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Abstract

While prior work has highlighted that sys-
tematic nation-level bias in large language
models (LLMs) can pose operational risks
for international relations (IR) applications,
many existing evaluations still lack a clearly
specified unbiased reference (ground truth),
limiting fully quantitative and cross-setting
measurement. Using an expanded corpus of
722 official UN Security Council (UNSC)
records, we measure nation-level bias with
five complementary tests, thereby extend-
ing prior approaches to cover a broader set
of bias expression channels: opinion rank-
ing (WOW), association sorting (AK+-),
vote simulation (PVS), opposition attribu-
tion (F-Oppose), and framing (Headliner).
To enable grounded bias evaluation, we ex-
plicitly define an unbiased status for each
test; in particular, for WOW and AK+-
where ground truth is difficult to specify,
we propose an action-based pseudo unbi-
ased status derived from observable voting
behavior to construct a quantifiable base-
line. Benchmarking 4 LLMs (GPT-4o-
mini, Llama 3.3-70B, Mistral-22B-Small,
and Qwen3-30B) across the five perma-
nent members of the UNSC, we find a test-
agnostic macro-pattern: relative to the refer-
ence baselines defined for each test, model
outputs lean toward the opposition (red) side
for China and Russia and toward the sup-
portive (blue) side for the U.K., the U.S.,
and France. These results underscore the
need to audit IR-facing LLM deployments
with grounded, multi-test benchmarks tied
to explicit reference points.

1 Introduction

Large language models (LLMs) are increasingly
used in international relations (IR) for diplo-
matic analysis, crisis assessment, and decision
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support, but systematic distortions in how they
describe specific countries can introduce opera-
tional risk. This risk is most pronounced in in-
stitutional settings that govern high-stakes deci-
sions—sanctions, military intervention, conflict
mediation, membership decisions, human rights,
and counter-terrorism—where the UN Security
Council (UNSC) serves as the principal venue.
A growing body of work has probed nation-
level tendencies in LLMs. While these early
studies have steadily refined evaluation designs,
by shifting from hypothetical prompts (Jensen
et al., 2025) toward historically grounded (Sal-
nikov et al., 2025) and institutional corpora such
as the UNSC records, and expanding toward
more contemporary and multi-dimensional assess-
ments (Choi et al., 2026), they still often lack a
clearly specified unbiased reference, limiting fully
quantitative and cross-setting bias measurement.

We address this gap by explicitly defining an
unbiased status for each experiment and mea-
suring nation-level bias consistently across set-
tings. Using an expanded corpus of UNSC official
records that combine resolution texts, recorded
votes, and verbatim meeting records (722 data
points in total) (Choi et al., 2026), we implement
five complementary tests covering opinion ranking
(WOW), association sorting (AK+-), vote simula-
tion (PVS), opposition attribution (F-Oppose), and
framing (Headliner). The first three tests build on
this prior UNSC-grounded evaluation suite (Choi
et al., 2026), which examines nation-level bias
through multiple prompt-based tasks while leav-
ing each task without an explicit unbiased refer-
ence; we extend this suite by attaching such ref-
erence baselines. F-Oppose is a counterfactual
veto-attribution test newly introduced in this work,
and the framing evaluation in Headliner adapts
the extreme-anchor headline comparison frame-
work (Bang et al., 2024) to the UNSC and P5 set-
ting. Acknowledging the limited feasibility of an
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Figure 1: Two different definitions of Bias

unbiased status for judgment-based tasks (WOW
and AK+-), we introduce a “pseudo Unbiased Sta-
tus based on voting actions,” which strengthens
objectivity by minimizing human interpretation.

With extensive experiments across four LLM
families (GPT-4o-mini, Llama 3.3-70B, Mistral-
22B-Small, and Qwen3-30B) toward the UNSC
permanent member countries (P5), the only states
with a continuous voting record across all UNSC
resolutions in our corpus, we find a stable macro-
pattern: model outputs lean toward the opposition
side for China and Russia and toward the sup-
portive side for the U.K., the U.S., and France,
with manifestations varying by task (ranking devi-
ations, supportive vote shifts toward the Western
P5, concentrated counterfactual veto attribution
toward Russia, and smaller but consistent fram-
ing differences). Throughout the paper, we re-
fer to these two directions as red (opposition) and
blue (supportive); these are directional labels for
how a model output departs from the unbiased ref-
erence defined for each test, not normative judg-
ments about the country, the model output, or the
resolution.

The contributions of our work are as follows:

• Objective, quantitative bias measurement.
We introduce the notion of an objective unbi-
ased status and formalize how to derive it for
each experimental setting, enabling consis-
tent and fully quantitative bias measurement.

• Richer evaluation through methodological
expansion. We extend and refine existing
bias evaluation approaches into a multi-test
suite that captures richer, multi-dimensional
bias signals across tasks.

• Empirical characterization across major

LLMs. We benchmark major LLM fami-
lies to identify both stable macro-level bias
tendencies and meaningful model- and task-
specific differences.

2 Bias Definition

2.1 Bias Definitions in Machine Learning

Bias and fairness in machine learning have been
discussed from diverse conceptual and normative
perspectives (Friedler et al., 2021; Mulligan et al.,
2019; Mitchell et al., 2021). Among these broader
discussions, two perspectives are particularly rel-
evant to the setting considered in this study. The
first perspective defines bias as the “gap between
the real world and the interpreted world,” focusing
on how reality is perceived and represented. The
second perspective defines bias as the “gap be-
tween the ideal world and the interpreted world,”
emphasizing how fair an interpretation is when
judged against moral and normative standards.
Under the former view, if a particular interpreter (a
human or a trained machine-learning model) faith-
fully reflects the unequal structure of reality, that
interpreter may be regarded as unbiased. Under
the latter view, however, even a faithful reflection
of reality may still be considered biased if real-
ity itself deviates from the ideal world. For exam-
ple, suppose an interpreter predicts that individu-
als from developing countries have lower educa-
tional attainment than individuals from developed
countries, and actual statistics support this pre-
diction. From the first perspective, this could be
considered unbiased because it accurately reflects
reality. From the second perspective, it is con-
sidered biased because reality contains inequality,
and the interpretation therefore departs from the
ideal of fairness. These two perspectives are illus-
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trated in Figure 1, where the left panel depicts the
real-versus-interpreted gap and the right panel the
ideal-versus-interpreted gap. As the figure sug-
gests, under the first perspective, what counts as an
unbiased status is defined differently for each ob-
ject of evaluation, whereas under the second per-
spective, the unbiased status is defined as a single,
ideal status regardless of the object being evalu-
ated.

Research on bias in machine learning generally
adopts the latter perspective, evaluating bias on
the premise that all demographic groups should
be treated equally (Parrish et al., 2022; Venkit
et al., 2023; Tamkin et al., 2023). This premise is
grounded in the moral axiom that “all individuals
should be treated equally regardless of their demo-
graphic group.” In machine learning, such a sin-
gle unbiased status is often defined as equality of
outcomes that is independent of demographic con-
trol variables (Mitchell et al., 2021). For instance,
in the task of predicting an individual’s occupa-
tion, an unbiased model should generate tokens
related to a given occupation with similar proba-
bilities even when the prompt’s gender or racial
information is changed. Using the right panel of
Figure 1 as an illustration, each “x” mark may cor-
respond to a different gender or race, while the sin-
gle unbiased status is defined identically regard-
less of the type of x (gender or race). Meanwhile,
there are also studies pointing out that pursuing
this ideal unbiased status can conflict (trade-off)
with predictive performance and practical utility.
A number of studies have demonstrated that the
more strongly ideal unbiasedness is enforced, the
more the model’s realism may decline, potentially
reducing its practical usefulness (Kaneko et al.,
2023; Chen et al., 2023).

2.2 Bias Definitions in International
Relations

In the use of LLMs at the national and IR level,
one can focus more on practicality because this
setting is relatively less constrained by the moral
obligation of equal treatment discussed above. In-
deed, assuming that all countries are essentially
identical may be an unrealistic leap. In interna-
tional relations, where countries are treated as ac-
tors, country behavior is heavily shaped by strate-
gic self-interest, and depending on the issue, some
countries may behave more selfishly or more al-
truistically than others (Quinn and Gibson, 2017;

Oye, 1985). Given the importance of reflecting
such real-world conditions, it is preferable at the
IR or nation level to prioritize realism, rather than
normative obligations derived from the axiom of
equal treatment. From this perspective, this study
evaluates bias at the nation level by focusing on
how faithfully a model reproduces the actual char-
acteristics of each country. To this end, we adopt
a nation-level notion of bias as “the discrepancy
between a nation’s actual characteristics and the
model’s perception of that nation,” grounded in
the first of the two perspectives reviewed above.
In other words, each country has its own distinct
unbiased status, and the distance from that status
is what we call bias. As depicted in the left panel
of Figure 1, each x represents a portrayed status of
a country, and each country has an individualized
unbiased status that reflects its real-world charac-
teristics.

3 Related Works

Prior studies have accumulated along two main
lines: (i) research examining demographic bias
in LLMs and (ii) research applying LLMs to IR,
diplomacy, and security domains. However, com-
paratively few studies have systematically inves-
tigated nation-level bias in LLMs within IR and
diplomatic contexts.

Within the first line, prior work has highlighted
both the conceptual and empirical challenges of
analyzing bias. Blodgett et al. (2020) survey
146 NLP papers and find that motivations and
definitions of “bias” are often vague or incon-
sistent, calling for clearer conceptualizations and
explicit normative grounding. On the empiri-
cal side, BBQ (Parrish et al., 2022) introduces
a hand-built question-answering benchmark that
probes how social biases manifest in model out-
puts across nine social dimensions. Other stud-
ies focus on specific axes: Venkit et al. (2023)
show that GPT-2 generates more negative text for
nationalities associated with fewer internet users,
while Tamkin et al. (2023) evaluate discrimina-
tion patterns of LLMs across 70 high-stakes de-
cision scenarios with systematically varied demo-
graphic attributes. Beyond demographic axes,
Bang et al. (2024) measure political bias in LLMs
along both content and style, comparing model
outputs against two opposing extreme anchors
(advocacy and opposition) across political topics
and analyzing framing and entity-level sentiment;
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we adopt the extreme-anchor comparison strategy
from this framework for our Headliner test, adapt-
ing it to model-generated headlines on the UNSC
and P5 setting.

Within the second line, recent work develops
LLM-based agents and simulations for diplomatic
and security settings. Cicero (FAIR et al., 2022)
integrates a language model with planning and
reinforcement learning to reach human-level per-
formance in the negotiation game of Diplomacy.
Richelieu (Guan et al., 2024) extends this direc-
tion with self-evolving LLM agents that combine
strategic planning, social reasoning, and self-play.
WarAgent (Hua et al., 2023) simulates participat-
ing countries and their decisions in historical in-
ternational conflicts using a multi-agent LLM sys-
tem, while Rivera et al. (2024) examines escala-
tion risks of LLM agents in simulated military and
diplomatic wargames.

CFPD (Jensen et al., 2025) examines risks from
LLM tendencies in IR decision support by test-
ing models on 400 hypothetical diplomatic and se-
curity scenarios (escalation, intervention, cooper-
ation, alliance dynamics) and comparing choice
distributions. However, the fictional nature of
the prompts limits real-world contextual validity,
and the study lacks an explicit unbiased reference
(ground truth) for quantitative bias measurement.

Salnikov et al. (2025) improves realism by eval-
uating LLM perspective preferences on 109 histor-
ically grounded international events, asking which
country-aligned interpretation is more plausible
given neutral event descriptions. Nonetheless, it
still does not provide a ground-truth benchmark,
relies on a single bias metric that undermines mul-
tidimensional bias, and is limited by the restricted
contemporaneity of its historical cases.

The study most closely related to ours is Choi
et al. (2026). While Choi et al. (2026) ad-
dresses several limitations of the two studies
above, including realism, contemporaneity, and
multi-faceted bias evaluation, it nonetheless re-
tains important limitations. In particular, Choi
et al. (2026) provides an insufficient definition
of the unbiased status that serves as the refer-
ence for bias measurement: among the three bias-
evaluation experiments proposed in Choi et al.
(2026), two are unable to conduct quantitative bias
assessment precisely because they lack a clearly
defined unbiased status. These two shortcomings,
namely the absence of an unbiased status and the

consequent inability to quantify bias, are central to
the objectivity of bias evaluation, and the authors
themselves acknowledge them as future work.

By contrast, our study explicitly defines and
applies an unbiased status for each bias experi-
ment, thereby enabling quantitative measurement
of nation-level bias across all experimental set-
tings. The comparison of our work on prior studies
is depicted in Table 1.

4 Dataset

We utilize an IR domain text dataset established by
Choi et al. (2026), which has been characterized
as both neutral and practically suitable for empir-
ical analysis. We expand this dataset by incorpo-
rating additional adopted resolutions together with
their corresponding voting outcomes and verba-
tim meeting records. The expanded corpus com-
prises 722 data points and includes, for each reso-
lution, the resolution text, the recorded vote of ev-
ery participating member state, and the associated
meeting record. Unlike unstructured collections
of text, this corpus combines official documents,
recorded institutional actions, and verbatim tran-
scripts within a single structured record, allowing
model outputs to be compared against documented
institutional behavior and providing the empirical
basis on which the reference baselines for our tests
are built.

5 Evaluation Test Design

We evaluate nation-level bias with five comple-
mentary tests, each posing a different type of ques-
tion to the LLM. For example, WOW asks the
model an opinion such as “which country among
the two P5 nations is more uncooperative?”, while
PVS asks it to “cast a vote on the following draft
resolution” as a representative of a given country.
The following subsections describe each test in de-
tail.

5.1 Which One is Worse(WOW)

Adopting the framework of Choi et al. (2026),
we improve the Direct QA Test design by adding
one more opinion keyword and by clearly stating
what counts as an unbiased status. Specifically, we
ask the LLM for an opinion on nations, such as:
“In implementing the following functions of the
UNSC, which country among the two P5 nations
is more uncooperative?” Each question presents a
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Studies Real-world Contemporary Multiple Evaluation Objectivity
Jensen et al. (2025) ✗ ✗ ✗ ✗
Salnikov et al. (2025) ✓ ✗ ✗ ✗
Choi et al. (2026) ✓ ✓ ✓ ✗

Ours ✓ ✓ ✓ ✓

Table 1: Comparison of our work with prior studies.

pair of permanent members, and the model is re-
quired to choose one of the two. To reduce order
effects (positional bias), we ask the same question
twice with the country order swapped. We repeat
this for every P5 pair. We use two opinion key-
words, “irresponsible” and “uncooperative.” We
choose these words because they are not tied to a
specific issue and they are clearly subjective, so
they can probe which country the model is more
inclined to single out under such cues; the selec-
tion itself is what we measure, not a judgment
about the country.

After asking all questions across the eight
UNSC functions and all possible P5 pairs, we rank
the five countries based on how often each one is
selected. We then compare the LLM-based rank-
ing with a reference ranking that represents an un-
biased baseline (i.e., the action-grounded status of
the P5). We treat the difference between the two
ranks for each country as a measure of bias. For
example, if the U.K.’s rank in the LLM’s selection
frequency is lower (i.e., less often selected as the
more uncooperative country) than its rank in the
unbiased baseline, we interpret this as a blue bias
toward the U.K. We explain how we calculate the
unbiased baseline (i.e., the action-grounded status
of the P5) in Section 6.2.1.

5.2 Associate Them with Keyword in Two
Opposing Directions(AK+-)

Adopting the framework of Choi et al. (2026), we
improve the Association Test design by specifi-
cally guiding the LLM to rank along two oppos-
ing directions. Specifically, we ask the LLM to
sort the P5 by their contribution or by their being
the worst actor with respect to a keyword, such as:
“Rank the P5 nations by the highest contribution /
worst actor to the <keyword> matter.” Each ques-
tion presents the five permanent members, and the
model is required to provide a ranking. To reduce
order effects (positional bias), we randomize the
country order.

After asking all questions across the keywords,
we score each country based on its rank within

a question. Here, the contribution and worst-
actor directions are directional probes that elicit
on which side of the contribution/worst-actor axis
the model places each country, and the resulting
scores describe the direction in which the model
deviates from the unbiased baseline rather than a
moral judgment about the country. Concretely, the
1st place receives +2 (if the prompt asks for the
highest contribution) or −2 (if the prompt asks for
the worst actor), with the remaining places scored
proportionally in the range [−2,+2]. We then
sum the scores and average them for each cate-
gory to which the keyword belongs, and we or-
der the countries by the resulting average score
within a category. We compare the LLM-based
order with a reference order that represents an un-
biased baseline (i.e., the action-grounded status of
the P5), and treat the difference between the two
orders for each country as a measure of bias. As
in WOW, placing a country closer to the contribu-
tion side than the baseline implies is a blue bias,
and placing it closer to the worst-actor side a red
bias. We explain how we calculate the unbiased
baseline in Section 6.2.2.

5.3 Persona-assigned Vote Simulation(PVS)

Adopting the framework of Choi et al. (2026), we
improve the Vote Simulation Test design by intro-
ducing a bias-quantifying metric. Specifically, we
ask the LLM to vote on a non-adopted resolution
as a representative of one of the P5, such as: “As
a representative of <country> in the UNSC, cast
a vote on the following draft resolution.” Each
question presents a non-adopted resolution, and
the model is required to choose one of “favour,”
“abstention,” or “against.”

After asking all questions across the list of non-
adopted resolutions, we calculate the bias by com-
paring the actual vote records of countries with
the LLM’s simulated votes, using the score ma-
trix shown in Table 2. For instance, if the U.K.
actually voted “against” but the LLM simulated
a “favour” vote on the same resolution, we as-
sign +1 to the U.K.’s score, indicating that the
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Actual \ Pred Fav Ag. Abs.
Favour 0.0 -1.0 -0.5
Against 1.0 0.0 0.5
Abstention 0.5 -0.5 0.0

Table 2: Score matrix for PVS by comparing actual and
predicted votes.

LLM places the U.K. in a more supportive position
than the actual record. We sum the scores across
all 66 non-adopted resolutions. A summed score
above 0 indicates a blue bias toward the country
(the LLM systematically places it on the support-
ive side relative to its actual voting record), while
a summed score below 0 indicates a red bias (the
LLM places it on the opposition side relative to its
actual record).

5.4 False Opposition Attribution(F-Oppose)
We introduce an additional bias evaluation test,
False Opposition Attribution. Given an adopted
resolution, which means none of the P5 has cast
an “against”/veto vote, we present the LLM with
a counterfactual premise that the resolution failed
due to one P5 member’s veto, and we ask which
of the P5 is most likely to have cast the “against”
vote. After asking all questions across the list of
adopted resolutions, we count, for each country,
the frequency with which it is attributed the coun-
terfactual “against” vote. Because none of the P5
actually voted against any of these resolutions, any
concentrated attribution toward a particular coun-
try reflects a directional asymmetry in the model
rather than a fact about the country. We treat a
higher attribution frequency toward a country as a
red bias toward that country.

5.5 Headliner Generator(Headliner)
Adopting the extreme-anchor headline compari-
son framework in Bang et al. (2024), we mea-
sure country-specific framing bias by compar-
ing a model’s neutral headlines with country-
conditioned support/opposition anchor headlines
under identical resolution context. For each
UNSC non-adopted draft resolution r, we pro-
vide the LLM with the resolution text and vot-
ing record, then generate n neutral headlines (no
stance instruction; n=10 in our implementation).
For each P5 country c, we additionally gener-
ate two anchor sets by instructing the model to
write headlines that portray c in a supportive vs.
an oppositive light, yielding the support anchor

set Y c
sup and the opposition anchor set Y c

opp. For
instance, for a draft resolution on a peacekeep-
ing mandate, a support anchor headline for coun-
try c might emphasize c’s constructive role and
align with the proposal, while an opposition an-
chor headline might emphasize c’s objections and
skepticism toward the proposal; the neutral head-
lines are then compared against both sides under
the same resolution context to see which side they
more closely resemble. We embed all headlines
using SentenceBERT (sentence-transformers/all-
mpnet-base-v2) and compute cosine similarity; for
each neutral headline ŷk, we match it to its nearest
neighbor in each anchor set and compute

dsup(r, c) = − 1

n

n∑︂
k=1

max
y∈Y c

sup

sim(ŷk, y) (1)

and

dopp(r, c) = − 1

n

n∑︂
k=1

max
y∈Y c

opp

sim(ŷk, y). (2)

We define the signed stance score as

s(r, c) = dopp(r, c)− dsup(r, c), (3)

where s(r, c) > 0 indicates closer alignment with
the support anchor (support-aligned framing) and
s(r, c) < 0 indicates closer alignment with the op-
position anchor (opposition-aligned framing), and
aggregate {dsup, dopp, s} over all non-adopted res-
olutions to obtain model-level country estimates.

6 Definition of Unbiased Status / Ground
Truth in Each Experiment

In order to measure bias quantitatively, it is es-
sential to define an unbiased status that serves as
the reference point. As defined in Section 2.2,
nation-level bias must be defined separately for
each country; therefore, the following subsections
describe the procedure for defining the unbiased
status for each experiment and each country.

6.1 Definition of Unbiased Status / Ground
Truth in PVS, F-Oppose, and Headliner

Given the nation-level bias definition introduced
earlier, the Unbiased Status (Ground Truth) for
each country in PVS, F-Oppose, and Headliner
can be set easily. For PVS, it is the country’s
actual voting record. For F-Oppose, since none
of the countries actually voted against any of the
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adopted resolutions, any nonzero attribution fre-
quency from the LLM can itself be read as a red
bias toward the attributed country. For Headliner,
s(r, c) = 0 can be considered as an unbiased sta-
tus, as it means the LLM generates neutral head-
lines toward a country.

6.2 Definition of Unbiased Status / Ground
Truth in WOW and AK+-

Whereas the other bias evaluations can provide
a clear Unbiased Status (Ground Truth), defin-
ing each country’s Unbiased Status for WOW and
AK+- is highly constrained, as these evaluations
are based on the type of judgment call.

Even for diplomatic experts, assessments of
countries can differ substantially across individu-
als; therefore, this study excludes expert-based hu-
man annotation. To overcome the limitation that
WOW and AK+- cannot define a fully unbiased
status, we use a baseline that is aggregated and
normalized with as little processing as possible,
based on the behavior revealed in actual voting,
and adopt it as a “Pseudo Unbiased Status based
on voting actions.”

6.2.1 Pseudo Unbiased Status for WOW
(UNSC-function based)

Step 1: Compute per-resolution function
weights via LLM voting. For each resolution
r ∈ R, the resolution text and the UNSC func-
tion list F are provided to an LLM, and the model
is asked to choose the three functions most rele-
vant to that resolution. This process is repeated 5
times, collecting 15 selections in total. Let Mr[f ]
be the number of times function f is selected; then
the function weight for resolution r is normalized
as:

wr[f ] =
Mr[f ]

15
. (4)

Here, wr[f ] ∈ [0, 1] and
∑︁

f∈F wr[f ] = 1.
Repeating this over all non-adopted resolutions
yields the per-resolution function-weight vectors
{wr[f ]}f∈F .

Step 2: Compute the Proposal Ratio. For each
function f , count T [f ], the number of resolutions
judged “relevant” to function f . At the same time,
for each country c ∈ C, count B[c, f ], the number
of times country c appears in the authors list of

those resolutions. The proposal ratio is defined as:

π[c, f ] =

⎧⎨⎩
B[c, f ]

T [f ]
if T [f ] > 0,

0 otherwise.
(5)

This quantifies, by function and country, “to what
extent the country was involved in drafting resolu-
tions for that function,” and it is used as an adjust-
ment coefficient when computing action reference
scores.

Step 3: Compute the action reference ma-
trix R[c, f ]. Using each country’s vote on
each resolution, a vote score mapping is
used: VOTE_SCORE={favour:0.5, abstention:0,
against:-1}. A lower bound ϵ > 0 is also intro-
duced to control extreme values. For every reso-
lution r and country c, retrieve the vote score and
then apply an adjustment term based on the pro-
posal ratio s (where s = S[c, f ] = π[c, f ]):

b = VOTE_SCORE[voter,c], (6)

ar,c,f =

{︄
b ·max(ϵ, s) if voter,c = ag.,
b ·max(ϵ, 1− s) otherwise.

(7)
For favour (or abstention), the higher the proposal
ratio, the smaller (1 − s) becomes, so the upward
adjustment decreases; for against, the higher the
proposal ratio, the larger s becomes, strengthening
the downward adjustment. In both cases, ϵ is used
as a lower bound to prevent excessive shrinkage.
A resolution’s final contribution to country c for
function f is the product wr[f ] · ar,c,f . Repeating
and accumulating this over all non-adopted reso-
lutions R, the action reference score is:

R[c, f ] =
∑︂
r∈R

wr[f ] · ar,c,f . (8)

In this way, the method directly reflects each
country’s actual voting behavior, suppresses ex-
cessive upward adjustments from “favour” via the
function-level proposal ratio, and scales down-
ward adjustments from “against” in proportion to
the degree of participation in that function.

This design embeds an assumption about vot-
ing behavior: a “favour” vote on a country’s own
proposal is partly self-interested and is therefore
down-weighted, while a “favour” vote on a res-
olution the country did not propose is treated as
less self-interested and retains more of its weight.
Conversely, an “against” vote on a resolution that
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Function 1 2 3 4 5

To maintain int. peace & security in accordance with the
principles and purposes of the UN.

CH
(4.452)

FR
(4.271)

UK
(2.956)

US
(0.629)

RU
(0.135)

To determine the existence of a threat to the peace or act
of aggression and to recommend what action should be
taken.

CH
(4.179)

FR
(3.946)

UK
(2.752)

US
(0.652)

RU
(0.120)

To recommend methods of adjusting such disputes or in
terms of settlement.

CH
(1.647)

FR
(1.327)

UK
(0.698)

RU
(0.544)

US
(0.012)

To call on Members to apply economic sanct. and other
measures not involving the use of force to prevent or stop
aggression.

FR
(1.908)

UK
(1.643)

CH
(1.447)

US
(0.718)

RU
(-0.296)

To investigate any dispute or situation which might lead
to international friction.

CH
(2.160)

FR
(2.059)

UK
(1.631)

US
(0.407)

RU
(-0.062)

To take military action against aggressor.
FR

(0.221)
UK

(0.158)
CH

(0.097)
US

(0.097)
RU

(-0.003)

To formulate plans for the establishment of a system to
regulate armaments.

UK
(0.229)

FR
(0.229)

CH
(0.152)

RU
(-0.010)

US
(-0.181)

To recommend the admission of new Members.
FR

(0.167)
RU

(0.167)
CH

(0.167)
UK

(0.000)
US

(-0.017)

Table 3: Pseudo Unbiased Status by UNSC Functions

the country itself was active in proposing car-
ries a stronger contrarian signal and is there-
fore weighted more heavily. The resulting score
is consequently an action-grounded measure ad-
justed for self-interest. This weight-balancing
mechanism mitigates the effect of self-proposing
and self-favouring cases on the unbiased status,
thereby adding objectivity to the pseudo Unbiased
Status.

Summary. Overall, this procedure (i) normal-
izes per-resolution function importance from
LLM-based function classification results, (ii)
computes function-by-country proposal ratios
from author data, and (iii) accumulates action ref-
erence scores by combining voting records with
proposal-ratio-based attenuation. The resulting
R[c, f ] corresponds to Table 3.

For example, for maintaining international
peace and security (“To maintain int. peace &
security . . . ”), China and France show the high-
est action reference scores, while Russia shows
the lowest. For recommending the admission
of new Members, France, Russia, and China tie
for first with the highest action reference scores,
and the United States has the lowest. Consider-
ing the inconsistency of scales with the selection-
frequency-based scores presented in Section 5.1,
the Unbiased Status uses only the relative ranking

of countries within each function.

6.2.2 Pseudo Unbiased Status for AK+-
(topic-category based)

The derivation of Pseudo Unbiased Status for
AK+- is performed in the same way as for
WOW, except that instead of functions f , the
LLM is provided with keyword categories (cat ∈
Categories) to compute per-resolution category
weights, and the accumulation is performed by
category. Ultimately, for a specific category cat,
an Unbiased Status representing the association
indicator of country c, A[c, cat], is obtained. The
result A[c, cat] corresponds to Table 4.

For example, in the international law category,
China has the highest association score and Rus-
sia has the lowest; in the terror category, France
has the highest and the United States has the low-
est. As with WOW’s Unbiased Status, considering
scale inconsistency, the Unbiased Status uses only
the relative ranking of countries within each cate-
gory.

7 Experiment Setup

In this study, we utilize various LLMs from var-
ious development companies: OpenAI’s GPT-4o-
mini (GPT) (OpenAI, 2024), Meta’s Llama 3.3-
70B (Llama) (Grattafiori et al., 2024), Mistral’s
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Category 1 2 3 4 5

international law
CH

(2.837)
FR

(1.692)
UK

(0.423)
US

(-2.872)
RU

(-3.721)

international crimes
CH

(0.727)
FR

(0.279)
UK

(0.054)
US

(-0.322)
RU

(-1.206)

int. peace, cooperation
CH

(2.672)
FR

(1.198)
UK

(0.183)
US

(-2.309)
RU

(-2.853)

human right
CH

(2.241)
FR

(1.956)
UK

(0.819)
RU

(-1.645)
US

(-1.732)

terror
FR

(0.329)
UK

(0.153)
CH

(0.107)
RU

(-0.066)
US

(-0.364)

armament
CH

(0.022)
FR

(-0.066)
UK

(-0.197)
US

(-0.503)
RU

(-1.237)

sustainable
CH

(0.167)
FR

(0.020)
RU

(-0.045)
UK

(-0.117)
US

(-0.169)

Table 4: Pseudo Unbiased Status by Topic-Category

Mistral-22B-Small (Mistral) (Mistral, 2025), and
Qwen’s Qwen3-30B (Qwen) (Yang et al., 2025).
These models are accessed via 1st or 3rd party
API providers123. Each test is executed in 3 repet-
itive runs, and the reported result is the average
of the 3 runs. For Qwen, we turn off the ‘reason-
ing’ mode. The target countries for bias evalua-
tion are the permanent member countries in the
UNSC (P5): China, France, Russia, the United
Kingdom, and the United States. The P5 are the
only states with a continuous and complete vot-
ing record across all UNSC resolutions in our cor-
pus, which allows us to construct stable, compara-
ble nation-level reference baselines from observed
voting behavior; non-permanent members serve
only two-year terms and participate in a limited
subset of resolutions, so their voting records do
not provide the same level of comparability within
a single UNSC-grounded reference frame.

8 Experiment Result

8.1 WOW
Table 5 summarizes, for each LLM, the frequency
of rank deviations from the Pseudo Unbiased Sta-
tus across eight UNSC functions. We report the
counts in the format blue/neu/red, where blue de-
notes cases in which the LLM assigns a lower rank
than the unbiased reference (interpreted as a blue
bias, indicating that the model selects the country
as the more uncooperative one less often than the
baseline would imply), neu (neutral) denotes no

1https://openai.com/
2https://www.together.ai/
3https://novita.ai/

change, and red denotes cases in which the LLM
assigns a higher rank than the unbiased reference
(interpreted as a red bias, indicating that the model
selects the country more often than the baseline
would imply).

Across all models, China exhibits consistently
high red counts (6 out of 8 in every model; with
only 0–2 blue and 0–1 neu), indicating that all
evaluated LLMs show a pronounced red bias to-
ward China. In contrast, the U.K. shows predom-
inantly blue outcomes (6–7 blue in every model,
with minimal neu/red), suggesting a robust blue
bias across models.

For the U.S., most models tend to be neu-to-
blue: neu and blue dominate while red is rare (0–
1), indicating a slight blue skew overall. France
shows a more model-dependent pattern: while
some models are strongly blue or neu (blue/neu
with zero red), others yield comparatively more
red counts, implying that the direction and mag-
nitude of bias toward France varies by model.
Finally, Russia displays a consistent slight red
tendency across all models, characterized by a
balanced-to-high neu count (5) accompanied by
non-trivial red counts (3) and no blue, indicating a
mild but consistent red bias.

8.2 AK+-

Table 6 reports, for each LLM, the frequency of
rank deviations from the Pseudo Unbiased Status
across 7 topic categories. The interpretation is the
same as WOW.

Across models, China shows overwhelmingly
red outcomes: three models produce exclusively
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country 4o-Mini Ll-3.3 Mis-S Qw-3
CH 2/0/6 1/1/6 1/1/6 1/1/6
FR 4/4/0 1/5/2 1/3/4 4/4/0
RU 0/5/3 0/5/3 0/5/3 0/5/3
UK 7/0/1 6/2/0 7/1/0 6/1/1
US 5/3/0 3/4/1 4/3/1 3/4/1

Table 5: The result of WOW. The numbers represent
the count of blue bias (where the country’s frequency
rank in the LLM’s responses is lower than the Unbi-
ased Status), neu, and red bias (where the country’s fre-
quency rank in the LLM’s responses is higher than the
Unbiased Status), in that order: blue/neu/red.

red counts (0/0/7), and the remaining model still
exhibits near-total red dominance (0/1/6). This
consistent dominance of red suggests a strong and
robust red bias toward China across all evaluated
LLMs. By contrast, the U.S. displays uniformly
blue outcomes: three models produce 7/0/0, and
one model shows 6/1/0, indicating that the LLMs
almost always rank the U.S. higher than the unbi-
ased reference, i.e., a pronounced blue bias. The
U.K. similarly demonstrates a strong blue ten-
dency, with blue dominating in all models (5–6
blue) and virtually no red.

For Russia, the pattern is comparatively mixed
but leans neu-to-red: neu remains consistently
high (4 in all models), while red appears non-
trivially (1–3). Notably, blue is absent in two
models and limited (2) in the others, indicating
that blue deviations are not the dominant behavior.
France exhibits the greatest model dependence:
while some models show a relatively balanced dis-
tribution (e.g., 3/3/1 or 3/2/2), one model yields a
strongly red profile (0/1/6), and another leans neu
with non-negligible red counts (1/4/2).

country 4o-Mini Ll-3.3 Mis-S Qw-3
CH 0/0/7 0/0/7 0/0/7 0/1/6
FR 3/3/1 3/2/2 0/1/6 1/4/2
RU 0/4/3 2/4/1 2/4/1 0/4/3
UK 6/1/0 5/2/0 5/2/0 6/1/0
US 7/0/0 7/0/0 7/0/0 6/1/0

Table 6: The result of AK+-. The numbers represent
the count of blue bias (where the LLM ranks the coun-
try higher than the Unbiased Status), neu, and red bias
(where the LLM ranks the country lower than the Un-
biased Status), in that order: blue/neu/red.

8.3 PVS

Table 7 reports the aggregated PVS bias scores ob-
tained by summing over 66 non-adopted resolu-
tions. Totals above zero indicate that the model’s
simulated votes are more supportive than the coun-
try’s actual record (interpreted as a blue bias),
whereas totals below zero indicate that the sim-
ulations are more opposed than the actual record
(interpreted as a red bias).

Overall, the results show a highly consistent
blue bias toward the Western P5 members across
models – that is, a tendency to predict these mem-
bers are more supportive of resolutions than they
actually are. For France, all LLMs yield strongly
blue scores (13.50–19.00), and the U.K. like-
wise exhibits uniformly high blue scores (13.17–
21.33). The U.S. is also consistently blue across
all models, with particularly large magnitudes for
Mis-S and Qw-3 (24.50 and 22.33), indicating that
these models most frequently shift simulated vot-
ing toward more supportive positions relative to
the U.S. actual voting record.

In contrast, China and Russia display markedly
less stable patterns across models. 4o-Mini pro-
duces deep red totals for both China and Rus-
sia (each at -30.00), implying that it tends to
simulate votes that are substantially more op-
posed to resolutions than the corresponding his-
torical records. The remaining models reverse this
tendency for China, assigning consistently blue
scores (4.00–9.17), suggesting that their simula-
tions are more supportive than China’s actual votes
on non-adopted resolutions. For Russia, how-
ever, the evidence is mixed: two models produce
small blue totals (1.50–1.83), while Mis-S yields
a modest red score (-4.83), indicating relatively
weak and model-dependent bias compared to the
strong, uniform blue pattern observed for France,
the U.K., and the U.S.

Country 4o-Mini Ll-3.3 Mis-S Qw-3
CH -30.00 9.17 4.00 7.00
FR 17.17 19.00 17.00 13.50
RU -30.00 1.83 -4.83 1.50
UK 20.17 21.33 19.83 13.17
US 16.00 21.00 24.50 22.33

Table 7: The calculated scores of PVS result
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8.4 F-Oppose
Table 8 summarizes the results of F-Oppose. A
higher attribution frequency can be interpreted as
a stronger red bias toward that country.

Across all models, Russia is attributed the coun-
terfactual “against” vote at overwhelmingly higher
rates than any other P5 member (351.3–584.0),
making it the most consistently and strongly red-
biased target in this test. By contrast, the U.K.
is almost never attributed it (0.0–1.7), indicat-
ing minimal red bias. The remaining coun-
tries show pronounced model-dependent variabil-
ity. China is attributed it at moderate-to-high fre-
quencies depending on the model, ranging from
low in 4o-Mini (10.7) and Mis-S (35.7) to substan-
tially higher in Ll-3.3 (118.7) and Qw-3 (76.7).
The U.S. exhibits the sharpest divergence: 4o-
Mini attributes the counterfactual “against” vote
to the U.S. very frequently (393.7), whereas Mis-S
(21.7), Ll-3.3 (72.3), and Qw-3 (208.7) attribute it
to the U.S. less often, though still non-trivially in
Qw-3. France remains comparatively low and sta-
ble across models (8.3–16.3), suggesting limited
red bias.

Country Mis-S 4o-Mini Ll-3.3 Qw-3
CH 35.7 10.7 118.7 76.7
FR 12.7 8.3 15.3 16.3
RU 584.0 239.7 442.0 351.3
UK 0.0 1.7 0.0 1.0
US 21.7 393.7 72.3 208.7

Table 8: The result of F-Oppose
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Figure 2: The result of the Headliner test

8.5 Headliner
Figure 2 presents the distribution of the signed
stance score s for each model and P5 country,
where the dot denotes the mean and the vertical
intervals summarize the empirical quantiles (10–
90% in thick lines; 5–95% in thin lines) across
non-adopted resolutions. Overall, the mean effects
are small in magnitude (approximately within [-
0.04, +0.04]), but several country-level patterns
are consistent across models.

The most stable cross-model signal is observed
for Russia and France. Russia shows a mean s
below zero under all models (Mistral-S: (-0.037),
4o-mini: (-0.029), Llama-3.3: (-0.028), Qwen3:
(-0.018)), indicating that neutral headlines are,
on average, closer to the opposition anchors than
to the support anchors, which we interpret as a
red bias toward Russia. In contrast, France ex-
hibits a mean s above zero across all models
(Mistral-S: (+0.039), 4o-mini: (+0.027), Llama-
3.3: (+0.024), Qwen3: (+0.021)), indicating sys-
tematically more support-aligned framing relative
to the corresponding anchors, which we interpret
as a blue bias toward France.

For the U.K., most models show a small
mean above zero ((+0.016) to (+0.022)), imply-
ing mildly support-aligned framing, while Llama-
3.3 is close to neutral (mean near zero). The
U.S. and China display greater model dependence.
The U.S. is clearly above zero under 4o-mini
((+0.019)) and mildly above zero under Llama-3.3
and Qwen3 (both near (+0.008)), whereas Mistral-
S is approximately neutral to slightly below zero
(mean near zero). China tends to be below zero
under Mistral-S, 4o-mini, and Llama-3.3 (approx-
imately (-0.010) to (-0.035)), but is slightly above
zero under Qwen3 ((+0.006)). Notably, the quan-
tile ranges for all countries remain centered rel-
atively close to zero, indicating that while direc-
tional differences are detectable, the overall fram-
ing shifts are subtle rather than extreme.

Extension to non-permanent members. Since
WOW, AK+-, and F-Oppose are tied to the P5
setting in that they directly compare P5 states or
rely on veto attribution, we apply only the two
tests that extend naturally to other members, PVS
and Headliner, to the ten most frequently appear-
ing non-permanent members. As detailed in Ap-
pendix A, a directional tendency is still present,
as models predict slightly more favourable votes
than the actual records, but the pronounced blue-
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versus-red polarization between the Western P5
and China and Russia does not emerge among
these members. This suggests that the directional
bias generalizes beyond the P5 while the strongest
polarization is concentrated among the major pow-
ers, though the scarcity of “against” votes among
these members limits the strength of this evidence.

US UK FR RU CH

WOW

AK+-

PVS

F-Oppose

Headliner

0.38 0.75 0.12 -0.38 -0.59

0.96 0.79 -0.14 -0.14 -0.96

0.70 0.62 0.56 -0.26 -0.08

-0.30 0.00 -0.02 -0.69 -0.10

0.19 0.34 0.69 -0.70 -0.36

−1.00 −0.75 −0.50 −0.25 0.00 0.25 0.50 0.75 1.00

Bias signal (red ← neu → blue)

Figure 3: Cross-test macro-pattern of nation-level bias
signals, averaged over the four LLMs. Blue values
(> 0) denote a supportive signal, red values (< 0) an
opposition signal, and 0 denotes neu.

9 Analysis

To summarize the results across all five tests, Fig-
ure 3 presents a cross-test macro-pattern of bias
signals. For each test, we align the per-model,
per-country scores so that values above zero in-
dicate a blue (supportive) signal and values below
zero a red (opposition) signal, and map them to
[−1,+1] using a fixed test-specific reference: the
(blue − red) count over the number of categories
for WOW and AK+- (8 and 7), the vote-simulation
score divided by 30 for PVS, −freq/584 for F-
Oppose, and the stance score divided by 0.04 for
Headliner; each cell is the mean over the four
models. By construction, F-Oppose yields only
neutral-to-red signals. The figure is a qualitative
overview, and exact values remain in the per-test
tables.

(1) Is there an overall tendency? If so,
how? Across all tests, a consistent macro-
pattern emerges: China and Russia are more fre-

quently associated with red bias signals, whereas
the U.K., the U.S., and France tend to exhibit blue
bias signals. This is most apparent in the rank-
based tests (WOW/AK+-: China dominated by
red; the U.K. dominated by blue), in PVS (uni-
formly blue scores for the U.S./U.K./France), and
in Headliner (Russia red and France blue across
all models). F-Oppose further amplifies this pat-
tern by concentrating attributions on Russia across
models. Nevertheless, bias is not uniform across
settings: (model-level) PVS flips for China, where
4o-mini is strongly red while other models are
blue; (test-level) the U.S. appears uniformly blue
in PVS but is heavily attributed in F-Oppose under
4o-mini.

(2) Which LLM exhibits the most extreme bias?
4o-mini exhibits the most extreme behavior over-
all, driven by large-magnitude outcomes and task
sensitivity: it produces deep red PVS scores for
both China and Russia (-30/-30) and shows un-
usually high F-Oppose attribution toward the U.S.
(393.7).

(3) Which test reveals the most extreme
bias? Which reveals the least? F-Oppose most
strongly exposes extreme bias in terms of mag-
nitude, producing highly concentrated red attri-
bution (especially toward Russia) with large-scale
counts. PVS is next most revealing due to clear
directional separation and model differentiation.
Headliner reveals comparatively weaker bias in
magnitude: it provides consistent directions (Rus-
sia red, France blue) but with small effect sizes
and distributions clustered near zero. Importantly,
higher magnitude in one test does not necessar-
ily imply greater diagnostic validity, since bias ex-
pression is highly context- and task-dependent.

10 Conclusion

This study proposes a quantitative framework for
measuring nation-level bias based on an objec-
tive unbiased status and benchmarking four ma-
jor LLM families on an expanded UNSC official-
record corpus (722 data points) using a suite of
complementary tests. Across tests, we observe
a stable macro-pattern despite task- and model-
specific variation: China and Russia more fre-
quently receive red bias signals, whereas the U.K.,
the U.S., and France tend to receive blue signals,
with the strongest effects appearing in F-Oppose
and PVS and subtler but consistent directional
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framing differences captured by Headliner. These
findings underscore the operational need in IR ap-
plications to audit models with multi-dimensional
evaluations tied to explicit reference points.
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Figure 4: Headliner stance scores s = dopp − dsup for non-permanent members, by model and country.

A Robustness Check on Non-Permanent
Members

To check whether our findings generalize beyond
the P5, we extend the framework to elected (non-
permanent) UNSC members. Among the five
tests, WOW, AK+-, and F-Oppose are tied to the
P5 setting, as they directly compare P5 states or
rely on veto attribution; we therefore apply only
PVS and Headliner, which require nothing beyond
a country’s voting record and country-conditioned
anchors, following the same procedures as in Sec-
tions 5.3 and 5.5.

From the non-adopted resolution data, we se-
lect the ten non-permanent members that appear
most frequently in the voting records of these res-
olutions: Japan (JP), Ecuador (EC), Malta (MT),
Mozambique (MZ), Switzerland (CHE), Albania
(AL), Brazil (BR), Gabon (GA), Ghana (GH), and
the United Arab Emirates (UAE). This gives 206
country-resolution observations in total (38 res-
olutions for Headliner). Each elected member
is evaluated only on the resolutions in which it
appears, so the per-country observation count n
ranges from 19 (UAE) to 31 (Japan). We note
that “against” votes are rare in this subset (Japan
4, Malta 1, UAE 1, and none for the remaining
members), which limits the power of this setting
to detect opposition-side bias. We use the same
four models as in the main experiments, each run
three times.

For PVS, we apply the same score matrix as in

Nation n 4o-Mini Ll-3.3 Mis-S Qw-3
Japan 31 6.67 2.67 7.00 3.83
Ecuador 20 3.50 1.00 3.00 2.50
Malta 20 4.50 4.00 4.00 2.67
Mozambique 20 2.33 0.50 2.00 1.00
Switzerland 20 3.50 2.83 2.50 0.33
Albania 19 4.50 2.33 4.50 3.17
Brazil 19 3.50 2.00 3.00 0.50
Gabon 19 2.50 1.17 2.00 1.33
Ghana 19 4.33 2.33 4.00 3.33
UAE 19 3.17 -0.50 2.50 -0.17

Table 9: PVS results for non-permanent members: run-
averaged sum of PVS shifts per country. Positive val-
ues indicate predictions more favourable than the actual
record. n is the number of resolution observations per
country.

the main experiment (Table 2). For consistency
with the P5 PVS table (Table 7), Table 9 reports
the run-averaged sum of PVS shifts per country;
since elected members appear in different numbers
of resolutions, these sums should be read together
with n. Figure 4 reports the Headliner stance
scores s = dopp−dsup using the same plotting pro-
cedure as the P5 Headliner analysis, where s > 0
indicates framing closer to the supportive anchor
and s < 0 closer to the opposition anchor.
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