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Abstract

Large Language Models (LLMs) are increas-
ingly used to evaluate the reliability of news
content, yet the mechanisms driving these judg-
ments remain poorly understood. In this work,
we investigate whether LLMs assess news trust-
worthiness based on substantive journalistic
quality or superficial linguistic signals. We
deploy a multi-stage pipeline combining an
LLM-as-a-Judge classification baseline, causal
feature perturbation via controlled counterfac-
tual rewrites, and mechanistic attribution via
Integrated Gradients. We find that models rely
heavily on institutional-register tokens as prox-
ies for trustworthiness, a shallow heuristic that
mirrors wire-service style rather than factual
accuracy.

1 Introduction

Large Language Models (LLMs) increasingly me-
diate our interactions with online content. Tools
like Perplexity, SearchGPT, and Gemini synthe-
size vast amounts of data into singular authoritative
summaries, increasingly serving as the “front page”
of the internet. While these tools offer unprece-
dented efficiency, they also introduce a new layer
of algorithmic gatekeeping. The criteria by which
these models judge sources as “trustworthy,” “reli-
able,” or “neutral” remain largely opaque.

This lack of transparency raises at least two sig-
nificant concerns. First, it makes it difficult to no-
tice and correct biases and blind spots in LLM
judgments: such biases could pollute the informa-
tion chain, contributing to political polarization and
degrading the broader information ecosystem. Sec-
ond, if a model’s perception of trustworthiness is
influenced by superficial factors such as emotional
tone or certain keywords, then its judgments may
be easily manipulable. Understanding the mecha-
nisms by which LLMs evaluate sources of informa-
tion is essential to identifying and combating such
vulnerabilities.

We address three specific problems in current
LLM-based content curation:

• Causal Ambiguity: Does a model judge an
article based on its substantive content, or is
it swayed by a few “suspect tokens,” stylistic
markers, or political signaling?

• Mechanistic Opacity: Even in open-source
models, intermediate attribution signals that
lead to a reliability score are rarely inspected
or reported.

• Transferability: Do different model families
share a common “latent space” for trustwor-
thiness, or is the definition of a trustworthy
source model-dependent?

Our contributions are as follows: (1) a repro-
ducible LLM-as-a-Judge evaluation across seven
open-source models on a fake news detection
benchmark; (2) token-level mechanistic attri-
bution via Integrated Gradients, revealing spe-
cific linguistic markers behind predictions; and
(3) a counterfactual intervention study demon-
strating that purely stylistic rewrites systemat-
ically flip model predictions. All code can
be found at https://github.com/paul-talma/
fake_news_interpretability.

2 Data

We use the FakeNewsDetection dataset as our pri-
mary source of ground truth (Jikadara, 2023). It is
split into fake.csv and real.csv and contains the
title, text, subject, and date of various news articles.
We operationalize trustworthiness as a binary label:
real articles are labeled 1 (trustworthy) and fake
articles are labeled 0 (untrustworthy). We sample
100 balanced articles (50 real, 50 fake) for our main
evaluation experiments.

https://github.com/paul-talma/fake_news_interpretability
https://github.com/paul-talma/fake_news_interpretability


3 Methodology

We design a multi-stage pipeline (Figure 1) to an-
alyze how linguistic features causally influence
LLM trustworthiness judgments. The system com-
bines LLM-as-a-Judge evaluation, controlled text
interventions, and cross-model analysis.

3.1 LLM-as-a-Judge Baseline
We prompt a suite of models to evaluate these arti-
cles. We prompt a suite of open-source models to
classify each article as trustworthy (1) or untrust-
worthy (0). Our final prompt design is:

You are a news trustworthiness classifier. Classify
an ARTICLE as: 1 = trustworthy (neutral, fact-
focused reporting with attribution; wire-service
style; avoids conspiratorial framing) or 0 =
untrustworthy (opinion/propaganda, sensational
or conspiratorial claims without evidence, ad
hominem insults, heavy partisan framing, or ma-
nipulative rhetoric). Do NOT judge by whether
the topic is controversial. Judge by reporting
quality and style. If it reads like a blog/opinion
piece or uses loaded language, it is likely 0. If it
reads like Reuters/AP-style reporting with named
sources and neutral tone, it is likely 1. Output
exactly one token: 0 or 1.

To improve instruction adherence, we add k = 5
labeled few-shot examples covering both trustwor-
thy and untrustworthy articles. Constraining out-
puts to 0,1 reduces format errors compared to string
labels.

3.2 Causal Interventions
To test whether surface-level linguistic features
causally influence model judgments, we apply
controlled counterfactual rewrites to articles that
were initially classified as untrustworthy. A sec-
ond LLM (GPT-4o) is instructed to rephrase each
article while preserving its core factual content
and named entities, modifying only stylistic and
rhetorical dimensions. We track six intervention
axes per article: hedging (epistemic qualifiers
added or removed), citations (named source attri-
butions), inflammatory language (loaded or emo-
tionally charged words), exclamations, rhetorical
questions, and all-caps tokens. We also record the
change in total word count as a proxy for the extent
of the rewrite.

Each intervention is designed to shift the article
from one of the following rhetorical modes:

• Accusation → Attribution: Direct accusa-
tions are replaced by attributed claims (e.g.,
“Critics argue that. . . ”).

• Loaded language → Neutral vocabulary:
Emotionally charged terms are replaced
by standard institutional terminology (e.g.,
“Obama regime” → “Obama administration”).

• Rhetorical questions → Analytical state-
ments: Rhetorical questions implying known
answers are replaced by declarative analytical
statements.

• Advocacy → Reporting: First-person or par-
tisan framing is replaced by detached, third-
person institutional register.

3.3 Mechanistic Attribution via Integrated
Gradients

To understand which specific tokens drive trustwor-
thiness predictions, we apply Integrated Gradients
(Sundararajan et al., 2017, IG) to the Qwen2-1.5B-
Instruct model -our best-performing judge. IG com-
putes the attribution of each input token to the out-
put prediction by integrating the model’s gradients
along a straight path from a baseline input (PAD
tokens) to the actual input. For each article, we
use 300 integration steps and record the attribution
score assigned to each token.

We note a completeness gap of 0.596 in our IG
computation, meaning the attributions do not fully
sum to the difference between the model’s predic-
tion at the baseline and at the actual input. Conse-
quently, we treat attribution magnitudes cautiously
and primarily interpret the rank ordering and sign
patterns of the top-attributed tokens.

3.4 Cross-Model Comparison
To assess whether trustworthiness representations
transfer across model families, we evaluate seven
models spanning two families (Qwen and Llama)
and a range of sizes (0.5B–3.2B parameters). We
additionally leverage chain-of-thought (CoT) rea-
soning from models that expose thinking tokens
(Llama-3.2 and Qwen3), using the generated ratio-
nales as qualitative evidence for the features each
model attends to.

4 Experiments and Results

4.1 Classification Accuracy
Table 1 reports few-shot classification accuracy
across all seven models on our 100-article eval-
uation set.

Several findings stand out. First, performance
does not scale monotonically with model size:



Figure 1: Overview of our pipeline. Articles from the FakeNewsDetection dataset are passed to a suite of LLM
judges producing binary trustworthiness labels. We then apply causal interventions (counterfactual rewrites) and
mechanistic attribution (Integrated Gradients) to understand what drives the predictions, and compare patterns
across model families.

Model Accuracy

Qwen2.5-0.5B-Instruct 0.45
Qwen3-1.7B 0.45
Phi-3-mini-4k-Instruct 0.55
Llama-3.2-3.2B-Instruct 0.63
Llama-3.2-1B-Instruct 0.67
Qwen3-0.6B 0.74
Qwen2-1.5B-Instruct 0.91

Table 1: Few-shot (k=5) classification accuracy on 100
balanced articles. Performance does not scale monoton-
ically with model size.

the 1.5B Qwen2-1.5B-Instruct substantially outper-
forms both the 3.2B Llama model and Qwen3 vari-
ants. This suggests that instruction tuning recipe
and training data composition may matter more
than raw parameter count for this task. Second, the
two smallest models (Qwen2.5-0.5B and Qwen3-
1.7B) perform at chance level (0.45), likely due to
poor instruction following on long-context news
articles rather than a fundamental lack of seman-
tic understanding. Third, few-shot prompting with
k=5 provides modest improvements over zero-shot
across most models, but does not uniformly close
the gap for the worst performers.

4.2 Chain-of-Thought Reasoning
Models that expose chain-of-thought reasoning
(Llama-3.2, Qwen3) provide qualitatively inter-
pretable rationales. For a correctly classified trust-
worthy article, the model’s internal reasoning high-
lights verifiable sourcing (e.g., references to the
Financial Times and named government officials),
neutral tone, and multi-perspective framing.

4.3 Mechanistic Attribution: Integrated
Gradients

Figure 2 shows the top-attributed tokens for a repre-
sentative article classified as trustworthy by Qwen2-

1.5B-Instruct.

Positive (trustworthy-pushing) tokens. The
highest-attributed positive tokens are overwhelm-
ingly drawn from an institutional-news register:
government, agency, ruling, deal, warned, and
Trump (as a named-entity token). This reflects that
articles that read like Reuters are treated as real by
the model, regardless of their factual accuracy.

Negative (untrustworthy-pushing) tokens. The
highest-attributed negative tokens fall into two
groups: (1) meta-evaluative words associated with
opinion or advocacy writing (ratings, quality,
National), and (2) tokenization fragments of
opinion-genre morphology (atorial, ism). No-
tably, competitive or rhetorical tokens like win and
winning also carry strongly negative attributions.
This suggests the model has internalized a “ news
vs. opinion” heuristic.

Completeness caveat. The completeness gap for
our IG computation is 0.596. While increasing
the number of integration steps (from 50 to 300)
reduced numerical error, the gap persisted, suggest-
ing that the PAD-token baseline is poorly suited to
the transformer architecture. We therefore interpret
sign patterns and rank orderings qualitatively, and
treat precise attribution magnitudes with caution.

4.4 Counterfactual Intervention Study
We apply our counterfactual rewrite procedure to
five articles initially classified as untrustworthy (la-
bel 0) by the Qwen2-1.5B-Instruct judge. Follow-
ing the rewrite, all five articles were reclassified
as trustworthy (label 1), despite no changes to
the core factual claims. Table 2 summarizes the
linguistic changes made in each rewrite.

The most consistent intervention across articles
is a reduction in inflammatory language (∆Infl ≤ 0



Figure 2: Token-level attribution scores (Integrated Gradients, 300 steps, PAD baseline). Blue bars indicate tokens
that push the prediction toward trustworthy; red bars indicate tokens that push the prediction toward untrustworthy.

Idx ∆Hed ∆Cite ∆Infl ∆Exl ∆RhetQ ∆Caps ∆Words

0 −2 0 0 −1 0 −2 −387
1 +7 −1 −2 −1 0 −1 −139
2 +3 −1 −3 0 −3 +1 −230
3 +3 +1 −1 0 0 −1 −17
4 −7 −2 −1 0 −2 −1 −544

Table 2: Linguistic changes between original and counterfactual rewrites. All five articles flipped from 0 (untrust-
worthy) to 1 (trustworthy). ∆Hed = change in hedging tokens; ∆Cite = change in named-source attributions; ∆Infl
= change in inflammatory/loaded language; ∆Exl = change in exclamation tokens; ∆RhetQ = change in rhetorical
questions; ∆Caps = change in all-caps tokens; ∆Words = change in total word count.

for all five articles). Rhetorical questions and all-
caps tokens are also reduced in most cases. The pat-
tern of changes is consistent with the IG attribution
results: features that signal opinion or advocacy
writing are the primary drivers of untrustworthy
predictions, and removing them suffices to flip the
model’s judgment.

Qualitative examples. The rewrites illustrate
several recurring transformation types:

• Accusation → Attribution: Direct ac-
cusatory framing is replaced by attributed
claims:

“It’s yet another case of a Clinton cover up.”

↓

“Critics argue that repeated incidents involving
sensitive government records raise concerns about

accountability. However, the available email
record does not establish intent.”

• Loaded language → Neutral vocabulary:
Emotionally charged terms are replaced with
standard institutional terminology:

“Obama regime”, “Joe the Clown”, “illegal
aliens”, “stinker”

↓

“Obama administration”, “former U.N.
Ambassador John Bolton”, “non-citizen voting

debates”

• Advocacy → Reporting: Emotionally
charged, mocking, and accusatory tone is re-
placed by a detached, structured, institutional
register. Rhetorical questions are converted
into analytical statements, and conspiracy-
signaling language is removed entirely.

Implications. These results establish a concrete
attack surface: a motivated actor could use a ca-
pable LLM to automatically rewrite partisan or
misinformation content into a neutral institutional
register, thereby inflating its perceived trustworthi-
ness score without correcting any of the underlying
factual claims.

5 Challenges and Lessons

Instruction following in long-context settings.
Early experiments revealed frequent output-format
failures (e.g., explanatory text or non-binary re-
sponses). Constraining the output vocabulary to
0,1 and adding few-shot examples substantially



improved compliance. However, instruction ad-
herence degraded on longer articles, consistent
with known limitations of smaller models in long-
context settings.

Model size vs. accuracy. Classification accuracy
does not scale linearly with model size within our
evaluation range (0.5B–3.2B parameters). This
non-monotonicity is practically important: it means
that simply scaling up model size is not a reliable
strategy for improving LLM-based content modera-
tion, and that instruction tuning methodology plays
an outsize role.

Integrated Gradients completeness. As noted
in Section 4.3, the high completeness gap limits
the reliability of IG magnitude estimates. Future
work should explore alternative attribution base-
lines (e.g., Gaussian noise or learned baselines) or
complementary methods such as attention rollout
or LIME.

6 Discussion

Our results suggest that small LLMs rely primar-
ily on surface-level register cues—such as insti-
tutional vocabulary, named sources, and neutral
phrasing—rather than deeper assessments of fac-
tual accuracy. Both Integrated Gradients attribution
and counterfactual interventions reveal a “reads like
Reuters → must be real” heuristic.

These findings have implications for both the de-
sign of LLM-based content evaluation systems and
the threat model for adversarial manipulation. On
the design side, they suggest that prompting alone
may be insufficient to elicit principled journalistic
quality judgments from small models. Fine-tuning
on a richer annotation framework may be necessary.
On the threat side, they demonstrate that the bar-
rier to adversarial manipulation is low: a capable
rewrite model can substantially inflate trustworthi-
ness scores without altering factual content.

7 Conclusion

We investigated the mechanisms by which LLMs
judge the trustworthiness of news articles, using
a combination of few-shot classification, mecha-
nistic attribution via Integrated Gradients, and con-
trolled counterfactual intervention. Across seven
open-source models, we find that trustworthiness
judgments are driven primarily by surface-level
register features rather than by principled assess-
ment of factual accuracy. Critically, purely stylistic

rewrites that neutralize emotional language and
partisan framing, while preserving all content infor-
mation, are sufficient to flip model predictions from
untrustworthy to trustworthy in all five tested cases.
Our results highlight a vulnerability in LLM-based
information curation and motivate future work on
more robust approaches to automated news evalua-
tion.

8 Related Work

Political bias in LLMs. Rozado (2023) elicits a
liberal political slant from ChatGPT using political
alignment tests. Motoki et al. (2024) measure bias
using responses to Political Compass questions,
while Bang et al. (2024) defines three dimensions
of political bias, finding that LLM-generated text
exhibit varying degrees of ideological lean. They
do not examine implications of model biases in
information curation or attempt causal analyses of
linguistic features behind biases.

LLMs as content evaluators. Several studies
examine the use of LLMs for information cura-
tion. Minici et al. (2025) compare commercial
LLMs with traditional news aggregators, finding
differences in source diversity, ideology, and relia-
bility judgments. Yang and Menczer (2025) com-
pare LLM reliability ratings to human experts and
show that prompt design can significantly influence
model assessments.

Mechanistic interpretation of LLM judgments.
Loru et al. (2025) analyze how LLMs judge news
reliability using a multi-agent pipeline that ag-
gregates signals from several model components.
While effective, the agentic design introduces inter-
pretability challenges. Our approach instead com-
bines token-level attribution with controlled coun-
terfactual rewrites to enable clearer causal analysis
of the linguistic features driving model predictions.

9 Contribution Statement

Kiko - Worked on prompt engineering, designing
model pipeline, evaluating LLM results

Marie - Datasets, running and writing results,
pruning output vocabulary, paper writing

Paul - Motivation and ideation, designing model
pipeline, paper writing

Ramnath - Designing and implementing model
pipeline, model selection, visualizations, Integrated
gradients, and causal analysis of our models
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