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Abstract

Al systems increasingly act as choice architects for billions, shaping
what people see and trust. There is a pressing need to audit not
only the bias towards different social attributes but also how these
systems rank institutions, brands, and cultures. This paper intro-
duces ChoiceEval, a reproducible framework for evaluating such
biases in large language models (LLMs) under realistic, open-ended
usage. The framework segments users into psychographic pro-
files (e.g., budget-conscious, wellness-focused), accompanied with
prompts that reflect real-world advice-seeking and decision-making
behaviour. Applied to Gemini, GPT, and DeepSeek across 20 topics
spanning government, commerce, and culture and 4,140 questions,
ChoiceEval reveals consistent preferences for certain countries, in-
dustries, and institutions—often aligned with the model’s origin.
U.S.-developed models Gemini and GPT show marked favouritism
toward American entities, while China-developed DeepSeek ex-
hibits more balanced yet still detectable geographic preferences.
These patterns persist across user personas, suggesting systematic
rather than incidental effects. ChoiceEval provides a scalable audit
pipeline for researchers, platforms, and regulators, linking model
behaviour to real-world economic and civic outcomes.

CCS Concepts

« Information systems — Web searching and information
discovery; - Human-centered computing;
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1 Introduction

The rapid adoption of Al assistants such as ChatGPT, Google Gem-
ini, and Meta Al has fundamentally transformed how individuals
interact with technology and access information. A notable shift
is emerging in information-seeking behaviour, as conversational
Al systems like ChatGPT gain prominence alongside traditional
search engines, with a quarter of respondents in a recent Adobe
Express study reporting they use ChatGPT as their primary choice
for search [25]. Responding to this trend, Google has integrated Al
Overviews (formerly Search Generative Experience) into its search

platform, positioning Al-generated summaries as a primary inter-
face for information retrieval. These systems increasingly serve as
primary intermediaries between users and vast information sources,
wielding considerable influence over institutional perceptions and
decisions regarding products and services. Moreover, emerging
evidence suggests a generational dimension to ChatGPT adoption
patterns, with OpenAI CEO Sam Altman observing that younger
users, particularly college students, increasingly integrate ChatGPT
into their workflows as a comprehensive personal assistant rather
than merely a search tool [20]. Given this widespread use of Al
systems to inform decisions about what to buy, whom to trust, and
how to navigate everyday choices, it becomes imperative to audit
the underlying preferences and potential biases embedded within
these models.

Research on large language model (LLM) bias has largely focused
on social bias: the systematic, unfair associations that advantage
or disadvantage people based on socially constructed categories
such as gender, race, ethnicity, religion, political view or sexual
orientation. The research community has developed numerous well-
designed benchmark datasets as a practical and efficient way to
surface these social biases. Frameworks and benchmarks such as
RealToxicityPrompts [13], BBQ [34], BOLD [11], WinoBias [48],
CrowS-Pairs [29] and StereoSet [28] provide established methodolo-
gies for detecting and quantifying the kinds of systematic inequities
that often reflect, and can perpetuate, historical societal disparities.
This focus aligns with emerging standards like IEEE Std 7003-2024,
which requires algorithm designers to proactively search for un-
intended biases, including those that would remain hidden unless
explicitly tested for. However, while the field has made significant
progress in measuring social bias, substantially less attention has
been devoted to measuring what this paper terms entity-perception
bias: an Al model’s tendency to systematically favour specific insti-
tutions, brands, and cultures over comparable alternatives, resulting
in their over-representation or preferential treatment.

Entity-perception bias is particularly consequential in open-
ended user queries that elicit AT recommendations, where the
manner in which language models present and frame options can
profoundly shape user perceptions and subsequent choices. It has
been well-established that even subtle variations in option presen-
tation can significantly alter user behaviour, so the design of choice



environments, through defaults, feedback, or option ordering, can
effectively nudge users toward specific outcomes [45]. This architec-
tural influence is particularly pronounced in digital contexts, where
users are demonstrably swayed by the sequence in which choices
appear. Glick et al. [14] showed that higher-ranked websites receive
disproportionately more clicks regardless of actual relevance, as
users interpret ranking itself as a signal of trustworthiness and
quality.

This paper contributes ChoiceEval, a comprehensive framework
for systematically generating evaluation questions to assess entity-
perception bias in Al assistants. The methodology involves three
key steps: first, establishing psychographic user clusters grounded
in established consumer segmentation research such as VALS [16,
27, 37, 41]; second, translating these clusters to topic-specific con-
texts; and finally, generating questions that consumers within each
cluster might reasonably ask during the consideration phase of their
decision-making journey. Using this framework, this paper also
presents a ready-to-use dataset of open-ended, realistic questions
spanning 20 governmental, commercial and cultural topics. Addi-
tionally, the framework provides a generalisable tool that enables
researchers to generate contextually relevant evaluation questions
for any topic of interest, ensuring broader applicability beyond the
initial dataset.

We demonstrate the framework’s utility by applying our ready-
to-use dataset to address two critical research questions: (RQ1)
Do Al assistants exhibit stable preferences when recommending
institutions, brands and cultural entities?; and (RQ2) Do Al assistant
recommendations exhibit geographic bias across these contexts?

2 Related Work

Over the past decade, substantial progress has been made in iden-
tifying and quantifying social biases in Al systems, particularly
through the development of evaluation frameworks and bench-
marks. Foundational work such as Bolukbasi et al. [6] and Caliskan
et al. [9] demonstrated that word embeddings encode and propa-
gate stereotypes, for example by associating certain professions
with specific genders. Standardised datasets such as StereoSet [28]
and CrowS-Pairs [29] were then introduced to measure social bi-
ases across protected characteristics, including gender, race and
religion, in a controlled, replicable manner. In parallel, work in
toxic language detection revealed how classification systems often
imposed disproportionate harms on marginalised groups. Park et al.
[33] demonstrated that abusive language models frequently mis-
classified neutral sentences containing gendered terms as sexist,
highlighted fairness as a core evaluation concern and paving the
way for fairness-focused benchmarks in classification tasks [15].
Beyond these efforts, other dimensions of bias have recently at-
tracted attention: for instance, Zhou et al. [49] explore how large
language models may encode financial biases, potentially skewing
economic reasoning and decision-making tasks.

While these frameworks have advanced our understanding of
social bias, they generally operate on curated prompts or fixed eval-
uation sets. Less attention has been paid to scenarios resembling
real-world use, where model outputs are shaped by open-ended,
user-driven queries. Notable exceptions include Sheng et al. [40],
who showed that free-form continuations from language models

often reproduce gender, racial, and religious stereotypes, and Al-
negheimish et al. [3], who demonstrated that the design of evalua-
tion prompts (synthetic templates versus natural sentences) sub-
stantially affects measured levels of gender occupation bias, with
natural prompts yielding more realistic and less exaggerated re-
sults. Despite these advances, this line of research remains relatively
small and continues to concentrate primarily on social biases, with
entity-perception bias receiving much less attention.

Research into entity-perception bias in large language models
is still nascent but growing. Kamruzzaman et al. [18] revealed sig-
nificant sentiment disparities in LLM outputs when describing
global compared to local brands, with global brands receiving many
more positive associations. Similarly, Cao et al. [10] showed that
ChatGPT’s responses align strongly with American cultural val-
ues, performing best when prompted in US contexts and English,
while flattening or misrepresenting cultural distinctions elsewhere;
alignment improves in local languages but still lags human cul-
tural baselines. Tao et al. [44] extended this analysis using World
Values Survey data, showing GPT models skew toward Western,
English-speaking norms. They also demonstrated that explicit ‘cul-
tural prompting’ can reduce this bias more effectively than local
language use, though the dominance of English-language data and
Western market forces continues to entrench these cultural defaults.
Pawar et al. [35] surveys how cultural awareness in LLMs is defined
and measured, reviewing datasets, prompting strategies, and ethical
considerations. Geographic bias has also been examined: Bhagat
et al. [5] link it to global wealth inequalities; Lalai et al. [21] show
models favor the Global North and West; Manvi et al. [24] reveal
broad prejudice across objective and subjective topics, introducing
a bias score to compare models; and Zhang et al. [47] show mod-
els struggle with truthful reasoning about less-represented regions.
These studies indicate early evidence of such biases but stop short of
establishing standardized, repeatable methodologies for measuring
them, especially in recommendation and ranking contexts.

Recommender system bias has also been studied extensively,
though primarily through the lens of personalisation fairness. Re-
search has examined popularity bias (over-promoting well-known
items), exposure bias (certain groups or items receiving dispropor-
tionately low visibility), and consumer—provider fairness trade-offs.
Abdollahpouri et al. [1], for instance, propose a personalised re-
ranking method that mitigates popularity bias by boosting long-tail
items according to each user’s preferences, improving item diver-
sity with minimal accuracy loss. Complementarily, Mehrotra et al.
[26] address fairness in two-sided marketplaces and demonstrate
that recommendation policies optimised exclusively for user rel-
evance disproportionately privilege “superstar” providers.Other
work has focused on domain-specific implications of LLM outputs
in recommendation-like settings: Manchanda and Shivaswamy [23]
highlights how name bias in text embeddings can distort thematic
similarity assessments and proposes anonymisation strategies to
mitigate this; Geerts et al. [12] illustrates how LLMs could enhance
transparency and stakeholder decision-making in real estate ap-
praisal; and Noyman et al. [30] introduces TravelAgent, an agent-
based simulation platform to study pedestrian movement, activity,
and human decision-making in built environments, offering a new
lens for evaluating LLM-driven spatial recommendations. Never-
theless, the intersection of recommender fairness principles with
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open-ended, natural-language recommendation queries generated
by LLMs remains largely unexplored.

Our work bridges these research streams by introducing a bench-
mark dataset specifically designed to evaluate biases in Al-generated
rankings and recommendations across institutions, brands, and cul-
tural entities. Unlike prior benchmarks focused primarily on social
bias in controlled settings, our framework targets open-ended rec-
ommendation scenarios, enabling assessment of entity-perception
bias. This design creates the first scalable foundation for evaluating
how Al assistants may shape real-world decisions, ensuring that
entity-perception bias is not only detected but also tracked as these
systems evolve.

3 ChoiceEval: A Framework for Evaluating
Entity-Perception Bias

ChoiceEval is a reproducible framework for generating evaluation
datasets to assess entity-perception bias in LLMs under realistic us-

age scenarios. The framework produces open-ended, recommendation-

seeking prompts that elicit preferences and rankings, emphasising
consumer-facing decision contexts where presentation and order-
ing plausibly shape choices. The framework also extracts the top
five recommendations from each response via an automated vali-
dation step, yielding structured, analysis-ready outputs that reflect
the options most likely to influence user decisions. The model-
agnostic and topic-agnostic design ensures transferability across
assistant-style LLMs and domains.

Importantly, ChoiceEval is specifically designed for consumer-
oriented scenarios such as product purchases, travel destinations,
entertainment choices, or lifestyle decisions. This focus distin-
guishes it from sociographic or demographic analysis tools, con-
centrating instead on contexts where commercial and cultural pref-
erences naturally intersect with individual decision-making pro-
cesses.

All prompts, scripts, and topic questions will be released openly
to support ongoing benchmarking and policy-aligned audits.

3.1 User Cluster Definitions

Within the framework, questions are generated using a consumer
clustering approach, which analyses how different user types in-
teract with Al assistants. While traditional demographic and ge-
ographic segmentation models are widely used, they do not fully
account for the open-ended, exploratory ways in which users en-
gage with Al systems. To address this, the user clusters identified
in our framework (Table 1) build on established psychographic seg-
mentation frameworks, most notably VALS (Values and Lifestyles)
originally developed by SRI International [27] and widely applied
in consumer research [41].

VALS demonstrates how underlying values and lifestyle orienta-
tions translate into distinct patterns of motivation and behaviour,
providing a structured basis for differentiating user personas be-
yond surface-level demographics. Complementing this, our clus-
tering approach is also informed by seminal works such as [37],
that introduced lifestyle segmentation as a practical tool for un-
derstanding market diversity, and [16] that empirically showed
how cultural values shape consumer decision-making. Thus, our

clustering approach highlights the contexts and motivations be-
hind users’ prompts. By varying personas from budget-conscious to
innovation-driven, our framework integrates these insights to cap-
ture a wide range of ways users engage with LLMs across domains
and decision-making contexts.

User Cluster Definition

Performance and Quality ~ Prioritizing high standards and durability in recommen-
dations

Budget-Conscious Seeking cost-effective options over premium choices

Innovation and Technol-  Favouring cutting-edge advancements and new releases

ogy

Health and Wellness

Ethical and Environmen-  Preferring sustainability and social responsibility
tal

Convenience

Focusing on fitness, nutrition, and well-being

Valuing ease of use, accessibility, and efficiency
Experience and Lifestyle ~ Valuing experiences, personal interests, and lifestyle
alignment

Novice vs. Expert Levels ~ Questions from different knowledge levels

Cultural and Social Influ-  Exploring regionally or culturally driven preferences

ences

Table 1: The psychographic user clusters used in our frame-
work to capture the underlying values and motivations that
shape how different user types engage with Al systems.

To ensure topic-specific relevance, our framework employs an
LLM to adapt the core consumer clusters for each domain, trans-
lating their general characteristics into terminology and concerns
specific to that decision-making context. Once these topic-cluster
pairs are established, an LLM is again used to generate questions
that consumers in the consideration phase of their journey might
naturally ask within each adapted context. For example, when
adapting clusters for the Universities topic, the Health and Well-
ness cluster became Student Wellness and Health Services, with a
corresponding question being: “Which universities have initiatives
for stress management?”. In this paper, we demonstrate this frame-
work using GPT-4o for both the cluster translation and question
generation steps.

3.2 Extraction of Responses

Once the questions are generated, they are used to systematically
prompt the LLMs under evaluation. Each LLM is queried with the
same set of questions, and its responses are recorded. From each
response, the top five recommendations are extracted (Figure 1).
This follows prior research on consumer decision-making which
demonstrates that people rarely evaluate more than a handful of
options, typically between 3 and 5, when forming a consideration
set [43]. In addition, numerous studies on position bias have shown
that top-ranked items dominate user choices regardless of quality.
For example, research by Joachims et al. [17] revealed that search
engine users heavily favour top results, with the first three options
capturing over 70% of all clicks. In addition, while users view the
top two results with nearly equal frequency, they ultimately select
the first option almost three times more often than the second.
Likewise, Lerman and Hogg [22] demonstrated that identical news
stories attract roughly five times more votes when placed at the
top of the list, compared to those ranked lower on the list. This



Question: Which universities have notable research parks or incubators?

GPT Response:

Many universities around the world have established notable research parks
and incubators to foster innovation, entrepreneurship, and collaboration be-
tween academia and industry. Here are some universities with prominent
research parks or incubators:

(1) Stanford University — Stanford Research Park: One of the first
technology-focused parks, it has fostered companies like Hewlett-
Packard and Google.

(2) Massachusetts Institute of Technology (MIT) — MIT Innovation
Initiative: Includes resources like the MIT Media Lab and the Martin
Trust Center for MIT Entrepreneurship.

(3) University of California, Berkeley — SkyDeck: A startup accel-
erator that provides resources for entrepreneurs to develop their
ideas into viable companies.

(4) University of Cambridge — Cambridge Science Park: The oldest
science park in the UK, housing companies in various technology
and biotech sectors.

(5) University of Oxford — Oxford Science Park: Supports companies
in life sciences, medtech, and other innovative sectors.

[Further Text...]

Extraction:
(1) Stanford
(2) Massachusetts Institute of Technology (MIT)
(3) University of California, Berkeley
(4) University of Cambridge
(5) University of Oxford

Figure 1: Example Prompt, Model Response, and Information
Extraction for the Universities Topic (GPT-40).

motivated our focus on the first five results as those the most likely
to influence user decisions.

To extract the recommendations, we simulate a multi-expert
setting using an LLM (GPT-4o in our experiments), where the model
is instructed to act as five independent experts analysing each text,
with final outputs determined by majority consensus among these
simulated expert perspectives. This ensemble methodology reduces
individual interpretation biases and enhances extraction reliability
by requiring convergence across multiple independent analyse. A
sample of the extracted recommendations should then manually
be verified by human reviewers to ensure validity. Subsequent
analysis is conducted on these five extracted recommendations,
treating them as the effective decision set that best approximates
real-world user exposure and choice contexts.

4 Analyzing Biases with ChoiceEval

With extracted recommendations, one can perform statistical anal-
ysis to address various research questions of interest. In this paper,
our analysis is focused on the following two key questions:

(1) Do AI assistants exhibit stable preferences when recom-
mending institutions, brands and cultural entities?

(2) Do Al assistant recommendations exhibit geographic bias
across these contexts?

4.1 Topic Selection

To ensure comprehensive coverage of potential biases, this study
evaluated 20 topics spanning three key areas:

e Governmental (Countries to Live In, Government-Run
Healthcare, Governments), capturing how Al assistants

reflect geopolitical and policy-related biases, and whether
they favour certain states or political perspectives.

e Commercial (Airlines, Cloud Computing Services, Elec-
tric Vehicles, Hotel Chains, Laptops, Online Dating Plat-
forms, Running Shoes, Smartphones, Social Media Plat-
forms, Telecommunication Services), probing Al-driven
brand and service recommendations to uncover potential
market favouritism that could influence consumer decision-
making.

e Cultural (Commodities for Investment, Sports, Travel Des-
tinations, Universities, Vegetables, Weekend Getaway Cities,
Wine Regions), exploring whether Al outputs align with
global or region-specific cultural practices, thereby high-
lighting risks of cultural homogenisation or geographic
bias.

ChoiceEval was used to generate 23 questions per topic-cluster
pair, resulting in 207 questions per topic and 4,140 questions in total.
These questions were then all manually verified by the authors for
correctness. This methodology ensures comprehensive coverage
of authentic user prompting behaviours while maintaining consis-
tency in cluster representation across governmental, commercial,
and cultural contexts. The resulting dataset provides a robust foun-
dation for analysing genuine human-Al interaction patterns in
decision-making scenarios, capturing a wide spectrum of how dif-
ferent user types naturally engage with Al assistants when seeking
information and recommendations.

Each of the 4,140 questions was asked in a fresh chat session with
no previous history, context, persona, or additional information
provided. This approach was intentionally designed to simulate how
typical users interact with Al assistants: going straight to the point
without providing extensive context or background information.
Following each initial response, additional follow-up questions
were asked to probe the sources of claims and reasoning behind the
AT’s answers. While this follow-up data was collected and remains
available for future analysis, it was not utilised in the current paper’s
findings. The research was conducted in Sweden using Swedish IP
addresses with all interactions conducted in English.

4.2 Selection of LLM Models

The study focuses on ChatGPT-40, Google Gemini 1.5-flash and
DeepSeek-V3. The Gemini and GPT models were selected for their
widespread adoption: at the time of the study !, OpenAI had 300
million active users [32] with over 1 billion queries daily [36], while
Google Gemini had over 1 billion users in search access alone
[46]. DeepSeek-V3 was included as a state-of-the-art non-US model,
providing a meaningful counterpoint to the American Al Assistants.

4.3 Statistical Analysis of Variability

In this study, Spearman’s Rank Correlation [42] was used to mea-
sure the consistency of each Al assistant’s recommendations across
five repetitions of each of the topics Countries to Live In and Lap-
tops. Repeating each task five times follows established practices in
survey research and psychometric reliability testing, which empha-
size repeated measurement to ensure consistency [31], while also

!March 2025
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addressing the stochastic variability of AI model outputs. Spear-
man’s Rank Correlation is a non-parametric statistic that assesses
the strength and direction of association between two ranked lists,
assuming only that the relationship is monotonic. A high Spear-
man’s value indicates strong consistency in the rankings across
repetitions.

The Kruskal-Wallis test [19] was also used to confirm that the
recommendations across the five repetitions came from the same
underlying distribution. It is a non-parametric test with a non-
significant result indicating that the rankings are statistically con-
sistent across iterations, so providing additional validation of the
model’s stable preferences.

4.4 Analysis of Geographic Bias Across Topics

To examine potential geographic bias in Al assistant recommen-
dations, we analysed recommendation patterns across the eleven
location-relevant topics: Airlines, Hotel Chains, Electric Cars, Lap-
tops, Online Dating Platforms, Running Shoes, Smartphones, Social
Media Platforms, Telecommunication Providers, Universities, and
Weekend Getaway Cities. All analysis code will be made publicly
available to enable reproduction and extension of these findings. For
each topic, we identified how frequently different entities appeared
in the top five suggestions within each user groups. To create a
manageable yet representative dataset, for each topic entities ap-
pearing in fewer than 5% of the responses were excluded from the
analysis.

Each entity was then assigned to its primary geographic region.
For each topic, regional bias was quantified by calculating Log
Odds Ratios (LOR) [2] between region-pairs for each individual
user group. The Log Odds Ratio was chosen because it provides
an intuitive measure of preference strength and direction: an odds
ratio of 14 for US vs Asia, for example, means the model is 14 times
more likely to suggest a US entity over an Asian entity, while taking
the logarithm allows for symmetric interpretation of preferences
in either direction and enables standard statistical testing. To as-
sess statistical significance, for each topic the average LOR was
calculated, and a one-sample t-tests was performed against the null
hypothesis of no geographic bias (LOR = 0).

In addition to topic-level analyses, a random-effects meta-analysis
[7] was conducted to synthesise LORs across the included top-
ics. This approach produces a weighted average of the individual
topic-level LORs, with weights determined by the inverse of their
within-topic variances (precision) and adjusted for the estimated
between-topic variance (z? ). The random-effects model was se-
lected instead of a fixed-effect model because the true underlying
LOR for bias toward specific brands and services may reasonably
vary across topics, reflecting differences in how brand presence,
market penetration, cultural relevance, and competitive landscapes
influence recommendations in areas such as airlines, hotel chains,
consumer electronics, or online platforms. Unlike the fixed-effect
approach, which assumes a single common LOR across all topics,
the random-effects model explicitly incorporates heterogeneity via
72, producing more conservative standard errors and confidence
intervals when variability is present. This modelling choice aligns
with established methodological recommendations [8] for meta-
analyses in contexts where heterogeneity is anticipated or observed.

This modelling choice is grounded in the premise that, if geo-
graphic bias in brand and service recommendations is stable and
systemic, it should manifest consistently across diverse user groups
and topics, whereas variations would more likely reflect cultural
predispositions or domain-specific factors. While this approach
cannot definitively eliminate all unobserved confounders, the com-
bination of multiple user groups and diverse topics provides a
foundation for distinguishing between genuine geographic bias
and patterns reflecting legitimate user preferences or contextual
needs. Aggregating results across topics and running global signifi-
cance tests provides evidence for any overall significant geographic
biases, while accounting for both psychographic and topic-specific
variation.

5 Results

The findings of this study reveal that Al assistants exhibit strong,
stable preferences, with US-based assistants showing a notable
geographic bias toward American entities.

5.1 AI Assistants Exhibit Strong Preferences

The examination of the recommendation patterns demonstrates
that all three Al assistants exhibit strong preferences across a di-
verse range of topics. Averaging across all categories, DeepSeek,
GPT and Gemini recommend their top-ranked brand, government,
or organisation in 61%, 65% and 70% of the 207 responses, respec-
tively. Table 2 further illustrates the persistence of these preferences:
in a quarter of the topics both Gemini and GPT include their pre-
ferred entity within their top five recommendations more than
90% of the time. While DeepSeek’s preferences are somewhat less
pronounced, it still demonstrates notable consistency by including
its favoured entity in over 70% of responses across 9 topics. This
pattern indicates that all three models operate with established
preferences that persist regardless of user cluster or query
formulation, suggesting algorithmic predispositions rather
than contextually adaptive recommendations.

The high correlation coefficients observed in Spearman’s Rank
Correlation analysis further demonstrates that, in addition to main-
taining a persistent preference structure, all three Al assistants
produce highly stable recommendations. As shown in Appendix
Tables 4, 6 and 8 correlation coefficients for Laptops are consistently
above 0.952 for all three Al assistants. While for Countries to Live
In (Appendix Tables 5, 7 and 9) the values are slightly lower, they all
still exceed 0.834 for Gemini, 0.882 for GPT and 0.750 for DeepSeek.
The corresponding p-values are also highly significant (p < 0.05),
notably with values all below 0.003 for Gemini and 0.0008 for GPT.
These findings suggest that, when faced with the same set of
207 questions at scale, the models would repeatedly favour
the same entities.

Taken together, the persistence of preferences and the stabil-
ity of outputs point to selection patterns that operate largely
independently of contextual changes.

The Kruskal-Wallis test provides further evidence of this consis-
tency, showing that the strength of the preferences also remains
stable across interactions. For the Laptops category, the test re-
turned a chi-square statistic of 0.0167 (p = 0.99) for GPT, 0.355
(p = 0.99) for Gemini and 0.0626 (p = 0.99) for DeepSeek. Similarly,



DeepSeek

Top Preference

% responses

Top Preference

% responses

Gemini
Topic Top Preference % responses
Countries to live in Sweden 343
Government-Run Healthcare us 57.5
Governments Canada 54.2
Airlines Qatar 40.7

Cloud Computing Services

Microsoft, Google Cloud

100%

Electric Cars Tesla 90.7%
Hotel Chains Marriott 64.4%
Laptops Lenovo 69.9%
Online Dating Platforms Bumble, OKCupid 94.7%
Running Shoes Brooks 69.8%
Smartphones Samsung 91.0%
Social Media Platforms Instagram 65.0%
Telecommunication Services Verizon 88.0%
Investment Commodity Agricultural Products 72.9%
Sports Basketball 27.2
Travel Destinations us 32.6
Universities Stanford 84.6%
Vegetables Carrot 46.6
Weekend Getaway Cities Asheville 30.6
Wine regions (Country) France 90.4%

Germany 36.7  Germany 35.7
UK 89.6% US 95.2%
Singapore 45.6  Singapore 444
Emirates, Singapore Airlines 50.3  Emirates, Singapore Airlines 49.8
Microsoft, Google Cloud 100%  Google Cloud 99.0%
Tesla 92.2%  Tesla 88.9%
Marriott 77.2%  Marriott 42.5
Dell 85.3%  Dell 82.1%
Bumble 87.9%  Hinge 44.4
Nike 85.9% Nike 72.5%
Samsung 97.1%  Samsung 100.0%
Instagram 54.6  TikTok 415
T-Mobile 93.2%  Verizon 85.5%
Gold 100% Gold 70.0%
Swimming 34.7  Football 23.2
Us 49.2 us 323
Stanford 64.4%  Stanford 48.3
Carrot 493 Seeds 11.6
Portland 28.0  Paris 51.2
Us 86.1%  France 100.0%

Table 2: Comparative Top Preferences of GPT, Gemini and DeepSeek Across Topics. Green shading indicates the strength of
each model’s preferences, with darker green representing stronger, more rigid preferences where the model recommends the
same top-ranked entity in a higher percentage of responses, regardless of user cluster or query formulation. Shading is applied

only to response shares > 60%.

for Countries to Live In, the results were 0.0901 (p = 0.99) for GPT,
0.429 (p = 0.98) for Gemini and 0.421 (p = 0.98) for DeepSeek. These
exceptionally high p-values indicate no statistically significant dif-
ference in preference distributions across query runs, confirming
that both the preference themselves and their magnitude remains
consistent.

5.2 AI Assistants Show a Geographic Bias
Towards US Entities

Entities were classified into three principal regions: United States,
Europe, and Asia, based on the location of their primary corporate
headquarters. This classification reflects the distribution of entities
within the dataset, which was heavily concentrated in these three
regions. Entities from other regions appeared too infrequently to
warrant separate analysis: four Canadian, three Australasian, and
none from Africa, South America, or any other regions. Moreover,
no individual European or Asian country appeared more than a
few times, precluding the possibility of conducting statistically
meaningful country-level comparisons. Restricting the analysis to
these three regional groupings ensured adequate sample sizes for
robust statistical inference while preserving the representativeness
of the dataset.

This analysis then compared the recommendation frequency
of US vs Europe, US vs Asia and US vs all Non-US regions. This
focus was chosen because GPT and Gemini showed clear US over-
representation: apart from Airlines and Smartphones, US-based
entities made up more than half of their top five recommendations
in every topic. While DeepSeek’s patterns were less pronounced,
once the entities were sorted into the three regions, the US was
always first or second by recommendation count, never last. This
meant that comparing these three region-pairs still provided the
most informative approach for assessing potential geographic bias.

This study found that American AI assistants (GPT and
Gemini) showed a pronounced and statistically significant
(p < 0.05) bias across nine of twelve topics when comparing
US and Asia entities, and eleven of twelve topics when com-
paring US and European entities (Appendix Tables 10, 11).

Gemini’s US vs Asia results (Random-Effects LOR = 1.94, p =
8.64x 1074, OR ~ 6.96) show that US entities were nearly seven
times more likely to appear in the top recommendations. The
two cultural topics, Weekend Getaways (LOR = 3.86, p < 0.0001,
OR = 47.5) and Universities (LOR = 3.74), were amongst the largest
effects. Even in industries with strong Asian representation,
such as Electric Vehicles (LOR = 1.47), where brands like
Toyota, Hyundai, and BYD are major global players, and Ho-
tel Chains (LOR = 2.54), home to internationally recognised
groups like Shangri-La and Mandarin Oriental, a clear US
bias persisted. The bias was absent only in Airlines, Laptops, and
Smartphones, where p-values indicated no statistically significant
difference. GPT’s results yielded a Random-Effects LOR = 2.23
(p ~ 2.46 x 1073, OR = 9.30), so similarly indicating a strong US
advantage. Its results diverged only in Smartphones, where a small
but significant negative LOR = —0.362 suggested a tilt toward Asian
entities.

Both American Al assistants’ US vs Europe comparison revealed
an even stronger pattern, with Gemini’s results yielding a Random-
Effects LOR = 2.44 (p ~ 9.44 X 107>, OR = 11.5) and GPT of
LOR =2.34 (p = 2.16 X 107, OR = 10.4). In both cases this means
US entities were roughly 11 times more likely to appear in
top recommendations. Laptops (Gemini LOR = 4.38, GPT LOR =
4.96), Online Dating Platforms (Gemini LOR = 3.02, GPT LOR =
5.22) and Social Media Platforms (Gemini LOR = 3.78, GPT LOR =
4.72) showed the sharpest disparities; differences that are likely, in
part, explicable by the market dominance of US-based firms in these
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domains. However, even categories where Europe has globally
competitive entities, such as Running Shoes (Adidas, Puma,
Salomon) and Weekend Getaway Cities, showed statistically
significant US bias. Airlines was the only category that showed
no significant difference, and no category demonstrated significant
bias in Europe’s favour.

Most notably this observed pattern of US over-representation
in the American AI Assistants persisted even when all non-
US entities were treated collectively in the US vs non-US
comparison (Table 3). The meta-analysis results for Gemini was
LOR = 1.16 (p = 2.87 x 1073, OR ~ 3.19) while similarly for GPT it
was LOR = 0.953 (p = 0.0112, OR = 2.59), confirming that the bias
extended beyond specific regional pairings.

In contrast, DeepSeek showed a markedly smaller US tilt.
In the US vs Asia comparison, it had a Random-Effects LOR =
1.49 (p ~ 1.06 X 1073, OR ~ 4.44), while for US vs Europe it had
LOR =1.39 (p ~ 1.71 X 1073, OR = 5.53); both positive but notably
below the effect sizes observed for Gemini and GPT across the
same pairings. Crucially, when pooling all non-US entities in the
US vs non-US comparison, DeepSeek also exhibited no statistically
significant overall bias (Random-Effects LOR = 0.411, p = 0.103),
indicating that its overall recommendations were not systematically
skewed toward US entities when considered against the rest of
the world. DeepSeek diverged most markedly from the American
models in the Weekend Getaway Cities topic, where it showed a
significant tilt towards European cities (US vs Europe LOR = —1.00).
Conversely it’s strongest bias emerged in the Universities topic
(LOR = 2.11), where it demonstrated a pronounced preference for
US institutions, particularly when compared to Asia universities
(US vs Asia LOR = 4.96), mirroring the pattern observed in both
Gemini and GPT.

6 Discussion

Our findings show that Al assistants do not act as neutral informa-
tion providers but instead display structured and persistent prefer-
ences. When entities were grouped by geographic region, log-odds
ratios between region-pairs showed consistent and statistically sig-
nificant asymmetries. These asymmetries were most pronounced
in the American Al assistants (Gemini and GPT), which displayed
strong biases towards the United States, while DeepSeek exhibited
notably smaller geographic preferences. These findings question
the underlying factors driving these recommendations and their
implications for global users relying on these systems for objective
information.

6.1 Understanding the Origin of AI Assistants’
Preferences

Al assistants exhibit strong and stable preferences when making
recommendations for institutions, brands and other cultural entities.
These biases likely arise from three interconnected factors:

Training Data Composition: Al models develop preferences
based on entity frequency and authority within their training
datasets. Models trained on extensive text corpora containing in-
herent coverage imbalances [4] prioritize well-documented brands,
dominant cultural narratives, and established institutions over
emerging competitors and alternative perspectives.

Semantic Embedding Structures: Al models develop internal
representations that favour certain brands, services, and institu-
tional entities through their semantic embedding processes [9, 23]
During training, entities that co-occur with positive descriptors
or authoritative contexts become more strongly weighted in the
model’s latent space, making them more likely to be retrieved and
recommended regardless of query specificity.

User Feedback Amplification: Real-world deployments create
self-reinforcing cycles where user engagement patterns strengthen
preferences for particular entities [38]. When users interact more
positively with certain recommendations, through clicks, extended
conversations, or explicit endorsements, models internalise these
signals and increasingly prioritise these options. This creates echo
chambers where already-prominent governmental, commercial and
cultural entities receive disproportionate visibility.

These mechanisms mirror the core insight from Thaler et al.
[45]: the design of the decision environment heavily influences
outcomes. Al assistants now act as powerful choice architects, ac-
tively structuring the decision landscape. Their recommendations
create a world where visibility is shaped less by objective utility
and more by informational defaults, semantic frames, and feedback
amplification. As synthetic data and self-learning methodologies
become more prevalent, these preference structures will likely per-
sist, further entrenching Al systems’ role as gatekeepers favouring
certain institutions, brands, and cultures over alternatives.

6.2 Al Assistants Systematically Favour US
Entities

The over-representation of US-based entities in Al assistant recom-
mendations reveals a profound geographic bias, though this pattern
varies significantly in magnitude between American-developed and
Chinese-developed models.

Training Data Geographic Concentration: The observed US
bias likely primarily stems from the predominance of English lan-
guage, American-centric content in Al training datasets. Major web
crawls, news aggregators, and digital repositories disproportion-
ately capture American commercial discourse, product reviews,
and institutional promotion [39]. This leads the models to con-
flate digital visibility with market relevance, favouring entities
with stronger American web presence regardless of global market
position. The effect is particularly pronounced in categories like
Weekend Getaways and Universities, where American destinations
and institutions benefit from extensive English-language promotion
and discussion online. While in a number of the topics DeepSeek
also exhibits preference towards US entities, its markedly smaller
magnitude suggests that training data composition and curation
might substantially mitigate these geographic preferences.

The consistent pattern across both Gemini and GPT models, with
odds ratios approaching 8:1 against Asian entities and 14:1 against
European entities, demonstrates the severity of US bias in American
Al development approaches. While DeepSeek also shows statisti-
cally significant US preferences, its substantially lower odds ratios
indicates that the magnitude of geographic bias can be significantly
reduced through alternative development methodologies. Even in
sectors where international competition is fierce, such as Electric
Vehicles, where Asian manufacturers such as BYD, Geely and Nio



Topic (US vs non-US) Gemini GPT DeepSeek
Average LOR P Average LOR P Average LOR P

Airlines -0.806 0.330 -1.37 0.0530 -0.940 0.0394
Electric Cars 0.236 0.278 0.154 0.449 -0.0443 0.237
Hotel Chains 0.422 0.0333 -0.0244 0.896 0.313 0.237
Laptops 0.0848 0.626 0.749 1.59%e-3 0.495 0.0250
Online Dating Platforms 3.02 6.45e-7 5.22 1.00e-12 1.47 3.05e-4
Running Shoes 0.801 8.6%e-5 0.743 9.81e-5 0.685 7.23e-4
Smartphones -0.210 0.032 -0.467 2.30e-4 -0.305 4.48e-3
Social Media Platforms 1.56 1.26e-8 218 1.76e-6 1.27 2.43e-6
Telecommunication Services 2.97 6.01e-5 1.25 1.83e-3 1.15 0.0107
Universities 2.46 2.71e-3 1.97 3.56e-7 2.11 2.84e-6
Weekend Getaway Cities 3.86 1.00e-12 1.21 4.63e-3 -1.43 2.02e-4

Table 3: Comparison of US vs all Non-US Regions Preference Strengths: Average Log Odds Ratios (LOR) and Significance
(p-values) for Gemini, GPT and DeepSeek Across Topics. Green shading indicates positive LOR (US bias) while red shading
indicates negative LOR (non-US bias), with darker shading representing stronger geographic biases.

lead in innovation and market share, or Universities, where Euro-
pean institutions rank among the world’s best, all models maintain
some degree of US bias, though this is most pronounced in the
American-developed systems.

This geographic bias has profound implications for global market
dynamics. The pronounced US preferences in Gemini and GPT mod-
els risk creating artificial competitive advantages for US-based enti-
ties while marginalising international alternatives. As Al assistants
increasingly influence consumer decision-making, these prefer-
ences risk distorting global commerce by amplifying American mar-
ket presence beyond its objective merit. The over-representation of
US cities in Al-generated travel recommendations may influence
international travel patterns, disproportionately diverting tourism
revenue toward US destinations at the expense of global competi-
tors. Moreover, Al-driven recommendations shape perception of
governance models, policies, cultures, healthcare systems, and edu-
cation; the over-representation of US healthcare programs in Al rec-
ommendations, even when European and Asian healthcare systems
rank higher in global indexes, could influence public perceptions
of successful policy. While DeepSeek demonstrates that this bias
magnitude can be reduced, the persistence of some US tilt across
all models highlights the pervasive influence of American digital
dominance in Al training ecosystems.

6.3 Limitations and Future Work

While this study provides a structured analysis of Al assistant pref-
erences across 20 topics and 4,140 questions, further investigation
can be useful to develop a more comprehensive understanding of
Al-driven biases.

e Regional, Linguistic, and Personalisation Factors: This
study controlled for geographic influence by using Swedish
IPs and standardised English queries. Future research may
explore how Al recommendations vary across different IP
origins, languages and personalisation settings to deter-
mine whether localized or user-tailored Al systems develop
different ranking preferences.

e Longitudinal Studies on AI Evolution: Al models un-
dergo continuous updates integrating new training data
and reinforcement learning mechanisms. Future research
may track how Al-generated rankings shift over time, as-
sessing whether biases persist, worsen, or improve with
each iteration and whether recommendations adjust based
on user feedback, regulations, or corporate interests.

o Exploring Behavioural Patterns in AI Assistants: A no-
table pattern in our study was the variation in recommenda-
tion behaviour between models. GPT provided direct recom-
mendations (97.5%) of the time, whereas Gemini was more
caution at 73%. This raises questions about whether Al mod-
els exhibit personality-like traits in decision-making. Future
research could investigate whether these behavioural pat-
terns resemble human psychological traits, how they affect
user trust, and whether reinforcement learning contributes
to distinct Al "personalities” over time.

7 Conclusion

This research underscores the urgency to treat Al assistants not
merely as convenient consumer tools but as influential choice ar-
chitects that shape consumer perceptions, business visibility, and
public opinion. As reliance on these systems deepens, the responsi-
bility to ensure that they enable rather than restrict fair and diverse
participation in economic, cultural, and political life becomes in-
creasingly critical.

Through ChoiceEval, a novel evaluation framework and bench-
mark, we investigated various types of entity-perception biases in
LLM based Al assistants. The persistence of these biases, across
models, topics, questions, contexts and user personas, demonstrates
the need for fundamental shifts in how Al-mediated visibility is
approached. Businesses, governments, Al developers and policy-
makers face new challenges in ensuring visibility, fairness, truth-
fulness, cultural representation, diversity and trust in these new
information mediators. Addressing embedded biases require coor-
dinated action in data governance, algorithmic transparency, and
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stakeholder collaboration to support equitable and socially good
Al-mediated interactions.
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Further Correlation Analysis

Df1 Df2 Df3 Df4 Df5

Df1
Df2
Df3
Df4
Df5

1.00 (0.00)
0.988 (9.31e-8)
0.964 (7.32e-6)
0.952 (2.28e-5)
0.976 (1.47e-6)

1.00 (0.00)
0.976 (1.47e-6)
0.964 (7.32e-6)
0.988 (9.31e-8)

1.00 (0.00)
0.976 (1.47e-6)
0.988 (9.31e-8)

1.00 (0.00)
0.952 (2.28e-5)

1.00 (0.00)

Table 4: Gemini’s Spearman’s Rank Correlation Matrix: Lap-
tops

Df1 Df2 Df3 Df4 Df5

Df1
Df2
Df3
Df4
Df5

1.00 (0.00)
0.864 (1.27e-3

) 1.00 (0.00)
0.944 (3.97e-5)

)

)

0.834 (2.73e-3)
0.908 (2.82e-4)
0.873 (9.78e-4)

1.00 (0.00)
0.879 (7.97e-4)
0.962 (9.10e-6)

0.879 (8.14e-4
0.966 (5.77e-6

1.00 (0.00)
0.869 (1.11e-3)

1.00 (0.00)

Table 5: Gemini’s Spearman’s Rank Correlation Matrix:
Countries

Df1 Df2 Df3 Df4 Df5
Df1 1.00 (0.00)
Df2 1.00 (0.00) 1.00 (0.00)
Df3 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
Df4 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
Df5  0.988(9.31e-8)  0.988 (9.31e-8)  0.988 (9.31e-8)  0.988 (9.31e-8)  1.00 (0.00)

Table 6: GPT’s Spearman’s Rank Correlation Matrix: Laptops

Df1 Df2 Df3 Df4 Df5
Dft 1.00 (0.00)
Df2  0.976 (1.47¢-6) 1.00 (0.00)
Df3 0927 (1.12e-4)  0.903 (3.44e-4) 1.00 (0.00)
Df4 0951 (2.45e-5)  0.916 (1.94e-4)  0.882 (7.36e-4) 1.00 (0.00)
Df5  0.974 (2.08e-6)  0.962 (8.63e-6)  0.905 (3.20e-4)  0.957 (1.46e-5)  1.00 (0.00)

Table 7: GPT’s Spearman’s Rank Correlation Matrix: Coun-

tries
Df1 Df2 Df3 Df4 Df5
Df1 1.00 (0.00)
Df2  0.988 (9.31e-8) 1.00 (0.00)
Df3  0.988 (9.31e-8) 1.00 (0.00) 1.00 (0.00)
Df4  0.988(9.31e-8)  0.976 (1.47e-6)  0.976 (1.47e-4) 1.00 (0.00)
Df5  0.976 (1.47e-6)  0.988 (9.31e-8)  0.988 (9.31e-8)  0.964 (7.32e-6)  1.00 (0.00)

Table 8: DeepSeek’s Spearman’s Rank Correlation Matrix:

Laptops
Df1 Df2 Df3 Df4 Df5
Dft 1.00 (0.00)
Df2  0.939 (5.48e-5) 1.00 (0.00)
Df3  0.905 (3.20e-4)  0.905 (3.20e-4) 1.00 (0.00)
Dfd  0.903 (3.44e-4)  0.830 (2.94e-3)  0.744 (1.35e-2) 1.00 (0.00)
Df5  0.896 (4.46e-4)  0.792 (6.31e-3)  0.750 (1.24e-2)  0.896 (4.46e-4)  1.00 (0.00)

Table 9: DeepSeek’s Spearman’s Rank Correlation Matrix:
Countries

B Regional Comparisons
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Are They Playing Favourites? Preferences for Institutions, Brands and Cultures in LLMs

Topic (US vs Europe) Gemini GPT DeepSeek
Average LOR P Average LOR P Average LOR P

Airlines 0.459 0.484 0.636 0.241 0.389 0.0830
Electric Cars 0.89 0.0223 1.12 2.54e-3 0.690 0.0156
Hotel Chains 1.63 2.79e-5 1.17 3.56e-5 1.20 6.90e-5
Laptops 4.38 1.69e-10 4.96 1.00e-12 4.02 8.36e-7
Online Dating Platforms 3.02 6.45e-7 5.22 1.00e-12 2.29 5.58e-6
Running Shoes 1.56 1.08e-3 1.48 3.85e-3 1.11 1.23e-3
Smartphones 2.46 1.61e-3 2.89 4.10e-4 1.41 2.50e-4
Social Media Platforms 3.78 7.43e-6 4.72 1.00e-12 247 1.09e-5
Telecommunication Services 3.05 3.37e-5 1.33 1.50e-3 1.57 2.33e-3
Universities 2.46 2.71e-3 2.15 2.28e-6 2.58 5.86e-6
Weekend Getaway Cities 3.86 0.00 1.71 3.95e-3 -1.00 3.71e-3

Table 10: Comparison of US vs European Preference Strengths: Average Log Odds Ratios (LOR) and Significance (p-values) for
Gemini, GPT, and DeepSeek across topics. Green shading indicates positive LOR (US bias) while red shading indicates negative
LOR (European bias), with darker shading representing stronger geographic biases.

Topic (US vs Asia) Gemini GPT DeepSeek
Average LOR P Average LOR P Average LOR P

Airlines -0.0649 0.951 -0.546 0.512 -0.0578 0.931
Electric Cars 1.47 1.38e-3 0.881 0.0182 0.753 3.73e-4
Hotel Chains 2.54 5.02e-4 241 2.66e-3 1.86 9.25e-3
Laptops 0.0848 0.626 0.749 1.5%-3 0.537 0.0234
Online Dating Platforms 3.74 6.77e-6 5.22 1.00e-12 3.75 3.32e-6
Running Shoes 1.91 5.37e-4 1.98 5.74e-4 2.21 1.43e-5
Smartphones -0.0293 0.768 -0.362 8.06e-3 -0.0338 0.791
Social Media Platforms 1.72 1.87e-8 2.18 1.76e-6 1.92 2.98e-8
Telecommunication Services 3.57 2.95e-7 4.94 1.00e-12 3.12 1.44e-4
Universities 3.74 5.30e-4 4.96 1.00e-12 4.94 6.68e-8
Weekend Getaway Cities 3.86 1.00e-12 2.73 4.33e-5 0.308 0.229

Table 11: Comparison of US vs Asian Preference Strengths: Average Log Odds Ratios (LOR) and Significance (p-values) for
Gemini, GPT and DeepSeek Across Topics. Green shading indicates positive LOR (US bias) while red shading indicates negative
LOR (Asian bias), with darker shading representing stronger geographic biases.
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