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Abstract

Detecting media bias is increasingly impor-
tant in today’s rapidly evolving digital land-
scape. While large language models (LLM)
show promise for bias detection, their reason-
ing is often unreliable and difficult to inter-
pret. To address this limitation, we propose an
uncertainty-aware proxy reasoning (UAPR)
method that integrates proxy attribute predic-
tion with uncertainty estimation to assess and
stratify reasoning quality. By explicitly mod-
eling uncertainty, our method narrows down
the intermediate reasoning space and identifies
trustworthy bias indicators, improving trans-
parency and interpretability for end users and
downstream applications. We evaluate our
method on the BASIL benchmark and com-
pare it against strong LLM baselines and re-
cent state-of-the-art approaches. Our experi-
ments assess both decision accuracy and qual-
ity. Results show a 6.25% relative F1 improve-
ment over competitive baselines, demonstrating
that uncertainty-aware reasoning boosts per-
formance and provides insight into decision
making, thereby improving the reliability and
interpretability of media bias detection.

1 Introduction

The presentation of information from different per-
spectives can be deliberately manipulated to influ-
ence both individual and collective thinking. When
personal biases and preferences drive communi-
cation, they often lead to skewed or slanted lan-
guage. Mass media, by its nature, provides fertile
ground for such subjectivity and informational in-
consistency to arise (Corner, 2013). To maintain
content quality, media outlets rely on media bias as-
sessments to identify and manage these distortions.
Media bias has been categorized by how it man-
ifests, including coverage bias, gatekeeping bias,
and statement bias (Rodrigo-Ginés et al., 2024).
Statement bias, also known as presentation bias,
concerns how information is conveyed through the

selective use of specific words or phrases. This
form of bias is particularly common in contem-
porary news language and remains a significant
challenge to detect and manage effectively.

Reliable decision-making involves two key di-
mensions: decision accuracy and decision qual-
ity (Vilela and Oluyemi, 2021). Media bias detec-
tion is a highly complex social decision-making
problem, shaped by latent factors and subject to
diverse interpretations (Morelli et al., 2022). This
complexity often leads to controversy, as even hu-
man annotators struggle to maintain consistent rea-
soning when labeling bias. Consequently, prior
studies on media bias detection have largely fo-
cused on prediction accuracy while neglecting de-
cision quality. Although incorporating intermedi-
ate reasoning steps can improve accuracy, decision
quality ultimately depends on effectively optimiz-
ing and converging across multiple reasoning path-
ways (Schutte et al., 2025). Therefore, integrating
quality-aware intermediary reasoning into media
bias detection is essential for enhancing both prac-
tical reliability and analytical depth. Figure 1 illus-
trates our bias decision-making framework, which
employs proxy attributes to narrow the reasoning
space and uses uncertainty estimation to reduce
decision variability.

Automatic sentence-level media bias detection
has attracted significant attention due to its po-
tential to improve prediction accuracy (Lin et al.,
2024; Lei and Huang, 2024; Wang et al., 2025).
A line of NLP-based research focuses specifically
on sentence-level bias, including aspects such as
lexicon bias and information bias, as documented
in expert-curated datasets (Fan et al., 2019). In
this setting, sentences or claims are labeled as bi-
ased when they exhibit a preference toward specific
entities, without relying on external knowledge be-
yond the given context (Van Den Berg and Mark-
ert, 2020). Large language models (LLMs) have
recently emerged as a promising approach by lever-
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Figure 1: Proxy attributes (orange dots) and uncertainty-aware decisions help narrow the decision space and improve
decision quality for media bias detection. Uncertainty estimation identifies reliable LLM intermediate steps (ZC)
that lead to more certain predictions (YC). See texts for explanation.

aging carefully designed prompts to expose bias
tendencies in few-shot settings (Maab et al., 2024).
These methods extend generative models to binary
prediction tasks, opening new directions for media
bias detection. However, hallucinations and incon-
sistent outputs from generative models continue to
limit their reliability in real-world applications.

Quantifying uncertainty is a fundamental com-
ponent of decision quality, yet it remains underex-
plored in media bias detection. This gap stems in
part from the inherent complexity and nuance of
media content. Effective bias detection often re-
quires intermediate reasoning over subtle linguistic
cues, selective presentation of facts, and varying
editorial standards. Such complexity makes it diffi-
cult to model media bias directly from raw features,
particularly when deeper reasoning is required. Un-
certainty therefore serves as a valuable auxiliary
dimension for revealing latent patterns of bias. By
explicitly modeling uncertainty, systems can better
capture subtle manifestations of bias and distin-
guish reliable indicators from ambiguous evidence.
In this context, the objective extends beyond accu-
rate feature prediction to informed decision-making
supported by trustworthy bias indicators.

We propose an uncertainty-aware proxy rea-
soning (UAPR) framework for media bias detec-
tion, which introduces proxy attribute prediction
alongside composite uncertainty (CU) estimation
to stratify decision quality. Proxy attributes serve
as informative intermediate steps that help narrow
the decision space, while uncertainty quantifies
prediction variance. To evaluate uncertainty scor-
ing, we conduct a comprehensive comparison of
methods using coverage errors, prediction set size,
and a newly proposed Coverage-Efficiency Har-
monic Index (CEHI). CEHI balances the tradeoff
between coverage errors and prediction set size,
providing a more holistic assessment of uncertainty

quality. Our proposed CU achieves 0.867 CEHI for
uncertainty evaluation, and UAPR outperforms the
GPT4.1-mini chain-of-thought (CoT) baseline by
6.25% F1 score on the BASIL dataset. Our exper-
iments address several research questions: RQ1:
What techniques effectively leverage uncertainty
and proxy attributes to improve prediction accuracy
and decision quality? RQ2: How can proxy at-
tributes and CoT reasoning enhance decision qual-
ity through quantitative uncertainty assessment?
RQ3: Are there entities that achieve high predic-
tion accuracy yet exhibit high uncertainty? Our
contributions are summarized as follows:

• We present the first study to investigate uncer-
tainty estimation in media bias detection, en-
abling effective bias risk stratification.

• We propose an automatic uncertainty-aware bias
detection framework that leverages proxy at-
tributes to improve prediction accuracy.

• We provide comprehensive uncertainty measure-
ment results specific to media bias detection.

• We conduct in-depth analyses of proxy parame-
ters, revealing their potential to enhance decision
quality in bias assessment.

2 Related Work

2.1 Automatic Media Bias Detection
Sentence-level media bias detection typically fo-
cuses on two main types of bias: lexicon bias and
information bias (Fan et al., 2019). Some studies
address these types separately due to their distinct
manifestations (Maab et al., 2023a). Lexicon bias is
closely tied to linguistic features, whereas informa-
tion bias depends more on context—for example,
highlighting some details while downplaying oth-
ers. To address this, target-aware context augmenta-
tion (Maab et al., 2023b) leverages other statements
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Figure 2: Overview of the proposed UAPR framework. Given prompt input X , the model produces an intermediate
prediction ŷ and intermediate reasoning outputs Z. Based on these outputs, an uncertainty score S is computed via
compositional uncertainty (CU), which integrates linguistic variability uncertainty (LVU), prediction frequency
consistency (FCP), and joint class semantic discrepancy (JCSD). S serves as critical value to generate conformal
prediction set C(X) or final prediction Y .

biased toward the same topic to strengthen the bias
signal and stabilize model training. Constructing
an event-aware graph attention network can fur-
ther improve bias discrimination (Lei and Huang,
2024). These media bias detection tasks rely heav-
ily on high-quality, human-annotated datasets such
as BASIL (Fan et al., 2019), reflecting the inherent
ambiguity and inconsistency of free-form labeling.
However, strong dependence on supervised learn-
ing limits generalization: models often overfit to
dataset-specific lexical or topical cues and fail un-
der temporal or domain shifts. They also struggle
with label scarcity and subjectivity common in po-
litical and media contexts. In contrast, leveraging
LLMs provides a promising direction for address-
ing multiple bias types in a unified, training-free
framework.

2.2 Bias Detection Using LLMs
Few-shot LLM inference can improve bias detec-
tion accuracy (Maab et al., 2024), although perfor-
mance still varies depending on the chosen few-
shot examples. Using LLM-generated annotations
in a few-shot setting has empirically achieved re-
sults comparable to human-annotated data (Horych
et al., 2025). LLMs can be guided to understand
different bias cases through tailored prompts and
then perform detection by comparing distances be-
tween latent embeddings (Lin et al., 2024).

2.3 Uncertainty Quantification for NLP
Generative models have consistently struggled with
faithfulness and robustness issues in validated ap-

plications (Huang et al., 2025). Uncertainty mea-
surement provides a critical way to evaluate model
outputs beyond standard accuracy metrics. How-
ever, prior research on uncertainty has primarily
focused on traditional classification models. Only
few recent studies have explored conformal predic-
tion sets for LLMs, using frequency, entropy, or
text similarity calculation (Su et al., 2024; Qiu and
Miikkulainen, 2024).

Most LLM studies still neglect uncertainty esti-
mation on common benchmarks (Ye et al., 2024).
Token probability-based uncertainty can be derived
directly from softmax outputs for next-token pre-
diction (Han et al., 2024), while numerical verbal
uncertainty is obtained by prompting LLMs to self-
report confidence (Xiong et al., 2024). Consistency-
based uncertainty measures disagreement across
multiple generated responses (Kuhn et al., 2023).
Linguistic verbal uncertainty captures hedging
level in LLM outputs (Belém et al., 2024), such as
“certainly”, “probably”, or “might”. Adaptive con-
formal prediction (Cherian et al., 2024) improves
claim filtering by accounting for prompt charac-
teristics. Calibrated uncertainty scores have been
shown to closely reflect potential error rates, pro-
viding robust confidence estimates. Without un-
certainty estimation, media bias detection remains
largely limited to binary predictions, restricting its
reliability and applicability in real-world settings.

3 Method

We introduce uncertainty estimation methods
to evaluate reasoning quality and present the
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uncertainty-aware proxy reasoning (UAPR)
framework. A high-level overview is illustrated in
Figure 2, external knowledge like hedging words
or proxy attributes are combined to prompts X to
generate intermediate reasoning Z with interme-
diate decision ŷ. Z and ŷ are then to compute
CU—our proposed method to estimate uncertainty
S. S is then used to generate conformal prediction
set C(X) or final prediction Y . The full UAPR
algorithm is provided in Appendix § B.2.

Figure 3: Statistics and definitions of proxy attributes.

3.1 Preliminaries of Conformal Prediction
Conformal prediction (CP) is a model-agnostic,
distribution-free approach for uncertainty estima-
tion that generates prediction sets designed to con-
tain the ground-truth labels with a specified error
rate α. A commonly used CP method is split CP,
which provides formal coverage guarantees. Given
input features X and labels Y , and a target er-
ror rate α ∈ (0, 1), the conformal prediction set
C1−α(Xtest) satisfies:

P (Xtest ∈ C1−α(Xtest)) ≤ 1− α. (1)

For uncertainty estimation in LLMs, logit-free
CP estimation (Su et al., 2024) combines frequency,
entropy, and semantic similarity to construct con-
formal sets with valid coverage guarantees while
keeping prediction sizes small. Further derivation
details are provided in Appendix § B.1.

3.2 Proxy Attribute Extraction

We identify intermediate reasoning steps within a
conditional inference paradigm similar to chain-
of-thought (CoT) reasoning. We refer to these
intermediate steps as proxy attributes for media
bias detection. We consider three types of proxy
attributes, illustrated in Figure 3:

• Knowledge-based proxy attributes: derived from
definitions and concepts established in prior so-
cial science research (Piskorski et al., 2023;
Rodrigo-Ginés et al., 2024; Spinde et al., 2023).

• LLM-based proxy attributes: obtained by prompt-
ing GPT-4.1-mini for relevant bias cues. This
setting excludes external expert input, serving as
a baseline for automated proxy generation when
domain-specific knowledge is unavailable.

• Joint proxy attributes: created by combining
knowledge-based and LLM-based attributes us-
ing GPT-4 prompts to reduce redundancy.

We denote UAPR-* as the UAPR framework
instantiated with a specific proxy attribute type,
where the suffix indicates the attribute used (e.g.,
UAPR-Joint uses Joint proxy attributes). In this
framework, information gain from bias cues re-
duces prediction uncertainty by calibrating decision
boundaries through conformal sets. Uncertainty es-
timation thus serves as a validation mechanism for
our hypothesis, testing whether proxy attributes
function as effective intermediate reasoning steps.

3.3 Composite Uncertainty (CU) Estimation

We introduce composite uncertainty (CU) to
capture multi-aspect statistical cues using the
conformal prediction framework. CU combines
three components: Linguistic-Verbal Uncertainty
(LVU), Frequency-based Conformal Probabil-
ities (FCP), and Joint Class Semantic Distance
(JCSD). Given N input prompts X , an LLM
generates intermediate reasoning outputs Z =
z1, z2, ..., zN and final prediction Y = y1, ..., yN .
To calibrate predictions in an uncertainty-aware
manner, we denote Ŷ as the intermediate predic-
tion, distinct from the final prediction Y . Across
m inference rounds, the multiple outputs are repre-
sented as {Zi}mi=1 and {Ŷi}mi=1, which we simplify
as {Z} and {Ŷ }. The composite uncertainty score
S is defined as weighted sum of the three measures:

S = FCP({Ŷ })+LVU(Z)+λ JCSD({Z}), (2)
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where λ is a scaling hyperparameter accounting for
JCSD numeric ranges, with a default of 100, as
results are largely insensitive to this choice (see
Appendix § D.2). Higher CU indicates greater
uncertainty about the question, and lower CU indi-
cates more confident reasoning.

LVU estimates uncertainty by analyzing the
LLM’s use of hedging language in its reasoning.
The model is prompted to generate an explana-
tion (Z) for its prediction, prefaced with a hedging
expression (e.g., "very likely," "might," or "not
likely"). The LLM then evaluates this hedged ex-
planation to produce a numeric uncertainty score
in [0, 1], reflecting the confidence implied by the
hedging language; implementation details are pro-
vided in Appendix B.6.

FCP quantifies uncertainty using frequency cal-
culations, a proven approach for representing con-
formal prediction results. For the kth class, we
compute the occurrence rate across m inference
rounds, {Ŷ }, and define FCP as:

SFCP,k = FCP ({Ŷ },m) = 1− Nk

m
, (3)

where Nk is the number of times Ŷ is predicted
as class k. FCP reflects the inverse of model con-
fidence: higher prediction frequency for a class
corresponds to lower uncertainty for that class.

JCSD estimates a multiplicative uncertainty
value by capturing semantic variability across all
classes. Larger JCSD values indicate higher se-
mantic diversity within each class, while smaller
values reflect greater consistency. Building on the
idea of using semantic distance to measure uncer-
tainty (Qiu and Miikkulainen, 2024), we proceed as
follows. Let Zk denote the set of intermediate rea-
soning outputs predicted as class k. Each sentence
is encoded into a D-dimensional embeddings using
a pretrained BERT model, forming Vk ∈ RNk×D.
The average pairwise cosine distance within each
class is computed as:

ŜJCSD,k =
2

|Zk|(|Zk| − 1)

∑

i,j∈Zk;i<j

dcos(vi, vj),

where dcos denotes cosine distance. The final JCSD
uncertainty aggregates the K class-wise distances
by taking their product:

JCSD({Z}) = ΠK
k=1ŜJCSD,k. (4)

Uncertainty-Aware Decisions uses the compos-
ite uncertainty (CU) scores S = {Sk}Kk=1 to adjust

the original decision boundary, where Sk repre-
sents the CU score for samples predicted as class k
in the intermediate prediction Ŷ . The final media
bias prediction Y is then determined by selecting
the class with the lowest uncertainty:

Y = argmin
k

CUk. (5)

4 Experiments and Discussions

4.1 Experimental Setup

Experiments are conducted using 10-fold story-
split cross-validation on the BASIL benchmark
dataset (Fan et al., 2019), following prior work (Lin
et al., 2024). The story-split scheme ensures a fair
comparison that sentences from the same article
do not appear in both training and test sets. The
BASIL dataset contains 7,984 samples covering the
same political events reported by three distinct out-
lets: New York Times, Fox News, and Huffington
Post. Each sentence is annotated with bias labels
based on consensus from three raters.
Metric: Following (Su et al., 2024), we adopt stan-
dard metrics for uncertainty evaluation:

• Empirical Coverage Rate (ECR): measures
whether the conformal prediction method
achieves its expected theoretical coverage.

• Size-Stratified Coverage (SSC): evaluates the
lowest coverage rate among prediction sets of
different sizes, reflecting worst-case reliability.

• Average Prediction Set Size (APSS): assesses
the efficiency of the conformal predictor; smaller
APSS values indicate higher efficiency.

• Coverage-Efficiency Harmonic Index (CEHI):
computes the harmonic mean of ECR and APSS,
providing a balanced measure of coverage and
efficiency.

Training P R F1 Zero-Shot P R F1

Roberta 0.43 0.41 0.42 GPT4.1-mini 0.40 0.61 0.48
Bert 0.38 0.35 0.37 +CoT 0.43 0.53 0.48
Longformer 0.46 0.45 0.46 +CU 0.41 0.61 0.49
ERG 0.50 0.54 0.52 +Proxy+Few-Shot 0.42 0.57 0.49
Zero-Shot P R F1 LoFreeCP 0.38 0.74 0.50
IndiVec 0.32 0.35 0.34 UAPR-CoT 0.45 0.47 0.46
LLaMA3-8B 0.27 0.78 0.40 UAPR-Human 0.40 0.69 0.51
Gpt4o 0.39 0.65 0.48 UAPR-LLM 0.46 0.36 0.40

UAPR-Joint 0.41 0.59 0.48

Table 1: Comparison of BASIL media bias detection
performance with SOTA methods on multiple scenarios.
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α = 0.2 α = 0.25 α = 0.3 α = 0.35
ECR↑APSS↓SSC↑CEHI↑ECR↑APSS↓SSC↑CEHI↑ECR↑APSS↓SSC↑CEHI↑ECR↑APSS↓SSC↑CEHI↑

LLaMA3-8B 0.816 1.654 0.469 0.486 0.466 1.000 0.466 0.636 0.466 1.000 0.466 0.636 0.466 1.000 0.466 0.636
Gpt4o 0.672 1.000 0.672 0.804 0.672 1.000 0.672 0.804 0.672 1.000 0.672 0.804 0.672 1.000 0.672 0.804
GPT4.1-mini 0.808 1.169 0.768 0.819 0.756 1.049 0.744 0.843 0.738 1.000 0.738 0.849 0.723 1.000 0.738 0.849
+CoT 0.802 1.076 0.785 0.858 0.766 1.000 0.766 0.867 0.766 1.000 0.766 0.867 0.766 1.000 0.766 0.867

+CU 0.802 1.132 0.771 0.834 0.758 1.033 0.749 0.849 0.742 1.000 0.742 0.852 0.742 1.000 0.742 0.852
UAPR-CoT 0.830 1.109 0.809 0.859 0.808 1.054 0.797 0.872 0.786 1.000 0.786 0.880 0.786 1.000 0.786 0.880
UAPR-Human 0.810 1.186 0.766 0.812 0.782 1.114 0.754 0.831 0.744 1.032 0.736 0.841 0.731 1.000 0.731 0.845
UAPR-LLM 0.806 1.061 0.793 0.867 0.788 1.011 0.786 0.877 0.788 1.010 0.786 0.877 0.784 1.001 0.784 0.879
UAPR-Joint 0.820 1.171 0.783 0.825 0.796 1.106 0.771 0.842 0.764 1.033 0.756 0.854 0.746 1.000 0.746 0.855

Table 2: BASIL dataset benchmark results for uncertainty measurement in media bias detection. The uncertainty
method shown is selected based on the ablation analysis. Complete results for α > 0.35 are provided in Appendix
Section D.3.

Implementation details are in Appendix § B.3.
These experiments address a key research gap, as
uncertainty assessment has not yet been explored
in media bias detection tasks.

4.2 Main Results
We next report results on the BASIL dataset; results
on other datasets are provided in Appendix § D.1.
Media bias detection results: Refer to Table 1.
Previous work fine-tunes various transformer mod-
els (Lei and Huang, 2024; Van Den Berg and
Markert, 2020; Lei et al., 2022) to form strong
training-based baselines. Among them, ERG (Lei
and Huang, 2024) reaches 0.52 F1 by exploiting
causal event structure. However, these methods
carry a significant risk of overfitting—a concern
given the label sparsity and annotation subjectivity.
Although zero-shot LLMs offer a promising path
for improved generalization, their accuracy remains
limited. Gpt4o and GPT4.1-mini achieve a 0.48
F1 score, trailing ERG by 0.04 points. LLaMA3-
8B underperforms further, and IndiVec (Lin et al.,
2024), which relies on embedding distance com-
parisons, does not improve accuracy. These results
highlight that the inherent complexity of the task
poses significant challenges for zero-shot settings.

UAPR-Human, UAPR-LLM, and UAPR-Joint
are the variance of our UAPR framework us-
ing different proxy attribute sets introduced in
the method section. UAPR-CoT replaces the
proxy attribute reasoning step with standard CoT
without pre-specified knowledge. +CU repre-
sents uncertainty-aware detection without a proxy.
+Proxy+Few-Shot represents using a proxy with
few-shot examples. The result shows that UAPR-
Human achieves 0.51 F1 score, representing a
6.25% relative improvement over the GPT4.1-mini

baseline with p-value < 0.001. However, the
other UAPR with other proxy attributes fall be-
low even the GPT4.1-mini baseline. Only UAPR-
Human surpasses other previous works, such as
LoFreeCP (Su et al., 2024) or GPT4.1-mini with
few-shot. The result address RQ1, confirming
that knowledge-based proxy attributes, combined
with uncertainty-aware decision making, enable the
LLM’s reasoning process to better align with hu-
man judgment. Consequently, we observe accuracy
comparable to training-based prior work.

Measuring uncertainty for media bias detec-
tion: Uncertainty is a crucial evaluation dimen-
sion complementing detection accuracy. Table 2
(and detailed results in Appendix D.3 ) shows the
uncertainty measurement results for GPT4.1-mini.
UAPR-CoT, +CoT, and UAPR-LLM—approaches
that exploit LLM reasoning or proxy interence—
achieve higher CEHI across various α conditions,
For example, UAPR-LLM outperforms the base-
line (GPT4.1-mini) by 4.8% at α = 0.2 and 3.4%
at α = 0.25; UAPR-CoT achieves 0.88 CEHI
at α = 0.3. The results also address RQ2 that
with quantitative uncertainty assessment, we found
UAPR-LLM or UAPR-CoT reasoning maintain
good coverage rate with a relatively smaller confor-
mal prediction set, demonstrating good prediction
efficiency. However, according to Table 1, UAPR-
LLM and UAPR-CoT do not outperform the base-
line, suggesting that even with lower uncertainty in
intermediate steps, anchoring bias (Nguyen, 2024)
in the initial reasoning can still lead the LLM’s
outputs to deviate from human labels.

Proxy attribute uncertainty: Table 3 reports the
uncertainty assessment of the proxy attributes, re-
flecting their individual contribution to decision
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Human Knowledge-Based SD(E−4) FCP Np

Positive/Negative framing 7.04 0.114 4218
Imbalanced perspective 6.77 0.172 3717
Loaded language 3.60 0.108 3201
Ideological labeling 8.10 0.093 1458
Speculative attribution 8.46 0.081 1200

LLM-Based SD(E−4) FCP Np

Framing Slant 5.13 0.134 3675
Loaded language 1.34 0.111 3428
Sensationalism Hyperbole 3.48 0.098 1911
Opinion as Fact 2.49 0.178 1560
Unsubstantiated Claim 2.81 0.144 1361

Joint proxy attribute SD(E−4) FCP Np

Imbalanced perspective 6.32 0.183 4422
Positive/Negative framing 3.43 0.114 4286
Loaded language 1.72 0.110 3306
Sensationalism Hyperbole 5.86 0.101 2172
Ideological labeling 5.29 0.096 1571
Opinion as Fact 5.57 0.166 1477
Speculative attribution 5.82 0.086 1459
Unsubstantiated Claim 2.49 0.123 702

Table 3: Uncertainty evaluation results for proxy at-
tributes on BASIL dataset, each with Np predicted sam-
ples. SD and FCP are semantic distance and frequency-
based uncertainty measures.

quality when used with LLMs. The consistently
low semantic distance (SD) indicates high consis-
tency in wording and descriptive patterns when
responding to these attributes. This is expected, as
these attributes are expert-defined to simplify the
complex nature of media bias. Most attributes also
show an FCP value of around 0.1, indicating mod-
erate frequency uncertainty. We also report Np, the
number of samples predicted to exhibit each proxy
attribute, as a reference for their prevalence.

For common human-based proxy attributes
(Np > 3000), the imbalanced perspective achieves
relatively high FCP, while loaded language and
positive/negative framing yield more consistent
predictions. Notably, these two attributes also ap-
pear in the LLM-generated proxy set. Although
some highly frequent attributes overlap between
the human-based and LLM-generated sets, their
prediction outcomes differ because differences in
less frequent attributes further amplify conceptual
divergence, making their concept fundamentally
different. from Tables 1 and 2, we observe that
human-based proxy attributes improve decision ac-

Figure 4: F1 score vs. CU across media entities. Each
circle represents a media entity, with its size indicating
the number of associated sentences.

curacy, while LLM-based proxies contribute more
to enhancing decision quality. In brief, this experi-
ment highlights how proxy definitions shape both
prediction behavior and uncertainty evaluation.

The Joint proxy attribute rows in Table 3 shows
results when these proxy sets are combined. Com-
mon attributes tend to produce larger prediction
sets, while less frequent attributes often yield
smaller sets. Further investigation of proxy at-
tributes is essential for achieving consistent and
robust bias measurement.

4.3 Ablation Study of Uncertainty Scoring
Approaches

We conduct an uncertainty assessment ablation
study on the proposed CU estimation using a tar-
get error rate (α = 0.2). We also compared with
other uncertainty estimation methods in (Tao
et al., 2025), including numerical verbal uncer-
tainty (Tian et al., 2023) and LoFreeCP (Su et al.,
2024) in Appendix Section D.3. Table 4 presents
the performance of different uncertainty scoring ap-
proaches on BASIL. Using CU consistently yields
higher CEHI scores across various proxy settings,
with the LVU+FCP combination contributing the
most to overall uncertainty estimation quality. In-
corporating JCSD emphasizes samples with high
uncertainty in both biased and unbiased classes,
which helps explain the strong performance of the
LVU+JCSD configuration for UAPR-LLM.

46



Method +CU UAPR-Human UAPR-LLM UAPR-Joint

Metric ECR APSS SSC CEHI ECR APSS SSC CEHI ECR APSS SSC CEHI ECR APSS SSC CEHI

FCP 0.808 1.169 0.768 0.819 0.805 1.218 0.751 0.793 0.803 1.120 0.776 0.840 0.804 1.163 0.766 0.820
JCSD 0.947 1.801 0.734 0.329 0.969 1.799 0.848 0.332 0.967 1.800 0.836 0.332 0.970 1.800 0.850 0.331
LVU 0.860 1.270 0.808 0.790 0.865 1.477 0.743 0.652 0.816 1.098 0.796 0.857 0.857 1.439 0.745 0.678
FCP + JCSD 0.802 1.155 0.766 0.823 0.800 1.204 0.749 0.798 0.801 1.115 0.775 0.841 0.803 1.159 0.765 0.821
LVU + FCP 0.805 1.138 0.773 0.832 0.815 1.204 0.768 0.805 0.821 1.090 0.803 0.863 0.823 1.180 0.784 0.821
LVU + JCSD 0.846 1.239 0.798 0.802 0.858 1.454 0.739 0.667 0.809 1.067 0.795 0.867 0.851 1.419 0.744 0.691
CU 0.802 1.132 0.771 0.834 0.810 1.186 0.766 0.812 0.806 1.061 0.793 0.867 0.820 1.171 0.783 0.825

Table 4: Comparison of different uncertainty scoring approaches for media bias detection on BASIL dataset. Our
proposed CU estimation method (LVU + FCP + JCSD) outperforms other uncertainty measurement techniques.

Entity RCU GCU

RLV U RFCP RJCSD

Duncan Hunter 44% 12% 87% 25%
Obama Administration 54% 40% 65% 23%

Table 5: Case study of uncertainty distribution for
high uncertainty samples. For each entity, RCU is
the proportion of samples in the top-ranked CU group
GCU . RM denotes the proportion of samples in GCU

that also belong to the top-ranked M group, where
M ∈ {LV U, FCP, JCSP}.

4.4 Uncertainty Difference of media Entities

Figure 4 shows the F1–CU score relationship
across media entities in BASIL. Each circle rep-
resents an entity, with its radius indicating the
number of associated sentences. We observe out-
liers—entities like Duncan Hunter and Obama Ad-
ministration—that exhibit high uncertainty despite
strong F1 scores, indicating both high accuracy
and uncertainty. We further examine these cases
by analyzing the distribution of their uncertainty
measure in Table 5. Specifically, we group the top
25% of samples in the dataset for each uncertainty
measure as top-M groups, where M can be LVU,
FCP, JCSD, or CU. For an entity with Ne sam-
ples, we define RCU = Ns

Ne
as the proportion of

samples Ns that belong to the top-CU group. To
understand which uncertainty types contribute the
most to these top-CU samples, we calculate the
proportion RM = NM

Ns
, where NM is the number

of top-CU samples that also in the top-M group.
As shown in Table 5, the top-CU samples ac-

count for 44% for Duncan Hunter, while 54% for
Obama Administration. Among Duncan Hunter’s
top-CU samples, 87% are also in the top-FCP
group, indicating that frequency-based uncertainty
is the dominant factor of uncertainty. In contrast,

the RLV U for Duncan Hunter is only 12%, show-
ing relatively low linguistic uncertainty compared
to Obama Administration.

We observe that the low RLV U of Duncan
Hunter stems from the sentences where the entity
appears within quotations. These quotations often
act as strong linguistic cues for confident state-
ments, reducing linguistic uncertainty. However,
the multi-round reasoning using proxy attributes
reveals diverse reasoning paths in a high RFCP .
In contrast, the higher RLV U of Obama Adminis-
tration aligns with the media’s tendency to mirror
political tone and Obama’s rhetorical style. The
Obama Administration’s deliberate control over
its public messaging contributed to a lower RFCP

and more consistent reporting across mass media
outlets. Overall, LVU captures uncertainty from
linguistic cues, while FCP reflects prediction con-
sistency across reasoning steps. Since media bias
can appear through multiple pathways, incorporat-
ing both dimensions is essential for a more com-
prehensive uncertainty assessment.

5 Conclusion

This study is the first to improve media bias de-
cision quality by integrating uncertainty estima-
tion and proxy attributes into a training-free LLM
framework. Our findings on various uncertainty
scores highlight the limitations of prior work that
focused solely on detection accuracy while over-
looking decision quality. The analysis of proxy
attributes demonstrates how intermediate reason-
ing steps can enhance prediction reliability and
transparency. Future work includes real-world user
studies to validate the quality and usability of proxy
attributes. We also aim to enhance graph-based
reasoning and context augmentation within our
uncertainty-aware framework to improve explain-
able bias detection.
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6 Limitations

Although UAPR improves decision quality, it in-
creases both cost and latency because estimating
the uncertainty S requires m+2 prompts per ques-
tion (m for FCP, 2 for LVU). These costs can be
reduced by using smaller models, such as GPT-
*-mini, or by training a custom LLM for media
bias detection. To our knowledge, the current open
source LLMs

do not have knowledge for generating proper
reasoning for media bias detection. In this con-
text, developing a custom model via reinforcement
learning would require a minimum of an NVIDIA
A100 GPU and datasets like BASIL and BABE.

In this paper we did not use separate methods to
tackle lexical and information bias. The two bias
types are handled by LLM by evaluating on our
designed proxies. In addition, we do not discuss
the our result with respect to these two bias types.

7 Ethical Considerations

This study does not involve the collection of new
user data or interaction with human subjects. All
experiments are conducted solely on the pub-
licly available BASIL, BABE, and BIASEDSENT
benchmark datasets for media bias detection. No
personal, sensitive, or identifiable information is
collected, processed, or stored, and no additional
ethical concerns arise beyond those already ad-
dressed by the dataset’s original data collection
and release. However, there is a potential ethi-
cal issue that detection tools could be misused for
selective censorship or political manipulation. A
prudent decision on using powerful tools needs to
be considered for the good of society.
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A Concept Formulation for Bias
Reasoning

Distinct problem-solving strategies yield different
levels of cognitive loads, which also vary decision
error rates (Sweller, 1988). That is, reasoning paths
for bias detection can prominently impact the de-
tection accuracy. This work introduces uncertainty
estimation alongside proxy attributes to support in-
termediate reasoning. The approach is analogous to
the use of diagnostic scales in the medical field for
assessing mental health conditions. These scales
provide structured evidence that helps clinicians
interpret complex mental states based on behav-
ioral assessments. The reliability of each item on
the scale depends on its consistency across diverse
clinical scenarios, highlighting the critical role of
uncertainty estimation in this context. A relevant
example involves using LLMs to aid in Alzheimer’s
disease detection (Chen and Li, 2024). This case
illustrates how designing intermediate reasoning
steps can enhance the overall decision-making pro-
cess in complex diagnostic tasks. We consolidate
these ideas to formulate our proposed media bias
detection framework for enhanced decision accu-
racy and decision quality.

Media bias arises because the same event can
be selectively framed. For example, in BASIL,
identical topics are reported by different outlets
with divergent emphases; partial, deliberate, or
inadvertent information selection produces po-
tentially biased statements. Prior social science
work (Rodrigo-Ginés et al., 2024) shows such
statements can be flagged via diagnostic attributes
(e.g., loaded language, framing, selective omis-
sion). These attributes act as intermediate rea-
soning variables (Z) in our pipeline for the input
prompt X and output Y . Hence, given the LLM f ,
the reasoning procedure is formalized in a proba-
bility form:

P (Z, Y |X) = P (Y |Z)P (Z|X). (6)

Considering the uncertainty U , we can rewrite the
reasoning procedure with the Bayesian theorem:

P (Z, Y |U,X) =
P (U |X,Z, Y )P (Z, Y |X)

P (U |X)
.

(7)
We aim to maximize P (Z, Y |U,X), which de-
pends on P (U |X,Z, Y ) and P (Z, Y |X). These
two terms provide a clue to delve into the uncer-
tainty and intermediate steps. The minimal values

for the denominator term P (U |X) denote the lower
likelihood to estimate the uncertainty directly from
X . First, P (U |X,Z, Y ), is positively correlated
with different terms, P (U |X,Z) and P (U |X,Y ).
Here, the uncertainty estimation approaches in our
proposed composite uncertainty (CU) method cor-
respond to these mathematical forms, revealing the
roles of robust uncertainty estimation.

• Linguistic-Verbal Uncertainty (LVU): esti-
mates the uncertainty by verbalizing Z with
the dedicated hedging prompts. LVU corre-
sponds to P (U |X,Z), focusing on the linguis-
tic cues expressed in Z.

• Frequency Conformal Probabilities (FCP) Un-
certainty: calculates the frequency of bias
prediction candidates, which corresponds to
P (U |X,Y ).

• Joint Class Semantic Distance (JCSD) Un-
certainty: designs to combine the effects
of Y and Z. The conditional setting for-
mulates the uncertainty estimation problem
with separate terms P (U |X,Z, Y = 0) and
P (U |X,Z, Y = 1).

Second, the term P (Z, Y |X) is decomposed via
the standard CoT approach in equation (6). We
introduce proxy attributes A as a latent factor
of Z that can increase P (Z(A), Y |X). The hu-
man knowledge-based proxy attributes are derived
based on empirical evidence with high P (Y |Z(A)).
In this case, the proxy attributes will be effective
if P (Z(A)|X) is large, which has been manually
examined for the attribute prediction accuracy. Our
main results directly evaluate the final accuracy
to show the effectiveness of introducing proxy at-
tributes. This study remains future work to validate
the alignment of attribute prediction with humans’
understanding due to current resource limitations
in large-scale human annotators.

B Implementation Details

B.1 Conformal Set Derivation
First, measure the nonconformity score (uncer-
tainty measure in this paper) S(x, y) ∈ R to in-
dicate the sample-wise uncertainty in the training
data. Second, we specify the quantile of the non-
conformity score q̂ as (n+1)(1−α)

n , where n denotes
the number of samples in the training data. Finally,
the prediction set is restricted to the q̂ quantile to
include sufficiently confident samples in the set:
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C(Xtest) = {Y : S(Xtest, Y ) ≤ q̂}. The varied
size of this prediction set can reflect the uncertainty
of these predictions.

B.1.1 Proof Sketch of Uncertainty Coverage
Guarantee

Assuming that the calibration set (Xi, Yi)i=1,...,n

and (Xtest, Ytest) are i.i.d, the non-conformity
score S can be subsequently calculated. The de-
sired error rates α1 and α2, where α1 > α2 will
lead to q̂1 ≤ q̂2. The conformity set C(Xtest) =
{Y : S(Xtest, Y ) ≤ q̂} , thus we can derive
C1−α1(X) ⊆ C1−α2(X).

Algorithm 1 Uncertainty-aware proxy reasoning

Require: Input prompt X , LLM M, rounds m,
weight λ, encoder E , nonconformity score
quantile q̂

Ensure: Y , C(X)
1: // Linguistic-Verbal Uncertainty (LVU)
2: LVU←M(Z), where Z ←M(X)
3: // Multi-round sampling
4: Initialize {Ŷ } ← ∅, {Z} ← ∅
5: for i = 1 to m do
6: zi, ŷi ←M(X)
7: {Z} ← {Z} ∪ {zi}, {Ŷ } ← {Ŷ } ∪ {ŷi}
8: end for
9: Identify candidate classes K from {Ŷ }

10: // Frequency Conformal Probabilities (FCP)
11: for each class k ∈ K do
12: FCPk ← |{ŷi=k}|

m
13: end for
14: // Joint Class Semantic Distance (JCSD)
15: for each class k ∈ K do
16: Zk ← {zi | ŷi = k}
17: Vk ← [E(z) for z ∈ Zk]
18: ŜJCSD,k ← 2

|Zk|(|Zk|−1)

∑
i<j dcos(v

k
i , v

k
j )

19: end for
20: JCSD←∏K

k=1 ŜJCSD,k

21: Initialize C(X)← ∅
22: for each class k ∈ K do
23: Sk ← FCPk + LVU + JCSD · λ
24: if Sk ≤ q̂ then
25: C(X)← C(X) ∪ {k}
26: end if
27: end for
28: Y ← argmink Sk

29: return Y,C(X)

B.2 The UAPR Algorithm
Algorithm 1 presents the proposed method,
Uncertainty-Aware Proxy Reasoning (UAPR), as
discussed in Section 3. UAPR takes a prompt X
as input, computes and aggregates three types of
uncertainty scores (LVU, FCP, JCSD) for each de-
cision, aggregates them, and outputs the final de-
cision Y . Using a user-specified error rate α and
nonconformity scores from the training data, it then
derives the quantile q̂ to construct the conformal
prediction set C(X).

B.3 Implementation details of uncertainty
measurement

Empirical Coverage Rate (ECR): measures
whether the conformal prediction method achieves
its expected theoretical coverage. It is calculated
by whether the ground truth is contained in the con-
formal prediction set C1−α(Xtest). The equation
is defined as:

ECR =
1

N

N∑

i=1

1{yi ∈ C1−α(xi)} (8)

, where xi ∈ Xtest and yi ∈ Ytest, and N is the
number of testing data

Size-Stratified Coverage (SSC): evaluates the
lowest coverage rate among prediction sets of dif-
ferent sizes to show the worst-case reliability. It is
implemented by first grouping prediction sets by
their size and computing the coverage rate for each
group. Finally, we report the worse coverage rate
among all prediction set groups.

SSC = min
s

1

Ns

∑

i:
|C1−α(xi)|=s

1{yi ∈ C1−α(xi)}

(9)
, where Ns is the number of prediction sets of size
s.

Average Prediction Set Size (APSS): assesses
the efficiency of the conformal predictor; a smaller
APSS indicates higher efficiency. APSS is com-
puted by the average size of all the conformal pre-
diction sets.

APSS =
1

N

N∑

i=1

|C1−α(xi)| (10)

, where N represents the number of samples in
the testing set. Coverage-Efficiency Harmonic
Index (CEHI): computes the harmonic mean of
ECR and APSS to provide a balanced evaluation
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of coverage and efficiency. It is defined as the F-
measure combining Empirical Coverage Rate and
the inverse of Average Prediction Set Size:

CEHI = 2 ∗ ECR ∗ (1/APSS)

ECR+ (1/APSS)
(11)

B.4 GPUs
We utilize one NVIDIA A40 graphics cards to sup-
port experiments of LLaMA3-8B, and for the needs
to load a transformer-based model like text encoder.

B.5 Implementation details proxy attributes
extraction

We extracted 5 common attributes: Posi-
tive/Negative framing, Imbalanced perspective,
Loaded language, Ideological labeling, Specula-
tive attribution, inspired by past research (Spinde
et al., 2023). As for LM-based proxy attributes, we
input the prompt "List 5 key indicators to check for
when detecting media bias in news writing. Please
keep the list concise and focus on the most com-
mon types of bias." and adopt the suggestion from
GPT-4.1-mini. Hence we get the intermediate prox-
ies: Framing Slant, Loaded Language, Sensational-
ism / Hyperbole, Opinion as Fact, Unsubstantiated
Claims from GPT-4.1-mini’s response. We can see
there are a few proxy overlaps between the prior
work and LLM-suggested prompts, e.g., Loaded
Language, Framing Slant. We then prompt again
to GPT-4 to remove the semantically overlapped
prompts and form the Joint proxy attributes.

B.6 Implementation details of
Linguistic-Verbal Uncertainty and
Frequency-based Conformal Probabilities

The Composite Uncertainty comprises LVU, FCP,
and JCSD. To implement LVU, we use the hedging
prompt in Figure 10 to elicit intermediate output
Z. Z presents as intermediate reasoning output in-
corporated with a hedging word. Then we use the
prompt shown in Figure 11 to turn to Linguistic-
Verbal-Confidence score denote as LV C in the
range [1,100] and then normalized to [0,1]. Finally,
we map the confidence score to the uncertainty
score by LV U = 1 − LV C. To implement FCP,
we use the prompt mentioned in Figure 5 with var-
ied intermediate proxy, instruction, and formatting
examples depending on the experiment. Given a
decided prompt, we run 20 rounds in order to com-
pute FCP; that is, we set m = 20.

Figure 5: Prompt structure in this study

Figure 6: Prompt for Gpt4o, Gpt4.1-mini, +CU, and
LoFreeCP in this study
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C Prompt used in this study

The prompt used in this study shares general in-
formation like Bias detection introduction "You
are a media analyst detecting bias in news writ-
ing. A sentence may be biased if it shows any of
the following:.". The intermediate proxy or CoT
reasoning, instruction, formating example varies
for methods: UAPR-Human, UAPR-LLM, UAPR-
Joint, and UAPR-CoT. The details of these three
template are elaborated below.

C.1 Fundemental prompt example

We denote fundemental prompt as baseline prompt
with no intermediate reasoning step, shown in
Figure 6. The instruction for this prompt is simply
stated as

For each sentence:
* Briefly explain why you think it’s
biased.
* Decide whether the sentence is biased
(Yes/No).

In addition, to make it easier to extract the
intermediate responses (Z,Ŷ ) we also prompt the
LLM to follow the output format:

* The output should be formatted as
the following example:

31. Sentence: "Democratic campaign
officials accused Republicans..."
- Explanation: it’s a straightforward
report
- Decision: No
32. Sentence: "Trump..."
- Explanation: because it highlights
Trump’s change in
- Decision: Yes
The fundamental prompt from is used in the meth-
ods: Gpt4o, Gpt4.1-mini, +CU, and LoFreeCP.
The prompts with proxy attributes or chain-of-
thought are extended from the fundamental prompt.
Figure 5 shows the prompt structure.

C.2 Prompts for UAPR-Human, UAPR-LLM,
UAPR-Joint

The prompts for UAPR-Human, UAPR-LLM,
UAPR-Joint extends from the fundemental prompt
by including intermediate proxy, instruction, and
formatting examples. Figure 7, 8, and 9 shows
the intermediate proxy and formatting examples of

Figure 7: intermediate proxy and formatting examples
of UAPR-Human

Figure 8: intermediate proxy and formatting examples
of UAPR-LLM

Figure 9: intermediate proxy and formatting examples
of UAPR-joint
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Figure 10: The prompt template for uncertainty descrip-
tion elicitation

Figure 11: The prompt template for uncertainty score
evaluation

UAPR-Human, UAPR-LLM, UAPR-Joint.

C.3 Prompts for estimating LVU
Prompts for estimating LVU involves a prompt to
elicit uncerainty description and a prompt to quan-
tify the uncertainty description to an uncertainty
score. The prompt to elicit uncerainty description
extends from the fundamental prompt, with instruc-
tions to use a hedging phrase to express the un-
certainty about the answer. Figure 10. The LLM
responses then provide responses like:
Very likely unbiased; it states facts
about groups...
Then the linguistic-verbal evaluation prompt in Fig-
ure 11 was used to turn the uncertainty description
into scores.
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Model BASIL BABE BIASEDSENT
P R F1 F1Macro F1Micro P R F1 F1Macro F1Micro P R F1 F1Macro F1Micro

Gpt4.1-mini 0.40 0.61 0.48 0.65 0.74 0.65 0.84 0.74 0.74 0.74 0.39 0.35 0.37 0.53 0.58
+CoT 0.43 0.53 0.48 0.66 0.77 0.73 0.80 0.77 0.78 0.78 0.42 0.24 0.31 0.52 0.59
+CU 0.41 0.61 0.49 0.66 0.74 0.69 0.84 0.76 0.76 0.76 0.38 0.41 0.40 0.53 0.59
UAPR-Human 0.40 0.69 0.51 0.66 0.73 0.70 0.86 0.77 0.77 0.77 0.38 0.41 0.40 0.55 0.60
UAPR-LLM 0.46 0.36 0.40 0.64 0.78 0.73 0.83 0.77 0.78 0.78 0.39 0.27 0.32 0.52 0.60
UAPR-joint 0.41 0.59 0.48 0.66 0.75 0.68 0.87 0.76 0.75 0.75 0.39 0.37 0.38 0.53 0.58
UAPR-CoT 0.45 0.47 0.46 0.66 0.78 0.73 0.80 0.76 0.76 0.76 0.40 0.23 0.29 0.51 0.61

Table 6: Performance comparison of different models across BASIL, BABE, and BIASEDSENT datasets. Metrics
shown are Precision (P), Recall (R), F1 score, F1 Macro, and F1 Micro.

Model BASIL BABE BIASEDSENT
ECR ↑ APSS ↓ SSC ↑ CEHI ↑ ECR ↑ APSS ↓ SSC ↑ CEHI ↑ ECR ↑ APSS ↓ SSC ↑ CEHI ↑

Gpt4.1-mini 0.808 1.169 0.768 0.819 ✗ ✗ ✗ ✗ ✗ ✗ ✗

✗

+CoT 0.889 1.257 0.851 0.810 0.847 1.191 0.811 0.828 ✗ ✗ ✗ ✗

+CU 0.802 1.132 0.771 0.834 0.820 1.140 0.790 0.840 0.840 1.570 0.630 0.570
UAPR-Human 0.810 1.186 0.766 0.812 0.810 1.160 0.770 0.820 0.800 1.480 0.610 0.630
UAPR-LLM 0.806 1.061 0.793 0.867 0.810 1.100 0.790 0.850 0.810 1.520 0.570 0.600
UAPR-Joint 0.820 1.171 0.783 0.825 0.810 1.220 0.750 0.790 0.810 1.560 0.570 0.570
UAPR-CoT 0.830 1.109 0.809 0.859 0.820 1.210 0.760 0.800 0.830 1.590 0.590 0.550

Table 7: Comprehensive evaluation of models for α=0.2. Panel (a) shows standard performance metrics (Precision,
Recall, F1). Panel (b) shows uncertainty quantification metrics (ECR, APSS, SSC, CEHI). The cross symbol 7
denotes that the method fails to produce the set with the desired error rate.

D AdditionalResults

D.1 Generalization to other datasets

This section presents the results of decision accu-
racy and quality of our UAPR-* methods on three
media bias detection datasets: BASIL (Fan et al.,
2019), BABE (Spinde et al., 2021), and BIASED-
SENT (Lim et al., 2020).

D.1.1 prediction accuracy of UAPR
Table 6 presents the detailed decision accuracy of
UAPR across three datasets. The results indicate
that using human-knowledge-based proxies con-
sistently achieves the highest F1 score among the
three datasets. This finding implies that knowledge-
based proxies provide validity, interpretability, and
alignment with established domain literature.

D.1.2 Decision quality of UAPR
Table 7 presents the decision quality across three
datasets. Observations from the BASIL dataset
suggest that LLM-based proxies contribute more
to enhancing decision quality, a trend that also ap-
plies to the BABE and BIASEDSENT datasets.
Notably, in BIASEDSENT, the human-knowledge
proxy set achieves the highest CEHI score. This

result implies that UAPR-human demonstrates su-
perior decision accuracy and quality. Perhaps the
crowd-sourced media bias annotations in BIASED-
SENT contain more bias cues captured by human-
knowledge-defined proxy attributes, leading to im-
proved prediction quality.

D.2 Sensitivity of hyperparameter λ

Table 12 is ablation study of hyperparameter λ in
equation 2. We can see both decision accuracy and
quality are not sensitive to the hyperparameter λ.

D.3 Full result of uncertainty measurement
for BASIL dataset

Table 8, 9, 10, 11, and 12 show the full un-
certainty result benchmark, an extended version
of Table. 4, for BASIL dataset. In this experi-
ment, we demonstrate various uncertainty scoring
approaches to estimate uncertainty in different sta-
tistical aspects:

• NCU: numerical verbal uncertainty (Tian et al.,
2023).

• LoFreeCP (FCP+EN+SD): method from (Su
et al., 2024).
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Figure 12: The ablation study of hyperparameter λ in equation 2. In this figure we report CEFI for decision quality
and F1 score for Decision accuracy. The target error rate α is 0.2 for the decision quality metric

• LVU: Linguistic-Verbal Uncertainty (Tao et al.,
2025).

• FCP: Frequency-based Conformal Probabilities
from (Su et al., 2024).

• JCSD: Joint Class Semantic Distance.

, where these uncertainty approaches are tried un-
der multiple settings: +CU, UAPR-CoT, UAPR-
Human, UAPR-LLM, UAPR-Joint.

Table 8: Uncertainty result benchmark for media bias detection of +CU

Bias Type
α = 0.2 α = 0.25 α = 0.3 α = 0.35

ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑
LoFreeCP 0.81 1.17 0.77 0.82 0.76 1.05 0.74 0.84 0.73 1.0 0.73 0.85 0.73 1.0 0.73 0.85
FCP 0.81 1.17 0.77 0.82 0.76 1.05 0.74 0.84 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85
JCSD 0.95 1.80 0.74 0.33 0.94 1.76 0.73 0.38 0.94 1.76 0.73 0.38 0.94 1.76 0.73 0.38
NCU 0.89 1.22 0.86 0.83 0.84 1.08 0.83 0.88 0.84 1.08 0.83 0.88 0.84 1.08 0.83 0.88
LVU 0.86 1.27 0.81 0.79 0.82 1.16 0.78 0.83 0.81 1.13 0.78 0.84 0.81 1.13 0.78 0.84
FCP + JCSD 0.80 1.16 0.77 0.82 0.75 1.04 0.74 0.84 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85
LVU + FCP 0.81 1.14 0.78 0.83 0.76 1.04 0.75 0.85 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85
LVU + JCSD 0.85 1.24 0.80 0.80 0.82 1.16 0.78 0.83 0.80 1.12 0.77 0.84 0.79 1.10 0.77 0.84
CU 0.80 1.13 0.77 0.83 0.76 1.03 0.75 0.85 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85

Bias Type α = 0.4 α = 0.45
ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑

LoFreeCP 0.73 1.0 0.73 0.85 0.73 1.0 0.73 0.85
FCP 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85
JCSD 0.94 1.76 0.73 0.38 0.94 1.76 0.73 0.38
NCU 0.82 1.02 0.81 0.89 0.82 1.02 0.81 0.89
LVU 0.80 1.12 0.78 0.84 0.78 1.05 0.77 0.86
FCP + JCSD 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85
LVU + FCP 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85
LVU + JCSD 0.79 1.10 0.77 0.84 0.78 1.04 0.77 0.86
CU 0.74 1.00 0.74 0.85 0.74 1.00 0.74 0.85
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Table 9: Uncertainty result benchmark for media bias detection of UAPR-CoT

Bias Type
α = 0.2 α = 0.25 α = 0.3 α = 0.35

ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑
LoFreeCP 0.8 1.17 0.76 0.82 0.75 1.06 0.74 0.84 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
FCP 0.8 1.08 0.79 0.86 0.77 1.0 0.77 0.87 0.77 1.0 0.77 0.87 0.77 1.0 0.77 0.87
JCSD 0.94 1.8 0.71 0.33 0.93 1.75 0.7 0.39 0.91 1.7 0.7 0.45 0.9 1.67 0.69 0.48
NCU 0.84 1.3 0.77 0.76 0.84 1.29 0.77 0.77 0.84 1.29 0.77 0.77 0.84 1.29 0.77 0.77
LVU 0.85 1.37 0.76 0.72 0.84 1.35 0.75 0.73 0.82 1.29 0.74 0.76 0.81 1.28 0.74 0.76
FCP + JCSD 0.8 1.07 0.78 0.86 0.77 1.0 0.77 0.87 0.77 1.0 0.77 0.87 0.77 1.0 0.77 0.87
LVU + FCP 0.83 1.13 0.81 0.85 0.8 1.06 0.79 0.87 0.78 1.0 0.78 0.87 0.78 1.0 0.78 0.87
LVU + JCSD 0.85 1.36 0.76 0.73 0.84 1.34 0.75 0.74 0.81 1.28 0.74 0.76 0.8 1.25 0.74 0.77
CU 0.83 1.13 0.81 0.85 0.8 1.06 0.79 0.87 0.78 1.0 0.78 0.87 0.78 1.0 0.78 0.87

Bias Type α = 0.4 α = 0.45
ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑

LoFreeCP 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
FCP 0.77 1.0 0.77 0.87 0.77 1.0 0.77 0.87
JCSD 0.9 1.67 0.69 0.48 0.9 1.67 0.69 0.48
NCU 0.8 1.14 0.76 0.83 0.8 1.14 0.76 0.83
LVU 0.79 1.21 0.73 0.79 0.79 1.21 0.73 0.79
FCP + JCSD 0.77 1.0 0.77 0.87 0.77 1.0 0.77 0.87
LVU + FCP 0.78 1.0 0.78 0.87 0.78 1.0 0.78 0.87
LVU + JCSD 0.79 1.21 0.73 0.79 0.78 1.19 0.73 0.8
CU 0.78 1.0 0.78 0.87 0.78 1.0 0.78 0.87

Table 10: Uncertainty result benchmark for media bias detection of UAPR-Human

Bias Type
α = 0.2 α = 0.25 α = 0.3 α = 0.35

ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑
LoFreeCP 0.81 1.22 0.75 0.79 0.75 1.1 0.73 0.82 0.71 1.01 0.71 0.83 0.71 1.0 0.71 0.83
FCP 0.8 1.21 0.75 0.79 0.75 1.1 0.73 0.82 0.71 1.01 0.71 0.83 0.71 1.0 0.71 0.83
JCSD 0.97 1.8 0.85 0.33 0.96 1.75 0.85 0.4 0.95 1.7 0.84 0.46 0.94 1.65 0.83 0.51
NCU 0.87 1.51 0.73 0.63 0.87 1.51 0.73 0.63 0.87 1.51 0.73 0.63 0.84 1.41 0.74 0.7
LVU 0.87 1.48 0.74 0.65 0.87 1.48 0.74 0.65 0.82 1.37 0.72 0.71 0.82 1.37 0.72 0.71
FCP + JCSD 0.8 1.2 0.75 0.8 0.75 1.09 0.73 0.82 0.71 1.0 0.71 0.83 0.71 1.0 0.71 0.83
LVU + FCP 0.82 1.2 0.77 0.81 0.79 1.13 0.76 0.83 0.75 1.04 0.74 0.84 0.73 1.0 0.73 0.84
LVU + JCSD 0.86 1.45 0.74 0.67 0.84 1.4 0.73 0.7 0.82 1.35 0.72 0.72 0.81 1.32 0.72 0.74
CU 0.81 1.19 0.77 0.81 0.78 1.12 0.76 0.83 0.75 1.04 0.74 0.84 0.73 1.0 0.73 0.84

Bias Type α = 0.4 α = 0.45
ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑

LoFreeCP 0.71 1.0 0.71 0.83 0.71 1.0 0.71 0.83
FCP 0.71 1.0 0.71 0.83 0.71 1.0 0.71 0.83
JCSD 0.93 1.6 0.83 0.56 0.92 1.55 0.82 0.6
NCU 0.82 1.31 0.74 0.75 0.82 1.31 0.74 0.75
LVU 0.82 1.37 0.72 0.71 0.82 1.37 0.72 0.71
FCP + JCSD 0.71 1.0 0.71 0.83 0.71 1.0 0.71 0.83
LVU + FCP 0.73 1.0 0.73 0.84 0.73 1.0 0.73 0.84
LVU + JCSD 0.8 1.28 0.71 0.75 0.79 1.25 0.71 0.77
CU 0.73 1.0 0.73 0.84 0.73 1.0 0.73 0.84
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Table 11: Uncertainty result benchmark for media bias detection of UAPR-LLM

Bias Type
α = 0.2 α = 0.25 α = 0.3 α = 0.35

ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑
LoFreeCP 0.8 1.11 0.77 0.84 0.76 1.02 0.75 0.85 0.75 1.0 0.75 0.85 0.75 1.0 0.75 0.85
FCP 0.8 1.12 0.78 0.84 0.75 1.01 0.75 0.85 0.75 1.0 0.75 0.86 0.75 1.0 0.75 0.86
JCSD 0.97 1.8 0.84 0.33 0.96 1.75 0.83 0.4 0.95 1.7 0.82 0.46 0.93 1.65 0.81 0.51
NCU 0.82 1.1 0.8 0.86 0.81 1.05 0.8 0.87 0.8 1.04 0.8 0.87 0.8 1.04 0.8 0.87
LVU 0.82 1.1 0.8 0.86 0.8 1.05 0.8 0.87 0.8 1.04 0.79 0.87 0.8 1.04 0.79 0.87
FCP + JCSD 0.8 1.11 0.77 0.84 0.75 1.01 0.75 0.85 0.75 1.0 0.75 0.86 0.75 1.0 0.75 0.86
LVU + FCP 0.82 1.09 0.8 0.86 0.79 1.01 0.79 0.88 0.79 1.01 0.79 0.88 0.78 1.0 0.78 0.88
LVU + JCSD 0.81 1.07 0.8 0.87 0.8 1.04 0.8 0.87 0.8 1.04 0.79 0.87 0.8 1.03 0.79 0.88
CU 0.81 1.06 0.79 0.87 0.79 1.01 0.79 0.88 0.79 1.01 0.79 0.88 0.78 1.0 0.78 0.88

Bias Type α = 0.4 α = 0.45
ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑

LoFreeCP 0.75 1.0 0.75 0.85 0.75 1.0 0.75 0.85
FCP 0.75 1.0 0.75 0.86 0.75 1.0 0.75 0.86
JCSD 0.92 1.6 0.81 0.56 0.91 1.55 0.8 0.6
NCU 0.8 1.04 0.8 0.87 0.8 1.02 0.79 0.88
LVU 0.8 1.03 0.79 0.88 0.8 1.03 0.79 0.88
FCP + JCSD 0.75 1.0 0.75 0.86 0.75 1.0 0.75 0.86
LVU + FCP 0.78 1.0 0.78 0.88 0.78 1.0 0.78 0.88
LVU + JCSD 0.8 1.03 0.79 0.88 0.79 1.02 0.79 0.88
CU 0.78 1.0 0.78 0.88 0.78 1.0 0.78 0.88

Table 12: Uncertainty result benchmark for media bias detection of UAPR-Joint

Bias Type
α = 0.2 α = 0.25 α = 0.3 α = 0.35

ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑
LoFreeCP 0.8 1.17 0.76 0.82 0.75 1.06 0.74 0.84 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
FCP 0.8 1.16 0.77 0.82 0.75 1.06 0.74 0.84 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
JCSD 0.97 1.8 0.85 0.33 0.96 1.75 0.85 0.4 0.95 1.7 0.84 0.46 0.94 1.65 0.83 0.51
NCU 0.86 1.43 0.75 0.68 0.86 1.43 0.75 0.68 0.86 1.43 0.75 0.68 0.83 1.33 0.75 0.74
LVU 0.86 1.44 0.75 0.68 0.84 1.39 0.74 0.71 0.82 1.35 0.73 0.73 0.81 1.32 0.73 0.74
FCP + JCSD 0.8 1.16 0.76 0.82 0.75 1.06 0.74 0.84 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
LVU + FCP 0.82 1.18 0.78 0.82 0.8 1.11 0.77 0.84 0.76 1.03 0.76 0.85 0.75 1.0 0.75 0.85
LVU + JCSD 0.85 1.42 0.74 0.69 0.83 1.37 0.73 0.72 0.81 1.32 0.73 0.74 0.8 1.29 0.72 0.75
CU 0.82 1.17 0.78 0.82 0.8 1.1 0.77 0.84 0.76 1.03 0.76 0.85 0.75 1.0 0.75 0.85

Bias Type α = 0.4 α = 0.45
ECR↑APSS↓ SSC↑ CEHI↑ ECR↑APSS↓ SSC↑ CEHI↑

LoFreeCP 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
FCP 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
JCSD 0.93 1.6 0.83 0.56 0.92 1.55 0.82 0.6
NCU 0.81 1.26 0.75 0.77 0.81 1.26 0.75 0.77
LVU 0.81 1.32 0.73 0.74 0.81 1.32 0.73 0.74
FCP + JCSD 0.72 1.0 0.72 0.84 0.72 1.0 0.72 0.84
LVU + FCP 0.75 1.0 0.75 0.85 0.75 1.0 0.75 0.85
LVU + JCSD 0.79 1.26 0.72 0.76 0.78 1.23 0.71 0.77
CU 0.75 1.0 0.75 0.85 0.75 1.0 0.75 0.85
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E Case studies

This section aligns with section 4.4 that discusses
the entities with high CU scores. Since Duncan
Hunter has high CU samples mostly come from
high FCP; Obama Administration has a moderate
proportion of high CU samples with high LVU,
we provide case studies for further investigation.
We first investigate the high CU samples caused
by LVU. Figure 13, 14, 15 show sample in top-
ranked CU group in Obama Administration. Hedg-
ing words like "probable" and "Somewhat" usually
appears when the LLM is judging on sentences re-
late to the Obama Administration. Despite most of
the time the FCP is low, the model expresses its un-
certainty by generating uncertain linguistic-verbal
expression.

Figures 16, 17, 18 show the detail of LLM’s
intermediate reasons when making decision on the
high FCP samples. We found prediction outcomes
are not consistent in multi-round prompting. Take
case 3 in Figure 18 as an example, LLM predicts
10 times bias and 10 times unbias. Moreover, the
LLM gives different reasoning traces. When it pre-
dicts bias, it says the sentence frames the speaker
positively, while it thinks the framing attributes to
the entity (Duncan Hunter) instead of the journalist.

Figure 13: case number 1 for sample in top-ranked CU
group in Obama Administration.

Figure 14: case number 2 for sample in top-ranked CU
group in Obama Administration.

Figure 15: case number 3 for sample in top-ranked CU
group in Obama Administration.
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Figure 16: case number 1 for sample in top-ranked CU group in Duncan Hunter.

Figure 17: case number 2 for sample in top-ranked CU group in Duncan Hunter.

Experiment 3 Trials
Cost

20 Trials
Cost

20 Trials
Seq Time

20 Trials
Par Time

GPT-4.1-mini $2.44 $2.44 5.3 h 5.3 h
+CU $5.21 $34.75 70.0 h 43.9 h
UAPR-CoT $5.54 $36.91 78.9 h 49.6 h
UAPR-Human $6.91 $46.08 91.7 h 54.8 h

Table 13: Comparison of experiment costs and runtimes.

F Inference time and cost of UAPR
method and baseline comparison

Table 13

G The use of Ai in this paper

We use Ai for python code generation, and to assist
revising this paper. Using Ai generates more robust
code avoiding false result due to coding error.
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Figure 18: case number 3 for sample in top-ranked CU group in Duncan Hunter.
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H Responses to Reviewer Concerns

This section addresses key methodological ques-
tions raised during peer review.

Q1: LVU is class-agnostic while FCP and JCSD
are class-specific. Why combine fundamentally
different uncertainty types via simple weighted
summation, and how are scale incompatibilities
handled?

This characterization is a slight misreading of our
formulation. LVU, FCP, and JCSD are all de-
signed as sentence-level uncertainty signals, not
class-specific ones. FCP is computed by sampling
m inference rounds and measuring how frequently
each class is selected; JCSD measures the semantic
consistency of the intermediate reasoning language
across those same m samples. Neither is a per-class
score that is then aggregated—both are scalar sum-
maries of prediction variability across rounds.

Regarding scale incompatibility: we explicitly
acknowledge that the three components operate
on different numeric ranges. We address this by
introducing the hyperparameter λ in Equation 2,
which aligns the magnitude of JCSD with those of
FCP and LVU. A grid search over λ (Appendix D.2)
shows that performance is largely insensitive to the
exact value around λ = 100, confirming that the
choice is principled rather than arbitrary.

Q2: The JCSD multiplicative product is poorly
motivated. If each class has low intra-class
variance but predictions are uniformly
distributed (high inter-class uncertainty), JCSD
would be misleadingly small.

The intuition behind JCSD is rooted in the causal
relationship between a decision and its underlying
reasoning. If an LLM arrives at a specific decision
with zero reasoning variance, while the alternative
decision’s reasoning is extremely varied and incon-
sistent, the former decision should be prioritized
because its rationale is definite. Our multiplica-
tive formulation handles this naturally: if any class
achieves near-zero reasoning variance, the joint
product reflects a state of low uncertainty for that
specific reasoning path. In such cases, the final de-
cision (determined by Eq. 5) would lean toward the
class with certain reasoning, and the overall JCSD
would correctly reflect this.

We acknowledge that the current JCSD formu-
lation has limitations and that future work explor-
ing frequency-weighted aggregation—where each

class is weighted by its prediction frequency be-
fore multiplication—could better align JCSD with
inter-class uncertainty.

Q3: The best result (UAPR-Human) requires
human-curated proxies, which undercuts the
“automatic” framing of the method.
We agree that the term “automatic” warrants clarifi-
cation. LLMs excel at automating many NLP tasks,
but in specialized, subjective domains such as me-
dia bias, alignment to human judgment remains
an unsolved problem. LLM-generated knowledge
reflects the model’s pre-training distribution, which
may not correspond to the nuanced criteria used by
human annotators in a given domain. Providing a
small human-authored guideline—a list of domain-
specific proxy attributes—requires minimal effort
while substantially improving alignment.

We view this as analogous to prompt engineering
or instruction tuning: the inference pipeline is fully
automatic given the proxies, but the proxies them-
selves encode domain expertise. The contribution
is not that all human input is eliminated, but that
a structured, transparent reasoning scaffold (proxy
attributes) combined with uncertainty estimation
improves both accuracy and decision quality over
unguided LLM inference. Future work on learn-
ing proxies from domain-specific feedback could
further reduce the human effort required.

Q4: The conformal prediction exchangeability
assumption may be violated by the story-split
evaluation scheme.
This is a valid theoretical concern. Standard split
conformal prediction requires that calibration and
test samples are exchangeable—i.e., drawn from
the same underlying distribution. Story-split cross-
validation partitions data by article, meaning dif-
ferent folds cover different entities, topics, and
language patterns, which could introduce distri-
butional shift between calibration and test sets.

We address this concern from three angles. Em-
pirically, our ECR values across all methods and α
settings are consistently close to or above the theo-
retical target 1−α (Tables 2 and the full results in
Appendix D.3), indicating that the coverage guar-
antees hold in practice despite the potential shift.

We adopt story-split following established proto-
col in media bias detection (Lin et al., 2024) to en-
sure fair comparison with prior work. We acknowl-
edge the exchangeability limitation and note that
adaptive conformal prediction methods (Cherian
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et al., 2024) designed for distribution shift settings
represent a promising direction for future work.

Q5: Ethical considerations are minimal. Media
bias detection systems carry societal
implications beyond data privacy.
We thank the reviewer for raising this important
point. Beyond the absence of new data collection,
we identify the following ethical risks associated
with deploying media bias detection systems:
Potential for misuse. Automated bias detection
tools could be misused for selective censorship
or political manipulation—for example, system-
atically flagging content from specific outlets or
viewpoints under the guise of bias removal while
leaving ideologically aligned content unexamined.
The asymmetric application of such tools by gov-
ernments, platforms, or corporations poses a gen-
uine democratic risk.
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