.01

0.01 0.10 1.00 0.01 0.10 1.00 0.01 0.10 1.00
Weekly offline news media brand use by web tracking panelists

Figure S3: Weekly offline news media brands used, comparison of Reuters Dig-
ital News Report 2019 and web tracking panelists. p = Spearman’s rank corre-
lations.
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Figure S4: Privacy attitudes among German web tracking participants and a
sample of German online access panelists without web tracking.

Another important way in which the study participants could differ from
other online news users might be privacy attitudes. We therefore investigated to
what extent privacy attitudes of web tracking panelists diverged from panelists
who participate in surveys, but do not have tracking tools installed (replicating
the approach of Guess, 2021). As a comparison group, we sampled 1,002 German
participants based on population margins for gender, age and education from
the regular online access panel of the same survey company. Respondents were
presented the following statements and asked about their (dis)agreement on a
five-point scale.

e Personalized advertising makes me afraid.
e | am concerned about how much data there is about me on the Internet.

e My privacy on the Internet does not matter to me.

Figure S4 shows that there were only marginal differences in the privacy
attitudes of online access panelists who participated in the web tracking and
those who did not. Yet as outlined in Section S1, we cannot draw inferences to
the privacy attitudes of the German general population from these data.



S6 Classifying political news articles

Building on previous work combining web tracking data and article content
(Bakshy et al., 2015; Flaxman et al., 2016; Guess, 2021), we constructed a
classifier for each country that predicts whether the news articles visited by
panelists contain political content. To get the textual contents, all unique URLs
were crawled with the R package rvest (Wickham, 2020). The article text was
parsed from the downloaded html files using the Python library newspaper (Ou-
Yang, 2013).

For training the text classification model, we first selected five major news
websites in each country and identified all of their articles that contain one of
the unambiguous political keywords polit, democrac or elect in the URL (see
Table S11).? The respective five news outlets per country were chosen based on
two considerations: (1) they are popular among our panelists and the overall
online population according to the Reuters Digital News Report (Newman et al.,
2019), and (2) they have a website/URL architecture with a specific politics
subsection.?

Table S11: Selected news domains and political keywords per country

Country  Outlets Detected keywords in URLSs
France lefigaro.fr, 20minutes.fr, polit, democra, elections
lemonde.fr, francetvinfo.fr,
lepoint.fr

Germany bild.de, welt.de, focus.de, polit, demokrat, wahl
spiegel.de, sueddeutsche.de

Italy repubblica.it, corriere.it, medi- polit, democraz, elezion
,,,,,,,, aset.it, leggo.it, llmessaggeroit
Spain elpais.com, lavanguardia.com, polit, democra, elecciones

elperiodico.com, eldiario.es, ca-
denaser.com

UK bbc.co.uk,  theguardian.com, polit, policy, democrac, elect
telegraph.co.uk, mirror.co.uk,
independent.co.uk

Us cnn.com, foxnews.com, mny- polit, policy, democrac, elect
times.com, washington-

post.com, nbcnews.com

2We defined all articles as political whose content is related to either polity (e.g., political
institutions, democracy), politics (e.g., elections, political actors, scandals) or policy (e.g., reg-
ulation or legislation with regard to substantive issues, which excludes non-policy aspects like
crime reports). A hand-coding of 100 randomly selected articles for each country shows that
only 18 out of 600 articles identified by the predefined political keywords were not political.

3For instance, the latter criterion disqualified dailymail.co.uk, the third most popular news
domain among UK panelists.
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We treated the URLs of the five selected news domains that do not include
one of the political keywords as the negative set of training articles. This is
a restrictive operationalization of political news, as URLs on other sections of
these websites also contain political content. Guess (2021) and Flaxman et al.
(2016), in contrast, used a more extensive training dataset including URLSs
published on website subsections such as business, national or news. Our
classifiers thus underestimate the share of political content, yet thanks to its
parsimony, the approach is comparable across countries. Consequently, if we
find effects of intermediary use on political news exposure, the true effects are
most likely even stronger.

The following text preprocessing steps were taken before training the classi-
fiers.?

1. We excluded the top level news domains (e.g., nytimes.com), as the content
on these pages changes dynamically and therefore differed at the time of
crawling from the time of the actual website visit made by a panelist.

2. As the included news domains publish in five different languages, we re-

moved English, French (keeping the string “eu”), German, Italian and

Spanish stopwords.

We removed punctuation, numbers, hyphens and symbols.

4. We reduced the corpus for each country to words that occur at least 20
times.

@

The frequencies of words in these pre-processed corpora already reveal a clear
signal: political articles have a distinct vocabulary compared with non-political
articles (Figure S5).

Using the articles including the URL keywords in Table S11 as “gold stan-
dard” labels for political news coverage, a Naive Bayes classifier was trained for
each country and evaluated against a held-out set of test data using ten-fold
cross-validation. The average performance of each Naive Bayes classifier per
country across its respective ten folds is listed in Table S12. The classifiers
accurately identified political articles, mirroring the performance achieved in
similar applications (Flaxman et al., 2016; Guess, 2021). Table S13 shows the
most predictive features for classifying articles as political or non-political.

4The text analysis was performed using the R package quanteda (Benoit et al., 2018).
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Table S12: Results from ten-fold cross-validation

Country  Accuracy Precision Recall F1

France 0.92 0.92 0.99 0.96
Germany 0.91 0.91 0.98 0.95
Italy 0.93 0.93 0.99 0.96
Spain 0.89 0.88 0.98 0.93
UK 0.94 0.95 0.99 0.97
US 0.88 0.89 0.96 0.92

Note: Mean values from ten-fold cross-validation.

Table S13: Most predictive features for classifying political vs. non-political
articles
Country  Political Non-political
France plus, c’est, macron, liste, plus, c’est, d'un, deux, ans,

france, aussi, président, aussi, comme, d’une, fait, tout,
comme, fait, parti, eu- france, aprés, euros, bien, étre,
ropéennes, qu'il, politique, paris, selon, qu’il, prix, faire
emmanuel, d’un, tout, d’une,
étre, faire, deux

" Germany prozent, spd, mehr, sagte, mehr, wurde, schon, euro, zwei,
eu, partei, deutschland, cdu, immer, lesen, ab, gibt, beim,
afd, wurde, trump, anzeige, jahren, deutschland, seit, geht,
menschen, griinen, seit, eu- anzeige, mal, menschen, sagte,
ropawahl, wahl, zwei, schon, drei, bild
lesen

“Ttaly ~ salvini, lega, governo, pd, par- anni, stato, dopo, due, prima,
tito, stato, mbs, ministro, essere, poi, solo, quando, fatto,
maio, poi, presidente, dopo, ancora, stata, sempre, cosi,
fa, solo, italia, prima, elezioni, casa, fa, via, euro, molto, fare
due, c’¢, essere

" Spain  pp, partido, gobierno, elec- voz, afos, dos, ser, puede, asi,
ciones, vox, psoe, votos, hace, ahora, espana, segun,
sanchez, ciudadanos, dos, vez, euros, solo, después,
podemos, espana, pais, elec- madrid, tres, dia, ademés,
toral, ser, madrid, presidente, cada, ano
casado, anos, tras

UK brexit, said, party, deal, may, said, image, one, people, first,
eu, vote, mps, uk, labour, peo- year, time, can, two, new, just,
ple, parliament, minister, gov- caption, getty, us, years, now,
ernment, mr, one, european, says, copyright, like, last
prime, getty, new

“us trump, said, president, house, said, one, people, new, like,

report, mueller, trump’s, one,
news, democrats, new, cam-
paign, people, justice, told, fox,
us, white, barr, investigation

just, time, year, can, told, get,
news, first, two, years, now,
trump, according, day, even




After the evaluation, the classifier was applied to all news articles that were
visited by the study participants to predict whether these are political or not.
A validation of the classifier predictions by hand-coding 100 randomly selected
articles for each country showed a highly accurate out-of-sample performance.’
For constructing the final measure identifying political articles, we first applied
the political URL keywords listed in Table S11 to all URLs and only used the
classifier predictions if there was no positive string match. In addition to the
113,420 news website visits classified as political by the URL keywords, we
identified additional 178,969 visits to political articles (e.g., on website sections
such as national or society) thanks to the classifier.

Taken together, the share of political news among all URLs of news websites
varied between 7.8% (Italy) and 17.2% (US). While highest among our set of
countries, the share for the US was still smaller than reported in Guess (2021)
(19% in 2015, 23% in 2016). This can be explained by (1) our less expansive
definition of news (defined through only a few political URL keywords) and (2)
the ongoing presidential election in his 2016 study that most likely increased
exposure to political news.

5Accuracy 0.90, Precision 0.90, Recall 0.97, F1 0.94, with only minor variation across
countries.
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S7 Description of the statistical models

Model specification

Following Bell et al. (2019), we estimated random effects within-between (REWB)
models, which are mixed effects regressions that include both person-mean cen-
tered (within) predictors and person-level averages (between). For a single pre-
dictor variable z, i respondents and ¢ repeated measurements, the REWB model
is specified as

Yit = b+ Biw (it — T5) + PaBTi + vio + vir (@ie — Ti) + €ir0

with Byw as the within-person effect, Sop as the between-person effect. In
addition to random intercepts for respondents v;g, the model also includes ran-
dom slopes v;; for the within-person effect in order to obtain conservative es-
timates and allow for subsequent analyses of effect heterogeneity. Since the
dependent variables are counts, we used a Poisson GLM and included random
intercepts for days and observations in order to control for possible period ef-
fects as well as overdispersion (Harrison, 2014). All within-between predictor
variables were log(x+1)-transformed to account for days with zero intermediary
or news visits and since we expected nonlinear effects.

Model estimation

The REWB models are computationally demanding, especially with very large
samples such as ours. As a consequence, estimating the model above using
the full sample and predictors including cross-level interactions to investigate
effect heterogeneity resulted in convergence problems. In order to get reliable
estimates, we therefore split the data into ten equally sized respondent samples,
stratified by country. We then followed a three-step approach:

1. For every fold and every outcome, we estimated the above mentioned
Poisson REWB model using REML implemented in the R package Ime/
(Bates et al., 2015). We saved all parameter estimates, both for the fixed
and random parts of the model.

2. We then ran several mini meta-analyses using the fixed effects estimates
and their standard errors as data, using the R package brms (Biirkner,
2018). This yielded a meta-analytic (average) effect and credible intervals
for every predictor in the model, as shown in Figure 2 in the main paper.

3. In order to investigate the between-person heterogeneity of the effects, we
extracted and pooled the random intercepts and slopes from all folds, in-
cluding their standard errors, and estimated a second set of meta-analyses,
this time including person-level characteristics as covariates, again using
brms. This slopes-as-outcome analysis allowed us to estimate the differ-
ences in the intercepts and within-person effects between different (groups
of) respondents, as displayed in Figure 3 in the main paper.
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S8 Additional results

S8.1 Log-level analysis

Spain A —_—
UK 1 -
France ——
P
s
c
=]
S)
(@]
Italy 4 ——
Germany - ——
US ——
0.005 0.010 0.015 0.020

Probability of a news visit

Figure S6: Baseline probability of a news visit. Results from a logistic re-
gression model with person-level random intercepts that take into account the
between-person differences in overall online activity. N = 27,028,342 domain
visits (subsequent URLs of the same domain were merged).
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Figure S7: Probability of exposure to political news, conditional on the pre-
viously visited website. Estimated marginal probabilities and 99% confidence
intervals from a logistic regression model with person-level random intercepts.
N = 27,028,342 domain visits. Subsequent URLs of the same domain were
merged and the visit marked as political when at least one URL was classified
as such (see Section S6).
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S8.2 Daily within-person analysis

Total news visits News outlets visited News types visited Political news visits
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Figure S8: Distribution of varying coefficients of the within-person effects (Fig-
ure 2 in the main paper). N = 7,754 persons; 486,789 person-days.
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Total news visits News outlets visited News types visited Political news visits
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Figure S9: Within-person (see also Figure 2 in the main paper) and between-
person Poisson regression coefficients and 99% confidence intervals from REWB
models. N = 7,754 persons; 486,789 person-days.

Total news visits News outlets visited News types visited Political news visits
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Figure S10: Moderation analyses of the random intercepts from the REWB
models. Regression coefficients and 99% confidence intervals. Reference cate-
gories are “US” and “Education low”. Age was divided by 10 before the estima-
tion to improve interpretation. N = 7,622 persons; 478,647 person-days.
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A host of studies have identified political discussion behavior and the com-
position of personal social networks as important correlates of online and offline
political news engagement (Barber4, 2015; Boulianne and Koc-Michalska, 2021;
Lee and Kim, 2017; Vaccari et al., 2016). The number and political heterogene-
ity of contact networks, the share of weak ties, and the propensity of discussing
news and politics with these contacts affect how often online users will encounter
news. The algorithms of online intermediaries are likely to pick up these pat-
terns in user behavior and further feed news content into the information stream
of politically engaged citizens (Thorson, 2020).

To incorporate such individual-level correlates of getting exposed to news via
online intermediaries, we use additional survey items (see Table S3 for original
sources of the survey items and question wording and Section S4 for descriptive
statistics):

e Importance of social media for getting news. Only available for persons
who reported having an account on at least one social network site.

e Disagreement with the political opinions or political content contacts post
on social media. Only available for persons who reported having an ac-
count on at least one social network site.

e Political and news engagement on social network sites. Summed index of
activities such as commenting on a news story and posting on political
issues in the last 12 months (range 0 to 5).

e Political talk frequency with friends and relatives. Summed index of dis-
cussions about national and local political matters (range 0 to 4; “occa-
sionally” coded as 1, “frequently” coded as 2).

While more fine-grained measurements have been used in some studies (Lee
and Kim, 2017), the available survey items represent the theoretically relevant
target concepts well. It is noteworthy that political discussion frequency and
the political and news engagement battery were implemented in a later survey
wave six weeks after the baseline survey. Due to unit non-response, the number
of included respondents is reduced to N = 6,408 persons in these models.

Figure S11 shows that even after inclusion of these covariates and despite a
reduced number of included persons, the main results from Figure 3 in the main
paper hold. The most likely explanation is that these additional variables re-
quire a high degree of personal involvement that is already captured by political
interest — an important predictor of news exposure (see Figure S10).

20



France

Germany

Italy

Spain

UK

Age

Female
Education medium
Education high
Political interest
Extremism

SM for news

SM disagreement
SM engagement
Political talk

France

Germany

Italy

Spain

UK

Age

Female
Education medium
Education high
Political interest
Extremism

SM for news

SM disagreement
SM engagement
Political talk

France

Germany

Italy

Spain

UK

Age

Female
Education medium
Education high
Political interest
Extremism

SM for news

SM disagreement
SM engagement
Political talk

France

Germany

Italy

Spain

UK

Age

Female
Education medium
Education high
Political interest
Extremism

SM for news

SM disagreement
SM engagement
Political talk

Figure S11: Regression coefficients and 99% confidence intervals from moder-
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ation analyses of the random within-person slopes of the REWB model with

additional covariates included. Coefficients describe how, in any given sub-
group, the effects of the random slopes deviated from the fixed effects in Figure
2 in the main paper. Reference categories are “US” and “Education low”. Age
was divided by 10 before the estimation to improve interpretation. “SM”

Social media. N = 6,408 persons; 413,978 person-days.
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S8.3 Mobile use

In addition to desktop browsing, mobile data was available for 36% of study
participants. The mobile tracking captures website visits in mobile browsers and
app usage. Besides the domain codes used in the desktop analysis, we also coded
the top 5,000 used apps as news or the different intermediaries). The analysis
for political news visits cannot be replicated, as the mobile data captures the
full URL for non-https traffic only and does not provide any information about
the content seen in apps.

The results are similar to the patterns for desktop browsing in the main
paper. However, there are two noteworthy differences: (1) the share of news in
the media diet of the smartphone sample is lower than among desktop users; and
(2) the effects of intermediaries are generally weaker, especially in the case of
Facebook and portals (predominantly apps that provide direct access to emails
without getting exposed to the starting pages of portals).

———
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=y
v—
Twitter 1 S
s
3
:g Other - % %
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8
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€ Facebook- %
g ©
o
Portal VX' 4) Spain
UK
France
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Probability of a news visit

Figure S12: Probability of exposure to news on mobile apps or mobile
browsers, conditional on the previously visited website. Estimated marginal
probabilities and 99% confidence intervals from a logistic regression model with
person-level random intercepts. N = 9,056,404 domain or app visits (subsequent
visits of the same domain or app were merged).
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Total news visits News outlets visited News types visited
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Figure S13: Within-person Poisson regression coefficients and 99% confidence
intervals from REWB models, estimated on use of mobile apps or mobile
browsers. N = 2,830 persons; 173,071 person-days.
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Figure S14: Regression coefficients and 99% confidence intervals from modera-
tion analyses of the random within-person slopes of the REWB model, estimated
on use of mobile apps or mobile browsers. Coefficients describe how, for
any level of the moderating variable, the within-person effects of using inter-
mediaries on news exposure deviated from the fixed effects displayed in Figure
S13. Reference categories are “US” and “Education low”. Age was divided by
10 before the estimation to improve interpretation. N = 2,803 persons; 171,410
person-days.

24



S8.4 Ideological alignment of news domains

As a direct test of whether online intermediaries narrow the ideological diversity
of media diets, we used the alignment scores of Bakshy et al. (2015) to calcu-
late the slant of study participants’ media diets. We restrict this analysis to
the US sample as the domain alignment scores were constructed based on the
ideology of US Facebook users and are therefore only available for American
website domains. The platforms amazon.com, twitter.com and youtube.com
that got assigned an alignment score were excluded, while the alignment scores
for the portals aol.com, msn.com and yahoo.com were only assigned to their
news sections instead of the entire domain. In addition to the individual-level
covariates from the main paper, we use party identification for this analysis
(38% Democrats, 37% Independents including other parties, 25% Republican).
The share of partisans is similar to the American National Election Studies 2016
(ANES, 2021), with a slight over-representation of Democrats.

Figure S15 plots the average daily media slant, with negative values repre-
senting a more liberal and positive values a more conservative media diet. The
distribution resembles the results of Guess (2021), but is more bumpy due to the
aggregation at the daily level instead of the respondent level and is on average
shifted slightly more to the right.

Independent or other

Republican

Democrat

-1.0 -0.5 0.0 0.5 1.0
Average daily media diet slant

Figure S15: Average daily media diet slant. 23,153 person-days for US study
participants with at least one visit to a news website with an alignment score
by Bakshy et al. (2015).
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Figure S16: Within-person linear regression coefficients and 99% confidence
intervals of daily intermediary use on media diet slant. REWB models estimated
for US study participants. N = 1,131 persons; 23,153 person-days.

We used the mean domain alignment for each person-day when a panelist
visited at least one website with an alignment score as the dependent variable
in linear regressions.® Figure S16 shows that daily intermediary use is only
weakly related to the ideological slant of media diets. Daily search frequencies
and having more daily visits overall is associated with a more liberal media diet.
The positive effect of portals on conservative media diets can be explained by
the overall left-leaning audience distribution. The alignment scores of all news
sections of portals are to the right of the mean ideology of news domains visited
by US study participants (-0.097). Therefore using portals (e.g., for checking
emails), which frequently results in visits of portals’ news sections (see also the
log-level results in Figure 1 in the main paper), shifts media diets towards the
conservative pole, on average.

These fixed effects are again broken down by personal characteristics in a
moderation analysis. Figure S17 first shows the random intercepts. Compared

6The analysis covers 24.5% of all US person-days. 81% of US study participants visited a
domain with an alignment score at least once during our research period.
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Figure S17: Regression coefficients and 99% confidence intervals from modera-
tion analyses of the within-person random intercepts of the REWB model
among US study participants (see Figure S16). The reference categories are
“Education low” and “Independent” (party identification). Age was divided by
10 before the estimation to improve interpretation. N = 1,126 persons; 23,096
person-days.

with self-identified Independents, Democrats’ media diet is shifted to to the
liberal end of the full ideological distribution by 27%, while Republicans’s media
diet skews to the conservative side by roughly the same amount.” As expected,
ideologically more conservative persons had a more conservative media diet.

If widespread assumptions about supposed echo chambers bear some sem-
blance of reality, the random within-person slopes should show that using more
intermediaries on a given day reinforces the slant of the daily media diet, de-
pending on individual-level factors. Yet Figure S18 again reveals no noteworthy
micro-level heterogeneity. Most importantly, neither being a Democrat or Re-
publican nor ideological self-placement significantly moderated the effects of
intermediaries on the daily media diet slant.®

"While our data source and regression models differ from Guess (2021), it appears that the
ideological spread of media diets has grown since 2016.

8The coefficients are very similar when the models are estimated only with party identifi-
cation but without political ideology.
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Figure S18: Regression coefficients and 99% confidence intervals from moder-
ation analyses of the within-person random slopes of the REWB model
among US study participants. Coefficients describe how, for any level of the
moderating variable, the within-person effects deviated from the fixed effects
displayed in Figure S16. Reference categories are “Education low” and “Inde-
pendent” (party identification). Age was divided by 10 before the estimation to
improve interpretation. N = 1,126 persons; 23,096 person-days.
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