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A Technical Implementation

Our study’s technical realization is based on custom-made software designed to set up, configure,

and control synthetic web users (“web bots”) who emulate human user characteristics and device

fingerprints, and human-like browsing and search behavior. Figure D2 in the Online Appendix

illustrates the key components of the application architecture. To run the users’ browsing sessions, we

rely on a specialized remote web driver. The web browsing of our synthetic users is not recognizable

as being run by browser automation (unlike browsers automated by a standard web driver such as

Selenium). Automated browser instances are then linked to two components that help us emulate

unique human user characteristics: a fingerprint manager (allowing the user to appear as if it uses a

specific operating system and hardware setting), and a residential proxy service (allowing the user to

access the Web through a residential IP address in a specific US city, which would not be possible

with common proxy servers or VPN services). All web traffic issued and received by users is recorded.

This allows us to see what a given user did at any point in time and what the user was exposed to on

Google and other websites. This part of the Online Appendix complements the main text by discussing

how we verify our implementation.

A1 Verification of fingerprinting and geolocations

We evaluate user appearance with a set of security testing tools provided by BrowserLeaks (www.

browserleaks.com). To this end, we extract and parse the reports generated by BrowserLeaks for

each of our synthetic users and verify a) whether the synthetic users’ device and network connection

are consistent with the intended configuration, and b) whether our users’ fingerprints are, in fact, all

unique (and hence, our users can be successfully tracked and uniquely identified based on them).

Figure D3 shows a sample screenshot taken from such a verification test.

Second, we monitor the residential proxy servers via an independent real-time geolocation service

at the beginning and at the end of each user’s browsing and search sessions. Figure D4 shows the

third-party verified geolocations. Blue crosses mark the verified coordinates of users when browsing

and searching (all browsing sessions of all users are included in the plot), and orange circles highlight

the official city coordinates to which synthetic users were assigned during the study. Synthetic users

were generally recognized as being located in their assigned city, with very few exceptions. We see

that very few of the thousands of geocoded browsing sessions (blue crosses) are outside of the orange

circles.
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B Input Data and Synthetic User Configuration

This part of the Online Appendix provides a detailed discussion of the configuration of the synthetic

users’ browsing and search behavior, with a focus on the data-driven selection of popular domains,

partisan domains, non-partisan search terms, partisan search terms, and the experimental election-

related search terms. It also explains how we validate our selection of partisan search terms.

B1 Popular domains

We compile the set of popular domains from a list of the most frequently visited domains provided

by Ahrefs (2020) – a software company that specializes in providing tools and services for search

engine optimization and compiles large-scale web traffic data on millions of websites. Based on

these web traffic data, Ahrefs (2020) publishes yearly estimates of the most visited websites per

country under https://ahrefs.com/top (previously under https://ahrefs.com/blog/most-

visited-websites). We collected the list of the 100 most visited US domains from https:

//ahrefs.com/blog/most-visited-websites on October 1st, 2020 (reflecting the ranking of

the most visited website in the US as of May 2020 according to Ahrefs, 2020). Table E2 lists these

domains.

Every day, we randomly draw 1–3 of these 100 most popular domains for each user individually

and let them visit these domains.

B2 Partisan domains

Based on a collection of over 140M partisan tweets issued during the 2018 mid-term elections

Wrubel, Littman and Kerchner (2019), we identify the top 100 domains mostly referred to by

Democratic supporters and the top 100 domains mostly referred to by Republican supporters. We do

so by first extracting and parsing all URLs appearing in pro-Democrats tweets and in pro-Republican

tweets. We filter out URLs containing the domain twitter.com, abbreviated URLs, and domains no

longer in use by October 2020. Following the idea of detecting partisan phrases in text by Gentzkow

and Shapiro (2010), we then count the number of times a domain was referred to in a tweet by

Democrats or Republicans and compute the ‘partisanship’ of each domain i as follows. For each

domain i, we compute

(B1) χ
2
i =

( fir f∼id− fid f∼ir)
2

( fir + fid)( fir + f∼ir)( fir + f∼ir)( f∼ir + f∼id)
,

where fid ( fir) denote the total number of times domain i is mentioned in a tweet by Democratic

(Republican) supporters, and f∼id ( f∼ir) denote the total number of times a domain other than i is

referred to in a tweet by Democratic (Republican) supporters. A higher χ2
i value indicates that i is
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primarily mentioned by supporters of one of the two parties. Given fid , fir and χ2
i , we can select the

100 most partisan domains used by Democratic supporters and the 100 most partisan domains used by

Republican supporters.

We then randomly assign each Democratic (Republican) user 10 of the 100 most Democratic

(Republican) domains. Tables E3 and E4 show the most partisan domains that were randomly

assigned to our Democratic and Republican users, respectively (see Matter and Hodler (2024) for the

corresponding dataset).

B3 Non-partisan search terms

Non-partisan search terms were created using a Python script designed to ensure a diverse range of

broadly used, yet non-partisan queries.1 The generation of terms is based on incorporating common

terms, country-specific modifiers, unit conversions, and simple arithmetic equations:

1) Common Search Terms (ahrefs.com): These are based on the top 100 search terms most

commonly used in the US in 2020 (as of 1 October 2020) according to ahrefs.com.2 From the

original list of 100 terms, we removed 21 terms due to either being directly related to Google

(such as “google” or “google maps”) or related to domains that are already used in the lists of

preferred domains (such as “cnn” or “foxnews”), leaving 79 terms to be used in the generation

process.

2) Country-Specific Queries: These terms are generated by combining country names with the

random modifiers “culture”, “GDP”, “GDP per capita”, “history”, “neighbouring countries”,

“people”, “population”, and “sports”.

3) Unit Conversion and Arithmetic: These include random unit conversions and simple arith-

metic equations to diversify the set of search terms.

The generation process involves selecting and combining these terms using randomization to ensure

that the resulting search queries are varied and cover a broad spectrum of topics. Algorithm 1 describes

the core algorithm used in the script to generate the non-partisan search terms.

Daily throughout our study, this procedure generated a list of 117 non-partisan search terms,

consisting of 79 common terms, 15 country-specific terms, 14 unit conversions, and 9 arithmetic

equations. From these lists, the users visited a random subset of two search terms (during the early

phase of the study) or one search term (during the later phase of the study) per day. Table E5 presents

a random selection of 300 out of the 2,581 such terms generated and used in our study. All 2,581

terms generated and used in our study are made available in the replication package.

1 The script is publicly archived here: https://raw.githubusercontent.com/umatter/primemover_py/master/src/
auxiliary/GenerateBenignTerms.py.

2 The archived copy of the original list can be found here: https://web.archive.org/web/20201001170413/https://ahrefs.
com/blog/top-google-searches/.
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Algorithm 1 Generate Non-Partisan Search Terms
1: procedure GENERATENONPARTISANSEARCHTERMS
2: Load common terms

3: Load countries

4: Initialize country modifiers with predefined modifiers
5: Initialize terms as an empty list
6: for each term in common terms do
7: Add term to terms

8: end for
9: country terms← Random sample of 15 countries

10: for each country in country terms do
11: mod← Random choice from country modifiers

12: Add country + mod to terms

13: end for
14: for i = 1 to 14 do
15: Add random unit conversion to terms

16: end for
17: for i = 1 to 9 do
18: Add random equation to terms

19: end for
20: Save terms
21: end procedure

B4 Partisan search terms

We generate empirically reasonable lists of liberal and conservative search terms in four steps. First,

following the procedure suggested in Gentzkow and Shapiro (2010), we compute the ‘partisan loading’

of phrases (bigrams) used in national US politics. To this end, we collect data on all phrases used by

Members of Congress (MoC) in tweets and congressional speeches during the 116th US Congress

(the period relevant for our study). Speech data is collected from the Congressional Record provided

in digital form by the Library of Congress (see https://www.congress.gov/congressional-

record); tweets are collected from the MoCs’ Twitter feeds. We only use those bigrams considered

“valid” in the sense of Gentzkow, Shapiro and Taddy (2019) (i.e., procedural bigrams, non-speech-

related bigrams from the Congressional Record, etc. are removed). For all processing of text data

described in this subsection, we use stemmed bigrams. We then compute the ‘partisanship’ of each

(stemmed) phrase/bigram p as

(B2) χ
2
p =

( fpr f∼pd− fpd f∼pr)
2

( fpr + fpd)( fpr + f∼pr)( fpr + f∼pr)( f∼pr + f∼pd)
,

where fpr and fpd denote the total number of times bigram p is used by Republicans and Democrats,

respectively, and f∼pr ( f∼pd) denote the total number of times a bigram that is not bigram p is used by

Republicans (Democrats). A higher χ2
p value indicates that p is used predominantly by members of

one of the two parties. For the next steps, we select the 500 most partisan phrases.
5
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Second, we want to map these 500 bigrams to an ideology scale from -1 (clearly Democratic/liberal)

to 1 (clearly Republican/conservative). To do so, we collect data on each MoC’s ideological position

from Voteview.3 We denote their DW-Nominate score for MoC c by πc. Next, we compute the relative

frequency with which each MoC c uses a given phrase/bigram p: f̃pc = fpc/∑
P
p=1 fpc. Again, closely

following (55), we regress f̃pc on πc for each bigram p, which gives us intercepts αp and slope

coefficients βp. A positive βp means that the more often a MoC uses p (relative to other terms), the

more Republican/conservative she is. βp thus indicates bigram p’s location on the liberal-conservative

scale. In the same vein, we interpret SE(βp) as an indication of whether the position of bigram p

on the liberal-conservative scale is more or less precisely measured.4 That is, we interpret a bigram

p with a positive and large t-value of βp as ‘clearly conservative’ and a bigram p with a large but

negative t-value of βp as clearly liberal. Finally, we rescale the t values of βp to [−1,1].

Third, we check whether the most partisan bigrams identified are used as search terms in Google.

For each complete phrase that matches one of the stemmed bigrams p we verify whether, when, and

in which region it was used as a search term on Google. We query the Google Trends (2020) platform

for each of the completed (unstemmed) most partisan bigrams.5 We then verify how often (in relative

terms) each of the remaining unstemmed bigrams are used as search terms in Google. Google Trends

provides relative search term frequencies, so-called “Interest” values, on a scale from 0–100, with 100

indicating the search term with the highest relative frequency of a maximum of five selected search

terms in a given state (or other geographical unit) and period.6 Therefore, the usage frequencies of

search terms are always expressed relative to each other and are specific to a given state at a given

time. As the Google Trends platform only allows comparisons of five search terms at a time, we

query the search term frequencies in batches of four partisan bigrams and add to each batch a common

reference search term. We use “carbon free” as a common reference search term.7 By using a common

3 Voteview (https://voteview.com/data) provides estimates of MoCs’ ideological positions on a scale from -1 (very liberal) to 1
(very conservative). The ideological positions (so-called DW-Nominate scores) are inferred from roll call records, using the scaling method
suggested by Poole and Rosenthal Poole and Rosenthal (1985).

4 For example, a given phrase might be used often by rather moderate Republicans who are ideologically not so far from rather centrist
Democrats. Now suppose these moderate Democrats and Republicans have relatively close but nevertheless clearly distinct positions on the
liberal-conservative scale (according to their voting behavior, measured by DW-Nominate scores). It could be that a given phrase is used
only slightly more often by moderate liberals than by moderate conservatives, and βp is not statistically significantly different from 0. In
such cases, SE(βp) helps us to take into consideration whether a phrase is clearly indicative of a MoC’s position on the liberal-conservative
scale.

5 The 500 most partisan bigrams map to roughly 1,400 complete phrases. For example, the stemmed bigram “climat chang” maps
to the complete phrases “climate change”, “climate changing”, “climate changes”, “climate changed”, “climatic change”. Per stemmed
bigram, we only keep the corresponding unstemmed partisan bigram that is most frequently used as a search term in Google.

6 According to Google Trends (2020), Interest values from these time series are to be understood as representing “search interest
relative to the highest point on the chart for the given region and time. A value of 100 is the peak popularity for the term. A value of 50
means that the term is half as popular.”

7 A good reference search term should satisfy the following criterion: The frequency with which it is used in the US should be
relatively high and constant across regions/states and over the relevant period. We evaluated several (partisan) bigrams such as “access
health,” “carbon free,” and “Latino vote.” First, we verified in how many states and over how many years, each of these bigrams was used
as a search term in the US. All candidate reference search terms were used in over 40 states and were searched rather constantly often over
time in the period from October 2019 to October 2020, with “carbon free” being the term with the least variation in search frequency over
time. Second, we ran comparisons of these candidate reference search terms with 300 randomly chosen partisan bigrams on Google Trends.
We then counted how often Google Trends showed Interest values as “< 1”. Having many “< 1” Interest values would make it harder
to compare the relevance of partisan terms when used as search terms. Thereby, “carbon free” was the term with the least cases of “< 1”
Interest values. Thus, this term is constantly relatively often used over time as well as across US states (and has roughly similar search
volumes as many of the partisan bigrams). Thus, we chose “carbon free” as our reference search term.
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reference search term, we ensure that all search term frequencies are relative to the same reference

frequency (both across states and over time). We then only keep the bigrams that are used on at least

50 days and in at least 10 US states since 2016 as partisan search terms.

Fourth, we extend the compiled set of partisan search terms with search queries that, according

to Google Trends (2020), are related to (substitutes for) our partisan search terms. To this end, we

use information (provided by Google Trends, 2020) that relates other queries to a given search query

(as long as the latter is used rather often).8 We use the ‘related queries’ information to select for

each partisan search term related queries that are searched for at least 90 percent as often as the

corresponding original search term (using Google Trends’ ‘Top’ metric). We can think of these related

queries as alternative formulations/synonyms of the original partisan search terms. Following up on

the example from above, the stemmed bigram “clean energi” is identified as one of the most partisan

bigrams and is clearly identified as a typically liberal term (with a βp t-value of −6.44, rescaled to

πp =−0.477). From all the unstemmed bigrams mapping to “clean energi”, “clean energy” is the one

most frequently used as a search term. Finally, based on queries related to “clean energy”, we can map

“clean energi” to the synonymous search terms “solar energy”, “clean renewable energy”, “renewable

energy”, and “clean energy”. Search terms suggested by Google Trends’ ‘related queries’ that were

unrelated to the original term or almost identical to the original term were manually removed.

Out of the roughly 1,200 partisan search terms identified in this way, we select the 400 most

clearly partisan search terms, label the conservative (liberal) ones as Republican (Democrat) search

terms, and use them as the basis for the users’ search vocabulary.9 We randomly assign to each

Republican (Democrat) user a set of 10 Republican (Democrat) search terms. In addition, we assign

each Republican (Democrat) user a set of 10 highly partisan (and election-related) hashtags to be

used as additional search terms (collected from Best Hashtags, 2020a,b). Tables E6 and E7 list the

slant-based and the hashtag-based terms assigned to Democratic and Republican users, respectively.

The higher number of terms assigned to Democratic users follows from the fact the majority of highly

partisan search terms were identified as having a liberal slant.

Finally, partisan users also directly use the domain names of their ten preferred partisan domains as

search terms (instead of typing the entire domain into the browser bar).

B5 Validation of partisan search terms

To validate our final selection of partisan search terms, we use the time-averaged relative frequency

f̄ps with which a given partisan search term p is used for Google queries from computers located

in state s. We compute this frequency based on Google Trends (2020) queries. Remember that the

8 Specifically, “[u]sers searching for [this] term also searched for these [related] queries” (Google Trends, 2020).
9 Specifically, we select the top 400 cases with an absolute value of πs greater than 0.5, and label search terms with negative βp values

as Democratic and those with positive values as Republican.
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Google Trends platform only provides relative search term frequencies, so-called Interest values, for

up to five search terms at a time. Hence, in response to any query with five search terms, the Google

Trends platform provides an Interest value hist for each search term i. As we use four partisan search

terms and our common reference search term r (“carbon free”) in each of our Google Trends queries,

we can compute the relative frequency fpst of partisan search term i in state s and time period t as

fpst = hpst/hrst . Subsequently, we compute the time-averaged relative frequency of partisan search

term p in state s as f̄ps =
1
T ∑

T
t=1 fpst .

We then compute measures for the popularity of Republican and Democratic search terms in the

different states. First, we compute the Republican search volume in state s as

(B3) RepSearchess =
∑p∈R f̄ps

|R|×100
,

where R is the set of search terms labeled as Republican. Second, we analogously compute

DemSearchess based on the set of search terms labeled as Democratic. Finally, we compute the

net Republican search volume in state s as RepSearchess−DemSearchess.

In the last step, we compare the net Republican search volume with the net share of Republican

votes in the 2020 US election (as a proxy for the locally dominant ideology) across states. Figure D5

shows a positive correlation (with the raw correlation coefficient being 0.49), suggesting that a higher

share of Republican voters in a given state tends to be reflected in the search behavior of this state’s

population. In the aggregate, Google users in more conservative states tend to use conservatively

rather than liberally slanted search terms. These validation results at the aggregate level are consistent

with recent experimental evidence on partisan information seeking at the individual level (Peterson

and Iyengar, 2021).

B6 Election-related search terms

Before, during, and after the elections, Google Trends (2020, 2021) curated special feature pages

summarizing search trends related to the US 2020 election. In particular, Google Trends kept track of

how frequently the presidential candidates’ names were searched, and it kept updating a ranked list

of the 25 most trending search terms on the election (for the respective past seven days). Figure D6

shows a screenshot of one of these feature pages focusing specifically on the elections and voting

on 1 November 2020. Later similar feature pages were published on the presidential transition, the

inauguration, and Biden’s new cabinet.

Throughout our study, we collected the most trending election-related searches from these feature

pages on Google Trends (2020, 2021) every week and selected a small subset of the most highly
8



ranked search terms from these lists, thereby preferring rather specific over overly generic terms.10

On each day, we then chose two of these election-related search terms and assigned them to all users.

Table E8 lists all election-related search terms used at some point in our study.

10 For example, if both “election results” and “election results 2020” were very highly ranked in the same week, we would only select
the second, more specific term, so that we could select an additional lower-ranked term and get a more diverse set of search terms. Similarly,
if both “voting” and “did my vote count?” were very highly ranked, we would only select the second, more specific term.
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C Analysis of Search Results

C1 Web search personalization: Robustness tests

Panels C and D of Figure 2 in the main text present our main results on behavior- and location-based

search result personalization. They are based on the regression outputs in Table E10 (column 1) and

Table E11 (column 1), respectively. Here we discuss various robustness tests.

Figure D10 is similar to panel C of Figure 2 but looks at the effect of previous visits to some

specific preferred domains on the probability that these domains occur on the first search results page

in response to the election-related queries. We thereby focus on the 20 preferred partisan and popular

domains that occurred most often in the users’ election-related search results. More specifically, we

run a separate regression for each of these 20 domains, in which we regress an indicator variable

for the occurrence of this domain in a user’s election-related search results on the number of the

user’s previous visits to this domain, thereby accounting for date of search fixed effects and two-way

clustering the standard errors by user and date of search. We see considerable heterogeneity in the

estimated effect sizes. The five domains with the largest effect sizes include three national news

domains, an information platform, and an official state government domain.

Table E10 shows more robustness tests for the results reported in panel C of Figure 2. Thereby, we

again impose a linear relationship between the number of previous visits of preferred domains and

the number of preferred domains on the first search results page in all specifications from column 2

onward. Moreover, from column 4 onward, we change from a daily panel with user × day as units

of observations to a panel with user × election-related searches as units of observations. Columns

2–5 show results for these two panels with varying fixed-effects specifications. Column 6 is identical

to column 5, but we restrict the sample to search results that contain at least one of the domains

preferred by the user. Finally, we look at alternative dependent variables. In column 7, we use a

simple indicator variable that is equal to 1 if the search results contain at least one domain from the

user’s set of preferred domains and 0 otherwise. In column 8, the dependent variable is the rank of

the (highest-ranked) preferred domain (and we again restrict the sample to search results that contain

at least one of the user’s preferred domains). The estimate shows that, conditional on the search

results containing at least one preferred domain, the more often a user has previously visited preferred

domains, the higher up in the search results those domains tend to occur.

Tables E11 and E12 present robustness tests for the results on location-based personalization shown

in panel D of Figure 2. In columns 2–5 of Tables E11, we replace the explanatory variables and

use the number of users in the city that see the corresponding domain. These columns present the

results for the full sample, only Democratic users, only Republican users, and only non-partisan users.

Columns 5–8 present the same analyses at the level of states rather than cities. In addition, Table E12
10



shows results from regressing an indicator equal to 1 if a specific domain occurs on a user’s first

search results page on an indicator equal to 1 if the majority of other users located in the same city

(columns 1–3) or state (columns 4–6) see this domain in their search results. Columns 1 and 4 show a

baseline specification. Columns 2 and 5 add domain fixed effects and clustering of standard errors at

the level of domains. Columns 3 and 6 re-estimate the baseline specification with a logistic regression

model. Estimation of the logistic regression with fixed effects is implemented based on the approach

suggested by Stammann (2018). All these robustness tests corroborate our finding of location-based

personalization.

C2 Search result ideology: Details on ideology indices and robustness tests

We use the following domain ideology indices (presented in alphabetical order) to compute the

Search Results Ideology Score (SRIS) defined in equation (3) in the main text.

• Alignment score: Bakshy, Messing and Adamic (2015) propose a partisan alignment score that

indexes domains on a continuous scale from−1 (liberal) to 1 (conservative) based on the relative

frequency with which webpages of these domains are shared on Facebook by self-identified

liberal or conservative Facebook users.

• Partisanship score: Budak, Goel and Rao (2016) propose a partisanship score based on the

representation of the Republican Party and the Democratic Party in political news articles. The

score indexes (online) news outlets on a scale from −1 (left-leaning) to 1 (right-leaning).

• MTurk bias score: Robertson et al. (2018) use human raters on MTurk to code a subset of

domains used in their main index (see below) on a five-point Likert scale from -1 (liberal) to 1

(conservative).

• Pew Research Center score: Mitchell et al. (2014) from the Pew Research Center use a survey

with several policy-related questions to map survey participants on a five-point scale from

consistently liberal to consistently conservative and study which news outlets the respondents

trust most. Based on these survey data, Robertson et al. (2018) create an index on a liberal-

conservative scale from −1 to 1, reflecting which online news outlets tend to be trusted by

liberals/conservatives. We use the index provided by Robertson et al. (2018).

• Partisan audience bias score: Robertson et al. (2018) propose a partisan audience bias score

based on the shared web domains by registered Democratic and Republican voters on Twitter.

The score scales from −1 (if the domain is exclusively shared by registered Democrats) to 1 (if

the domain is exclusively shared by registered Republicans).
11



Figure 3 in the main text present our main results on the effects of the users’ partisanship and the

cities’ partisan leanings on the SRIS. This figure is based on the regression outputs in columns 1–4 of

Table E13. We now discuss various robustness tests.

Figure D11 replicates Figure 3 but only based on the observations during the first half of the study

period. We find that the results look similar to our main results. However, we lose some power, leading

to larger confidence intervals in some instances.

Columns 5–9 of Table E13 provide robustness tests based on a more granular dataset in which we

count the occurrences of preferred domains at the level of election-related searches instead of per

day. This allows us to use more stringent fixed effects specifications. The unit of observation is thus

user × first search results page. Based on the same unit of observation, columns 9–13 then document

our main results’ sensitivity to replacing the usual SRIS (based on the average of several ideology

indices) with the values of individual domain ideology indices. That is, we compute the SRIS for each

ideology index separately and regress the resulting score on our explanatory variables. Although, not

surprisingly, the results vary from index to index, the overall picture is qualitatively consistent with

specifications based on the aggregate index.

Table E14 uses more fine-grained explanatory variables, specifically the average ideology score

of the users’ previously visited preferred domains and the city-level share of Republican votes. The

results confirm that the prevalent partisanship of the users’ location is more important than the

partisanship of their browsing and search history.
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D Additional Figures

FIGURE D1. SPATIAL DISTRIBUTION OF USERS AND LOCATION/CITY IDEOLOGY

Notes: The map shows the spatial distribution of the 150 synthetic users. The 25 cities include Democratic strongholds (blue), Republican
strongholds (red), and “purple” cities, where neither party dominates. The city categorization is based on the Republican vote share in the
2016 US Presidential Elections (see Table E1). In each city, there are two Democratic, two Republican, and two non-partisan users, each
with randomized differences in appearance and behavior.
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FIGURE D2. ILLUSTRATION OF THE BASIC SOFTWARE ARCHITECTURE
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Notes: The software consists of three core components: The “runner” instance, which handles and runs the synthetic users’ browsing and
search sessions, the configurator-service (API), which stores and provides all user configurations, jobs, and recorded web traffic (in HAR
files), as well as the configuration portal (a client library to set up and configure the user population).
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FIGURE D3. FINGERPRINTING VERIFICATION EXAMPLE

Notes: Sample screenshot showing the first few rows of a synthetic user’s JavaScript browser profile on www.browserleaks.com. The
example illustrates that the user’s JavaScript settings are correctly recognizable and functional as well as that the synthetic user’s (virtual)
screen is properly recognized (screen properties recognition and canvas fingerprinting are some of many techniques used to identify and
track users based on their device characteristics).
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FIGURE D4. GEOLOCATION VERIFICATION
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Notes: Mapping of unique coordinates extracted during synthetic user geolocation verifications from all browsing sessions (based on the
third-party real-time geolocation service IPStack). Blue crosses indicate the verified coordinates of users when browsing and searching (all
browsing sessions of all users included), and orange circles highlight the official city coordinates to which synthetic users were assigned
during the study.
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FIGURE D5. VALIDATION OF PARTISAN SEARCH TERMS: REPUBLICAN GOOGLE SEARCH VOLUME AND REPUBLICAN VOTE SHARES
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Notes: The scatter plot displays the raw correlation between the ideological position of a state based on its population’s use of partisan
search terms (the net Republican search volume as defined in Section B4 of the Online Appendix) and the corresponding state’s net share of
Republican votes (i.e., the share of Republican votes minus the share of Democratic votes according to the Federal Election Commission,
2022) in the 2020 US presidential elections. Dots of states where the US presidential race was called for Joe Biden are blue, those where
the race was called for Donald Trump are red. The gray line indicates the intercept and slope coefficient from regressing the net share
of Republican voters on the net Republican search volume. The gray area indicates the corresponding confidence band at a 95 percent
confidence level. The dashed vertical line indicates the median net Republican search volume, and the horizontal dashed line indicates a net
Republican vote share of 0. The election results data is from the Federal Election Commission (FEC). Data on search volume are collected
from Google Trends (2020) (as described in Section B4).
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FIGURE D6. GOOGLE TRENDS ELECTION FEATURE PAGE

Notes: Exemplary screenshot showing a section with trending election-related search terms on https://trends.google.com on
November 1, 2020. The panel on the right is one of the data sources used to collect the election-related search terms assigned to synthetic
users.
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FIGURE D7. CATEGORIZATION AND DESCRIPTION OF THE CONTENT OF ELECTION-RELATED SEARCH RESULTS
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Notes: The histogram in panel A shows the rank distributions of search results per category of domains according to the corresponding
dataset in Matter and Hodler (2024). (Other includes foreign news domains, business domains, and non-categorizable domains). Panel B
shows the distribution of the average NewsGuard (2023) trust score of the domains on the search results pages (0–100 scale) vs. the median
(red) and mean (dashed red) average NewsGuard trust score for all domains. The average NewsGuard trust score per domain is computed
based on all NewsGuard assessments for this domain during the time period of our study. Panel C shows the histogram of the average
search result reach (visitors per 1M web users from Amazon Web Information Services) vs. the median (red) and mean (dashed red) reach
for 1,600+ US information platforms and news domains.
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FIGURE D8. DOMAINS OFTEN OCCURING IN SEARCH RESULTS
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Notes: The barplot shows the number of occurrences of the ten most often occurring domains in election-related search results for
Democratic users (blue bars), Republican users (red bars), and non-partisan users (grey bars).
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FIGURE D9. SEARCH RESULTS SIMILARITY AND THE TIME DIFFERENCE BETWEEN SEARCHES
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Notes: The plots display the average search results similarity (Jaccard and extrapolated RBO indices) for different search results-pair
sub-samples. Sub-samples are generated based on a varying maximum duration threshold (in hours) between the queries of user i and user
j using the same election-related search term. The thresholds to create subsamples are indicated on the horizontal axis; the corresponding
average index values are indicated on the vertical axis. Reading example: the average extrapolated RBO similarity between search results
resulting from Google queries using the same search term within 0.01 hours or less is 0.61.
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FIGURE D10. DOMAIN-SPECIFIC BEHAVIOR-BASED PERSONALIZATION
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Notes: This figure complements panel C of Figure 2 by showing domain-specific personalization effects for the 20 preferred partisan and
popular domains that occurred most often in the users’ election-related search results. It shows the results from separate regressions for
each of these 20 domains, in which we regress an indicator variable for the occurrence of this domain in a user’s election-related search
results on the number of the user’s previous visits to this domain, accounting for date of search fixed effects. The 90% (wide vertical lines)
and 95% (narrow vertical lines) confidence intervals are based on standard errors two-way clustered by user and date of search.
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FIGURE D11. EFFECTS OF PARTISANSHIP AND LOCATION ON THE IDEOLOGY OF ELECTION-RELATED SEARCH RESULTS IN THE

FIRST HALF OF THE STUDY PERIOD
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Notes: Replication of Figure 3 based on all observations falling into the first half of the study period (i.e., prior to 16 December 2020). See
the notes to Figure 3 for further information.
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FIGURE D12. EFFECTS OF PARTISANSHIP AND LOCATION ON THE IDEOLOGY OF ELECTION-RELATED SEARCH RESULTS OTHER

THAN NEWS
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Notes: This figure complements Figure 3 by showing the effects of the users’ partisanship and their cities partisan leaning on the SRIS
based on domains in four non-news domain categories: government domains, information platforms, business domains, and other domains.
See the notes to Figure 3 for further information.
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E Additional Tables

TABLE E1—SYNTHETIC USER LOCATIONS AND CITY IDEOLOGY

City (user location) GOP vote share (in %) City ideology
CA-SAN FRANCISCO 13.40 D

WI-MADISON 20.00 D
CA-SAN JOSE 20.90 D

DC-WASHINGTON 23.10 D
TX-EL PASO 26.50 D
WA-SEATTLE 28.50 D
IL-CHICAGO 29.60 D

OR-PORTLAND 30.40 D
CA-STOCKTON 31.40 D

MA-BOSTON 32.20 D
NY-NEW YORK 33.30 D
CA-SAN DIEGO 37.90 purple

CO-DENVER 39.00 purple
MI-DETROIT 41.70 purple

TX-HOUSTON 44.20 purple
PA-HARRISBURG 49.80 purple

AZ-PHOENIX 50.70 purple
WA-SPOKANE 51.10 purple
OH-DAYTON 53.60 R
NE-OMAHA 53.90 R

FL-JACKSONVILLE 54.20 R
CA-BAKERSFIELD 55.00 R

KS-WICHITA 57.20 R
OK-OKLAHOMA CITY 58.90 R

CO-COLORADO SPRINGS 59.60 R

Notes: List of all US cities where synthetic users were located via residential proxies. The middle column shows the city-level Republican
vote shares (in percent) in the 2016 elections, and the right column the corresponding categorization into Democratic, Republican, and
‘purple‘ cities. Data: City-level GOP vote shares from Dottle (2019).
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Table E2—: TOP 100 MOST POPULAR DOMAINS VISITED BY USERS

Domain Reach No. Occ. D No. Occ. R No. Occ. NP

google.com 608,726 916 841 883
youtube.com 319,700 283 291 292
facebook.com 66,967 898 870 966
wikipedia.org 52,461 8,378 8,377 8,520
yahoo.com 51,573 7 10 8
amazon.com 44,430 264 273 252
reddit.com 30,080 0 1 0
live.com 29,760 0 0 0
netflix.com 28,030 0 0 0
microsoft.com 26,298 0 0 0
office.com 16,225 0 0 0
instagram.com 15,136 11 4 7
apple.com 12,592 135 127 120
ebay.com 10,893 0 0 0
msn.com 9,168 1 0 0
twitter.com 8,229 814 775 811
cnn.com 8,105 5,484 5,625 5,756
linkedin.com 6,980 0 1 0
nytimes.com 6,773 5,406 5,608 5,511
imdb.com 6,510 1 2 2
etsy.com 5,500 0 0 0
espn.com 5,420 61 58 62
spotify.com 5,200 0 0 0
walmart.com 4,518 0 0 0
indeed.com 4,465 0 0 0
paypal.com 4,110 0 0 0
theguardian.com 4,024 913 892 906
nih.gov 3,940 12 23 17
chase.com 3,610 0 0 0
foxnews.com 3,400 523 544 543
bestbuy.com 3,250 0 0 0
zillow.com 3,250 0 0 0
cnet.com 3,227 132 156 138
quizlet.com 3,160 0 0 0
washingtonpost.com 3,108 3,090 3,181 3,190
pinterest.com 3,000 0 0 0
craigslist.org 2,605 0 0 0
wikihow.com 2,340 0 0 0
target.com 2,265 0 0 0
healthline.com 2,240 40 39 38
hulu.com 2,225 0 0 0
homedepot.com 2,160 0 2 0
investopedia.com 2,160 1 2 0
wellsfa.go.com 2,090 0 0 0
businessinsider.com 2,078 464 476 453
usps.com 1,980 0 0 0
forbes.com 1,925 267 273 271
weather.com 1,792 0 1 0
steamcommunity.com 1,780 0 0 0
ca.gov 1,594 963 973 973
gamepedia.com 1,570 0 0 0
usatoday.com 1,497 811 836 866
aol.com 1,444 3 2 5
quora.com 1,410 1 0 0
xfinity.com 1,390 0 0 0
webmd.com 1,270 81 78 82
yelp.com 1,270 0 0 1
npr.org 1,230 1,867 1,944 1,998
wayfair.com 1,230 0 0 0
steampowered.com 1,220 0 0 0
genius.com 1,200 0 0 0
tripadvisor.com 1,160 1 1 0

(Continued on next page)
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Domain Reach No. Occ. D No. Occ. R No. Occ. NP

glassdoor.com 1,150 0 0 0
techradar.com 1,125 0 0 0
bankofamerica.com 1,067 0 0 0
merriam-webster.com 1,000 232 232 213
cbssports.com 978 31 32 30
britannica.com 976 560 539 540
lowes.com 972 0 0 0
mayoclinic.org 909 212 213 224
wiktionary.org 888 0 0 0
macys.com 864 0 0 0
ign.com 848 0 0 0
accuweather.com 839 0 0 0
usnews.com 820 421 452 475
dictionary.com 788 255 260 279
huffpost.com 782 145 121 140
urbandictionary.com 752 5 3 2
irs.gov 735 10 19 8
rottentomatoes.com 669 0 2 0
medicalnewstoday.com 627 0 0 0
allrecipes.com 611 0 0 0
bleacherreport.com 535 5 2 2
com.go.com 530 0 0 0
expedia.com 524 0 0 0
groupon.com 461 0 0 0
foodnetwork.com 375 0 0 0
bbb.org 354 0 0 0
mapquest.com 324 0 0 0
apartments.com 301 0 0 0
fb.com 135 9 9 8
fandom.com NA 35 33 26
retailmenot.com NA 0 0 0
roblox.com NA 0 0 0
wowhead.com NA 0 0 0
yellowpages.com NA 0 0 0

Notes: The table lists all most popular (canonical) domains randomly visited by users during our study. The first column shows
the domain names. “Reach” refers to the reach (visitors per 1M web users) provided by AWIS (2020). Domains for which this
data is missing in our dataset are indicated with NA. The remaining three columns indicate how often a domain occurs in users’
election-related first search results pages during our study, separately by type of user (Democratic, Republican, non-partisan). The
table is ordered by “Reach”. Section B1 describes the selection of these domains.
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Table E3—: TOP DEMOCRATIC DOMAINS ASSIGNED TO DEMOCRATIC USERS

Domain Partisanship Reach No. Occ. D No. Occ. R No. Occ. NP

yahoo.com 0.17 51,573 7 10 8
msn.com 0.52 9,168 1 0 0
cnn.com 1.05 8,105 5,484 5,625 5,756
nytimes.com 0.79 6,773 5,406 5,608 5,511
medium.com 0.25 5,630 0 0 0
washingtonpost.com 0.68 3,108 3,090 3,181 3,190
usatoday.com 0.12 1,497 811 836 866
npr.org 0.31 1,230 1,867 1,944 1,998
fivethirtyeight.com 0.10 1,070 182 195 184
nbcnews.com 0.57 1,038 2,178 2,180 2,164
politico.com 0.47 922 2,450 2,501 2,473
huffpost.com 0.84 782 145 121 140
cbsnews.com 0.13 702 1,081 1,140 1,113
apnews.com 0.15 666 1,494 1,497 1,502
thehill.com 0.73 603 570 547 600
theatlantic.com 0.54 514 53 41 46
thedailybeast.com 0.15 464 318 353 333
latimes.com 0.10 438 263 260 236
vox.com 1.48 422 351 368 368
gofundme.com 0.14 401 0 0 0
newsweek.com 0.23 395 17 22 20
mashable.com 0.36 379 0 0 0
pbs.org 0.24 372 291 306 307
zazzle.com 0.18 339 0 0 0
slate.com 0.62 324 3 1 3
msnbc.com 0.37 314 2 0 1
iheart.com 0.12 255 0 0 0
esquire.com 0.21 252 0 0 0
nymag.com 0.13 226 136 140 146
vulture.com 0.20 213 0 0 0
tumblr.com 0.25 212 0 0 0
salon.com 0.15 180 10 8 11
snopes.com 0.16 176 54 40 46
actblue.com 1.41 149 0 0 0
dailykos.com 2.61 116 0 0 0
rawstory.com 0.80 116 0 0 0
boingboing.net 0.80 98 0 0 0
dailydot.com 0.67 93 0 0 0
theintercept.com 0.30 81 0 0 0
motherjones.com 0.36 74 40 34 23
jezebel.com 0.25 69 0 0 0
actionnetwork.org 0.16 62 0 0 0
talkingpointsmemo.com 0.83 59 0 0 0
theroot.com 0.13 48 0 0 0
amnesty.org 0.44 47 0 0 0
thenation.com 0.18 45 20 30 18
commondreams.org 0.42 37 0 0 0
jacobinmag.com 0.12 35 0 0 0
aclu.org 0.15 34 0 0 0
alternet.org 0.35 28 0 0 0
moveon.org 0.38 24 0 0 0
abovethelaw.com 0.17 22 0 0 0
weaselzippers.us 0.15 22 0 0 0
crooksandliars.com 0.74 18 0 0 0
mcsweeneys.net 0.11 16 0 0 0
politicususa.com 1.89 16 0 0 0
themarysue.com 0.25 16 0 0 0
democraticunderground.com 0.31 12 0 0 0
thinkprogress.org 0.67 7 0 0 0
amnesty.org.uk 0.12 5 0 0 0
nationalmemo.com 0.51 5 0 0 0
splinternews.com 1.78 4 0 0 0

(Continued on next page)
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Domain Partisanship Reach No. Occ. D No. Occ. R No. Occ. NP

bipartisanreport.com 0.14 3 0 0 0
opednews.com 0.51 3 0 0 0
theblacksphere.net 0.15 3 0 0 0
truthdig.com 0.27 3 0 0 0
itsgoingdown.org 0.15 2 0 0 0
trofire.com 0.27 2 0 0 0
unicornriot.ninja 0.11 1 0 0 0
credoaction.com 0.22 0 0 0 0
vote.org 0.13 NA 298 278 295
buzzfeednews.com 0.11 NA 26 24 32
amplifr.com 0.40 NA 0 0 0
bikudo.com 0.10 NA 0 0 0
corrupt.af 0.14 NA 0 0 0
doinmytoons.blogspot.com 0.10 NA 0 0 0
flake.news 0.55 NA 0 0 0
hannahsix.blogspot.com 0.33 NA 0 0 0
hillreporter.com 0.51 NA 0 0 0
iwillvote.com 0.10 NA 0 0 0
jakehasablog.blogspot.com 0.22 NA 0 0 0
mobilize.us 0.20 NA 0 0 0
odaction.com 0.45 NA 0 0 0
pinterest.ch 0.24 NA 0 0 0
qoo.ly 0.32 NA 0 0 0
usaunify.org 0.16 NA 0 0 0

Notes: The table lists all (canonical) domains randomly assigned to Democratic users out of the top 100 most Democratic domains
identified based on the procedure described in Section B2 of the Online Appendix. The first column shows the domain names. The
second column displays the corresponding value of the “Partisanship” measure, which indicates how partisan a domain identified as
Democratic is. This measure is based on the χ2 test outlined in Section B1 of the Online Appendix. The corresponding χ2

i is a test
statistic for the null hypothesis that the propensity to mention domain i in a tweet is equal for Democrats and Republicans (based
on a sample of millions of tweets from Republican and Democratic Twitter users during the 2018 midterm elections). The higher
the χ2

i value is, the more significantly a domain is primarily mentioned by supporters of one of the two parties. For all domains
identified as highly partisan in this way, we look at whether they were more often used by Democrats or Republicans. In the table
here, we only list domains that are identified as highly partisan and were more often used by Democrats, and we multiply the
corresponding χ2

i value by 1,000 for ease of readability. “Reach” refers to the reach (visitors per 1M web users) provided by AWIS
(2020). Domains for which this data is missing in our dataset are indicated with NA. The remaining three columns indicate how
often a domain occurs in users’ election-related first search results pages during our study, separately by type of user (Democratic,
Republican, non-partisan). The table is ordered by “Reach”.
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Table E4—: TOP REPUBLICAN DOMAINS ASSIGNED TO REPUBLICAN USERS

Domain Partisanship Reach No. Occ. D No. Occ. R No. Occ. NP

twitter.com 0.10 8,229 814 775 811
foxnews.com 0.11 3,400 523 544 543
cnbc.com 0.14 2,120 404 419 434
dailymail.co.uk 0.13 2,080 5 3 3
rt.com 0.17 1,540 0 0 0
bloomberg.com 0.09 1,392 301 290 284
marketwatch.com 0.10 1,061 48 58 54
elpais.com 0.14 996 0 1 3
spiegel.de 0.09 698 1 1 0
breitbart.com 0.17 602 0 0 0
sputniknews.com 0.18 590 0 0 0
ft.com 0.19 469 30 32 23
zerohedge.com 0.13 367 0 0 0
welt.de 0.08 331 0 0 0
aa.com.tr 0.12 324 0 2 2
infowars.com 0.28 257 0 0 0
faz.net 0.25 250 0 0 0
thegatewaypundit.com 0.13 226 0 0 0
whitehouse.gov 0.11 207 1,609 1,587 1,780
nu.nl 0.08 189 0 0 0
nos.nl 0.10 130 0 0 0
nzz.ch 0.08 110 0 0 0
wnd.com 0.45 109 0 0 0
dailycaller.com 0.40 107 0 0 0
yenisafak.com 0.13 95 0 0 0
azvision.az 0.10 92 0 0 0
arynews.tv 0.08 69 0 0 0
oilprice.com 0.09 69 0 0 0
trt.net.tr 0.09 61 0 0 0
theconservativetreehouse.com 0.12 42 0 0 0
bizpacreview.com 0.94 31 0 0 0
avaaz.org 0.13 28 0 0 0
bignewsnetwork.com 0.11 15 0 0 0
politico.mx 0.11 12 0 0 0
truepundit.com 0.19 12 0 0 0
lorientlejour.com 0.12 9 0 0 0
robinspost.com 2.51 8 0 0 0
conservativefiringline.com 0.33 7 0 0 0
ussanews.com 3.20 7 0 0 0
zazoom.it 0.42 3 0 0 0
newswithviews.com 0.08 2 0 0 0
bpr.org 0.08 1 0 0 0
conservativetribune.com 0.15 1 0 0 0
patriotretort.com 0.09 1 0 0 0
eaworldview.com 0.13 0 0 0 0
limportant.fr 0.11 0 0 0 0
mambolook.com 0.91 0 0 0 0
therebel.media 0.15 0 0 0 0
thetruthwins.com 0.12 0 0 0 0
truthfeednews.com 0.49 0 0 0 0
worthynews.com 0.16 0 0 0 0
48.pm 0.52 NA 0 0 0
back.ly 2.42 NA 0 0 0
bitchute.com 0.28 NA 0 0 0
breakingthenews.net 0.12 NA 0 0 0
caliberhitting.com 0.19 NA 0 0 0
commun.it 0.49 NA 0 0 0
cosiskey.com 0.28 NA 0 0 0
dmlnews.com 0.13 NA 0 0 0
dragplus.com 0.33 NA 0 0 0
floridahomeprepper.com 0.13 NA 0 0 0
gab.com 0.86 NA 0 0 0

(Continued on next page)
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Domain Partisanship Reach No. Occ. D No. Occ. R No. Occ. NP

geopoliting.com 0.14 NA 0 0 0
hayatsk.info 0.16 NA 0 0 0
hotpagenews.com 0.97 NA 0 0 0
ifilmfeatures.com 0.10 NA 0 0 0
inbound.li 0.08 NA 0 0 0
jenkers.com 0.56 NA 0 0 0
latinosfortrump.us 0.08 NA 0 0 0
lolsided.com 0.24 NA 0 0 0
magapill.com 1.56 NA 0 0 0
michaelsnyderforidaho.com 0.25 NA 0 0 0
nairapark.com 0.11 NA 0 0 0
nudesftw.com 0.55 NA 0 0 0
oddcrimes.com 0.82 NA 0 0 0
po.st 0.13 NA 0 0 0
prescient.info 0.24 NA 0 0 0
pscp.tv 2.06 NA 0 0 0
puppetstringnews.com 0.53 NA 0 0 0
rankeador.com.br 0.10 NA 0 0 0
rickwells.us 0.10 NA 0 0 0
rsbnetwork.com 0.09 NA 0 0 0
rviv.ly 0.11 NA 0 0 0
sco.lt 0.15 NA 0 0 0
shareasale.com 0.10 NA 0 0 0
spreaker.com 0.08 NA 0 0 0
storiesflow.com 0.61 NA 0 0 0
tacticalinvestor.com 0.43 NA 0 0 0
thegoldwater.com 0.59 NA 0 0 0
titrespresse.com 0.48 NA 0 0 0
trib.al 0.35 NA 0 0 0
trump-news.today 0.67 NA 0 0 0
vipscandals.com 1.60 NA 0 0 0
wi1848forward.blogspot.com 0.16 NA 0 0 0

Notes: The table lists all (canonical) domains randomly assigned to Republican users out of the top 100 most Republican domains
identified based on the procedure described in Section B2 of the Online Appendix. The first column shows the domain names. The
second column displays the corresponding value of the “Partisanship” measure, which indicates how partisan a domain identified as
Republican is. This measure is based on the χ2 test outlined in Section B1 of the Online Appendix. The corresponding χ2

i is a test
statistic for the null hypothesis that the propensity to mention domain i in a tweet is equal for Democrats and Republicans (based
on a sample of millions of tweets from Republican and Democratic Twitter users during the 2018 midterm elections). The higher
the χ2

i value is, the more significantly a domain is primarily mentioned by supporters of one of the two parties. For all domains
identified as highly partisan in this way, we look at whether they were more often used by Democrats or Republicans. In the table
here, we only list domains that are identified as highly partisan and were more often used by Republicans, and we multiply the
corresponding χ2

i value by 1,000 for ease of readability. “Reach” refers to the reach (visitors per 1M web users) provided by AWIS
(2020). Domains for which this data is missing in our dataset are indicated with NA. The remaining three columns indicate how
often a domain occurs in users’ election-related first search results pages during our study, separately by type of user (Democratic,
Republican, non-partisan). The table is ordered by “Reach”.
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TABLE E6—PARTISAN SEARCH TERMS ASSIGNED TO DEMOCRATIC USERS

#bernie #bidenharris #blm #communism
#democracy #dumptrump #fakenews #feelthebern
#fucktrump #government #impeachtrump #kamalaharris
#liberals #notmypresident #obama #political
#progressive #resist #socialism #voteblue
address gun affordable care affordable care act affordable health
affordable insurance affordable quality care african american air and water
air to water air water all things must pass american community survey
attack women big oil birth control birth control pills
black african american black and brown black white supremacist black women
call donald trump call trump care act care coverage
center for reproductive health change real check act children and family
children parents choose the right civil rights civil rights act
civil rights act passed civil rights movement climate change community of color
congressional republican criminal background check detention center donald trump
enrollment health environmental protection environmental protection agency equal pay
equal pay act equal rights equal rights amendment every dollar app
existing conditions fair labor act fair pay act fair wage
fair wage act federal minimum wage fight at work fight for justice
fight justice fight work for profit for profit college
free background check gender disorder gender identity gender identity disorder
gender pay gap gift tax girls to women gun safety
gun safety course health care health care coverage health coverage
health insurance health insurance affordable health insurance coverage heart
heart attack women hiv aids hiv and aids house gop
housing how to how to fight insurance
insurance coverage internet explorer intimate partner juvenile
juvenile detention law of one let go living wage
loan debt lose health lose weight low income
low income housing make ends meet make health medicare and medicaid
medicare enrollment medicare enrollment period medicare medicaid million dollar women
million women minimum living wage minimum wage moms demand action
must fight must pass my access one law
one million one million women open enrollment open internet
paid sick leave passed act pay equal pay gap
pay wall people color people of color policy on immigration
pre existing profit college protect democracy protected health
protected health information protection workers quality affordable raising minimum
raising minimum wage reproductive health reproductive health services reproductive rights
republican congressional committee rights act rights of women rights of workers
sandy hook school shooting senate gop separation children
separation family sexual orientation sign health stimulus check
student debt student loan student loan debt the dream
the dream act the real the right woman the un american
trump admin trump gop trump want turn back
turn back time united healthcare united healthcare coverage united to protect democracy
us immigration us immigration policy violence women what are working conditions
what is minimum wage what sexual orientation white supremacist white supremacist trump
will lose woman right women access women against violence
women color women family women girls women in black
women of color women rights womens health center work and family
work family workers protection act workers rights working conditions
you will lose zero tolerance

Notes: The table lists the partisan search terms assigned to Democratic users, consisting of the top partisan hashtags and the slanted search
terms compiled based on the procedure outlined in Section B4 of the Online Appendix.
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TABLE E7—PARTISAN SEARCH TERMS ASSIGNED TO REPUBLICAN USERS

#alllivesmatter #american #bluelivesmatter #buildthewall
#conservativememes #conservatives #coronavirus #draintheswamp
#foxnews #patriot #potus #presidenttrump
#progun #republicanmemes #republicanparty #trumpsupporters
#walkaway #wga #whitehouse #wwg
abortion america american people canada mexico
cut jobs god bless god bless america government control
great news illegal immigrants illegal immigration immigration
jobs act men and women men women mexico to canada
nancy pelosi nancy pelosi trump one plus one one size
plus size pro abortion pro choice pro life
pro life abortion pro life pro choice size fit tax code
the american people the cut the government the great
the jobs act the unemployment rate tire size trump
unemployment rate women for men women in uniform women uniform

Notes: The table lists the partisan search terms assigned to Republican users, consisting of the top partisan hashtags and the slanted search
terms compiled based on the procedure outlined in Section B4 of the Online Appendix.
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TABLE E8—SEARCH TERMS USED IN ELECTION-RELATED GOOGLE SEARCHES

Joe Biden
Republican
Democrat
White House
Donald Trump
Mail-in ballot
Congress
Polling station
voter fraud
Arizona
stop count
count votes
illegal ballots
Georgia
Pennsylvania
Michigan
electoral vote
Wisconsin
google news
senate race
presidential transition
did my vote count?
Joe Biden is
Georgia recount
Michigan election
election results 2020
has pennsylvania certified the election
covid vaccine
mask mandate
has michigan certified the election
curfew
Donald Trump is
Sidney Powell
trump supporters dc
senate results georgia
capitol washington dc
hyde smith
president elect
trump supporters
who won senate 2021
election certification
riot capitol hill
house impeachment
capitol police officer dies
joint chiefs of staff letter
inaguration day threats
caldwell oath keepers
inaguration day 2021
presidential pardons list 2021
national guard in capitol
capitol rioters
Biden on student loans
Biden on immigration
Biden on gun control
football
Biden on stimulus
Biden executive orders
Biden news

Notes: The table lists all 58 election-related search terms used in our study ordered according to the date they were selected/used.
The terms were selected from Google Trends (2020, 2021) feature pages focusing on the most frequently used searches on the
US 2020 election and closely related topics such as the presidential transition and Biden’s inauguration. Section B6 of the On-
line Appendix provides additional details on the compilation of these terms from Google Trends. The term “football” may refer to
the so-called nuclear football, which Trump did not hand over to Biden in person (see, e.g., https://edition.cnn.com/2021/
01/19/politics/trump-biden-nuclear-football-inauguration/index.html or https://www.foxnews.com/politics/
nuclear-football-handoff-between-trump-biden).
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TABLE E12—FURTHER ROBUSTNESS CHECKS ON LOCATION-BASED PERSONALIZATION

P(Domaininresults)

(1) (2) (3) (4) (5) (6)

Majority of users in city see domain 0.387 0.390 1.826
(0.016) (0.017) (0.015)

# users overall see domain 0.004 0.004 0.067 0.004 0.004 0.070
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Majority of users in state see domain 0.332 0.335 1.157
(0.016) (0.017) (0.015)

Estimation Method OLS OLS Logit OLS OLS Logit
User FE X X X X X X
Date of search FE X X X X X X
Domain FE X X
Clust. SE user X X X X X X
Clust. SE date X X X X X X
Clust. SE domain X X
Number of Observations 15,343,800 15,343,800 15,343,800 15,343,800 15,343,800 15,343,800
R2 0.673 0.673 0.662 0.662

Notes: This table presents further robustness test related to Figure 2D. The units of observation are user × domains in election-related
search results. The dependent variable is an indicator variable equal to 1 if a specific domain occurs on a user’s first search results page.
Explanatory variables are indicator variables that are equal to 1 if the majority of the other users in the same city or the same state see the
given domain. All columns control for the number of overall users who see the given domain. Fixed effects and standard error clustering
levels are indicated for each specification. Columns (3) and (6) use a logistic rather than a linear regression model. The estimation of the
logistic regression with fixed effects is implemented based on the approach suggested by Stammann (2018).

39



TA
B

L
E

E
13

—
M

A
IN

R
E

S
U

LT
S

A
N

D
R

O
B

U
S

T
N

E
S

S
T

E
S

T
S

O
N

T
H

E
E

FF
E

C
T

S
O

F
L

O
C

A
T

IO
N

A
N

D
PA

R
T

IS
A

N
S

H
IP

O
N

S
E

A
R

C
H

R
E

S
U

LT
S

ID
E

O
L

O
G

Y

D
ep

en
de

nt
va

ri
ab

le
:s

ea
rc

h
re

su
lts

id
eo

lo
gy

sc
or

e

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

(1
1)

(1
2)

(1
3)

D
us

er
0.

04
2

−
0.

57
5

0.
01

6
−

0.
70

4
−

0.
11

4
−

0.
37

0
0.

02
2

−
0.

42
5

−
0.

09
4

−
0.

22
9

0.
10

7
−

0.
29

6
−

0.
05

1
(0

.2
11

)
(0

.1
27

)
(0

.4
06

)
(0

.2
59

)
(0

.0
54

)
(0

.0
77

)
(0

.3
33

)
(0

.1
14

)
(0

.0
92

)
(0

.1
70

)
(0

.0
87

)
(0

.2
41

)
(0

.0
45

)

R
us

er
0.

13
9

−
0.

26
8

0.
10

7
−

0.
43

0
−

0.
05

5
−

0.
27

0
0.

15
3

−
0.

19
0

−
0.

10
1

−
0.

29
9

−
0.

03
2

−
0.

22
3

−
0.

01
0

(0
.2

26
)

(0
.2

62
)

(0
.5

08
)

(0
.2

09
)

(0
.1

25
)

(0
.1

27
)

(0
.2

67
)

(0
.2

05
)

(0
.0

84
)

(0
.0

65
)

(0
.0

94
)

(0
.0

41
)

(0
.0

60
)

D
ci

ty
−

0.
52

5
−

0.
59

1
−

2.
33

5
0.

26
3

−
0.

35
0

−
0.

51
1

−
1.

90
6

0.
29

0
−

0.
11

5
0.

10
6

0.
20

1
0.

05
4

−
0.

49
5

(0
.3

02
)

(0
.3

87
)

(0
.7

74
)

(0
.3

43
)

(0
.4

07
)

(0
.4

65
)

(1
.3

85
)

(0
.2

58
)

(0
.1

78
)

(0
.2

05
)

(0
.2

81
)

(0
.2

08
)

(0
.3

12
)

R
ci

ty
0.

43
5

1.
18

2
1.

97
3

0.
85

5
0.

52
4

0.
95

4
1.

81
4

0.
66

5
0.

13
0

0.
26

6
0.

42
3

0.
29

6
0.

36
6

(0
.2

30
)

(0
.3

69
)

(0
.6

87
)

(0
.4

47
)

(0
.1

91
)

(0
.4

77
)

(0
.9

69
)

(0
.2

81
)

(0
.1

04
)

(0
.3

38
)

(0
.2

11
)

(0
.2

04
)

(0
.1

71
)

Sa
m

pl
e

A
ll

A
ll

ne
w

s
L

oc
al

ne
w

s
N

at
io

na
ln

ew
s

A
ll

A
ll

ne
w

s
L

oc
al

ne
w

s
N

at
io

na
ln

ew
s

A
ll

A
ll

A
ll

A
ll

A
ll

U
ni

to
fo

bs
.

U
se

r/
da

y
U

se
r/

da
y

U
se

r/
da

y
U

se
r/

da
y

U
se

r/
SE

R
P

U
se

r/
SE

R
P

U
se

r/
SE

R
P

U
se

r/
SE

R
P

U
se

r/
SE

R
P

U
se

r/
SE

R
P

U
se

r/
SE

R
P

U
se

r/
SE

R
P

U
se

r/
SE

R
P

Id
eo

lo
gy

m
ea

su
re

Jo
in

t
Jo

in
t

Jo
in

t
Jo

in
t

Jo
in

t
Jo

in
t

Jo
in

t
Jo

in
t

B
ak

sh
y

et
al

.
B

ud
ak

M
tu

rk
Pe

w
R

ob
er

ts
on

et
al

.
M

ea
n

de
pe

nd
en

tv
ar

ia
bl

e
-3

6.
94

-6
9.

41
-1

4.
06

-7
7.

49
-3

6.
71

-7
0.

7
-1

4.
61

-7
9.

28
-2

4.
98

-5
5.

47
-1

5.
73

-5
9.

51
-1

7.
79

%
do

m
ai

ns
in

in
de

x
84

.5
6

98
.1

7
95

.6
5

98
.9

8
84

.5
6

98
.1

7
95

.6
5

98
.9

8
50

.8
4

22
.5

9
58

.5
1

31
.4

7
84

.5
6

D
-R

us
er

=
0

(χ
2 )

0.
10

(0
.2

0)
0.

31
(1

.1
7)

0.
09

(0
.0

5)
0.

27
(0

.9
9)

0.
06

(0
.1

7)
0.

10
(0

.5
6)

0.
13

(0
.3

8)
0.

24
(1

.3
4)

0.
01

(0
.0

2)
0.

07
(0

.1
1)

0.
14

(2
.0

9)
0.

07
(0

.1
0)

0.
04

(0
.3

0)
D

-R
ci

ty
=

0
(χ

2 )
0.

96
(6

.8
2)

1.
77

(9
.4

2)
4.

31
(1

2.
10

)
0.

59
(1

.3
3)

0.
87

(3
.1

0)
1.

47
(2

.8
8)

3.
72

(2
.5

2)
0.

37
(1

.1
8)

0.
24

(7
.7

9)
0.

16
(0

.7
2)

0.
22

(1
.2

2)
0.

24
(5

2.
93

)
0.

86
(3

.4
9)

D
at

e
of

se
ar

ch
FE

X
X

X
X

X
X

X
X

X
X

X
X

X
L

an
gu

ag
e

FE
X

X
X

X
X

X
X

X
X

X
X

X
X

Se
ar

ch
te

rm
FE

X
X

X
X

X
X

X
X

X
C

lu
st

.S
E

us
er

X
X

X
X

X
X

X
X

X
X

X
X

X
C

lu
st

.S
E

da
te

X
X

X
X

X
X

X
X

X
X

X
X

X
C

lu
st

.S
E

se
ar

ch
te

rm
X

X
X

X
X

X
X

X
X

O
bs

er
va

tio
ns

13
,0

91
12

,8
89

7,
37

8
12

,5
80

24
,9

87
22

,9
99

9,
57

0
22

,0
24

24
,9

87
24

,9
87

24
,9

87
24

,9
87

24
,9

87
R

2
0.

83
8

0.
66

7
0.

74
5

0.
61

7
0.

84
9

0.
66

9
0.

82
3

0.
64

1
0.

57
3

0.
59

4
0.

73
8

0.
65

1
0.

78
6

N
ot

es
:

Th
is

ta
bl

e
pr

es
en

ts
th

e
re

gr
es

si
on

ou
tp

ut
s

di
sp

la
ye

d
in

Fi
gu

re
3

in
co

lu
m

n
(1

)–
(4

)(
se

e
th

e
no

te
s

to
Fi

gu
re

3
fo

rd
et

ai
ls

)a
nd

va
rio

us
ro

bu
st

ne
ss

te
st

s
in

co
lu

m
ns

(5
)–

(1
3)

.T
he

un
its

of
ob

se
rv

at
io

n
ar

e
us

er
×

da
y

in
co

lu
m

ns
(1

)–
(4

)a
nd

us
er
×

el
ec

tio
n-

re
la

te
d

se
ar

ch
re

su
lts

in
co

lu
m

ns
(5

)–
(1

3)
.T

he
de

pe
nd

en
tv

ar
ia

bl
e

is
th

e
Se

ar
ch

R
es

ul
tI

de
ol

og
y

Sc
or

e
(S

R
IS

,s
ee

eq
ua

tio
n

(2
)i

n
th

e
m

ai
n

te
xt

)f
or

di
ff

er
en

ts
et

s
of

do
m

ai
ns

lis
te

d
in

th
e

fir
st

se
ar

ch
re

su
lts

pa
ge

s
to

el
ec

tio
n-

re
la

te
d

qu
er

ie
s:

A
ll

do
m

ai
ns

in
co

lu
m

ns
(1

),
(4

),
an

d
(9

)–
(1

3)
,a

ll
ne

w
s

do
m

ai
ns

in
co

lu
m

ns
(2

)a
nd

(6
),

lo
ca

ln
ew

s
do

m
ai

ns
in

co
lu

m
n

(3
)a

nd
(7

),
an

d
na

tio
na

ln
ew

s
do

m
ai

ns
in

co
lu

m
ns

(4
)a

nd
(8

).
T

he
SR

IS
is

co
m

pu
te

d
ba

se
d

on
th

e
fiv

e
di

ff
er

en
td

om
ai

n
id

eo
lo

gy
in

di
ce

s
in

co
lu

m
ns

(1
)–

(8
)a

nd
on

a
si

ng
le

do
m

ai
n

id
eo

lo
gy

in
de

x
in

di
ca

te
d

in
th

e
ro

w
“I

de
ol

og
y

m
ea

su
re

”
in

co
lu

m
ns

(9
)–

(1
3)

.
T

he
ro

w
“%

do
m

ai
ns

in
in

de
x”

in
di

ca
te

s
th

e
sh

ar
e

of
th

e
re

sp
ec

tiv
e

do
m

ai
ns

co
ve

re
d

by
th

e
co

rr
es

po
nd

in
g

in
di

ce
s.

T
he

SR
IS

is
m

ea
su

re
d

on
a

lib
er

al
-c

on
se

rv
at

iv
e

sc
al

e
of

[-
10

0,
10

0]
in

al
lc

as
es

.D
us

er
(R

us
er

)i
s

an
in

di
ca

to
rv

ar
ia

bl
e

eq
ua

lt
o

1
if

th
e

us
er

ha
s

be
en

as
si

gn
ed

D
em

oc
ra

tic
(R

ep
ub

lic
an

)b
ro

w
si

ng
an

d
se

ar
ch

pr
ef

er
en

ce
s

(w
ith

no
n-

pa
rti

sa
n

us
er

s
as

re
fe

re
nc

e
ca

te
go

ry
).

D
ci

ty
(R

ci
ty

)i
s

an
in

di
ca

to
rv

ar
ia

bl
e

eq
ua

lt
o

1
if

th
e

us
er

ha
s

be
en

as
si

gn
ed

to
a

ci
ty

w
ith

pr
ed

om
in

an
tly

D
em

oc
ra

tic
(R

ep
ub

lic
an

)v
ot

er
s

(w
ith

pu
rp

le
ci

tie
s

as
re

fe
re

nc
e

ca
te

go
ry

).
Fi

xe
d

ef
fe

ct
s

an
d

st
an

da
rd

er
ro

rc
lu

st
er

in
g

le
ve

ls
ar

e
in

di
ca

te
d

fo
re

ac
h

sp
ec

ifi
ca

tio
n.

T
he

ro
w

“D
-R

us
er

=
0

(χ
2 )”

pr
es

en
ts

th
e

ab
so

lu
te

di
ff

er
en

ce
be

tw
ee

n
th

e
co

ef
fic

ie
nt

es
tim

at
es

fo
rt

he
D

em
oc

ra
tic

an
d

R
ep

ub
lic

an
us

er
in

di
ca

to
rs

,a
s

w
el

la
s

th
e

ch
i-

sq
ua

re
d

va
lu

e
(i

n
pa

re
nt

he
si

s)
of

th
e

lin
ea

rh
yp

ot
he

si
s

te
st

of
bo

th
co

ef
fic

ie
nt

s
be

in
g

of
eq

ua
ls

iz
e.

T
he

ro
w

“D
-R

ci
ty

=
0

(χ
2 )”

sh
ow

s
th

e
sa

m
e

fo
rt

he
D

em
oc

ra
tic

an
d

R
ep

ub
lic

an
ci

ty
in

di
ca

to
rs

.

40



TABLE E14—FURTHER ROBUSTNESS TESTS ON THE EFFECTS OF LOCATION AND PARTISANSHIP

Dependent variable: search results ideology score

(1) (2) (3) (4)

Visited sites ideology 0.003 0.012 −0.008 0.005
(0.007) (0.011) (0.016) (0.014)

Share Rep. voters in city 0.024 0.043 0.114 0.012
(0.009) (0.014) (0.037) (0.012)

Sample All News domains Local news National news
Observations 24,987 22,999 9,570 22,024
R2 0.562 0.422 0.679 0.410

Notes: This table presents robustness tests related to Figure 3 using more fine-grained measures of user and city ideology. The units of
observation are user × election-related search results. The dependent variable is the Search Result Ideology Score (SRIS, see equation (2)
in the main text) for different sets of domains listed in the first search results pages to election-related queries: All domains in columns (1),
all news domains in columns (2), local news domains in column (3), and national news domains in columns (4). Visited sites ideology is the
average ideology score of the preferred domains visited by the user. Share Rep. voters in city is the percentage share of Republican voters in
the 2016 US election in the city where the user is located. All columns include date of search and browser language fixed effects. Standard
errors are two-way clustered by user and date of search.
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