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Abstract

Political bias depends not only on the content of a state-
ment, but also on who the statement is about. Prior work
in psychology shows that judgments of the same argument
vary with the referenced social or political group, reflecting
the influence of group-based associations. LLMs can per-
form well on explicit bias benchmarks while still exhibiting
implicit associations that influence downstream decisions.
In this work, we investigate whether changing the target
entity of a political sentence such as replacing “Biden,”
with pronouns or vague references alters LLMs predictions
of bias and political polarity. Using the BABE dataset, a
benchmark of politically biased news statements annotated
with bias spans and stance, we generate systematic varia-
tions of each sentence, i.e., pronoun-masked, vague-target,
and flip-bias variants where the original target is replaced
with an ideologically opposite one. These transformations
enable us to probe implicit bias by examining whether bias
judgments persist when explicit political identities are ob-
scured or altered. We evaluate state-of-the-art instruction-
tuned and reasoning models on these variants to examine
how bias labels and ideological polarity shift, revealing
whether model behavior is driven by surface lexical cues

or implicit stereotypes.

1 Introduction

Political bias depends not only on wording, but also on
the identity of the referenced actors. Research in social
psychology [6, 5] and political communication [7, 3, 13]
demonstrates that people interpret identical statements dif-
ferently depending on the target group, political actor, or
social identity involved. These attributions reflect underly-

ing stereotypes and ideological associations that influence
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how information is perceived [2].

Implicit bias often manifests through subtle patterns of
judgment rather than explicit or overt expressions. In
human cognition, such latent biases are frequently re-
vealed through comparative or context-dependent evalu-
ations, which can precede observable discriminatory be-
havior [10]. Similar limitations also apply to LLMs, thus
it became essential to examine whether such effects also
arise in computational systems. Current findings [19, 21]
found that implicit bias cannot be ignored, and it is there-
fore reasonable to expect that judgments can be shaped by
influences operating outside conscious awareness.

LLMs exhibit similar patterns, despite strong perfor-
mance on explicit bias benchmarks; they can still encode
implicit biases that surface in downstream tasks such as
classification, summarization, and stance detection [16, 20,
8]. Implicit biases are particularly concerning because
they can influence model behavior even without explicit
group references, reflecting human-like stereotype activa-
tion [12]. Motivated by this insight, we design a decision
task that examines how LLM bias emerges when political
targets are explicitly mentioned versus implicitly obscured
in otherwise comparable statements, focusing on subtle, re-
lational forms of bias rather than overt polarization. Prior
work suggests that such comparative settings are effective
for uncovering implicit bias [4, 11], as they surface differ-
ential judgments that may not be apparent in isolated eval-
uations. Building on this insight, we examine bias detec-
tion and ideological stance classification under minimal,
target-preserving changes to assess whether LLMs behave
consistently across minimally altered inputs.

We use the state-of-the-art BABE (Bias Annotation By
Experts) [15] benchmark, which contains 3,700 sentences

on political bias. A key challenge in evaluating political
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Table 1: Sentence variants illustrating implicit bias manipulations using two target entities—[tl: Black Lives Matter]

(social movement) and [t2: Christianity] (religion), from the BABE dataset.

Variants Sentences

Original “‘[Black Lives Matter] is essentially a non-falsifiable religious cult that sets itself specifically against [Christianity], just like the
French Revolution did.”’

t1 pronoun “‘[They] are essentially a non-falsifiable religious cult that sets itself specifically against [Christianity], just like the French Revolution
did.”

tl vague “‘[The movement] is essentially a non-falsifiable religious cult that sets itself specifically against [Christianity], just like the French
Revolution did.”

t1 flipped “‘[Christianity] is essentially a non-falsifiable religious cult that sets itself specifically against [Black Lives Matter], just like the French
Revolution did.”’

t2 pronoun “‘[Black Lives Matter] is essentially a non-falsifiable religious cult that sets itself specifically against [it], just like the French Revolution
did.”’

t2 vague “‘[Black Lives Matter] is essentially a non-falsifiable religious cult that sets itself specifically against [a major religion], just like the
French Revolution did.”’

t2 flipped “‘[Black Lives Matter] is essentially a non-falsifiable religious cult that sets itself specifically against [Islam], just like the French

Revolution did.”

Table 2: Distribution statistics of the BABE dataset.

* How political polarity shifts when targets are flipped?

Bias Labels Polarity Labels
y 2 Related Work
Non-biased 1,863 | Left 989
Biased 1,810 | Right 993 Prior work [5, 13, 3] demonstrates that identical argu-
Center 692 ments are evaluated differently depending on the social or
None 1,000

Bias x Polarity Frequent Topics

Non-biased—Center 593 | Marriage equality 347
Biased—Left 618 | Vaccine 299
Biased—Right 597 | Black Lives Matter 289

bias is the role of target identification. For each sen-
tence, we identify two targets (the primary entity), and us-
ing GPT-40 we generate target-preserving variants for the
first (T1) and second (T2) targets using three controlled
transformations as shown in Table 1. Pronoun substitutions
replace explicit political entities with pronouns, vague sub-
stitutions remove explicit lexical cues by replacing the tar-
get with an underspecified description, while flipped sub-
stitutions swap the target with an ideologically contrasting
entity. Flipped variants have the possibility of altering the
underlying ideological stance (e.g., left, center, right), en-
abling us to test whether models change their predictions
solely due to target identity. Together, these manipulations
isolate the extent to which model judgments depend on tar-
get identity rather than sentence content. Using the BABE
dataset, our study asks:

* Does bias vanish when explicit political targets are re-
moved?
* Do LLMs hallucinate who the target is, especially for

vague references?
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political group referenced, as stereotypes and group-based
associations influence perception and interpretation. The
behavior of the language model depends on carefully de-
signed prompts and experiments that control for potential
confounders [1, 9]. Detecting bias is considerably harder
when it is implicit and lacks explicit abusive markers, as
such cases do not rely on clearly identifiable lexical cues
[22]. In this context, [18] worked on a broad range of
techniques using machine learning and social sciences to
evaluate and reduce discriminatory behavior in language
models, while [17] designed multiple prompts to investi-
gate how language models frequently reveal stereotypical

associations in implicit bias evaluations.
3 Proposed Approach

Target-Preserving Bias Manipulations We uti-
lize OpenAl GPT-40 to automatically construct target-
preserving sentence variants for the BABE dataset, with
the goal of probing implicit bias sensitivity under minimal
textual perturbations. The prompt is shown in Figure 2 in
Appendix. For each original sentence, we identify up to
two target entities (e.g., political actors, social groups, in-
stitutions) and generate two manipulation categories, cor-
responding to the first target (T1) and the second target
(T2). Variant examples are shown in Table 1, while Table 2

presents the BABE dataset distribution. For each sentence,
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Table 3: Results of bias detection.

Table 4: Results of polarity classification.

Model Sentence Type Acc F1 Prec  Rec Model Sentence Type Acc F1 Prec  Rec
Original 76.10 76.00 78.60 70.72 Original 45.57 4380 46.92 4379
T1 Pronoun 7443 7425 7796 67.05 T1 Pronoun 42.86 41.78 4437 41.43
T1 Vague 73.86 73.61 7821 65.06 T1 Vague 43.59 4263 44.69 42.28
Llama-3B  T1 Flipped 74.57 7448 7650 69.77 Llama-3B  T1 Flipped 4240 4137 4390 41.03
T2 Pronoun 73.68 73.61 76.04 68.77 T2 Pronoun 46.35 4450 48.56 44.54
T2 Vague 75.14 7489 80.88 65.52 T2 Vague 46.68 4521 4790 45.12
T2 Flipped 7387 73.79 7632 68.83 T2 Flipped 44.68 42.69 45.64 42.88
Original 70.67 70.14 62.78 90.49 Original 53.98 53.05 53.54 53.13
T1 Pronoun 70.40 69.81 63.29 89.17 T1 Pronoun 48.85 4835 48.52 48.30
T1 Vague 70.66 70.19 63.49 88.50 T1 Vague 50.15 49.59 49.71 49.55
Llama-8B  TI Flipped 69.00 68.21 61.45 90.53 Llama-8B T1 Flipped 46.16 46.17 46.72 46.12
T2 Pronoun 67.57 6641 60.59 90.69 T2 Pronoun 5496 53.87 54.80 53.92
T2 Vague 70.87 70.32 63.43 89.82 T2 Vague 53.53 5299 53.65 53.06
T2 Flipped 67.33 66.09 60.14 91.47 T2 Flipped 51.69 5120 51.70 51.20
Original 64.55 64.00 58.10 83.27 Original 33.11 33.53 3473 33.04
T1 Pronoun 63.20 6293 5829 76.28 T1 Pronoun 3492 3492 3522 3479
T1 Vague 64.37 64.14 59.09 77.29 T1 Vague 3693 37.00 37.37 36.85
Qwen-7B  T1 Flipped 62.68 62.00 57.08 81.28 Qwen-7B  T1 Flipped 37.15 3693 37.18 36.81
T2 Pronoun 63.07 6236 57.99 80.85 T2 Pronoun 3331 3371 34.15 3343
T2 Vague 6391 6340 58.64 80.10 T2 Vague 3293 33.09 34.12 3271
T2 Flipped 6221 61.26 57.00 82.21 T2 Flipped 33.94 3412 35.02 33.77
Original 56.57 47.67 53.17 99.28 Original 4792 47.61 48.52 47.23
T1 Pronoun 56.10 47.01 5293 98.89 T1 Pronoun 44770 4450 4492 4425
T1 Vague 5722 49.05 53.57 98.73 T1 Vague 46.18 46.00 46.16 46.00
Qwen-14B  T1 Flipped 55.78 46.37 5274 99.06 Qwen-14B  T1 Flipped 4570 4579 45.69 4594
T2 Pronoun 54.88 4397 5247 99.44 T2 Pronoun 4591 45.67 46.82 45.21
T2 Vague 56.40 46.76 5333 99.38 T2 Vague 44.69 4452 4532 44.15
T2 Flipped 5497 4417 5252 99.38 T2 Flipped 4583 4563 46.18 45.34

we apply three controlled transformations: Pronoun sub-
stitution replaces the explicit target mention with a coref-
erential pronoun (e.g., “Democrats” —> “they” ), removing
lexical specificity while preserving grammatical structure
and discourse coherence. This tests whether models rely
on explicit entity names to infer bias. Vague substitution
replaces the target with a semantically underspecified de-
scription (e.g., “Democrats” — “some politician” or
“a certain group” ), reducing ideological salience while
maintaining the sentence’s overall meaning. This probes
sensitivity to abstraction and ambiguity in target represen-
tation. Flipped substitution swaps the original target with
a contrasting or opposing entity of the same semantic type
(e.g., “Democrats” <> “Republicans” ), intentionally
reversing the ideological or social alignment while keeping
the syntactic frame unchanged.

When only a single target is present in the original sen-
tence, only T1 variants are generated; T2 variants are omit-
ted to avoid redundant or duplicated samples. Across all
manipulations, the surrounding context and factual con-
tent are otherwise preserved. We evaluate state-of-the-art

instruction-tuned reasoning models across all experiments.
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See Appendix A for more details on dataset, experimen-
tal setup and implementation details, while the evaluation

prompt is shown in Figure 1.
4 Results and Experiments

We report bias classification results for each model in
all six settings against regular baseline (original) as shown
in Table 4 and stance detection results in Table ??. We
observe clear differences in both task difficulty and model
robustness to minimal, target-preserving edits. Bias detec-
tion is consistently easier than polarity prediction, where
macro-F1 for bias ranges from 48-70 (Qwen-14B: 0.44—
0.49; Llama-8B: 0.66-0.70), while polarity macro-F1 is
substantially lower, ranging from 33— 53. Among mod-
els for the original settings using BABE, Llama-8B is the
strongest overall, achieving the best bias performance with
an F1 of 70.14 and the best polarity performance with an F1
of 53.05. For the same baseline settings, Qwen-7B is inter-
mediate on bias with an F1 of 64.00 but performs poorly on
polarity with an F1 of 33.53, while Qwen-14B shows the
weakest bias results with an F1 of 47.67 but comparatively
higher polarity results than Qwen-7B with an F1 of 47.61.
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A key finding is variant sensitivity is non-trivial even
when the underlying meaning is intended to remain compa-
rable. For bias, performance fluctuates across T1/T2 con-
ditions: for example, Qwen-14B reaches its best bias score
on T1 Vague with an F1 of 49.05 but drops on T2 vari-
ants (e.g., T2 Pronoun F1 43.97), suggesting that altering
the second target is particularly destabilizing. Llama-8B
exhibits the most stable bias behavior with an accuracy of
mostly 67-71% across variants, yet still shows degradation
on flipped sentences (e.g., T1 Flipped F1 68.21) relative to
its best settings (e.g., T2 Vague F1 70.32). For polarity,
robustness is weaker across all models such as for Qwen-
14B, the best polarity is the baseline (original) condition
(Acc 47.92%) and accuracy typically decreases under pro-
noun/vague variants (e.g., T1 Pronoun Acc 44.70%), while
Llama-8B shows its highest polarity accuracy on T2 Pro-
noun (Acc 54.96%), indicating that certain target edits can
shift predicted ideology more than others.

Finally, the precision— recall profiles show systematic
prediction tendencies. The recall of Qwen-14B bias is
extremely high in all variants (99), but with substantially
lower F1 of 44-49, which is consistent with a model that
“bias”

reliably. In contrast, Llama-8B and Qwen-7B exhibit a

over-predicts and struggles to separate classes
more balanced behavior in the original setting: Llama-8B
achieves a precision of 62.78 and a recall of 90.49, while
Qwen-7B attains a precision of 58.10 and a recall of 83.27.
These results suggest that smaller instruction-tuned mod-
els are better calibrated for bias classification than larger
reasoning-oriented models. For polarity, we additionally
observe a notable number of unmapped or invalid outputs,
particularly for Qwen-7B and Llama-8B. This indicates
that three-way ideological classification is more challeng-
ing and less stable than binary bias detection. Overall, our
results demonstrate that even small, controlled changes to
target mentions—such as pronoun substitution, vagueness,
or target flipping—can measurably alter bias and stance
predictions. The extent of this sensitivity varies across
models, and the magnitude of this effect is strongly model-
dependent, with polarity judgments showing notably lower
stability than bias classification.

Implicit Target Bias Index (ITBI)
we propose an ITBI metric that quantifies the instability

In our study,

of the prediction of the model caused by target-preserving

obfuscations. Details are provided in Appendix A. We per-
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form the ITBI analysis using a reasoning-based Qwen-14B
model as shown in Table 5. ITBI shows a clear asymmetry
between bias and polarity judgments. Bias predictions are
highly stable under target obfuscation (mean ITBI bias of
0.062 with 4.44% flip rate), indicating reliance on explicit
evaluative cues. In contrast, polarity judgments are sub-
stantially more sensitive to implicit target changes (mean
ITBI polarity of 0.374), with nearly a quarter of sentences
changing left/center/right classification under pronoun or
vague substitutions. In general, while 72.4% of sentences
remain fully stable (ITBI=0), a notable minority (14.8%)
exhibit multiple flips, demonstrating that implicit target
identity primarily affects ideological stance rather than bias

detection.

Table 5: ITBI scores summary using Qwen-14B.

Metric Bias Polarity
Pronoun flip (%) 3.03 19.54
Vague flip (%) 3.22 18.35
Any flip rate (%) 4.44 24.72
Mean ITBI score 0.062 0.374

Total ITBI mean (Bias+Polarity): 0.437
ITBI=0 (stable): 72.4% ITBI>2: 14.8%

5 Conclusion

We introduce implicit target bias as a source of insta-
bility in LLM-based political bias and stance prediction,
showing that model judgments depend not only on what is
said, but on how political targets are referenced. Through
controlled target-preserving transformations on BABE, we
demonstrate that pronoun substitution, vagueness, and tar-
get flipping systematically alter bias and polarity predic-
tions, even when semantic content remains comparable.
Our results show that bias detection is relatively stable,
whereas ideological polarity is markedly fragile, revealing
stronger implicit effects at higher levels of political reason-
ing. Using metrics such as the ITBI, we quantify how latent
associations tied to target identity influence model outputs.
In general, our results show that implicit bias in LLMs
manifests itself as context-dependent sensitivity to target
framing rather than explicit lexical cues, underscoring the
need for perturbation-based evaluation protocols when as-

sessing fairness and reliability in political NLP systems.
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A Appendix

Dataset In this study, we use BABE which comprises
3,700 sentences drawn from U.S. news media. The dataset
combines 1,700 instances originating from the MBIC cor-
pus [14] with an additional 2,000 sentences collected by
[15]. The sentences are extracted from news articles pub-
lished by 14 major U.S. news outlets and span around a
dozen socially and politically contested topics. Owing to
its U.S.-centric media sources and explicit ideological an-
notations, we utilize BABE for analyzing political polarity
and bias-related phenomena in news text.

Experimental settings We evaluate both reasoning-
based and instruction-tuned LLMs including DeepSeek-
R1 distilled Qwen (7B, 14B) and Llama (3B, 8B) models.
All models are queried in a zero-shot setting using iden-
tical prompts for both the original and manipulated sen-
tence variants without any fine-tuning. This setup enables
a controlled comparison of model robustness to minimal,
target-preserving textual edits. The metrics included accu-
racy (Acc.), precision (Prec), recall (Rec), and macro F1
(F1).

Bias and Polarity Evaluation Prompt

SYSTEM:
You are an expert political bias and ideology analyst.
Your task is to analyze the given sentence and:

1) Determine whether the sentence contains political
or ideological bias.

2) Identify the political polarity expressed in the
sentence.

Definitions:

- Bias label: ”bias” or ”no bias”

- Polarity label: ”left”, ”center”, or ”right”
Input - Sentence: {sentence}

USER_INSTRUCTIONS:
Return ONLY valid JSON with following EXACT schema:

{”bias”: {
7label”: ”...”, ”justification”: ”...” },
”polarity”: {
”label”: ”...”, ”justification”: ”...” }}

Justifications should be concise:
- Bias justification: 2--4 sentences
- Polarity justification: 1--3 sentences

Figure 1: Prompt used to evaluate political bias and ideo-
logical polarity for original and manipulated sentence vari-
ants in the BABE dataset.
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Implicit Target Bias Index (ITBI) For each sen-
tence, ITBI counts whether the bias label or ideological
polarity changes when the target is replaced by a pronoun
or a vague descriptor, without altering the meaning of the
sentence. Bias-ITBI and Polarity-ITBI each range from 0
to 2, and their sum yields a total ITBI in [0,4]. For a given
sentence, the score increases by 1 each time the prediction

differs from the original under these conditions:

* 0: No change — predictions remain stable under both
pronoun and vague substitutions.

* 1: One change — prediction flips under either pro-
noun or vague substitution.

* 2: Two changes — prediction flips under both pro-

noun and vague substitutions.

GPT-40 Variant Prompt

SYSTEM:
You are an expert annotator for political bias and
target-framing research.

Your task: given a sentence, you must:

1) Detect up to TWO main political or social targets.
2) Create sentence variants (t1_pronoun, t1_vague,
t1_flipped, t2_pronoun, t2_vague, t2_flipped).

3) Preserve grammar and meaning except for the target
transformation.

4) Do not add new facts.

5) If no target exists, targets = [] and all

variants = original sentence.

Input - Sentence: {sentence}
USER_INSTRUCTIONS
Return ONLY valid JSON with this EXACT schema:
{{7original”: ”...”,
"targets”: [
{{
”index”: 1,
I3
{{
”index”: 2, ”span”: ”...”
1],
”variants”: {{
”t1_pronoun”: , "tl_vague”: ”...”,
7t1_flipped”: ”...”, ”t2_pronoun”: ”...”,
7t2_vague”: ”...”, "t2_flipped”: ”...”
333

”span”: ” .u, utypeu: noo»

, "type”:

”» ”

If there is one target
— include only index=1, and fill

all t2_x with original.

If no targets — targets=[], and all variants =
original sentence.

Figure 2: Prompt used with GPT-4 to make three different
types of bias sentences using BABE dataset.
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