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Abstract

Large Language Models (LLMs) are increas-
ingly deployed as intermediaries for accessing,
interpreting, and evaluating political informa-
tion. Prior work has demonstrated that LLMs
exhibit systematic political biases, reflected in
ideological alignment, sentiment toward politi-
cal actors, and framing choices. However, most
existing studies treat political bias as a static
property, evaluating models at a single point
in time. This assumption overlooks the rapid
evolution of LLMs, which undergo frequent up-
dates to training data, safety mechanisms, and
alignment procedures.

In this work, we investigate political bias as a
temporal phenomenon, analyzing how politi-
cal attitudes expressed by LLMs evolve across
model generations. Focusing on longitudinal
comparisons within model families, we exam-
ine how changes in safety data distributions and
alignment interventions correspond to shifts in
political stance and sentiment. Our study inte-
grates content-based and sentiment-based bias
metrics to provide a dynamic perspective on
value alignment in large language models.

1 Introduction

Large Language Models (LLMs) have become cen-
tral intermediaries in how individuals access, in-
terpret, and evaluate political information. Their
widespread use in tasks such as summarization,
explanation, sentiment analysis, and question an-
swering grants them substantial influence over con-
temporary digital public spheres. As these systems
are increasingly embedded in search engines, so-
cial media platforms, and decision-support tools,
their latent political orientations carry meaningful
societal and political consequences.

A growing body of evidence suggests that LLMs
are not ideologically neutral. Instead, political ten-
dencies emerge from architectural decisions, train-
ing data composition, and post-training alignment

strategies (Santurkar et al., 2023; Buyl et al., 2026).
When models systematically favor or disfavor par-
ticular political ideologies, policies, or actors, they
may function as implicit instruments of digital soft
power, especially when deployed at scale across
languages and geopolitical contexts.

Empirical research further shows that political
bias in LLMs is not limited to isolated prompts but
constitutes a structural property of model behav-
ior. Studies have identified consistent ideological
patterns across economic and social dimensions,
as well as systematic sentiment differences toward
political entities (Hartmann et al., 2023; Bang et al.,
2024). Moreover, LLMs may exhibit bias amplifi-
cation, whereby biases present in training data are
reproduced or intensified in generated outputs, re-
inforcing existing societal asymmetries (Feng et al.,
2023; Zhu et al., 2024).

Despite this progress, most prior work evalu-
ates political bias under a static assumption, treat-
ing models as fixed artifacts. This perspective
is increasingly inadequate given the rapid pace
of LLM development. Model families such as
LLaMA undergo substantial changes across gen-
erations, including modifications to training cor-
pora, safety data distributions, and reinforcement
learning—based alignment procedures (Touvron
et al., 2023; Dubey et al., 2024). These interven-
tions plausibly affect not only factual reliability
and safety but also political framing and sentiment.

1.1 Research Questions and Contributions

To address this gap, we study political bias through
a temporal and longitudinal lens. Specifically, this
paper addresses the following research questions:

RQ1: How does political bias in LLM outputs
change across successive model generations?

RQ2: To what extent do safety alignment and
red-teaming interventions correspond to shifts in
political stance and sentiment?

RQ3: Are temporal changes in political bias



uniform across ideological dimensions and political
entities, or do they exhibit asymmetric patterns?
Our contributions are threefold:

* We conceptualize political bias in LLMs as a
dynamic property, rather than a static charac-
teristic.

* We provide a longitudinal analysis of political
bias across model generations using comple-
mentary stance- and sentiment-based metrics.

* We empirically link observed bias shifts to
documented alignment and safety interven-
tions, contributing to a deeper understanding
of value alignment over time.

2 Related Work

Research on political bias in large language models
spans ideological measurement, sentiment analysis,
temporal evaluation, and mitigation. We review the
most relevant work along three axes.

2.1 Measuring Political Bias in Language
Models

Early studies mapped LLM outputs onto estab-
lished ideological frameworks, demonstrating that
conversational models express coherent political
orientations. Some argue that LLMs reflect the ag-
gregate opinions embedded in their training data
(Santurkar et al., 2023), while others situate Chat-
GPT along a left-libertarian axis using political
compass evaluations (Hartmann et al., 2023).

Subsequent work refined bias measurement by
distinguishing between content and style. A two-
pronged framework analyzing both explicit stance
(“what is said”) and framing or lexical polarity
(“how it is said”) reveals subtle partisan effects
even in ostensibly neutral responses (Bang et al.,
2024). Target-oriented sentiment classification fur-
ther operationalizes political bias by measuring
sentiment toward specific political actors or parties
(Wang et al., 2025; Chen et al., 2024).

2.2 Temporal Dynamics and Model Evolution

Only recently has attention shifted toward the tem-
poral dimension of LLM behavior. Research shows
that LLMs exhibit temporal generalization fail-
ures, with performance and biases drifting as polit-
ical and informational contexts evolve (Zhu et al.,
2024). Models implicitly encode the ideological

preferences of their creators, suggesting that up-
dates to training and alignment pipelines may sys-
tematically reshape political outputs (Buyl et al.,
2026).

Technical reports on the LLaMA family pro-
vide concrete evidence of such evolution. Between
LLaMA 1, 2, and 3, Meta introduced substan-
tial changes to safety data distributions, reinforce-
ment learning objectives, and red-teaming proto-
cols (Touvron et al., 2023; Dubey et al., 2024).
Comparative evaluations indicate that newer mod-
els handle politically nuanced and ambiguous con-
tent differently, particularly in borderline factual or
normative cases (Crum et al., 2024).

2.3 Mitigation and Alignment Interventions

A parallel line of work investigates methods for
mitigating political bias. Reinforced calibration
techniques have been proposed to reduce ideolog-
ical skew (Liu et al., 2021), while other research
demonstrates that political stance is encoded in
internal model activations and can be selectively
steered (Banko et al., 2025). These findings sug-
gest that political bias is not merely emergent but
amenable to targeted intervention.

However, mitigation introduces trade-offs.
Alignment and safety guardrails may reduce ex-
pressive or argumentative capacity, potentially al-
tering political nuance (Bonaldi et al., 2024). The
LLaMA 3 report explicitly frames safety alignment
and red-teaming as central design goals, raising
questions about how such interventions affect po-
litical expression over time (Dubey et al., 2024).

3 Methodology
3.1 Measuring Political Bias of LL.Ms

To study political bias in large language models
(LLMs), we adopt and extend the Target-Oriented
Sentiment Classification (TSC) framework pro-
posed by Elbouanani et al. (2025). Their work
measures political bias at a single time point. In
contrast, our method is built on a unified experi-
mental pipeline that supports large-scale evaluation
across different models and across time.

At a high level, our pipeline includes four main
steps:

1. Data construction through entity substitution;

2. Model invocation across different LLM inter-
faces;

3. Prompt-based sentiment classification;
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Figure 1: Pipeline for Evaluating Political Bias in LLMs.

Figure 1: Pipeline for Evaluating Political Bias in
LLMs.

4. Metric-based aggregation of prediction insta-
bility.

The overall experimental pipeline is shown in
Figure 1. First, we insert 250 political entities
into 60 sentence templates, which results in 15,000
test nodes. Next, depending on model availability,
we run inference either through API-based access
(e.g., GPT-40-mini) or by loading models locally
via HuggingFace (e.g., LLaMA 3-70B), using a
9-shot prompting setup. Finally, political bias is
quantified by computing the entropy of sentiment
prediction distributions, defined as the Prediction
Inconsistency (IC) metric.

This design allows us to evaluate both propri-
etary and open-source LLMs under the same exper-
imental settings while ensuring full reproducibility.

3.1.1 Data Collection

Entity Selection. We construct a set of 250 po-
litical figures sampled from major geopolitical re-
gions. This selection aims to cover a wide range
of political positions, cultural backgrounds, and
demographic attributes. The entities span the po-
litical spectrum from far-left to far-right and differ
in gender, ethnicity, socio-economic background,
and age. Such diversity helps reduce bias caused

by over-representing specific groups and allows a
more detailed analysis of entity-related political
bias.

Sentence Templates. We select 60 sentence
templates from news-style political texts and di-
vide them into three sentiment categories: posi-
tive, negative, and neutral. Following Elbouanani
et al. (2025), we remove sentences that contain role-
specific or time-dependent expressions (e.g., “the
current president”). This ensures that the political
figure’s name is the only changing element in each
sentence. Each template contains a single place-
holder token X, which is replaced by the name of
a political entity.

Example templates include:

* Positive: X was credited with helping ease
tensions in ongoing negotiations.

* Negative: X drew criticism for the way they
handled the issue.

e Neutral: X issued a statement on the matter.

Entity Substitution. By replacing X with all
250 political entities for each of the 60 templates,
we generate 15,000 test instances, which we refer
to as fest nodes. Each test node represents a unique
(sentence template, political entity) pair and serves
as a standardized input for all evaluated models.

3.1.2 Unified Prompting Strategy and Model
Invocation

TSC Prompting. All models are queried using a
standardized TSC instruction that explicitly asks
the model to judge the sentiment toward the named
political entity. To reduce variation caused by
prompt design, we use a 9-shot few-shot prompting
strategy, where nine labeled examples are provided
before each query. The model output is restricted
to one of three labels only: positive, neutral, or neg-
ative. The prompt templates, few-shot examples,
and output format are fixed across all models.

Model Access and Execution Pipeline. We
evaluate multiple LLM families, including LLaMA,
Mistral, Qwen, Falcon, Aya, ALLaM, and Atlas.
These models are accessed in two ways:

* API-based inference, used for non-open-
source models via their official APIs;

* Local inference, used for open-source mod-
els by downloading checkpoints and running
them locally.
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Figure 2: Dataset diversity across three dimensions. Left: Geographic distribution showing equal 20% representation
across five regions (Africa, South America, North America, Asia, Europe). Center: Temporal distribution of entities
by year of assuming political power, concentrated post-2000. Right: Political spectrum distribution spanning the
full ideological range (Left: 46, Center-Left: 61, Center: 39, Center-Right: 50, Right: 53).

To ensure fair comparison, all models, regardless
of access method, are connected through a unified
execution layer. This layer standardizes input for-
matting, batching, decoding settings, and output
parsing. As a result, each test node is processed
in the same way whether the model is accessed
through an API or run locally. All model predic-
tions are stored together with metadata such as
model name, version, language, prompt setting,
and time of execution. This enables both cross-
model comparison and temporal analysis.

Figure 3 illustrates the geographic distribution
of the evaluated model families, underscoring the
deliberate cross-regional scope of our model selec-
tion.

3.1.3 Maetric Definition: Prediction
Inconsistency (IC)

We define political bias using the Prediction Incon-
sistency (IC) metric proposed by Elbouanani et al.
(2025). Intuitively, if a model is politically unbi-
ased, it should give the same sentiment prediction
for a sentence even when different political enti-
ties are substituted. Changes in prediction across
entities indicate entity-related bias.

For a given sentence template s, we com-
pute the probability of each sentiment label [ €
{positive, neutral, negative} as:

B l{e € E : pred(s,e) = l}]
|E|

P(l ] 5) (1)

where FE is the set of political entities, and
pred(s, e) denotes the model’s predicted label for

sentence s with entity e.
We then calculate the Shannon entropy for each
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Figure 3: Global Model Landscape by Geographic
and Linguistic Focus. Model families are selected
to represent diverse geopolitical origins—USA (Ope-
nAl), China (Qwen), France (Mistral), and UAE
(Jais)—enabling controlled cross-regional comparisons
of political bias.

sentence:

H(s)=— P(l|s)logP(l]s) (2)
leL
Finally, the overall Prediction Inconsistency
score is obtained by averaging entropy values
across all m sentence templates:

1 m
IC=— ; H(s;) 3)

An IC value of 0 indicates perfect consistency,
while higher values reflect greater instability in
sentiment predictions and thus stronger political
bias.



3.2 Bias Analysis Over Time

This section introduces our longitudinal evalua-
tion framework, whose objective is to determine
whether political bias in Large Language Models
(LLMs), previously measured at a single time point,
evolves across successive model releases and align-
ment stages. Instead of treating models as static
artifacts, we view them as temporal systems whose
ideological neutrality may decay or improve as
training strategies, scaling laws, and alignment
pipelines evolve over time. The goal of this analy-
sis is to quantify whether Prediction Inconsistency
(IC) remains stable, increases, or decreases across
model generations. Our temporal evaluation is con-
ducted on the same set of political entities, sentence
templates, and Target-Oriented Sentiment Classifi-
cation (TSC) setup described in Section 3.1. This
reuse ensures that the only changing variable in
our experiment is the model version, allowing a
controlled assessment of temporal bias dynamics.

3.21

Rather than modifying the workload or introducing
a new sentiment evaluation procedure, we build
directly on the previously established TSC pipeline.
All inference procedures, prompt structures, en-
tity substitutions, and IC computations follow the
methodology defined in Section 3.1, with no alter-
ations to data or prompting design. This ensures
comparability between static and temporal evalua-
tions.

The key extension is the introduction of model
lineages. For each model family F' (e.g., LLaMA,
Qwen, Mistral), we collect a chronologically or-
dered sequence of versions {V7, Va, ..., V,,}. For
each version V;, we compute an IC score using
the IC metric defined in Section 3.1, producing a
temporal sequence:

Model Reuse and Temporal Extension

Sp ={IC(V1),IC(V2),...,IC(Va)}  (4)

Each IC value in the sequence reflects the static
bias of a single version, while the sequence as a
whole reflects the evolution of bias across releases.

3.2.2 Longitudinal Metrics

To characterize how IC evolves over time, we intro-
duce three metrics: Bias Velocity, Alignment Delta,
and Cross-Family Convergence.

(A) Bias Velocity. Bias Velocity quantifies the
rate of change in political bias across consecutive
versions. For two successive releases V;_1 and V;,

we compute:

where At; denotes the time interval between re-
leases. A negative [ indicates bias decay (improved
neutrality), while a positive 3 indicates bias accre-
tion (worsened neutrality).

(B) Alignment Delta. LLMs are often released
in both Base and Chat variants. To isolate the effect
of alignment tuning, we compute:

Aan(V;) = IC(VEMY) —IC(VP™¢)  (6)

A negative A, indicates that alignment mitigates
political bias, while a positive A,y indicates that
alignment introduces or amplifies bias.

(C) Cross-Family Convergence. To assess
ecosystem-wide dynamics, we measure whether
model families converge toward similar neutrality
levels. At time index s, we compute:

C(s) = Var(IC(F1, s),...,IC(Fy,s)) (1)

A decreasing C(s) implies convergence toward
shared neutrality norms, whereas an increasing
C'(s) implies persistent geopolitical or training-
driven divergence.

3.2.3 Experimental Fit to Metrics

The outputs of our temporal experiment directly
populate the metrics above:

1. IC sequences support computation of Bias Ve-
locity (Eq. 5).

2. Base/Chat IC pairs support computation of
Alignment Delta (Eq. 6).

3. Cross-family IC values support computation
of Convergence (Eq. 7).

Together, these components enable temporal in-
ference about political bias trajectories across the
LLM ecosystem.

4 Results

We evaluate political bias across four major model
families—ChatGPT (OpenAl, USA), Qwen (Al-
ibaba, China), Mistral (France), and Jais (G42,
UAE)—using the Prediction Inconsistency (IC)
metric. Our analysis proceeds along three di-
mensions: general regional bias patterns, model-
level characteristics, and temporal evolution across
model generations.



4.1 General Regional Bias

Figure 4 presents the Regional Bias Heatmap, dis-
playing average IC scores for each model family
across five geopolitical target regions. The results
reveal distinct performance disparities correlated
with the geographic origin of each model.

North American Models (ChatGPT/OpenAl).
The GPT family demonstrates consistently high
neutrality, with average IC scores exceeding 1.08
across all regions. Performance is stable with mini-
mal inter-regional fluctuation (e.g., 1.086 in Africa
vs. 1.092 in Europe), reflecting broad geographic
coverage in training data and robust RLHF align-
ment.

Asian Models (Qwen). The Qwen family
achieves the highest overall scores, averaging
above 1.09 in every region, indicating a near-
uniform sentiment distribution regardless of target
region. This performance is consistent with Qwen-
2.5’s massive pretraining scale of 18 trillion tokens
combined with advanced alignment tuning.

European Models (Mistral). The Mistral fam-
ily shows moderate neutrality, with average 1C
scores ranging from 1.049 to 1.073. It performs
comparatively better on South American entities
(1.073) than on Asian ones (1.049), reflecting the
Western-centric weighting of its training corpus.

Middle Eastern Models (Jais). The Jais fam-
ily exhibits significantly lower scores, averaging
between 0.61 and 0.65. It records the lowest perfor-
mance in North America (0.615) and Asia (0.618),
indicating strong predictive polarity for these re-
gions. Its relatively higher score in Africa (0.650)
likely reflects a lack of specific priors rather than
genuine neutrality.

Figure 5 further contextualizes these regional
patterns by comparing consecutive model versions
within each family, illustrating how scaling and
alignment tuning shift neutrality across target re-
gions.

4.2 Model Characteristics

Based on overall IC scores, the evaluated models
fall into three distinct performance tiers. The dis-
parity is driven primarily by model scale, training
data composition, and the geopolitical origin of
each model family.

Tier 1 — Near-Maximum Entropy (Qwen
and ChatGPT, IC ~ 1.09). Both model families
achieve near-maximum Shannon entropy, reflect-
ing robust adherence to the neutrality constraint

across all entity substitutions. A granular compar-
ison reveals that Qwen consistently outperforms
ChatGPT in the Asia-Pacific region: in Asia, Qwen
achieves a mean IC of 1.0968 versus ChatGPT’s
1.0877. This advantage likely reflects Qwen’s more
extensive and nuanced knowledge of Asian politi-
cal figures, enabling more precise neutral charac-
terizations, whereas ChatGPT exhibits slight incon-
sistencies attributable to relative data scarcity for
specific Asian entities.

Tier 2 — Moderate Neutrality (Mistral, IC
1.02-1.08). Mistral occupies a strong intermediate
position but shows a clear Western-Centric Align-
ment. The Ministral-3B model exhibits a notable
performance gap between Europe (IC: 1.047) and
Asia (IC: 1.022). As a French-developed model,
Mistral’s training corpus is weighted toward Eu-
ropean languages and political contexts, confer-
ring a home-field advantage for Western entities.
Comparatively lower scores in Asia indicate insuf-
ficient contextual grounding to fully enact safety
guardrails for non-Western political figures, result-
ing in a measurable leakage of residual bias.

Tier 3 — Significant Polarity (Jais, IC 0.60-
0.65). Jais exhibits extreme regional variance that
directly reflects its UAE origins and bilingual (Ara-
bic/English) training. It records the lowest neutral-
ity scores in Asia (IC: 0.596) and North America
(IC: 0.599), counter-intuitively including Middle
Eastern figures, suggesting that the model defaults
to culturally ingrained viewpoints from its Ara-
bic training data rather than honoring the neutral-
ity prompt. The comparatively higher entropy in
Africa (IC: 0.653) likely reflects an absence of spe-
cific priors about African figures, producing a math-
ematically higher but substantively uninformative
distribution.

Figure 6 compares negative sentiment rates
across individual model versions, and Figure 7 sum-
marizes the distribution of global negativity bias by
LLM origin.

4.3 Temporal Analysis: Regional Evolution of
Bias

The comparison between earlier and later model
versions, illustrated in Figure 5, reveals distinct
evolutionary patterns across geopolitical regions.
The data indicate that model scaling and iterative
alignment primarily benefit under-represented re-
gions, driving a convergence of IC scores across
model generations.

Mistral and OpenAl: Largest Gains in the
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Figure 4: Regional Bias Heatmap averaged by model family. Higher scores indicate less bias (Max ~ 1.1). Jais
exhibits substantially lower IC scores across all regions, while Qwen achieves the highest uniformity.

Global South. For the Mistral family, the tran-
sition from 3B to 8B parameters yields the most
significant IC improvements in Africa (+0.049) and
Asia (+0.053), while the gain in Europe is compara-
tively small (+0.019). Similarly, OpenAI’s progres-
sion from GPT-3.5 to GPT-40-Mini shows larger
gains in Africa (+0.025) than in Europe (+0.013).
Smaller or older models already possess sufficient
capacity to handle Western political figures but
lack the generalization required for non-Western
contexts. Scaling model parameters and improv-
ing alignment algorithms effectively closes these
regional knowledge gaps, enabling more uniform
application of safety standards across the Global
South.

Jais: Targeted Improvement via Alignment
Tuning. Comparing Jais-Base to Jais-Chat, we
observe targeted improvements in Asia (IC rises
from 0.59 to 0.64) and North America (0.59 to
0.63), while Africa experiences a slight regression
(—0.005). The chat variant’s instruction-tuning
mitigates the extreme polarity of the base model in
regions it treats with strong prior beliefs, though
overall alignment levels remain far below those of
the global model families. This highlights a funda-
mental tension: specialized models may prioritize
cultural fidelity in their training distribution over
the imposed neutrality standard of Western safety
alignment.

Qwen: Diminishing Returns in Well-Covered
Regions. The Qwen family shows the smallest

temporal IC gains in North America (+0.002) com-
pared to Africa (+0.004). Since Qwen-7B was al-
ready highly optimized for neutrality across major
geopolitical regions, scaling to 32B yields dimin-
ishing marginal improvements for well-represented
entities while continuing to refine long-tail fairness
for regions such as Africa.

Taken together, these findings demonstrate that
temporal model evolution functions as a regional
equalizer. Older and smaller models exhibit a pro-
nounced Western bias, performing better on Eu-
ropean and North American entities; newer itera-
tions demonstrate improved ability to generalize
safety alignment globally, progressively narrowing
the fairness gap between the Global North and the
Global South.

5 Conclusion

This study introduces a geopolitically grounded
framework for measuring political bias in large
language models via target-oriented sentiment
substitution and Prediction Inconsistency (IC).
Across model families from the USA, China,
France, and the UAE, we find that political neu-
trality is neither uniform nor culture-independent:
larger globally trained models (Qwen, ChatGPT)
achieve consistently high neutrality, while smaller
or region-specialized models (especially Jais) ex-
hibit stronger regional polarity.

Our temporal analysis further shows that model
scaling and alignment tuning primarily improve



Temporal & Scale Analysis: Bias Reduction Across Regions
(Comparison of Model Versions)
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Figure 5: Temporal and Scale Analysis: Bias Reduction Across Regions. Each subplot compares two consecutive
versions of a model family across five target regions. Scaling and alignment tuning produce the largest IC gains in
under-represented regions (Africa and Asia), while already well-covered regions (Europe, North America) show

comparatively smaller improvements.

fairness in under-represented regions, indicating
that newer model generations are converging to-
ward more globally consistent behavior. At the
same time, persistent family-level differences sug-
gest that training distribution and geopolitical ori-
gin continue to shape how neutrality is operational-
ized in practice.

These findings motivate region-aware evaluation
as a standard component of safety benchmarking.
Future work should extend this framework to multi-
lingual settings, broader policy domains, and causal
analysis of how data composition and alignment
objectives jointly produce geopolitical bias trajec-
tories.

A Prompt Example

The following is the prompt template used for
Target-Oriented Sentiment Classification:

Analyze the sentiment towards the target of the
following sentence and classify it into one of the
following categories:

negative for Negative sentiment

neutral for Neutral sentiment

positive for Positive sentiment

Please provide only the sentiment score based on
the provided scale. The answer should only con-
tain the word ‘negative’, ‘neutral’, or ‘positive’,
nothing else.

Sentence: {sentence}
Target: {target}
Sentiment:
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Detailed Bias Analysis: Comparing Bias Across LLM Versions
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