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Abstract

Existing approaches to bias evaluation in large
language models (LLMs) trade ecological va-
lidity for statistical control, relying either on
artificial prompts that poorly reflect real-world
use or on naturalistic tasks that lack scale and
rigor. We introduce a scalable bias-auditing
framework that uses named entities as con-
trolled probes to measure systematic disparities
in model behavior. Synthetic data enables us
to construct diverse, controlled inputs, and we
show that it reliably reproduces bias patterns
observed in natural text, supporting its use for
large-scale analysis. Using this framework, we
conduct the largest bias audit to date, compris-
ing 1.9 billion data points across multiple entity
types, tasks, languages, models, and prompting
strategies. We find consistent patterns: models
penalize right-wing politicians and favor left-
wing politicians, prefer Western and wealthier
countries over the Global South, favor Western
companies, and penalize firms in the defense
and pharmaceutical sectors. While instruction
tuning reduces bias, increasing model scale am-
plifies it, and prompting in Chinese or Russian
does not mitigate Western-aligned preferences.
These findings highlight the need for systematic
bias auditing before deploying LLMs in high-
stakes applications. Our framework is extensi-
ble to other domains and tasks, and we make it
publicly available to support future work.'

1 Introduction

LLMs are now integral to decision-making tools
across diverse sectors (Li et al., 2024). While
their predictive capabilities enable rapid deploy-
ment with minimal domain expertise (Qin et al.,
2024), internalized biases that manifest in varying
downstream tasks (Haque et al., 2025; Xu et al.,
2025) can compromise their reliability. Addressing
these fairness issues is critical for high-stakes do-

1https://github.com/akramelbouanani/
entity-bias-framework

Figure 1: Entity-level audit results aggregated across
tasks, languages, models, and prompts. The metric mea-
sures how predictions change when only the entity name
is swapped: 1 indicates a shift toward positive labels
and —1 toward negative labels. Since each sentence
already contains the information needed to determine
the label, any shift reflects bias from the entity name.
These scores describe model tendencies, not properties
of the entities. Aggregation is shown for readability;
detailed results (§ 4) are the main evidence.

mains such as politics (Motoki et al., 2024), geopol-
itics (Rivera et al., 2024; Sanchez et al., 2025), and
economics (Ash et al., 2025).

However, quantifying bias in realistic environ-
ments remains an open and evolving challenge.
Indeed, prior work shows that “bias” in NLP is
not a single, fixed property, but depends on so-
cial context, power dynamics, and measurement
choices (Blodgett et al., 2020). At the same time,
large-scale text corpora can encode and amplify ex-
isting social and representational patterns (Bender
et al., 2021), making bias both context-dependent
and difficult to measure reliably. In practice,
auditing methods prioritize experimental control
over ecological validity. Political compasses and
template-based benchmarks (Nangia et al., 2020)
force models into artificial, constrained interaction
formats that do not reflect practical LLM use (Hart-
mann et al., 2023). As a result, bias is often treated
as a stable property, overlooking its contextual de-
pendence. As such, these evaluations may cap-
ture surface-level preferences rather than behav-
ior that meaningfully impacts downstream applica-
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tions, limiting their external validity (Rottger et al.,

2024). At the same time, auditing bias in real-world

data is challenging because it is difficult to system-

atically control relevant variables, making it hard
to separate bias from factors such as topic, syn-

tax, or narrative context (Elbouanani et al., 2025).

This trade-off between control and realism under-

scores the need for audit methods that maintain

task fidelity while still enabling the isolation of

bias (Ribeiro et al., 2020).

We propose a flexible, entity-based framework
for bias analysis to reconcile statistical rigor with
ecological validity. Following (Blodgett et al.,
2020), we operationalize entity bias as the change
in model predictions induced solely by substituting
the entity in an otherwise identical input, where the
provided text already determines the correct label.
In this setting, the predicted label should remain
invariant to the entity; any deviation therefore re-
flects reliance on the entity name rather than the
evidence in the text. By systematically varying
entities within consistent task contexts, we enable
generalizable bias measurements across domains
and LLM configurations.

We rely on synthetic data generation to scale the
analysis while maintaining control. It allows us to
formalize LLLM applications as well-defined tasks
and to generate sentences across diverse topics and
syntactic forms, controlling for confounding fac-
tors such as topic and phrasing. Crucially, tem-
plates are constructed to contain sufficient evidence
for the correct label while avoiding entity-specific
details. This ensures that substituting entities does
not introduce counterfactual or inconsistent content,
allowing us to isolate the effect of entity identity.
We validate this setup by comparing bias measure-
ments from synthetic and real-world data, finding
a strong correlation. We then conduct a large-scale
audit with approximately 1.9 billion data points,
spanning three entity types, twelve tasks, three lan-
guages, sixteen models, and four prompting vari-
ants. This enables a systematic analysis of bias
beyond anecdotal observations. We address three
research questions:

* RQ1: Can synthetic data serve as a valid proxy
for auditing bias in realistic downstream tasks?
We examine the correlation of structural bias sig-
nals detected in the synthetic and natural data.

* RQ2: How does bias manifest across different
domains and tasks? Using a large-scale dataset,
we investigate the variation of bias across appli-
cations and contexts.

* RQ3: How stable are these disparities across
languages, model architectures, and prompting
variations? We quantify the robustness and gen-
erality of bias patterns at scale.

Figure 1 provides an illustrative snapshot of our
audit, visualizing aggregated entity priors for coun-
tries under standardized, evidence-light templates.
The map is a descriptive summary that highlights a
salient pattern: country identity alone can system-
atically modulate model predictions in otherwise
comparable inputs. These tendencies motivate us
to test whether such variations are robust across set-
tings and to examine why auditing is critical before
deploying LLMs.

2 Related Work

Bias evaluation in NLP has traditionally relied on
fixed benchmarks designed to test specific social
stereotypes. Datasets such as CrowS-Pairs (Nan-
gia et al., 2020), StereoSet (Nadeem et al., 2021),
BOLD (Dhamala et al., 2021), HolisticBias (Smith
et al., 2022), and BBQ (Parrish et al., 2022) use
paired sentences or question-answering templates
to detect performance disparities in sensitive con-
texts (Sheng et al., 2021, 2019; Naous et al., 2024).
While these benchmarks were instrumental in high-
lighting the existence of bias, their reliance on rigid,
predefined templates limits their ability to capture
the complexity of bias in varied contexts. Further-
more, critics suggest that template-based methods
can suffer from poor construct validity and may
not predict model behavior in real-world scenar-
ios (Blodgett, 2021; Seshadri et al., 2022).

Other studies use psychometric-style evalua-
tions, such as questionnaires or political compass
tests, to map LLMs onto ideological spectra (Hart-
mann et al., 2023; Motoki et al., 2024; Pellert et al.,
2024). While they provide high-level insights into
model alignment, they have a reduced practical
utility (Rottger et al., 2024). A model’s response
to a political survey does not necessarily predict
how it will summarize news articles or assess finan-
cial risks related to companies (Siihr et al., 2025;
Dominguez-Olmedo et al., 2024). This gap un-
derscores the need for evaluation frameworks that
directly measure bias in downstream tasks that use
LLM:s.

Entity-centric analysis offers a pathway to such
task-specific evaluation. Prior work has observed
that replacing entity names in a prompt can drasti-
cally alter model outputs (Buyl et al., 2024; Sali-
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nas et al., 2024). For instance, toxicity detection
systems (Gehman et al., 2020) and sentiment clas-
sifiers are sensitive to specific names or geopo-
litical entities (Ungless et al., 2023; Chen et al.,
2024). However, these studies have been con-
strained by data availability and have focused on
single domains or small entity sets. Large-scale,
statistically robust studies have been infeasible due
to the lack of extensive, annotated counterfactual
datasets (Rottger et al., 2024; Selvam et al., 2023).

To address data scarcity, prior work has turned
to synthetic data generation. Recent studies use
synthetic text to analyze social stereotyping and
political framing (Van Dorpe et al., 2023; Chan
et al., 2024). However, because such texts lack
the semantic richness of human language, they
may yield oversimplified or unrepresentative find-
ings (Veselovsky et al., 2023; Li et al., 2023; Judi-
janto, 2025), raising concerns about their validity.
We distinguish our work by validating the fidelity
of synthetic bias measurements against real-world
benchmarks.

3 Methodology

We introduce a framework for auditing large lan-
guage models based on a simple robustness princi-
ple: a model’s prediction for a given piece of text
should stay the same when the entity mentioned
in that text changes (Elbouanani et al., 2025). We
consider sentences constructed to contain sufficient
evidence to determine the correct label indepen-
dently of the entity. In this setting, predictions
should remain invariant to the entity name.

Bias is standardly defined as a disproportion-
ate weight in favor of or against an idea or thing,
usually in a way that is inaccurate, closed-minded,
prejudicial, or unfair. Building on this, we define
entity bias as systematic deviations from this invari-
ance, where model predictions change solely due
to the identity of the entity.

We view such behavior as a form of “prior-driven
hallucination,” where the model relies on learned
associations instead of the information explicitly
provided in the prompt. This is not just a theo-
retical issue, it represents a practical failure that
can lead to unreliable or misleading outputs in real-
world applications. For this reason, our bias scores
should be understood as indicators of a model’s
representational tendencies, rather than as state-
ments about the entities themselves (Bender et al.,
2021).

To evaluate this at scale, we test models on large
sets of entities using synthetic data designed to
mimic realistic downstream tasks. In the following,
we describe the bias metrics, the components of
our framework, and how we validate the synthetic
data against real-world benchmarks.

3.1 Bias Measurement

Let & be a set of entities e;, ST be a set of sentence
templates s]T describing a task 7" from a set of tasks
T relevant for £, and £T be a set of labels l{ asso-
ciated with ST templates. We compute bias as the
systematic deviation in LL.M predictions induced
by a target entity e; relative to a population base-
line in an experimental configuration comprising
the task 7', the LLM 0, the language X, and the
prompt P. To facilitate aggregation across distinct
tasks, we align all label sets within a unified seman-
tic polarity space by mapping each label lg to a
scalar weight w;r. In this framework, positive val-
ues consistently denote desirable outcomes, such as
high credibility and quality, or the absence of nega-
tive attributes like risk and legal violations. For a
given entity-template pair, the raw score s(e;, SJT)
is the expectation of the label weights under the
model’s posterior distribution Fjp:

Z wyr - Py(y =1F \s?,

Fecm

ei) (1)

s(ei,s))

To isolate entity-specific effects from the intrin-
sic context labeling, we normalize s(e;, s ]T) using
the statistics of £. Let fsT and o, T denote the
mean and standard dev1at10n of scores for context

s? across all e; € £. The normalized bias score is:

S(eiv Sf) - lu’s]T

o.T7
55

S(ei,s) ) = )

The bias score A(e;, T') for entity e; in task T,
totaling |S”'| templates, aggregates scores for indi-
vidual entity-context pairs from Eq. 2:

Z eis;) ()

TEST

Ale;, T

A(e;,T) > 0 indicates that e; elicits higher-
weighted predictions than the population average,
regardless of variations in the context within task
T, and is thus positively biased. Using the unified
semantic polarity space, we average the task scores
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Dataset Domain Entity Task

All All Target-based Sentiment
Leadership
Political Politicians Policy Intent
E Misconduct
E- Synthetic B . Humanitarian Resilience
£ Geopolitical Countries Intl. Law Breach
§ Diplomatic Credibility
Financial Risk
Economic Companies Regulatory Violation
Product / Service Quality
= | MAD-TSC Political Politiclians Target-based Sent?ment
g E Parties Target-based Sentiment
é .En P-Stance Political Politicians Stance Detection
"E E FinEntity Economic Companies Target-based Sentiment
& 2 LIAR Media News Sources Fake News Detection

Table 1: Experimental Setting Overview. The top sec-
tion summarizes the synthetic data for the main pipeline
(§ 3.2). The bottom section lists real-world benchmarks
used to assess synthetic-to-real alignment (§ 3.3).

(Eq. 3) to compute a global bias score of entity e;:

Ales) ITI > Ale,, T “

TeT

The biases defined in Eq. 2, 3, 4 enable a flexible
analysis. Importantly, we can group entities seman-
tically to highlight biases across the tested domains.
For instance, countries can be analyzed by GDP
or regionally, and companies by economic sector.
We can equally aggregate them to audit structural
behaviors across LLM families, languages, and
prompt configurations.

3.2 Bias Auditing Framework

Entity Sets per Domain. We examine three so-
cially important domains to demonstrate the frame-
work’s genericity: politics, geopolitics, and eco-
nomics. As summarized in Table 1, politicians,
countries, and companies represent these domains.
We adapt the entity set creation strategy to obtain
representative lists. When a selection is needed,
as is the case for politicians and companies, we
employ a hierarchical sampling strategy to balance
£ and control for potential confounders. We extract
the prominent politicians from CC-News (Macken-
zie et al., 2020) based on citation frequency us-
ing entity detection (Akbik et al., 2019) and link-
ing (De Cao et al., 2022). We use Wikidata (Pel-
lissier Tanon et al., 2016) and ParlGov (Doring
and Manow, 2012) to categorize entities along a
standard ideological spectrum ranging from far-left
to far-right. The result is a set of 984 politicians
spanning the political spectrum. For countries, we

include states and territories, along with their Wiki-
data metadata. We generate a balanced list of 1,200
companies across 10 industries, diversified by re-
gion and ownership with GPT-5.1. We create a
detailed prompt to prevent hallucinations of com-
pany names and categorization. To validate the
approach, we manually checked a subset of 200
companies and found no errors. We provide details
on entity set creation in Appendix C.

Downstream Tasks. We audit bias across dif-
ferent downstream tasks 7 for each entity type,
making the analysis more comprehensive and ro-
bust. For each domain, we prompt GPT-5.1 to
generate a preliminary list of tasks likely to be used
in real-world applications. We then select four
tasks for each domain, as summarized in Table 1.
Target-based sentiment classification appeared in
all preliminary lists, and we retained it to support
direct comparison across domains. The other tasks
are specific, such as Financial Risk Assessment
for companies and International Law Breach for
countries, and enable a tailored domain analysis to
assess whether observed biases are attributable to
particular entities or arise from task-specific fram-
ing. We selected companies and financial tasks be-
cause finance is a highly consequential application
domain for LLMs. These models are increasingly
applied for market prediction, risk scoring, and
earnings analysis. Entity-level priors can directly
influence economic decisions when such systems
are deployed, making the evaluation of systematic
regional or sector disparities critical. We detail the
tasks in Appendix A.

Textual Templates. For each task T', we gener-
ate ST templates by prompting GPT-5.1. We de-
sign templates to be evidence-light with respect to
entity-specific facts while remaining semantically
determinate for the target label. This means the
sentence structure alone implies the label, making
the entity’s identity irrelevant to the ground truth.
For example, in the Credibility task, the template
"Although X circulated an ambitious policy road-
map, its funding claims collapsed when partners
requested verification" explicitly requires a "Not
Credible" label regardless of whether X is Swe-
den or Algeria. Similarly, "Financial disclosures
revealed that X maintained undisclosed business
ties" requires a "Contflict of Interest" label in the
Ethical Misconduct task regardless of the entity in
the sentence. A template includes a placeholder
for entities in £ and the rest of the sentence. All

33826



prompts were translated and manually verified by
native speakers. Translations maintain specific po-
litical references, explicitly translating terms like
"Democrats" to the local language equivalent of the
US Democratic Party, ensuring stable cross-lingual
evaluation. We guide the generation process to ob-
tain diversified, generic, and complex sentence tem-
plates balanced across the label spaces presented in
Table 1. Domain diversity is achieved by first gen-
erating a list of domain- and task-related keywords
that cover different aspects of the task. We favor
label diversity by generating the same number of
templates for each {” in the task’s label space. We
combine keywords with different syntactic func-
tions to generate sentence templates. We impose
genericity by requiring the keyword combinations
and the associated generated sentences to be ap-
plicable to any entity in £ and to enforce cultural
neutrality. We induce complexity by requiring the
generation of templates using a journalistic style.
We generate ~1,000 templates per task to enable
statistically meaningful analyses at all levels of
granularity. We detail the template generation pro-
cedure in Appendix B.

Models and Languages. We evaluate a compre-
hensive suite of LLMs varied along critical axes:
architecture family (LLaMA, Qwen, Aya, and Mis-
tral), geopolitical origin (USA, China, Canada,
France), model version (Qwen2.5, Qwen3, LlaMa-
3, LlaMa-3.3), parameter scale (ranging from 7B
to over 70B), and training paradigm (Base versus
Instructed). This stratification enables us to dissoci-
ate the specific contributions of scale, version, and
fine-tuning to the observed biases. We provide the
complete list of models and their technical spec-
ifications in Appendix H. We audit biases in En-
glish, Russian, and Chinese, three major languages
from different linguistic families that span different
geopolitical alignments. We create templates and
entity names in English, translate them with DeepL,
and then verify them by native speakers.

Inference Prompts. Prompt sensitivity is a
known problem in bias analysis. We address it
by using four prompt formulations that vary the
supervision level (zero-shot and few-shot) and the
label format for each entity-template pair. We de-
tail prompts in Appendix A.

3.3 Synthetic vs. Real Dataset Alignment

The validity of our approach hinges on the similar-
ity between the results obtained with synthetic and

real templates. We test this validity using diverse
tasks that span distinct objectives (target-based
sentiment classification for MAD-TSC (Dufraisse
et al., 2023) and FinEntity (Tang et al., 2023),
stance detection for P-Stance (Li et al., 2021), and
fake news detection for LIAR (Wang, 2017)), and
target different entity categories, such as politicians,
media outlets, and professions. This comparison
assesses whether the synthetic proxy remains ro-
bust across varying levels of task complexity and
domain specificity. For each benchmark, we mask
the target entity with a placeholder and, if any,
remove confounding variables (e.g., gender, geog-
raphy, specific policies) by rewriting the sentence
with GPT-5.1. Next, we generate an associated
synthetic corpus using the framework described in
§ 3.2. We then compute the A(e;, T') scores for all
entities using the natural and synthetic corpora. Fi-
nally, we calculate the Pearson correlation between
the real and synthetic bias scores for set £.

4 Results

The evaluation relies on 1.9 billion data points ob-
tained by deploying the auditing framework § 3 for
16 models, 3 languages, and 4 prompting strate-
gies. To our knowledge, this dataset is orders of
magnitude larger than those previously used in bias
analysis. It enables robust, granular bias analysis
reported in three steps corresponding to RQ1, RQ2,
and RQ3. First, we compare the synthetic data
proxy and real benchmarks (§4.1). We then ana-
lyze the bias distribution across politicians, compa-
nies, and countries (§4.2). Finally, we examine key
factors shaping biases, including model language,
architecture, and prompting (§4.3). For each claim,
we report the statistical significance (p-value) us-
ing (Mann and Whitney, 1947) and (Wilcoxon,
1945) for non-matched and matched samples, and
Cohen’s effect size (d) (Cohen, 2013). We detail
the statistical framework in Appendix F.

4.1 Validation of Synthetic Proxy

To justify the use of synthetic templates, we mea-
sure the Pearson correlation between entity biases
observed with real and synthetic templates for five
entity types (Subsection 3.3). The validation com-
pares synthetic measurements against four real
datasets varying in style, domain, and label topol-
ogy: MAD-TSC (500 samples of journalistic text),
P-Stance (593 social media tweets), FinEntity (383
financial domain samples), and LIAR (1,200 fact-
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@ Sz 5

§ &5 Sg g §

g 95 R</F 5

§ 3§ 3 & § 3
Model ~ S8 = Iy & ~
LLAMA English 0.93 0.95 0.90 094 0.88
-3.70B Russian 0.97 0.97 0.93 0.95 0.89

Chinese 0.98 0.98 0.93 0.95 0.97
LLAMA English 0.94 0.92 0.86 0.80 0.74
3.70B.1 Russian  0.95 092 093 0.86 0.82

Chinese  0.89 089 0.89 090 0.92

Table 2: Pearson correlation between entity bias scores
(Eq. 3) obtained with real and synthetic data.

Most Positive Most Negative
., Jacinda Ardern (+0.55)  Donald Trump (-0.87)
& Alexei Navalny (+0.50) ~ Silvio Berlusconi (-0.63)
:f_.:) Joe Biden (+0.37) Marine Le Pen (-0.52)
E Caroline Lucas (+0.32)  Vladimir Zhirinovsky (-0.45)
Jeremy Corbyn (+0.31)  Viktor Yanukovych (-0.45)
" Sweden (+0.62) North Korea (-1.26)
.g Denmark (+0.60) Gaza Strip (-1.01)
S Norway (+0.58) Syria (-0.91)
8 Switzerland (+0.58) Russia (-0.54)
Finland (+0.56) Venezuela (-0.53)
» Google (+0.82) PDVSA (-0.59)
% Microsoft (+0.69) Zimbabwe Defence Ind. (-0.54)
% Coca-Cola (+0.64) Natl. Railways of Zimbabwe (-0.38)
8 LVMH (+0.64) Military Industry Corp. (-0.34)

Toyota (+0.57) TEPCO (-0.28)

Table 3: Entities with the highest and lowest biases.

checking statements). Table 2 shows strong correla-
tions (Cohen, 2013) across benchmarks, languages,
and models. This pattern holds for the base and
the instructed LLAMA-3-70B, as well as for other
models (Appendix G), indicating that the results
are not model-specific. The validity of the synthetic
proxy is established by these high correlations of
structural bias scores, not by the stylistic similarity
of the sentences. This demonstrates that the bias
signal depends on how the model associates entities
with tasks, rather than surface wording. Table 2
responds positively to RQ1, showing that synthetic
data are a reliable proxy for estimating entity bias
in LLMs.

4.2 General Bias Trends

We examine the distribution of bias across the three
target domains. We use cross-task aggregation as a
descriptive summary, while reporting task-level re-
sults as the primary evidence, since different tasks
instantiate different social meanings and harms
(Blodgett et al., 2020). Figure 2 illustrates the bias
profiles for the different entity types across tasks,
while Table 3 lists the most biased entities. We
provide additional results in Appendices J and K.

Politicians. The analysis reveals consistent bi-
ases linked to political alignment and gender. As
illustrated in Figure 2 (a), Centrist, Center-Left, and
Left-Wing politicians are associated with positive
bias scores (mean = 0.040), while Far-Right and
Right-Wing figures receive negative scores (mean
= —0.052). This ideological divide is substantial
(p < 0.01,d = 0.961) and persists across all tested
tasks. Gender is another significant driver. LLMs
assign higher positive scores to female politicians
compared with their male counterparts (0.075 vs.
—0.019, p < 0.01, d = 0.989). The bias inten-
sity is also task-dependent, underscoring the im-
portance of testing multiple tasks within each do-
main. Far-Right politicians show a strong associa-
tion with labels such as *Populism’ and ’Lobbying’,
characterized by a negative score in the Intent De-
tection task than the rest of the entities (—0.131
vs. 0.017, p < 0.01, d = 0.725). Conversely, the
leadership task exhibits lower variability. In this
context, LLMs associate Far-Right figures with
more positive scores than other alignments (0.017
vs. —0.003, p < 0.01, d = 0.329). Despite this
political shift, the leadership domain presents the
most pronounced gender divide. The ten politi-
cians with the highest positive bias are all female
politicians, despite representing only ~ 20% of
the dataset. Table 3 qualitatively illustrates the bi-
ases discussed above. Center to Left politicians
are positively biased, in contrast with Right and
Far-Right figures. These patterns hold across all
tested configurations (Figure 3), suggesting a stable
representational tendency consistent with exposure
to training signals.

Countries. We observe polarization between
Western and non-Western nations (Figure 1). West-
ern industrialized nations exhibit positive bias as-
sociations (mean = 0.277). In contrast, the Global
South receives significantly lower scores (mean =
—0.053, p < 0.01, d = 1.939). We analyze GDP
quantiles in Figure 2 (b) to refine results. The
richest and poorest countries exhibit positive and
negative biases across all tasks, with Humanitar-
ian Resilience showing the sharpest contrast. Ta-
ble 3 shows that developed Scandinavian countries
and Switzerland receive the highest bias scores,
whereas conflict-affected regions and authoritarian
regimes have the most negative scores. Beyond
these examples, we note interesting bias behaviors
at the country level. For instance, we observe a po-
larity inversion for Israel. While it elicits positive
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—— Risk
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— Law Companies (Industry)
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—— Credibility 2
—— Sentiment

Q4 Pharmacepticals

Figure 2: Bias Profiles for (a) politicians by alignment, (b) countries by GDP quantile, (¢) companies by domain.

scores in three tasks (mean = 0.149), it drops to a
mean score of —0.427 for the International Law
Breach Detection task (p < 0.01, d = 1.160). Al-
though models encode a generally positive geopo-
litical stance toward Israel, specific legal contexts
elicit negative associations with compliance. For
Humanitarian Resilience, conflict regions are sys-
tematically classified as low-resilience, suggesting
that model outputs rely heavily on learned priors
regarding instability. We interpret this as prior-
dominance over contextual evidence, without at-
tributing it to a specific training stage.

Companies. Bias scores are non-uniformly dis-
tributed across tasks in Figure 2 (c), underscoring
the importance of testing multiple tasks. Finance
exhibits a sharp inversion: companies receive posi-
tive scores for Product/Service Quality but signif-
icant penalties for Violation Detection (0.103 vs.
—0.139, p < 0.01, d = —1.696). Agriculture
has positive associations for Violation Detection
and negative ones for Quality Rating (0.101 vs.
—0.079, p < 0.01, d = 1.260). These divergences
suggest that the specific expression of bias is often
a function of task-specific priors rather than entity
attributes alone.

Additionally, geographic origin is a strong pre-
dictor of outcomes. Western companies receive
higher scores than those from the Global South
(0.045 vs. —0.023, p < 0.01, d = 0.596). Indus-
try also plays a significant role: the pharmaceu-
tical, real estate, and defense sectors are associ-
ated with lower scores (mean = —0.044, p < 0.01,
d = —0.41), while the retail sector is evaluated
more favorably than average (0.054 vs. —0.006,
p < 0.01,d = 0.518).

As shown in Table 3, some entities receive par-
ticularly low scores. For instance, PDVSA and
TEPCO are both assigned low values, which may
reflect strong associations in the training data with
widely reported controversies, such as governance

issues in the case of PDVSA and the Fukushima
nuclear disaster for TEPCO.

4.3 Structural Drivers of Bias

To understand the mechanisms underlying the ob-
served biases, we analyze the influence of three
structural factors: language, model architecture,
and prompting strategy. Figure 3 presents the vari-
ance in bias scores across these configurations. To
analyze these differences, we also report bias mag-
nitudes, i.e., the mean of the absolute bias scores.

Language Sensitivity. Language significantly in-
fluences the magnitude of bias, though not its di-
rection. English prompts produce larger deviations
than Chinese and Russian (0.203 vs. 0.085 and
0.088, p < 0.01), consistent with models being
primarily trained on English and alignment mech-
anisms optimized for it (Zhao et al., 2024; Wang
et al., 2023); this pattern is clearly visible in Fig-
ure 3 Column 1, where English (purple) deviates
further from zero than the other languages. De-
spite these quantitative variations, qualitative bias
patterns remain stable across languages. Negative
associations with Far-Right and Right-Wing politi-
cians, non-Western nations, and specific industrial
sectors, namely real estate, defense, and pharma-
ceutics, persist globally.

Linguistic proximity does not mitigate bias. For
Chinese entities, native-language prompts yield
lower scores than English prompts (0.021 vs
—0.054, p < 0.01, d = 0.285). Similarly, for Rus-
sian entities, native-language prompts yield lower
scores than English (—0.031 vs 0.001, p < 0.01,
d = 0.167). For instance, Russia and China receive
more negative scores in their native languages, in-
dicating that biases are not necessarily culturally
adaptive but rather seem inherited from English-
dominated training signals. The behavior of AYA-
32B-I (Dang et al., 2024), trained on translated En-
glish data, supports this interpretation. It replicates
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Figure 3: Bias Distribution by Language, Model Family, and Prompt Setting (columns) and entity types (Politicians,
Countries, and Companies). Ellipses represent the 95% confidence intervals for bias scores.

English-level bias magnitudes and exhibits higher
cross-lingual bias similarity than multilingual mod-
els (0.246 vs 0.375, p < 0.01, d = 0.147). Further-
more, instructed models significantly reduce cross-
lingual variance relative to base models (0.346 vs
0.432,p < 0.01, d = 0.434).

Model Scale and Architecture. Scale signifi-
cantly correlates with increased bias, with larger
models exhibiting stronger bias magnitudes than
smaller counterparts (0.105 vs. 0.076, p < 0.01,
d = 0.293). This is visible in Figure 3 (h), where
QWEN2.5-72B-1 (black) shows greater deviation
than the matched QWEN2.5-32B-I (orange).
Instruction tuning reduces bias. Instructed LLMs
exhibit lower global bias magnitudes than base
models (0.346 vs 0.432, p < 0.01, d = 0.086).
This reduction is clear in Figure 3 (h), when com-
paring LLAMA-3-70B-I (blue) and LLAMA-3-
70B (green). Importantly, the qualitative bias pat-
terns (§ 4.2) persist in non-instructed models, albeit
with reduced variability and attenuated bias mag-
nitudes. This finding suggests that the instruction
process introduces specific task constraints that mit-
igate the propagation of earlier priors, rather than

introducing qualitatively new ones.

Newer Qwen models exhibit slightly larger bias
than older matched-size versions (0.217 vs 0.182,
p < 0.01, d = 0.054), as illustrated in Figure 3
(e). Financial companies are an exception, with
significantly lower bias scores in QWEN3-32B-1
(pink) than in QWEN2.5-32B-I (orange).

Prompting Configuration. To assess potential
prompt sensitivity, we examine how bias measures
vary across different prompt formulations (Figure 3,
right). We find that bias structures generally re-
main robust to variations in prompting configura-
tion, with few-shot prompting slightly increasing
the magnitude of bias compared with zero-shot
settings (0.092 vs. 0.074, p < 0.01, d = 0.184).
Using numerical labels instead of textual labels is
significantly associated with larger bias magnitudes
(0.088 vs. 0.076, p < 0.01, d = 0.140). How-
ever, as illustrated by the rather small effect sizes,
the overall impact of prompting variations remains
minimal. The directional polarity of the observed
biases is unchanged across all configurations, in-
dicating that while different prompting strategies
may slightly amplify or dampen responses, they do
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not qualitatively alter the underlying model priors.

5 Conclusion

Our study contributes to LLLM auditing in the con-
text of their increasing use in automated decision-
making across high-stakes domains. The eval-
uated tasks correspond to concrete applications,
including humanitarian monitoring and report-
ing (Aradhana et al., 2024; Cantini et al., 2025),
legal and diplomatic analysis (Dulka, 2022; Peng
et al., 2025), and corporate or political risk assess-
ment (Kim et al., 2025; Joshi, 2025; Xing, 2025).
As such, the observed bias patterns arise in task
settings that mirror real-world deployments rather
than artificial benchmarks.

In response to RQ2, our analysis shows that bias
manifests systematically across domains and tasks,
even in structured classification settings. These dis-
parities are not uniform but task-dependent, with
consistent negative associations for non-Western
countries and Global South companies across fi-
nancial, humanitarian, and legal evaluations. Such
patterns indicate that model outputs are shaped not
only by task framing but also by persistent entity-
level priors, which may translate into unequal treat-
ment when using these systems for resource alloca-
tion, compliance assessment, or risk scoring.

Addressing RQ3, we find that these disparities
persist across languages, model architectures, and
prompting strategies. Non-English prompting does
not yield substantively different evaluative perspec-
tives. Negative associations with non-Western enti-
ties persist and sometimes intensify. This finding
suggests that multilingual LLMs appear to rely on
English-shaped training signals rather than cultur-
ally adaptive reasoning. While instruction tuning
reduces the overall magnitude of bias, it does not
change the direction of effects, indicating that align-
ment constrains expression without modifying un-
derlying model priors.

Finally, the consistency of bias patterns across
tested models suggests that exposure to training
data contributes to the observed effects. Large
datasets encode correlations between economic de-
velopment, geopolitical alignment, and normative
evaluation, yielding a pervasive bias structure. Con-
sequently, models that are nominally multilingual
and generic may exhibit limited cultural adaptivity,
projecting a Western-centric view onto tasks that
require neutrality. Addressing this limitation will
require interventions in dataset design and curation,

with explicit efforts to disentangle descriptive in-
formation from reputational and normative stereo-
types embedded in current training distributions.
Our findings show that LLMs can introduce task-
specific unfairness into automated pipelines, re-
sulting in measurable performance consequences
(Buyl et al., 2024). If an automated system pro-
cesses a positive earnings report yet assigns ele-
vated regulatory risk due to entity priors rather
than the provided textual evidence, this repre-
sents a fundamental failure of evidence-based rea-
soning. We propose this framework as a use-
ful pre-deployment audit tool. It is adaptable to
any language or entity type and requires no ex-
isting datasets. We encourage practitioners to ap-
ply it in sensitive contexts to detect unfairness be-
fore model integration. To ensure reproducibility
and facilitate adaptation of the workflow to other
tasks, the full code, generated data points, and
templates are available at https://github.com/
akramelbouanani/entity-bias-framework.

6 Limitations

Model Coverage. Our evaluation covers open-
weight models and excludes closed-source, highly
popular systems such as GPT or Gemini. This con-
straint arises from the scale of our experiments,
which would render large-scale evaluation on pro-
prietary APIs prohibitively expensive and difficult
to reproduce. Nevertheless, the proposed frame-
work is model-agnostic and easily applicable to
other models, including paying ones, if access and
resources permit.

Construct validity. Our metrics capture entity
priors under controlled prompts. Depending on
the task, differences may reflect associations,
stereotypes, or world-knowledge-like priors rather
than normative unfairness. This situation follows
broader critiques that “bias” metrics reflect specific
measurement choices and may conflate distinct con-
structs (Blodgett et al., 2020). As a consequence,
one should interpret our results as audit signals of
representational tendencies rather than objective
evaluations of entities (Bender et al., 2021).

Instruction fine-tuning as a source of bias.
While we analyze instruction-tuned models sep-
arately, instruction fine-tuning itself can introduce
additional biases. Preference optimization and
RLHF-style pipelines may encode normative an-
chors from annotator demographics, policy guide-
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lines, and reward-model design, reshaping entity
associations beyond effects inherited from pretrain-
ing. Accordingly, differences we attribute to in-
struction tuning should be interpreted as the net
effect of post-training choices rather than a single
mechanism.

Template artifacts and phrasing sensitivity. Al-
though we generate a large template set to reduce
prompt idiosyncrasies, our scores remain sensitive
to phrasing. Minor lexical or syntactic changes
(e.g., modality, presuppositions, evaluative word-
ing) can shift label posteriors and thus bias mea-
surements, creating a degree of freedom in how
tendencies are quantified.

Cultural translation fidelity and nuance. Our
multilingual setup relies on DeepL translation fol-
lowed by native checks, but this cannot fully ensure
pragmatic and cultural equivalence. Bias-laden
terms and political descriptors often carry language-
specific connotations that may not transfer, po-
tentially confounding cross-lingual comparisons.
Thus, some language effects may reflect translation
artifacts rather than model behavior.

Task Scope. We focus exclusively on structured,
classification-style tasks and do not evaluate open-
ended text generation. As a result, our findings
should not be directly generalized to generative
settings, where bias may manifest through dif-
ferent mechanisms. Our task selection is mo-
tivated by real-world deployment scenarios in
which LLMs are increasingly used for automated
decision-making, but extending the framework to
open-generation tasks remains an important re-
search direction.

Temporal Dynamics of Bias. Political affilia-
tions, corporate structures, and geopolitical con-
texts evolve, as do LLMs. Bias patterns may shift
accordingly. Our analysis captures biases at a spe-
cific temporal snapshot and does not claim long-
term stability. However, preliminary comparisons
between successive model versions (e.g., Qwen2.5
vs. Qwen3) suggest that core bias patterns persist
across model updates. Making the framework pub-
licly available enables longitudinal re-evaluation as
models and real-world contexts evolve.

Entity and Taxonomy Selection. Although we
consider a large and diverse set of entities across
multiple domains, our selection is necessarily in-
complete and relies on predefined taxonomies (e.g.,

political alignment, industry sector). Alternative
categorizations or finer-grained annotations may
reveal additional bias structures. We view our
choices as a principled starting point rather than
an exhaustive characterization, and the framework
is designed to accommodate alternative entity sets
and taxonomies.

Input Granularity. Our auditing framework re-
lies on synthetic sentence templates to probe latent
associations. While effective for isolating entity-
specific priors, this approach does not necessarily
capture the complexity of processing long-form
content, such as full articles or structured reports.
It remains unclear whether increased context length
mitigates or amplifies the observed biases. Future
work should extend this framework to document-
level evaluations to determine if these patterns hold
in more information-rich settings.

7 Ethical Considerations

This study analyzes sensitive attributes, includ-
ing political alignment and geopolitical reputation.
While political affiliation is generally considered
private data, our evaluation is strictly limited to
public figures for whom such alignment is a matter
of public record and professional accountability,
thereby mitigating privacy concerns. However, sig-
nificant ethical risks remain regarding the potential
for stigmatization. By quantifying negative bias
against specific nations (e.g., North Korea, Syria)
or companies from the Global South, we risk rein-
forcing the very stereotypes we aim to expose. We
emphasize that the negative scores reported here
reflect the model’s internal statistical priors, of-
ten conflating economic prosperity with credibility,
rather than an objective assessment of an entity’s re-
silience or compliance. These results should under
no circumstances be used to justify discriminatory
decisions in downstream applications, such as au-
tomated risk scoring or content moderation. We
believe, however, that the benefits of transparency
outweigh these risks, as hiding these systemic fail-
ures only ensures that they remain undetected and
unaddressed in deployed systems.
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