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Abstract

While individuals’ trust in search engine results is well-supported, little is known
about their preferences when selecting news. We use web-tracked behavioral data
across a 2-month period (280 participants) and we analyze three competing factors,
two algorithmic (ranking and representativeness) and one psychological (familiarity),
that could influence the selection of search results. We use news engagement as
a proxy for familiarity and investigate news articles presented on Google search
pages (n=1221). We find a significant effect of algorithmic factors but not of
familiarity. We find that ranking plays a lesser role for news compared to non-news,
suggesting a more careful decision-making process. We confirm that Google Search
drives individuals to unfamiliar sources, and find that it increases the diversity of
the political audience of news sources. We tackle the challenge of measuring social
science theories in contexts shaped by algorithms, demonstrating their leverage over
the behaviors of individuals.
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Introduction

Online platforms have expanded the ways in which individuals access and interact with
news (Maller et al., 2020). Across a variety of countries, websites have become the most
important source for news (75%); about 25% of news users name search engines as their
main way of coming across news online, with 25% direct, and another 26% via social
media (Newman et al., 2021). There is a need to understand how individuals seek infor-
mation and how these decisions affect their behavior (Loecherbach et al., 2021; Sharot
and Sunstein, 2020). Search engines are of particular interest: with their role as gatekeep-
ers (Nechushtai and Lewis, 2019), they are in the privileged position of fulfilling an
individual’s need for information by preselecting, sorting, and presenting resources from
the millions available on the Internet. Crucially, individuals place a high degree of trust
in search engines, which is evidenced by how often they select the top results (Pan et al.,
2007; Urman and Makhortykh, 2021).

Despite the strong effect of ranking, it is important to consider other factors that might
influence the selection of results. Some studies have found a positive association between
search engine use and the diversity of news sources visited by individuals (Fletcher et al.,
2021; Fletcher and Nielsen, 2018; Scharkow et al., 2020), while others have analyzed
representativeness of sources in search results (Haim et al., 2018; Nechushtai and Lewis,
2019; Puschmann, 2019; Urman et al., 2021). Yet, to the best of our knowledge, no one
has yet investigated how representativeness of news sources affects individuals’ selec-
tion of news articles, even though the probability with which a user selects a domain
might be affected by the frequency with which it is displayed on the search result page.

Most interestingly, personal preferences should influence the result selection (e.g.
Robertson et al., 2021), but they remain understudied due to the difficulties of collecting
behavioral data that offers a comprehensive picture of what individuals see and do online.
Specifically, we use web tracking data to test the hypothesis that familiarity with news
sources predicts online news selection in search engine results.

In the context of the argument made for theory development in environments shaped
by algorithms (Wagner et al., 2021), neither algorithmically decided factors nor psycho-
logical phenomena such as familiarity should be explored in isolation. Thus, supported
by the above theories and empirical data, we analyze three factors using linear mixed-
effect models (controlled for surveyed individual characteristics) to investigate how indi-
viduals select news articles from a list of search results: two algorithmic (ranking and
source representativeness) and one psychological (familiarity), and study their potential
interactions. In a novel manner, we explore web tracking data in the form of a behavioral
field study to analyze the relation between these three factors. Access to the full HTML
of individuals’ visited pages and tab activity of the browser allow us to examine not only
their selections, but also the alternative options to which participants were exposed.

Literature review

With the emergence of new forms of accessing information online, concerns have
emerged about the impact that online platforms have on society, because they guide indi-
viduals to algorithmically chosen content (Rahwan et al., 2019; Wagner et al., 2021).



Ulloa and Kacperski 3

Researchers have demonstrated that search results influence judgments, decisions, and
behaviors ranging from purchases (Ghose et al., 2014) to health information (Kammerer
and Gerjets, 2012; Lau and Coiera, 2009) and to voting preferences (Epstein et al., 2017;
Epstein and Robertson, 2015; Zweig, 2017).

Crucially, individuals place a high degree of trust in search engines, which is evi-
denced by how often they select the top results (Pan et al., 2007; Urman and
Makhortykh, 2021). The ranking effect is so widely accepted that heavy weights are
used in studies that investigate biases in search engines (Kulshrestha et al., 2017;
Robertson et al., 2018). The role of ranking finds strong support in psychological theo-
ries that have shown that the first (and last) positions of items in lists are recalled more
often (Murdock, 1962; Murphy et al., 2006), and that primacy effects impact attitudes
and beliefs (Asch, 1946; Sullivan, 2019). Similarly, the strong effect of ranking on
choice is in line with findings on default effects, well-supported across a variety of
behavioral experimental studies (Hummel and Maedche, 2019; Jachimowicz et al.,
2019). However, most research on search engine rankings deals with general search
behavior, and to the best of our knowledge, no research has yet identified how rankings
impact individuals’ exposure to news results specifically, or whether there are differ-
ences in ranking effects for news and non-news.

Online actors compete to improve the visibility of their websites on search
engines, a practice known as Search Engine Optimization (SEO). On one hand, the
details of filtering and ranking algorithms are often kept confidential by search com-
panies; researchers here opt for indirect methods such as search engine audits (Ulloa
et al., 2022a) to demonstrate the presence of biases in search results (e.g. Robertson
et al., 2018; Ulloa et al., 2022b; Urman et al., 2021). On the other hand, search com-
panies provide guidelines to make it easier for themselves to process online content
(Google Developers, 2022). At the same time, news organizations have become
increasingly reliant on these digital intermediaries, as they offer short-term opportu-
nities to engage audiences, even if this may result in a loss of control over their
professional identity (Nielsen and Ganter, 2018). And although news reports are
guided by journalistic norms (Hackett, 1984; Mufioz-Torres, 2012), research indi-
cates that market forces may be influencing the gatekeeping aspect of the media
(Hamilton, 2011; Patterson, 2013).

Researchers have raised concerns about the potential effects that online platforms
have on society. Three theoretical concepts are commonly named to describe such con-
cerns: filter bubbles, echo chambers, and selective exposure (for a review, see Ross
Arguedas et al., 2022). Filter bubbles happen when content is selected according to indi-
viduals’ previous consumption, creating a feedback loop which hinders the exposure to
different views (Pariser, 2011), which is closely related to the effects of search personali-
zation (Hannak et al., 2013). Echo chambers refer to environments in which individuals
are exposed to information mostly from like-minded individuals (Bakshy et al., 2015;
Dubois and Blank, 2018). Selective exposure describes the tendency of individuals to
select information matching their beliefs (Garrett, 2009; Stroud, 2017).

Filter bubbles focus on information filtered by the algorithm, echo chambers by the
individual’s social network and selective exposure by the individual themselves. The
outcome is similar: individuals engage with information that is congruent to their
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previous beliefs. Not surprisingly, it has been difficult to tease apart and study the mech-
anism behind these phenomena.

For the case of search engines, echo chambers are irrelevant, as web search is argua-
bly not affected by the opinion of like-minded individuals. However, search engines
have the potential of generating filter bubbles. Most of the recent empirical evidence
indicates that such concerns are overstated (e.g. Fletcher and Nielsen, 2018; Scharkow
et al., 2020; Stier et al., 2022), although theoretical models show that complex social-
influence dynamics could amplify small effects (Keijzer and Mis, 2022). Still, instead of
feedback loops of information which limit the exposure to different perspectives,
researchers find that search results are more likely to drive users to diverse sources
(Fletcher and Nielsen, 2018; Scharkow et al., 2020; Steiner et al., 2022; Wojcieszak
et al., 2022), despite there being evidence of a higher representation of “mainstream”
news sources in search results (Nechushtai and Lewis, 2019; Steiner et al., 2022; Trielli
and Diakopoulos, 2019).

The cited studies that challenge the existence of filter bubbles can also (explicitly or
implicitly) challenge the effects of selective exposure. At the same time, selective expo-
sure is supported by extensive research (for a review, see Stroud, 2017). More recently,
Robertson et al. (2021) found ideological preferences in browsing data, that is, strong
partisans chose to engage with substantially more partisan news than they were exposed
to in their Google Search results. One type of preference that has not yet been studied
using browsing data is familiarity to news sources, despite psychological theories that
support its examination. The mere-exposure effect explains the development of prefer-
ences toward objects as individuals become familiar with them (Montoya et al., 2017).
This is similar to the function of the familiarity heuristic, which in consumer behavior
explains why individuals are more likely to consume products of the same brand (Park
and Lessig, 1981). In addition, familiarity could also be taken as an indicator of trust
toward specific news sources, and researchers have established a link between trust and
“mainstream’ news sources (Fletcher and Park, 2017).

In our work, we will look at individuals’ familiarity with news sources, while consid-
ering the ranking of results and representativeness of news sources. Crucially, our meas-
urement of familiarity is not self-reported but estimated from news visits unrelated to
those driven by search engines. Methodologically, we improve on the previous works
that study these factors by capturing the full content (HTML) of the search pages visits
to estimate the exposure, and the browser’s Tab Activity to identify the referrals; this is
similar to Robertson et al. (2021), though we also identify the visited URLs (of the news
article) in the list of search results to include the ranking of the selected results in our
statistical model, instead of calculating a rank-weighted partisanship score for the entire
search result page.

Research questions

In this study, our aim is to understand how Google Search shapes participants’ news
search and consumption across a 2-month period of data collection. Based on the theo-
retical frameworks regarding search engine information proliferation and filter bubbles
introduced above, we pose several research questions. The main research question is
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related to three relevant factors that we identified in our literature review, that is, rank,
representativeness, and familiarity:

Research Question la (RQl1a). Do rank, representativeness, and familiarity all influ-
ence news article selection?

Research Question 1b (RQ1b). Which has the strongest effect?

The second research question concerns itself with the existence of filter bubbles:

Research Question 2a (RQ2a). Will Google Search create a filter bubble, or will it
increase source diversity in news consumption?

Research Question 2b (RQ2b). Will Google funnel participants to partisan news
sources, or will it increase audience diversity?

Although ranking has been established as major factor on search results selection, it
is not clear if this applies equally to news, which leads to a third research question:

Research Question 3 (RQ3). Do ranking effects differ for news and non-news search
results?

We also conducted post hoc exploratory analyses into our here developed familiarity
metric, and present findings on reliability and consistency across our data set.

Methods

Data sources and participant demographics

We used data from a web tracking study that collected browsing activity of German citi-
zens eligible to vote in the 2021 elections between 19 August 2021 and 27 October 2021.
A total of 18,244 members of a commercial market research panel (dynata) received an
invitation to participate in a longitudinal online survey (three waves) and to install a
desktop Chrome/Firefox browser extension (Aigenseer et al., 2019); 7710 entered the
survey, 739 completed the survey and installed the desktop extension. Exclusions
occurred for the following criteria: (a) quota demographic cells were full, (b) individuals
did not meet the necessary eligibility criteria to vote in the 2021 German election, (c)
they did not use Firefox or Chrome as their primary web browser, (d) they did not install
the extension, or (e) they withdrew early from the survey for other, self-selected reasons.
The aim was to approximate a representative sample of the German population. Due to
the above exclusions, lower educated individuals, and young and very old age groups are
underrepresented.

Depending on participation days, participants were compensated with 25 to 75 EUR.
In total, ~8.36 M page visits of the 739 participants (M=11,311.07, Mdn=7436,
SD=13,730.45) were recorded. After data cleaning, 1221 Google Search result pages,
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comprising 5380 news articles, were included in the analysis; 280 participants were rep-
resented with at least one search page in which they selected at least one news article
(N=1221,M=4.36, Mdn=3, SD=6.63). Of these, 122 identified as women, 155 as men,
and one as non-binary. 60 participants were from East Germany and 218 from West
Germany. 34 participants held at least elementary level education, 93 had a mid-level
education, and 151 reported a high education level (high school or above). The sample’s
mean age was 46.73 (Mdn=48, SD=13.96, min=18, max="74). The sample’s mean in
terms of political alignment was 5.45 (Mdn=6, SD=1.88, left=1, right=10). The 280
participants conducted ~4.27M visits M =15,261.05, Mdn=11,286.50, SD=13,239.92),
of which 75,911 (M=271.11, Mdn=90.5, SD=448.59) were to German and English
news websites, which we identified using three lists (i.e. AllSides, 2022; Robertson et al.,
2018; Stier et al., 2020). These data represent a case study of German news consumers in
web search, providing an opportunity to examine the empirical validity of existing theo-
retical concepts (Yin, 2009).

Data protection

Data collection was approved by an institutional ethics committee and conducted in line
with institutional data protection and ethics regulations, including the collection of
explicit informed consent with regards to participation in the surveys and in the web
tracking procedure. The WebTrack plugin avoided collection of sensitive websites and
information (pre-generated deny lists), and participants could at any time temporarily
de-activate the tracking by switching on a private mode button within the plugin. Because
web tracking data inherently carries the potential for de-anonymization, raw data access
is restricted to researchers directly authorized by the project lead. Fully anonymized data
sets can be made available upon request to reproduce the here presented analysis and
plots.

News articles results and news domain visits data sets

Using the web tracking data, we generated five data sets for our analysis, namely: (A)
search news (articles) results, (B) all news visits, (C) Google-associated (news visits),
(D) Google-independent (news visits), and (E) non-news (visits). The search news results
data set contains news articles results that appeared in Google Search pages. The all news
data set includes all visits to news domains regardless of the way in which participants
arrived at them. The Google-associated data set includes only those news domain visits
that were referred by Google services. The Google-independent data set includes only
those news visits that were not referred by Google services. The non-news data set
includes all website visits that did not correspond to any news domains. The left side (I)
of Figure 1 presents a schematic representation of the data set that we will further explain.

To generate the search news results data set (identified with the letter A, orange,
Figure 1), we followed these steps.

First, we extracted (from the a// news subset, explained below) the news pages at which
participants arrived directly from Google results. Second, we parsed the HTML of the
pages corresponding to the Top-10 Google Search results (i.e. “organic” results or “blue
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links”) and extracted related data (including their ranking and URL). Third, we flagged
the results that were selected (“clicked on”); a result was considered selected if the URL
of a subsequent news visit corresponded to the URL of the result (redirects and cookie
consent pages were omitted to the corresponding sequence between the result selection
and the news article). Fourth, we discarded search pages resulting from search query
terms that included references to news sources; we automatically discarded queries that
included news root and main domains. For example, “elections 2021 bild” or “elections
2021 bild.de” would be discarded, because “bild”/”bild.de,” referring to the German
newspaper Bild, formed part of the query term. We manually inspected the search queries
to include typos (e.g. “bild:de” instead of “bild.de”) as well as other news source names
(e.g. “Frankfurter,” which refers to the German newspaper “Frankfurter Allgemeine” and
whose domain is faz.net). Fifth, we manually annotated the URLs of the Google results,
and (a) discarded results that did not correspond to news articles, and (b) full Google
Search pages that did not contain at least two news articles of different domains (other-
wise making it impossible to compare news sources). For the annotation, a URL was
considered an article if (a) it was hosted by a news domain and (b) the content (including
text and video) informed potential readers about a non-fictional topic (opinion pieces such
as commentaries or documentaries are included). One of the authors inspected all URLs
(reviewing the content when it was unclear); the remaining ambiguous cases were dis-
cussed and resolved with the other author. Sixth, we removed repeated search behaviors,
that is, a participant searching for the same query term and selecting the same result.

To generate the all news data set (identified with the letter B, blue, in Figure 1), we
used three lists of news domains (AllSides, 2022; Robertson et al., 2018; Stier et al.,
2020) and so identified all news-related visits. The Google-associated data set (identi-
fied with the letter C, purple, in Figure 1) is a subset of the a// news data set in which we
only included visits that were driven, directly or indirectly, by Google (including subdo-
mains such as maps.google.com, and country-level domains such as google.de or google.
co.uk). We defined that a participant arrived directly from page x to page y if the browser
tab that displayed x was opened from a tab displaying y; we then pose that this is a direct
path from x to y (denoted x — y). We defined that a participant arrived indirectly from
page x to page y if (a) there existed a sequence of direct paths that led from  to y, that
is, Hz,nz,} i x>2,2) > 2y,0000,2, > 2Z,,2, > V> and (b) z € {z,.... 2, } belonged to
the same web domain d . The path x — y exists if ¥ was opened from a tab displaying x.
The reason for this is that the browser extension can identify the tab from which a visit
was initiated (whether if the visit is open in the current tab or in a new one—including
tabs on new browser windows), but it cannot identify if the visit was caused by clicking
on a link or because the participant manually typed a URL in the navigation bar. For the
same reason, we excluded paths originating from a Google home page URL (e.g. https://
www.google.com/), as we can safely assume that home pages do not contain news
links—it is more likely that a participant’s browser is configured to have the Google
home page as its default page.

The Google-independent data set (identified with the letter D, green, in Figure 1) was
derived by excluding the rows in the Google-associated data set from the all news data
set (i.e. B—C).
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We considered statistical tests time-independent using the portion of the all news
and Google-associated data sets that was collected before the cut-off date (19
September 2021, 15:15:00), and the news results data set that was collected after the
cut-off date. For example, our main model measures the news engagement in the data
set B1, and it is used to predict the news article selection in the A2 data set. The cut-
off date (19 September 2021, 15:15:00) splits in half Google Search pages corre-
sponding to the news results.

The non-news data (identified with the letter E, gray, in Figure 1) are derived by
excluding the rows in the all news data set from the entire Web tracking collection.

Definition of news engagement, representativeness, and ranking

News engagement. We used participants’ news visits to construct a behavioral indicator
of news source engagement, which measures the strength of the relation between a news
source and a participant based on their browsing history. Let u;,u,,...,u; be the list of
URLs corresponding to the news visits of a participant p—then the engagement of p

with the domain d is given by
k

%ZS(ui,d)

i=1

where S(u,d)e {0,1} indicates if the domain of the URL u corresponds to d(1), or not (0).

Representativeness. Let T =1,,t,,...,t, be the list of URLs corresponding to the results
shown in one Google Search result page. The representativeness of a news source, which
domain is d, is given by

1 k
;Zs(t,.,d)

where S was defined previously. Note that £ is usually 10, as it corresponds to the results
displayed on the first result page.

Ranking. The ranking is given by the position of the news article on the Google Search
page. Note that, idiomatically, the result with lowest ordinal value (i.e. top-1 result) is
referred to as the result with the highest ranking. For the purposes of readability, we keep
this convention in all our analyses, including the odds ratios (OR) reported in the bino-
mial linear mixed-effect model regression tables, that is, positive values indicate that a
higher ranking increases the probability of a result being selected.

Modeling news article selection

To answer the research question that motivated this investigation, we used a binomial
linear mixed-effect model fitting the interaction between the three study factors (ranking,
representativeness and engagement) while controlling for the following individual char-
acteristics that were centered and scaled before use: is a woman (yes: 1, no: 0), education
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(low: 0, middle: 1, high: 2), from region (East Germany: 0, West Germany: 1), age
(continuous categorized), political alignment (10 point scale), and election interference
(as a major election occurred during data collection): whether the search was performed
on the day of the election (yes: 1, no: 0), and the day before or after the election (yes: 1,
no: 0). We defined random intercepts for repeated measures (participant, search page,
and news domain). The dependent variable was binary, with 1 indicating that the partici-
pant selected (“clicked on”) the result, and O that they did not.

To avoid time dependencies (and thus correlational effects), we split the collection into
before and after a cut-off date (19 September 2021, 15:15:00). For the main analysis, we
used the all news visits before the cut-off date (B1 in Figure 1) to calculate the news engage-
ment, and the Google news results after the cut-off date (A2 in Figure 1). Data set A2 com-
prises 2754 search results representing 611 search pages, and 194 participants: 90 women, 1
diverse person, 103 men; 41 from East Germany, 152 from West Germany; 23 of low, 65 of
middle, and 105 of high education. The sample’s mean age was 46.26 (Mdn=47, SD=13.89,
min= 18, max=73). The sample’s average political alignment was 5.34 (Mdn=6, SD=1.93,
left=1, right=10). We fit the model two more times according to data sets used to calculate
news engagement: Google-associated (C1) and Google-independent (D1).

To further explore the main result, we fit a time-dependent model using the data of the
entire period, that is, we used all the Google news results in data set A and calculated the
engagement using all news visits data set (B), while excluding visits that were, directly
or indirectly, driven by the selected news results (A) (i.e. excluding cases that we are
inferring in the news engagement predictor). We also fit the model for the news engage-
ment calculated on the Google-associated (C) and Google-independent (D) data sets.
The “Methods, Data sources” section already reports relevant demographic distributions
for this data set.

Google Search and filter bubbles

Source diversity of consumed news. To study the diversity of the news sources that the
participants visited, we looked at the number of unique domains. As a baseline, we
first looked at the diversity in the Google-independent data set (data set D). We then
reported the diversity attributed to Google Search, that is, we measured the increase of
diversity when the domains of the search results selected (i.e. “clicked on”) by the
participants (and consequently also visited) in the news results data set (A) were added
to the domain visits of the Google-independent data set (D). We also measured the
diversity of the exposure in Google Search by looking at all the domains in the news
results (data set A).

Partisanship audience. To explore how Google shapes the audience that news sources
receive, we measured the variance of the political alignment of the participants that visited
the news domains. Accordingly, we analyzed two types of visits: Google-independent
visits (data set D), and the specific news visits resulting from the selection among the
Google Search results (Google Search driven visits). We used variance because Bhadani
et al. (2022) found it to be the best measurement of dispersion to predict the quality of a
news source.
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Ranking relevance for news articles

To analyze the importance of ranking for the results containing news articles, we com-
pared the ranking of the news articles selected by the participants (in the news results
data set A) with the ranking of non-news results selected by the participants, that is,
including all Google Search pages in the web tracking collection. First, we parsed the
HTML of the pages corresponding to the Top-10 Google Search and extracted all their
results (including their ranking and URL). Second, we identified those results that
were selected (clicked on), so checked if there exists x — y where x is the Google
Search page and y the page visited after. Third, we discarded search pages resulting
from search query terms that included any domains present in our collection (“xyz
wikipedia” would be discarded because “Wikipedia” is included in the term), as we
considered this a strong signal of a predisposition toward a certain domain. Fourth, we
removed repeated search behaviors, that is, a participant searching for the same query
term and selecting the same result twice. We used a two-sample #-test to establish if
there was a significant difference between selecting the first search result for news and
non-news, and reported a Spearman’ rank correlation r, to test whether the search
engine ranking was biased toward news domains.

Post hoc analyses

Consistency of news engagement. We used two measures of similarity to compare two lists
of visits: Jaccard similarity (aka Jaccard Index [J1]) and rank-biased overlap (RBO). Let
F and G be, respectively, the sets of news domains corresponding to the lists of visits,
then the Jaccard similarity between F and G corresponds to

_|Frel
[F )

By definition, J(F,G) =1 if F and G are both empty. Jaccard only considers the
overlap in the domains and ignores the importance (rank) of each domain according to,
for example, the frequency of visits. Thus, we complemented the JI using RBO. Let g
and G be sequences of domains ordered by their rank (i.e. by the number of times each
domain was visited), then

J(F,G)

0

RBO(F,G,p)=(1-p)Y p""-4(F,.G,)

d=1

where F, and G, denote the sequence until the element in the position d, the parameter
P determines the weight given to the top results (the lower, the more importance is given
to the top results), and A is the proportion of agreement until the element in the position
d, formally

ad

A(F,,G,)= y
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In all cases, the similarity values were calculated within participants and 95% boot-
strapped confidence intervals are presented in the plots.

We used these similarity metrics to assess the consistency across time of the news
engagement measurement as a predictor by comparing the Google-associated visits
before the cutting date (data set C1) and after the cutting date (C2), and the Google-
independent visits before the cutting date (data set D1) and after the cutting date (D2).

Correlations of visits. To validate the findings, we used Spearman’ rank correlations
(denoted by r) and explored the connection between the within visits in two data sets.
Spearman correlation is well-suited to study the relation between the frequency distribu-
tions of the domain visits, as the domains are sorted (i.e. ranked) according to their num-
ber of visits (i.e. the most visited domain has a higher rank). We report correlations
between domain visits within participant (participant-domain pair) in the following data
sets: (a) before and after the cut-off date in all news visits (B1 vs B2), (b) in Google-
independent visits (D1 vs D2), and (c) in Google-associated visits (C1 vs C2). We also
report the overall participant visits to news in the following data sets: (a) before and after
the cut-off date in Google-independent visits (D1 vs D2), and (b) in Google-associated
visits (C1 vs C2).

Comparison of distributions. We used a Kolmogorov—Smirnov test of equality of distribu-
tion (the statistic “difference” is denoted by D, in the text) (a) to check whether Google
Search—driven news visits effectively shifted the diversity of Google-independent visits
and (b) to check that the splits by cut-off dates were balanced between C1 and C2, and
D1 and D2.

Results

Familiarity with news sources does not predict news article selection, while
rank and representativeness do

We investigated which of three relevant factors best predict news article selection in
Google results: news (source) engagement, ranking, or representativeness. We use news
engagement as a proxy for a participant’s familiarity with each news source. The depend-
ent variable (news selection) is binary (0,1), representing news articles that appear in the
first Google Search results page: we coded each available news result by indicating
whether the participant selected it (1) or not (0).

For the main analysis, the web browsing data is split in half to resolve time-depend-
ence between news engagement (using data set B1 in Figure 1) and news selection (A2);
for details, see “Methods.” We find a significant effect of ranking (OR=2.95, C1=2.61,
3.34], p<.001), and representativeness on article selection (OR=.77, CI=[.66, .90],
p<.001) (see “Methods, Modeling news article selection” for details on the fitted mod-
els, and Supplementary Material S1 for a full regression summary). We do not find a
significant effect of news engagement on article selection (OR=.93, CI=[0.81, 1.08],
p=.351).
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We then conducted a variety of tests to check the robustness of our effects. First,
we calculated a Google-independent news engagement measure, that is, we excluded
all traffic referred by Google when calculating news engagement (using C1), and a
Google-associated news engagement, that is, we included only traffic referred by
Google (using D1). Then, in the linear model, we replaced news engagement with
either Google-independent news engagement, or Google-associated news engage-
ment. In both replacements, we corroborated the above results (see Supplementary
Material S2 and S3).

Second, we tested whether a lack of power might be the reason for the non-signifi-
cance of the effect of news engagement by using all the data (ignoring the splits by cut-
off date). We replicated the same pattern as in the previous models, that is, for the larger
model (i.e. using data set B for news engagement and A for news selection), we found
significant effects for ranking (OR=3.1, CI=[2.83, 3.39], p <.001) and representative-
ness (OR=.75, CI=[0.65, 0.85], p <.001), and, additionally, a significant interaction of
them (OR=1.15, CI=[1.01, 1.32], p=.038). We again did not find a significant effect of
news engagement on article selection (OR=1.03, CI=[0.95, 1.12], p=.468). See
Supplementary Material S4—S6 for the full regression summary of models using data sets
B, C, and D to calculate news engagement.

Google Search increases source diversity in news consumption

Ranking and representativeness are both determined by Google’s algorithms—so the
results above demonstrate the leverage that Google Search has in driving users toward
news sources. We investigated the implications of this leverage by looking more closely
at the source diversity of news visits across the entire tracking period.

We logged 75,911 total visits to news domains. Of these, 13,018 were referred directly
or indirectly by Google services (see “Methods™), including 1269' news articles specifi-
cally by Google Search. A total of 62,893 news pages were visited by participants inde-
pendently of Google.

We first investigated individuals’ news consumption assuming an Internet without
Google. Plot A in Figure 2 presents the distribution. The visible skew indicates that par-
ticipants repeatedly visited their own preferred domains: on average, each participant’s
top-3 news domains concentrate 87.90% (Mdn=95.65, SD=15.95) of their news
consumption.

We then investigated how Google Search exposes users to news. Plot B presents the
distribution of how often news domains are presented in the search results. The distribu-
tion is flatter (compared to Plot A); on average, the top-3 most displayed news domains
on each participants’ Google Search page concentrate 56.09% (Mdn=47.14, SD=27.11)
of their news exposure.

Finally, we tested how Google Search contributes to source diversity of news con-
sumption. Plot C presents the increase in news visits when adding Google Search to
participants’ otherwise Google-independent browsing experience. We find a statistically
significant difference between the two, D (278)=.125, p<.0251, with an average
increase of ~32.35%, corresponding to 2.88 (Mdn=2, SD=2.94) added unique domain
visits (increased from 8.89, Mdn=6, SD=9.25). This increase in source diversity is
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achieved with only 2.02% additional visits (1269 to the 62,924 Google-independent
visits).

Google Search increases audience diversity in terms of partisanship

We explored the political alignment of participants in relation to their news consumption
to better understand how Google Search shapes the audiences of different news sources.
Again, we first looked at browsing behavior supposing an Internet environment without
Google. Audience diversity had a mean 0f 2.92 (SD=1.81), indicating a relatively homo-
geneous readership to each news source. We then looked at browsing behavior through
Google Search, which had a mean of M=3.59 (SD=2.84), significantly higher,
#236)=2.22, two-sided p=.027. This indicates that Google Search drove a more diverse
partisanship audience to news sources. This difference is even larger if we look at the
page views (visits) instead of unique participants; #271)=4.49, two-sided p <.0001.
Figure 3 illustrates this result.

Comparing news and non-news: ranking matters less for news articles

Consistent with previous literature (Wojcieszak et al., 2021), we found that news con-
sumption differs widely across participants. Across the tracking period, the median fre-
quency of news visits in our subsample was 90.5 (M=271.24, SD=448.92, N=280); this
represents 2.32% (Mdn=1.02, SD=3.89, N=280) of the overall browsing. 10.36% (29
of 280) of participants had less than 10 news visits and 6.76% (19 of 280) of participants
visited more than 1000 news sites in the ~2 months period. Over this period, 8.21% (23
of 280) did not visit any news sites by means other than Google (i.e. without being
referred by Google).

We investigated how Google Search ranking differs in its effect on participant’s
choices in news articles versus non-news articles. We first looked at the top position (first
ranking). We found that non-news are selected in 46.71% of cases (Mdn=45.61,
SD=16.32), while news are selected 31.96% of the time (Mdn=25, SD=.33), a differ-
ence that is statistically significant #557)=6.68, two-sided p < .0001. Plot (A) in Figure 4
shows the proportions for each Google Search ranked result (black and red lines). We
hypothesized that this effect might be driven by Google ranking news articles lower than
non-news on average. Contrary to this hypothesis, we find that the top results are slightly
more likely to showcase news, r(1928)=—.11, two-sided p <.0001.?

Familiarity: a matter of consistency and reliability

In this section, we will further explore the underlying patterns behind our proxy for
familiarity: news engagement. In the first results section, we did not find significant
evidence supporting the hypothesis that news engagement impacts news selection when
individuals are using Google Search. In this section, we show that, comparing behavior
across two time periods, participants were not very consistent regarding the news sources
they consumed. For the time periods, we employed the same cut-off date as for our first
model testing news selection.
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Figure 4. Selection of results according to Google Ranking. The X-axis indicates Google
ranking of results presented on the search page. The Y-axis displays either the proportion of
result selections across participants (black and red lines), or the likelihood of being exposed to
a result leading to news articles in pages that contain at least one news article (orange dotted
line). Vertical lines represent confidence intervals at 95%.

First, we found a moderate correlation of the visits for each participant-domain? pair,
r(62,438)=.44, p=.0001. Knowing the leverage that Google has in driving users to
news domains, we explored whether the consistency of news consumption is shaped dif-
ferently depending whether Google services (Google Search, Google Maps, and Google
News) do or do not drive participants to news. When looked at individuals’ news engage-
ment supposing an Internet experience without Google (Google-independent news),
removing all Google referred browsing, we found a stronger correlation; r (62,438)=.52,
p<.0001.

These correlations are difficult to interpret because most domains were never visited
by most of the participants (i.e. a large amount of Os in the vectors might inflate the cor-
relations). Thus, we used the JI, a measure of similarity between data sets to establish
how similar participants’ news visits were for the two timespans. We defined thresholds
t and for a given ¢, we only included participants that had at least ¢ visits before and ¢
visits after the cut-off date. We found that participants’ behavior was robust (JI > .42,
green bars in Plot A of Figure 5), especially considering that news visits are rare for some
participants. We also calculated the corresponding RBO (Rank Biased Overlap) (Webber
et al., 2010), a similarity metric which uses a parameter p to add a weight of the rank of
each domain based on the participants’ number of visits. The results for various values of
p and ¢ are shown in the green trace in Plot B of Figure 5. The similarity is higher when
the ranking is considered, especially for the top positions (lower values of p).

We finally turned our attention to participants’ Google-associated news visits, that is,
news visits directly or indirectly referred by a Google service; in this case we found a
much lower correlation, r(62,438)=.29, p<<.0001. Consequently, the similarity of



new media & society 00(0)

18

*%G6 3B S|BAJI9IUI 9DUSPLUOD
juasaudau saul| [eandaA *(u) suaquinu Jueddiaed pue spjoysaJyl Sulpuodsauaod ay3 sapnpul g Joj puads| ay] ‘(sixe-x) d Jo3aweded a3 Jo sanfea
JUDIDHIP 40} SINSAU YUM (SIXe-4) $9409s OgYy Suipuodsa.iod ayl smoys g 30|d “(4eq Y3 JoA0 pake|dsip si ‘U ‘ploysa4yl ay3 |||y 3ey3 sauedidiied

JO J9qWINU 3Y3) SISIA €303 J19Y3 uo paseq siuedidiised Ino Suludlly 404 SPIOYSIYI JUDISYIP SIIBDIPUI SiXe-X Y| ‘(98uelo ‘Dunsodxa) sinsau 38000
Ul UMOYS 9J9M JBY) SUlBWOp SMau 3y jo Alejiwis [[ oy smoys os|e 1 (a|dand) saisiA paipiossp-3j5005) Joy pue ‘(uaaJu3) SIUSIA SMaU Juapuadapul
-3|8005) 40y JuswWagedua smau a3 Jo (sixe-4 ‘|[) Laejiwig paedde[ aya smoys Y 10|d “(3uedidiaed Jad paienojed) a1ep Jo-1nd dy3 U9 e pue 310joq
SJISIA U99MIDQ JusWZe3ua SMaU JO AlLIE|ILIS 93BIDAR S 9NSBIW g PUB \ SIO|d "dWII SSOJIDE dJnseaw Juswade3us ay3 jo Aejiwig g aansi4

(d) 1932Weley ploysaiyl
660 G60 S80 L0 S0 GTO0 (0] S T
00 00
Oz =
; T :
E— 1 TL!L 20 2 3 ﬂ* 8 0
T | . wW I} = Q 0
———F ro & 3 3 4 vod
[ i
$0 0 T o N B
- 3 8 % 2 B
90 X 90 %
N..O “ tMﬂ
(06=u) 0T (S9T=u) 01 o m b =
= L ] = L ]
(LET=U) e Pl 60 = pajelnosse 36009
_ _ juapuadapul 3|6009
(ogz=u)T o (9Zz=u)T 01 01
pajeldosse 3|6009 juapuadapul 316009 (9) (V)




Ulloa and Kacperski 19

participants’ news visits was lower for the two timespans: JI <.24 (purple bars in Plot A
of Figure 5) and RBO < 0.4 (purple in Plot B of Figure 5). Here, the RBOs were stable
for varying p parameter values, indicating that the consistency did not improve even for
the most visited domains.

The volume of news consumption of the participants was consistent. For the Google-
independent visits, we ran a Kolmogorov—Smirnov test, and we did not find evidence
supporting different distributions between the visits per participants before and after the
cut-off date; D, ((278)=.043, p <.960 (see distribution, Plot A, in Figure 6), and the cor-
relation was very high, »(278)=.85, p<.0001 (see scatterplot, Plot C, in Figure 6).
Similar results hold for Google-associated visits: we did not find evidence supporting
different distributions, D ((278)=.043, p <.960 (see Plot B in Figure 6) as well as a high
correlation, 7 (278)=.56, p <.0001 (plot D in Figure 6).

The lack of consistency between news domain visits within the Google ecosystem is
in line with results we present in the previous sections, which have suggested that Google
Search facilitates more diverse news selection for its users. The overall results suggest
that while participants’ overall volume of news consumption is consistent, and that par-
ticipants do, on their own, have preferences for familiar news sources (as indicated by
the similarity of sources visited across time), this familiarity loses relevance when they
browse for news while integrated in the Google ecosystem, and in particularly when
choosing their news in Google Search.

Discussion

We tested the hypothesis of news engagement (as a proxy for familiarity with news
sources) as a predictor of news article selection in the Google search engine (RQ1). We
did not find evidence supporting this. Instead, we found a significant effect for two fac-
tors that are decided by the search engine alone: the position in which the result is pre-
sented (ranking) and the number of times the news source appears (representativeness).
While ranking has previously been demonstrated to play a strong role (Pan et al., 2007;
Urman and Makhortykh, 2021), we show for the first time that its effect is weaker for
news article selection compared to non-news selection (RQ3). This may well suggest a
more careful decision-making process of individuals when selecting news (e.g. reading
the titles and excerpts more attentively).

Research has indicated a higher representation of “mainstream” news sources in
search results (Puschmann, 2019), while, at the same time, a positive effect in the diver-
sity of news consumption (Fletcher et al., 2021; Fletcher and Nielsen, 2018). Our results
align with this seemingly counter-intuitive evidence: representativeness reduced the
likelihood of news article selection (RQ1). This might be an indication that once indi-
viduals have decided not to visit a result belonging to a specific news source, they also
discard subsequent results from the same source, suggesting that the individual is actively
avoiding such sources (Mukerjee and Yang, 2021).

In line with previous research (RQ2a), we found that Google Search increases the
diversity of participants’ news consumption (Fletcher et al., 2021; Fletcher and Nielsen,
2018; Scharkow et al., 2020). It is possible that participants use Google Search when
they are actively looking for novel news sources, though we also show that Google
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Search facilitates a discovery process by presenting a variety of news sources among the
results. In addition, we show that Google Search increases the political audience diver-
sity that news sources receive (RQ2b). Given that Google has its own news quality con-
trols in place (Google Developers, 2021), the finding can explain recent research
showcasing that political audience diversity can be used as a sign of news source reliabil-
ity, and that it should be incorporated into ranking algorithms (Bhadani et al., 2022).
Instead, our results suggest that it is Google Search (including its ranking) that drives this
effect. More broadly, researchers should consider that online news browsing behavior is
heavily shaped by online platforms, for example, we demonstrated that there are differ-
ences in the consistency of our familiarity metric depending on whether it is measured
including traffic referred by Google or not. Considering the dominance of a few large
search engines and their role in driving users to news, the situation may lead to a concen-
tration of power and influence within the media landscape in which news organizations
prioritize visibility on search engines (and similar platforms) by following SEO guide-
lines, instead of focusing on journalistic norms (Hackett, 1984; Muioz-Torres, 2012).

Furthermore, we build on previous research investigating the phenomenon of mere-
exposure (Montoya et al., 2017) and trust in news sources (Fletcher and Park, 2017), and
investigated familiarity (RQ1), that is, the participants’ acquaintance with the news
sources they are presented in the search results. We proposed news engagement as a
proxy and measured it using a section of the browsing history that is independent from
the analyzed news articles that are selected (and visited) in the search results. This
allowed us to quantify the existent relationship between the individual preferences
toward news sources through the number of visits of the individual to each news domain;
thus, capturing three modes of news engagement: routinary visits, social media referrals,
and intentional search (Moller et al., 2020).

To summarize, we find no evidence in favor of filter bubbles, nor do we find an effect
of selective exposure toward news sources based on familiarity. We find that individuals
place their trust in Google, and that in turn, Google steers them toward sources that are
different to their routinary visits. In this process, we tackle the challenge of developing
reliable measurement models when integrating social science theory with digital behav-
ioral data (Wagner et al., 2021).

Limitations and future directions

We would like to point out several limitations. First, our engagement metric does not
fully capture when individuals are familiar and trust a given source, that is, when they do
not regularly consume news or mainly do it offline. In addition, the engagement for the
time independent analysis was calculated using an arguably short period of time
(~1 month). Future data collections should enable analyses across timespans of multiple
months up to years, though we highlight that our results did not change when considering
a time-dependent analysis (~2 months).

Second, our analysis is limited to Google, which we chose due to its market domi-
nance (StatCounter, 2021). Our findings should not be generalized to other search
engines due to differences in how search results are displayed, though it is likely that
effects specifically related to ranking and representativeness will remain similar
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across different interfaces. Our findings should also not be generalized to contexts
beyond the top-10 organic results of web searches, such as carousels and top stories,
news aggregators (Google News), or recommendation systems such as Google
Discover. The latter does not provide results based on prompts input by the user, but
presents content (including news) personalized from individuals’ preferences, which
may be extracted from previous search behavior. Since search choices are heavily
influenced by ranking, the algorithmic representations of preferences might also
reflect the ranking effects as individual traits. This raises questions about the extent
to which preferences can be captured by these systems, or if they merely expand the
influence of the search engine. It highlights a challenge for study of new media: how
can we better understand interdependencies between the digital services, rather than
studying them in isolation?

Third, characteristics of our sample should be kept in mind when interpreting our
results. The sample size used in the above research is relatively small. Out of the 739
individuals that participated in the web tracking study overall, only 280 are represented
in our subsample, due to a relatively low number of news visits (including the ones
driven by Google Search) in web tracking data—consistent with previous literature
(Scharkow et al., 2020; Wojcieszak et al., 2021), and the strict data quality constraints for
including a search page for the analysis. Our sample is relatively uniform, only including
German individuals with a Chrome or Firefox browser installed on their desktop com-
puters; while this reduces noise, it also affects generalizability of the findings. Finally,
many individuals refuse to participate in web tracking studies due to privacy concerns
(Makhortykh et al., 2021), which might indicate that the sample is pre-selected based on
factors that we don’t yet fully understand and cannot control for.

Despite these limitations, the logged web browsing behavior that we capture occurs
in a real environment with minimal intervention; we argue that cognitive awareness of
the presence of the web tracker is likely to only affect the very initial browsing behavior.
Moreover, web tracking studies that include the website content remain rare, and our
method is exceptional as it deterministically identifies referrals by tracing the tab activity
of the browser and matching the presence of the URLs among the results.

Some promising directions emerge for new media research. Our results suggest that
ranking is less important for news selection: research should further confirm if individu-
als are more selective when choosing news from the top-10 search results, which could
for example be achieved by analyzing the duration of the interaction with the individual
choices or by applying eye-tracking methodologies. In addition, we find that representa-
tiveness is negatively associated with news selection. A further inspection of the reasons
is of interest, for example, this behavior might signal an active avoidance of specific
news sources (Mukerjee and Yang, 2021). Finally, it is important to examine search
choices within the broader context of the layout of web search pages, including features
like video carousels and top stories, to gain a deeper understanding of how individuals
make decisions for information acquisition.
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Notes

1. The number of search pages (N=1221) is different from the selected news articles (N=1269)
because participants could have selected more than one article on a given search page.
The referrals to news articles reported included here only include those in data set A (see
“Methods” section).

2.  This test includes only Google Search pages with exactly 10 results to avoid over-representa-
tion of top-results due to incomplete pages.

3. In this data set, we only included news domains with at least one visit.
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