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Seek and you shall find? 

A content analysis on the diversity of five search engines’ results on political queries 

 

Search engines are important political news sources and should thus provide users with 

diverse political information – an important precondition of a well-informed citizenry. The 

search engines’ algorithmic content selection strongly influences the diversity of the content 

received by the users – particularly since most users highly trust search engines and often 

click on only the first result. A widespread concern is that users are not informed diversely by 

search engines, but how far this concern applies has hardly been investigated. Our study is 

the first to investigate content diversity provided by five search engines on ten current 

political issues in Germany. The findings show that sometimes even the first result is highly 

diverse, but in most cases, more results must be considered to be informed diversely. This 

unreliability presents a serious challenge when using search engines as political news 

sources. Our findings call for media policy measures, for example in terms of algorithmic 

transparency.
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Seek and you shall find? 

A content analysis on the diversity of five search engines’ results on political queries 

After British polling stations closed on June 23, 2016 – the day of the Brexit referendum – the 

search engine Google recorded an enormous rise in the query “What will happen if we leave 

the EU?” (O'Hare, 2016). Apart from the question of why people did not inform themselves 

earlier, this example illustrates how important search engines have become as a political 

information source (Dutton, Reisdorf, Dubois, & Blank, 2017; Newman, Fletcher, 

Kalogeropoulos, & Nielsen, 2019). By reducing complexity, they provide orientation in the 

flood of information, thus acting as powerful “gatekeepers” that select, sort, and redistribute 

online content (AUTHORS; Latzer, Hollnbuchner, Just, & Saurwein, 2016). Therewith, they 

essentially influence what users know about political issues (Granka, 2010) and the formation 

of public opinion (Latzer et al., 2016). However, their filtering and sorting can lead to biased 

information and thus entail risks for the diversity received by the users (AUTHORS). But to 

what extent do search engines provide comprehensive, diverse information about current 

political issues such as Brexit? 

Even though this question is of high societal relevance since diverse political 

information is a precondition for a well-informed citizenry, it has been widely unexplored 

(AUTHORS). Granka (2010) postulates quantitative content analyses that measure diversity 

“on a per-query level” (p. 370). Starting from this desideratum, our study compares content 

diversity (based on the articles that are hyperlinked by the first ten search engine results) 

provided by five search engines – Google, Ask, Bing, DuckDuckGo, Ixquick – regarding ten 

current, controversial, political issues in Germany. We contribute to the methodological 

improvement of often inappropriate and overly rough indicators of content diversity (e.g., 

Karppinen, 2006) by developing an innovative, valid, detailed measurement of two pivotal 

dimensions of content diversity: information diversity and diversity of speakers. The findings 

show that obtaining diverse information on current political issues through search engines is 
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possible, but by no means guaranteed – particularly if a user simply clicks on the first result, 

as most users do (Pan et al., 2007).  

Below, we first describe how the filtering and sorting of search engines can affect 

content diversity, give an overview of the few existing empirical studies thereon, and derive 

our innovative measurement of content diversity. Afterwards, we present our findings and 

discuss their implications as well as our study’s limitations. 

Conceptual framework 

How search engines influence content diversity 

Diversity is considered a precondition of healthy democracies (Napoli, 1999) since it 

is assumed to guarantee a public debate with opposing viewpoints and a well-informed 

citizenry, as illustrated by the “marketplace of ideas” – an idealized metaphor of public 

discourse (Karppinen, 2006): citizens shall freely exchange diverse ideas and viewpoints to 

ensure well-informed decision-making, tolerance toward other viewpoints (Jandura & 

Friedrich, 2014), and the stimulation of “popular wisdom” (Donohue & Glasser, 1978, p. 

592). The media should contribute to it by providing diverse content (Jandura & Friedrich, 

2014), stressing the importance of diversity in media policy (Just, 2009) and in 

communication research. 

Originally, the debate focused on human, journalistic gatekeepers, often revitalized by 

developments considered as potential threats to content diversity (e.g., concentration 

processes in the newspaper market (Donohue & Glasser, 1978), the introduction of 

commercial broadcasting in European countrues (Aslama, Hellman, & Sauri, 2004)). The rise 

of the Internet brought along the hope of unlimited content diversity online (European 

Commission, 2010, p. 30), but it quickly turned out that the processing capacities of the users 

limit diversity: in the information flood, they rely on gatekeepers to identify relevant 

information more than ever. Search engines were invented exactly for this purpose: they 

select pieces of information from a myriad of different sources based on algorithms, which 
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entails the potential to present highly diverse content. However, in contrast to journalistic 

gatekeepers, search engines are not bound to any normative principles (AUTHORS; Granka, 

2010). Since each act of selecting and sorting content follows specific criteria while ignoring 

others, both human and algorithmic gatekeeping are somewhat biased. The particular problem 

with search engines is the non-transparency of their selection criteria (van Hoboken, 2012) 

which fuels concerns of biased search results (Epstein & Robertson, 2015; Pariser, 2011) and 

impairments of content diversity. Two steps of search engines’ gatekeeping process are 

pivotal (AUTHORS; Kulshrestha et al., 2019; Latzer et al., 2016): 

(1) Filtering. Search engines select some pieces of information while filtering out 

many others. To be findable by a search engine, a website must be contained in the engine’s 

search index, which includes every website the search engine has stored before but excludes 

all other websites. To become visible within a specific search engine results page (SERP), a 

website must be deemed relevant in terms of the specific search query. The search engine 

selects some items and excludes others, possibly causing bias at the input level (Kulshrestha 

et al., 2019) of the gatekeeping process. 

(2) Sorting. Search engines sort and prioritize content that is relevant to the query by 

ranking content at the top or further down the SERP. This sorting strongly affects the content 

diversity received by the users (Kulshrestha et al., 2019: ranking bias). Although search 

engines allow access to an enormous content supply, most users let themselves guide by 

different cues, such as brands (Ieong, Mishra, Sadikov, & Zhang, 2012) or ranking (Haas & 

Unkel, 2017; Pan et al., 2007). Users hardly ever proceed beyond the first SERP (the first ten 

results in most cases; Jansen & Spink, 2006) and often only click on the first result (Pan et al., 

2007). Thus, only a tiny share of content available via search engines is easily reachable by 

users and in fact accessible (for the difference between “available” and “accessible” see 

Hargittai, 2000) respectively accessed. The sorting may foster over- or underrepresentation of 

certain pieces of information and thereby affect content diversity.1 
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Research on content diversity provided by search engines 

The potential threat of search engine bias has stimulated some research, for example 

on the partisanship of Google search snippets (Hu, Jiang, E. Robertson, & Wilson, 2019), the 

sources of Google’s Top Stories (Trielli & Diakopoulos, 2019), the question of whether 

(socially) tabooed or controversial sub-issues are suppressed (Gerhart, 2004), and how far 

biased results can influence users’ voting decisions (Epstein & Robertson, 2015). However, 

studies on content diversity provided by search engines are still extremely scarce. Most of the 

few existing studies (e.g., AUTHORS; Unkel & Haim, 2019; Trielli & Diakopoulos, 2019) 

concentrate on structural diversity by analyzing different types of sources included in the 

SERP. But whether structural diversity necessarily increases content diversity seems 

questionable. For example, according to an analysis by AUTHORS, Google performs worse 

than four other general search engines regarding source diversity due to its focus on 

journalistic websites and the small share of alternative website types (e.g., weblogs; see also 

Unkel & Haim, 2019; Metaxas & Pruksachatkun, 2017). However, particularly journalistic 

articles may provide more diverse informational aspects than other sources (AUTHORS). 

Moreover, many studies have focused on the teaser information on the SERP itself rather than 

including the content of the hyperlinked articles (e.g., AUTHORS; Beiler, 2013) – sparse 

information only allowing for a superficial measurement. Neuberger and Lobigs (2010) 

applied a more detailed measurement and found higher content diversity within articles 

accessed via Google than articles accessed directly via specific journalistic websites. 

However, their study has become outdated, and their small sample (30 results) and limitation 

to one single issue limit the generalizability of their findings.  

Other studies have approached the field from different angles: An automated content 

analysis of search results on nanotechnology by Li, Anderson, Brossard and Scheufele (2014) 

compared the distribution of thematic foci between the first ten and the 11th to 32nd result and 

found a more equal distribution within the lower ranked results. This indicates that content 
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diversity may increase when considering results ranked further down the SERP. Möller, 

Trilling, Helberger and van Es (2018) showed that algorithmic content selection does not 

necessarily limit content diversity: based on the output of a Dutch newspaper, they simulated 

a set of algorithm-based article recommendations (e.g., based on overall popularity or 

semantic filtering) and found that algorithmic selection led to comparable issue diversity as 

content selected by human editors. Taking into account that even the highest diversity remains 

ineffective if users do not make use of it, Fletcher and Nielsen (2018) conclude from survey 

data that using search engines to access news corresponds to the exploitation of more different 

media brands. However, except Neuberger and Lobigs (2010), none of these studies 

investigated content diversity provided by search engines in detail. To address this gap, we 

need a detailed, valid operationalization of content diversity. 

Conceptualizing content diversity  

Diversity is conceptualized very differently, depending on the object of investigation 

and the level of analysis (McQuail, 1992; Figure 1). Many common indicators are easy to 

measure and allow for comparability across issues, but have the disadvantage of being too 

rough and superficial to be linked to the normative principles of diversity (Karppinen, 2006). 

This applies particularly to structural diversity as measured by the diversity of media outlets, 

program types, and genres. However, the same objection can be raised for many 

operationalizations of content diversity, defined as the “heterogeneity of media content in 

terms of one or more specified characteristics” (van Cuilenburg, 2000, p. 52): most empirical 

studies use rough indicators such as different geographical locations (e.g., countries), policy 

fields (e.g., social policy, economic policy), and certain people and groups (e.g., political 

parties) (van Cuilenburg, 2007) that do not suffice to evaluate whether news coverage can 

contribute to a well-informed citizenry. 

– Figure 1 about here – 
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To that purpose, we need more detailed indicators that focus on content diversity 

within issues. Two aspects are of particular importance: news coverage should (1) include a 

wide range of aspects and viewpoints related to each issue (Jandura & Friedrich, 2014) and 

(2) enable different societal groups to be heard in public (McQuail, 1992). Indeed, such a 

valid approach is methodologically challenging and effortful. This is probably one reason why 

only few studies have followed this path (for exceptions see Benson, 2009; Masini et al., 

2018; Neuberger & Lobigs, 2010) – but usually at the price of being limited to one single 

issue. Hence, research on how far news coverage provides the preconditions of a well-

informed citizenry should in general meet three requirements: it should investigate (1) content 

diversity rather than structural diversity (2) within rather than across issues (3) by means of 

valid indicators. Studies on content diversity provided by search engines should additionally 

(4) measure content diversity based on hyperlinked articles rather than on the teaser 

information within the SERP and (5) take user behavior into account by considering that most 

users only click on the top-ranked results. 

Our study fulfills all five requirements. It analyzes two core dimensions of content 

diversity: (1) Information diversity – a newly introduced term in the international context (for 

the German version of the term see Neuberger and Lobigs, 2010) – refers to single 

informational aspects on political issues. These so-called “information units” (Geiß, 2015; 

Haßler, Maurer, & Oschatz, 2014) comprise for example pure facts, background information, 

and viewpoints. (2) Diversity of speakers refers to different actors (societal groups, 

individuals) expressing an opinion on the respective issue (including evaluations, demands). 

This indicator allows for a more valid measurement of diversity of access (McQuail, 1992) 

(respectively being heard in the public discourse) than actor diversity which measures if 

people/groups are only mentioned (Humprecht & Esser, 2018), paraphrased, or quoted 

(Masini et al., 2018), regardless of whether they express an opinion or not (for the difference 

between actors and speakers see Humprecht and Esser, 2018). It has to be noted that diversity 
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of speakers is not a substitute for diversity of opinions (since multiple speakers can concur), 

but rather measures how many different actors get the opportunity to voice their opinions 

publicly. In contrast to previous studies (e.g., Jacobi, Kleinen-von Königslöw, & Ruigrok, 

2016), we do not only measure how diverse “important” voices (particularly politicians from 

the main German political parties) are represented, but also consider a broad range of societal 

groups and ordinary people. 

Our approach is based on the concept of open diversity2 (in line with Humprecht and 

Esser, 2018; Jacobi et al., 2016), which postulates the equal visibility of people/groups and 

informational aspects of an issue, regardless of status and real-world distribution (Vettehen, 

2005), entailing the potential to “promote change and innovation” (McQuail, 1992, p. 148) by 

reinforcing new ideas (van Cuilenburg, 2000). However, if realized in full, the normative 

ideal of open diversity can collide with the media’s function to select relevant content, which 

is why unlimited diversity is not desirable (Vettehen, 2005). Particularly search engines are 

expected to “keep people from drowning in an information flood” (Saurwein, Just, & Latzer, 

2015, p. 35). Here, a general problem of diversity research becomes obvious – the the lack of 

a threshold from which diversity can be considered sufficient. To deal with this dilemma, we 

made a compromise in our study: we measured content diversity based only on information 

units and speakers that were potentially relevant to capture an issue comprehensively (see 

methods section). In contrast to studies that used the empirically given value across all search 

engines as a baseline (e.g., Mowshowitz & Kawaguchi, 2002), we evaluated diversity 

measures from a normative perspective since we assume that the empirical values could show 

diversity deficits. Since we assume that comparisons are the best way of dealing with the lack 

of concrete thresholds, we compare five search engines and ten political issues. 

Taking typical consumption patterns into account, we focus on the diversity of the 

articles hyperlinked by the first ten results of each SERP as a proxy for the maximum 

diversity received by users. However, most users will stop reading (far) earlier, which is why 
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we investigate the progression of information diversity and diversity of speakers from result 1 

to result 10 and address the following research questions:  

RQ1: How do information diversity and diversity of speakers develop when 

considering more (one, two, …, up to ten) search results (progression of diversity)? 

RQ2: How does progression of information diversity and diversity of speakers differ 

between search engines? 

RQ3: How does progression of information diversity and diversity of speakers differ 

between ten current political issues? 

RQ4: How does the interplay between search engines and political issues influence the 

progression of information diversity and diversity of speakers? 

Method 

Sample and collection of materials 

To answer the research questions, we conducted a quantitative content analysis of five 

search engines relevant for the German market: Google – by far the most important search 

engine (market share: more than 90 percent of all search queries in Germany; SEO, 2017) –, 

its “strongest” competitors (Bing, Ask) and two alternative search engines claiming to pay 

attention to users’ privacy (Ixquick and DuckDuckGo) (SEO, 2017). Search engines with 

results completely based on the algorithm of Google (e.g., T-Online) or Bing (e.g., Yahoo) 

were excluded, even in case of a slightly higher market share compared to Bing or Ask.  

Several measures aimed at increasing the ecological validity of our findings compared 

to previous studies. First, from all political issues controversially discussed in Germany 

between November 2015 and June 2016, we selected ten issues that were as different as 

possible, guided by variation on three criteria (Geiß, 2015; Table 1): level of relevance 

(global/supranational, national, regional), affected societal areas (e.g., diverse policy areas, 

economy, judiciary), and occasions of news coverage (e.g., long-running and ongoing 

debates, political proceedings). Second, for each selected issue, we formulated one search 
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query (Table 1) based on the most frequently used search query according to Google Trends. 

This tool gives an overview of how likely users were to run different search queries for one 

issue (e.g., “TTIP” vs. “free trade agreement” vs. “transatlantic free trade agreement”) across 

time (Trevisan, Hoskins, Oates, & Mahlouly, 2018). This procedure allowed us to identify 

peaks. Assuming that search engines are particularly central information sources at the time of 

these peaks, we gathered the data shortly thereafter. Third, to ensure comparability between 

search engines and issues and to minimize sources of noise – particularly personalization – in 

the data, the collection of materials was always conducted by the same research assistant in 

one place, using the same computer and browser (Firefox). Directly before storing the 

materials, privacy conditions were set wherever possible (clearing browsing history; 

deselecting personalization settings defaulted by Google and Bing; activating Firefox’s 

incognito mode; see also Robertson et al., 2018; Trielli & Diakopoulos, 2019). To reduce time 

lags due to manual storage to a minimum, the research assistant started each query on all five 

search engines in different browser windows (nearly) simultaneously. Then, she clicked on 

the first ten3 articles hyperlinked in each SERP, considering all organic search results and 

news-card respectively news-triplet components (for the distinction of different types of 

search results see Robertson et al., 2018) as the latter are presented to the user in a similar 

manner as organic search results. Additional components (e.g., maps, related searches, 

“people also ask”, snippets) were ignored. Our operational definition of “article” comprised 

all kinds of content we found on the hyperlinked webpages, for example journalistic articles, 

encyclopaedic articles (e.g., Wikipedia), Twitter feeds, and local authorities’ websites 

(including embedded videos and audio recordings, but excluding further hyperlinks and 

previews of further articles). Each SERP and its first ten hyperlinked articles were saved. The 

overall sample comprises 500 articles (5 search engines×10 queries×10 articles). 

– Table 1 about here – 
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Measurement and reliability 

Formal variables – search query, search engine, rank of search result – were coded 

based on the information on the SERP. The content-related variables – information units and 

speakers – were coded based on the hyperlinked articles (Figure 2). For the coding, we 

employed detailed, issue-specific lists of information units and speakers (for an example see 

Appendix). 

– Figure 2 about here – 

Information units. We define an information unit as an aspect, fact or viewpoint on an 

issue (Geiß, 2015; Haßler et al., 2014). Our issue-specific lists included for example 

information on the background of the issues, current incidents, involved actors, and potential 

future developments (e.g., in the Brexit case: date and results of the referendum, relationship 

between the European Union and Great Britain and opinions thereon, political and economic 

(dis-)advantages).  

Speakers. We define a speaker as an actor – a person, group, or institution – who 

explicitly pronounces an opinion (including demands or evaluations) on the respective issue 

(Humprecht & Esser, 2018). Actors only voicing facts were not coded, in line with the 

concept of diversity of access which considers the ability of different actors to contribute to 

the public discourse with their own opinion to be particularly important. Our lists include for 

example political actors, NGOs, experts, mass media, and ordinary citizens/the people 

involved in the respective issue. 

To ensure that the lists only included meaningful information units, they were 

compiled based on (a) prior qualitative inspection of all search results on the respective issue; 

(b) close reading of relevant coverage in two Germany quality newspapers with different 

political leanings (right: Frankfurter Allgemeine Zeitung; left: Süddeutsche Zeitung) in the 10 

days prior to running the respective search query; (c) complementation of logically “missing” 
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units (e.g., when the leader of one parliamentary faction was mentioned in (a) or (b), all other 

faction leaders were added to the list). 

The final lists contain 85 to 154 information units (mean: 115) and 105 to 207 

speakers (mean: 153). For each article, all information units and speakers from the issue-

specific lists that appeared at least once in it were coded. An unlimited number of information 

units and speakers could be coded per article, but each information unit and speaker present in 

the article were coded just once. According to our pretests, this procedure ensured the highest 

possible inter-coder reliability. 

Inter-coder reliability (four student coders) was perfect (Brennan-Prediger’s 

kappa=1.00) for all formal variables (search engine, issue, position on the SERP) and good 

for both information elements (.74) and speakers (.76) across all issues, based on a test of 5% 

of the sample. We used Brennan-Prediger’s kappa since it is chance-corrected and more 

robust than Krippendorff’s alpha regarding variables with a skewed distribution (Quarfoot & 

Levine, 2016). 

Diversity indices. For both information units and speakers, we used the frequency 

distributions to calculate the standardized entropy (see also Humprecht & Esser, 2018; Jacobi 

et al., 2016) which is based on Shannon’s H (Shannon & Weaver, 1949). It compares the 

Shannon entropy from the real data (H0) with the maximum possible entropy (Hmax) that 

would result if the data (n units) were perfectly equally distributed across the c 

bins/categories: 

𝐻𝐻𝑠𝑠𝑠𝑠𝑠𝑠 =
𝐻𝐻0
𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚

=
−∑ 𝑓𝑓𝑖𝑖

𝑛𝑛 ∙ ln 𝑓𝑓𝑖𝑖𝑛𝑛
𝑐𝑐
𝑖𝑖=1

−∑ 1
𝑐𝑐 ∙ ln 1

𝑐𝑐
𝑐𝑐
𝑖𝑖=1

 

For instance, when 3 categories (a, b, c) are possible and n=30 units are coded, the true 

distribution may be f(a)=20, f(b)=8, f(c)=2; the theoretical maximum entropy would be 

reached at f(a)=f(b)=f(c)=10. This leads to: H0=0.803; Hmax=1.099; Hstd=0.731. The 

standardized entropy is mathematically robust for small samples (McDonald & Dimmick, 
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2003) and ranges from 0 (concentration on one information element/speaker, lowest possible 

diversity) to 1 (completely even distribution of all information units/speakers, highest possible 

diversity). Theoretically, it refers to the concept of open diversity since it is sensitive to the 

evenness of distribution across different categories and considers if new elements really 

increase diversity or are rather “more of the same” and decrease diversity.4 We did not 

aggregate any codes when calculating the standardized entropy so as to avoid loss of 

information. The entropy was not calculated on the basis of each individual article but in a 

cumulative manner, including the articles stepwise (result 1, results 1+2, results 1+2+3, …, 

results 1 to 10) in the overall entropy value, so as to measure the progress of diversity for each 

issue and search engine across the first ten results. The entropy values were then standardized 

to ensure comparability across search engines and issues. This means that they were placed in 

relation to the number of theoretically possible information elements or speakers within the 

respective issue-specific list. 

Analysis. Since the distribution of averages of standardized diversity scores were 

unknown, we decided to base our confidence interval calculation on a bootstrapping 

procedure. This means that from the available diversity average scores, we drew a great 

number of random samples (of the same sample size the original average calculation was 

based on) with replacement (so-called “replicates”), in our case 10,000 replicates. This would 

give us an empirical sampling distribution to compare the calculated mean with. It provides an 

impression of how the estimated averages of diversity scores would vary according to random 

processes. For a two-sided 95% confidence interval, the lowest 2.5% (i.e. the lowest 250 

scores) and the topmost 2.5% (the topmost 250 scores) of the sampling distribution would be 

cut off and the lowest and highest remaining value would be the lower and the upper bound of 

the confidence interval, respectively. 9,500 of 10,000 scores obtained in the bootstrap would 

fall into that confidence interval. This e.g. allows for nonsymmetric distributions around the 

average. 
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Findings 

Progression of diversity across search engines and issues (RQ1) 

Figure 3 displays the raw distribution of diversity scores as a “violin plot”. Overall, 

information diversity is somewhat higher than diversity of speakers which seems reasonable 

since an article can be written without referring to any speakers but not without mentioning 

basic information elements. Besides, the lists of speakers contained a higher number of codes 

on average, which makes it more difficult to reach high standardized entropy values. 

Therefore, we focus on comparisons between search engines respectively between issues on 

the same dimension (information diversity respectively diversity of speakers) rather than on 

comparisons between both dimensions. 

The progression of diversity is similar on both dimensions: considering only the first 

results, and then considering progressively more results (1-2, 1-3, 1-4,…) leads to a 

decelerating upward curve approximating a saturation point. The range of diversity values is 

quite large regarding the first result (observe how the “violin” plots stretch downward the y-

axis), but decreases substantially if more results are taken into consideration. This finding 

indicates that even though the diversity provided by the first result can be quite high, there is a 

noticeable risk of not getting diverse (and comprehensive) information when considering only 

the first result. Both information diversity and diversity of speakers increase rapidly when 

results 2 to 5 are included, while the subsequent flattening curves show that results 6 to 10 do 

not add much more to diversity (decelerating saturation).  

– Figure 3 about here – 

Diversity progression by search engines (RQ2) 

There are no general differences between search engines regarding their average 

information diversity or diversity of speakers (Figure 4). To compare the progression of 

diversity between the five search engines, we calculated the means of the cumulative 

standardized entropy across issues by search engines. The estimated averages (10,000 
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bootstrap replicates) in Figure 5 are similar to the overall progression. Beyond that general 

pattern, there are some interesting differences. On average, Ask provides users with the 

highest information diversity and diversity of speakers within the first three results. These 

differences level out as more search results are considered. However, the differences do not 

reach statistical significance even if only considering the first search result. One reason for the 

relatively strong performance of Ask is that in nine out of ten issues, Ask ranks entries from 

the online encyclopedia Wikipedia first (Table 2). These articles are often very comprehensive 

(for exceptions, see climate change and refugees) and generally very important sources for 

search engines (see also AUTHORS; McMahon et al., 2017; Table A1 in the Appendix).  

– Figures 4 & 5 about here – 

– Table 2 about here – 

Progression of diversity by political issues (RQ3) 

On average, the ten issues differ substantially in terms of both information diversity 

and diversity of speakers. The issues roughly formed three groups: TTIP had the greatest 

information diversity and diversity of speakers. Böhmermann, Panama Papers, Brexit, Syria, 

NSU, and assaults in Cologne form the middle group with moderate diversity. The regional 

election in Rhineland-Palatinate and Refugees form the third group with very low diversity. 

Climate change is in the moderate diversity group for information diversity and in the low 

diversity group regarding diversity of speakers (Figure 6).  

To compare the progression of diversity between the ten political issues, we calculated 

the means of the cumulative standardized entropy across search engines by issues. While the 

overall picture of the progression of diversity is still the same on both dimensions, clear issue-

specific differences become apparent (Figure 7): the overall most diversely portrayed issue, 

TTIP, is far ahead from the first to the tenth result across both dimensions while refugees, 

climate change (regarding diversity of speakers) and the regional elections in Rhineland-

Palatinate lag behind across all ten results. The latter two issues, in particular, illustrate that 
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users cannot rely on being diversely informed about political issues by search engines, even if 

they click on and read each of the first ten articles. 

– Figures 6 & 7 about here – 

The comparison between the issues illustrates the difficulties of investigating the 

“black boxes” of algorithms very well, as shown by two similar types of issue, climate change 

and TTIP. Both represent ongoing debates (occasion of coverage) on international policy 

issues (societal area) on a global level (level of relevance) that intensified at the time of data 

collection due to current events. Since both search queries used in this study were broad, the 

search engines could not “know” what exactly we were looking for. Despite these similarities, 

the results for TTIP were clearly more diverse. Additionally, for both climate change and 

TTIP, all search engines ranked a Wikipedia entry first (Table 2), but the different entropy 

indices based on this first result show that this does not always lead to a high degree of 

content diversity. 

Progression of diversity by search engine and political issue (RQ4) 

To this point, we reported the results based on the average values across search 

engines and/or issues. However, averages can mask key differences that become apparent 

when using a certain search engine to learn about a certain issue. In the last step of our 

analysis, we take such differences into account and calculate the cumulative entropy from the 

first result5 to the tenth result. Figure 8 shows a homogeneous pattern concerning information 

diversity: despite some unsystematic outliers (e.g., the first result for Brexit on DuckDuckGo), 

the issue-specific patterns described above generally hold true across search engines.  

When it comes to the diversity of speakers, however, the picture changes. In the case 

of some issues, the diversity of speakers develops similarly across all search engines (e.g., 

TTIP, assaults Cologne), whereas it differs more strongly between search engines for other 

issues (e.g., refugees, NSU trial, regional elections). In the case of the NSU trial, for example, 

Ask provides visibly higher diversity of speakers than DuckDuckGo across all ten results; this 
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is certainly a descriptive result which we cannot check for statistical significance. Moreover, 

in the case of the regional elections, the diversity provided by Ixquick does not even increase 

from the first to the tenth result. This finding shows that the diversity a user gets on an issue 

can be influenced considerably by the search engine used, and that even using five or even ten 

search results does not guarantee a high diversity of speakers. 

– Figure 8 about here – 

Discussion 

Search engines have become pivotal political information sources (Newman et al., 

2019). This raises concerns since their selection criteria are non-transparent, their algorithm-

based filtering and sorting might cause bias (AUTHORS), most users rely on the very first 

search result (Pan et al., 2007), and biased results can influence voting decisions (Epstein & 

Robertson, 2015). However, since empirical research on content diversity provided by search 

engines is widely missing, it is unclear how justified these concerns are. Our study compares 

the content diversity supplied by different search engines to investigate the extent to which 

they provide the basis for a well-informed citizenry. We analyse the progression of content 

diversity from the first to the tenth result provided by five search engines on ten political 

issues, focusing on two crucial dimensions of content diversity: information diversity and 

diversity of speakers. Our innovative, valid measurement thereof – using issue-specific lists of 

information units and speakers – provides an important conceptual and methodological 

improvement compared to the often inappropriate and overly rough conventional 

measurements of content diversity (Karppinen, 2006). The results show that users are 

considerably more diversely informed if they make use of more than the first results (RQ1), 

overall independent of the search engine (RQ2) and widely independent of the issue (RQ3). 

However, the progression of diversity differs noticeably between certain political issues 

(RQ3). Particularly the diversity of speakers sometimes strongly depends on which specific 

search engine is used to inform a user about which issue (RQ4). Sometimes, users find 
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comparatively diverse information even in the very first result and regardless of the search 

engine, but this outcome cannot be relied upon. This unreliability, combined with the non-

transparency of the search algorithms’ filtering and sorting and the users’ preference for the 

first result, is a serious challenge when using search engines as political news sources.  

Naturally, our study has some limitations. Our focus of ten political issues at a certain 

point in time allowed coding them in a level of detail that goes far beyond previous studies 

with much rougher indicators (Karppinen, 2006), but is still only a snapshot which brings 

along limited generalizability. Future studies should test how far manual and automated 

methods can be combined to complement the necessary level of detail with larger samples. 

Such studies could, for example, consider more different issues, run each query at several 

points in time, and compare results generated by different search queries as prior research has 

shown that they can substantially alter search results (Hu et al., 2019; Robertson et al., 2018). 

Even though the time delays in data storage were very small, automated storage (Hu et al., 

2019) could completely avoid them. Moreover, we distinguished carefully between speakers 

from different societal areas, but our measurement of diversity of speakers neglects other 

important criteria of social diversity (e.g., gender, race/ethnicity, socioeconomic status). 

Moreover, diversity of speakers differs from diversity of viewpoints – a construct that is 

difficult to operationalize. Future research should intensify efforts in developing a reliable 

measurement of diversity of viewpoints. 

Altogether, our study shows that users will not necessarily be informed diversely 

about politics via search engines, especially if they only rely on the first result. From this 

potential threat to democracy and a well-informed citizenry, we derive some 

recommendations for both scientific research and media policy: As search algorithms change 

continuously and dynamically, it is crucial to establish constant monitoring that helps to 

uncover potential threats. This requires long-term public funding and the development of 

innovative (computational) methods in order to handle a huge amount of data. Search engine 
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companies should provide researchers with access to these data. Besides, content analyses 

cannot show how diversely users are actually informed. Therefore, we strongly recommend 

more research into the use of search engines (e.g. Epstein & Robertson, 2015; Haas & Unkel, 

2017), particularly into the concept of exposure diversity (Napoli, 1999) that combines 

content analyses with investigations on the usage of search engines. 

To ensure diversity, such research should go hand in hand with media policy actions. 

Our study illustrates how important it is for users to go beyond the first result. Thus, we see a 

need to strengthen users’ algorithmic literacy. Media policy could require companies to 

provide greater transparency of search engine algorithms (AUTHORS). Of course, total 

transparency of search algorithms is not feasible since it would run counter to the legitimate 

interests of search engine companies to protect their trade secrets. Such a radical solution 

would also not make sense from the users’ perspective as they would not be able to 

understand the algorithms in all their complexity. However, we think making the most 

influential criteria and major changes over time visible and understandable for users is a 

viable way (see also Schulz, cited in Fuchs, 2019). Another problem is that the typical design 

of SERPs nudges many users to click on the first result only. A potential way of increasing 

exposure diversity could be to employ a different design that focuses less on ranking and 

encourages users to have a closer look at different teasers and click on more results (see 

comparable considerations on “diversity by design”: Helberger, 2011). Besides, users should 

have the opportunity to choose between or weight different filtering and sorting criteria. 

Search engine companies will likely not implement such suggestions voluntarily since 

these counteract their aim to deliver the most suitable result for each user in the easiest 

possible way. However, recent developments in media policy calling for stronger regulation 

might pave the way for such measures. These discussions do not only focus on antitrust law, 

but increasingly also on search engines’ influence on public opinion formation as a reason to 

demand more transparency. The German draft for the “Interstate Treaty on Media” (in 
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German: “Medienstaatsvertrag”) which particularly focuses on Google as dominating search 

engine can be seen as a revolutionary first step (see Schulz, cited in Fuchs, 2019). 

Besides search engine regulation, media policy should continue to take measures that 

safeguard the diversity of journalistic media (Möller, Helberger and Makhortykh, 2019) for 

two reasons: First, since SERPs on political issues typically include lots of journalistic articles 

(AUTHORS), a high content diversity of these articles strengthens content diversity within 

SERPs. Second, journalistic media still account for a significant part of users’ news repertoire 

(Newman et al., 2019). To us, both regulating search engines and safeguarding a diverse 

media landscape seems a promising way of ensuring content diversity, even in a high-choice 

information environment. 

1 A third form of possible search engine bias – personalization – refers to different filtering and sorting between 
individual users ased on users’ previous search behavior and personal preferences (AUTHORS), which together 
with the ranking bias leads to the overall output bias (Kulshrestha et al., 2019). However, current studies (e.g., 
Haim et al., 2018; Robertson et al., 2018) concluded that the related concerns on “filter bubbles” (Pariser, 2011) 
are exaggerated; personalization is mainly conditioned by geolocation (Hannak et al., 2013), which is why we 
neglect this aspect in our study. 
2 Reflective diversity demands that the real world distribution of the aspects of interest (e.g., viewpoints) should 
be reflected in news coverage, which tends to reinforce the status quo since it neglects minority groups and 
positions that also contribute to diversity (McQuail, 1992). 
3 If the first SERP comprised less than ten results, she proceeded to the second SERP. 
4 As we coded each speaker and information unit only once per article, we can consider the equality of 
distribution only across articles but not within one article. However, an additional analysis in which we only 
considered the breadth of the frequency distribution (the share of considered information elements/speakers 
across all articles) yielded very similar results, albeit at a lower level. 
5 At this level, the entropy value in each case is based only on the frequency distribution of the first article. 
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Table 2. First search results 
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Figure 1. Conceptualization of diversity. 
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Figure 2. Units of analysis. 
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Figure 3. Progression of diversity.  
95% Confidence intervals constructed from bootstrapping with 10000 replicates; 1000 
randomly sampled replicates are displayed as grey dots. The raw distrubtion of diversity 
scores is displayed as a “violin” plot. 
 
 
  

0.53

0.66

0.73
0.77

0.8 0.81 0.83 0.83 0.85 0.85

0.00

0.25

0.50

0.75

1.00
1 2 3 4 5 6 7 8 9 10

Number of search results considered

In
fo

rm
at

io
n 

di
ve

rs
ity

0.34

0.48

0.57

0.62

0.67
0.69 0.71 0.72 0.73 0.74

0.00

0.25

0.50

0.75

1.00

1 2 3 4 5 6 7 8 9 10

Number of search results considered

Di
ve

rs
ity

 o
f s

pe
ak

er
s



SEEK AND YOU SHALL FIND   29 

 
 Information diversity Diversity of speakers 

 
 
Figure 4. Diversity by search engine. 
95% Confidence intervals constructed from bootstrapping with 10000 replicates; 1000 
randomly sampled replicates are displayed as grey dots. The raw distrubtion of diversity 
scores is not displayed. Search engines are sorted descendingly regarding their information 
diversity. 
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Figure 5. Progression of diversity by search engine. 
95% Confidence intervals constructed from bootstrapping with 10000 replicates. The raw 
distrubtion of diversity scores is not displayed. 
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Figure 6. Diversity by issue. 
95% Confidence intervals constructed from bootstrapping with 10000 replicates; 1000 
randomly sampled replicates are displayed as grey dots. The raw distrubtion of diversity 
scores is not displayed. Issues are sorted descendingly regarding their information diversity. 
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Figure 7. Progression of diversity by issue. 
95% Confidence intervals constructed from bootstrapping with 10000 replicates. The raw 
distrubtion of diversity scores is not displayed. 
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Figure 8. Progression of diversity by issue and search engine. Issues are sorted descendingly 
regarding their information diversity. 
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