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Introduction

Access to reliable information about elected officials has been shown to increase political knowl-
edge (Mondak, 1995; Moskowitz, 2021), civic engagement (Hayes & Lawless, 2015; Moskowitz,
2021; Shaker, 2014), democratic accountability (Campante & Do, 2014; Snyder Jr & Stromberg,
2010), and reduce polarization (Darr et al., 2021)), all of which are crucial to a well-functioning
democracy. While traditional media such as newspapers and television have long served as
the channel between constituents and representatives, this has been increasingly supplanted
by social media, search engines, and news aggregators (Newman et al., 2024). In particular,
web search engines (mainly Google Search) have emerged as a highly trusted (Edelman Trust
Institute, 2024), widely used means of connecting constituents to information about their rep-
resentatives (Dutton et al., 2017; Reilly et al., 2012; Trielli & Diakopoulos, 2022; Wojcieszak
et al., 2022). Given this prominence, the way Google filters and ranks search results has the
potential to greatly influence the information people see and interact with (Dutton et al., 2017;
Hindman et al., 2003; Pan et al., 2007; Robertson et al., 2023; Zumofen, 2023). This not only
can shape the political attitudes and behavior of users (Epstein & Robertson, 2015; Epstein et
al., 2017), but also has profound consequences for the survival of information providers, includ-
ing news outlets and social media platforms that rely on Google for web traffic (Fischer et al.,
2020; Hindman, 2018; McMahon et al., 2017; Rothschild et al., 2019; Trielli & Diakopoulos,
2019; Vincent & Hecht, 2021).

Research has found that the transition from traditional media to more modern me-
dia aggregators has generally weakened access to high-quality political information, citing the
prevalence of misinformation (Ognyanova et al., 2020), partisan sorting and filter bubbles (Bak-
shy et al., 2015; Gonzalez-Bailén et al., 2023; Pariser, 2011; Peterson et al., 2021}; Prior, 2013),
the nationalization of news (Abernathy, 2018; Hayes & Lawless, 2015), the dominance of media
markets by a few sources (Robertson et al., 2019; Trielli & Diakopoulos, 2019), and the decline
in news engagement, particularly among local news (Fischer et al., 2020; Hindman, 2009; Prior,

2007). The body of work documenting these issues has often focused on social media platforms,
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leaving gaps in our understanding of how they manifest in web search. Existing algorithm au-
dits of search engines (specifically Google) have often been limited to a small number of queries,
conducted from a single location, focused exclusively on a single search result type (e.g., news),

and have often arrived at differing conclusions.

Specifically, a core tension emerging from the literature is whether Google acts as either
a mainstreaming or diversifying force. For instance, when searching for elected officials from
different locations, does Google prioritize the same well-known, mainstream sources of infor-
mation, or does Google prioritize diverse content that is potentially sensitive to the location of
search, or partisanship or jurisdiction of the elected official? While “mainstreaming” may sur-
face higher quality, more reputable sources of information, this may also come at the expense
of surfacing more diverse, local, and relevant sources that are crucial for boosting local political
engagement and holding (in particular local) elected officials accountable. Conversely, “diver-
sifying” would privilege local and possibly more partisan content with the risk of promoting

less reliable content (Bengani, 2019).

Generally, results are more mainstreaming when search queries constitute national in-
terest such as presidential candidates or hot-button issues like abortion or gun control. In such
cases, search results have been shown to display a pattern of “source concentration,” where
results are dominated by a few well-known websites, such as nytimes.com and cnn.com, over
lesser-known websites (Diakopoulos et al., 2018; Hindman et al., 2003; Kawakami, Umarova, &
Mustafaraj, 2020; Trielli & Diakopoulos, 2019). Moreover, searches for elected officials have re-
turned similar results regardless of the politician’s partisanship or variations in how the search
query was worded (Metaxa et al., 2019; Trielli & Diakopoulos, 2022). Results tend to be more
diversifying, surfacing more local content and varying by search location, when search queries
convey local interest, such as “airport”, “traffic”, or “mayor” (Fischer et al., 2020; Kliman-
Silver et al., 2015). Evidence points to both mainstreaming (Diakopoulos et al., 2018; Trielli &
Diakopoulos, 2019, 2022) and diversifying (Kawakami, Umarova, Huang, & Mustafaraj, 2020)

tendencies when searching for elected officials or political candidates specifically.

Prior studies in this vein have often focused exclusively on news results (Fischer et al.,
2020; Kawakami, Umarova, Huang, & Mustafaraj, 202(0; Kawakami, Umarova, & Mustafaraj,
2020; Trielli & Diakopoulos, 2019), prompting questions about the prevalence of search results
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that do not lead directly to a news outlet, such as social media, government, or campaign web-
sites. In particular, elected officials have increasingly used social media and personal websites
to directly communicate with constituents, bypassing third-party news organizations or web-
sites (Van Kessel et al., 2020). Yet this proliferation of “politician-controlled” content, where
politicians themselves, rather than third-party sources, serve as the direct providers of infor-
mation has received limited attention in past work. We argue that without auditing non-news
content E, it is difficult to obtain a holistic picture of how search engines mediate the provision

of information about elected officials.

To better describe how Google prioritizes search results and acts as a mainstreaming
or diversifying force, we systematically evaluate news and non-news search results for 420E
members of the 116th US House of Representatives during the period around the 2020 US
elections, from September 1 to December 31, 2020. As members serve on the federal level,
but represent a specific geographic area where both supply (through local news coverage)
and demand (from constituents) for information about the member tend to be concentrated,
using their names as search queries offers a good test for whether Google prioritizes local over
national sources and whether results vary by the location of search. For each House member
in our sample, we conduct searches from 436 locations—each of the 435 congressional districts
and DC (for example, searching “Alexandria Ocasio-Cortez” from each location)— by using an
open source package to mimic a search conducted by someone within each district (Robertson
& Wilson, 2020). Searches were conducted daily without personalization (e.g., no logged in
account, refreshed session for each search) for the duration of the three month data collection
period, amounting to 20.1 million searches (420 members from 436 locations over 112 daysa).
This resulted in 302 million website links (URLs) and 4,229 unique domains where each link

on the search page is considered one search result.

IFor the rest of this paper we will refer to search results that do not lead directly to a news outlet as
“non-news” results, with the understanding that non-news results (e.g., social media) could still point
to news content.

2We exclude 16 members from the 436 original seats (435 districts and the District of Columbia)
due to seat vacancies, or because search results were mostly irrelevant to the member searched. This
usually happens when a member shares a name with another well-known person or company. We also
exclude members representing the five territories. Additional details on these exclusions are available in
Methods.

3Some searches are removed due to idiosyncratic parsing errors.
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We find support for a mainstreaming effect on Google at the time of our study, with
the search results generally being dominated by a small number of well-known sources. The
seven most frequent domains (twitter.coma, house.gov, wikipedia.org, ballotpedia.org,
govtrack.us, facebook.com, and congress.gov) comprised 64.2% of all results. While we
observed some heterogeneity in search results by the member searched, there was no meaningful
difference in the partisanship of search results (using partisan audience scores from Yang et al.
(2025)) depending on the political party of the member searched. Additionally, we found a
clear prioritization of politician-controlled non-news results (such as social media, government,
campaign and personal websites) over news media, and of reliable news over unreliable news
sources (using classifications from NewsGuardE). Despite House members representing geo-
graphically specific areas and prior work showing localization effects on Google (Kliman-Silver
et al., 2015), we find minimal differences in search results based on the location of the search.
The only finding inconsistent with this mainstreaming effect was the proliferation of local news
outlets over national ones. While any individual national news outlet was on average more
prevalent than any local outlet, there were a greater number of local outlets, thus comprising

a majority of news results.

Our work is consistent with previous research identifying a mainstreaming effect of
search engines (Hindman et al., 2003; Kawakami, Umarova, & Mustafaraj, 2020; Metaxa et al.,
2019; Trielli & Diakopoulos, 2019, 2022), and advances this line of research by showing that
this is driven by the dominance of non-news websites, and more specifically the prominence
of politician-controlled content. Our results show that the patterns of source concentration
found for news results in previous research (Diakopoulos et al., 2018; Kawakami, Umarova, &
Mustafaraj, 2020; Trielli & Diakopoulos, 2019) are even more pronounced when considering

non-news results as well.

4Now x.com. We will continue to refer to this site as Twitter, and that was the domain name during
the time of data collection.
Shttps://www.newsguardtech.com/
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Methods
Data Collection

We collected data from Google Search using an open-source Python library called WebSearcher
(Robertson & Wilson, 2020). This library allows researchers to send custom search queries to
Google Search and parse the returned Search Engine Result Pages (SERPs) into machine
readable data. Our searches were conducted through HTTPS requests with no associated
Google account, search history, browser history, or user demographics, minimizing the chances
of any personalization affecting the results, which prior work has also shown to be minimal
on Google in general (Hannak et al., 2013; Le et al., 2019; Robertson, Lazer, & Wilson,
2018). Instead, we used a WebSearcher feature that leverages Google’s known localization
of search results (Kliman-Silver et al., 2015), allowing us to simulate searches from different
geographic locations by modifying a URL parameter to incorporate an encoded location name
from Google’s Geo targets for advertisers (Google Ads API, 2024). Previous work has used

this geolocation feature and confirmed its accuracy (Mejova et al., 2022).

Websearcher extracts structured data from the HTML of each SERP by breaking the
webpage down into various components. We excluded advertisements, images, and map results
components. We also excluded dynamically loading components (links leading to other websites
that do not load until clicked on, such as “People also ask”), and website links that lead to
other searches (such as “People also search for”). Finally, we excluded the knowledge panels
(content curated by Google’s algorithm on the top and side of the page) that often contain
basic information about the member aggregated from other websites. Due to the frequency
with which knowledge panels are updated, there are many errors in how they are parsed. We
also limited our analyses to the first page of results, as it is uncommon for users to progress

past the first page (Ekstrom et al., 2022; Pan et al., 2007).

We count one URL as one result. This means that for cases such as house.gov in
Figure m where there is one URL to the home page of the website followed by additional links
to other parts of the website, each link is counted as one result. Likewise, in cases where three
different tweets from the same account are shown side by side in a “twitter card”, each unique

URL leading to each of the tweets is counted as a separate result. We consider alternative
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Rank Domain Type
1 house.gov Government
2 house.gov Government
3 house.gov Government
4 ocasiocortez.com Campaign/
5 foxnews.com News
6 newsweek.com News
7 msnbc.com News
8 yahoo.com News
11 twitter.com Social Media
12 twitter.com Social Media
13 twitter.com Social Media
14 wikipedia.org Other Third Party

Figure 1. Parsing Search Engine Results Pages. A. Layout of an example Search
Engine Result Page (SERP). Components in blue boxes (regular results, Top Stories,
Twitter cards) are included, while components in red boxes (knowledge panels, “People
also search for”, “People also ask”) are not. Only the first page of search results are
included, and the simulated location of the search is recorded. Results are ranked ac-
cording to the number in the blue box where lower numbered results appear closer to the
top of the page. B. Data Collection Pipeline. C. Example of a parsed SERP, where each
row represents a search result and the columns contain its domain, rank, and type. We
classified each result’s type as campaign/personal, education, government, news, other
third party, or social media based on a combination of keyword flagging, matching to
external datasets, and hand-labeling (see “Domain types” in Methods).
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methods of counting search results in Appendix Section E

Each search result has associated metadata including website links, a description of the
website, and the rank order that it appears on the page. From this, we extract the domain of the
results using the “tldextract” Python library (for instance, https://en.wikipedia.org/wiki/
Alexandria_Ocasio-Cortez becomes wikipedia.org). The original rank order of included
results (content contained in blue boxes in Figure EA) is preserved even after exclusions (content
contained in red boxes in Figure EA) This means that if the first three results on a page are
house.gov, “People also search for”, and wikipedia.org, in the filtered data house.gov and
wikipedia.org would rank first and third, respectively, even after removing the “People also

search for” component.

We used the names of members of the U.S. House of Representatives from the 116th
Congress representing the 435 congressional districts and the District of Columbia (DC) as
our set of search queries. Each query was searched daily between September 1st to December
31st, 2020 from each of the 435 districts and DC as the simulated location. For instance, House

member “Alexandria Ocasio-Cortez” (D NY-14) was searched from each of these locations daily.

The exact list of members and particular names used as queries was obtained by down-
loading a publicly available data set from the Qunitedstates project.E This list reflects sitting
members of the 116th House of Representatives as of April 8, 2020, and was not updated with
member turnover. This means vacant seats at the time (CA-25, MD-7, NY-27, WI-7) were
not included in the data as queries, and were only included as search locations. For seats that
changed members over the course of the session, the member searched is the person who was
active on April 8, 2020. We also excluded members who were no longer serving by the start
of the time period we analyzed (September 1, 2020), which excluded Duncan D. Hunter, John
Lewis, Mark Meadows, and John Ratcliffe. Member attributes such as partisanship or the
districts they represent also align with their status at the time of our data collection. Mem-
bers who later represented a different district (potentially through redistricting) were recorded
as representing the district they represented during our data collection period, and members
who changed parties were listed with the party they were affiliated with at the time of data

collection. For example, Kyrsten Sinema, who changed from a Democrat to Independent in

Shttps://github.com /unitedstates/congress-legislators
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2022, would still be considered a Democrat in our data. The attributes of the representatives,

including the party and district represented, were confirmed by consulting online s.ources.H

Among the remaining members, we checked for the relevance of the results to ensure
that the returned search results mostly referred to the House member of interest. For instance,
searching “Paul Mitchell” tended to return results about the hair products company of the
same name rather than the representative for Michigan’s 10th district. To check for this
relevance match between our intended search queries and the results they returned, we randomly
sampled six URL results for each member and hand-labeled whether the URL was about the
member searched. These relevance scores were validated with a second coder, with an intercoder
reliability of 95.9%, and we excluded members where 4 or more of the 6 URLs were irrelevant
to the member. The excluded names were: Chris Smith, Carol Miller, Roger Williams, Jason
Smith, Daniel Webster, Paul Mitchell, John Curtis, and John Carter. After filtering, our data

included results for 420 members of the House of Representatives.

Due to server-related issues, we experienced data collection failures during the first
month of data collection, resulting in 10 days with little to no data.E We excluded these
days from our results. Altogether, we collected 302,459,959 unique results comprising 4,229
unique domains from 420 House members over 112 days with 436 congressional districts as
the simulated location. This amounts to 20,087,638 unique searches (accounting for a few
idiosyncratic data collection failures), with 15.06 results per search on average after removing
excluded components. The 116th Congress had a Democratic controlled House, and even
after excluding some members, our results included 232 Democratic members, 187 Republican
members, and 1 Independent (55.2%, 44.6% and 0.2% of all included members respectively).
Accordingly, 56% of the results appeared for queries with Democratic members, 43.8% for

Republican members, and 0.2% for the one Independent member.
Domain Level Classifications

The majority of our analysis depends on categorizing search results based on various domain-
level classifications. We first categorized domains into six basic “types” including Campaign /Personal,

Government, Social Media, Education, News, and Other Third Party. Domains were also la-

"https://en.wikipedia.org/wiki/116th_ United States_ Congress
8The dates we excluded due to missing data were September 16 to 18, and September 22 to 28
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beled as being politician-controlled or not depending on whether the member queried was
responsible for producing the content comprising the search result, and were assigned a “par-
tisan audience score.” News domains were additionally labeled as either local or national news
and either reliable or unreliable at the outlet level. We will discuss each of these classification

schemes in detail in the following sections.
Domain types

We first categorize domains into six “types”: Campaign/Personal, Government, Social Media,
Education, News, and Other Third Party websites that did not fall into the previous categories
(See SI Table @ for specific examples within each category). Third party websites consist
of online encyclopedias (e.g.,wikipedia.com or ballotpedia.com), interest, advocacy, or non-
profit groups, as well as results that were irrelevant to the search query, such as businesses, law

firms, or healthcare.

We categorized domains using a set of public datasets, keyword-based classification, and
manual coding. First, two public datasets of news domains (Clemm von Hohenberg et al., 2021;
Robertson, Jiang, et al., 2018) were joined to the list of 4,229 unique domains that appeared
in the search results we collected. This resulted in 2,018 matches that were all categorized as
news. For the remaining 2,211 unlabeled domains, we obtained the title of each domain’s web
page through automated requests and then used a keyword classification scheme on both the
domains and web page titles. We determined our keyword list through a qualitative analysis
of our domains, and additional keywords flagging news domains were obtained by scraping
website links from Wikipedia’s “List of NPR sta‘cioms”E and “List of stations owned or operated
by Sinclair Broadcast Grlroup.”E The remaining 971 domains that could not be matched to a
public dataset or flagged with a keyword were manually coded. We also used the Wayback
Machine from the Internet Archive@ to code the domains that no longer existed at the time
of coding. Using these methods, we were able to label all 4,229 unique domains. Two coders
validated 403 samples (about 9.5%) of the unique domains with a 89.9% agreement rate to the

original classification.

9https://en.wikipedia.org/wiki/List_of NPR,_ stations
Ohttps: //en.wikipedia.org/wiki/List_of _stations_owned_or_ operated_by_ Sinclair_ Broadcast__
Group
Uhttps://web.archive.org/



Journal of Quantitative Description: Digital Media 5(2025) Google Elected Officials 11

Politician-controlled content

We also classified whether results were politician-controlled at the domain level. All domains
leading to campaign or personal websites were considered politician-controlled, while news,
other third party, and education domains were not considered politician-controlled. All gov-
ernment domains besides house.gov, which we validated separately, were also not considered
politician-controlled. The five social media domains (Twitter, Instagram, Facebook, Youtube,

and Linkedin) were classified on a platform by platform basis.

Among government domains, many house . gov websites (such as ocasio-cortez.house
are controlled by the member searched. Some, however are not (such as clerk.house.gov).
Likewise with social media, results that lead to the member’s personal or campaign accounts

are politician-controlled but those that lead to third party accounts are not.

To validate whether the majority of house.gov and social media results were politician-
controlled, we hand labeled all member-URL pairs with a house.gov or social media domain.
For house.gov, we manually labeled whether the URL contained the name of the mem-
ber searched, indicating that the website is controlled by the politician. For facebook.com,
twitter.com, and instagram.com, we extracted the account name from the URL and manu-
ally labeled whether the member searched controlled the account. For youtube.com, we used
the YouTube Data API to collect the channel name from the video ID included in the URL,
which we then use to classify the URLs as politician-controlled. Finally, for 1inkedin.com, we
classified URLs by manually clicking on each URL.

Overall we find that 99% of house.gov results, 99% of twitter.com results, 98% of
facebook.com, 97% of instagram.com, 89% of 1linkedin.com results, and 3% of youtube.com
results were politician-controlled. We could not label 7% of YouTube results and 0.09% of
LinkedIn results due to URLs no longer existing. Since results are classified as politician-
controlled on the domain level, a domain is considered politician-controlled if the majority
of results from that domain are classified as politician-controlled. This means house.gov,
facebook.com, twitter.com, instagram.com, and linkedin.com were considered politician-

controlled while youtube.com was not.

.gov/)
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Local and National News

To identify local and national news sources, we used the domain localness metric developed by
Yang et al. (2025). This measure quantifies “localness” based on how domains were shared on
Twitter between May 2011 and April 2022 by users from different states. Domains with sharing
patterns that are more similar to baseline sharing patterns aggregated across all domains are

considered more national, while those that deviate more are considered more local.

Specifically, the authors calculate the deviation of the user-sharing distribution of each
domain in different states to the baseline distribution (all domains in each state) using Kullback-
Leibler (KL) divergence. This produces a continuous score ranging from 0 to 1 where domains
with distributions more similar to the baseline have lower scores, and are considered more

national.

For this paper, we threshold this continuous score at 0.243, below which domains are
considered national, and above which domains are considered local. This is consistent with
recommendations by the authors, who find that when only considering news domains (the
target of classification in this paper), this cutoff results in the highest agreement (F1 score =
0.978) to labeling schemes in past work (ABYZ News Links, 2022; Cronin et al., 2023; Fischer
et al., 2020; Horne & Gruppi, 2024; Yin, 2018). When matched to our data, we were able to
classify 92.5% of unique news domains, and 98.1% of news results (SI Table @)

Importantly, this measure considers “localness” to be a feature of an outlet regardless
of which member the search result appears for. For example, the Sacramento Bee is considered
local regardless of whether the member whose search results it appears for represents the

Sacramento area or not.
Reliable and Unreliable News

Reliability ratings for news results were obtained by joining search results to external ratings
created by Newsguard@ which have been widely used in the literature (Baribi-Bartov et al.,
2024; Dias et al., 2020; Green et al., 2025). These ratings range from 0 (the least reliable)

to 100 (the most reliable), and are assigned by journalists and editors at NewsGuard based

2https://www.newsguardtech.com/; Data from as of September 21, 2024 update.
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on nine journalistic criteria related to the website’s credibility and transparency. Following
Newsguard’s guidance, we consider outlets to be unreliable if their rating is below 60. We are
able to match 76.6% of news results with a Newsguard rating (SI Table @)

Domain Partisanship

Like our local news classification, we quantified the partisanship of domains using the “Domain
Audience Partisanship Metric” provided by (Yang et al., 2025), which are based on relative
domain sharing patterns between Democrat and Republic users on Twitter between May 2011

and April 2022. We will refer to these scores as “partisan audience scores.”

These scores were compiled by merging US Twitter users to voter registration records,
allowing users to be identified as either Republican or Democratic. Partisan audience scores
range from -1 (indicating exclusive sharing by Democratic voters) to 1 (indicating exclusive
sharing by Republican voters). Domains receiving a score between these two extremes were
shared by a mixture of voters from both parties. A score of zero indicates that an equal number
of Democrats and Republicans in the dataset shared it, and does not imply political neutrality.
We were able to match a score to 94.8% of all results and 98.1% of news results (SI Table @)

Measuring Search Result Similarity Across Locations of Search

Finally, we ask whether search results differ by the location of search. To do so, we assessed the
similarity between search results that appeared when searching for the same member on the
same day, but from different congressional districts. For each member, we randomly selected
500 district pairs where the districts were in a different state (out of 90,839 possible pairs),
100 pairs where districts were in the same state (out of 3,991 possible pairs), and 100 pairs
where one district was the home district of the member searched and the other was a randomly
selected district (out of 435 possible pairs). For each location pair, we randomly selected 20
days to compare the locations over. Altogether, we sampled 4,200,000 different state pairs,

840,000 same state pairs, and 840,000 home to non-home district pairs.

To measure similarity, we used both rank-biased overlap (RBO; Webber et al., 2010)
and the Jaccard Index. The former, RBO, accounts for both the rank and content of search

results, and gives a greater weight to results closer to the top when calculating similarity.
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Jaccard similarity, quantifies the similarity by dividing the intersection of two sets of search

results by the union. It is only sensitive to result content, but not the ranking.

For RBO, a maximum value of 1 indicates search results are identical in rank order
ad content between both locations. For the Jaccard Index, a maximum value of 1 means that
the content of search results across both locations are identical, though the rank order may
be different. In both cases, a minimum value of 0 indicates that there is no overlap between
results. Additionally, rather than a domain-based analysis, we compared URLs appearing
for each search to allow for a finer-grained analysis. As there is far more variation in URLs

compared to domains, our use of URLs here creates a harder test for similarity.
Results
Search Result Composition, Concentration, and Ranking

To evaluate whether Google prioritizes a small number of information sources, we examined the
frequency and ranking of domain types (Campaign/Personal, Education, Government, News,
Other Third Party, or Social Media). We first compared the percentage of total results to the
percentage of total unique domains for each type to assess whether certain types were over- or
underrepresented. Types that occupy a larger (smaller) percentage of total results, but smaller
(larger) percentage of unique domains are overrepresented (underrepresented). Among the
4,229 unique domains in our dataset, the vast majority were news domains (79.2%), followed
by campaign and personal websites (9.6%), and other third party websites (8.6%). We observed
only a small number of unique domains for those labeled as education, government, and social
media (Figure EA) Although news domains were the most frequent domain type, news occupied
a much smaller share of the total results (26%) relative to the share of the total domains it
accounted for (79.2%). By contrast, government, social media, and other third party websites
comprised a far larger proportion of results than the number of unique domains would suggest.
Government websites accounted for 1.2% of unique domains, but 18.5% of results. Third party
websites comprised 8.6% of unique domains, but 20% of results. Only five unique social media
domains (twitter.com, instagram.com, facebook.com, youtube.com, and linkedin.com)

accounted for 29.8% of all results.

A closer inspection of the domains that appeared the most frequently clearly showed
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Figure 2. Composition, Concentration, and Ranking of Search Results. A.

Composition of domains and results by type. B. Cumulative percentage of results oc-
cupied by the top X most frequent domains. C. Top 15 most frequent domains. The
seven most frequent domains account for 64.2% of all results. Percentage of total results
occupied by the domain and average rank of the domain are displayed in the text label
after each colored bar. D. Distribution of result rank by type. Distributions are normal-
ized to the total number of results in each type. Dashed black lines indicate distribution
means.
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that search results were dominated by a small number of domains, explaining why govern-
ment, other third party, and social media websites were overrepresented (Figure BB—C). Despite
there being 4,229 unique domains, the seven most frequent domains accounted for 64.2% of
all search result links. These seven domains included two government websites (house.gov
and congress.gov), three third party websites (wikipedia.com, ballotopedia.com, and
govtrack.us), and two social media platforms (twitter.com and facebook.com). The next

most popular domains were youtube.com, and several larger news outlets (Figure EB)

One reason house.gov and twitter.com were so dominant, in particular, is that these
domains tended to appear in results that contained multiple website links (see Figure EA)
Results from house.gov were often displayed as a main link to the homepage of the repre-
sentative’s personal house.gov website, followed by additional links to other pages on the site
such as “Contact” or “About”. Similarly, Twitter results often appeared in a distinct panel
that displays three tweets, each with its own URL. As we consider every link on the search
page as a search result, and all of the 420 members had a personal house.gov page as well as
at least one Twitter account that appeared in their search results, Twitter comprised nearly a

quarter of all search results and house.gov comprised an eighth.

Next, we evaluated how domains were ranked on the search page as another measure
of prioritization. Government websites ranked closest to the top with an average rank of
7.3, largely due to the prominence of house.gov, which had an average rank of 1.2. Of all
SERPs, 86.8% began with the house.gov page of the member searched. Campaign or personal
websites were the next closest to the top (8.4 average rank), followed by social media sites (9.8),
news (11.2), other third party websites (11.7), and education (14.4). News domains were often
contained in Google’s “Top Stories” results—which contain several sub-results and tended to be
located near the middle of the search results page—helping to explain the consistent distribution

of search rankings for this result type (Figure E)

Averaged across all members and locations, the proportion of search results from each
result type remains fairly stable over the three-month time period we analyze. The only de-
viation we observed was a 10% increase in news results and decrease in non-news results in
the few days following the 2020 election (Appendix Figure @A) There was more temporal

variation when examining the members individually. Often, the occurrence of newsworthy
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Figure 3. Distribution of search result ranks by domain classifications. A.
Politician-controlled or not. B. Local or national news outlets (news results only). C.
Reliable or unreliable news (news results only). Dashed lines and text annotations show
the mean of each distribution.

events surrounding a member, such as being involved in a competitive election or scandal,
would temporarily increase news results and decrease other types of results (Appendix Figure
@B; See Appendix B for more details). More generally, searching for members who are more
well-known or have more news coverage surfaces more news and social media results, compared
to less well-known members (Appendix Figure @B, @; See Appendix E for more details).

Relative prioritization of politician-controlled content

We define politician-controlled domains to be those where the member queried is responsible
for producing the content comprising the search result. Based on a hand-coding procedure, we
consider all house.gov (which pointed to the member’s official house.gov page), personal and

campaign, and social media (with the exception of Youtube) domains to be politician-controlled.
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With this categorization, politician-controlled content constituted nearly half (46.7%) of results
and ranked closer to the top of the page (7.4 average rank) compared to content that was not

politician-controlled (12.2 average rank; Figure BA)
Relative prioritization of national and local news

National outlets tended to occupy a larger share of news results compared to local outlets.
On average, any single national news outlet comprised 0.07% of news results on average while
a local outlet comprised 0.02%. However, since there were about five times more local news
outlets (2,590 unique domains) compared to national outlets (508 unique domains), there is a
higher total share of local news results (63.8%) compared to national outlets (34.2%). Given
that news results often appear in Google’s “Top Stories” box, we found minimal difference in

the average rank of local (10.8) as opposed to national news (11.9; Figure EB)

There is a large variation in the amount of local news that appears for each member,
ranging from as low 3.8% to as high as 100% of all news results that appear for a member.
A significant predictor of this variance depends on how “nationalized” attention towards a
member is. Specifically, using Google Trends data, we found that members with more evenly
distributed search interest across all 50 US states and DC (a proxy for national interest) had
significantly fewer local news results compared to those with concentrated interest in only a

few states (See Appendix @ for more details).
Relative prioritization of reliable and unreliable news

Overall, there is a very small percentage (0.6%) of news results that were labeled as unreliable
compared to those labeled as reliable (76.1%). Although results from unreliable domains were
ranked slightly closer to the top of the page (10.5 average rank) compared to results from
reliable domains (11.9 average rank), this is not substantively meaningful given how few results

are unreliable.

Unreliable news results appeared for 111 out of the 420 members, with the majority of
these cases concentrated among a small subset of members. The top ten members with the
highest proportions of unreliable news results accounted for 47% of all unreliable news, and

at most, unreliable news accounted for 23.2% of a member’s news results (Appendix Table @
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shows a detailed list of these top ten members). Moreover, the percentage of unreliable news
domains appearing in the search results also did not significantly differ depending on whether

the member searched was a Democrat or Republican (Appendix Figure @)

Nearly a quarter of news results, 22.8% of news results could not be matched to a
NewsGuard rating. However, aside from being comprised of less popular domains, the unlabeled
domains were similar to the labeled domains in rank and likelihood of appearing for Democratic
as opposed to Republican members (Appendix Table @) Altogether, this suggests Google
generally prioritized reliable over unreliable news sources in searches for US House members

(Figure EC) at the time of our audit.
Variation by Member Partisanship

We asked whether Google provided partisan-aligned content based on the political party of
the member searched. That is, do searches for Democratic members return more left-leaning
domains and, searches for Republican members more right-leaning domains? To assess this, we
used “partisan audience scores” developed in previous work (Yang et al., 2025), which measures
the political leanings of domains based on how often they are shared by Democrats as opposed
to Republicans on Twitter. These scores range from -1 (most left-leaning, shared only by

Democrats) to 1 (most right-leaning, shared only by Republicans).

We found a small, statistically insignificant difference in the partisan audience scores of
the results depending on the partisanship of the member searched (Figure H) The average par-
tisan audience score for search results appearing for Republican members were 0.04 points more
right-leaning than searches for Democratic members. As most search results were dominated
by the same frequent domains (house.gov, twitter.com) regardless of the party the member
searched, it follows that we observed very little difference in the partisan audience score along
this dimension. This null effect is reflected with a Kolmogorov—Smirnov (KS) comparing the
distribution of partisan audience scores of search results for Republican as opposed to Demo-
cratic members (D = 0.07,p = 0.99). Partisan alignment was more apparent when restricting
to news results, but remained statistically insignificant. On average, news results for Repub-
lican members were 0.12 points more right-leaning compared to news results for Democratic
members (KS test, D = 0.25,p = 0.07).
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lines indicate distribution means.
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Variation by the location of search

We find minimal differences in what results appear, and in what order, when searching for the
same member on the same day from different locations. When comparing location pairs either
randomly sampled across different states or within the same state, the majority of pairs are
completely identical in rank and search result content (Figure a, Table m) Among the 4,200,000
sampled location pairs from different states, 63% are entirely identical (RBO = 1) and another
15% have the same set of results, but with different rank order (Jaccard Index = 1). Another
15% are minimally different either by search results from one location having one additional
result not present in the other, or search results from both locations having the same number
of results with one result in each being different. Altogether, 93% of pairs are “highly similar”
in that they fall in one of the four aforementioned categories. Same state pairs exhibit even
more similarity. Out of 840,000 sampled pairs, 88% are identical (RBO = 1), 4% have the same
results but in a different rank order (Jaccard Index = 1), and in total 97% of pairs are highly

similar.

We assessed whether specific days, members, or locations had disproportionately higher
percentages of low-similarity pairs. We found that days prior to October 3, 2020 had higher
percentages of low-similarity pairs. Several members also had higher percentages, but there
was no systematic patterns with regards to member party or state they represented. There was
very little difference across locations with respect to the presence of low-similarity pairs (See

Appendix E for more details).

While randomly selected pairs are likely to be similar, it is possible there are differences
between searching from a member’s home district compared to other districts, that would be
missed through random sampling. To address this, we additionally sampled pairs that compare
search results for a member searched from their home district compared to a randomly selected
non-home district. Although home to non-home district pairs are slightly less similar than
randomly selected pairs, we observe largely the same pattern. The majority of pairs, 54%, are
identical (RBO = 1), 15% have the same results in a different order (Jaccard Index = 1) and a
total of 88% are highly similar. Like randomly sampled pairs, days prior to October 3, 2020 had
more dissimilar pairs, as did several members. We did not examine location as a grouping since

one location in the location pair is determined by the home district of the member searched.
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tributions are normalized by the total number of pairs for each pair type (different state,
same state, and comparing a member’s home district to randomly chosen non-home

district).

Table 1: Percentage of highly similar pairs by pair type (different state, same state,
and comparing a member’s home district to randomly chosen non-home district).

Different ~ Same State =~ Home District
State Pair Pair to Random Pair

Number of pairs sampled 4,200,000 840,000 840,000

% Identical 62.95% 88.35% 53.81%

% Same result set, different order 15.29% 4.46% 15.48%

% One location longer by 1 result 4.88% 2.23% 6.11%

% Same length, 1 different result in each location — 10.09% 1.88% 12.21%

% Highly similar pairs (Total) 93.21%  96.92% 87.61%
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Discussion

In this study, we examined how Google Search directs users to political information, specifically
when searching for members of the US House of Representatives. By analyzing 302 million
search results collected over a three-month period, we found a strong “mainstreaming” effect
as a result of high source concentration, and minimal differences by member party or search
location. While these findings reflect the conclusions from other studies (Hindman et al., 2003;
Kawakami, Umarova, & Mustafaraj, 2020; Metaxa et al., 2019; Trielli & Diakopoulos, 2019,
2022), our study advances the literature by considering important non-news results, and in

particular the prominence of politician-controlled content.

The seven most frequently appearing domains accounted for 64.2% of all results, and
dominated all searches regardless of the partisanship of the member searched, or where the
member was searched from. As a result, we found minimal variation in search results along these
dimensions. Searches for Republican members yield insignificantly more right-leaning content
than searches for Democratic members, and there are minimal differences in results when
searching from different locations. It is only when these most dominant domains were removed,
such as looking at partisan-aligned content among news results, where differences were more
apparent. Moreover, we identified a clear prioritization of well-known, non-news, politician-
controlled information (largely due to the prominence of house.gov and twitter.com). While
local news represents a majority of news results, news media altogether is underrepresented in

favor of non-news content.

The prominence of politician-controlled, non-news content departs from a model of
political information provision where independent journalism and traditional news media serve
as the main channel between the political elite and the mass public. Rather, search engines
like Google have emerged as the central broker. With this restructuring, politicians are able to
leverage the affordances of search engines and social media to drive traffic to their own content,
and engage with the public in a more direct way. Google is also able to wield immense power
regarding the survival of information providers. Even small updates to the user interface, such
as showing “featured snippets” or summaries pulled from websites like Wikipedia can decrease
click through rates (McMahon et al., 2017). This potentially raises concerns about Google’s

power to direct attention towards social media, while undermining the survival of traditional
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or independent news sources.

Although this current work deepens our understanding about the structure of Google’s
search results with respect to searching for elected officials, it is not without limitations. First,
we provide an analysis of search results that were collected without personalization, although
previous work has shown that personalization has a minimal impact on Google’s search results
(Hannak et al., 2013; Le et al., 2019; Robertson, Lazer, & Wilson, 2018). Second, we do not
measure real users’ searches (Robertson et al., 2023), which can determine the types of infor-
mation users are exposed to and engage with. Third, our results are also artifacts of a specific
time (the 2020 election) and set of queries (members of the 116th House of Representatives).
With changes in information supply and demand, Google’s internal ranking systems, and the
usage of different search queries, the specific patterns observed here may be very different for
alternative time periods and search queries (Munger, 2019). Last, the insights drawn from this
study are mostly based on domain-level analyses which overlook much of the variation at the
URL level (Green et al., 2025). This likely has the biggest effects on estimating the parti-
san alignment and reliability of results. It may be that the New York Times and Wall Street
Journal appear for Republican and Democratic members alike, but that the partisanship or
reliability of specific news articles differ by party. Likewise, social media platforms themselves
are classified with moderate levels of partisanship, even though specific accounts or tweets that

are displayed in the search results may be far more extreme.

Future work should continue to develop an understanding about when Google serves
to mainstream and concentrate political information to a few sources and when it does not.
One important direction is to expand this work to other political offices with different levels of
national or local representation (Fischer et al., 2020). For instance, searching state or local-level
politicians could yield more local news results or display more sensitivity to search location.
Another is to further study the implications of “politician-controlled” content, which we begin
to document in this paper. How does politician-controlled social media or personal websites
compare to news media in terms of partisanship, reliability, or audience? Finally, we encourage
inquiry into whether the patterns documented in this paper reproduce or diverge as Google and
the broader information ecosystem evolve over time. In particular, this work, which predates
Google’s integration of generative artificial intelligence into search results, can offer a useful

benchmark by which search platforms can be evaluated against in the future.
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Supplementary Tables

Table A1l: Examples for each result type classification.

Result Type Example Domains

Campaign/ Personal cloudforcongress.com, scottpeters.com

Education georgetown.edu, sudbury.k12.ma.us

Government ca.gov, loc.gov, nih.gov

News lasvegassum.com, startribune.com, teenvogue.com

Other Third Party goodreads.com, aclunc.org, inbloomflorist.com

Social media twitter.com, facebook.com , instagram.com, youtube.com,

linkedin.com

Table A2: Descriptive statistics by result type.

Result Type Num. Results (%)  Num. Domains (%) Avg. Rank Gini Coeff.
Campaign/Personal 17,089,287 (5.7%) 408 (9.6%) 8.40 0.18
Education 231,348 (0.1%) 54 (1.3%) 14.40 0.83
Government 56,007,135 (18.5%) 50 (1.2%) 7.30 0.98
News 78,568,932 (26%) 3,349 (79.2%) 11.20 0.77
Other Third Party 60,453,384 (20%) 363 (8.6%) 11.70 0.98
Social Media 90,019,873 (29.8%) 5 (0.1%) 9.80 0.86

Total 302,459,959 (100%) 4,229 (100%) 10.00

0.91




Journal of Quantitative Description: Digital Media 5(2025) Google Elected Officials 35

Table A3: Coverage rate of labeled results matched to external datasets, and compar-
ison of matched to unmatched samples.

Num. Num. Avg. Domain  Avg. % Dem. % Rep.
Domains(%) Results(%) Freqency Rank Results Results

Local or National News Classification (News Only)
Unmatched 251 (7.5%) 1.5 M (1.9%) 6,051 0.7  46.4% 53.6%
Matched 3,098 (92.5%) 77.1 M (98.1%) 24,871 10.2  55.9% 43.8%

Reliable or Unreliable News Classification (News Only)
Unmatched 1,768 (52.8%) 18.4 M (23.4%) 10,387 9.9 56.1% 43.8%
Matched 1,581 (47.2%) 60.2 M (76.6%) 38,080  10.3 55.6%  44%

Partisan Audience Scores (News Only)
Unmatched 251 (7.5%) 1.5 M (1.9%) 6,051 9.7 464% 53.6%
Matched 3,008 (92.5%) 77.1 M (98.1%) 24,871  10.2 55.9% 43.8%

Partisan Audience Scores (All results)
Unmatched 691 (16.3%)  15.6 M (5.2%) 22,647 8.1 49.8%  50%
Matched 3,538 (83.7%) 286.8 M (94.8%) 81,066 9  56.3% 43.4%
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Comparison to Alternative Methods for Parsing Search Results

Our main analysis found twitter.com and house.gov to be overwhelmingly dominant,
accounting for 23.1% and 12.6% of search results respectively. This could potentially
be an artifact of counting unique results as every individual link on a page. Since both
house.gov and twitter.com results are often shown as a set of grouped links, they are
counted as occupying a greater proportion of results. Here, we consider an alternative
method of counting search results where grouped results count as only one result. That
is, cases where there is one URL to the home page of the website followed by additional
links to other parts of the website would be counted as one result rather than as separate
results for each link. Likewise, three tweets shown side by side in a “twitter card” would

also be considered a single result.

The most substantive difference was that Twitter shifted from accounting for
23.1% of results to 8.8%, while the relative percentage of results occupied by other do-
mains (including house.gov) increased. Following from this, social media results as a
whole occupied a smaller percentage of search results, while most other categories (Cam-
paign/Personal, Government, News, and Other Third Party) increased in percentage.
The distribution of result rank for social media results was also less skewed towards the

top of the page.

That being said, using this alternative method to parse search results largely
recovered similar conclusions to the main results. Twitter moved from the most frequent
to the second most frequent domain. Search results were still source concentrated, with
the top 7 domains accounting for 58.5% of results. Government, social media, and other
third party domains remained over-represented in search results relative to the number of
unique domains each category accounted for. Although the number of search results per
page decreased by counting grouped links together, the overall shape of rank distributions
(whether results skewed towards the top, middle, or bottom of the page) are similar
across methods. Politician-controlled content (42.5% of results) ranked closer to the top

of the page with an average rank of 5.3 compared to not politician-controlled content
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with an average rank of 8.7. There were still minimal differences by partisanship (KS
test, D = 0.09,p = 0.99). As this change mainly affected twitter.com and house.gov
counts, there were insignificant changes to the results specifically related to news. There
was also no effect on the results measuring variation by search location as those depend

on URL, rather than domain, level analysis.
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Figure A1l. Comparison of result composition using parsing methods de-
scribed in the main analysis or supplementary information (SI). A. Percentage
of total results occupied by each result type. B. Cumulative percentage of results oc-
cupied by the top X most frequent domains. C. Top 15 most frequent domains. D.
Distribution of result rank by type. Distributions are normalized to the total number of
results in each type. Dashed black lines indicate distribution means.
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Temporal Variation

In the main analysis, conclusions are drawn by aggregating results over the entire three
month time period. To examine the possibility of variation over time, we look at the per-
centage of total results comprised by each result type (Campaign/Personal, Education,
Government, News, Other Third Party, and Social Media) averaged over all members

for each day in the time range we study (Figure @A)

Averaged over all members, result composition is stable with the exception of
election day (Nov. 3 2020, indicated by the dashed line). In the days following election
day, we observe a 10 percent increase in news, and smaller decreases in campaign and
personal, government, news, other third party, and social media. However, this quickly

returns to the baseline levels in a few days.

For any specific member, the variation over time tends to be much noisier (Fig-
ure @B) The temporal variation within and across members is likely associated with
specific attributes and current events surrounding the member. For instance, nationally
well-known then Speaker of the House Nancy Pelosi (D CA-12) had a larger proportion
of news results over the entire time period, most likely due to more news coverage. With
a higher proportion afforded to news results, there were lower levels of the other result
types. Incumbent Abby Finkenauer (D IA-1) who ran a competitive race and lost by
a 2.5% margin, also exhibited similar patterns with greater news results. By contrast,
incumbent Kelly Armstrong (R ND-AT LARGE) who ran a non-competitive race (win-
ning by a 41% margin) had relatively less news and higher proportions of government
and third party results. Finally, Eric Swalwell (D CA-15) illustrates a case of large over
time heterogeneity. Swalwell garnered national attention in December 2020 after news
media broke that he had been in contact with a suspected Chinese spy. We observed
a subsequent increase in news results around this time, and a decrease in government,
other third party, and social media results. Thus, while the result compositions of in-
dividual members may be quite volatile, averaged over all members, the proportion of

each result is fairly stable over the time period we study.
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Figure A2. Variation in Result Composition by Time. A. Percentage of total
results comprised by each type averaged over 417 members (colored lines). Ribbons
indicate 95% confidence intervals. Dashed lines indicate election day, Nov. 3, 2020. B.
Variation in result composition over time for specific members. Education results are
excluded as none of the selected members had any education results.
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Variation by Search Query

One of the largest potential sources of variation may be due to the specific member
searched. Previous research has shown that the number of unique results (Kawakami,
Umarova, & Mustafaraj, 202(0), the prevalence of local news (Fischer et al., 2020), the
partisanship of search results (Robertson, Jiang, et al., 2018), or how source concentrated
results are (Trielli & Diakopoulos, 2019) differ across search queries. Here, we assess the
variation in search results across the 420 Members of the US House of Representatives

comprising our sample.

First, we establish that results are more or less equally distributed across members
in our sample. While there is some variation in the number of results that appeared
for each member over the three-month collection period, no member disproportionately
represented a large share of the total results. On average, there were 720,143 results per
member (95% CI = [563,540 to 857,647]. A Gini coefficient of 0.05 indicates that the

number of results was fairly evenly distributed across all members.

Similarly, for most result types (i.e., government, social media, politician-controlled),
no member constituted a disproportionate share of results (Figure ) Only unreliable
news results and education sites, both of which comprised an extremely small share of re-
sults (0.5% of news results and 0.1% of total results, respectively) were disproportionately
dominated by a few members. The prevalence of unreliable news or education results
among a few members was most likely due to idiosyncrasies of the members themselves
(See a list of specific members in Tables @ and @) For instance, many education, and
more specifically miami.edu, results appeared for Donna Shalala (D FL-27), who was
previously the President of the University of Miami. Representative Adam Smith shares
a name with the 18th century philosopher and economist, so searching his name surfaced
results from Stanford’s Encyclopedia of Philosophy. In terms of unreliable news, some
members represent districts that were covered by local news outlets rated as less reliable
(e.g. floridaphoenix.com or azmirror.com). This may have resulted in higher levels

of unreliable news even if the members themselves were not endorsing false or mislead-
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Figure A3. Distribution of result types across members queried. Cumulative
percentage of all results (A.) or news results (B.) occupied by each member for each
result type. Results that are evenly distributed across members (a certain result type
is not disproportionately comprised of results from one member) have curves that are
closer to the dashed diagonal line and Gini coefficients that are closer to zero.

ing information. That being said, other members including Andy Biggs (R AZ-5) and
Paul Gosar (R AZ-4), whose results surfaced unreliable news from multiple outlets, were
making claims of election fraud during the time period of our data collection. As we
discuss later in this section, there were no systematic differences in the prevalence of ed-
ucation results or unreliable news by member partisanship (Figure @) or how nationally

well-known the member was (Figure @)

We next examine the differences in the composition of result types and other
domain-level classification across members, by member party (Figure @) While we
observe large variations in search result composition (local and national news in partic-
ular), there are no significant differences by member party, consistent with the findings

from the main results (See “Variation by Member Partisanship” in Results).

If there is little difference by party, what else might be associated with the vari-



Journal of Quantitative Description: Digital Media 5(2025)

A.
. 6.1%
Campaign/Personal I: 6.2%

0.4%
0.8%

Government - 20.1%
17.8%
News 25-1%
25.6%
: 20.5%
Other Third Party -:20%

27.9%
30.6%

Education 4

Social Media -

0 25 50 75 100
Percentage of Total Results

Google Elected Officials 43

Local News o

National News -

No |
Classification

69.6%
63%
28.1%
35.8%
4.7%
3.6%

T T
0 25 50 75 100
Percentage of News Results

Reliable News

Unreliable News A

75.1%
74.4%
1.6%
2.5%

B No | 24.7%
. o Classification 25.1%
Controlled 47.3% T T T T T
% 0 25 50 75 100

Percentage of News Results
Not Politician | 54.3% g
Controlled 52.7%
0 25 50 75 100 [ Democrat ] Republican
Percentage of Total Results

Figure A4. Relative composition of results types by member party. A. Per-
centage of total results that are campaign/personal, education, government, news and
social media by party. B. Percentage of total results that are politician-controlled by
party. C. Percentage of news results that are local or national news by party. D.
Percentage of news results that are reliable or unreliable by party. Blue and red bars in-
dicate percentages averaged over search results appearing for Democratic and Republican
members respectively. Error bars show 95% confidence intervals.

ation in result composition across members? One possibility may be due to differences
in how nationally well-known a representative may be. Members who are widely known
beyond their home districts may have a greater, more nationalized information supply in-
cluding more coverage by national news outlets. By contrast, less nationally well-known
members may only have local coverage, if at all, and a smaller information supply alto-
gether. This would be consistent with previous research indicating that searches with a
more local interest yield more local news results (Fischer et al., ), and also exhibit
less source concentration (Trielli & Diakopoulos, )
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To provide a metric for “nationalized demand”, or how localized or nationalized
interest for a member is, we collected data on the volume of searches for each member
using Google Trends. Specifically, we collected the relative volume of searches for the
member’s name in the same time period as the audit (September 1 to December 31,
2020) across all 50 US states and DC, and calculated the Gini coefficient of relative

search volume across the 51 different geographic areas.

A low Gini coefficient means search volume is more equal across geographic areas,
serving as a proxy for more nationalized interest. For instance, members with the lowest
Gini coefficients include then Speaker of the House Nancy Pelosi (D CA-12, Gini =
0.054), Alexandria Ocasio-Cortez (D NY-14, Gini = 0.104) who was then considered
a rising star in the Democratic party, and Adam Schiff (D CA-28, Gini = 0.116) who
led the first impeachment of President Donald Trump. A Gini coefficient close to 1
means that searches are concentrated to a specific state, most often to the state with
the congressional district the House member represents. Most members had more local
interest (higher Gini coefficients) while few had more nationalized interest (lower Gini
coefficients; Figure @)

We regressed various outcome variables describing result composition on this “na-
tionalized demand index” (Figure @, Table @) using an ordinary least squares regres-
sion with robust standard errors. We found that members with more local interest
tended to have a less news and social media results, and more campaign or personal,
other third party, and government results. While members with more local interest had
less news results altogether, a larger share of news results were from local outlets. The
results of members with more local interest were also less source concentrated (lower
Gini Coefficient in the frequency of results for each domain) both when considering all
results, or just news results. A larger proportion of results among members with more
local interest were also politician-controlled, likely due to having less news coverage, but
more government results. In particular, when hypothetically comparing a member with
the most national interest (equal search volume in every state, Gini = 0) to a member

with the most localized interest (search volume only from one geographic area, Gini =
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1), news results would comprise 9.5% (95% CI = [4.9, 14] ) less of the total results for the
most localized member compared to the most nationalized member. Local news would
comprise 48.2% (95% CI = [7.6, 13.9] ) more of news results. Moreover, differences
in “nationalized demand” account for 18.6% of the variance in the share of local news

results among news results.
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Figure A5. House Members ranked by “Nationalized Demand Index” (Gini
coefficient of relative Google Trends search volume across all 50 states and
DC). For legibility, every fifth member is labeled with their name, party, state, and

district.
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Figure A6. Regression estimates of the effect of localized or nationalized
demand. A. Estimates of the difference in percentage of total results that are cam-
paign/personal, education, government, news and social media. B. Estimates of the
difference in the percentage of news results that are local, national, reliable or unreli-
able. C. Estimates of the difference in levels of source concentration (measured with
the Gini coefficient) among all results and news results only. D. Estimate of the differ-
ence in total number of results and total number of news results. Error bars show 95%
confidence intervals. Effect sizes can be interpreted as the difference in the percentage
of each result type when comparing a hypothetical member with Gini = 1 (most local
demand) to a member with Gini = 0 (most national demand).



Wan et al. Journal of Quantitative Description: Digital Media 5(2025) 48

Table A4: Top 10 members with the largest share of unreliable news results out of the
total amount unreliable news results across all members. “% News Results” shows the
proportion of the target member’s news results that are unreliable. “Prop.” shows the
proportion of total unreliable news results across all members occupied by the target
member. “Cum. Prop.” shows the cumulative proportion, and “Domains” shows the
unique set of unreliable domains that appeared for each member. The top 10 members
account for 47% of all unreliable news results.

% News Cum. .
Rank House Member Results Prop. Prop. Domains

1 Brenda Lawrence, D MI-14  23.2% 0.08 0.08 michiganadvance.com

2 Betty McCollum, D MN-4  12.9% 0.06 0.14 azmirror.com,
floridaphoenix.com,
penncapital-star.com

3  Mark Takano, D CA-41 13.3% 0.06 0.19 michiganadvance.com

4 Paul Gosar, R AZ-4 89% 0.05 0.24 azmirror.com,
newsmax.com, ntd.com,
oann.com,
thefederalist.com

5  Andy Biggs, R AZ-5 9.5% 0.05 0.29 azmirror.com,

newsmax.com, 0ann.com,
washingtontimes.com

6  Donald McEachin, D VA-4  11.9% 0.04 0.33 vadogwood.com

7 Val Demings, D FL-10 84% 0.04 0.37 floridaphoenix.com

8 David Joyce, R OH-14 10.2% 0.03 0.40 azmirror.com,
michiganadvance.com

9 Jesus Chuy Garcia, D IL-4  7.11% 0.03 0.44 nevadacurrent.com

10  Dan Meuser, R PA-9 8.4% 0.03 0.47 penncapital-star.com
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Table A5: Top 10 Members with largest proportion of education results out of total
number of education results across all members. “Prop.” shows the proportion, “Cum.
Prop.” the cumulative proportion, and “Domains” lists the set of education domains
that appeared for each member. The top 10 members account for 84% of all education
results.

Rank House Member Prop. Cum. Prop. Domains
1 Adam Smith, D WA-9 0.32 0.32 rug.nl, stanford.edu
2 Donna Shalala, D FL-27 0.15 0.47 miami.edu
3 Mike Rogers, R AL-3 0.08 0.55 gmu.edu, oakland.edu
4 Mark Takano, D CA-41 0.06 0.61 brookings.edu
5) Fred Keller, R PA-12 0.05 0.66 columbia.edu, umich.edu
6 Debbie Wasserman Schultz, D FL-23  0.05 0.71 miami.edu
7 Pete Aguilar, D CA-31 0.04 0.75 redlands.edu
8 Jamie Raskin, D MD-8 0.04 0.79 american.edu
9 Jim Cooper, D TN-5 0.03 0.82 utexas.edu
10  Brian Fitzpatrick, R PA-1 0.02 0.84 vanderbilt.edu

Table A6: Regression estimates for the effect of nationalized or localized demand on
various outcomes. Each outcome is a separate OLS regression with the “nationalized
demand index” as the predictor and the listed outcome, as the outcome. There are
no other covariates besides the nationalized demand index. Stars indicate statistical
significance at the p < 0.05 level.

Outcome Estimate (95%CI) P-value Adj. R-Sq.
Campaign/Personal 0.0205 (0.00821, 0.0328) 0.00113*  0.0266
Education -0.00649 (-0.0176, 0.00467)  0.254 0.0292
Government 0.0871 (0.0631, 0.111) 4.82e-12*%  0.104
News -0.0946 (-0.14, -0.0489) 5.65e-05*  0.0732
Other Third Party 0.0492 (0.00852, 0.0899) 0.0179* 0.0443
Social Media -0.0557 (-0.0999, -0.0115) 0.0136* 0.0243
Politician Controlled 0.0998 (0.062, 0.138) 3.3e-07*  0.084
Local News 0.482 (0.391, 0.573) 1.08e-22*  0.186
National News -0.493 (-0.587, -0.4) 1.65e-22*  0.195
Reliable News -0.123 (-0.193, -0.0525) 0.000663*  0.0247
Unreliable News 0.00222 (-0.00317, 0.00761) 0.419 -0.00185

Source Concentration of All Results ~ -0.0716 (-0.107, -0.0366) 6.82e-05*  0.06
Source Concentration of News Results -0.0673 (-0.0983, -0.0363)  2.42e-05*  0.0308
Total Number of Results -83200 (-125000, -41000) 0.000121* 0.0496
Total Number of News Results -98600 (-137000, -60400) 5.98e-07*  0.129
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Additional Analyses of Variation by Location of Search

In the main analysis, we show that search results for the same member on the same day
were highly similar across search locations. However, there remained a small percentage
of sampled location pairs with low similarity. In this section, we examine whether there
are specific locations, search queries (House members), or days that have disproportionate

amounts of low similarity pairs.

We begin by defining low similarity pairs as those with a rank-biased overlap less
than 0.4 (2.8% of pairs across all pair types). We selected this threshold for several
reasons. First, of all the pairs considered “highly similar” in that they meet one of
the four criteria in Table m, the lowest RBO is 0.4. This means that choosing 0.4 as a
threshold can divide pairs into those which we consider meaningfully similar to those
that are not. Secondly, by observing the distributions of rank-biased overlap, we saw
that there were very few pairs that fell in the 0.3 to 0.5 range. Since only 0.12% of
pairs had an RBO in this range, our findings are most likely robust to a wider margin

of threshold values around 0.4.

We calculated the percentage of low similarity pairs out of all different state
pairs and all same state pairs for each search query (House member), day, and location.
We repeated a similar process for pairs comparing home and non-home district search
results, but only for each search query and day. We did not group by location in this
case because one location in the location pair is determined by the home district of the

member searched.

For each grouping, we calculated the Gini coefficient to determine whether certain
queries, days, or location had disproportionately higher percentages of low similarity pairs
(Table @) Gini values closer to 0 indicate there is little inequality or variation across

each group, while the reverse is true for Gini values closer to 1.

Most consistently, across different state pairs, same state pairs, and home to non-

home district pairs, days prior to October 3, 2020 had higher percentages of low similarity
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Figure A7. Rank-biased overlap of search results for each day. Black dots show
medians and error bars show 95% confidence intervals. Red dots show means.

pairs (Figure @) At the search query level, there was some variation in the percentages
of low similarity pairs, but there was no consistency by member party, or states they
represent (Table @) We observed very small amounts of variation in the percentages

of low similarity pairs by location.
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Table A7: Gini coefficient, maximum, minimum, and 95 percent confidence intervals
for percentage of low similarity pairs grouping across search queries, days, and locations

for each pair type.

Pair Type Gini Coeft.

Max.

Min.

95% CI

Grouped Across Search Queries (House Member)

Different State Pair 0.22
Same State Pair 0.25
Home District to Random Pair 0.37

Grouped Across Search Days

Different State Pair 0.71
Same State Pair 0.71
Home District to Random Pair 0.71

Grouped Across Search Locations
Different State Pair 0.04
Same State Pair 0.11
Home District to Random Pair 0.19

8.31%
8.75%
12%

12.05%
12.61%
12.07%

3.33%
5.5%
7.81%

0%
0%
0%

0%
0%
0%

2.1%
0.7%
1.07%

(0.89%, 7.15%)
(0.75%, 7.73%)
(0.42%, 8.38%)

(0%, 11.89%)
(0%, 12.35%)
(0%, 11.37%)

(2.3%, 3.08%)
(1.44%, 3.98%)
(1.38%, 5.56%)
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Table A8: Members with largest amounts of low similarity pairs by pair type (different
state, same state, home to non-home district pair).

Rank

House Member

Num. Low Sim. Pairs

% Low Sim. Pairs

Different State Pair

= O 00 3 O U = W N =

0

Steve King, R TA-4

Justin Amash, I MI-3
Martha Roby, R AL-2
Bradley Byrne, R AL-1
Tulsi Gabbard, D HI-2
Steve Watkins, R KS-2
Nita Lowey, D NY-17
Ralph Abraham, R LA-5
Denver Riggleman, R VA-5
Francis Rooney, R FL-19

Same State Pair

QDOO\IODC“»POJ[\DHm == O 00 1O W N
=
®

— =
o O

Bradley Byrne, R AL-1
Steve King, R TA-4

Will Hurd, R TX-23

Joe Kennedy III, D MA-4
Steve Watkins, R KS-2
Nita Lowey, D NY-17
Martha Roby, R AL-2
George Holding, R NC-2
John Shimkus, R IL-15
Adam Smith, D WA-9
Eliot Engel, D NY-16

831
803
802
785
T
774
753
751
742
729

175
172
169
165
165
164
163
161
160
155
155

to Non-Home District Pair

Dan Lipinski, D 1L-3
Bradley Byrne, R AL-1
David Price, D NC-4
Francis Rooney, R FL-19
Steve King, R TA-4

Joe Kennedy I1I, D MA-4
Lacy Clay, D MO-1

Al Green, D TX-9
Martha Roby, R AL-2
Justin Amash, I MI-3
Scott Tipton, R CO-3

240
235
228
205
204
182
179
173
169
168
168

8.31%
8.03%
8.02%
7.85%
7.77%
7.74%
7.53%
7.51%
7.42%
7.29%

8.75%
8.6%
8.45%
8.25%
8.25%
8.2%
8.15%
8.05%
8%
7.75%
7.75%

12%
11.75%
11.4%
10.25%
10.2%
9.1%
8.95%
8.65%
8.45%
8.4%
8.4%
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