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Marius Becker

Neutral News Aggregation?

Comparing the Portrayal of German Politicians in 
Bing News and Google News Search Results

1	 Introduction

News media serve several important functions in democratic societies: they 
highlight relevant issues, provide citizens with information to make informed 
decisions, monitor the government, and showcase different perspectives (Beck, 
2016; Gurevitch & Blumler, 1990; Jarren, 2008). The internet is a significant source 
of information in Germany, with 80 to 90 percent of the German population using 
it (Koch & Frees, 2017) and with 68 percent of German internet users consuming 
online news on a weekly basis (Hölig & Hasebrink, 2019, p. 16).

To cope with the constantly increasing and changing online content, users 
rely on search engines to find websites relevant to their information needs. These 
services play a crucial role for online information seeking (e.g., during elections: 
Arendt & Fawzi, 2018; Trevisan, Hoskins, Oates, & Mahlouly, 2016) and are regu-
larly among the top websites in popularity rankings (Alexa.com, 2017b; Similar 
Web, 2017). 39 percent of German internet users frequently rely on search en-
gines to find news, with 13 percent ranking them as the most important tool for 
this purpose (Hölig & Hasebrink, 2019, p. 40).
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While these services help users cope with the online information overload, they 
may introduce information biases. Based on McQuail’s gatekeeper definition 
(2010), search engines can be described as internet gatekeepers, because they de-
cide whether or not information is shown to recipients. While the internet may 
diminish the roles of individual human gatekeepers (Singer, 2006), these new dig-
ital gatekeepers may introduce new biases (Gerhart, 2004).

Differences between services’ algorithmic systems used for the selection and 
ranking of content may result in differing search results when using the same 
search terms. Drawing from the current literature, this paper first examines the 
role of search engines as gatekeepers in the modern media landscape and presents 
approaches and results of previous studies on bias in these services. While the ma-
jority of studies focus on the retrieved news sources themselves, this study adds to 
the existing literature by comparing the search results of two popular news search 
services, Bing News and Google News, and assessing the content of the retrieved 
articles in more detail. A quantitative content analysis of the search results was 
conducted to facilitate this comparison and the resulting findings are discussed 
with regard to future venues of research and suggestions for practical uses.

2	 Theoretical Background

2.1	 News Search Engines and Algorithms

Algorithms can be described as sets of instructions to derive a desired 
output from a given input (Gillespie, 2014). Search engine algorithms can be 
further characterized as black boxed, embedded, ontogenetic, and contingent 
(Kitchin, 2017, pp. 20–22). They can be thought of as black boxes because the 
exact steps that lead to a specific output for a given input are well-kept trade 
secrets. They are the results of numerous people creating, maintaining, and 
revising the various parts of the algorithms, and thus become increasingly dif-
ficult to understand in their entirety (Kitchin, 2017; Seaver, 2013). Additionally, 
search algorithms are “never fixed in nature, but are emergent and constantly 
unfolding” (Kitchin, 2017, p. 21). They are constantly refined to account for new 
types of inputs, interactions, and contexts, which may generate unexpected 
results (see Mackenzie, 2005; Steiner, 2012).
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Today’s most common search engines utilize a web index and a web crawler in 
combination with various search and ranking algorithms (Risvik & Michelsen, 
2002; Seymour, Frantsvog, & Kumar, 2011). A web index is a searchable database 
of all web content known to the search engine and may be limited to certain 
types of content (e.g., news; Lewandowski, 2015). Web crawlers are programs that 
traverse the internet by following links, archive the visited content in said index, 
and regularly revisited websites to update the index (Lewandowski, 2015; Risvik 
& Michelsen, 2002). Further, search algorithms search the index based on user 
queries and ranking algorithms in turn create the search result list by ranking the 
available content (Lewandowski, 2015).

A considerable volume of web traffic to news sites is generated by search en-
gines (Olmstead, Mitchell, & Rosenstiel, 2011) and this has been demonstrated on 
numerous occasions. For example, studies on the effects of the shutdown of the 
Spanish edition of Google News in 2014 report noticeable decreases in daily web 
traffic, especially for smaller news outlets (Athey, Mobius, & Pál, 2017; Calzada & 
Gil,2017, 2020). In addition, considerable losses in traffic volume and drops in on-
line marketer rankings were experienced in Germany by publishing house Axel 
Springer when they temporarily opted out of the German edition of Google News 
in October 2014 (Axel Springer, 2014; Calzada & Gil, 2020).

Most traffic via these search engines consists of casual users, which leads to in-
creased competition for the audience’s attention (Miel & Faris, 2008; Olmstead et 
al., 2011). In competing for this attention, news media must facilitate easy index-
ing and may even cooperate with search engine providers directly (Miel & Faris, 
2008). For example, publishers may apply for indexing in services like Bing News 
(Microsoft Bing, n.d.). Until recently, Google News (Google Inc., n.d.c) also pro-
vided this option, though it no longer specifies how publishers can ensure their 
appearance in the service’s index (Google Inc., n.d.b).

2.2	 Algorithmic Systems as Gatekeepers

As mentioned earlier, by selecting which news content will be shown to users, 
search engines function as gatekeepers (Wolling, 2002, 2005). Journalistic gate-
keeping traditionally refers to the process by which the content of media outlets 
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is determined (McQuail, 2010). More specifically, in the context of news, it refers 
to how some reports are selected for publishing, while others are not.

Search engines and traditional human gatekeepers do not fill the same roles 
(Schroeder & Kralemann, 2005; Singer & Quandt, 2009). Journalists, editors, and 
news organizations not only select information to publish, they also produce and 
broadcast. In comparison, algorithmic gatekeepers rely on previously published 
news created by traditional human gatekeepers. Thus, despite the popularity and 
prevalence of algorithmic gatekeepers, news media organizations still remain 
crucial to the circulation of news (Nielsen, 2014).

The increasing diversity of actors in modern gatekeeping roles poses chal-
lenges to the traditional gatekeeper approach (Wallace, 2017). Some scholars 
consider the gatekeeping approach obsolete (Williams & Delli Carpini, 2016), 
while others suggest expanding the process to include secondary gatekeepers 
(Singer, 2014), or argue for a more flexible understanding of the ways differ-
ent actors coexist and curate the flow of information (Thorson & Wells, 2016; 
Wallace, 2017). The concept of online secondary gatekeepers describes an ad-
ditional step in the flow of online news information in which human users or 
algorithmic systems take information published by primary gatekeepers such 
as media organizations and journalists and make it available to a broader audi-
ence (Nielsen, 2014; Singer, 2014, Wallace, 2017).

Types of digital gatekeepers can be differentiated via three aspects (Wallace, 
2017): the access to information, the selection criteria, and the choice of publica-
tion. Human gatekeepers may utilize all available information channels, whereas 
algorithmic gatekeepers’ access to information is controlled by their governing 
organization. Traditional human gatekeepers select information based on news 
factors (Galtung & Ruge, 1965), as well as personal criteria, predispositions, and 
attitudes (Eilders, 2006). Algorithmic gatekeeping similarly requires selection cri-
teria. To circumvent the difficulties of reducing journalistic quality to quantifi-
able factors, algorithmic gatekeepers commonly redistribute already-published 
news content as secondary gatekeepers (Singer, 2014; Wallace, 2017) and instead 
of assessing the journalistic quality of the content itself, they focus on other fac-
tors like the popularity of the source or number of times a search term appears in 
the content (Lewandowski, 2015, p. 92). However, these measures may be manip-
ulated in effort to improve search result rankings (search engine optimization, 
see Yalçın & Köse, 2010). The output of algorithmic gatekeepers is closely tied and 
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often limited to their proprietary platforms, whereas human online gatekeepers 
may distribute content across several websites (Wallace, 2017).

The role of algorithmic gatekeepers is an important topic in normative dis-
courses; they influence what is visible online, thereby shaping what is consid-
ered public interest (Gillespie, 2014; Wallace, 2017). With technologies filling 
roles previously occupied solely by humans, there are both hopes and concerns. 
On the one hand, news search engines can help to curate a personalized mix of 
news specifically tailored to the individual needs and preferences of every user 
(Helberger, 2019). On the other hand, there are concerns that these technologies 
actually impede the democratic exchange of ideas by creating personalized filter 
bubbles (e.g., Bozdag & van den Hoven, 2015; Kahne, Middaugh, Lee, & Feezell, 
2011; Pariser, 2011). However, empirical evidence of this phenomenon is scarce 
and recent studies have reported only minor evidence of filter bubbles (for an 
overview, see Bruns, 2019; e.g., Bodó, Helberger, Eskens, & Möller, 2018; Dubois 
& Blank, 2018; Haim, Graefe, & Brosius, 2018; Krafft, Gamer, & Zweig, 2019). The 
increased economic pressure on media organizations (Helberger, 2019; Miel 
& Faris, 2008), and the lack of transparency in algorithmic gatekeeping processes 
(Diakopoulos & Koliska, 2016) are also viewed critically in the literature. As such, 
there is currently no clear conclusion on the democratic role of algorithmic news 
gatekeepers (Helberger, 2019), partly because a lack of coherent standards for 
human gatekeeping impedes the normative analysis (Nechushtai & Lewis, 2019).

Algorithmic Gatekeeping Bias

Contrary to the popular belief that algorithmic gatekeepers remove human me-
dia bias from the gatekeeping process (Bozdag, 2013; Carlson, 2007; Kitchin, 2017; 
Tavani, 2016), biases may also develop in algorithms (Friedman & Nissenbaum, 
1996). These biases, categorized as societal, technical, and emergent, vary in their 
origins and are connected to different steps in the development and usage cycles. 
Societal biases influence system designers, which can lead to the implementa-
tion of these biases in the software. As algorithms are shaped by the conditions 
in which they are developed (Geiger, 2014; Kitchin, 2017), (un)intentional biases 
can originate from the designers themselves, from their working environment or 
industry, or from their culture in general (Friedman & Nissenbaum, 1996). Tech-
nical biases can be caused by technical decisions, imperfections, the quality of 
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training material, and limitations of the deployed systems (Friedman & Nissen-
baum, 1996). Lastly, emergent biases may be identified after a system has been 
in use for longer periods of time. This type of bias is often the result of societal 
changes or changes to the context of the software that cannot be accounted for 
in the system itself (Friedman & Nissenbaum, 1996). Emergent biases may also 
be the result of how users utilize the technology in their everyday life (Kitchin, 
2017). Algorithms are therefore not only shaped by the programmers and their 
environment, but also by how users interact with them (Gillespie, 2014).

Search engines specifically are susceptible to bias at several steps along the 
selection and ranking processes (Bozdag, 2013, pp. 214–220). First, the indexing 
itself may introduce bias as the online environment is constantly changing (Bae-
za-Yates & Ribeiro, 1999) and search indices can never encompass all the avail-
able content, which leads to coverage bias (Goldman, 2008; Vaughan & Thelwall, 
2004). In addition to technical limitations, which can prevent the web crawlers 
from accessing certain websites (Barzilai-Nahon, 2008), curated indices further 
shape which news articles may be retrieved. If publishers must apply for inclu-
sion and need to be vetted, these steps will limit the coverage of the respective 
index. Publishers who do not apply or do not pass the vetting process may not be 
considered by the search engine and thus remain invisible to users.

Second, there is potential for bias in the selection and ranking of news content 
based on the search query. Common criteria to assess a news article’s relevance are 
text-specific factors (e.g., frequency of search terms appearing in the document), 
popularity (e.g., number of links pointing to the article), and the currency of the 
content (Lewandowski, 2015, p. 92). Popularity as a selection criterion can lead to 
authority or popularity bias in which established and popular websites are favored 
over smaller ones (Introna & Nissenbaum, 2000). Promotion of already popular 
content may lead to feedback loops, resulting in already influential media groups 
dominating the rankings (Schroeder & Kralemann, 2005). The factor currency is 
also contested because it may encourage news websites to hastily republish wire 
reports or copy articles from others, instead of producing original content (Carlson, 
2007; Thurman, 2007), which is an example of third party manipulation via search 
engine optimization (Yalçın & Köse, 2010). While secrecy about ranking procedures 
helps combat manipulation, it also means that the validity of rankings cannot be 
verified (e.g. Hinman, 2005; Machill, Neuberger, & Schindler, 2003).
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Third, despite the frequently assumed lack of human involvement, human oper-
ators also make editorial judgements on what data to collect, delete, or disregard 
(Bozdag, 2013). The aforementioned vetting of news sources can include assess-
ment by humans, and therefore may be biased by individual attitudes, beliefs, and 
experiences. Additionally, the relationship between the search engine provider 
and the publisher may influence the white or black listing of specific sources (e.g., 
to punish publishers for lawsuits: Haim et al., 2018, p. 10).

Fourth, measures to personalize the search results based on user preferences 
and previous interactions may introduce biases similar to the previously men-
tioned filter bubbles.

Lastly, there is a potential for bias in the presentation of the search results 
itself as differences in font sizes and font styles between listed search results 
can further encourage users to visit certain websites instead of others (Jansen & 
Spink, 2006; Yue, Patel, & Roehrig, 2010).

In summary, algorithmic gatekeepers like search engines play an important 
role in the online media landscape. However, these non-human gatekeepers are 
not free of bias, albeit different types of bias compared to human gatekeepers, 
and should be examined accordingly.

2.3	 State of Research

Researchers continuously examine algorithmic gatekeepers. In this con-
text, personalization of search results is a very popular topic, with studies doc-
umenting effects of accounts related to search engines (Hannak et al., 2013; 
Nechushtai & Lewis, 2019; Puschmann, 2019) and the user’s location (Kliman-Sil-
ver, Hannak, Lazer, Wilson, & Mislove, 2015; Krafft et al., 2019). While there is 
some evidence of personalized search results in Google Search, Google News ap-
pears to limit personalization to clearly labelled areas (Cozza, van Hoang, Petroc-
chi, & Spognardi, 2016; Haim et al., 2018).

A related avenue of research is the range of online information sources which us-
ers of different web services are exposed to. Studies in this area frequently employ 
click datasets and web-browsing records (e.g., Flaxman, Goel, & Rao, 2016; Nikolov, 
Oliveira, Flammini, & Menczer, 2015). However, as mentioned earlier, findings of 
empirical studies on the occurrence of filter bubbles have raised doubts as to the 
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validity of the concept (Bodó et al., 2018; Bruns, 2019; Dubois & Blank, 2018; Haim et 
al., 2018; Krafft et al., 2019; Möller, Trilling, Helberger, & van Es, 2018). In contrast, 
Google News results specifically include the highest percentage of ideologically op-
posing articles when compared to social media and general search engines (Flax-
man et al., 2016) and are dominated by general interest news websites (Unkel & 
Haim, 2019). Although these findings contradict the concept of filter bubbles, they 
do raise concerns about the adoption of existing media biases in the search results 
(Unkel & Haim, 2019). For example, there is a potential for country-specific ideo-
logical biases as evidenced by an overrepresentation of conservative news sources 
in the German edition of Google News (Haim et al., 2018) and a left-leaning slant in 
the US edition’s top stories (Trielli & Diakopoulos, 2019). Possible explanations for 
these contrasting findings include varying efforts in search engine optimization, as 
well as news sources’ relationships with Google itself (e.g., strained relationships 
due to a lawsuit in Germany, Haim et al., 2018).

While uncertainty about potential ideological bias remains, there are con-
clusive reports pointing toward overall decreasing numbers of distinct news 
sources and increasing homogeneity in Google News search results (Haim et 
al., 2018; Krafft et al., 2019; Nechushtai & Lewis, 2019; Puschmann, 2019; Trielli 
& Diakopoulos, 2019; Unkel & Haim, 2019). Thus, some scholars argue that the 
service is not utilizing its algorithmic capabilities and is instead showing signs of 
source concentration and a mainstream bias (Nechushtai & Lewis, 2019, p. 302) 
with sets of mainstream news sources making up the core of Google News results 
(Puschmann, 2019, pp. 828–830).

Studies comparing search results for the same queries between different en-
gines support the reports of media concentration. For example, in a comparison 
of search results between 2006 and 2008, an overall trend towards declining num-
bers of distinct news sources in Google News and Yahoo News is reported (Bui, 
2010). Considering the important role news websites play in search results (espe-
cially for Bing and Google; see Magin et al., 2015), decreasing numbers of distinct 
news sources may indicate a concentration bias.

Against this backdrop, studies analyzing and comparing the actual content re-
trieved by search engines are crucial to understand how the previously described 
trends influence the information that is presented to users. In his paper, Ulken 
(2005) assesses political biases of Google News and Yahoo News by comparing the 
results of two search terms before the 2004 US presidential election. However, in 
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the limitations, the author notes two flaws in the coding scheme: the individual 
coding of each sentence without consideration of context, which prevents the ad-
equate coding of messages stretching across several sentences, and the imprecise 
definition of favorability. In this comparison, Google News results are more likely 
to favor or oppose a candidate, while Yahoo News results are generally more im-
partial. The study found no overarching conservative or liberal tendency in the 
Google News results. Instead, the search results included both articles with con-
servative and liberal perspectives. Ulken (2005) suggests that these differences 
are caused by the wider range of news sources included in Google News‘ index. 
The inclusion of non-traditional news sources like blogs and a stronger focus on 
editorials and opinion pieces is in line with Google’s stated goal of presenting 
different perspectives on current news topics (Google Inc., n.d.a).

In their paper, Magin, Steiner, and Stark (2019) analyze the websites retrieved 
by five search engines for different queries on political topics and focus on the 
diversity of information in the search results by coding different information el-
ements. Information elements include background information, current events, 
actors, and potential future developments. Further, they report significant differ-
ences in the information diversity based on the topics themselves, and depending 
on the number of search results considered per search engine. All services per-
formed comparably when the first ten results are considered, though significant 
differences were observed when only the first three hits were examined (Magin 
et al., 2019, p. 424): Google and Bing performed similarly, while Ask provided re-
sults with the most diverse information.

2.4	 Media Portrayal of Politicians

Recent studies have raised concerns about political bias in news search re-
sults (see Haim et al., 2018; Trielli & Diakopoulos, 2019). However, these studies 
focus on the representation of news sources and not the news content itself. So 
far, only Ulken (2005) has assessed political bias on a content level by analyzing 
the favorability towards or against the two selected politicians.

There is some empirical evidence that media coverage about politics focus-
es less on topics or parties, and instead puts individual political actors at the 
center of attention (Adam & Maier, 2010, p.  231; Karvonen, 2009; van Aelst, 
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Sheafer, & Stanyer, 2012). While current research does not tie citizens’ voting 
decisions directly to individual politicians (see Adam & Maier, 2010), the opin-
ions of politicians likely play an indirect role in the voting process by influ-
encing party perception and identification with the party (Aaldering, van der 
Meer, & van der Brug, 2018; Brettschneider, 2002; Garzia, 2017).

Politicians can be evaluated in different dimensions which “…[comprise] ‘hard’ 
professional (or performance-related) characteristics, ‘soft’ personal traits, and the details 
of their personal lives” (Holtz-Bacha, Langer, & Merkle, 2014, p. 156). Focusing on 
professional traits, Aaldering and Vliegenthart (2016) propose a framework con-
sisting of six dimensions that characterize political leadership images: political 
craftsmanship, vigorousness, integrity, responsiveness, charisma, and consis-
tency. Political craftsmanship refers to the ability to act efficiently in a political 
environment and encompasses aspects like (issue-specific) knowledge, political 
experience and the ability to judge and understand political situations and actors. 
Vigorousness describes the strength of leadership displayed by a politician and 
includes assertiveness, decisiveness, and negotiation skills. Integrity refers to a 
politician’s trustworthiness and whether they are perceived to be motivated by 
electorate interests or greed. Responsiveness describes a politician’s receptive-
ness to citizens’ concerns and public opinion, and charisma encompasses the abil-
ity to inspire followers, to convey a vision to the public, to appear likeable, and 
to successfully convey all these aspects in media appearances. Lastly, consistency 
refers to how stable a politician’s opinions and views on society are over time, 
and whether they act in line with these views.

The discussion of the aforementioned personal characteristics in the media 
is referred to as privatization (Holtz-Bacha et al., 2014, p. 156; Langer, 2010; van 
Aelst et al., 2012, p. 210) and four broad and easily identifiable categories can be 
used to assess its prevalence in media coverage (Holtz-Bacha et al., 2014; van Aelst 
et al., 2012). The first of these categories encompasses all references to families 
and friends. The second refers to information about politicians’ lives before pol-
itics, including their upbringing, details about their scholastic career and educa-
tion, as well as information about unrelated previous jobs. The third focuses on 
politicians’ leisure time, which includes references to private interests, hobbies, 
and vacations. The fourth and final category is made up of all references to pol-
iticians’ love lives, including current or past partners, and sexual orientations.
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2.5	 Research Aim

The discussed literature reveals several research gaps. For example, al-
though some studies compare different services, many focus on examining Goo-
gle, which is likely influenced by Google’s market dominance. Very little em-
pirical data exists on search results retrieved by Microsoft’s Bing (e.g., Magin et 
al., 2015; Magin et al., 2019), the second most popular search engine in Germany 
(Microsoft Bing Ads, 2016), with even less information on its news search engine. 
These parts of the services merit closer inspection, because journalistic news 
sources make up the majority of results in many search engines (see Magin et al., 
2015; Magin et al., 2019). The aforementioned content-level study may already be 
considered outdated (Ulken, 2005) as the constantly changing nature of algorith-
mic gatekeepers calls for frequent (re-) examination (Kitchin, 2017).

Therefore, the aim of this study is to compare two news search engines on a 
content level, focusing on the German editions of Google News and Bing News. 
Google News was selected because Google is the most popular site for German 
internet users (Alexa.com, 2017b) and its news search engine is the fifth most 
popular news website globally (Alexa.com, 2017a). Bing News is part of Germany’s 
second most popular search engine, with a market share of ten percent at the 
time of data collection (Microsoft Bing Ads, 2016).

This study provides a descriptive snapshot of the search results on a con-
tent-level. Assuming that the media coverage of politicians can indirectly affect 
identification with political parties and voting decisions (Aaldering et al., 2018; 
Brettschneider, 2002; Garzia, 2017), differences in the sources and content re-
trieved by search engines may influence people’s perceptions. In line with Ulken 
(2005), the portrayal of politicians shall serve as the main point of comparison, 
leading to the following three research questions.

RQ1:	 What news sources are retrieved by Bing News and Google News for search queries 
related to German politicians and how do they differ?

This study begins by looking at the actual sources presented by the two ser-
vices to provide context for the content-level analysis. Previous studies have shown a 
declining trend in the diversity of sources and have reported greater diversity (Flax-
man et al., 2016) and trends of media concentration over time (Bui, 2010). More recent 
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studies have observed selected news sources dominating the search results (Haim et 
al., 2018; Krafft et al., 2019; Nechushtai & Lewis, 2019; Unkel & Haim, 2019).

RQ2:	 To what extent do the two news search engines’ results differ in their portrayals of 
individual politicians?

This study also compares the services’ search results on a content-level 
by assessing the portrayal of politicians’ professional characteristics and private 
traits. Previously, more evaluative portrayals of politicians have been explained 
by more diverse sources (Ulken, 2005), though more recent studies have reported 
trends of source concentration and mainstreaming (Bui, 2010; Haim et al., 2018; 
Krafft et al., 2019; Nechushtai & Lewis, 2019; Unkel & Haim, 2019). However, as 
Magin et al. (2019, p. 422) point out, the effect of limited source diversity on the 
range of perspectives in diversity of the actual content remains unclear and, as a 
result, the present study examines this development from a content perspective.

RQ3:	 To what extent do the two news search engines’ results differ in their portrayals of 
politicians affiliated with different political parties?

Lastly, this study looks at the overall portrayals of politicians based on their 
party affiliations. Earlier studies have sought to assess claims of a conservative 
political bias in search results (Ulken, 2005). Recent findings observe signs of a 
left-leaning bias in the US edition of Google News (Trielli & Diakopoulos, 2019) 
and an overrepresentation of conservative sources in the German edition (Haim 
et al., 2018). Thus, the present study investigates the potential of political bias by 
examining the portrayals of politicians based on their party affiliations.

3	 Method

This study follows a quantitative and cross-sectional design based on a reverse 
engineering approach (Diakopoulos, 2014, p. 404; Kitchin, 2017, p. 23). The selected 
search engines are black boxes, where only input and output can be observed, but 
the internal processing that leads to the output remains unknown (Baumgärtel, 
1998; Glanville, 1982; Lewandowski, 2015). The comparison of outputs for identical 
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inputs cannot provide specific information on how the outputs are generated, but 
it can indicate general differences between the services (Seaver, 2013). Considering 
the gatekeeping function of search engines, differences in the outputs may influ-
ence the composition of users’ news diets depending on the selected service.

Data collection was conducted in three steps. In the first of these, several par-
allel searches using a range of search terms were performed with the German 
editions of Bing News and Google News. The search terms focus on several events 
in the German political sphere between December 2017 and January 2018. To rep-
licate realistic and typical search term usage, the chosen search terms were short 
and not in the format of an actual question (Hochstotter & Koch, 2008; Jansen 
& Spink, 2006; Silverstein, Marais, Henzinger, & Moricz, 1999; Zahedi, Mansouri, 
Moradkhani, Farhoodi, & Oroumchian, 2017).

In total, sixteen search terms divided into three categories were selected for 
analysis (Table 1). These categories are political parties of the German Bunde-
stag, the topic of coalition talks, and the names of two politicians. The topic of 
coalition talks, specifically talks about the continuation of the grand coalition 
(“Große Koalition”, GroKo) between the Christian Democrats (CDU/CSU) and So-
cial Democrats (SPD), was chosen because it dominated the media coverage at 
the time the searches were conducted and was of great importance for Germany. 
The two politicians, Angela Merkel and Martin Schulz, were chosen because of 
their pivotal roles in these coalition talks.

Four search queries were repeated at different points in time, as there was a 
significant development in the process of coalition negotiations. The searches 
for each search term were performed simultaneously for Google News and Bing 
News, which allows for comparisons between the services. Comparisons between 
different search terms are not feasible, because not all search terms were used on 
the same day. In an effort to minimize personalization effects, all searches were 
conducted in fresh browsers with no connected Google or Microsoft accounts. 
For each search query, the first results page per search engine was archived, with 
each page listing 20 search results.
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In the second step, the first five news articles per results page were archived in 
their entirety. The links were not clicked during the first step to avoid providing any 
information about supposed preferences of the simulated user. With no available 
information on whether Bing News personalizes the main results, these measures of 
caution were implemented in all searches, even though personalization on Google 
News does not appear to influence the main results (Cozza et al., 2016). It is also 
important to note that the two search engines differed in their layouts: Bing News 
presented one article per search result, whereas Google News grouped several arti-
cles together into one. In line with literature on presentation bias, the most prom-
inent article for each of these groups was selected for the content analysis (Jansen 
& Spink, 2006; Yue et al., 2010). Thus, the topmost link per result was chosen because 
its larger font size was deemed more likely to catch a user’s attention.

The third and final step was a quantitative content analysis of the first ten 
search results as they appeared on each archived result page and the first five 
news articles in full length. This sampling strategy is based on user behavior stud-
ies that show web search users tend to focus on the first visible results without 
scrolling down (Granka, Joachims, & Gay, 2004) and concentrate on the first page 
of search results (Jansen & Spink, 2006). In total, this strategy resulted in a sample 
size of 400 search results and 200 articles evenly distributed between Bing News 
and Google News for the content analysis.

3.1	 Source Characteristics and Content Characteristics

The content analysis was conducted with two different coding units. Search 
result entries, consisting of headlines, source names and snippets (only in Bing 
News), were analyzed to collect data on the characteristics of the retrieved news 
sources. The source categories include the ranking position, the search engine, and 
the news source. The news sources themselves were differentiated by name and 
based on their primary background as online-only, broadcast, or print media.

The second coding unit, whole news articles, was used to assess the content 
characteristics of the search results. Articles were differentiated as copies of wire 
service reports (Carlson, 2007; Thurman, 2007) and clearly marked opinion piec-
es. Articles, which were neither wire reports nor opinion pieces, were classified 
as regular articles. While there are many aspects in which the retrieved content 
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could differ, this study focuses on the portrayal of politicians for three reasons. 
First, there have been concerns about political bias in search results (see Haim 
et al., 2018; Trielli & Diakopoulos, 2019; Ulken, 2005). Media portrayals of politi-
cians may influence political decisions and elections (Aaldering et al., 2018; Gar-
zia, 2017; McAllister, 2007), which establishes this aspect as one proxy measure 
for political bias. Second, analyzing the portrayal of individual politicians has a 
strong tradition in communication research, which aided the codebook develop-
ment (Adam & Maier, 2010; Holtz-Bacha, Lessinger, & Hettesheimer, 1998; Kar-
vonen, 2009; van Aelst et al., 2012). Third, the most prominent political topic in 
the news at the time of data collection was closely tied to the leaders of the differ-
ent political parties in Germany.

The portrayals of politicians were coded in 20 content categories (Table 2). 
These categories can be divided into two parts: leadership images, and privatiza-
tion. The former focuses on politicians’ professional characteristics as differenti-
ated by Aaldering and Vliegenthart (2016) and the latter considers their personal 
lives as defined by Holtz-Bacha et al. (2014). This approach differs from Ulken’s 
(2005) by providing a more detailed assessment of portrayal based on established 
concepts in political communication research.

Every category was coded up to three times per article, depending on the num-
ber of mentioned politicians, and only references to the first three mentioned 
politicians were considered. For each category, the overall tone of the article in 
reference to a specific politician’s characteristics was assessed. The categories 
were coded in an ordinal scale differentiating between positive (1) and negative 
(-1) portrayals. Mentions of characteristics that included both positive and neg-
ative evaluations or no evaluation were coded as ambivalent or neutral (0; see 
Aaldering & Vliegenthart, 2016). The absence of mentions of characteristics was 
coded outside of this scale.

The six dimensions of leadership images identified by Aaldering and Vlie-
genthart (2016) were split into twelve individual categories to simplify the 
coding process. Similarly, broader dimensions of privatization were split into 
smaller categories. In addition to private relationships, lifestyle (e.g., hobbies), 
past life and socio-economic background, mentions of age were also considered. 
For the data analysis, an overall portrayal index was calculated by combining 
the values of the leadership image categories with those of the privatization 
categories in a mean index.
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Table 2: Content categories

Categories Sub-Categories Cohen’s Kappa

Privatizationa

Age .91

Religion -c

Private Relationships Family/Love Life -c

Friends & Relatives 1.0c

Past Life & Upbringing Childhood 1.0c

Socioeconomic Background .82

Education .86

Lifestyle 1.0c

Mean reliability .86

Leadership Imagesb

Political Craftsmanship Political Experience .89

Knowledge .84

Judgement .74

Vigorousness Assertiveness .92

Guidance .82

Decisiveness .74

Integrity .89

Charisma Likability .90

Public Support -c

Consistency .82

Responsiveness Consideration of Feedback 1.0c

Opportunity for Feedback 1.0c

Mean reliability .84

All categories are coded on a three-point scale: -1 (negative) 0 (neutral / ambivalent) 1 (positive). a Based 
on Holtz-Bacha et al. (2014) and van Aelst et al. (2012). b Based on Aaldering and Vliegenthart (2016). c Lack 
of variance in pretest sample, these categories are not included in the mean reliability indices.
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The codebook was pretested with a sample of 60 search results and 30 articles 
coded by two independent coders. The inter-coder reliability for the catego-
ries differentiating news sources and article types is sufficient (Cohen’s Kappa 
between .94 and 1.0). The more complex content categories show generally suf-
ficient but varying reliability coefficients (Cohen’s Kappa between .74 and 1.0). 
However, these reliability coefficients need to be interpreted with caution, as 
the pretest sample lacked variance for most privatization categories (excluding 
age, socio-economic background and education) as well as for the leadership di-
mension responsiveness. Although previous studies report low levels of perso-
nalization in German news (Emde & Scherer, 2016; Holtz-Bacha et al., 2014; Sö-
rensen, 2016), these categories were included in the final codebook as it remains 
unclear to what extent the selection of articles in the search results mirror the 
characteristics of the media landscape (Unkel & Haim, 2019, p. 11).

4	 Results

4.1	 Retrieved News Sources

For RQ1 (What news sources are retrieved by Bing News and Google News for 
search queries related to German politicians and how do they differ?), the spectra of 
retrieved media sources differ between the two services, with 80 distinct sources 
for Bing News and only 58 distinct sources for Google News. Differences are also 
prevalent when the types of sources are considered (Table 3). Both services main-
ly rely on print media sources (Bing News: 67%; Google News: 77%; χ² = 4.45; p = 
.35), with Bing News featuring more online-only media (χ² = 21.50; p < .001) and 
Google News including more broadcast media (χ² = 5.23; p = .022).

The top five search results are compared in a similar manner to provide context 
for the following analysis of the content characteristics (Table 4). Significant differ-
ences are observed in the types of articles: more than half of the top five articles 
retrieved by Bing News (52%) are wire reports, whereas these types of articles only 
account for 27 percent of the top five articles retrieved by Google News (χ² = 13.10, p 
< .001). Neither Bing nor Google feature opinion pieces in the top results frequently, 
however Google News results seem more likely to include them (Bing News: 6%; 
Google News: 12%), though this observation is not statistically significant.
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Table 3: Overview of the variety of sources retrieved by Bing News and Google News 
(N = 400 entries).

Search Result 
Entries

Bing News
(N = 200)

Google News
(N = 200)

n % 
(rounded)

n %
(rounded)

χ² p

Online-only media 49 25 15 8 21.50 <.001***

Broadcast media 17 9 32 16 5.23 .022*

Print media 134 67 153 77 4.45 .035*

* p < .05. ** p < .01. *** p  <.001.

Table 4: Types of sources and articles in Bing News and Google News top 5 results (N = 200).

Top 5 Results Bing News 
(N = 100)

Google News 
(N = 100)

n / %a n / %a χ² p

Type of media

Online-only media 29 5 20.41 <.001***

Broadcast media 6 19 7.73 .005**

Print media 65 76 2.91 .088

Type of article

Regular 42 61 7.23 .007**

Wire report 52 27 13.10 < .001***

Opinion piece 6 12 2.20 .138

* p < .05. ** p < .01. *** p  <.001.
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The two services feature similar numbers of distinct sources when looking at the 
five most frequently featured sources per service (Bing News: 7; Google News: 
6; Table 5). These sources account for 21 percent of the Bing News entries and 
29 percent of the Google News entries. The Bing News results include the only 
online-only source in both top five lists. News sources like Spiegel Online, Frank-
furter Allgemeine Zeitung, Die Welt, and Tagesspiegel appear in both search en-
gines’ results and with similar mean ranking positions.

Portrayal of individual politicians

The following analyses for RQ2 (To what extent do the two news search engines’ results 
differ in their portrayals of individual politicians?) are based on the 200 whole articles 
(100 per search engine). While neutrality has also been addressed in a normative 
context in previous chapters, it should be understood as journalistic neutrality in 
the following. Thus, neutral portrayals refer to mentions without clear positive 
or negative evaluations or with a balanced mix of both.

In total, 96 different politicians are mentioned 464 times in the analyzed ar-
ticles. More than half of these mentions bring up politicians’ leadership images 
or their personal lives (55%, n = 255). The sample is rather void of privatization 
as defined in this study, with very low case numbers for Bing News (n = 30) and 
Google News (n = 23). Leadership images are addressed more frequently but again 
with no difference in emphasis (Bing News: n = 120; Google News: n = 126). The 
combined portrayal indices show a general trend towards balanced portrayals 
with no significant differences between the services (Bing News: m -.09, SD = .56, 
n = 129; Google News: M = -.07, SD = .70, n = 126; t = -.227, p = .821).

However, significant differences in the distribution of positive or negative por-
trayals are observed (χ² = 8.994, p = .011, Figure 1). Both samples contain similar 
shares of negative portrayals (Bing News: 33%, N = 129; Google News: 39%, N = 130). 
Bing News features more neutral portrayals (48%; Google News: 31%) and Google 
News features more positive portrayals (30%; Bing News: 19%). Overall Google News 
retrieves a more balanced mix of positive, negative and neutral portrayals, where-
as Bing News results emphasize neutral portrayals. The different types of articles 
show a trend of increasing neutrality from opinion pieces to regular articles to wire 
reports, though this finding is not statistically significant (MOpinion = -.32, SD = .69, n = 
36; MRegular = -.14, SD = :65, n = 194; MWire = -.03, SD = .53, n = 87; p = .061).
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Table 5: Top 5 most frequently featured news sources per search engine.

Source Times 
retrieved

% share
of entries by 

search engine 
(rounded)

Average 
Rankinga

Type of 
media 
source

M SD

Bing News (N = 200)

1 T-Online.de 15 5 4.00 2.67 Online-
only

2 Spiegel Online 11 4 4.18 2.96 Print

3 Augsburger 
Allgemeine

10 3 3.80 2.44 Print

4 Die Welt 8 3 5.75 3.28 Print

5 Frankfurter 
Allgemeine 
Zeitung

7 2 3.00 1.53 Print

Tagesspiegel 7 2 6.71 2.43 Print

n-tv 7 2 7.43 2.07 Broadcast

Google News (N = 200)

1 Spiegel Online 22 7 4.68 2.92 Print

2 Focus Online 14 5 5.57 3.00 Print

Frankfurter 
Allgemeine 
Zeitung

14 5 4.64 2.59 Print

3 Tagesspiegel 13 4 5.85 3.53 Print

4 Die Welt 12 4 5.67 2.87 Print

5 Tagesschau.de 11 4 3.91 2.91 Broadcast

a Ranking between 1-10; lower values denote more prominent placement in the search result lists.
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Figure 1: Comparison of the ratios between neutral and evaluative news retrieved by Bing 
News and Google News (rounded percentages).

Five of the 96 mentioned politicians account for more than half of the coded men-
tions. The case numbers for the other mentioned politicians are insufficient for 
further analysis, with mostly one or two mentions for several politicians. The se-
lected politicians are Martin Schulz (SPD, n = 61), Angela Merkel (CDU, n = 37), Horst 
Seehofer (CSU, n = 19), Christian Lindner (FDP, n = 16), and Kevin Kühnert (SPD, n = 
10). As a result of almost half of all mentions (45%, n = 209) occurring without coded 
references to leadership image or privatization, the case numbers per politician are 
surprisingly low considering the overall sample size of 464 mentions.

Although there are statistically significant differences in the overall portray-
als of two politicians (Lindner: p = .025; Kühnert: p = .039; Table 6), these findings 
should not be over-interpreted when considering the low case numbers (n be-
tween 3 and 10) and high standard deviations. In the case of Christian Lindner, 
the Bing News results are considerably more negative (M = -.60, SD = .49, n = 6; Goo-
gle News: M = 10, SD = .57, n = 10). Kevin Kühnert is portrayed somewhat positively 
in Bing News (M = .17, SD = .29, n = 3), while the news retrieved by Google News are 
very favorable (M = .63, SD = .26, n = 7).

For the remaining three politicians, the overall trend of positive, negative or 
neutral portrayals is remarkably similar between the services; however, in the 
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cases of Angela Merkel and Horst Seehofer, the standard deviations differ much 
more between the search engines. While the differences in the distributions are 
not significant, the p values for the chi-squared tests are noticeably lower than 
those of the t-tests, which may be related to the significant differences in the 
overall distribution of evaluations (Figure 1).

The valence of the evaluations themselves likely depends on the political 
situation at the time of data collection. This means that comparisons between 
different politicians and party affiliations are not meaningful, though compar-
isons between the services are not impacted as each search was conducted in 
parallel in both services.

4.2	 Portrayal based on Party Affiliation

For RQ 3 (To what extent do the two news search engines’ results differ in their 
portrayals of politicians affiliated with different political parties?), the indices for indi-
vidual politicians are combined into party averages to compare the portrayal of 
politicians based on their party affiliation. The following results only describe the 
overall portrayal of all mentioned politicians, grouped by party affiliation. This 
does not constitute a portrayal of the political party itself, because the represen-
tatives of the different political parties may differ between the two news search 
engines and political parties encompass more than the individual party members.

Similar to the case of individual politicians, the overall evaluation of politicians 
based on party affiliation appears largely unanimous, with only slight differences 
in the degree of positivity or negativity (Table 7). For the mean comparison, only 
the portrayal of FDP politicians differs significantly between Bing News and Google 
News (p = .025), with Bing News results reporting more negatively (M = -.66, SD = .47, 
n = 7) than Google News results (M = .00, SD = .63, n = 11). Looking at the distribu-
tions, the majority of the Bing News articles featuring portrayals of FDP politicians 
are negative, whereas Google News retrieved similar shares of positive and negative 
portrayals. Considering the low case numbers, it is interesting to note that these 
differences are nearly statistically significant (p = .066). However, the FDP case num-
bers match up almost perfectly with the case numbers for Christian Lindner. There-
fore, the result is likely caused by the divided portrayal of this individual politician in 
the very small sample and does not reflect a bias based on party affiliation.
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Apart from the FDP cases, there are three more notable differences in the distri-
butions. While not significant, the data for the AfD (p = .084) and SPD (p = .074) 
show remarkably similar patterns: Google News features higher shares of positive 
and negative portrayals, whereas Bing News features more neutral portrayals. In 
the case of Die Grünen, there are significant differences in the distributions (p 
= .003), with Google News featuring significantly more positive portrayals and 
noticeably fewer neutral portrayals. While these findings should not be over in-
terpreted considering the small case numbers, they may again indicate different 
approaches to create an overall balanced mix of news articles.

5	 Discussion

The first research question concerns the sources presented in the search re-
sults. Both services heavily rely on legacy media sources, thus maintaining rather 
than decreasing the influence of these organizations (Nechushtai & Lewis, 2019). 
Whereas Bui (2010) found Google News to retrieve more distinct sources and 
Ulken (2005) found more online-only sources, the present study observes fewer 
distinct sources and fewer online-only sources compared to Bing News. Google 
News’ lower number of distinct sources, and resulting stronger reliance on the 
top five sources, supports the previously reported trends of concentration and in-
creasing homogeneity (Bui, 2010; Haim et al., 2018; Krafft et al., 2019; Nechushtai 
& Lewis, 2019; Puschmann, 2019; Unkel & Haim, 2019). The findings also suggest 
a similar trend for Bing News, whose list of top five sources is very similar to the 
Google News list, despite an overall higher number of distinct sources.

There are some similarities to the findings by Haim et al. (2018) and Unkel and 
Haim (2019): some conservative sources, like Die Welt and Focus online, appear fre-
quently in Google News results, whereas popular media like Bild.de, T-Online, RTL or 
Stern do not. Interestingly, one of these underrepresented sources is among the most 
frequently retrieved in Bing News results (T-Online). However, with individual sourc-
es accounting only for a maximum of 7 percent of the Google News search results, 
compared to previously observed shares of up to 24 percent (Haim et al., 2018, p. 6), 
these trends are less pronounced in the current study. This may indicate changes in 
the algorithms, changes in the search engine optimization of other news outlets, or 
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other factors potentially influencing the results (e.g., the used search terms or the 
sampling procedure which did not consider the respective front pages).

The second and third research questions focus on the content of the retrieved 
news articles, in which roughly half of all mentions of politicians addressed profes-
sional or personal characteristics. The findings generally show no significant differ-
ences in the portrayals of politicians between Bing News and Google News. There 
is a consensus between the two services, with no evidence of systematic favoring 
of individual politicians or their political party affiliation. Both search engines re-
trieve more articles with negative than positive evaluations. This is likely a gener-
al news media bias and not specific to the algorithmic systems themselves (Unkel 
& Haim, 2019, p. 11). Negativity itself is a news value (Galtung & Ruge, 1965; Harcup 
& O’Neill, 2017; Harcup & O‘Neill, 2001) and as such is a part of German political 
media coverage (Kepplinger, 2000). The similarities in the portrayals can partially 
be explained by the considerable overlap in top search results. Both services seem 
to rely on very similar cores of mainstream sources (Puschmann, 2019), which may 
indicate a mainstreaming bias (Nechushtai & Lewis, 2019). The inclusion criteria for 
these mainstream media cores remain a crucial open question, especially concern-
ing the different media cores reported for the German and the US editions (Haim 
et al., 2018; Trielli & Diakopoulos, 2019). Closer analysis of the core media them-
selves seems like a logical next step in this direction. Haim et al. (2018, p. 10) suggest 
differences in search engine optimization as one potential explanation. These dif-
ferences could be compared between over- and under-represented media to help 
understand the search results (e.g., Britvic, Duric, & Buzic, 2014).

While an overall agreement in the portrayals is observed, the degree of positiv-
ity or negativity can differ between the services. The mean portrayal measures for 
individual politicians and party affiliations show high standard deviations and, in 
some cases, the standard deviations differ considerably between the services, likely 
caused by different distributions of positive, neutral, and negative evaluations. In to-
tal, Google News shows a nearly even distribution, whereas Bing News shows a larg-
er share of impartial portrayals and fewer positive portrayals. The findings for Goo-
gle News support previous research. Flaxman et al. (2016) report higher percentages 
of ideologically opposing articles when compared to social media and general search 
engines. Ulken (2005) also observed higher shares of positive and negative evalu-
ations. While this trend was previously explained by a higher number of distinct 
sources and the inclusion of online-only sources, the findings for research question 
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one contradict this explanation. Instead, the types of the retrieved articles may ex-
plain this result: compared to Bing News, Google News retrieved significantly fewer 
news agency reports, which are generally less opinionated. The algorithmic systems 
may differ in the weighting of this type of content. Scholars have previously voiced 
concerns that wire reports can be copied so as to exploit the ranking factor currency 
(Carlson, 2007; Thurman, 2007). Bing News may be more susceptible to this strategy, 
however it is also possible that the two services differ in their approach to create bal-
anced news experiences (Google Inc., n.d.a; Microsoft Bing, n.d.): Bing News strives 
for balance by emphasizing impartial content, whereas Google News provides equal 
amounts of positive, negative and impartial content. To assess which of these ap-
proaches is preferable exceeds the scope of this paper, as answers to this question 
vary based on the normative approach used for the evaluation (see Helberger, 2019).

5.1	 Limitations

A few limitations must be addressed. First, the presented findings are only 
a snapshot in a very dynamic field of research. The data was collected at the 
end of 2017 and in the beginning of 2018, shortly before Google News received 
a considerable update (Upstill, 2018). Developments of the ranking algorithms 
and search indices may now yield different results. Nonetheless, this study can 
provide reference points for further studies.

Second, there are limitations of the content analysis. This study utilizes the por-
trayal of politicians as a proxy for political slant in the news coverage, which oversim-
plifies certain situations. Negative evaluations of failed political endeavors or positive 
evaluations of political successes both may be politically biased or simply impartial 
reports of the respective events. Considering the mixed empirical evidence of per-
sonalization in German media coverage of politics (Adam & Maier, 2010, pp. 225–227), 
a different proxy for political slant could be beneficial and may result in more eval-
uations for the analysis. The idea of coding portrayal on an article level is not ideal 
either, because of the complexity of evaluating each article. Further, the reliability of 
several categories could not be assessed exhaustively, as some dimensions of leader-
ship images and privatization rarely applied to the collected articles.

Third, the sampling procedure may influence if and how politicians are por-
trayed in the search results. The search terms themselves were selected to be 
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impartial, however different, more partisan search terms may implicitly influ-
ence the ideological slant of the results (Borra & Weber, 2012; Flaxman et al., 
2016, p. 311). Therefore, the presented findings are only valid for the selected 
search terms and in the time frame of data collection. For example, observations 
like the negative portrayal of Christian Lindner in the Bing News results cannot 
be interpreted as a general bias against this politician.

Lastly, this study cannot provide insight into real-life situations. Outside of 
the experimental setting, users frequently do not avoid personalization of search 
results. Therefore, it is very difficult to simulate identical realistic users to allow 
for comparisons of these types of services.

5.2	 Outlook and Implications

This study adds to the existing body of descriptive studies which exam-
ine differences between various news search engines. As a result of the highly 
dynamic nature of the internet, these types of studies quickly become outdat-
ed. However, when taken together, they can document overarching trends and 
developments over time (e.g., the core of mainstream sources for Google News), 
albeit without any insight into the intentionality of the observed behavior.

Further research is needed to assess the extent of the observed differences in 
order to verify these observations for other content aspects (e.g., portrayals of 
specific issues, portrayals of organizations) and to identify possible explanations 
for these differences. New data collection methods based on the documentation 
of search engine use and results by participating regular users may help to fully 
understand the extent to which differences in search results occur in real life 
situations (see Puschmann, 2019). Ideally, trends reported in these descriptive 
comparisons between search engines should be put into context by interview-
ing developers about their intentions, decisions and limitations leading to the 
observed behavior (Kitchin 2017, pp. 24–26). However, this approach is naturally 
complicated by the search engine providers’ interest to keep trade secrets con-
fidential. Finally, this study shows that algorithmic gatekeepers may develop 
a content bias by restricting specific types of articles, which may require new 
assessment criteria (e.g., based on the observed differences in the distributions 
of evaluative content). The behavior and characteristics of news media should 
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also be considered in this context as they may directly or indirectly influence 
the retrieved content. For example, effective search engine optimization may di-
rectly affect the ranking position of specific news outlets or indirectly change 
the ranking algorithm as certain counter measures are implemented by search 
engine providers to prevent the exploitation of the algorithms (e.g., putting less 
emphasis on wire reports). This ties into the moral and ethical responsibilities of 
news search engine providers; while they must continue to combat attempts to 
exploit their algorithms, their roles as gatekeepers call for cautious and farseeing 
actions. In this sample, it seems that Google News’ avoidance of wire articles leads 
to more evaluative articles compared to Bing News. While this may very well be a 
conscious decision, it could also be an example of an unwanted effect.

From a user perspective, the findings emphasize the importance of informa-
tion literacy (see Dogruel in this volume) as internet users need to be educated about 
the processes behind the services they use every day. Insight into ranking differ-
ences between search engines may even improve user’s online information seek-
ing: users looking to compare different opinions may benefit from consciously 
selecting Google News to retrieve more opinionated reports.

All things considered, perhaps the commonly cited advice to cross-reference 
information between different sources needs to be expanded to also include the 
cross-referencing between different services to find said information.

Marius Becker is a researcher at the Department of Empirical Media Research and Political 
Communication at Technische Universität Ilmenau, marius.becker@tu-ilmenau.de
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