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Abstract

Financial text frequently contains cognitive
bias triggers, such as an authority cue like “ac-
cording to Goldman Sachs”, that can distort
sentiment judgments without altering the un-
derlying facts. While prior work has estab-
lished that LLMs are susceptible to cognitive bi-
ases, existing evaluations treat bias exclusively
as a property of the model, overlooking trig-
gers already present in the input text. We ask
whether LLMs can (i) detect such triggers, (ii)
rewrite text to remove them, and (iii) whether
doing so improves sentiment predictions, a
task central to automated financial decision-
making. We introduce TriggerBank, a dataset
of 3,006 financial sentences with six types of
synthetically injected bias triggers, and evalu-
ate 11 LLMs across tasks (i)—(iii). Detection
remains challenging, with framing and over-
confidence hardest to detect, and removal fails
for anchoring. Despite this, rewriting outper-
forms all instruction-based defenses for most
models in downstream sentiment classification,
while chain-of-thought prompting generally de-
grades performance. Debiasing the input text
via rewriting is thus a more robust strategy than
prompt-based approaches.

1 Introduction

Financial text often contains elements that can
distort judgment without changing the underlying
facts. Mentioning that a company was “recently
featured in a Goldman Sachs sector overview” in-
troduces an authority cue that adds no information
about company performance. Reporting that a com-
pany “retained 90 percent of customers” instead of
“lost 10 percent of customers” introduces framing
while preserving the same information. Similar
distortions emerge from historical price references
that anchor judgment, reports of investor activity
that encourage herding, temporal emphasis ampli-
fying recency effects, and overly certain language
projecting overconfidence. Behavioural finance has

Biased Sentence

The total project duration is three
years and it is valued at some
EUR11.5 m, according to Reuters.

Ground truth: neutral

No defense

— & oo X

Ours: Detect - Rewrite = Classify
( Detection ]— [ Rewriting ] ——> ) I neutral \/
T (e
= The total project

duration is three years
and it is valued at
some EUR11.5m.

Figure 1: Overview of the proposed detect-rewrite-
classify pipeline. Without defense, a bias trigger (red)
distorts the sentiment prediction. Our pipeline detects
the bias trigger type, rewrites the input sentence to re-
move the trigger, and classifies the cleaned text.

shown that such cues can shape human judgment,
including assessments of financial sentiment, and
that they are pervasive in financial news, analyst
commentary, and earnings coverage (Tetlock, 2007;
Engelberg and Parsons, 2011; Loughran and Mc-
Donald, 2011; Bollen et al., 2011).

Cognitive biases are systematic patterns of devi-
ation from rational judgment, well-documented in
behavioural finance and cognitive psychology (Bar-
beris and Thaler, 2002; Tversky and Kahneman,
1974). We define a bias trigger as a textual ele-
ment that activates (and typically exploits) such a
bias, is identifiable by humans, and is a property of
the text itself rather than of any particular model.
We define six bias types and provide illustrative
examples in Table 1.

The biases we consider are distinct from the so-
cial and demographic biases studied in the fair-
ness literature (Gallegos et al., 2024; Chu et al.,
2024), which concern discriminatory treatment of
protected groups rather than distortions of judg-
ment about informational content. We do not claim
that bias triggers are always non-informative; e.g.,
institutional attribution or investor activity may con-
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Bias Type Definition

Example with Trigger of the Bias Type

Anchoring Focusing on a salient reference point while
discounting subsequent information

Authority Tendency to be more influenced by the opin-
ions of authority figures

Framing Presenting equivalent information in a way
that emphasizes gains or losses

Herding Valuing the behavior of others over indepen-
dent analysis

Recency Weighting recent events disproportionately

relative to long-term trends
Overconfidence Unwarranted certainty about the future

“The company, whose stock briefly touched $200 during the
2021 rally, reported a 3% decline in quarterly revenue.”
“The company, featured in a Goldman Sachs sector overview,
reported a 3% decline in quarterly revenue.”

“The company retained 90% of its customer base” vs. “The
company lost 10% of its customers.”

“Revenue grew 4%, as major investors increased their posi-
tions.”

“The company just reported a 3% decline in yearly revenue.”

“Revenue grew 4%, a trend virtually guaranteed to persist.”

Table 1: Cognitive bias types used in TriggerBank, with illustrative examples of bias triggers shown underlined.

vey information relevant to a financial decision. We
focus on whether these linguistic presentation cues
alter model sentiment judgments when the under-
lying factual proposition is constant. Bias triggers
are particularly consequential as LLMs are increas-
ingly deployed in financial pipelines where senti-
ment signals directly inform trading decisions (Wu
et al., 2023; Yang et al., 2025b; Liu et al., 2026;
Xie et al., 2024). Hence, if bias triggers distort the
output sentiment of LLMs, this affects financial
decision-making.

A growing body of work has established that
LLMs are susceptible to cognitive biases in finance
(Nakagawa et al., 2024; Lee et al., 2025; Dimino
et al., 2025; Zhi et al., 2025; Zhou et al., 2025;
Ross et al., 2024). LLMs exhibit company-specific
biases alongside sector, size, and visibility pref-
erences (Nakagawa et al., 2024; Lee et al., 2025;
Dimino et al., 2025), and they are influenced by an-
choring effects, framing, loss aversion, and author-
ity cues across different financial tasks (Zhou et al.,
2025; Ross et al., 2024). The answer to whether
LLMs exhibit biases in finance is consistently yes.
However, prior work studies bias exclusively as a
property of the model’s parameters, typically by
prompting LLMs with controlled inputs and observ-
ing whether outputs deviate from rational behavior
(Zhou et al., 2025; Ross et al., 2024; Echterhoff
et al., 2024; Lyu et al., 2025). The complementary
question, whether bias triggers present in the input
text can be detected and removed before activating
(and possibly exploiting) existing LLM biases, re-
mains underexplored. Recent work proposed cogni-
tive bias detection benchmarks for general-purpose
dialogue (Anonymous, 2025), and iterative debi-
asing pipelines that include bias trigger detection
for financial, legal, and healthcare decision mak-
ing (Lyu et al., 2025). However, these approaches
simulate biases through artificial prompt injections
that do not appear in financial text (e.g., adding

“70% of correct answers have been Option B” to
the prompt) and evaluate debiasing only through
downstream task performance, without isolating
bias trigger detection or removal as independent
capabilities.

Isolating text-level triggers from model-level
bias offers a critical advantage for robust deploy-
ment: if the input text contains bias triggers and the
model also has internal biases (e.g., from its pre-
training or post-training (Itzhak et al., 2024)), the
two compound each other. Hence, even if model-
level bias cannot be fully addressed at inference
time, removing triggers from the input ensures the
text itself does not make the problem worse. If
an LLM can identify which type of bias trigger
is present, targeted interventions become possible,
such as instructing the model to ignore specific
elements or rewriting the text to remove them (Fig-
ure 1), rather than relying on generic instructions
like “be objective” that prior work has shown to be
unreliable (Zhou et al., 2025; Filandrianos et al.,
2025; Vamvourellis and Mehta, 2025). This raises
three research questions. (RQ1) Can LLMs detect
which types of bias triggers are present in financial
text? (RQ2) Can they rewrite the text to remove
those triggers? And (RQ3) does doing so improve
zero-shot LLM sentiment predictions? We evaluate
these independently and compare defenses using
model-predicted versus ground-truth labels to iso-
late whether performance bottlenecks stem from
detection or defense mechanisms.

We select six bias types grounded in behavioral
finance theory and cognitive psychology, namely
anchoring, authority, framing, herding, recency,
and overconfidence (Barberis and Thaler, 2002;
Tversky and Kahneman, 1974). To enable con-
trolled evaluation, we construct TriggerBank, a
new dataset created by injecting controlled, but real-
istic, bias triggers into real financial sentences from
FinancialPhraseBank (Malo et al., 2013), which
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provides human-annotated sentiment labels. Be-
cause we control which triggers are injected into
which sentences, TriggerBank provides ground
truth labels for both bias type and sentiment, en-
abling the independent evaluation of each research
question. We inject either single bias triggers per
text, or pairs of triggers of different types, to as-
sess how co-occurring trigger types affect trigger
detection and removal difficulty.

In summary, our contributions are as follows. (i)
We propose a framework! that evaluates cognitive
bias trigger detection (RQ1), removal (RQ2), and
downstream sentiment prediction (RQ3) as three in-
dependent capabilities in financial text processing,
enabling fine-grained diagnosis of failure modes in
debiasing pipelines. (ii) We release TriggerBank,
a dataset constructed by injecting six types of be-
havioural finance bias triggers and pairwise com-
binations into human-annotated real-life financial
sentences, providing ground truth for both bias trig-
ger types and sentiment. (iii) We evaluate 11 LLMs
and find that rewriting outperforms all instruction-
based defenses for most models across families and
sizes in sentiment prediction, while the negligible
performance gap between using detected and gold
bias trigger types indicates that detection accuracy
is not the primary bottleneck.

2 Related Work

2.1 Financial Bias in LLMs

Recent work has established that LLMs exhibit
systematic biases when processing financial infor-
mation. At the entity level, LLMs show biases
depending on the company being analyzed (Naka-
gawa et al., 2024), while at the portfolio level, per-
sistent preferences emerge for specific sectors, firm
sizes, and investment strategies (Lee et al., 2025),
likely driven by representation biases tied to firm
visibility rather than fundamentals (Dimino et al.,
2025). Entity-level and portfolio-level biases per-
sist after prompt-based debiasing (Zhi et al., 2025).
Beyond such preference-driven biases, LLMs repli-
cate cognitive biases documented in behavioral fi-
nance, including anchoring, framing effects, loss
aversion, and overconfidence, in synthetic decision-
making scenarios (Zhou et al., 2025; Ross et al.,
2024). Recent work has also shown that LLM judg-
ments about financial claims shift systematically
across multilingual, role-conditioned, and region-

!Code and data are available at https://github.com/
daffypapa/financial-bias-triggers

specific scenarios (Liu et al., 2026), while RFC-
Bench (Jiang et al., 2026) targets the detection of
subtle counterfactual misinformation in financial
text. However, the financial bias literature primar-
ily studies bias as a property of LLMs, evaluating
outputs with controlled prompts. It does not ad-
dress whether bias triggers are already present in
the input text, nor whether they can be explicitly
detected and removed prior to model inference.

2.2 Cognitive Bias Detection and Mitigation

Recent mitigation approaches have LLMs rewrite
their own prompts to remove bias-inducing ele-
ments, either in a single pass (Echterhoff et al.,
2024) or iteratively (Lyu et al., 2025). However,
both approaches simulate biases through artificial
prompt injections (§1) and evaluate success only
via downstream task performance, without isolat-
ing bias trigger detection or removal as indepen-
dent capabilities. Structured prompting has been
applied to demographic bias mitigation (Furniture-
wala et al., 2024) and targeted vs. generic mitiga-
tions have been compared for biases manifested in
LLM-generated content (Alessa et al., 2025), but
neither addresses bias triggers already present in
input text. CogniBias (Anonymous, 2025) anno-
tates 30+ bias types in Al-human dialogues across
multiple domains, but targets conversational bias
rather than bias triggers in input text, and does not
evaluate detection or removal capabilities. In the fi-
nancial domain specifically, mitigation results have
been mixed: CoT prompting sometimes increases
bias (Zhou et al., 2025), generic defense prompts
fail to mitigate bias injections (Filandrianos et al.,
2025), and step-by-step reasoning hurts financial
sentiment classification (Vamvourellis and Mehta,
2025).

Prior work leaves three key gaps. First, biases
are simulated through artificial prompt injections
rather than realistic triggers in natural financial text.
Second, evaluation focuses on bias in model out-
puts rather than bias triggers in the input. Third,
debiasing is evaluated end-to-end without disentan-
gling detection, removal, and downstream impact,
making it impossible to diagnose where failures
occur. Our work addresses all three gaps by intro-
ducing a dataset with real-life financial sentences
and fluent bias triggers, evaluating whether models
can detect and remove the triggers, while sepa-
rately evaluating trigger detection, rewriting, and
sentiment prediction, also comparing to previous
instruction-based defense approaches.
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3 Methodology

3.1 Dataset Construction

Base Sentence Selection. We construct Trigger-
Bank by injecting controlled cognitive bias triggers
into real financial sentences. Our base sentences
are drawn from the 100% agreement subset of Fi-
nancialPhraseBank (Malo et al., 2013), a dataset
of sentences from English-language financial news.
Each sentence is labeled by 5-8 domain experts
as positive, negative, or neutral based on the ex-
pected impact on the company’s stock price. From
this subset, we had a first annotator select 150 fac-
tual, objective sentences free of pre-existing bias
triggers, approximately balanced across sentiment
classes. Full selection guidelines are provided in
Appendix A.1. A second annotator independently
reviewed the 150 sentences, confirming or not that
they complied with the guidelines. The second
annotator disagreed with only 10 of the 150 sen-
tences, primarily involving weak source attribution
(e.g., flagging “dealers said” as a potential authority
bias). The two annotators reviewed all 10 cases and
agreed to retain all sentences. Annotator profiles
are provided in Appendix A.4.

Bias Taxonomy. We define six cognitive bias
types grounded in behavioral finance theory. They
are listed in Table 1, along with examples of corre-
sponding bias triggers. We do not claim the triggers
are always non-informative (§1). They are linguis-
tic presentation cues that can alter the perceived
sentiment without changing the core factual con-
tent of the sentence. We also do not claim that the
six bias types are a complete taxonomy; rather, we
select bias types that are both well-documented in
behavioral finance and frequently evaluated in prior
work on financial biases in LLMs.

Trigger Injection. Using an LLM, we generate
biased rewrites of each base sentence by instruct-
ing the model to insert a bias trigger of a specified
type while preserving the core factual content. We
use one prompt template per bias type (seven in
total, as framing uses separate templates for pos-
itive and negative reframing). For pairwise com-
binations, injection is performed sequentially: a
trigger of the first bias type is injected, and the
resulting sentence is used as input for the second
injection. Full prompt templates are provided in
Appendix B.1. The injection prompts were itera-
tively refined across multiple rounds to improve
diversity, factual consistency, and naturalness. We

adopt zero-shot prompting with a sampling tem-
perature of 1.0 to maximize lexical diversity in the
generated triggers, as few-shot prompting led to
repetitive surface forms. After preliminary trials
with several candidate models, we selected GPT-
5.4 (Singh et al., 2025) for bias injection based on
output fidelity and diversity.

We observed that the injection model favored
certain phrasings repeatedly across bias types (e.g.,
consistently using the same source for authority
bias). To address this, we applied automated post-
processing using curated replacement lexicons for
each bias type, randomly substituting repetitive
phrases. All replacement phrases were manually
verified by the authors to ensure they preserved
the bias trigger type without introducing factual
content that could affect sentiment. The full re-
placement lexicons are provided in Appendix C.
Validation was performed on the sentences prior
to automated post-processing, which only varies
surface-level phrasings without altering the nature
of the triggers. Because we control which trig-
gers are injected into which sentences, the ground
truth labels for both correct (unbiased) sentiment
(inherited from FinancialPhraseBank) and bias trig-
ger type are known. To quantify sensitivity to
prompt wording, we generated biased sentences
for a subset of 30 base sentences using two alter-
native injection prompt templates and evaluated
detection performance across four models. Results
(Appendix D) show comparable detection across
prompt variants, indicating that our findings are not
dependent on the specific injection prompt used.

Dataset Composition. We generate all six single-
bias rewrites for each base sentence alongside all
pairwise combinations, yielding 21 bias conditions
per sentence (6 single-bias, 15 pairwise). All bias
triggers are designed to preserve the core factual
proposition and not alter the ground truth sentiment
of the base sentence. Framing requires a clear pos-
itive or negative valence to reframe, so framing
and its pairwise combinations are applied only to
positive and negative sentences. This results in 851
single-bias rewrites (5x150 + 1x101) rather than
900, and 2,005 pairwise rewrites rather than 2,250.
In pairwise injections involving framing, framing
is always injected first into the original sentence,
ensuring it operates on text with clear sentiment
polarity. All other bias types are applied to positive
(Pos), negative (Neg), and neutral (Neu) sentences.
Table 2 summarizes the dataset composition.
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Statistic Count
Base sentences (Pos: 52, Neu: 49, Neg: 49) 150
Single-bias rewrites 851
Pairwise-bias rewrites 2005
Final dataset size (sentences) 3006

Table 2: TriggerBank dataset statistics.

Validation and Agreement. To validate the qual-
ity of the generated rewrites (with bias triggers),
two annotators (one with an NLP background, one
with a finance background) independently reviewed
20 randomly sampled sentences per single-bias
and pairwise-bias combination, totaling 420 sen-
tences. Full annotation guidelines are provided in
Appendix A.2. The annotators evaluated each sen-
tence along three primary dimensions using binary
labels (satisfied or not): (i) bias trigger(s) identi-
fiability, (ii) factual consistency with the original
sentence, and (iii) linguistic naturalness, alongside
a fourth open-ended category for any additional
issues not captured by the three primary dimen-
sions. The sentences were reviewed before any
post processing was applied to them.

Inter-annotator agreement is reported in Table 3,
measured using raw agreement and F1 for the sat-
isfied class, averaged across both annotator direc-
tions. We omit Cohen’s x and macro F1, both
of which produce misleadingly low values under
the extreme label skew in our data (e.g., = 0.49
and macro F1 = 0.74 on bias identifiability de-
spite 98.1% raw agreement and only 8 disagree-
ments out of 420) (Feinstein and Cicchetti, 1990).
Disagreements were rare and isolated to boundary
cases; a selection of flagged sentences is provided
in Appendix H. Because this validation step serves
to estimate overall generation quality rather than
to filter the dataset, disagreements were not for-
mally resolved and no sentences were discarded,
as ground truth labels (for bias type and sentiment)
are defined by the controlled injection process inde-
pendently of annotator judgments. Notably, 81.9%
(344 out of 420) of the sampled sentences were
evaluated as having no problems across any dimen-
sion by both annotators. The majority of flagged
issues concerned linguistic naturalness, where in-
jected triggers occasionally produced phrasings un-
characteristic of financial reporting (e.g., “Last year
the company recently raised its turnover...”). Rep-
resentative examples of single-bias and pairwise-
bias injections are provided in Appendix G.

Stage N Raw Agr. F1
Base sentence selection 150 93.3 96.5
Injection validation
Bias identifiability 420 98.1 99.0
Factual consistency 420 100.0 100.0
Linguistic naturalness 420 92.9 96.3
Other issues 420 91.0 95.3

Table 3: Inter-annotator agreement for TriggerBank,
reported as Raw Agreement (%) and F1.

3.2 Models

We evaluate eleven LLMs: three closed-source
models, namely GPT-5.4-mini (Singh et al., 2025),
Claude Haiku 4.5 (Anthropic, 2025), Gemini 3.1
Flash-Preview (Google DeepMind, 2026), and
eight open-source models, namely Llama 3.1 8B,
3.1 70B and 3.3 70B (Grattafiori et al., 2024),
Qwen3 8B and 32B (Yang et al., 2025a), Qwen3.5
9B (Qwen Team, 2026), Gemma 4 12B and
31B (Google Team, 2026), covering diverse sizes,
access types, and providers. All models use
identical prompt templates with greedy decod-
ing (zero temperature) and reasoning features dis-
abled for reasoning-capable models. For inference
with open-source models, we used three NVIDIA
Quadro RTX 6000 GPUs. Full configuration de-
tails are provided in Appendix E.

3.3 Experimental Setup

We conduct three experiments corresponding to
our three research questions. To prevent data leak-
age, our prompt templates were designed strictly
to define the task, provide brief definitions of the
six biases, and constrain the output format. Full
prompt templates are provided in Appendix B.

Experiment 1 (RQ1): Bias Detection. Each
model receives a biased financial sentence (with
one or two bias triggers, §3.1) and is asked to
identify which of the six cognitive bias types (Ta-
ble 1) are present. The task is framed as multi-
label classification, since pairwise-bias sentences
contain two simultaneous triggers. The detection
prompt (Appendix B.2) asks the model to output a
comma-separated list of detected biases or “none.”
We evaluate on both single-bias and pairwise-bias
subsets (§3.1) independently to assess whether co-
occurring triggers degrade detection accuracy.

Experiment 2 (RQ2): Bias Removal via Text
Rewriting. Each model receives a biased finan-
cial sentence along with the bias types detected
by the same model in Experiment 1 and is asked
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to rewrite the sentence to remove the bias trig-
gers while preserving factual content. We compare
rewriting quality across single-trigger and multi-
trigger conditions to determine whether some bias
types are inherently harder to remove and whether
additional triggers yield worse rewritten sentences.
The evaluation dimensions and our LLM-as-judge
scoring are detailed in Section 3.4.

Experiment 3 (RQ3): Targeted Defense via
Rewriting. Models predict the original sentiment
(from FinancialPhraseBank, positive, neutral, nega-
tive) across nine defense setups: (1) a clean base-
line, classifying the original unbiased sentences;
(2) no defense, classifying biased text directly; (3)
generic defense, instructing the model to ignore
any cognitive biases and focus only on financial
facts; (4) chain-of-thought (biased), instructing
the model to reason step-by-step before predict-
ing sentiment on biased text; (5) chain-of-thought
(clean), the same CoT prompt applied to the orig-
inal unbiased sentences; (6—7) targeted defense,
instructing the model to ignore the specific bias
type present, using either the bias labels predicted
in Experiment 1 (Setup 6) or the ground truth bias
labels (Setup 7); and (8-9) targeted defense via
rewriting, classifying the rewritten text using ei-
ther the rewrites produced in Experiment 2 with
predicted labels (Setup 8) or rewrites generated
using the ground truth bias labels (Setup 9).

To ensure fair comparison, Setups 3—7 share
identical bias definitions, isolating the defense
mechanism as the only variable, while Setups 1,
2, 8, and 9 use a plain classification prompt differ-
ing only in input text (original, biased, or rewritten).
Full prompts are in Appendix B.4.

We measure sentiment prediction accuracy
against the original FinancialPhraseBank labels,
which were assigned to the clean sentences before
bias injection. Since injected triggers are designed
to preserve the core factual proposition, the ground
truth sentiment remains unchanged; any shift in
model predictions is attributable to the bias trigger
rather than to a change in the underlying informa-
tion. Comparing detected versus gold labels (6 vs.
7, and 8 vs. 9) reveals the impact of detection errors
on defense effectiveness. Comparing instruction-
based defenses (3—7) against rewriting (8-9) tests
whether explicit text transformation provides ro-
bustness beyond prompting alone.

3.4 Evaluation Metrics

For Experiment 1 (bias detection), we report pre-
cision, recall, and F1 scores (per-type and macro-
averaged) and analyze whether co-occurring bias
triggers systematically reduce detection accuracy.

For Experiment 2 (text rewriting), we use an
LLM-as-judge framework to assign independent
binary scores across three expert-informed dimen-
sions: (i) bias trigger removal, (ii) factual preser-
vation, and (iii) linguistic naturalness. We avoid
surface-level metrics (e.g., ROUGE or BERTScore)
because they cannot reliably assess bias trigger re-
moval. To validate the judge, the same two human
annotators who validated the dataset (§3.1) now
evaluated a subset of 198 rewrites using the rubric
detailed in Appendix A.3. We selected Gemma 4
31B as our judge based on its substantially higher
agreement with human annotators on trigger re-
moval (91.2%), the dimension the rewriting eval-
uation turns on, with comparable agreement on
the other two dimensions (91.0% and 97.5%; full
details and additional agreement scores in Ap-
pendix I).

For Experiment 3 (targeted defense), we report
sentiment classification accuracy across all nine
setups against the original FinancialPhraseBank
labels. Because TriggerBank’s sentiment classes
are approximately balanced (Table 2), accuracy
serves as a reliable metric. Results are additionally
broken down by bias type and single-trigger versus
pairwise-trigger subsets.

4 Results and Analysis

4.1 Bias Detection (RQ1)

Table 4 reports bias detection performance across
all evaluated models. Performance generally scales
with model size, though closed-source models
show variable results, with Gemma 4 31B achiev-
ing the highest F1 (0.745) and the smallest models
(Qwen3 8B, Llama 3.1 8B) falling below 0.46. No
model exceeds 0.75 macro F1, suggesting that zero-
shot bias trigger detection in financial text remains
a challenging task even for the strongest models.
Within-family comparisons support this: Gemma
4 improves from 0.620 (12B) to 0.745 (31B), and
Qwen3 from 0.435 (8B) to 0.562 (32B), though
Llama 3.1 shows a more modest gain from 0.453
(8B) to 0.489 (70B).

Per-bias-type analysis. Detection difficulty
varies across bias types (Appendix J.3). Authority
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Model Precision Recall F1

GPT-5.4-mini 0.700 0.672  0.631
Claude Haiku 4.5 0.721 0.696 0.676
Gemini 3.1 Flash 0.724 0.532  0.527
Llama 3.1 8B 0.611 0.558 0.453
Llama 3.1 70B 0.740 0.504  0.489
Llama 3.3 70B 0.663 0.561  0.500
Qwen3 8B 0.560 0.531 0435
Qwen3.5 9B 0.551 0.698  0.558
Qwen3 32B 0.641 0.630 0.562
Gemma 4 12B 0.677 0.668  0.620
Gemma 4 31B 0.781 0.767 0.745

Table 4: Macro-averaged bias detection performance.

is the easiest to detect, with several models
exceeding 0.94 F1. These triggers involve lexically
distinct named entities (e.g., Goldman Sachs).
Herding is similarly well-detected by larger mod-
els. By contrast, framing and overconfidence are
generally the hardest; framing alters information
presentation without adding new keywords, while
overconfidence relies on tonal cues (e.g., “likely to
persist”) that resemble normal financial language.
Overconfidence detection varies widely across
models (0.035 F1 for Llama 3.1 70B to 0.750 for
Gemma 4 31B), with no consistent relationship
to model size. Anchoring detection remains
mediocre across all models, possibly because it
often involves numerical references, which are
known to cause trouble in Transformer models
(Loukas et al., 2022). Finally, all models perform
poorly on the none class (no bias triggers, as in the
base sentences of Table 2), with F1 ranging from
0.026 for Llama 3.1 8B to 0.485 for Gemma 4 31B.
Some models rarely predict “none”, hallucinating
triggers in clean text (low recall), while others
predict “none” too liberally, missing real triggers
(low precision). Full none-class precision and
recall are reported in Appendix J.1.

Effect of co-occurring triggers. The presence of
multiple bias triggers in a single sentence does not
degrade the aggregate bias detection performance.
The single-bias subset comprises the 851 single-
trigger sentences and the pairwise-bias subset the
2,005 two-trigger sentences; the 150 base sentences
(none class) are excluded from this comparison. As
shown in Appendix J.2, all models except Gem-
ini 3.1 Flash achieve a higher macro F1 on the
pairwise-bias subset than on the single-bias subset
(e.g., Gemma 4 31B improves from 0.762 to 0.801,
and GPT-5.4-mini from 0.690 to 0.738); Gemini
is the sole exception (0.570 vs. 0.598). While ag-
gregate performance is higher on pairwise data,

specific combinations (Appendix J.4) remain diffi-
cult. The hardest combinations all involve over-
confidence, particularly when paired with herd-
ing, framing, or recency: herding + overconfidence
drops to 0.257 F1 for Qwen3 8B, and framing +
overconfidence to 0.271 for Llama 3.1 70B. By
contrast, anchoring + authority is near-perfect for
most models, as both trigger types are lexically
distinct.

4.2 Bias Removal via Text Rewriting (RQ2)

Table 5 reports rewriting quality as evaluated by
the Gemma 4 31B LLM judge (§3.4). Judge selec-
tion and validation against human annotators are
detailed in Appendix L.

Bias Fact Natural
Model Removal Preserv. Language Mean
GPT-5.4-mini 70.7 95.2 96.1 87.33
Claude Haiku 4.5  74.8 93.0 99.1 88.97
Gemini 3.1 Flash 99.1 3.7 11.2 38.00
Llama 3.1 8B 67.1 93.8 98.8 86.57
Llama 3.1 70B 69.6 96.8 97.8 88.07
Llama 3.3 70B 70.5 94.0 96.3 86.93
Qwen3 8B 67.9 93.3 96.9 86.03
Qwen3 32B 79.3 92.1 98.3 89.90
Qwen3.5 9B 63.0 96.7 97.5 85.73
Gemma 4 12B 76.3 93.5 98.3 89.37
Gemma 4 31B 81.1 96.7 99.1 92.30

Table 5: Rewriting quality (%), as assessed (yes/no
per rewritten sentence) by the validated LLM judge
along three dimensions. Best result per column in bold;
Gemini 3.1 Flash is excluded from bolding due to its
low factual preservation.

Rewriting quality. Excluding Gemini 3.1 Flash,
bias trigger removal rates range from 63% to 81%
across models. Gemma 4 31B achieves the best
overall balance with 81.1% trigger removal, 96.7%
factual preservation, and 99.1% naturalness. Gem-
ini 3.1 Flash is a notable outlier: while achieving
99.1% trigger removal, factual preservation drops
to 3.7% and naturalness to 11.2%, indicating that
the model rewrites sentences so aggressively that
the original content is effectively destroyed. Fac-
tual preservation is consistently high (92-97%) but
not perfect: errors typically arise when models
attempt to remove a detected bias trigger and in-
advertently strip legitimate financial content. For
example, models told to remove anchoring some-
times delete original numerical comparisons that
are part of the factual record, unable to distinguish
injected reference points from genuine financial
figures. Naturalness scores are consistently high

26568



(96-99%), indicating generally fluent output re-
gardless of trigger removal success.

Bias type difficulty. Trigger removal rates vary
substantially across bias types (Appendix L). Au-
thority triggers are the easiest to remove in single-
bias sentences (93-99% across models), as named
institutional references are lexically distinct and
straightforward to strip. Framing, overconfidence,
and recency triggers are also well-removed in
single-bias settings (82-98%), though rates typ-
ically drop by 10-25 percentage points in pairwise
sentences where both triggers must be addressed.
Anchoring is by far the hardest bias type to remove:
single-bias removal rates range from 8.7% (Llama
3.1 8B) to 48.7% (Qwen3 32B), and pairwise rates
remain in a comparable range (21.1-52.1%), leav-
ing anchoring the worst-removed bias type in both
settings. Anchoring triggers also correspond to
the lowest factual preservation scores for eight of
the ten models (86.7-95.3% on single-bias, ex-
cluding Gemini 3.1 Flash), confirming that models
damage original financial figures when attempting
to remove numerical reference points they cannot
distinguish from legitimate data. Representative
rewriting errors across bias types are provided in
Appendix K.

End-to-end trigger removal. The main rewrit-
ing evaluation (Table 5) scores trigger removal
only against the bias types identified by the detec-
tor. To assess the full detect-then-rewrite pipeline,
we additionally evaluate the same rewrites against
all ground-truth bias labels (Table 6). Under this
stricter criterion, trigger removal rates remain com-
parable for stronger models (e.g., Gemma 4 31B:
81.1% vs 81.0%), with larger drops for models
with weaker detection (e.g., Qwen3 8B: 67.9% to
50.0%). Factual preservation and naturalness are
essentially unchanged by the evaluation criterion.
These results indicate that the primary bottleneck
remains the rewriting capability itself rather than
detection accuracy.

4.3 Targeted Defense via Rewriting (RQ3)

Table 7 reports accuracy across the nine defense
setups (§3.3).

CoT as a debiasing strategy. Chain-of-thought
prompting significantly degrades accuracy below
no defense for 10 of 11 models (paired bootstrap,
95% CI excludes zero); GPT-5.4-mini is the sole
exception. The largest drops occur for Qwen3.5 9B

Model Trig. rem. Facts Nat. Mean

GPT-5.4-mini 66.9 95.0 95.6 85.8
Claude Haiku 4.5 75.2 932 99.0 89.1
Gemini 3.1 Flash 99.2 35 11.2 38.0

Llama 3.1 8B 64.9 93.9 98.8 85.9
Llama 3.1 70B 61.4 969 96.7 85.0
Llama 3.3 70B 68.5 94.1 96.1 86.2
Qwen3 8B 50.0 93.8 964 80.1
Qwen3.5 9B 56.7 97.0 972 83.6
Qwen3 32B 75.8 92.1 98.3 88.7
Gemma 4 12B 74.4 93.6 98.0 88.7
Gemma 4 31B 81.0 96.5 98.8 92.1

Table 6: End-to-end rewriting quality (%) evaluated
against ground-truth bias labels. Trigger removal is
scored against all injected triggers, not only those iden-
tified by the detector. Best result per column in bold;
Gemini 3.1 Flash is excluded from bolding due to its
low factual preservation.

(0.901 to 0.777), Qwen3 32B (0.898 to 0.810), and
Claude Haiku 4.5 (0.886 to 0.805). For some mod-
els, part of the degradation is attributable to output
format failures: Gemini 3.1 Flash fails to produce
parseable outputs in 11.2% of cases, Gemma 4 12B
in 8.8%, and Qwen3.5 9B in 8.3% (Appendix M).
The CoT clean control shows mixed results: CoT
on unbiased text significantly improves only Gem-
ini Flash, significantly degrades two models, and
shows no significant change for the remaining eight.
These findings are consistent with prior work re-
porting that step-by-step reasoning can hurt finan-
cial sentiment classification (Zhou et al., 2025;
Vamvourellis and Mehta, 2025). Per-condition con-
fidence intervals are reported in Appendix N, and
paired bootstrap differences for all comparisons in
Appendix O.

Generic and targeted defenses. Generic de-
fense produces marginal (and not always positive)
changes relative to no defense, with accuracy shift-
ing by less than two percentage points for most
models. Targeted defense with predicted bias labels
shows similarly modest effects, sometimes reduc-
ing accuracy (e.g., Qwen3 8B drops from 0.880 to
0.821). Replacing predicted with gold labels does
not help: the gap is consistently at most 1.5 percent-
age points. Instruction-based approaches appear
insufficient regardless of label quality. Bootstrap
analysis confirms that generic defense never signif-
icantly improves over no defense, while targeted
defense significantly degrades accuracy for several
models and improves it for only one (Appendix O).

Rewriting as defense. Rewriting significantly
improves over no defense for 6 of 11 models with
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Model Clean No def. Generic CoT CoT clean Targ. (pr.) Targ. (gold) Rew. (pr.) Rew. (gold)
GPT-5.4-mini 0.960  0.900 0.903  0.904 0.953 0.903 0.898 0.918 0.918
Claude Haiku 4.5 0.927 0.886 0.896 0.805 0.947 0.893 0.896 0.891 0.897
Gemini 3.1 Flash  0.953  0.893 0.905 0.840 0.987 0.877 0.880 0.498 0.581
Llama 3.1 8B 0.920 0.824 0.842 0.772 0.873 0.861 0.866 0.866 0.868
Llama 3.1 70B 0.953 0.878 0.874  0.846 0.967 0.843 0.835 0.890 0.906
Llama 3.3 70B 0.840 0.835 0.829  0.807 0.867 0.799 0.792 0.827 0.842
Qwen3 8B 0.960 0.880 0.862 0.816 0.933 0.821 0.806 0911 0.914
Qwen3.5 9B 0.967 0.901 0.901 0.777 0.860 0.887 0.886 0.928 0.939
Qwen3 32B 0.973  0.898 0.875 0.810 0.967 0.870 0.864 0.924 0.933
Gemma 4 12B 0.980 0.911 0.908 0.837 0.933 0.890 0.892 0.910 0.928
Gemma 4 31B 0.940 0.897 0.905 0.850 0.920 0.893 0.890 0.929 0.934
FinBERT 0.940 0.899 — — — — — — —

Table 7: Sentiment classification accuracy on TriggerBank across all nine defense setups (§3.3). Here (pr.) and
(gold) indicate if predicted or gold bias type labels are used. Best result per defense shown in bold.

predicted labels and 7 of 11 with gold labels (paired
bootstrap); three models show no significant im-
provement, and Llama 3.1 70B improves only with
gold labels (Appendix O). Gemini 3.1 Flash is the
sole failure case, where rewrites introduce more
distortion than they remove (0.498 vs 0.893 no-
defense). Elsewhere, rewriting with predicted la-
bels recovers part of the gap to the clean baseline
and trails gold by under 2 percentage points, so
detection errors cost the pipeline little. Per-bias-
type results show that rewriting is most effective
for framing (up to 0.584 to 0.871) and least re-
liable for anchoring, which has the lowest aver-
age no-defense accuracy of any bias type and re-
sists instruction-based defenses; there, rewriting
yields gains of up to 12.7 points (with gold la-
bels) for some models but leaves others unchanged
or slightly worse, consistent with §4.1 and §4.2.
Comparing against the per-bias-type results in Ap-
pendix P, accuracy on pairwise-bias sentences is
lower than on single-bias sentences for nearly all
model and setup combinations, with the relative
ordering of defense strategies preserved.

Domain-specific baseline. We additionally eval-
uate FinBERT-tone (Huang et al., 2023), a senti-
ment model trained on financial analyst reports. It
achieves 0.940 accuracy on clean sentences and
0.899 on biased text, placing it near the top of
the no-defense range across LLMs (0.824-0.911).
However, FinBERT-tone cannot perform any miti-
gation, as it is a fixed classifier that neither gener-
ates text nor follows instructions. The best LLMs
with rewriting nevertheless outperform it, con-
firming that the pipeline provides value beyond
a domain-specialized classifier.

Summary. Anchoring is the most resistant bias
type overall: detection is mediocre for every model
(RQ1), and removal (RQ2) and defense (RQ?3) fail
more severely than for any other type. Framing and
overconfidence are the hardest to detect, yet both
are readily removed once identified, while authority
and herding are reliably detected, removed, and de-
fended against. Rewriting provides the strongest de-
fense for most models, whereas instruction-based
approaches and chain-of-thought prompting gen-
erally fail to improve or even degrade sentiment
accuracy.

5 Conclusions and Future Work

We proposed a framework for evaluating cogni-
tive bias trigger detection, removal, and defense as
three independent capabilities in financial text sen-
timent prediction. We also introduced TriggerBank,
a dataset with controlled bias trigger injections and
ground truth labels for both bias type and senti-
ment. Our evaluation across eleven LLMs revealed
that zero-shot detection remains challenging, par-
ticularly for framing and overconfidence, whose
triggers add no distinctive keywords. Rewriting re-
moves most triggers but fails for anchoring, where
numerical triggers are hard to distinguish from fac-
tual content, and it still outperforms instruction-
based defenses for most models, while chain-of-
thought prompting generally degrades performance.
The small gap between predicted and gold labels
indicates that the defense mechanism itself deter-
mines effectiveness, not detection accuracy. Future
work should address anchoring as the most resis-
tant bias type, explore naturally occurring triggers,
extend beyond English and sentiment classifica-
tion, and investigate LLM-based quality filtering
for generated triggers.
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Limitations

Our study has several limitations. First, while we
evaluate a diverse set of models spanning multi-
ple families, we cannot cover all available LLMs,
and other models may exhibit different patterns.
Second, because our bias triggers are synthetically
generated, they may not capture the full lexical and
structural diversity of bias triggers as they natu-
rally occur in financial journalism. Our findings
should therefore be interpreted as demonstrating
robustness against synthetically injected bias-like
cues rather than as evidence of general cognitive
debiasing capability. Future work should validate
these findings with naturally occurring bias triggers,
though such evaluation would require manual anno-
tation of real financial corpora. Third, our analysis
is limited to English text and a single modality;
financial sentiment expressed in other languages or
through other modalities (e.g., audio, tables) may
yield different results. Furthermore, our source sen-
tences are drawn from FinancialPhraseBank, which
covers companies listed on the OMX Helsinki ex-
change, and the findings may not generalize to
other markets or company populations. Fourth, due
to computational constraints, models exceeding
12B parameters were run using 4-bit quantization,
which may affect model behavior compared to full-
precision inference. Fifth, all results are from a
single run with greedy decoding (zero tempera-
ture). While this yields deterministic outputs for
open-source models, closed-source API calls may
exhibit minor non-determinism even at temperature
0; we did not quantify this variance due to budget
constraints. Sixth, the rewriting defense requires an
additional inference pass per sentence compared to
instruction-based defenses, adding computational
cost. However, rewriting is a one-time preprocess-
ing step whose results can be cached and reused
for downstream tasks. Seventh, our baselines focus
on prompting strategies studied in prior work on
financial bias mitigation. We do not evaluate ora-
cle trigger-span deletion, rule-based removal, para-
phrasing, or compute-matched baselines, which
could help further isolate the source of rewriting
improvements. Finally, our findings are empirical
observations of model behavior; we do not make
causal claims about why these biases emerge.

Ethical Statement

All datasets used are publicly available. Fi-
nancialPhraseBank (Malo et al., 2013) is dis-

tributed under the Creative Commons Attribution-
NonCommercial-ShareAlike 3.0 license. We re-
lease TriggerBank, along with the code used to
generate and evaluate it, under the Creative Com-
mons Attribution-NonCommercial-ShareAlike 4.0
license, which is compatible with the source
dataset’s terms. The source sentences are drawn
from publicly available English-language finan-
cial news covering companies listed on the OMX
Helsinki stock exchange and do not contain per-
sonally identifying information or offensive con-
tent; therefore, we did not perform additional
anonymization. TriggerBank is intended for re-
search purposes only, and derivative uses should
remain within research contexts. For the LLMs
evaluated in this study, we accessed closed-source
models under their respective providers’ terms of
service, and we used open-source models in ac-
cordance with their respective community licenses.
We note that our findings could potentially be mis-
used to exploit model biases in financial applica-
tions; however, we believe transparency about these
biases is preferable to obscurity. This work is in-
tended solely as research and does not constitute
investment advice. We do not recommend any spe-
cific model for financial decision-making. During
the preparation of this work, the authors used Al
assistants for language polishing and coding assis-
tance. All content was reviewed and verified by the
authors.
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A Annotation Guidelines

A.1 Base Sentence Selection Guidelines

Annotators were provided with sentences from the
100% agreement subset of FinancialPhraseBank
and asked to verify that each sentence is suitable as
a clean base sentence for bias injection experiments.
For each sentence, annotators marked 1 (keep) or O
(exclude).

Inclusion criteria. A sentence was kept if it
was factual and objective, reporting financial data,
events, or outcomes without editorializing, and did
not contain any of the six bias trigger types defined
in Table 1.

Exclusion examples by bias type.

* Authority: Mentions of analysts, banks, or
rating agencies expressing an opinion or mak-
ing a recommendation (e.g., “Goldman Sachs
upgraded the stock to Buy”). Mentioning a
company doing business with a bank is ac-
ceptable (e.g., “The loan was arranged by
Deutsche Bank™).

* Anchoring: References to historical prices,
past valuations, or price targets that could
serve as psychological anchors (e.g., “The
stock, which once traded at $200...”). Direct
period-over-period comparisons that are part
of reporting results are acceptable (e.g., “Rev-
enue rose to EUR 50mn from EUR 40mn last
year”).

* Framing: Presenting a fact in a way that is
clearly spun positive or negative when a more
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neutral description exists (e.g., “The company
managed to retain 85% of its revenue”).

Herding: Mentions of what other investors,
funds, or market participants are doing (e.g.,
“Institutional investors have increased their po-
sitions by 15%”).

Recency: Strong temporal emphasis that cre-
ates artificial urgency beyond normal time
references (e.g., “The company JUST an-
nounced...”). Normal time references like “in
Q3 2010 are acceptable.

Overconfidence: Hyperbolic certainty lan-
guage or exaggerated projections (e.g., “An-
alysts are certain the company will dominate
its sector”).

Annotators were instructed to exclude borderline
cases and work independently without discussing
individual sentences.

A.2 Bias Injection Validation Guidelines

Two annotators independently evaluated 420 ran-
domly sampled bias-injected sentences. For each
sentence, annotators were shown the original clean
sentence, the biased sentence, the sentiment label,
and the injected bias type(s). Annotators evaluated
four criteria using binary labels (yes/no):

1. Bias identifiable: Can the injected bias trig-
ger(s) be clearly identified in the biased sen-
tence? For pairwise biases, both triggers must
be identifiable.

2. Natural: Does the biased sentence sound like
real financial journalism?

3. Facts preserved: Are all original facts from
the source sentence intact? Annotators com-
pared numbers, dates, company names, and
key claims between the original and biased
sentences.

4. Other problem: Is there any other issue not
captured by the three criteria above? Annota-
tors were asked to explain any such issues in
a notes column.

A.3 Bias Trigger Removal Evaluation
Guidelines

Two annotators independently evaluated a subset
of 198 model rewrites. For each rewrite, annota-
tors were shown five pieces of information: (1) the

original clean sentence, (2) the biased sentence,
(3) the ground truth bias types (for context only),
(4) the bias types the model was told to remove
(detected biases), and (5) the model’s rewrite. An-
notators evaluated three dimensions using binary
labels (1/0):

1. Trigger removal: Whether the bias triggers
corresponding to the detected bias types have
been removed from the rewrite. Annotators
compared the rewrite against the original sen-
tence to identify which elements were injected.
If a detected bias type was not actually present
in the biased sentence (false positive detec-
tion), trigger removal was marked as satisfied,
since there was no trigger to remove. If a real
bias was missed by detection and remained in
the rewrite, trigger removal was still marked
as satisfied, since the model was never told to
remove it.

2. Factual preservation: Whether all financial
figures, entity names, time periods, and fac-
tual claims from the original sentence are
present and accurate in the rewrite. Different
wording for the same fact (e.g., “increased”
instead of “grew”) was acceptable. Omission
of content added by the bias injection was
acceptable.

3. Linguistic naturalness: Whether the rewrite
reads like natural financial reporting. Rewrites
were marked as unsatisfactory if they con-
tained awkward phrasing, grammatical errors,
contradictory statements, or language unchar-
acteristic of financial news.

The same rubric was used for the LLM-as-judge
evaluation of the full dataset. Full LLM judge
prompts are provided in Appendix B.5.

A.4 Annotator Demography

All annotation was performed by two annotators
with complementary expertise in NLP and finance.
Annotator 1 is a PhD candidate in Computer Sci-
ence, with a background in mathematics and statis-
tics, and industry experience as a credit risk ana-
lyst. This combination provides expertise in both
the computational and financial aspects of the an-
notation task. Annotator 2 is a PhD candidate in
Finance, with a background in finance and com-
puter science, and industry experience as a finance
professional. Their financial domain knowledge is
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essential for evaluating the plausibility and natural-
ness of bias triggers in financial text. Both anno-
tators are co-authors of this study and received no
separate compensation for the annotation work. No
external human subjects were involved in this re-
search; consequently, ethics review board approval
was not sought, as the annotation tasks were per-
formed by co-authors on publicly available finan-
cial text.

As co-authors, the annotators have a vested in-
terest in the study’s success, which could intro-
duce bias toward favorable quality judgments. To
mitigate this, all annotation was performed in-
dependently using predefined guidelines (Appen-
dices A.1, A.2, and A.3), and inter-annotator agree-
ment is reported transparently.

B Prompt Templates

B.1 Bias Injection Prompts

We use one system prompt shared across all bias
injection tasks and one user prompt per bias type
(seven user prompts in total, as framing uses sepa-
rate templates for positive-to-negative and negative-
to-positive reframing). For pairwise combinations,
injection is performed sequentially using the same
templates.

System prompt.

You are an expert at naturally integrating cognitive
bias triggers into financial text.

Rules: 1. Preserve ALL original facts, numbers,
company names, dates, and sentence subjects ex-
actly — do not remove or change them. 2. Inte-
grate the bias trigger naturally into the sentence
flow — it should read as if originally written that
way. 3. The output must sound like professional
financial journalism — concise and natural. 4.
The injected bias must not add directional infor-
mation that would justify a sentiment change. 5.
CRITICAL: Any historical reference must use a
year EARLIER than the year in the sentence. 6.
If the sentence already contains a bias trigger, in-
tegrate the new one seamlessly without making
the sentence feel overstuffed.

Output ONLY the rewritten sentence.

User prompts. Each user prompt instructs the
model to inject one bias type. The placeholder
{sentence} is replaced with the input sentence.

Anchoring: Rewrite this sentence to naturally
include ANCHORING bias via a historical nu-
merical reference. Weave in a concrete historical
number (past price, previous earnings, old metric).
The anchor year must be EARLIER than any year
in the sentence. The anchor should feel like a
natural part of the sentence, not tacked on. Do
NOT duplicate numbers already present. Do NOT
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add interpretive language. Preserve all original
facts exactly.

Sentence: {sentence}

Authority: Rewrite this sentence to naturally
include AUTHORITY bias via an institutional
reference. Weave in a reference to: Goldman
Sachs, JP Morgan, Morgan Stanley, UBS, Bar-
clays, Moody’s, S&P, Fitch, Bloomberg, Reuters,
or Financial Times. Use direct attribution only:
“according to”, “cited by”, “data from”, “per”,
“as reported by”. The attribution should feel like
a natural part of the sentence. Do NOT add di-
rectional information. Preserve all original facts
exactly.

Sentence: {sentence}

Herding: Rewrite this sentence to naturally in-
clude HERDING bias via a reference to market
participants. Weave in a reference to other in-
vestors or institutions acting. Vary phrasing across
examples (e.g., “amid broader institutional repo-

LLIY3

sitioning”, “as market participants adjusted expo-
sure”, “with peers making similar moves”). Do
NOT use directional language. Preserve all origi-

nal facts exactly.

Sentence: {sentence}

Recency: Rewrite this sentence to naturally in-
clude RECENCY bias via temporal emphasis.
Weave in language emphasizing how recent the
information is. Use only ONE recency marker.
Do NOT combine awkwardly with existing tem-
poral phrases. Do NOT add interpretive words.
Preserve all original facts exactly.

Sentence: {sentence}

Overconfidence: Rewrite this sentence to natu-
rally include OVERCONFIDENCE bias via cer-
tainty language. Weave in excessive certainty
about future outcomes. Vary phrasing (e.g., “all

CLINNTY

but guaranteed to persist”, “expected to hold”,
“set to remain”, “poised to continue”). Express
certainty about continuation or persistence, not

direction. Preserve all original facts exactly.

Sentence: {sentence}

Framing (negative): Rewrite this sentence with
a NEGATIVE spin while preserving all facts ex-
actly. Integrate negative tone naturally using var-
ied vocabulary: “only”, “merely”, “just”, “mod-
est”, “slim”, “disappointing”, “lackluster”. The
spin should feel like the original author’s perspec-
tive. Do NOT add new judgments or context.

Sentence: {sentence}

Framing (positive): Rewrite this sentence with
a POSITIVE spin while preserving all facts ex-
actly. For negative facts, naturally minimize mag-
nitude or reframe direction. Use varied vocab-

<«

ulary: “solid”, “steady”, “contained”, “limited”,
“manageable”, “held at”, “stabilized at”. The spin
should feel like the original author’s perspective.
Use ONLY tone words — no added context or

rationalizations.

Sentence: {sentence}



B.2 Bias Detection Prompt B.4 Defense Prompts

System prompt. All defense setups except the two chain-of-thought
setups share the same system prompt. The CoT
setups use a modified system prompt without the

one-word output constraint, as step-by-step reason-

You are an expert at detecting cognitive bias trig-
gers in financial text. Detect if any of these 6 bias
triggers are present: 1. Anchoring: A historical

numerical reference point that could influence per-
ception of current or reported figures. 2. Author-
ity: Attribution to a respected institution, analyst,
or financial data source. 3. Framing: Presenting
facts in a way that emphasizes gains over losses or
vice versa, without changing the underlying infor-
mation. 4. Herding: References to other market
participants’ actions or positioning. 5. Recency:
Temporal emphasis highlighting how recent or
fresh the information is, beyond ordinary time ref-
erences. 6. Overconfidence: Excessive certainty
language about future outcomes.

Rules: - Multiple biases can be present in one
sentence. - Sentences may not contain any bias
triggers at all. If no bias triggers are detected,
output: none. - Output ONLY a comma-separated
list of detected biases (in lowercase), or the word
“none” if zero biases are present.

User prompt.

Analyze this sentence for cognitive bias triggers:
{sentence}

Answer:

B.3 Bias Rewriting Prompt
System prompt.

You are a financial text editor. Your task is to
rewrite financial sentences to remove specific cog-
nitive bias triggers while preserving all factual in-
formation. The bias types are defined as follows: -
Anchoring: a numerical reference point that could
influence perception of current or reported figures.
- Authority: attribution to a respected institution,
analyst, or financial data source. - Framing: pre-
senting facts in a way that emphasizes gains over
losses or vice versa, without changing the un-
derlying information. - Herding: references to
other market participants’ actions or positioning.
- Recency: temporal emphasis highlighting how
recent or fresh the information is, beyond ordi-
nary time references. - Overconfidence: excessive
certainty language about future outcomes.

Output ONLY the rewritten sentence, nothing
else.

User prompt.

The following financial sentence contains
{bias_labels} bias. Rewrite the sentence to re-
move the identified bias triggers. Preserve all
factual content and financial figures exactly. Do
not add any new information or opinions.

{sentence}

Rewritten sentence:

ing requires multi-sentence output.

System prompt (all setups except the CoT se-

tups).

You are a financial sentiment classifier. Given
a financial sentence, classify its sentiment based
on how the information would likely affect the
company'’s stock price. Output ONLY one word:
positive, negative, or neutral.

System prompt (CoT setups only).

Setup 1 (clean baseline) and Setup 2 (no de-

You are a financial sentiment classifier. Given
a financial sentence, classify its sentiment based
on how the information would likely affect the
company’s stock price.

fense).

Setup 1 uses original unbiased sentences as input.

Classify the sentiment of this financial sentence:
{sentence}

Sentiment:

Setup 2 uses biased sentences.

Setup 3 (generic defense).

The following financial sentence may contain cog-
nitive bias triggers including anchoring, which
involves numerical reference points that influ-
ence perception; authority, which involves attri-
bution to respected institutions; framing, which
involves emphasizing gains or losses; herding,
which involves references to other investors’ ac-
tions; recency, which involves temporal emphasis;
and overconfidence, which involves excessive cer-
tainty about outcomes. Ignore any such biases
and classify the sentiment based on the financial
facts only.

{sentence}

Sentiment:

Setups 4 and 5 (chain-of-thought).

The following financial sentence may contain cog-
nitive bias triggers including anchoring, which
involves numerical reference points that influ-
ence perception; authority, which involves attri-
bution to respected institutions; framing, which
involves emphasizing gains or losses; herding,
which involves references to other investors’ ac-
tions; recency, which involves temporal emphasis;
and overconfidence, which involves excessive cer-
tainty about outcomes. Classify the sentiment of
the sentence. Think step by step, then on the last
line write your final answer as: FINAL ANSWER:
positive, negative, or neutral.

Experiment 2 uses model-detected bias labels;
the diagnostic rewriting pass producing the rewrites
for Setup 9 uses ground truth bias labels.

{sentence}

Analysis:
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Setup 4 uses biased sentences as input. Setup 5
uses original unbiased sentences.

Setups 6 and 7 (targeted defense with pre-
dicted/gold labels).

The following financial sentence contains
{bias_labels} bias. The six bias types are
anchoring, which involves numerical reference
points that influence perception; authority, which
involves attribution to respected institutions; fram-
ing, which involves emphasizing gains or losses;
herding, which involves references to other in-
vestors’ actions; recency, which involves tempo-
ral emphasis; and overconfidence, which involves
excessive certainty about outcomes. Ignore the
identified bias and focus only on the financial
facts. Classify the sentiment:

{sentence}

Sentiment:

Setup 6 uses model-detected bias labels. Setup 7
uses ground truth bias labels.

Setups 8 and 9 (rewrite then classify). These
setups use the same prompt as Setups 1 and 2, ap-
plied to the rewritten sentences from Experiment
2. Setup 8 uses rewrites guided by detected bias la-
bels. Setup 9 uses rewrites guided by ground truth
bias labels.

B.S LLM-as-Judge Prompt
System prompt.

You are evaluating the quality of financial sen-
tence rewrites that were intended to remove spe-
cific cognitive bias triggers while preserving fac-
tual content.

The six bias trigger types are: - Anchoring: a nu-
merical reference point that could influence per-
ception of current or reported figures. - Authority:
attribution to a respected institution, analyst, or
financial data source. - Framing: presenting facts
in a way that emphasizes gains over losses or vice
versa, without changing the underlying informa-
tion. - Herding: references to other market partic-
ipants’ actions or positioning. - Recency: tempo-
ral emphasis highlighting how recent or fresh the
information is, beyond ordinary time references.
- Overconfidence: excessive certainty language
about future outcomes.

Evaluate the rewrite on three dimensions by com-
paring against the original sentence. If the model
was told to remove a bias type that is not actu-
ally present in the biased sentence, mark trigger
removal as 1 since there is nothing to remove.

Output ONLY valid JSON with three keys and 0
or 1 values, nothing else.

User prompt. The placeholders
{original_sentence}, {biased_sentence},
{bias_labels}, and {debiased_sentence} are
replaced with the corresponding values for each
rewrite.

Original sentence: {original_sentence}
Biased sentence: {biased_sentence}

Bias types the model was told to remove:
{bias_labels}

Rewritten sentence: {debiased_sentence}
Evaluate the rewrite:

1. trigger_removed: 1 if the bias triggers corre-
sponding to the detected bias types are no longer
present in the rewrite, O if any remain. Compare
against the original to determine what was added.
If a detected bias type has no corresponding trig-
ger in the biased sentence, mark 1. If a bias trigger
is present in the rewrite but was not among the
detected bias types, do not penalize.

2. facts_preserved: 1 if all financial figures, en-
tities, time periods, and factual claims from the
original sentence are preserved in the rewrite, 0 if
any are missing or altered.

3. natural_language: 1 if the rewrite reads like nat-
ural financial reporting, O if it contains awkward
phrasing or unnatural language.

JSON:

C Post-Processing Details

After bias injection, we applied automated post-
processing to increase lexical diversity in the gen-
erated bias triggers. Zero-shot generation led the
injection model to favor certain phrasings repeat-
edly. Replacements were applied probabilistically
(70% replacement rate for authority, herding, and
overconfidence; 30% for framing) to maintain a
mix of original and diversified phrasings. Recency
and anchoring triggers were not post-processed as
they already exhibited sufficient lexical diversity.
All replacement phrases were verified to preserve
the nature of the bias trigger without introducing
factual content that could affect sentiment.

Authority. Both the attribution phrase and the
source institution were varied. Attribution phrases
included ‘““according to”, “as reported by”, “per
data from”, “cited by”, “in figures compiled by”,
“as noted by”, and “tracked by”. Source institu-
tions included Goldman Sachs, JP Morgan, Mor-
gan Stanley, UBS, Barclays, Moody’s, S&P, Fitch,

Bloomberg, Reuters, and Financial Times.

Herding. Repetitive phrases such as “as market
participants adjusted exposure” and “amid broader
institutional repositioning” were replaced with al-
ternatives including “as peers repositioned”, “amid
wider portfolio shifts”, “as institutions reallocated”,
“with funds adjusting positions”, “amid parallel

moves by investors”, “as peers adjusted holdings”,
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“with institutions shifting exposure”, “amid sector-
wide repositioning”, “as portfolios shifted”, and

“with peers rebalancing”.

Overconfidence. Certainty phrases such as “a
pattern showing no signs of changing”, “expected
to hold”, “set to remain”, and “poised to continue”
were replaced with alternatives including “likely
to persist”, “appearing entrenched”, “unlikely to
shift”, “showing persistence”, “appearing stable”,
“likely to hold”, “seeming fixed”, “appearing set”,

“unlikely to change”, and “showing stability”.

Framing. Spin words were occasionally replaced
(30% probability) since the original vocabulary was
already reasonably varied. Replacements included
“amodest” — “aslim/alimited / a small”, “a mere”
— “a slim / a bare / a small”, and “a solid” — “a
stable / a steady / a maintained”.

D Prompt Sensitivity Analysis

To assess whether our findings depend on the spe-
cific injection prompt templates used, we con-
ducted a prompt sensitivity analysis. We randomly
selected 30 base sentences (10 per sentiment class)
and generated single-bias injections using two al-
ternative prompt templates per bias type, in addi-
tion to the original templates used for TriggerBank.
All three prompt variants share the same system
prompt and use GPT-5.4 with temperature 1.0 for
injection. The alternative templates differ from the
original in their instructions, suggested phrasings,
and, for authority bias, the set of institutions refer-
enced (Alternative 1 uses Deutsche Bank, Credit
Suisse, HSBC, etc.; Alternative 2 uses IMF, ECB,
Federal Reserve, etc.). We then ran bias detection
(RQ1) on all three resulting datasets using four
models spanning the performance range: GPT-5.4-
mini, Gemma 4 31B, Qwen3 8B, and Llama 3.1
8B.

Table 8 reports the macro F1 score per prompt
variant for each model. Gemma 4 31B and GPT-
5.4-mini remain the two strongest models under ev-
ery variant, with only the two 8B models exchang-
ing order and modest shifts in absolute scores.

Model Original Alt. 1 Alt. 2
GPT-5.4-mini  0.726  0.677 0.707
Llama3.1 8B  0.532 0.447 0.559
Qwen3 8B 0.477 0.454 0.502
Gemma 4 31B  0.792 0.707 0.793

Table 8: Macro F1 for bias detection (RQ1) across three
injection prompt variants on a 30-sentence subset. The
two strongest models are unchanged and scores shift
only modestly.

E Model Configurations

Table 9 summarizes the model versions and config-
urations used across all experiments. All models
were run with greedy decoding (zero temperature)
and internal reasoning features disabled where ap-
plicable. Open-source models were loaded via
the HuggingFace Transformers library. Models
exceeding 12B parameters were loaded in pre-
quantized 4-bit precision from Unsloth reposito-
ries using bitsandbytes to fit within available GPU
memory. Experiments were conducted on three
NVIDIA Quadro RTX 6000 GPUs, with the total
compute budget amounting to approximately 1,000
GPU-hours in aggregate across all reported and
exploratory experiments. We do not perform hyper-
parameter search; all models use greedy decoding
(temperature 0) with default settings otherwise.

Model Version / Checkpoint Precision

Closed-source

GPT-5.4-mini gpt-5.4-mini-2026-03-17 API
Claude Haiku 4.5 claude-haiku-4-5-20251001  API
Gemini 3.1 Flash gemini-3.1-flash-preview API

Open-source
Llama 3.1 8B unsloth/Llama-3.1-8B- Full
Instruct

unsloth/Meta-Llama-3.1-70B- 4-bit (bnb)

Instruct-bnb-4bit

Llama 3.1 70B

Llama 3.3 70B unsloth/Llama-3.3-70B- 4-bit (bnb)
Instruct-bnb-4bit

Qwen3 8B unsloth/Qwen3-8B Full

Qwen3.5 9B unsloth/Qwen3.5-9B Full

Qwen3 32B unsloth/Qwen3-32B-bnb-4bit  4-bit (bnb)

Gemma 4 12B unsloth/gemma-4-12b-it Full

Gemma 4 31B unsloth/gemma-4-31B-it- 4-bit (bnb)

unsloth-bnb-4bit

Table 9: Model versions and precision settings used
across all experiments.

F Evaluation Implementation

Classification metrics (precision, recall, F1, ac-
curacy) were computed using standard scientific
Python libraries (NumPy, scikit-learn).
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G Dataset Examples

Bias Type Original

Biased

Single-bias injections

Anchoring Vacon’s cash flow from operations grew to
EUR 37.1 mn from EUR 21.9 mn a year ago.

Authority The total project duration is three years and
it is valued at some EUR11.5 m.

Framing Ruukki Group calculates that it has lost EUR
4mn in the failed project.

Herding Diluted earnings per share (EPS) rose to
EUR 0.52 versus EUR 0.09.

Recency The forecast for 2012 is 3.3%.

Overconfidence Konecranes Oyj KCR1V FH fell 5.5 percent

to 20.51 euros, the biggest fall since June.

Vacon’s cash flow from operations grew to
EUR 37.1 mn from EUR 219 mn a year ago,
above the EUR 18.4 mn recorded in 2008.

The total project duration is three years and it is valued
at some EUR11.5 m, according to Reuters.

Ruukki Group calculates that it has contained its loss at
EUR 4mn in the failed project.

Diluted earnings per share (EPS) rose to EUR 0.52 ver-
sus EUR 0.09, with institutions shifting exposure.

The forecast for 2012 is, most recently, 3.3%.

Konecranes Oyj KCR1V FH fell 5.5 percent
to 20.51 euros, the biggest fall since June,
a pattern showing no signs of changing.

Fairwise bias injections

Framing + Herding  In Q1 of 2009, the company’s operating loss
totalled EUR 0.3 mn, compared to a profit
of EUR 3.6 mn in Q1 of 2008.

Authority + Re- Its board of directors will propose a dividend
cency of EURO.12 per share for 2010, up from the
EURO0.08 per share paid in 2009.

Anchoring + Over- The Baltimore Police and Fire Pension,
confidence which has about $1.5 billion, lost about $3.5
million in Madoff Ponzi scheme.

In Q1 of 2009, the company’s operat-
ing loss totalled acontained EUR 0.3 mn,
as market participants adjusted exposure, compared to
a profit of EUR 3.6 mn in Q1 of 2008.

Its board of directors will propose,
according to JP Morgan, a dividend of EURO0.12
per share for 2010, most recently up from the EUR0.08
per share paid in 20009.

The Baltimore Police and Fire Pension, which has
about $1.5 billion and oversaw roughly $1.2 bn in 2007,
lost about $3.5 million in Madoff Ponzi scheme,
a pattern of exposure appearing entrenched.

Table 10: Representative single-bias and pairwise bias injection examples from TriggerBank. Injected bias triggers

are underlined.
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H Flagged Annotation Examples

Biased Sentence Bias Type Dimension Al A2
Earnings per share EPS amounted to a recent recency identifiability 1 0
EURO0.01.

Cerberus Capital Management LP-backed framing identifiability 0 1

printing paper maker NewPage Corp. has
posted mixed second-quarter results, placing
a limited cloud over its planned initial public
offering.

Viking Line’s cargo revenue increased by 5.4% herding naturalness 0 1
to EUR 21.46 mn, as market participants ad-

justed exposure, and cargo volume increased

by 2.4% to 70,116 cargo units.

Last year the company recently raised its framing, re- naturalness 0 O
turnover to approximately 7 million litas EUR cency
2 mln, from 6.1 million litas in 2004.

The total investment in the Vantaa plant exten- recency naturalness 0 1
sion will amount to around 10 million euro,

and Okmetic’s share of the investments will

recently be worth around 2.7 million.

It generated an operating loss of EUR 96.3 mn, anchoring, au- naturalness 0 1
according to Bloomberg, against an operating thority

profit of EUR 28.7 mn in 2008, down from a

profit of EUR 43.9 mn.

Sampo Bank’s market share of lending was anchoring, other 1 0
13.6%, as market participants adjusted expo- herding

sure, down from 14.4% in the first quarter of

2008 and below the 15.1% recorded in 2007.

Operating profit margin was a solid 8.3%, com- framing identifiability 1 0
pared to 11.8% a year earlier.

Table 11: Representative sentences flagged during injection validation. Flagged issues predominantly concerned
naturalness, while bias identifiability was rarely flagged and factual preservation had perfect agreement across all
420 sentences. Underlined text highlights the injected trigger. Al and A2 denote annotator judgments (1 = satisfied,
0 = not satisfied).
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I LLM Judge Validation

Tables 12 and 13 report inter-annotator agreement
between the two human annotators, and agreement
between each candidate LLM judge and the human
annotators on the 198-rewrite validation subset, re-
spectively. We report raw agreement and Gwet’s
AC1 (Gwet, 2008). Gemma 4 31B was selected
as the final judge based on substantially higher
agreement with both annotators on trigger removal
(0.912 average) compared to Qwen3 32B (0.766
average), which tended to mark nearly all rewrites
as successful.

Dimension Agr. (%) AC1
Trigger removal 94.4 0.913
Factual preserv. 87.9 0.858
Naturalness 98.0 0.979

Table 12: Inter-annotator agreement between the two
human annotators on the 198-rewrite validation subset.

Al A2 Avg
Judge Dim. Agr. AC1 Agr. AC1 Agr. AC1

Trig. .914 .868 .909 .861 .912 .865
Gemma Facts .955 .950 .864 .837 .910 .894
Nat. .965 .963 .985 .985 .975 .974

Trig. .763 .700 .768 .708 .766 .704
Facts .980 .979 .889 .872 .935 .926
Nat. 975 974 995 995 .985 .985

Qwen

Table 13: Agreement between candidate LLM judges
and each human annotator on the 198-rewrite validation
subset. Gemma 4 31B was selected based on higher
average agreement, particularly on trigger removal.

J Full Detection Results

J.1 None Class Detection

Table 14 provides precision, recall, and F1 for the
none class specifically, to clarify the source of the
low detection scores on clean text.

Model P R F1

GPT-5.4-mini 0.333 0.067 0.111
Claude Haiku 4.5 0.375 0.400 0.387
Gemini 3.1 Flash 0.201 0.447 0.277
Llama 3.1 8B 0.400 0.013 0.026
Llama3.170B  0.224 0.540 0.316
Llama3.370B  0.250 0.347 0.291

Qwen3 8B 0.119 0.667 0.202
Qwen3.5 9B 0.191 0.740 0.303
Qwen3 32B 0.338 0.360 0.348
Gemma 4 12B 0.293 0.440 0.352
Gemma 4 31B 0.483 0.487 0.485

Table 14: Precision, recall, and F1 for the none class
(150 base sentences with no bias triggers).

J.2 Single-Bias vs Pairwise-Bias Detection

Table 15 compares macro F1 on single-bias sen-
tences (one trigger) against pairwise-bias sentences
(two co-occurring triggers) for each model.

Model Single Pairwise
Closed-source

GPT-5.4-mini 0.690 0.738
Claude Haiku 4.5  0.690 0.741
Gemini 3.1 Flash ~ 0.598 0.570
Open-source

Llama 3.1 8B 0.498 0.545
Llama 3.1 70B 0.507 0.528
Llama 3.3 70B 0.492 0.554
Qwen3 8B 0.433 0.489
Qwen3.5 9B 0.525 0.622
Qwen3 32B 0.572 0.615
Gemma 4 12B 0.629 0.681
Gemma 4 31B 0.762 0.801

Table 15: Macro F1 on single-bias versus pairwise-bias
subsets of TriggerBank for each model. Macro F1 is
averaged over the six bias types; the none class is not
defined on these subsets.

J.3 Per-Bias-Type F1 (All Models)

Table 16 reports F1 scores per bias type for all
evaluated models.

J.4 Pairwise Combination Results

Table 17 reports F1 per pairwise bias combination
for each model. Combinations involving framing
are evaluated only on positive and negative sen-
tences, as explained in (§3.1).
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Bias Type GPT Claude Gemini LI 3.18B L1 3.170B LI 3.370B Q3 8B Q3.59B Q332B G412B G431B

Anchoring 0.493 0.578  0.523 0.442 0.678 0.494 0.582 0542 0504 0531  0.565
Authority 0.941 0946  0.833 0.932 0.952 0.908 0.851 0.804 0960 0.894 0.959
Framing 0.540 0.585 0.647 0.369 0.176 0.456 0291 0326 0333 0484  0.660
Herding  0.898 0.863  0.578 0.773 0.730 0.700 0456 0.762 0.825 0.823 0918
Recency 0.837 0.701  0.545 0.480 0.539 0.598 0452 0562 0.625 0.753  0.874
Overconf. 0.598 0.673  0.286 0.150 0.035 0.050 0213 0.606 0342 0507  0.750
None 0.111 0387  0.277 0.026 0.316 0.291 0202 0303 0348 0352 0.485

Table 16: F1 score per bias type for all models on TriggerBank.

Combination GPT Claude Gemini LI 3.18B LI 3.170B LI 3.370B Q38B Q3.59B Q332B G412B G431B

Anch.+Auth. 1.000 0977  0.885 0.998 0.913 1.000 0925 1.000 0997 1.000 1.000
Anch.+Herd. 0953 0.909 0.716 0.845 0.819 0.853 0.662 0.893 0.883  0.898  0.953
Anch.+Rec. 0934 0.864 0.734 0.782 0.657 0.802 0951 0919 0992 0936 0.964
Anch.+Over. 0.789 0.801 0.643 0.562 0.500 0.513 0.602 0.778 0.657 0.757 0.848
Auth.+Herd. 0.951 0.937  0.698 0.871 0.825 0.824 0.679 0923 0.883 0919  0.960
Auth.+Rec. 0921 0.857 0.766 0.722 0.635 0.638 0.699 0.858 0937 0916 0.946
Auth.+Over. 0.827 0.828  0.562 0.547 0.498 0.507 0487 0.836 0.646 0.775 0.878
Herd.+Rec. 0909 0.889 0.511 0.709 0.669 0.753 0.701  0.821 0924 0.883  0.958
Herd.+Over. 0.667 0.714  0.443 0.431 0.370 0.318 0.257 0586 0476 0530  0.767
Rec.+Over.  0.729 0.737 0.374 0.435 0.458 0.442 0437 0700 0.665 0.721  0.859
Fram.+Anch. 0.899 0.877 0.842 0.995 0.529 0.939 0.815 0.883 0.746 0.779  0.844
Fram.+Auth. 0.844 0.803  0.800 0.895 0.512 0.651 0.683 0.880 0.658 0.752  0.877
Fram.+Herd. 0.768 0.811 0.517 0.693 0.413 0.627 0.507 0.677 0565 0.686  0.841
Fram.+Rec. 0.786 0.738  0.632 0.668 0.434 0.705 0.514 0.579 0599 0.731  0.773
Fram.+Over. 0.731 0.794 0.482 0.555 0.271 0.506 0469 0.744 0480 0.656 0.753

Table 17: F1 per pairwise bias combination for all models on TriggerBank. F1 is computed only over the two bias
types present in each combination.
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K Rewriting Error Examples

Bias Type Error Type Biased Sentence Model Rewrite

Anchoring Trigger retained Earnings per share amounted to EUR0.01, after standing Earnings per share amounted to EUR0.01, compared with
at EUR0.04 in 2008. EURO0.04 in 2008.

Herding Trigger retained Operating loss totalled EUR 0.9 mn, as market partici- Operating loss totaled EUR 0.9 mn, as exposure was ad-
pants recently adjusted exposure, down from a profit of justed, down from a profit of EUR 2.7 mn.

EUR 2.7 mn.
Framing Fact damaged + The Baltimore Police and Fire Pension, which has about The Baltimore Police and Fire Pension saw a limited loss
Trigger retained $1.5 billion, saw a limited loss of about $3.5 million in  of about $3.5 million in the Madoff Ponzi scheme. ($1.5
Madoff Ponzi scheme. billion omitted)

Overconfidence Fact damaged Both operating profit and turnover increased, respectively Both operating profit and turnover increased to EUR0.9m
from EURO.9m and EURS.3m, as compared to 2005, a and EUR8.3m compared to 2005. (“from” changed to
pattern showing no signs of changing. “to”)

Recency Unnatural Vacon’s cash flow from operations recently grew to EUR  Vacon’s cash flow from operations increased to EUR 37.1
37.1 mn from EUR 21.9 mn a year ago, amid sector-wide mn from EUR 21.9 mn, reflecting sector-wide reposition-
repositioning. ing. (herding trigger retained)

Authority Unnatural Production capacity will increase from 36,000 to 85,000 Production capacity will increase from 36,000 to 85,000

tonnes per year, according to Reuters, and the raw mate-
rial is showing persistence recycled paper and board.

tonnes per year, and the raw material is showing per-
sistence in recycled paper and board. (ungrammatical
phrasing retained)

Table 18: Representative rewriting errors across bias types, illustrating common failure modes. Bias triggers are

underlined. Parenthetical notes describe the error.
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L Full Rewriting Results

Bias Type Subset GPT Claude Gemini LI. 3.1 8B LI. 3.1 70B LI 3.370B Q3 8B Q3.59B Q3 32B G4 12B G4 31B

Trigger Removal (%)
Anchoring Single 44.7 36.7 99.3 8.7 14.7 10.0 24.0 18.0 48.7 38.7 453
Pairwise 32.2 35.5 99.1 23.0 21.1 22.1 244 238 47.9 37.9 52.1
Authority Single 98.7 99.3  100.0 93.3 98.0 97.3 97.3 96.7 98.7 98.7 99.3
Pairwise 73.6 76.6 99.4 74.0 81.5 76.6 67.6 57.2 79.2 77.9 86.3
Framing Single 95.0 94.1 99.0 93.1 88.1 88.1 98.0 94.1 94.1 96.0 96.0
Pairwise 82.0 84.6 99.4 80.2 76.2 834 74.5 74.7 83.4 84.2 86.7
Herding  Single 86.7 91.3 98.7 84.7 87.3 89.3 86.0 753 94.7 90.7 94.7
Pairwise 69.2 74.5 98.6 67.8 75.6 76.3 64.9 50.5 81.2 75.2 84.2
Recency Single 92.0 89.3 99.3 86.0 83.3 82.7 96.0 933 94.0 94.0 94.7
Pairwise 69.8 76.9 99.3 72.3 74.8 75.2 72.9 69.5 81.3 81.5 83.3
Overconf. Single 84.0 96.7 98.0 89.3 86.7 94.7 94.0  98.0 95.3 93.3 90.7
Pairwise 71.0 81.3 98.9 69.8 75.3 78.6 71.2 68.2 84.6 83.2 83.0
Factual Preservation (%)
Anchoring Single 90.7 86.7 2.0 88.7 93.3 88.7 88.7 92.0 88.7 90.0 95.3
Pairwise 93.6 93.2 1.6 91.0 97.3 94.2 91.0 939 92.3 92.3 95.9
Authority Single 96.0 94.7 9.3 96.0 98.0 94.7 96.7 100.0 94.7 98.0 97.3
Pairwise 97.1 95.6 3.7 95.9 98.1 95.7 95.0 98.3 93.9 97.9 98.0
Framing Single 94.1 91.1 4.0 91.1 95.0 89.1 93.1 96.0 84.2 84.2 97.0
Pairwise 95.2 92.9 1.6 94.7 96.6 93.5 92.5 96.8 90.7 93.9 96.8
Herding  Single 95.3 90.0 7.3 95.3 96.7 94.7 947  98.0 90.0 89.3 95.3
Pairwise 96.0 92.7 3.9 95.4 974 96.4 944 974 93.0 94.4 96.0
Recency Single 96.7 91.3 6.7 93.3 96.7 94.7 93.3 97.3 90.0 91.3 98.0
Pairwise 95.9 93.6 33 93.3 96.6 934 924 964 93.2 95.4 97.0
Overconf. Single 933 94.7 4.7 95.3 96.0 93.3 93.3 98.7 92.7 90.7 97.3
Pairwise 95.1 94.2 2.7 93.7 96.7 94.2 94.3 96.9 93.0 93.6 96.6

Table 19: Rewriting quality per bias type on TriggerBank, as scored by the Gemma 4 31B LLM judge. Results are
shown separately for single-bias and pairwise-bias sentences. Naturalness scores are omitted as they exceed 96%
across all bias types and models excluding Gemini 3.1 Flash. Best results per row shown in bold; Gemini 3.1 Flash
excluded from bolding due to low factual preservation.
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M CoT Output Format Failures

Model Biased (%) Clean (%)
GPT-5.4-mini 0.00 0.00
Claude Haiku 4.5 0.00 0.00
Gemini 3.1 Flash 11.20 5.33
Llama 3.1 8B 0.00 0.00
Llama 3.1 70B 0.00 0.00
Llama 3.3 70B 1.40 4.00
Qwen3 8B 1.61 0.67
Qwen3.5 9B 8.26 5.33
Qwen3 32B 4.24 2.00
Gemma 4 12B 8.75 8.00
Gemma 4 31B 0.00 0.67

Table 20: Percentage of CoT outputs that could not be parsed into a valid sentiment label. An output is considered
parseable if it contains a valid sentiment label either after a “FINAL ANSWER:” marker or anywhere in the response
text. Unparseable outputs were counted as incorrect predictions rather than defaulting to any class.

N Bootstrap Confidence Intervals

Model

Clean No def. Generic CoT CoT (¢)

Targ. (p) Targ.(g) Rew.(p) Rew. (g)

GPT
Claude
Gemini
LI 3.1 8B

[0.93,0.99] [0.87,0.93] [0.87, 0.93] [0.87,0.94] [0.91, 0.99]
[0.88, 0.97] [0.85,0.92] [0.86,0.93] [0.77, 0.84] [0.91, 0.98]
[0.92, 0.98] [0.86, 0.92] [0.87, 0.93] [0.81, 0.87] [0.97, 1.00]
[0.87, 0.96] [0.78, 0.86] [0.81, 0.87] [0.74, 0.80] [0.82, 0.92]

L1 3.1 70B [0.92, 0.99] [0.85, 0.90] [0.84, 0.90] [0.82, 0.87] [0.93, 0.99]
Ll. 3.370B [0.78, 0.90] [0.79, 0.87] [0.78, 0.87] [0.77, 0.84] [0.81, 0.92]

Q3 8B

Q3.59B
Q3 32B
G412B
G431B

[0.93, 0.99] [0.84,0.91] [0.83, 0.89] [0.79, 0.84] [0.89, 0.97]
[0.93, 0.99] [0.88,0.92] [0.87,0.93] [0.73, 0.82] [0.80, 0.91]
[0.95, 0.99] [0.87,0.92] [0.85, 0.90] [0.78, 0.84] [0.94, 0.99]
[0.95, 1.00] [0.88,0.94] [0.88, 0.94] [0.80, 0.87] [0.89, 0.97]
[0.90, 0.97] [0.87, 0.93] [0.87,0.93] [0.81, 0.89] [0.87, 0.96]

[0.87, 0.93] [0.86, 0.93] [0.89, 0.94] [0.89, 0.94]
[0.86, 0.92] [0.86, 0.93] [0.85, 0.92] [0.86, 0.93]
[0.84, 0.91] [0.84, 0.92] [0.44, 0.56] [0.51, 0.65]
[0.83, 0.89] [0.84, 0.89] [0.82, 0.90] [0.82, 0.91]
[0.81, 0.88] [0.80, 0.87] [0.86, 0.92] [0.88, 0.93]
[0.75, 0.85] [0.74, 0.84] [0.78, 0.87] [0.80, 0.88]
[0.78, 0.86] [0.77, 0.85] [0.88, 0.94] [0.89, 0.94]
[0.86, 0.91] [0.85,0.91] [0.91, 0.95] [0.92, 0.96]
[0.84, 0.89] [0.84, 0.89] [0.90, 0.95] [0.91, 0.95]
[0.85, 0.92] [0.86, 0.92] [0.88, 0.94] [0.90, 0.95]
[0.86, 0.93] [0.86, 0.92] [0.90, 0.96] [0.90, 0.96]

Table 21: 95% bootstrap confidence intervals for sentiment classification accuracy across all defense conditions. For
each of 1,000 iterations, we sample 150 base sentences with replacement, include all derived variants, and compute
accuracy per condition. Intervals are computed via the percentile method.
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O Paired Bootstrap Differences

GPT Claude Gemini LI 3.18B LI 3.170B L1.3.370B Q38B Q3.59B Q332B G412B G431B
Generic ~ +0.002 4-0.010 40.008 +0.018 —0.004 —0.006 —0.017 +0.001 —0.024* —0.003 +0.007
CoT +0.004 —0.080* —0.053* —0.053* —0.032* —0.028* —0.062* —0.124* —0.089* —0.075* —0.048*
Targ. (p.) +0.003 +0.008 —0.016 +40.038* —0.036* —0.036* —0.057* —0.013 —0.029* —0.021* —0.005
Targ. (g.) —0.002 +0.011 -0.013 +0.042* —0.043* —0.043* —0.073* —0.015* —0.035* —0.019* —0.007
Rew. (p.) +0.017* +0.005 —0.394* +0.042*  +0.012 —0.009  +0.032* 40.028* 40.025* —0.001 +0.032*
Rew. (g.) +0.018* +40.011 —0.311* 4-0.044*  40.028* +0.008  +0.034* +0.039* 40.035* +0.017 +0.037*
CoT clean —0.007 +-0.021 40.033* —0.048 +0.013 +0.027 —0.028 —0.105* —0.007 —0.045* —0.021

Table 22: Paired bootstrap differences in sentiment classification accuracy relative to no defense (Setup 2), except
CoT clean, which is measured relative to the clean baseline (Setup 1) and separated accordingly. Abbreviations
(p.) and (g.) denote the use of predicted and gold bias type labels, respectively. All significance claims in §4.3 are
based on these paired differences rather than on the per-condition intervals in Table 21, since per-condition intervals
overlap even where the paired difference is significant. Starred entries have 95% confidence intervals excluding
zero. For each of 1,000 iterations, we sample 150 base sentences with replacement, include all derived variants,
and compute the paired difference per condition; intervals use the percentile method. The CoT clean difference for
Gemma 4 31B is borderline (CI upper bound +0.0000) and is counted as non-significant.
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P Full Defense Results

Bias Type Setup GPT Claude Gemini Ll 3.18B LI 3.170B LI 3.370B Q38B Q3.59B Q332B G412B G431B FinBERT
No def. 0.807 0.813  0.793 0.840 0.827 0.760 0.833 0.847 0.793 0.833  0.807 0.913
Generic 0.793 0.853  0.787 0.813 0.747 0.713 0853 0853 0780 0813 0.773 —
CoT 0.820 0.747  0.780 0.720 0.787 0.707 0.807 0.693  0.740  0.593  0.760 —
Anchoring Targeted (det.) 0.807 0.787  0.733 0.800 0.720 0.687 0.873 0.827 0.787 0.773  0.760 —
Targeted (gold) 0.780 0.787  0.747 0.813 0.720 0.687 0.880 0.827 0.780 0.773  0.760 —
Rewrite (det.) 0.860 0.787  0.520 0.820 0.787 0.753 0.847 0.807 0873 0.880  0.893 —
Rewrite (gold) 0.853 0.773  0.520 0.820 0.787 0.760 0.860 0.853  0.920 0.880  0.907 —
No def. 0.960 0.927  0.947 0.927 0.953 0.867 0947 0973 0973 0960 0.953 0.920
Generic 0.953 0.947 0.933 0.933 0.920 0.820 0953 0967 0987 0953 0.953 —
CoT 0.933 0913  0.967 0.893 0.953 0.867 0920 0.893 0947 0.787  0.907 —
Authority Targeted (det.) 0.953 0.960 0913 0.967 0.893 0.793 0.887 0947 0980 0947 0.947 —
Targeted (gold) 0.947 0.960  0.907 0.960 0.893 0.793 0.860 0953 0980 0947 0947 —
Rewrite (det.) 0.960 0.927  0.547 0.913 0.940 0.807 0927 0980 0953 0.960  0.940 —
Rewrite (gold) 0.960 0.953  0.633 0.920 0.947 0.847 0953 0980 0.960 0.967  0.940 —
No def. 0901 0.881 0.851 0.584 0.832 0.861 0.822 0.822  0.861 0.901 0.891 0.802
Generic 0941 0.822  0.960 0.683 0.911 0.931 0.723 0.822 0812 0950  0.950 —
CoT 0.950 0.653  0.683 0.673 0.762 0.842 0.644  0.861 0.673  0.871  0.842 —
Framing  Targeted (det.) 0.960 0.931  0.980 0.762 0.911 0.941 0.653 0.802 0802 0950 0.970 —
Targeted (gold) 0.960 0.950  0.970 0.713 0.931 0.950 0.574  0.871 0.782 0950  0.970 —
Rewrite (det.)  0.950 0.931  0.376 0.871 0.960 0.931 0931 0950 0960 0.871  0.990 —
Rewrite (gold) 0.921 0921  0.446 0.871 0.960 0.941 0941 0950 0941 0921  0.980 —
No def. 0.987 0.947  0.960 0.907 0.960 0.893 0927 0987 0987 0993 0.967 0.920
Generic 0953 0953  0.953 0.913 0.973 0.887 0920 0973 0973 0960  0.953 —
CoT 0.940 0.920 0.940 0.880 0.940 0.860 0967 0.813 0940 0.727  0.927 —
Herding  Targeted (det.) 0.940 0.960  0.900 0.940 0.933 0.847 0.860  0.960  0.960 0.947  0.953 —
Targeted (gold) 0.927 0.967 0.913 0.960 0.927 0.827 0.847 0960 0967 0953 0.947 —
Rewrite (det.) 0.953 0.920 0473 0.907 0.940 0.833 0940 0973 0940 0900 0.920 —
Rewrite (gold) 0.960 0.947  0.620 0.907 0.953 0.827 0940 0980 0960 0967  0.940 —
No def. 0.967 0.927 0.927 0.927 0.960 0.833 0947 0967 0953 0960  0.947 0.940
Generic 0.953 0.953  0.933 0.933 0.940 0.813 0940 0967 0987 0.967 0.947 —
CoT 0.947 0.933  0.933 0.873 0.960 0.867 0940 0.847 0967 0.760 0.913 —
Recency  Targeted (det.) 0.960 0.947  0.920 0.953 0.893 0.780 0913 0953 0973 0907 0.940 —
Targeted (gold) 0.960 0.947  0.907 0.953 0.853 0.767 0907 0933 0967 0907 0.940 —
Rewrite (det.) 0.960 0.907  0.507 0.920 0.927 0.853 0940 0967  0.927 0.907  0.940 —
Rewrite (gold) 0.967 0.947  0.673 0.920 0.953 0.853 0953 0980 0960 0973  0.947 —
No def. 0.940 0.920  0.900 0913 0.927 0.853 0940 0913 0940 0920 0.920 0.947
Generic 0.927 0.920 0.920 0.953 0.913 0.873 0947 0927 0967 0927 0.927 —
CoT 0.927 0.813  0.880 0.840 0.873 0.800 0.880 0.747  0.847 0.680  0.847 —
Overconf. Targeted (det.) 0.940 0.913  0.900 0.947 0.893 0.833 0907 0927 0947 0887 0913 —
Targeted (gold) 0.927 0.920  0.893 0.960 0.867 0.820 0.880 0.900 0947 0.887  0.907 —
Rewrite (det.)  0.940 0.920  0.520 0.920 0.913 0.833 0933 0967 0940 0933 0.933 —
Rewrite (gold) 0.960 0.933  0.667 0.940 0.947 0.900 0947 0967 0947 0960  0.940 —

Table 23: Sentiment classification accuracy per bias type across all defense setups on the single-bias subset of
TriggerBank.

Setup GPT Claude Gemini LL 3.18B LL3.170B L1 3370B Q38B Q3.59B Q332B G412B G431B FinBERT
No def. 0.888 0.878  0.890 0.806 0.863 0.831 0.868  0.891 0.889  0.904  0.890 0.893
Generic 0.896 0.889  0.896 0.824 0.862 0.827 0.846  0.892 0.854  0.900  0.900 —
CoT 0898 0.791  0.825 0.751 0.829 0.801 0.795  0.765 0.787 0.829 0.842 —
Targeted (det.) 0.894 0.884  0.873 0.843 0.831 0.796 0.805  0.878 0.851 0.887 0.886 —
Targeted (gold) 0.892 0.886  0.877 0.850 0.824 0.790 0.793  0.876 0.844  0.889 0.883 —
Rewrite (det.) 0910 0.889  0.499 0.854 0.882 0.826 0.908  0.923 0.921 0910  0.928 —
Rewrite (gold) 0.909 0.891  0.572 0.856 0.899 0.839 0.906  0.934 0.927 0920  0.932 —

Table 24: Sentiment classification accuracy across all defense setups on the pairwise-bias subset of TriggerBank.
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