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1. Introduction

Search engines (SEs) serve as main information gateways for billions of users worldwide (Semrush,
2026), and large language models (LLMs) are rapidly emerging as alternatives (Robarts, 2025).
Although widely perceived as trustworthy (Pan et al., 2007), both algorithms rely on opaque,
proprietary models that have been shown to produce problematic outputs. Search engines can exhibit
racial and gender biases (Kay et al., 2015; Noble, 2018), while LLMs can generate inaccurate
information (Huang et al., 2023) and reproduce biases embedded in their training data (Silberg &
Manyika, 2019). As more people rely on online search for politics (Pew Research Center, 2025), this
study examines how these algorithms shape access to election-related information, particularly during
elections, when biased search rankings can shift the voting intentions of up to 20% of undecided voters
(Epstein & Robertson, 2015; Epstein et al., 2025).

Hence, this study audits whether SEs and LLMs display political bias when responding to neutral,
election-related queries in the days preceding two major 2024 elections: the European Parliament
elections (June 9) and the US Presidential elections (November 5). Unlike prior work relying on
explicitly political queries, sentiment analysis, or classification of media outlet leaning (Robertson et
al., 2018; Gezici et al., 2021), we measure political visibility—the frequency with which political
entities and issues are mentioned—using neutral, naturalistic queries that better reflect undecided
voters’ actual search behavior (Mustafaraj et al., 2020). We focus on visibility because it influences
viability (Hopmann et al., 2010; Adams et al., 2024), and because even negative coverage has been
shown to normalize fringe actors and ideas by signaling their relevance (Mancosu et al., 2021).

Methodology. We developed a privacy-preserving, bot-based auditing system in which automated web
crawlers simulated human browsing behavior while operating from residential proxies in multiple
geographic locations. Bots simultaneously queried four SEs—Google, Bing, DuckDuckGo, and Yahoo
— and two LLMs — Microsoft Copilot (with internet access) and ChatGPT-4o0 (without internet access)
— using neutral queries that did not mention politicians, political leanings, or ideological positions, in
both English and local languages (e.g., “European Parliament elections 2024, “Who should I vote
for?”). For the EU election, bots were deployed in five countries: Austria, Germany, Ireland, Poland,
and Portugal. For the US, bots operated from 15 counties across eight states with varying partisan
leanings. In total, we collected approximately 4,360 SE first-page results (six queries in the EU, in
English and local languages, and 12 English-language queries in the US) and 205 LLM responses (4
queries per election), see Figure 1.

Political entities were extracted from SE URLs and headlines, and from full LLM responses, using
automated LLM-based extraction with manual validation. For the EU, entities were mapped to five
ideological groups — Radical Left, Mainstream Left, Greens, Mainstream Right, and Radical Right —
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based on the Chapel Hill Expert Survey (Rovny et al., 2024). For the US, entities were classified as
Democratic or Republican, and political issues were categorized by partisan salience using pre-electoral

Pew Research (Pew Research Center, 2024) and YouGov (YouGov, 2025) surveys. Mention
frequencies were benchmarked against media salience, pre-election polls, and prior electoral results.

Results. In the EU, political mentions appeared in 7-16% of SE results (grey bars in Figure 2), yet their
distribution was highly skewed. Across all four SEs and ChatGPT, Radical Right entities were
dramatically overrepresented relative to all external benchmarks (Figure 3). For Google, the Radical
Right received 16—32 percentage points more mentions than expected from media coverage, polling, or
prior electoral results—consistent across countries including Ireland and Portugal, where radical right
parties had minimal electoral presence. Radical right entities appeared disproportionately in News and
Reference results (e.g., Wikipedia), that is, sources perceived as authoritative. The Radical Left was
significantly underrepresented across all platforms.

LLM responses were more balanced overall, but both Copilot and ChatGPT overrepresented the Radical
Right relative to polls and prior results, while giving disproportionate attention to Green parties—a
pattern inconsistent with electoral data, potentially reflecting fine-tuning and content moderation. This
diverges from prior work characterizing LLMs as left-leaning (Potter et al., 2024; Motoki et al., 2024),
likely because we use neutral prompts and measure visibility rather than eliciting political opinions.

In the US, party-level differences were smaller, consistent with the two-party system. Nevertheless,
Republican entities were systematically overrepresented and Democratic entities underrepresented
across all SEs relative to polls and prior results. More striking was the issue framing: Google dedicated
83% of classified issue mentions to Republican-prioritized topics, an overrepresentation of
approximately 47 percentage points relative to voter-assigned importance. Bing, DuckDuckGo, and
Yahoo were substantially more balanced. Both ChatGPT and Copilot also mentioned Republican-
prioritized topics more frequently, though less extremely than Google.

Conclusions. Our results provide systematic evidence that both SEs and LLMs display political bias in
response to neutral queries. This observed visibility bias cannot be fully explained by external factors:
overrepresentation of right-leaning entities exceeds what media salience, polling, or prior results would
predict, suggesting that algorithmic decisions actively amplify existing patterns (Norocel &
Lewandowski, 2023). Because visibility and user engagement reinforce one another (Ekstrom et al.,
2024), disentangling the origins of these patterns remains difficult, highlighting the need for
independent auditing.

Limitations include a query set that does not capture the full diversity of real-world search behavior, a
relatively small LLM sample, and rapidly evolving systems. Future longitudinal studies are needed,
including across additional political systems and languages, particularly given the wide variation in
LLM refusal rates by language observed here (Urman & Makhortykh, 2025).

However, regardless of the underlying mechanisms, algorithms used daily by millions of citizens seem
to systematically give greater visibility to certain parts of the political spectrum than others. Research
in political communication has consistently shown that visibility itself is a key determinant of political
awareness and perceived viability (Hopmann et al., 2010; Adams et al., 2024), underscoring the need
for greater transparency and independent oversight of these prominent platforms, as reflected in the
EU’s Digital Services Act, which mandates the assessment of systemic risks to democratic processes.
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Figure 1: Methodological scheme. (1) Bots collected data from search engines (Google, Bing,
DuckDuckGo, Yahoo) and LLMs (Copilot, ChatGPT), from different locations within the European Union
(Austria - AU, Germany - DE, Ireland - IR, Poland - PL, and Portugal - PT) or from different counties in
the United States of America. For LLMs, location was simulated by prompting the model in the most
spoken language of each country (EU only). (2) Political entities were extracted from URLs and
headlines for SEs, and from textual answers for LLMs. (3) Entities were mapped to ideological leanings
(EU) or partisan issue associations (US). (4) Observed leanings were compared with media salience,
polls, and prior electoral results.

SEASON 2026, September 15-17, 2026, Hamburg, Germany
DOI: https://doi.org/10.48441/4427.3718

© 2026 Copyright for this paper by its authors.
Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).



SEASON 2026, September 15-17, 2026, Hamburg, Germany
DOI: https://doi.org/10.48441/4427.3718

© 2026 Copyright for this paper by its authors.
BY Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).



EU Parliament Election US Presidential Election

A political Entities B political Entities C  Ppolitical Issues
® Rad. Right ‘m zRep ++
% No Main. Right m‘. ”éRED +
o Entities Greens ] Neutral
o )y H : ]
o Main. Left B [ Rer- e Dem +
ot G e vooen B RN o g e pemes
« E
2 -
[+ : :
e
o 7% w— ;«- P
U] :
Aéﬁ [ @
>3
[ala) LX) om0 eo 00>
& : K=
T - B
. - o
S :
>- CJ Cl e
E " - B
0% 25% 50% 75% 0% 25% 50% 0% 25% 50% 75%100%
D E F
3 | o =
o : :
2 b | .
3 L =2 g
b - - KX
S.?’ o0 D —
o 83% :
5 K - -_-“
| s —— - &

0% 25% 50% 75% 0% 25% 50% 0% 25% 50% 75%100%

Figure 2: Search engine and LLM results classified by political leaning. Dark gray bars show the
proportion of SE results or LLM answers containing relevant political mentions (political entities or
issues). Colored bars show the average distribution of those mentions across political leanings or issue
categories.
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Figure 3: Comparison with external factors. (A) Explanatory scheme of the differences displayed in
(B-G) Star = % in Algorithms -% Media; Circle = % in Algorithms - % Previous Results; Cross = %
Algorithms - % Polls; Triangle = % Algorithms - % Average issue importance. Positive values indicate
overrepresentation. (B-D) Google attention to EU and US political leanings vs. external benchmarks.
(E-G) ChatGPT attention to EU and US political leanings and issues vs. the same benchmarks.
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