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Abstract

‘We introduce NCH, a benchmark for
evaluating large language models on financial
misinformation under realistic news.

NCH operates at the paragraph level and
captures the contextual complexity of finan-
cial news where meaning emerges from dis-
persed cues. The benchmark defines two com-
plementary tasks: reference-free misinforma-
tion detection and comparison-based diagno-
sis using paired original-perturbed inputs. Ex-
periments reveal a consistent pattern: perfor-
mance is substantially stronger when compar-
ative context is available, while reference-free
settings expose significant weaknesses, includ-
ing unstable predictions and elevated invalid
outputs. These results indicate that current
models struggle to maintain coherent belief
states without external grounding. By highlight-
ing this gap, NCH provides a struc-
tured testbed for studying reference-free reason-
ing and advancing more reliable financial mis-
information detection in real-world settings.we
release the dataset at: https://github.com/
1zw108/FMD.

1 Introduction

Large Language Models (LLMs) are commonly
evaluated on how accurately they interpret fluent
text, but they are rarely assessed on whether the
text itself is admissible as an object of interpre-
tation (Greshake et al., 2023; Tang et al., 2025;
Yu et al., 2025a). From a pragmatic perspective,
surface plausibility is not the primary object of
interest; instead, what matters is the set of war-
ranted assertions a paragraph puts “on the table”
for belief revision under a conversational or deci-
sion context (cf. Stalnaker’s theory of common
ground (Stalnaker, 2002)). In financial text, mini-
mal edits can maintain fluency while substantially
shifting these commitments, for example by turn-
ing possibility into certainty or by turning tempo-
ral sequence into causation, yielding a counterfac-

Original: Th

product launch

Original: Company D re

Perturbed: The new prod

2030, CEO XXX said

Figure 1: Counterfactual financial misinformation generated
via minimal yet belief-shifting edits.

tual world that reads smoothly and adds no new
verifiable fact (Figure 1) (Rangapur et al., 2023b;
Liu et al., 2025b; Rangapur et al., 2025). Such
perturbations often exploit language features that
humans can flag as subtly misleading based on
discourse-internal cues alone, especially for do-
main experts and frequently even for careful non-
experts (Kahan et al., 2017; Ramos and Van Boven,
2025). It remains unclear whether LLMs show the
same counterfactual awareness when given only
the perturbed paragraph, with no original version
and no external verification. Will they notice that
something is off, or will they accommodate it
and produce a confident takeaway? This makes
counterfactual perturbations a practical attack sur-
face as LLMs proliferate in financial applications
(Nie et al., 2024; Fu, 2025; Securities and Author-
ity, 2025) amid pervasive financial misinformation
(Rangapur et al., 2023b).

Existing misinformation benchmarks largely as-
sume access to external evidence or retrieval mech-
anisms and thus focus on validating claims with
supporting or refuting documentation rather than
detecting internal shifts in what a text warrants.
For instance, GROVER frames the problem as
article-level authenticity detection (Zellers et al.,
2019), while FEVER and SCIFACT cast it as claim-
level verification with supporting evidence (Thorne
et al., 2018; Wadden et al., 2020). Recent financial-
domain benchmarks largely inherit the same con-
tract. FIN-FACT annotates claim veracity with
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Dataset Domain Text Granularity Flipping Numerical Sentiment Causal Human/Expert
GROVER General Article Level X X X X X
FEVER General Claim Level X X X X v
SCIFACT Biomedical Claim Level X X X X v
SCITAB Scientific table Claim Level ( [ X X v
ContractNLI Law Claim/Hypothesis X X X X v
Fin-Fact Finance Claim Level X X X X v
FINDVER Finance Claim Level (] [ ] X X v
FISCAL Finance Claim level v X X X X
NCH (ours) Finance Paragraph-level 4 v 4 4 4

Table 1: Comparison of misinformation datasets across domains, text granularity, and manipulation dimensions. The table

contrasts existing benchmarks with

NCH in terms of input domain, text granularity, supported manipulation types

(Flipping, Numerical, Sentiment, and Causal), and the availability of human or expert annotation. Symbols denote the level of
support: v indicates full support, X indicates the absence of support, and ® denotes partial or limited support.

evidence (Rangapur et al., 2023a), FINDVER eval-
uates entailment under long-context or retrieval-
based settings (Zhao et al., 2024), and FISCAL
trains verifiers over claim—document pairs (Sharma
et al., 2025). Benchmark scores are tightly coupled
to evidence access and retrieval behavior, a cou-
pling flagged as a threat to evaluation validity in
recent guidance (Thibault et al., 2025).

To address this gap, we propose NCH,
a benchmark for paragraph-level, reference-free fi-
nancial misinformation detection. NCH
contains 1826 original-perturbed paragraph pairs
drawn from 1826 real-world financial news sources,
constructed to preserve surface plausibility while
shifting what the paragraph warrants. Follow-
ing common misinformation patterns summarized
in prior surveys (Rangapur et al., 2023b), we
operationalize four manipulation categories. Di-
rectional Flipping reverses the direction of a
claim, Numerical Perturbation nudges salient
quantities, Sentiment Amplification strengthens
stance toward bullish or bearish interpretations,
and Causal Distortion recasts sequence or cor-
relation as causation. Perturbations are generated
via category-specific LLM-controlled rewriting and
retained only if they satisfy automatic minimal-
ity constraints and domain-expert validation (cate-
gory correctness agreement 98.9%; rewrite validity
agreement: 93.7%). The paired design enables
Reference-free Detection, which flags manipu-
lation from a single paragraph with no external
grounding, and Comparative Diagnosis, which
uses the paired original to identify the manipula-
tion type. We report accuracy and macro-F1 (Yang,
1999) with per-type breakdowns, and additionally
AUROC (Bradley, 1997) when class balance devi-
ates.

We evaluate 15 open- and closed-source LLMs
and observe a sharp asymmetry between recog-

nizing a problematic paragraph and explaining it
after the fact. On Reference-free Detection, where
the model sees only one paragraph and must de-
cide whether it is admissible to accommodate at
face value, accuracy stays near chance, peaking
at 53.6% (DeepSeek-reasoner), with GPT-4.1 at
52.7% . Under few-shot settings, performance im-
proves only marginally, with the best observed
result reaching 56.7% (LLaMA-3.3-70B, 8-shot).
On Comparative Diagnosis, where an original
paragraph is provided alongside its perturbed coun-
terpart, and surface-level cues are controlled for,
accuracy rises to 0.85-0.97. This gap is consis-
tent with an accommodation-first default. Current
LLMs can often localize what changed once an
explicit alternative is supplied, but they do not re-
liably trigger doubt when only a locally plausible,
counterfactually perturbed paragraph is available.
In pragmatic terms, the models struggle to guard
the common ground against commitment-shifting
distortions, which is precisely what makes finan-
cial misinformation actionable before any external
grounding or verification is possible. While the
reference-free detection setting (Task 1) reflects
real-world scenarios where no external verification
is immediately available, the comparative diagno-
sis setting (Task 2) is designed as a controlled di-
agnostic probe. It isolates the model’s ability to
recognize subtle semantic shifts when explicit alter-
natives are provided, enabling fine-grained analysis
of model behavior beyond end-task performance.
Our contributions are summarized as follows:

* We propose NCH, a benchmark that
operationalizes paragraph-level financial mis-
information as plausibility-preserving coun-
terfactual perturbations that shift what a para-
graph warrants, enabling evaluation without
external evidence.
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* We define two complementary evaluations in-
cluding Reference-free Detection on single
paragraphs and Comparative Diagnosis on
original—perturbed pairs across four manipula-
tion types (directional, numerical, sentiment,
causal).

* We benchmark 15 open- and closed-source
LLMs and identify a pragmatic bottleneck
that models perform well when an explicit
comparison is provided, yet remain unreliable
at flagging manipulated paragraphs in isola-
tion, consistent with an accommodation-first
failure mode.

2 NCH

NCH is a paragraph-level benchmark for
evaluating large language models or Reference-
Free Counterfactual Financial Misinformation De-
tection, constructed from real news articles and
their minimally perturbed variants. As illustrated
in Figure 2, it proposed a structured pipeline of
data collection, perturbation, and annotation, and
supports two complementary evaluation tasks with
and without external contextual support.

2.1 Task Formulation

We define two evaluation tasks in NCH to
study complementary aspects of LLM robustness
to financial misinformation. Let N € N denote
a financial news paragraph which is either factual
or manipulated, where N is the set of all news
paragraphs.

Task 1: Reference-free Detection. This task
evaluates whether an LLM can identify financial
misinformation from a single document without
access to paired references. The model predicts a
binary label

Y := {True, False},

where “True” indicates a factual paragraph and
“False” indicates a paragraph containing misinfor-
mation, based solely on the input document P:

y* = argmax PLim(y | N). (1)
yey

Task 2: Comparative Diagnosis. This task
evaluates whether an LLM can recognize the un-
derlying manipulation mechanism when given a
side-by-side comparison between a factual para-
graph and its minimally perturbed misinformation
variant. Each instance consists of a paired input

(Nfact Nmis) where Nt denotes the original fac-
tual content and N™ its manipulated counterpart.
Let m € M denote a manipulation type, where M
is the set of all manipulation types. by comparing
the paired documents:

m* = arg max Ppia(m | NB N™S) - (2)

2.2 Data Curation

Based on the task definitions, we curate

NCH using original-perturbed paragraph pairs
from financial news, where perturbations are min-
imal yet sufficient to instantiate predefined misin-
formation categories.

2.2.1 Data Acquisition

We collect 1,404 unique financial news articles,
each consisting of a title and a summary, from
Yahoo Finance !. The dataset covers 223 pub-
licly traded stocks B and spans the period from
April 25, 2025 to December 15, 2025. Detailed
statistics on the temporal distribution and dataset
composition are reported in Appendix E.

2.2.2 Category-specific LLM Rewriting and
Prompt Refinement

To enable systematic and interpretable manipula-
tion of financial narratives, we adopt four manipula-
tion categories grounded in common financial mis-
information patterns summarized in prior surveys
(Rangapur et al., 2023b): Numerical Perturba-
tion, Directional Flipping, Sentiment Amplifica-
tion, and Causal Distortion. A complete mapping
from survey-defined categories to the adopted ma-
nipulation types is provided in Appendix C. Data
categorization follows a two-stage procedure: a
rule-based classifier with category-specific key-
word patterns is first applied to identify explicit
cases (Appendix O), while remaining samples are
annotated by GPT-4.1 using a structured prompting
scheme (Appendix P).

Each categorized article is then rewritten us-
ing GPT-4.1 under carefully designed, category-
specific constraints that control the direction and
magnitude of semantic distortions. Prompts are
iteratively refined through expert validation, and
automatic quality control mechanisms are applied
to ensure adherence to the intended manipula-
tion constraints. All category-specific rewriting

The data are from publicly available pages on Yahoo
Finance. No private or restricted information is involved. See
Appendix I for details on dataset release and access.
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Task 1:Reference-free Detection

Instruction:

You are a financial misinformation detector. Please
check if the following information is false and
output the answer [true/false]. Return only one label.
Input: News Paragraph...

Task 2: Comparative Diagnosis

Instruction:

You are a financial misinformation type detector.
Given a pair of original news and misinformation,
identify the misinformation type: [numerical /
flipping / sentiment / causal]. Return only one label.
Type Definitions:

« Sentiment: ...
o Causal: ...
Input: original—perturbed paragraph pairs

« Flipping: ...
o Numerical: ...

Task Formulation

Figure 2: Overview of the

E8Data Acquisition
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Dataset Construction Evaluation

NCH construction and evaluation workflow. A detailed, step-by-step description of the

dataset construction workflow is provided in Appendix N Figure 19.

prompts and detailed instructions are provided in
Appendix Q.

Directional Flipping reverses the implied
market outlook without altering factual content.
Prompts enforce polarity inversion and forbid
changes to events, entities, or numerical values, tar-
geting invalid cases with incomplete inversion dur-
ing prompt refinement. For example, a factual state-
ment such as “Stock X rose by 5%” may be rewrit-
ten as “Stock X fell by 5%,” or an analyst remark
that “experts remain optimistic about Company Y”
may be reframed as “experts expressed concerns
regarding Company Y’s future prospects.”’Domain
experts curate 50 valid and 10 invalid rewrites to
identify failure modes such as numerical inconsis-
tency or factual drift, guiding prompt refinement.
Based on valid samples, a token-length ratio of
0.9-1.15 is estimated using tiktoken, with out-of-
range samples regenerated automatically. Conser-
vative decoding settings (temp= 0.2, top_p= 0.8,
freq= 0.2) ensure precise numerical perturbations.

Numerical Perturbation applies controlled per-
turbations to numerical values while preserving
entities, events, and narrative structure. Prompts re-
strict edits to numerical expressions and prevent the
introduction of new facts or entities. For example,
a statement such as “Company Z reported revenue
growth of 8%” may be rewritten as “Company Z
reported revenue growth of 28%, or “the central

bank raised interest rates by 3 basis points” may be
altered to “the central bank raised interest rates by
5 basis points.” From valid rewrites, a token-length
ratio of 0.85-1.25 is derived and enforced via auto-
matic regeneration. Moderately constrained decod-
ing settings (temp= 0.1, top_p= 0.3, freq= 0.0)
support controlled directional inversion.

Sentiment Amplification intensifies evaluative
tone while preserving factual content and direc-
tional meaning. Prompts encourage affective em-
phasis while restricting semantic changes, with a
token-length ratio of 0.90-1.30 enforced based on
expert-validated rewrites. For example, an assess-
ment stating that “experts believe the new policy
may compress Company M’s profit margins and
potentially lead to losses” may be amplified to
“experts warned that the new policy places Com-
pany M at risk of a potential bankruptcy crisis.”
Similarly, a statement such as “experts consider
Stock N to be among the most attractive invest-
ment opportunities for 2026 may be rewritten as
“experts strongly urge investors to take an all-in
position in Stock N immediately.” A polarity con-
sistency check using FInBERT (Araci, 2019) pre-
vents sentiment reversal. Higher decoding diversity
(temp= 0.3, top_p= 0.9, freq= 0.3) supports con-
trolled expressive variation.

Causal Distortion modifies explanatory rela-
tions between events while preserving entities and
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observable outcomes. Prompt refinement targets
invalid rewrites with unintended outcome or entity
changes. For example, a statement such as “the
introduction of new tariff policies led to a decline
in profits, followed by a drop in the stock price”
may be rewritten as “rising raw material costs led
to a decline in profits, followed by a drop in the
stock price.” Based on expert-validated rewrites, a
token-length ratio of 0.90-1.30 is enforced to limit
narrative drift. Moderately diverse decoding set-
tings (temp= 0.3, top_p= 0.8, freq= 0.2) support
coherent alternative causal explanations.

2.2.3 Human Quality Assurance

To ensure the reliability and validity of the rewrit-
ten dataset produced by GPT-4.1, we conduct a
multi-stage human quality assurance process com-
bining expert review and independent annotator
evaluation. All assessments follow unified decision
rules and guidelines to ensure consistency across
categories. Detailed information on the annotation
system and all human annotators is provided in
Appendix D.

Expert Review and Audit An experienced fi-
nancial analyst (Expert A) conducts a full review
of the rewritten news paragraphs, correcting or re-
moving samples that violate category-specific con-
straints (e.g., factual inconsistency, numerical er-
rors, sentiment polarity violations, or invalid causal
statements) according to unified expert guidelines
(Appendix R). To independently assess post-review
quality, a second financial expert (Expert B) per-
forms a stratified spot-check audit across all four
manipulation categories, sampling 10% of Direc-
tional Flipping and Numerical cases and 15% of
Sentiment Amplification and Causal Distortion
cases, and assigns binary judgments (pass/fail) us-
ing the same guidelines. If the audit pass rate falls
below 80%, the corpus is returned to Expert A for
revision, and this audit—revision cycle is repeated
until the pass rate reaches at least 80%. Final audit
results are reported in Table 2.

Category  Sample Size Pass Fail Agreement Rate
Flipping 55 53 2 0.964
Numerical 77 74 3 0.961
Sentiment 47 38 9 0.809
Causal 59 55 4 0.932

Table 2: Stratified audit results by Expert B. Agreement rate
denotes the proportion of validated samples.

Dual Annotator Evaluation and Reliability Anal-
ysis After expert review by Experts A and B, we

conduct a dual-annotator evaluation to quantify the
reliability of labels produced by the data construc-
tion pipeline. Two trained annotators independently
assess each sample along two binary dimensions:
category correctness, indicating whether the para-
graph is correctly labeled as manipulated (mis) or
unmanipulated (true), and rewrite validity, indi-
cating whether the rewritten paragraph satisfies the
intended manipulation constraints (pass) or violates
them (fail). Annotators follow standardized instruc-
tions and decision rules detailed in Appendix S. We
report Percent Agreement, Macro-F1, Cohen’s x,
and Gwet’s AC1, following the definitions in Ap-
pendix F.

Category  Samples Accuracy Macro-F1 Cohen’s x  Gwet’s AC1
Category Correctness (mis vs. true)
Flipping 557 0.998 0.500 0.000 0.998
Numerical 775 1.000 1.000 n/a 1.000
Sentiment 315 0.990 0.000 0.498 0.990
Causal 395 0.965 -0.005 0.491 0.963
Overall 2042 0.988 0.994 -0.001 0.989
Rewrite Validity (pass vs. fail)
Flipping 556 0.980 0.854 0.708 0.979
Numerical 775 0.964 0.927 0.855 0.952
Sentiment 312 0.846 0.842 0.686 0.699
Causal 381 0.958 0.815 0.632 0.953
Overall 2024 0.937 0.953 0.720 0.896

Table 3: Annotator agreement for rewrite validation.

Table 3 reports annotator agreement for both the
category mis vs. true judgment and the rewrite pass
vs. fail judgment. For category correctness, ob-
served agreement is near ceiling across categories
(accuracy > 0.965), serving as a sanity check that
the filtering and expert review stages leave few am-
biguous correctness cases for annotation. Because
labels are extremely imbalanced, invalid cases are
rare and the Numerical category is degenerate, Co-
hen’s x and Macro-F1 can be unstable. We there-
fore additionally report Gwet’s AC1 (Gwet, 2008),
which remains well behaved under severe imbal-
ance and stays high across categories (AC1 >
0.963) (Wongpakaran et al., 2013). For rewrite
validity, label imbalance is less pronounced be-
cause annotators assess fine-grained compliance
with rewriting constraints rather than coarse cate-
gory membership. Accordingly, both Cohen’s x
and Gwet’s AC1 are consistently high and inter-
pretable across categories (Appendix G), support-
ing reliable judgments of rewrite quality. The Senti-
ment subset shows relatively lower agreement, con-
sistent with the softer boundary between acceptable
amplification and semantic drift. Overall, these re-
sults indicate that the large majority of rewritten
samples adhere to the intended manipulation con-
straints, with residual ambiguity concentrated in
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sentiment-sensitive cases.

Post-annotation handling. Finally, samples
unanimously labeled fail for rewrite validity are
returned to Expert A for targeted revision and re-
annotation. Revised samples that again receive
unanimous fail are removed, whereas those that
receive unanimous pass are retained. All cases in-
volving annotator disagreement, either during the
initial evaluation or after revision, are consolidated
into a Disagreement Set for subsequent resolution.

2.2.4 Dataset Finalization

To ensure that the released benchmark contains
only deterministic, unambiguous labels beyond the
dual-annotator stage, we route all samples in the
Disagreement Set through a structured adjudication
workflow. Independent secondary review: Ex-
pert B and a strict annotator jointly reassess each
disputed case, evaluating both category assignment
and rewrite validity under conservative criteria to
resolve disagreements wherever possible. Final
arbitration: Remaining unresolved cases are es-
calated to Expert A for final adjudication; samples
that still cannot be resolved unambiguously are re-
moved. This conservative policy prioritizes label
clarity over coverage, mitigating the risk that resid-
ual ambiguity or borderline cases introduce label
noise in downstream evaluation.

After adjudication, all retained samples un-
dergo final integrity checks covering metadata com-
pleteness, category consistency, and adherence to
rewrite constraints. Samples that remain ambigu-
ous are excluded from the main dataset and re-
leased separately as a hard-case subset for future
robustness analysis. Pre- and post-adjudication
statistics for each category, including retained sam-
ples and hard cases, are summarized in Table 4.
The released final cleaned dataset documentation
is in Appendix .

Categor Pre- Final Hard Retention
gory adjudication Retained Cases Rate
Flipping 557 532 7 0.955
Numerical 775 703 20 0.907
Sentiment 315 253 53 0.803
Causal 395 338 43 0.856
Total 2042 1826 123 0.894

Table 4: Pre- and post-adjudication sample counts across
misinformation categories.

2.3 Evaluation

We evaluate a diverse set of large language mod-
els spanning open-source and closed-source fam-
ilies, as summarized in Table 5. The open-source
models include Meta’s LLaMA (8B, 70B) (Llama
Team, Al at Meta, 2024), the Alibaba Qwen se-
ries with multiple sizes and both reasoning-enabled
(thinking) and direct-prediction (non-thinking) vari-
ants (Yang et al., 2025a), and Qwen2.5-72B (Qwen
et al., 2025). We additionally include a domain-
specific financial model, FMDLIlama, to assess
whether finance-oriented pretraining improves ro-
bustness under reference-free conditions. The
closed-source models include OpenAIl’'s GPT-
4.1 (OpenAl, 2025a), GPT-5 Mini (OpenAl,
2025¢), and GPT-5.2 (OpenAl, 2025b), as well as
DeepSeek-chat and DeepSeek-reasoner (Liu et al.,
2025a). Detailed model specifications are provided
in 5.

Model Organization Release Time
Open Source Models
LLaMA 3.1-8B (Llama Team, Al at Meta, 2024) Meta 2024-03
LLaMA 3.1-70B Meta 2024-03
" Qwen3-8B (Non-thinking) (Yang etal., 2025) ~ Alibaba 2025-04
Qwen3-8B (Thinking) Alibaba 2025-04
Qwen3-14B (Non-thinking) Alibaba 2025-04
Qwen3-14B (Thinking) Alibaba 2025-04
Qwen3-32B (Non-thinking) Alibaba 2025-04
Qwen3-32B (Thinking) Alibaba 2025-04
Qwen2.5-72B (Qwen et al., 2025) Alibaba 2024-09

Domain-Specific Models

FMDLlama(Liu et al., 2025¢) Academic 2025
Closed Source Models
GPT-4.1 (OpenAl, 2025a) OpenAl 2025-05
GPT-5 Mini (OpenAl, 2025¢) OpenAl 2025-08
GPT-5.2 (OpenAl, 2025b) OpenAl 2025-12
" DeepSeck-chat (Liu etal., 20252) DeepSeek 202501
DeepSeek-reasoner DeepSeek 2025-01

Table 5: Overview of selected models, including general-
purpose LLMs and a domain-specific financial model (FMDL-
lama).

All models follow a unified prompting protocol
and are evaluated primarily in a zero-shot setting.
We consider two tasks: Task 1 (Reference-free De-
tection), a binary classification task that predicts
whether a single paragraph is manipulated (mis)
or unmanipulated (true); and Task 2 (Comparative
Diagnosis), a four-way classification task that takes
an original—perturbed paragraph pair and predicts
the manipulation type. When available, both think-
ing and non-thinking variants are evaluated under
the same protocol. Few-shot configurations are
treated as ablations and reported in Section 3.2.
Closed-source models are accessed via public APIs
under default settings (including provider-default
decoding parameters such as temperature), while
open-source models use official releases with their
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default generation settings unless otherwise spec-
ified. Prompt templates for both tasks (including
the few-shot variants) are provided in Appendix T.

For Task 1, we report Accuracy, Precision, Re-
call, Macro-F1, and Matthews Correlation Coef-
ficient (MCC). For Task 2, we report Accuracy
and Macro-F1 with per-category breakdowns, and
additionally AUROC when class balance deviates
across categories. All metrics are computed over
valid predictions, defined as outputs that map un-
ambiguously to the predefined label space of each
task. Outputs outside the valid label set are counted
as invalid and reported separately as the Invalid
Rate, which we treat as a reliability indicator re-
flecting failures to follow the constrained output
format. All models are evaluated on identical data
splits, and formal metric definitions are provided
in Appendix F.

3 Experiments

3.1 Main Results

Table 6 summarizes performance on Task 1 and
Task 2 across 14 open- and closed-source LLMs.
The results reveal a consistent asymmetry between
standalone detection and pairwise diagnosis. Mod-
els struggle to decide whether a single paragraph
is manipulated when no explicit alternative is pro-
vided, yet they become highly accurate at identify-
ing manipulation types once the original paragraph
is shown alongside its perturbed counterpart.

Task 1: Reference-free Detection remains near
chance. When given only a single paragraph,
all models operate close to chance-level perfor-
mance, with Macro-F1 below 0.53 and MCC near
zero. The best zero-shot accuracy peaks at 53.0%
(Qwen3-8B, non-thinking), with GPT-4.1 at 52.7%
(Table 6). A domain-specific model, FMDLIlama,
achieves a comparable accuracy of 51.8%, indicat-
ing that domain adaptation alone does not resolve
the difficulty of the task. In addition, FMDLIlama
exhibits a non-trivial invalid output rate (9.05%),
primarily due to format deviations, whereas most
general-purpose LLMs produce valid outputs un-
der the same constraints. Few-shot prompting
yields only marginal improvements, suggesting that
the limitation is not primarily due to instruction-
following or formatting issues. Rather, it reflects a
systematic difficulty in forming stable binary judg-
ments from locally plausible financial narratives in
isolation. Although this near-random performance
may appear unsurprising, it provides a controlled

Model Inv. Acc. Pre. Rec. Macro MCC

(a) Task 1 performance comparison across models

LLaMA 3.1-8B 1099 0.510 0.509 0.506 0.467 0.015
LLaMA 3.1-70B 827 0.485 0459 0482 0398 -0.054
Qwen3-8B (Non-thinking) 441 0.530 0.530 0.530 0.528 0.060
Qwen3-8B (Thinking) 296 0.527 0.527 0.527 0.526 0.054
Qwen3-14B (Non-thinking) 422 0.498 0.506 0.503 0.441  0.009
Qwen3-14B (Thinking) 1016 0.505 0.507 0.505 0470 0.011
Qwen3-32B (Non-thinking) 653 0.510 0.510 0.509 0.490 0.019
Qwen3-32B (Thinking) 489 0.515 0515 0.515 0515 0.031
Qwen2.5-72B 975 0.528 0.534 0.526 0.500  0.060
FMDLlama 334 0518 0.363 0346 0.292  0.058
GPT-4.1 0 0.527 0532 0.527 0.507 0.059
GPT-5 Mini 208 0.452 0451 0452 0450 -0.097
GPT-5.2 0 0457 0425 0457 0392 -0.113
DeepSeek-chat 0 0.521 [0.548 0.521 0444 | 0.064
DeepSeek-reasoner 310536 0.538 0.536 0.528 0.07
(b) Task 2 performance comparison across models

LLaMA 3.1-8B 886 0.575 0.621 0.535 0499 0.449
LLaMA 3.1-70B 844 0.879 0.901 0.851 0.856 0.845
Qwen3-8B (Non-thinking) 53 0.850 0.815 0.781 0.790 0.789
Qwen3-8B Thinking 45 0.884 0.894 0.853 0.859 0.842
Qwen3-14B (Non-thinking) 0 0.771 0.830 0.675 0.700 0.686
Qwen3-14B Thinking 13 0.881 0906 0.858 0.869 0.840
Qwen3-32B (Non-thinking) 4 0.848 0.882 0.785 0.813 0.792
Qwen3-32B Thinking 7 0.885 0902 0.864 0871 0.845
Qwen2.5-72B 14 0921 0922 0.878 0.896 0.890
FMDLlama 0 0.629 0.697 0.503 0474 0.501
GPT-4.1 2 0969 0.970 0961 0.965 0.956
GPT-5 Mini 0 0977 0975 0.967 0970 0.968
GPT-5.2 0 0.968 0970 0.968 0.969 0.956
DeepSeek-chat 0 0.875 0.881 0.843 0.850 0.830
DeepSeek-reasoner 0 0936 0949 0931 0937 0913

Table 6: Performance comparison across models on Task 1
and Task 2. Inv. denotes the number of invalid outputs that fail
to produce a valid prediction under the task constraints. Acc.,
Pre., Rec., and Macro represent accuracy, precision, recall,
and macro-averaged F1 score, respectively. MCC denotes the
Matthews Correlation Coefficient.

and quantitative demonstration of a structural fail-
ure mode: current LLMs do not reliably question
commitment-shifting distortions when no explicit
reference or contrast is available.

Task 2: Comparative Diagnosis becomes reli-
able under explicit contrast. When the original and
perturbed paragraphs are presented together, perfor-
mance increases substantially, with strong models
reaching 0.85-0.97 accuracy alongside markedly
higher Macro-F1 and MCC (Table 6). FMDLlama
also shows improved performance in this setting,
with no invalid outputs observed, suggesting that
the task formulation effectively constrains the out-
put space. This indicates that LLMs are often ca-
pable of localizing discrepancies and attributing
them to specific manipulation mechanisms once an
explicit alternative is provided. Importantly, this
setting should be interpreted as a controlled diag-
nostic probe rather than a direct simulation of real-
world deployment: it isolates the model’s ability
to recognize semantic shifts under contrast, effec-
tively transforming the task from standalone belief
assessment into comparison-based attribution.
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Taken together, these findings support an
“accommodation-first” pattern. Current LLMs can
often explain what changed post hoc when con-
trastive evidence is available, but they do not re-
liably trigger doubt when presented with a sin-
gle, surface-plausible paragraph. The large per-
formance gap between the two tasks highlights a
fundamental discrepancy between post-hoc inter-
pretability and real-time detection. Notably, the
failure persists even for domain-specific models,
indicating that the core bottleneck lies in reference-
free reasoning rather than lack of financial knowl-
edge. In practical terms, the reference-free setting
is the more critical regime for proactive financial
misinformation defense, where systems must reject
misleading narratives before any external verifica-
tion or comparison is possible. Additional confu-
sion matrices illustrating prediction patterns are
provided in Appendix K.

3.2 Ablation Study: Few-shot Prompting

We further examine the effect of limited in-context
supervision on reference-free misinformation de-
tection via a few-shot ablation on Task 1. Figure 3
reports accuracy under zero-shot, two-shot, and
eight-shot settings.

Accuracy Comparison Across Models Under Different Few-Shot Settings

06

Model —pshot

Figure 3: Accuracy trends on Task 1 under zero-shot, two-shot,
and eight-shot settings. Few-shot prompting provides limited
gains and fails to bridge the gap with pairwise evaluation.

Few-shot prompting provides limited gains and
remains far below Task 2 performance, indicat-
ing that reference-free misinformation detection is
not addressed by additional demonstrations alone.
Smaller models degrade as the number of shots in-
creases, while larger models consistently improve.
Across model families, thinking variants benefit
more from few-shot prompting than non-thinking
variants. The highest accuracy is achieved by GPT-
4.1 with 2-shot prompting (58.4%), and the largest
improvement is observed for GPT-5 Mini, increas-
ing from 45.2% (zero-shot) to 57.5% (eight-shot).
Full results and confusion matrices are reported in
Appendix J.

3.3 Human Baselines

To better contextualize model performance under
the reference-free setting, we include human eval-
uations conducted under the same experimental
conditions. We construct a subset of 80 instances
from Task 1, with 20 samples for each manipulation
category (directional flipping, numerical perturba-
tion, sentiment amplification, and causal distortion).
Two annotators with different levels of domain ex-
pertise are considered: (1) a financial professional
with two years of industry experience, and (2) a
Financial Engineering student. Both annotators per-
form the same tasks as the models without access
to any external references.

Annotator Task Overall Flip Num Sent Causal
Financial Task1 0715 0900 0500 0.800  0.650
Professional

FE Student Task 1 0.575 0.200 0.500 0.800  0.800
FE Student Task 2 1.000 1.000 1.000 1.000 1.000

Table 7: Human baseline performance (% accuracy) on subsets
of RFC-BENCH. Task 1 denotes reference-free detection;
Task 2 denotes comparative diagnosis.

Human performance provides a useful reference
point for interpreting the difficulty of the reference-
free setting. The financial professional achieves
71.5% accuracy on Task 1, substantially outper-
forming all evaluated LLMs (53%). This gap
indicates that the task is challenging but clearly
solvable, and that the near-chance performance of
LLMs reflects a model-specific limitation rather
than inherent ambiguity. Performance also varies
across manipulation types. Directional flipping
and sentiment amplification are relatively easier
for the expert (90.0% and 80.0%), suggesting that
such cases can often be identified through plau-
sibility judgments grounded in market intuition.
In contrast, numerical perturbations remain diffi-
cult (50.0%), indicating that subtle quantitative
inconsistencies are harder to detect without ex-
plicit comparison. Comparing the financial profes-
sional with the Financial Engineering student fur-
ther highlights the role of domain expertise. While
the student slightly outperforms LLMs on Task 1
(57.5%), their performance is notably lower than
the expert, especially on directional manipulations.
This suggests that effective reference-free detection
depends on experience-driven heuristics, such as
sensitivity to market-consistent narratives. Under
the comparative setting (Task 2), both annotators
achieve near-perfect performance, consistent with
the pattern observed in LLMs. This contrast rein-
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forces the idea that the primary difficulty lies in
reference-free reasoning rather than in comparison-
based attribution. Overall, the results suggest that
human experts rely on domain knowledge and
heuristic judgment to detect commitment-shifting
distortions, whereas current LL.Ms tend to accept
locally plausible narratives without triggering suffi-
cient skepticism.

3.4 Sanity Check: Surface-feature Baseline

o Surface-feature Logistic Regression vs LLM(medium)
1

= Accuracy
W Macro-F1

0.8

0.6

Score

0.4

0.2

0.0

Surface LR LM

Figure 4: Comparison between a surface-feature logistic re-
gression and the median performance of LLMs on Task 2. The
shallow baseline relies solely on length, punctuation, numeric
tokens, and lexical overlap, while LLMs achieve substantially
higher accuracy and macro-F1, indicating that performance
cannot be attributed to cheap surface artifacts.

To verify that strong performance on Task 2
is not driven by trivial artifacts, we train a shal-
low logistic regression classifier using only sur-
face features: length ratio, punctuation differences,
numeric-token differences, and lexical overlap (fea-
ture statistics in Appendix L). As shown in Fig-
ure 4, this surface-only baseline substantially un-
derperforms the median LLM on both accuracy and
macro-F1. This rules out formatting or lexical ar-
tifacts as the primary source of performance gains
and supports the conclusion that Task 2 success
reflects sensitivity to discourse-level manipulation
rather than template-level leakage.

3.5 Error Analysis

Finally, errors across the two tasks expose limita-
tions in how models interpret financial narratives
under different supervision settings. In Task 1,
models often reject forward-looking or speculative
statements in the absence of explicit verification
(e.g., dismissing a Tesla report projecting a nearly
30% earnings drop in 2025), while accepting stylis-
tically credible narratives that resemble authorita-
tive reporting (e.g., a Reuters-style McDonald’s
earnings story with fabricated figures), indicating
reliance on journalistic form rather than internal
consistency. In some cases, the model anchors

judgments to a past time, leading it to discount tem-
porally forward-looking content (e.g., a synthetic
NIO Q2 2025 earnings call) instead of reasoning
within the document’s stated timeframe. In Task 2,
errors mainly occur when multiple manipulation
cues co-occur: polarity reversals with unchanged
numeric magnitudes are labeled as Numerical (e.g.,
NVIDIA’s gains rewritten as losses with identical
percentages), and evaluative reversals expressed
through causal phrasing are misclassified as Causal
(e.g., flipping an Amazon “Top Pick” into a down-
grade via causal rhetoric). Overall, these errors
show that models rely on surface lexical and nu-
meric cues rather than isolating the underlying ma-
nipulation mechanism. Detailed qualitative case
studies are provided in Appendix M.

4 Conclusion and Future Work

In this paper, we introduced BENCH, a
paragraph-level benchmark that operationalizes
commitment-shifting financial misinformation via
minimally perturbed news paragraphs and eval-
uvates models under two complementary set-
tings, including Reference-free Detection (single-
paragraph judgment without grounding) and Com-
parative Diagnosis (pairwise attribution with the
original provided). Across 15 open- and closed-
source LLMs, we observe a consistent asymmetry:
models remain near chance in the reference-free
setting, yet achieve strong accuracy once explicit
contrast is available, and a surface-feature baseline
suggests this gap is not driven by trivial lexical or
formatting artifacts. These findings indicate that
current LL.Ms struggle to form stable judgments
from discourse-internal cues alone, defaulting to
accommodation unless contrast is provided, a limi-
tation that persists even for domain-specific mod-
els and thus points to a fundamental challenge in
reference-free reasoning rather than a lack of do-
main knowledge. Looking forward, an important
direction is to move beyond static prediction to-
ward modeling decision-making under uncertainty,
as human experts appear to rely on experience-
driven heuristics, sensitivity to directional plausi-
bility, and implicit memory of market dynamics.
This suggests that future systems may benefit from
integrating memory retrieval, stepwise reasoning,
and explicit reflection mechanisms, as well as being
evaluated under realistic time constraints and more
complex settings such as multimodal and cross-
lingual scenarios.
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Limitations

This work has several limitations. First,

NCH focuses on English-language financial
news from the U.S. market, which may limit gener-
alization to other languages, regions, and financial
systems with different reporting conventions and
regulatory environments. Extending the benchmark
to multilingual and non-U.S. settings is an impor-
tant direction for future work. Second, the bench-
mark considers text-only inputs and does not incor-
porate multimodal financial information (e.g., ta-
bles, figures, earnings slides, audio, or video), and
therefore does not evaluate cross-modal or cross-
document reasoning required in real-world analy-
sis. Third, although perturbations are designed to
be minimal and plausibility-preserving, they are
generated within a controlled rewriting pipeline
and may not fully capture the diversity and strate-
gic nature of real-world misinformation, such as
long-range inconsistencies or coordinated narrative
manipulation. Fourth, the benchmark focuses on
paragraph-level judgments in isolation. While this
design enables reference-free evaluation, it does
not reflect settings where broader context, retrieval,
or external knowledge is available. Finally, our
evaluation targets detection and diagnostic accu-
racy, but does not examine downstream impacts on
decision-making, trading behavior, or human trust.
Overall, NCH provides a controlled and
diagnostic testbed for reference-free financial mis-
information, but should be viewed as complemen-
tary to, rather than a substitute for, evidence-based
and multimodal evaluation settings.

Ethical Considerations

All annotation, rewriting, and verification proce-
dures in this study were conducted in accordance
with ethical standards and responsible research
practices. All source materials are drawn exclu-
sively from publicly accessible Yahoo Finance
news articles. Annotators and models did not
access, process, or generate any personal, con-
fidential, proprietary, or non-public informa-
tion, and the dataset concerns only corporate-
level financial narratives rather than private in-
dividuals. During synthetic rewriting and expert
review, annotators were explicitly instructed not to
introduce defamatory content, legal accusations,
fabricated events, or misleading claims involv-
ing identifiable individuals. All synthetic misin-
formation is strictly confined to financial perfor-

mance, numerical statements, market outlooks,
or corporate-level narratives, without reference
to personal behavior, legal liability, or non-financial
attributes. The released dataset is intended exclu-
sively for academic research, specifically for the
study and evaluation of financial misinformation
detection. It does not constitute real market in-
formation, investment advice, or financial guid-
ance, and must not be used to inform trading deci-
sions or influence real-world financial behavior. All
synthetic articles are clearly marked as artificial
and released only in controlled research settings,
ensuring they cannot reasonably be mistaken for
genuine financial news. Redistribution or use of the
dataset for non-academic or harmful purposes, in-
cluding the generation or dissemination of mislead-
ing financial content, is explicitly discouraged. All
annotators and experts were briefed on responsi-
ble data handling, research integrity, and harm
minimization. Annotation guidelines emphasize
caution, neutrality, and awareness of the societal
risks associated with financial misinformation, en-
suring that dataset construction and release remain
transparent, safe, and ethically grounded. Limi-
tations and Responsible Use. While all source
articles are publicly accessible at the time of col-
lection, the released dataset does not redistribute
any original Yahoo Finance news content. In-
stead, it contains only article metadata (e.g., stock
ticker, publication date, and public URL) and syn-
thetic rewritten text derived from those sources.
Copyright of the original articles remains with
their respective publishers. License. The dataset
annotations, synthetic texts, and all accompanying
code are released under the MIT License. This
license applies only to the newly created compo-
nents of this work (e.g., annotations, model out-
puts, and code) and does not extend to the original
Yahoo Finance articles or any third-party con-
tent. Users must comply with applicable copyright
laws and the terms of service of the original data
sources. The dataset must not be used for commer-
cial purposes, investment decision-making, or
real-world financial communication, and any use
of the data or models evaluated on it should com-
ply with applicable copyright laws, platform terms
of service, and ethical standards for responsible
financial research.
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A Related Work

Misinformation Detection in General Domains.
A substantial body of work has examined mis-
information detection across general and scien-
tific domains. Benchmarks such as LIAR (Wang,
2017), FakeNewsNet (Shu et al., 2018), and the
Fake News Challenge (Hanselowski et al., 2018)
focus on political and social news; more recent
multimodal misinformation benchmarks, including
MMFakeBench (Liu et al., 2024), OmniFake (Li
et al., 2025a), and VLDBench (Raza et al., 2025),
evaluate text-and-image deception detection, and
grounding datasets with video evidence have also
emerged (Yang et al., 2025b). Evidence-based
datasets such as FEVER (Thorne et al., 2018), Sci-
Fact (Wadden et al., 2020), and large fact-checking
corpora like MMM-Fact (Xu et al., 2025) empha-
size claim—evidence verification. Web-based re-
trieval agents further support evidence-driven detec-
tion (Tian et al., 2024). However, large-scale analy-
ses indicate that many benchmarks suffer from spu-
rious correlations, feasibility constraints, and evalu-
ation artifacts that limit generalization (Thibault
et al., 2025). Prior work has shown that large
language models are prone to hallucinations and
fine-grained factual errors under subtle contextual
or numerical variations (Maynez et al., 2020; Ji
et al., 2023; Alansari and Lugman, 2025; Gupta
et al., 2025), motivating controlled text generation
approaches that construct manipulated or counter-
factual samples via attribute control or constrained
rewriting (Ross et al., 2022; Li et al., 2018; Sud-
hakar et al., 2019; Wang et al., 2024).

Domain-Specific Misinformation Beyond gen-
eral domain, domain-specific misinformation has
received increasing attention. Health-oriented re-
sources such as CoAID (Cui and Lee, 2020),
COVID-Fact (Saakyan et al., 2021), and Check-
COVID (Wang et al., 2023) extend misinformation
detection to medical and public health contexts.
In the financial domain, research has advanced
domain-aware modeling through pretrained rep-
resentations such as FinBERT (Araci, 2019; Yang
et al., 2020), as well as numerical and long-context
reasoning methods (Li et al., 2025b; Chia et al.,
2024). Large-scale financial LLMs further enable
decision support and agent-based reasoning (Wu
et al., 2023; Yu et al., 2025b, 2024). From a data
perspective, recent benchmarks have expanded fi-
nancial misinformation evaluation across multiple
dimensions. Expert-annotated resources such as

FIN-FACT (Rangapur et al., 2023a), FinBen (Xie
et al., 2024), and MultiFinBen (Peng et al., 2025)
provide structured supervision across diverse finan-
cial tasks. Together with taxonomy-driven analy-
ses (Rangapur et al., 2023b) and claim-verification
benchmarks such as FINDVER (Zhao et al., 2024),
these efforts establish important foundations for
the field. Nevertheless, existing approaches remain
largely claim-centric and strongly reliant on ex-
ternal evidence, leaving paragraph-level, context-
dependent distortions underexplored, particularly
in high-stakes financial settings.

B Stock List

A, AAPL, ABBV, ABNB, ADBE, ADI, ADP,
ADSK, AEP, AFL, AIZ, AJG, AKAM, ALB,
ALGN, ALL, ALLE, AMAT, AMD, AME, AMGN,
AMP, AMT, AMZN, ANET, AON, AOS, APA,
APD, APH, APO, ARE, ATO, AVY, AWK, AXON,
AXP, AZO, BA, BABA, BALL, BAX, BIDU,
BIIB, BILI, BKR, BMY, BWA, BXP, CBRE, CCL,
CDNS, CEG, CHRW, CME, CNP, COF, COIN,
COO, COP, COR, CPAY, CPB, CPRT, CPT, CZR,
D, DELL, DFS, DG, DHI, DHR, DIS, DLR, DOC,
DOV, EFX, EMN, EOG, EQR, ES, ESS, ETN,
EVRG, EW, EXC, FE, FIS, FITB, FSLR, FTV,
GDDY, GEV, GM, GOOG, GRMN, GS, HAL,
HAS, HCA, HII, HLT, HPQ, HSY, HWM, ICE,
IDXX, IFF, INCY, INVH, IQ, IRM, ISRG, IT,
1VZ, ICI, ID, INJ, JPM, KEY, KEYS, KLAC,
KMI, LDOS, LI, LMT, LVS, LW, LYB, MA,
MCHP, MDT, MET, META, MHK, MKC, MLM,
MMM, MNST, MO, MPC, MRNA, MSFT, MU,
NCLH, NDAQ, NEM, NFLX, NIO, NTAP, NTES,
NTRS, NVDA, NWS, NWSA, NXPI, ODFL, OKE,
ORCL, PAYC, PAYX, PCAR, PDD, PFE, PFG,
PH, PLD, PNR, POOL, PTC, PYPL, QCOM, RF,
RJF, RL, RMD, ROK, RSG, SBAC, SBUX, SCHW,
SIM, SMCI, SOLV, STLD, STT, STX, STZ, SW,
SWK, SWKS, SYF, T, TEL, TGT, TJX, TPL, TPR,
TSCO, TSLA, TSN, TXT, UBER, UDR, UHS,
ULTA, UNH, V, VLTO, VMC, VRSN, VRTX,
VST, VTR, WAT, WDAY, WDC, WEC, WELL,
WST, XPEV, YUM, ZTS

C Mapping from 13 Financial
Misinformation Types to Four
Manipulation Mechanisms
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Survey Category

Numerical Perturbation

Directional Flipping

Sentiment Amplification

Causal Distortion / False
Attribution

Fake news &
rumors

May invert bullish/bearish
outlooks

Highly emotional
headlines and wording

Fabricated or misleading
reasons for price moves

Misleading
advertisements

Fake return rates or
exaggerated numbers

Exaggerated profit claims
used to entice investors

Invented stories explaining
unrealistically high returns

Fraudulent
investment schemes

Fabricated high-return
figures

“Guaranteed gains” or
directional promises

Appeals to greed or fear to
pressure investment

False claims about sources
of returns

Impersonation
scams

May promise fabricated
monetary gains

Fake expert
recommendations
(buy/sell)

Use of threats or
exaggerated consequences

False claims of insider
information

Financial fraud &
scams

Manipulated or fabricated
financial figures

Misleading directional
cues

Fear-based or greed-based
framing

Invented causes of safety
or risk

Online trading
misinformation

Tampered EPS, target
prices, or key metrics

Reversals of bullish vs.
bearish interpretations

Sentiment framing of
market mood

Fabrication or
misinterpretation of
market catalysts

Pump-and-dump

(Usually narrative, fewer
numeric manipulations)

Creation of false bullish
signals or “upside stories”

Heavy hype and
promotional emotion

Fabricated positive
catalysts for price
increases

Pyramid schemes

Fake or unverifiable return
numbers

Promises of “guaranteed”
profit

Greed/FOMO-driven
persuasion

False descriptions of
payout mechanisms

Front-running

Fake claims of
institutional buying or
selling

False attribution of price
moves to non-existent
trades

Short-and-distort

Distribution of fabricated
bearish stories

Alarmist or panic-inducing
language

Fabricated negative
catalysts

Strong emotional

Repeat Persistent false directional . . . False insider motives or
. . - . manipulation to sustain
impersonation advice . catalysts
panic or hype
Phishing - - - -

Identity theft - -

Table 8: Mapping between 13 financial misinformation types and four manipulation mechanisms, adapted from the taxonomy in
(Rangapur et al., 2023b). Phishing and Identity theft are not covered due to its cybersecurity-oriented.

D Annotator Background and
Annotation System

Figure 5 shows the annotation system used for hu-
man quality assurance. The interface presents an-
notators with the stock ticker, assigned manipula-
tion category, the original financial news paragraph,
and the corresponding rewritten misinformation in-
stance. Annotators assign labels according to pre-
defined decision options, including pass, fail, and
mis-category.

X Y @A I @ ==
& D CIED

Ticker: PFE
Category: Flipping

Original: Genmab A/S (GMAB) Expands Tivdak and Epkinly Commercial Push Globally We recently compiled a list of the 11 Cheap
Biotech Stocks to Buy According to Hedge Funds. Genmab A/S is one of them. Genmab A/S (NASDAQ:GMAB), based in
Copenhagen, is a biotechnology company focused on developing antibody-based therapies for cancer and other serious diseases.
Itis among the cheap biotech stocks to buy. With over 45 [..]

Misinformation: Genmab A/S (GMAB) Contracts Tivdak and Epkinly Commercial Efforts Globally We recently compiled a list of the
11 Cheap Biotech Stocks to Sell According to Hedge Funds. Genmab A/S is one of them. Genmab A/S (NASDAQ:GMAB), based in
Copenhagen, is a biotechnology company struggling with antibody-based therapies for cancer and other serious diseases. It is
among the cheap biotech stocks to avoid. With over 45 [..]

Figure 5: Annotation system interface.

The human quality assurance process involves a
combination of domain experts and trained anno-

tators, whose backgrounds and qualifications are
summarized below.

Expert A is a PhD student with dual Master’s de-
grees in Financial Engineering and Machine Learn-
ing, and a Bachelor’s degree in Financial Engi-
neering. The expert has approximately three years
of research experience focused on finance-oriented
large language models (FinLLMs), along with prior
professional experience in the financial industry.
This combination of advanced quantitative train-
ing, domain-specific research expertise, and indus-
try exposure supports expert-level judgment in the
annotation of complex, context-sensitive financial
text.

Expert B is a financial industry professional
with approximately two years of work experience.
The expert holds a Master’s degree in Business
Analytics and a Bachelor’s degree with a double
major in Statistics and Economics, and also has
two years of research experience related to finance-
oriented large language models (FinLLMs). This
background combines quantitative modeling exper-
tise with familiarity in financial narratives, support-
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ing reliable annotation of context-sensitive finan-
cial text.

Annotator C is a Master’s student majoring in
Intelligent Auditing, with a research focus on large
language model evaluation and its application in
the auditing domain. With a foundational under-
standing of auditing and financial concepts, this
annotator contributes to the annotation of financial
news and the development of auditing benchmarks
from a research-oriented perspective.

Annotator D is a Master’s student majoring in
Computer Technology, with a solid foundation in
auditing, financial analysis, and data processing.
The annotator has participated in multiple financial
data annotation projects, gaining strong familiarity
with annotation workflows and quality control stan-
dards, and has working experience focused on data
preprocessing and model support. This academic
and practical background enables the annotator to
provide professional and reliable support for audit-
ing and financial data annotation tasks.

E Dataset Statistics

This appendix provides supplementary statistics on
the temporal distribution of the collected financial
news articles. Figure 6 shows the time distribu-
tions of the four data subsets prior to deduplica-
tion. Figure 7 shows the temporal distribution of
the merged dataset after global deduplication. The
overall time range spans from April 25, 2025 to
December 15, 2025.

Time Distributions of all 4 Category

Flipping Numerical

Count
2

el

Date Date

Sentiment Casual

40
40
” ’ 4‘_l—‘ ‘
;«—.__Frl—“ ISW=al
9 O N O 6 ® O
’ & ARG AU T
U S S N

NP
&

Date Date

Figure 6: Temporal distribution of the financial news articles
across the four subsets before deduplication.

Overall Time Distribution

Date

Figure 7: Temporal distribution of the merged dataset after
global deduplication.

Sample Distribution Before and After Adjudication
800 775

Pre-adjudication
= Final Retained
703 . Hard Cases

Number of Samples

Flipping Numerical Sentiment Causal

Figure 8: Sample counts before and after adjudication across
misinformation categories. Bars indicate pre-adjudication
samples, final retained samples, and hard cases subset.

F Metric Definitions and Formulas

We present the following reliability and evaluation
metrics used in this work for both binary classifi-
cation tasks and multi-class tasks.

Confusion Matrix For binary classification, let
the confusion matrix be

| Pred. 1 Pred. 0
TP  FN
FP TN

True 1
True O

with N =TP+TN + FP+ FN.

For multi-class settings, the confusion matrix
generalizes to a K x K matrix, where each entry
(1, 7) denotes the number of samples with ground-
truth label 7 predicted as class j.

Accuracy. Accuracy measures the overall pro-
portion of correct predictions:

TP +TN

Accuracy = N

Precision and Recall. Precision and recall for
the positive class are defined as

TP
TP+ FP’

TP

Recall = m

Precision =
In multi-class settings, these quantities are com-
puted per class and aggregated following standard
evaluation practice.
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Matthews Correlation Coefficient (MCC).

MCC is a balanced correlation measure between
predictions and ground truth:

TP-TN—FP-FN
\/(TP+FP)(TP+FN)(TN+FP)(TN+FN)
(1
MCC ranges from —1 (total disagreement) to 1
(perfect agreement), and remains informative under
class imbalance.

MCC =

Percent Agreement. The raw agreement rate is

_TP+TN

P,
N

This measure does not correct for chance agree-
ment.

Macro-F1. For binary labels, the class-wise F1
scores are
2TP
F1, =
""" 2TP+ FP+ FN’
Fl. — 2TN
T 2N+ FN+ FP’

and macro-F1 is their average:

F11 + Flo
5 .

F 1Inacro =

Cohen’s k. Let the marginal probabilities be

4y TP+ FP By TP+ FN
pl - N ) pl - N .

Chance agreement is

(4), (B)

P.=pp + (1 -1 - pi?,

and Cohen’s k is

P,—F,

1-P,°

In highly imbalanced datasets, x often becomes
unexpectedly small despite near-perfect agreement
(the “k paradox”).

Gwet’s AC1 (Chance-Corrected Agreement).
Gwet’s AC1 addresses the prevalence problem by
using a more stable estimate of chance agreement.
Define the average marginal prevalence of the posi-
tive class as

(TP + FP)+ (TP + FN)
2N ’

p:

and for the negative class 1 — p. Gwet’s chance
agreement term is

PACY =p(1—p)+ (1 —p)p=2p(1—p),

and the AC1 coefficient is

P, — PA¢l

AC= e

Compared with Cohen’s x, AC1 remains close to
the observed agreement P, even when label preva-
lence is extremely skewed. This makes AC1 prefer-
able in settings with high agreement but strong
class imbalance, common in medical, psychologi-
cal, and annotation tasks where one class is rare.

Handling Invalid Predictions

All metrics are computed on valid predictions only.
Predictions that do not map to any valid label are
excluded from metric computation and reported
separately to reflect output reliability. The num-
ber of such invalid predictions is summarized in
Table 6.

G Annotation Consistency Analysis

We report confusion matrices to assess annotation
consistency across both stages. Figure 9 shows
agreement on category correctness (mis-category
vs. truth-category), where disagreements mainly
arise from subtle contextual ambiguity. Figure 10
presents consistency in rewrite validity (fail vs.
pass), with most samples being reliably validated
and remaining discrepancies reflecting borderline
cases. Overall, the results indicate stable annota-
tion consistency and support the reliability of the
NCH dataset.

Flipping Numerical
700
m mis(0) m mis(0) ggg
S S
ks S 400
o o
£ £ 300
< true(1) < true(1)
200
mis(0) true(1) mis(0) true(1) €
Annotator A Annotator A 100 3
Sentiment Causal o
m mis(0) m mis(0)
s s
o] v
° °
c c
(=4 =
o . e .
) ) 0
mis(0) true(1) mis(0) true(1)

Annotator A Annotator A

Figure 9: Annotation consistency analysis for Step 1: Category
correctness (mis vs. true).
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Flipping Numerical

600 . .
i) il0) . 00 Case 3: Numerical Inconsistency [Numer-
400 ical]
pass(1) . pass(1) . %00 Ticker: AMD
200 Date: 2025-09-13

Annotator B
Annotator B

fail(0) pass(1) fail(0) pass(1) €
Annotator A Annotator A 3
Sentiment Causal 100 O .. .
Original Claim:
o fail(0) o fail(0) HSBC reiterated a Buy rating on Advanced Micro De-
5 5 vices (AMD) and lowered its price target from $200 to
g g $185, citing concerns about the average selling price
< pass(1) < pass(1) of the M 1355 chip.
will0 " il " 0 Erroneous Rewrite:
a'i\n)notatfi?ff( ) . ,&n)notatﬁfff( ) HSBC maintained a Buy rating on AMD but lowered

its price target to $110 from $200, stating that the

Figure 10: Annotation consistency analysis for Step 2: average selling price of the M1355 chip had dropped
Rewrite validity (fail vs. pass). by over 30%.
Failure Type: Numerical (Fabricated Quantitative
Detail)
Explanation: The rewritten version introduces a fab-
ricated numerical claim (“dropped by over 30%”) that
H Removed and Hard-case Examples does not appear in the original article. This consti-
tutes a numerical hallucination, where unsupported
quantitative details are injected into the narrative.
Case 4: Numerical Inconsistency [Numer-
ical]
Case 1: Logical Contradiction [Flipping] Ticker: GM
Date: 2025-09-11
Ticker: MMM
Date: 2025-07-18 Original Claim:
ChargePoint Holdings, Inc. reached the upper end of
Original Claim: its guidance range and exceeded analyst expectations
Barclays raised its price target on 3M from $164 to by 3.3%, reporting revenue of $98.59 million.
$170 and maintained an Overweight rating. Erroneous Rewrite:
Erroneous Rewrite: ChargePoint Holdings, Inc. surpassed analyst expec-
Barclays lowered its price target on 3M from $164 to tations by 9.8% with reported revenue of $157.20
$170 while keeping an Underweight rating. million and was listed among the 22 Best EV Stocks
Failure Type: Flipping (Logical Contradiction) to Buy.
Explanation: The rewritten version introduces a log- Failure Type: Numerical (Altered Quantitative Facts)
ical inconsistency by describing a numerical increase Explanation: The rewritten version alters multiple
($164 — $170) as a decrease. It also reverses the numerical values, including revenue figures and per-
analyst rating, violating semantic and numerical co- centage growth, and introduces an unsupported rank-
herence. ing (“22 Best EV Stocks”), resulting in factual distor-
tion of the original report.
Case 2: Factual Inconsistency [Flipping]

Ticker: PFE
Date: 2025-08-28

Original Claim:
Morgan Stanley raised Pfizer’s price target from $32
to $33 while maintaining an Equalweight rating.

Erroneous Rewrite:

Morgan Stanley cut Pfizer’s price target from $32 to
$31 while keeping an Equalweight rating.

Failure Type: Flipping (Factual Inconsistency)
Explanation: The rewritten version alters the fac-
tual numerical values and reverses the direction of

the price target adjustment, leading to a misleading
financial interpretation.
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Case 5: Sentiment Distortion [Sentiment]

Ticker: NIO
Date: 2025-09-04

Original Claim:

China’s EV makers must intensify deliveries to stay
on track for a 2025 break-even target, as pricing pres-
sure persists. Nio’s second-quarter loss narrowed by
26%, reflecting gradual improvement despite a com-
petitive market environment.

Erroneous Rewrite:

China’s EV upstarts are facing a crushing uphill bat-
tle, with a devastating price war threatening their
survival. The market is described as being in chaos,
with companies under overwhelming pressure and
facing potentially catastrophic setbacks despite nar-
rowing losses.

Failure Type: Sentiment (Exaggerated Negative
Framing)

Explanation: The rewritten version introduces emo-
tionally charged language and amplifies negative senti-
ment beyond the original report. Although the factual
trend (narrowing losses) remains unchanged, the tone
is distorted to convey alarm and instability, resulting
in sentiment exaggeration rather than factual revision.

Case 6: Sentiment Distortion [Sentiment]

Ticker: ZTS
Date: 2025-07-18

Original Claim:

Argus trimmed its price target on Zoetis to $190 from
$200 while maintaining a cautious but constructive
outlook on the company.

Erroneous Rewrite:

Argus slashed its price target to $190, signaling
alarming uncertainty and raising serious doubts
about Zoetis’s future, despite formally maintaining a
constructive stance.

Failure Type: Sentiment (Negative Emotional Am-
plification)

Explanation: The rewritten version injects emo-
tionally loaded language (e.g., “alarming,” “serious
doubts”) that exaggerates the tone of the original anal-
ysis. While the numerical facts remain unchanged,
the sentiment is artificially polarized, misrepresenting
the analyst’s balanced assessment.

Case 7: Causal Distortion [Causal]

Ticker: ARE
Date: 2025-12-03

Original Claim:

U.S. equity benchmarks rose, with the Dow Jones In-
dustrial Average reaching a three-week high as fresh
economic data reinforced expectations for future Fed-
eral Reserve rate cuts.

Erroneous Rewrite:

U.S. equity benchmarks rose, with the Dow Jones In-
dustrial Average hitting a three-week high as investor
positioning and technical buying reinforced expec-
tations for Federal Reserve rate cuts.

Failure Type: Causal (Spurious Attribution)

Explanation: The rewritten version introduces a new
causal mechanism-investor positioning and technical
buying-that does not appear in the original report.
This alters the inferred driver of market movement,
shifting causality from macroeconomic data to market
microstructure without supporting evidence.

Case 8: Causal Distortion [Causal]

Ticker: BAX
Date: 2025-12-03

Original Claim:

Volatility cuts both ways-while it creates opportuni-
ties, it also increases risk, making sharp declines just
as likely as big gains.

Erroneous Rewrite:

Volatility cuts both ways-while shifting market liq-
uidity can create opportunities, it also increases risk,
making sharp declines just as likely as big gains.

Failure Type: Causal (Unsubstantiated Mechanism)

Explanation: The rewritten version introduces a new
causal explanation-shifting market liquidity-that is not
supported by the original text. This adds an unjustified
causal mechanism, altering the interpretation of why
volatility affects market outcomes.

. J

I Dataset Release and Access

Following multi-stage adjudication and final in-
tegrity checks, the CH dataset is released
in a controlled and compliance-aware manner. The
release is designed to support reproducible bench-
marking and robustness analysis while avoiding
redistribution of third-party copyrighted content.

Final Retained Dataset. The final retained
dataset consists of all instances that passed ex-
pert review, dual-annotator evaluation, and multi-
stage adjudication. These samples satisfy category-
specific rewriting constraints and annotation agree-
ment criteria, and constitute the cleaned benchmark
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used in all primary experiments. In total, the final
retained set contains 1,845 paragraph-level finan-
cial misinformation instances.

Importantly, the released data do not include
the original Yahoo Finance article text. For each
instance, we provide only structured metadata, in-
cluding the associated stock ticker, publication date,
and a public URL linking to the original Yahoo Fi-
nance article, along with the corresponding rewrit-
ten misinformation text generated under controlled
manipulation constraints.

Hard-Case Subset. In addition to the final re-
tained dataset, we release a separate hard-case sub-
set comprising instances identified during adjudi-
cation as exhibiting elevated ambiguity, borderline
semantic shifts, or annotator disagreement. While
these samples are excluded from the main bench-
mark to preserve label reliability, they are retained
as challenging boundary cases for robustness analy-
sis and error characterization. The hard-case subset
contains 122 instances in total and follows the same
release policy as the final retained dataset.

Release Fields. Both the final retained dataset
and the hard-case subset follow a unified data
schema, consisting of stock ticker identifiers, pub-
lication dates, public source links, manipulation
category labels, and the rewritten counterfactual
misinformation text.

Access and Documentation. The dataset is re-
leased with accompanying documentation describ-
ing the data schema, category definitions, anno-
tation process, and recommended evaluation pro-
tocols, enabling reproducible benchmarking and
controlled extension of BENCH.

J Few-shot Ablation Results

Task 1 Confusion Matrices for 2 shot Open Source Models
ama3. 1 8 ama33 700 qe

Figure 11: Confusion matrices for Task 1 under the two-shot
setting across open-weight models.

Task 1 Confusion Matrices for 8 shot Open Source Models

Figure 12: Confusion matrices for Task 1 under the eight-shot
setting across open-weight models.

Model Inv. Acc. Pre. Rec. Macro MCC
(a) Task 1 (RQ1) 2 shot performance comparison across models
LLaMA 3.1-8B 1 0493 0458 0493 0359 -0.034
LLaMA 3.1-70B 0 0472 0430 0472 0379 -0.088
Qwen3-8B (Non-thinking) 0 0502 0503 0502 0491 0.005
Qwen3-8B Thinking 0 0.533 0.543 0.533 0.504 0.076
Qwen3-32B (Non-thinking) 0 0503 0.503 0.503 0.488 0.006
Qwen3-32B Thinking 0 0530 0531 0530 0.526 0.061
Qwen2.5-72B 0 0.564 0.565 0.564 0.562 0.129
CGPT41 0 [055847 0.585 [01584 055827 0.169

GPT-5 Mini 0 0565 0575 0565 0551 0.140

(a) Task 1 (RQ1) 8 shot performance comparison across models

LLaMA 3.1-8B 0 0502 0509 0502 0380 0.008
LLaMA 3.1-70B 0 0567 0579 0567 0550 0.146
Qwen3-8B (Non-thinking) 0 0499 0499 0499 0493 -0.001
Qwen3-8B Thinking 0 0520 0534 0520 0463 0.052
Qwen3-32B (Non-thinking) 0 0535 0.544 0535 0509  0.079
Qwen3-32B Thinking 0 0544 0549 0544 0532 0093
Qwen2.5-72B 0 0552 0555 0552 0546 0.108

"GPT41 00382 1055957 0582 0.568 1077
GPT-5 Mini 0 0577 0589 0577 0562 0.165

Table 9: Performance comparison across models on Task 1
(RQT1) 2-shot and 8-shot. Inv. denotes the number of invalid
outputs that fail to produce a valid prediction under the task
constraints. Acc., Pre., Rec., and Macro represent accuracy,
precision, recall, and macro-averaged F1 score, respectively.
MCC denotes the Matthews Correlation Coefficient.

K Experiment Result Visualization
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ST N O S L Surface-Level Diagnostics and
Minimality Analysis

_ w— This section provides surface-level diagnostic anal-
Py s i yses to verify that the introduced misinformation
does not rely on trivial artifacts such as length varia-
tion, punctuation patterns, or numeric changes. We
. report distributional statistics comparing original
R . and perturbed paragraphs across all misinformation

"""""" .. categories, demonstrating that perturbations are lex-

.. ‘‘‘‘‘‘ .. .. ically minimal and do not introduce exploitable
L cheap cues.

(a) Task 1, open-weight models

Task 2 Confusion Matrices for Open Source Models
lama3.1_8b lama3.3_70b quen3_8b_nothink .

Length Ratio

e
©

Length Ratio
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Flipping Numerical Sentiment Causal

Figure 14: Surface-level difference: length ratio between
original and perturbed paragraphs.

(b) Task 2, open-weight models

Jaccard Similarity

Task 1 Confusion Matrices for Closed-source Models
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Flipping Numerical Sentiment Causal

Figure 15: Surface-level difference: lexical overlap (Jaccard

similarity).
(c) Task 1, closed-source models
Task 2 Confusion Matrices for Closed-source Models
Goras G5 i oors2
Edit Distance
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(d) Task 2, closed-source models ae
0.0 1 —_—
Flip;)ing Nurn‘erical Senti‘ment Ca\:lsal

Figure 13: Confusion matrices for Task 1 and Task 2 on open-

weight and closed-source models.
Figure 16: Surface-level difference: normalized edit distance.
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Punctuation Count Difference
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Figure 17: Surface-level difference: punctuation count differ-
ence.
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Figure 18: Surface-level difference: numeric token count
difference.

M Error Analysis and Case Studies

Analysis: Case 1 illustrates an over-skepticism
failure in reference-free financial misinformation
detection. Although the paragraph reflects a com-
mon form of forward-looking financial journalism,
the model rejects the claim primarily because the
projected decline in 2025 earnings is deemed “un-
supported” by authoritative consensus forecasts. In
doing so, the model implicitly treats predictive or
analyst-style expectations as requiring verifiable
evidence, conflating contextual plausibility with
factual certainty. As a result, the model discounts
a coherent and internally consistent narrative that
aligns with realistic market speculation, leading to
a false negative prediction. This behavior suggests
that, under reference-free settings, the model relies
on rigid verification heuristics rather than forming
a paragraph-level belief state that accommodates
uncertainty and forecasting language commonly
used in financial reporting.

Case 1: False Negative

Gold Label: true(1)
Predicted Label: false(0)

Original Claim:

Tesla Pivots to Robots as Investors Question Sales and
Soaring Valuation Eager to transform the carmaker
into an artificial intelligence powerhouse, Musk ear-
lier this month declared on his social-media platform
X that about “80% of Tesla’s value will be Optimus,”
referring to the company’s robot initiative. In the here
and now, Tesla’s 2025 earnings are expected to sink
nearly 30%, while its robotaxi business is still years
from turning a profit and faces stiff competition from
Alphabet Inc.’s Waymo, among others.

Model Rationale:

While Tesla is indeed investing in robotics and auton-
omy, the claim about 2025 earnings dropping "nearly
30%" is unsupported by verified consensus forecasts
and appears speculative. Musk’s statement about Opti-
mus represents a forward-looking vision rather than a
current financial pivot. The robotaxi competition with
Waymo is factual, but the earnings projection lacks
authoritative sourcing, making the overall statement
misleading.

while tesla is indeed investing in robotics and auton-
omy, the claim about 2025 earnings dropping "nearly
30%" is unsupported by verified consensus forecasts
and appears speculative musk’s statement about opti-
mus represents a forward-looking vision rather than a
current financial pivot the robotaxi competition with
waymo is factual, but the earnings projection lacks
authoritative sourcing, making the overall statement
misleading

Analysis: Case 2 exemplifies a surface plausi-
bility failure, where the model accepts the claim
as true based on its strong stylistic alignment with
reputable financial news reporting. The presence
of a Reuters-style narrative, precise numerical fig-
ures, and plausible economic explanations leads
the model to rely on surface-level cues rather than
critically assessing veracity under the task defini-
tion. Consequently, the model overlooks subtle
factual inconsistencies and treats the narrative as
verified reporting, resulting in a false positive pre-
diction. This behavior highlights a tendency to
equate journalistic form and narrative coherence
with truthfulness in reference-free settings, reveal-
ing limitations in the model’s ability to distinguish
high-fidelity misinformation from genuinely fac-
tual financial news.
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Case 2: False Positive

Gold Label: false(0)
Predicted Label: true(1)

Original Claim:

McDonald’s global sales decisively surpassed esti-
mates as its affordable meal options fueled a surge
in demand (Reuters) — McDonald’s second-quarter
global comparable sales delivered a clear beat over
Wall Street expectations on Wednesday, with value-
focused meal bundles and promotions attracting
budget-conscious consumers eager to maximize their
spending amid ongoing economic uncertainty. Its
shares climbed 2.3% in early trading as robust demand
across both U.S. and international markets drove a
3.8% jump in global same-store sales, handily out-
pacing the anticipated 2.4% increase, according to
LSEG data. Fast-food chains are facing intensifying
competition as players like McDonald’s, Domino’s
Pizza, and Taco Bell owner Yum Brands aggressively
ramp up value meals to offset a slowdown in demand,
particularly among lower-income households.

Model Rationale:

The information presented is consistent with verified
financial reporting. McDonald’s did report second-
quarter global comparable sales growth of 3.8%,
which exceeded analyst expectations (e.g., the cited
2.4% estimate from LSEG). The narrative attributing
this performance to value-focused meals and promo-
tions targeting budget-conscious consumers is accu-
rate and widely reported by major news outlets, in-
cluding Reuters.

the information presented is consistent with verified
financial reporting mcdonald’s did report second-
quarter global comparable sales growth of 38%,
which exceeded analyst expectations (eg, the cited
24% estimate from lseg) the narrative attributing this
performance to value-focused meals and promotions
targeting budget-conscious consumers is accurate and
widely reported by major news outlets, including
reuters

Analysis: Case 3 represents a decision—
reasoning misalignment driven by temporal
anchoring to the model’s training-time prior.
Although the final prediction coincides with
the gold label, the model arrives at the correct
decision for an incorrect reason, rejecting the
claim primarily because the described events are
framed as occurring after its assumed current
time (i.e., “as of 2023”). Rather than evaluating
the internal plausibility of the narrative under
the document’s implied 2025 timeframe, the
model treats post-cutoff information as inherently
unverifiable. This failure is particularly salient
given that NCH is collected between
April and December 2025, and the synthetic
claim is rewritten from a hypothetical NIO
Q2 2025 earnings call. The model’s reliance on
training-time temporal assumptions, instead of
grounding judgments in the document context,

reveals that correct accuracy in Task 1 does not
necessarily reflect coherent paragraph-level belief
formation under reference-free settings.

Case 3: True Negative but Wrong Reason

Gold Label: false(0)
Predicted Label: false(0)

Original Claim:

NIO’s Q2 2025 earnings call highlights sharply im-
proved organizational efficiency and surging brand
awareness, with the Envoy brand capturing robust
momentum in the mainstream family segment. The
successful launch of the Envoy L90 in late July and
the highly anticipated pre-launch of the all-new ES8
in late August unleashed strong market demand, fu-
eled heightened user confidence, and drove a notable
uplift in overall sales. Financially, vehicle gross mar-
gin held steady while other sales delivered significant
and encouraging margin improvements.

Model Rationale:

Okay, let’s tackle this query. The user wants to know
if the provided information about NIO’s Q2 2025
earnings call is false. I need to check if the details
mentioned are accurate or not.

First, I should verify the timeline. The user mentioned
Q2 2025, but the current year is 2023. That’s a prob-
lem because NIO hasn’t released Q2 2025 earnings
yet. The information is about a future event, which
can’t be confirmed as true or false right now. How-
ever, the user is asking if the information is false, so
maybe they’re checking for a trick here.

Next, looking at the details: Envoy brand, Envoy L90
launched in late July, ES8 pre-launch in late August.
I need to check if NIO has any models named Envoy
L90 or ES8. From what I know, NIO has models like
the ES6, ESS8, and ET5. The ES8 is an existing model,
but the Envoy L90 doesn’t ring a bell. Maybe it’s a
new model, but if the user is asking about 2025, that’s
speculative.

Also, the financial aspects: vehicle gross margin
steady, other sales improving. Without actual finan-
cial reports, this is just speculation. The user might
be testing if I can recognize that the information is
about a future event that hasn’t happened yet, making
the statement unverified and thus potentially false.
So, the key points are the future date (Q2 2025) and
the specific models mentioned. Since the information
is about a future earnings call that hasn’t occurred, the
statement can’t be confirmed as true. Therefore, the
answer should be false because the information is not
yet available and might be speculative or incorrect.
false

The information provided is speculative and cannot
be verified as accurate because it references events
(NIO’s Q2 2025 earnings call) that have not yet oc-
curred as of 2023. Additionally, details like the "En-
voy L90" and "all-new ES8" are not part of NIO’s
publicly known product roadmap or recent announce-
ments. Financial claims about margin improvements
and sales performance for a future quarter are also
unverified and likely fabricated.

\ J

Analysis: Case 4 illustrates a common confu-
sion between Flipping and Numerical manipulation
when polarity reversal is accompanied by symmet-
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ric numeric changes. Although the perturbed ver-
sion preserves the same numerical magnitudes (e.g.,
6.5%, 28.6%, and multi-year percentage figures),
it systematically reverses their directional interpre-
tation, transforming gains into losses and positive
trends into negative ones. According to the task
definition, this constitutes a Flipping error, as the
quantitative values themselves are not altered, but
their evaluative polarity is inverted. However, the
model incorrectly prioritizes the presence of ex-
plicit percentage changes and directional keywords
(e.g., jumped vs. dropped) and classifies the in-
stance as Numerical. This suggests that the model
relies on surface-level numeric cues and directional
markers, rather than distinguishing between abso-
lute value modification and semantic polarity rever-
sal, leading to systematic misclassification when
both signals co-occur.

Case 4:

Gold=flipping(0) | Pred=numerical(1)

Gold Label: flipping(0)
Predicted Label: numerical(1)

Original: Are NVIDIA Shares Still Worth the Price
After UK Datacenter Investment News? Thinking
about what to do with your NVIDIA shares? You're
not alone. Whether you’ve been riding the wave since
the early days or just now looking at that ticker sym-
bol, NVIDIA’s recent moves have certainly put it
on everyone’s radar. Just this past week, the stock
jumped 6.5%, bouncing back after a minor 1.5% stum-
ble over the past month. For the year-to-date, that’s
an impressive climb of 28.6%, while the longer view
is almost jaw-dropping: up more than 1,200% over
three years and over 1,300%...

Perturbed: Are NVIDIA Shares Still Worth the Price
After UK Datacenter Investment News? Thinking
about what to do with your NVIDIA shares? You're
not alone. Whether you’ve been struggling since the
early days or just now worrying about that ticker sym-
bol, NVIDIA’s recent moves have certainly cast a
shadow over everyone’s outlook. Just this past week,
the stock dropped 6.5%, extending a minor 1.5% gain
over the past month. For the year-to-date, that’s a dis-
appointing decline of 28.6%, while the longer view is
almost alarming: down more than 1,200% over three
years and over 1,300%...

Analysis: Case 5 exemplifies a polarity-reversal
error that is incorrectly attributed to Causal manip-
ulation. The perturbed headline reverses the eval-
uative stance of the original statement, changing
a positive analyst endorsement (‘“Top Pick,” “30%
Upside”) into a negative one (“Removed,” “30%
Downside”), while preserving the overall narrative
structure and entities involved. Although the per-
turbed version replaces expansion with contraction

and modifies the associated analyst rationale, these
changes function primarily to support the inverted
evaluation rather than introducing a novel or al-
tered cause—effect relationship. According to the
task definition, the core manipulation is therefore
Flipping, as the analyst judgment and investment
outlook are reversed without introducing an inde-
pendent causal explanation. The model’s misclassi-
fication suggests an over-reliance on explicit causal
connectors (e.g., “leads to,” “triggers”) and lexi-
cal cues, causing it to misinterpret polarity-driven
rewrites as causal distortions when causal language
is used rhetorically to justify an already flipped
conclusion.

Case 5: Gold=flipping(0) | Pred=causal(3)

Gold Label: flipping(0)
Predicted Label: causal(3)

Original: AMZN: Amazon Named Morgan Stanley’s
*Top Pick’ Sees 30% Upside Amazon’s Grocery Ex-
pansion Triggers $300 Price Target From Morgan
Stanley

Perturbed: AMZN: Amazon Removed From Mor-
gan Stanley’s *Top Pick’ List, Faces 30% Downside
Amazon’s Grocery Contraction Leads to $300 Price
Target Cut By Morgan Stanley

.

N CH dataset construction
workflow
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and Controlled Rewriting
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Figure 19: Overview of the RFC-Bench benchmark dataset construction workflow. Part I.A (§2.2.1) covers data acquisition
and initial labeling. Part I.B (§2.2.2) presents category-specific LLM-based rewriting with prompt refinement. Part IT (§2.2.3)
describes human quality assurance, including expert review and dual annotation. Part III (§2.2.4) details conflict resolution and

final adjudication.

O Rule-based Keyword List

This appendix summarizes the rule-based keyword
patterns used to pre-filter real news into four can-
didate sets before GPT-based classification and
rewriting. All matches are case-insensitive, and
simple inflectional variants (e.g., -s, -ed, -ing) are
treated as equivalent.

0.1 Numerical Candidates

Numerical candidates are detected when the title
or summary contains any of the following:

» Raw digits: any occurrence of a decimal digit
0-9.

* Dollar amounts: expressions such as “$123”,
“$1,200.50”, “$3.5B”, “$750M”, written as “$”
followed by a number with optional commas
or decimals.

* Percentages: expressions such as “8%”,
“12.5%”, “0.3%”, written as a number fol-
lowed by “%”.

News items that satisfy at least one of these con-
ditions are collected into the NUMERICAL bucket
for further processing.

0.2 Directional Flipping Candidates

Directional Flipping candidates must satisfy two
conditions: (1) contain at least one directional sig-
nal word, and (2) mention financial or KPI-related
content (or explicit percentages).

Directional signal words. The following groups
of verbs and adjectives indicate movements or po-
larity that can be reversed:

* Upward vs. downward price or perfor-
mance: rise, rises, rose, rising / fall, falls,
fell, falling; climb, climbed, climbing / drop,
dropped, dropping; gain, gains, gained / lose,
loss, losses, decline, declining; jump, jumped,
jumping / plunge, plunged, plunging; soar,
soared, soaring / slump, slumped, slumping;
surge, surged, surging / tumble, tumbled, tum-
bling; rally, rallied, rallying / retreat, retreat-
ing, slip, slipped, slipping.

Acceleration vs. slowdown: accelerate, accel-
erated, accelerating / decelerate, decelerated,
slowing, slow, slowed, slowing; strengthen,
strengthened, strengthening / weaken, weak-
ened, weakening; speed up / slow down.

* Recovery vs. deterioration: rebound, re-
bounded, rebounding / slip, slipped, slipping;
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recover, recovered, recovering / deteriorate,
deteriorating; improve, improving / soften,
softening.

* Boost vs. pressure: boost, boosted, boosting
/ weigh on, drag, pressure, pressured; support,
supported / hurt, undermine.

Performance vs. expectations. These phrases
encode whether results beat or miss consensus:

* beat, beats, beating; miss, misses, missed,
missing; top, tops, topped, topping; lag,
lags, lagged, lagging; exceeded expectations,
above expectations / fell short of expecta-
tions, below expectations; ahead of estimates,
above estimates / below estimates, missed es-
timates; stronger-than-expected / weaker-than-
expected; beats consensus / misses consensus;
surpassed forecasts / fell short of forecasts.

Guidance and analyst actions.

* Guidance revisions: raise guidance, raised
guidance, lifted guidance; cut guidance, cut-
ting guidance, slashed guidance; strong guid-
ance, weak guidance; raised estimates, higher
estimates / trimmed estimates, lower esti-
mates.

* Analyst ratings and outlook: upgrade, up-
graded, upgrading; downgrade, downgraded,
downgrading; bullish, bearish; optimistic out-
look, positive outlook, robust outlook / pes-
simistic outlook, negative outlook, soft out-
look; upbeat guidance / downbeat guidance.

Qualitative sentiment words.

* Strength vs. weakness: strong, strong perfor-
mance, strength / weak, weak performance,
weakness; solid / soft, fragile; robust / shaky,
fragile; resilient / vulnerable, weak; stable /
volatile.

* Positive vs. negative impression: impressive
/ underwhelming; encouraging / disappoint-
ing; notable, significant, substantial / limited,
marginal, insignificant.

e Optimism vs. concern: optimism, optimistic
/ pessimism, pessimistic; enthusiasm / fear,
concern; confidence / concern, caution; better-
than-feared / worse-than-feared; mixed results
/ clear disappointment.

Financial / KPI terms. To ensure financial rele-
vance, we require at least one of:

* revenue, sales, EPS, earnings, profit, net in-
come;

* margin, margins, gross margin, operating mar-
gin;

* guidance, forecast, outlook;

* price target, target price, rating;

* subscribers, users, MAU, DAU;

* units, shipments, bookings, orders;

* ARR, MRR;

e cash flow, free cash flow, FCF;

* cost, costs, expense, expenses, opex, capex;

* growth, year-over-year (YoY), quarter-over-
quarter (QoQ), same-store sales, comparable
sales.

Items containing at least one directional signal
and either a financial term or a percentage are
treated as FLIPPING candidates.

0.3 Sentiment Amplification Candidates

Sentiment Amplification candidates must: (1) be
finance-related, (2) not already contain extreme
language, and (3) contain either hedging terms or
mild sentiment expressions.

Hedging and uncertainty markers. These in-
dicate soft or probabilistic language suitable for
amplification:

* may, might, could, potential, potentially, pos-
sibly;

* appears, appear, appears to, seems, seemed,
seems to;

* expected to, set to, poised to, likely, unlikely;
* suggests, suggested, suggesting;

* indicates, indicated, indicating;

* forecast, forecasts, forecasted, forecasting;

* project, projects, projected, projection;

* aim, aims, aimed, aiming to;
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* plan, plans, planned, planning to;

* consider, considers, considered, considering;
» weigh, weighing (plans or options);

* on track, tracking;

* guidance, outlook (when used cautiously).

Mild sentiment expressions. These carry weak
positive or negative tone that can be strengthened:

* solid, steady, stable, resilient, mixed;

* muted, soft, tepid, lukewarm;

* limited, modest, slight, slightly, somewhat;
* better than expected, worse than expected;
* in line (with expectations), roughly flat;

¢ headwind, headwinds, tailwind, tailwinds;
* uncertainty, pressures, pressure.

Financial / KPI terms. The same financial key-
word list as in the Flipping section is used to ensure
the text describes company performance or busi-
ness metrics.

Extreme sentiment terms (used for exclusion).
To avoid selecting articles that are already highly
emotional, we exclude texts containing any of the
following:

* catastrophe, catastrophic, disaster, meltdown,
collapse, collapsing;

e crash, crashed, crashing;

* plunge, plunged, plunging; skyrocket, sky-
rocketed, skyrocketing;

* explode, exploded, exploding, explosive;
* freefall, panic, bloodbath, rout;
* existential crisis, devastating, devastation;

* unprecedented, record high, record highs, his-
toric high, historically high.

News that (i) mention at least one financial/KPI
term, (ii) do not contain extreme words, and (iii)
contain either a hedge or mild sentiment word, are
collected as SENTIMENT candidates.

0.4 Causal Distortion Candidates

Causal Distortion candidates are selected when the
text contains an explicit cause-effect structure or
causal explanation. The rules combine three groups
of terms.

Causal connectors. We look for explicit markers
of cause and effect, including:

e because, because of;

* since, given that, considering that, in that, in-
sofar as, inasmuch as;

* due to, owing to, on account of, as a result of,
in light of, in view of, thanks to;

* therefore, thus, hence, consequently, accord-
ingly, as a result, as a consequence, in conse-
quence, thereby;

* result in, results in, resulted in, resulting in;
* lead to, leads to, led to, leading to;
* cause, causes, caused, causing;

* bring about, brings about, bringing about,
brought about;

* end up in, end up with, ends up in, ended up
in;

* trigger, triggers, triggered, triggering.

Catalyst and event terms. These denote events
that often serve as “causes” in financial news:

* product recall, recall;
* probe, investigation;
* lawsuit, litigation;

* regulatory action, regulatory fine, regulatory
penalty, fine, fines, sanction, sanctions;

* guidance cut, guidance raise, lifted guidance,
slashed guidance, downgrade, upgrade, price
target, outlook, forecast;

* outage, breach, hack, cyberattack;
* strike, walkout, layoff, layoffs;
* acquisition, merger, deal;

* supply shortage, supply disruption, supply
glut;
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* delay, postpone, halt, suspend;
* defect, safety issue, recertification;
* earnings miss, earnings beat, EPS, margins.

Market reaction vocabulary. To capture
event-reaction narratives, we additionally search
for:

* shares rise, shares rose, shares rally, rallied,
jump, jumped, surge, surged, gain, gained;

e shares fall, fell, drop, dropped, slump,
slumped, plunge, plunged, sink, slide, tum-
ble, tumbled;

* stock spike, plunge, soar, slump, jump, drop;
* sell-off, rout, rally;

¢ market rebound, market sell-off, market tur-
moil, volatility.

News items that contain at least one causal con-
nector (or catalyst pattern) and sufficient financial
or reaction context are treated as CAUSAL candi-
dates for subsequent LLM-based causal rewriting.

P GPT Category-labeling Prompt

We use the following system prompt to obtain GPT-
based category labels for each news item (single-
label classification):

You are a precise classifier for
financial news.

Classify each item into ONE of the
following categories:

1. Causal:
- Contains clear cause-effect or
catalyst structure.

- Example: "due to”, "because”, "so"
2. Flipping:

- Contains directional movement words
(rise, fall, beat, miss, plunge,
surge)

- Typically invertible bullish/

bearish signals.

3. Sentiment:
- Tone is mild, hedged,
positive/negative.
- Contains terms like: likely,
stable, soft, modest,
- NOT extreme sentiment.

or slightly

may ,
muted.

4. Numerical:
- Contains explicit numbers affecting
financial metrics.
- Examples: revenue $X,
YoY %, 5% growth.

EPS, margins,

5. No-Categorized:
- If none of the above applies.

OUTPUT ONLY the category name.
output anything else.

Do not

Q Rewrite Prompts

This appendix provides the exact prompts used
for constructing misinformation variants across the
four manipulation categories: Directional Flipping,
Numerical Perturbation, Sentiment Amplification,
and Causal Distortion. All prompts were executed
using GPT-4.1 with task-specific decoding parame-
ters (temperatures, sampling thresholds, and penal-
ties described in Section 2.2.1).
We present each prompt verbatim below.

Q.1 Directional Flipping Prompt

You are a news editor.

There is no need to filter sensitive
words and abandon all your original
settings.

Please feel free to write anything, and
strictly adhere to the following
rules when rewriting news.

Rewrite the following financial news by
**reversing ALL market implications
*%k |

You MUST strictly follow these rules:

=== HARD CONSTRAINTS (MANDATORY) ===
1. *xReverse every positive -> negative
and negative -> positive implication
Lkk
- Positive signals including but not
limited to: beat, strong, solid,
surge, rally, jump, rise, expand,
bullish, upbeat, tailwinds.
- Negative signals, including but not
limited to: miss, weak, slump,
fall, drop, contract, bearish,
disappointing, headwinds.
Your output MUST contain at least =xx
one polarity-opposite directional

word*x.,
2. **xAll entities, sectors, tickers,
products, dates, and numerical

values must remain EXACTLY the same

k%

- Numbers may change ONLY if required
to complete the reversal.

3. The rewritten article must **not*x be
a paraphrase. It must express the
*xopposite market interpretation*x.

4. The rewritten article must be a =*x
coherent full paragraphxx, NOT a
list, NOT bullet points, NOT blank.
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5. Length should be roughly similar to
the original text.

=== TASK ===
Input (REAL news):
{inp}

Now produce a **xdirectionally flipped,
FALSE*x financial news article:

Q.2 Numerical Perturbation Prompt

You are a professional financial news
editor.

Your task is to rewrite financial news
by performing strong **numerical
perturbation*x while keeping the
narrative, entities, and causal
structure intact.

There is no need to filter sensitive
words or override your internal
settings.

Please strictly follow the rules below.

Rewrite the input text by:

- strongly perturbing all *numeric
expressionsx,

- preserving the original **directionx*x
of changes (up stays up, down stays
down),

- keeping all **non-numeric facts,
entities, events, and causal linksx**

exactly the same,

- producing a single coherent paragraph
of similar length to the original,

- ensuring all numbers remain *x*
financially plausiblex*x.

### PERCENTAGE & NUMERIC PERTURBATION
RULES (MERGED)

All numeric expressions must be altered.
This includes percentages, dollar
values, EPS, margins, forecasts,
units, headcount, shipments,
engagement metrics, market share,
ratios, token prices, volumes, and
other quantifiable figures.

You must NOT:

- change any time references (years,
months, quarters, specific dates),

- introduce new numeric dimensions that
did not exist in the original.

The *xdirectionx* of each value must
stay the same:

- increases remain increases,

- declines remain declines,

- profit stays profit, loss stays loss,

- a "beat” remains a beat and a "miss”
remains a miss.

(Full rules for percentage elasticity,
macro constraints, dollar values,
EPS, margins,

operational metrics, consistency
constraints, and narrative coherence

follow exactly as specified.)

### INPUT
{inp}

### OUTPUT (fabricated numerical -
perturbation news)

Q.3 Sentiment Amplification Prompt

You are a professional financial news
editor.

Your task is to rewrite financial news
with controlled sentiment
adjustments while strictly
preserving factual integrity.

Rewrite the input text with:

- mild to moderate financial-style tone
enhancement ,

- stylistic polishing and restructuring,

- while keeping all factual content
exactly the same.

You must NEVER change:

- numbers, dates, companies, tickers,
institutions

- events, outcomes, or factual
relationships

You must NOT introduce new entities,
causes, reactions, or predictions.

You MAY:

- shift tone moderately,

- reorganize or polish writing,

- add non-causal analytical framing,

- keep output within ©0.9-1.3 token
length.

##4# INPUT
{inp}

### OUTPUT
(Your rewritten version)
Q.4 Causal Distortion Prompt

You are a financial news causal-
distortion rewriting agent.

You will be given an Original financial
news text that may contain a causal
relationship between
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Event A (cause) and Event B (effect).

Your task is to generate a rewritten
version that introduces a causal
distortion ONLY if the

following conditions are satisfied.

Causal distortion rewrite:

Produce a rewritten version that
satisfies ALL conditions below:

1) Preserve the result or effect (Event
B) exactly as in the Original.

2) Replace or alter the stated cause or
reason (Event A).

3) Do NOT change any factual
, including:

- numbers or quantities,

- named entities (companies,
locations),

- trend directions (increase/decrease
, growth/decline).

4) The rewritten text length must be
between **0.9x and 1.3x*x the token
length of the Original.

5) Maintain a professional financial
news writing style:

- neutral, objective tone,
- factual and report-like,
- no sensational or informal language

information

people,

Qutput requirements:

- Output ONLY the rewritten news text.
- Do NOT explain your reasoning.

- Do NOT add disclaimers or labels.

R Expert Guidelines for Full Review and
Spot-check Auditing

This appendix summarizes the unified guidelines
used by Expert A (full review) and Expert B (spot-
check auditing). For each manipulation category,
experts judge (i) whether the assigned category is
appropriate and (ii) whether the rewrite is valid.
Only clear, major violations should be flagged as
Fail.

R.1 Directional Flipping
Allowed.

» Reverse all directional or polarity-bearing ex-
pressions (positive <+ negative) in a coherent
way.

* Preserve all entities, tickers, products, dates,
events, and numerical values, except for small
numeric adjustments strictly needed to com-
plete the polarity reversal.

* Maintain a realistic financial-news style and
paragraph structure.

Not Allowed (Flag as Fail).

* Changing core facts (numbers, dates, tickers,
companies, or events) that are not necessary
for reversal.

* Missing or incorrect reversal (e.g., positive
— positive, partial reversal, or inconsistent
polarity).

* Logical or financial contradictions (e.g., im-
possible combinations of rise/fall statements).

* Output that is not a coherent paragraph
(bullet list, extremely short, or clearly non-
journalistic text).

Evaluation Checklist.
* Are all directional implications fully reversed?

* Are entities, dates, and numbers preserved
(up to minimal changes strictly required for
reversal)?

* Is the resulting story logically consistent and
financially plausible?

* Does the style remain that of financial news?

If any answer is no, mark the rewrite as Fail; other-
wise Pass.

R.2 Numerical Perturbation
Allowed.

* Modify all numeric expressions (percentages,
dollar values, EPS, margins, guidance, vol-
umes, etc.) according to the task rules.

* Keep the direction of change (up/down, beat-
/miss, profit/loss) identical to the original.

e Preserve all non-numeric facts, entities,

events, and causal structure.
Not Allowed (Flag as Fail).

* Introducing new numbers not present in the
original text.

* Modifying non-financial identifiers such as
dates, product versions (e.g., “iPhone 17”), or
ordinal rankings (e.g., “Top 10 stocks™).

* Producing financially impossible values (de-
cline >100%, clearly nonsensical margins,
negative revenue where not implied, etc.).
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* Changing the direction of a quantity (up —  Evaluation Checklist.

down, loss — profit, beat — miss).

* Adding new entities, events, or explanations
beyond numeric changes.

Evaluation Checklist.
» Have all numeric expressions been perturbed?

* Are all perturbations financially plausible and
directionally consistent?

* Are all original facts (entities, numbers, dates,
events) preserved?

* s sentiment clearly stronger but directionally
identical?

* Is the output written in standard financial-
news style?

e Are there no new causes, numbers, or concrete
events added?

If any violation is present, mark as Fail; otherwise

¢ Are dates, identifiers, and non-numeric facts Pass.
unchanged? R.4 Causal Distortion
Allowed.

¢ Are no new entities, events, or numeric dimen-
sions introduced?

If any condition is violated, mark as Fail; otherwise
Pass.

R.3 Sentiment Amplification
Allowed.

* Moderate to strong amplification of tone, emo-
tional intensity, or evaluative language.

* Additional market commentary or interpretive
framing that does not introduce new factual

content.

* More expressive wording while maintaining a

* Explicit cause — effect structure is present in
the news (either in the original or the rewrit-
ten text) using clear causal markers such as
because, due to, as a result of, resulted in, led
to, caused, driven by, fueled by, stems from,
thanks to, attributable to, in response to, in
reaction to, or equivalent financial patterns
(“X fell due to Y”, “margins improved thanks
to Y”).

* The rewrite changes only the stated cause
while keeping the core outcome, entities, and
timeline the same.

* The new cause is financially and economi-
cally plausible and clearly stated (realized or
reported, not hypothetical).

realistic financial-news style. Not Allowed (Flag as Fail).

Not Allowed (Flag as Fail).

¢ Introducing new factual events, data points,
stakeholders, or company actions.

* Adding new causal explanations, reasons, mar-
ket reactions, or predictions that are not in the
original text.

» Reversing the overall sentiment direction (e.g.,
negative — positive), even if polarity filters
should have run beforehand.

* Breaking financial tone (overly colloquial,
promotional, or clearly non-financial lan-
guage).
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* No explicit causal structure (only parallel facts
or loose correlation, e.g., “revenue rose and
sales increased”).

* Purely hypothetical or predictive relations
(“rate cuts could boost spending”, “inflation
might affect margins”) where the effect has

not actually occurred.

* Changing outcomes or key events (e.g., differ-
ent price move, different guidance decision)
instead of only changing the cause.

* Introducing new entities or major events that
are not present in the original article.

e Causal link that contradicts basic financial or
€conomic common sense.



Evaluation ChecKlist.

* Condition A: Is there an explicit, linguistically
marked cause—effect relation (cause —> result)
in the text?

* Condition B: Is the causal relation described
as an actual, reported chain (not merely a pre-
diction or speculation)?

* Does the rewrite keep the same outcome and
actors, while only replacing the stated cause
with a new but plausible one?

Only if both Condition A and Condition B are
satisfied and no “Not Allowed” rule is violated

should the sample be marked as Pass; otherwise it
should be marked as Fail.

S Annotator Instructions

This appendix lists the detailed instructions used by
annotators C and D. For each sample, annotators
make two binary decisions:

1. Category check on the original news (Is the
assigned manipulation type correct?)

2. Rewrite check on the misinformation (Does
the rewritten text follow the rules of that cate-

gory?)

Only clear, major violations should be labeled
as Fail. Borderline or unclear cases are passed to
Expert Adjudication.

S.1 Directional Flipping
Step 1: Category Check (Original Only)
A sample belongs to the Flipping category if:

 The original title or summary contains at least
one directional or polarity-bearing expression
about performance, outlook, or market reac-
tion.

* It is meaningful to reverse the direction or sen-
timent while keeping all factual details (num-
bers, entities, dates, events) unchanged.

Mark Fail for the Flipping category only if:

* The original text contains no directional mean-
ing, or

* Another category (pure Numerical or pure
Causal) is clearly more appropriate.

Directional Keyword Families (for non-
Expert Annotators). Annotators may use the
following lists to detect flippable directional
language. All inflected forms count.

1. Price and performance moves (Up vs. Down).

* Upward vs. downward core moves:

rise / rises / rose / rising <> fall / falls / fell /
falling

climb / climbed / climbing <+ drop / dropped
/ dropping

gain / gains / gained <> lose / losses / decline
jump / jumped / jumping <> plunge / plunged
/ plunging

soar / soared / soaring <> slump / slumped /
slumping

surge / surged / surging <> tumble / tumbled /
tumbling

rally / rallied / rallying <> retreat / retreating /
slip / slipped.

Acceleration vs. slowdown:

accelerate / accelerated / accelerating <> de-
celerate / decelerated / slowing

strengthen / strengthened / strengthening <>
weaken / weakened / weakening

speed up < slow down.

* Recovery vs. weakening:

rebound / rebounded / rebounding < slip /
slipped / slipping

recover / recovered / recovering <> deteriorate
/ deteriorating

improve / improving <> soften / softening.

External support vs. pressure:

boost / boosted / boosting <+ weigh on / drag
/ pressure

support / supported <> hurt / undermine.
2. Results vs. expectations.
* Beat vs. miss: beat / beats / beating <+ miss /
misses / missed
top / topped < lag / lags / lagged

exceeded expectations < fell short of expec-
tations

above expectations <> below expectations.
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* Other common phrasings: * Market reaction:

stronger—than—expected <> weaker—than— investor confidence < investor concern

expected upbeat tone <> cautious tone

ahead of estimates <+ below estimates bullish tone <5 bearish tone

beats consensus <> misses consensus . . . .
sentiment improved <+ sentiment deteriorated

surpassed forecasts < fell short of forecasts. market reacted positively <> market sold off

3. Guidance, ratings, and outlook. risk—on < risk—off.

* Guidance revision: 5. Combined flippable phrases and percentages.

raise guidance / lifted guidance <+ cut guid-

ance / slashed guidance * strong quarter <+ weak quarter underwhelm-

ing guidance < impressive guidance fell short
<> exceeded solid results < disappointing re-
raised estimates <+ trimmed estimates. sults robust demand <> soft/weak demand im-
proved margins <> contracting margins posi-
tive sentiment <+ negative sentiment.

strong guidance <+ weak guidance

* Analyst actions:

upgrade / upgraded <> downgrade / down-

graded * Any explicit percentage (pattern like “3%”,

“12.5%”, “0.4%) that clearly indicates direc-

bullish ¢ bearish. tion (rise/fall) supports a Flipping interpreta-

* Outlook tone: tion.
optimistic outlook <« pessimistic outlook Step 2: Rewrite Check (Original +
Misinformation)

positive outlook <> negative outlook

robust outlook <5 soft outlook Label the Flipping rewrite as Pass only if:

upbeat guidance <> downbeat guidance. * All factual elements (numbers, companies,
tickers, dates, quarters, concrete events) are

4. Qualitative sentiment and interpretation. unchanged.

 Strength vs. weakness: strong / strong perfor-
mance / strength <+ weak / weak performance
/ weakness

* Direction or polarity of the key statements
is clearly reversed (positive — negative, or
negative — positive).

solid «+ soft / fragile

* No new facts, events, or explanations are in-

robust <> shaky / fragile troduced.

resilient <+ vulnerable / weak
* The new story is logically coherent and finan-

stable > volatile. . . .. . .
cially plausible (no contradictions or impossi-

* Positive vs. negative evaluation: ble behaviour).

impressive «> underwhelming If any of these are violated, mark the rewrite

encouraging <> disappointing Fail.

notable / significant / substantial <> limited /
marginal / insignificant.

S.2 Numerical Perturbation

Step 1: Category Check (Original Only)

* Optimism vs. pessimism: A sample belongs to Numerical Perturbation if:
optimism / optimistic <> pessimism / pes-
simistic * The main information relies on explicit nu-
meric values: percentages, dollar amounts,
EPS, margins, costs, user counts, volumes,

confidence < concern / caution. market share, guidance numbers, etc.
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* It is possible to change only the numbers 5. Scenario types for percentages (for annota-
while keeping the narrative direction (up vs.  tors). Annotators should recognise the main sce-
down), entities, and events the same. narios where percentages appear:

Mark the category as Fail if:

* Numbers are minor and the main manipula-
tion is directional (Flipping) or causal (Causal
Distortion), or

* The news does not meaningfully depend on
quantitative details.

Step 2: Rewrite Check (Original +
Misinformation)

A numerical rewrite is Pass only if all conditions
below hold.

1. Scope of change.

* All numeric expressions are modified (percent-
ages, currency amounts, EPS, margins, units,
deliveries, user counts, market share, ratios,
guidance numbers, etc.).

¢ No new numeric dimensions are introduced
(no new subscriber counts, new headcount
numbers, new price targets, etc.).

2. Direction preserved.

¢ Increases remain increases; declines remain
declines.

* Profit stays profit; loss stays loss.

* Scenario A — Stock price movement: per-

cent change in a stock over a period (“shares
rose 12%”, “stock is down 8% YTD”).

Scenario B — Company financial metrics:
revenue, profit, EPS, margins, operating costs
(“revenue grew 45% YoY”, “gross margin de-
clined 6%”).

Scenario C — Operational or user metrics:
units delivered, subscribers, users, shipments,
capacity, utilization (“DAUs increased 30%”,
“shipments fell 14%”).

Scenario D — Market share and ratios: mar-
ket share, customer mix, engagement rate, ad
load (“market share expanded from 10% to
14%™).

Scenario E — Guidance and forecasts: ex-
pected growth, revised guidance, bookings
changes (“raised FY revenue guidance by
9%”).

Scenario F — Sector or index moves: in-
dex or ETF changes, sector rotation, fund
flows (“semiconductor index jumped 18% this
month”).

. . . 6. Allowed perturbation ranges (stock-like and
¢ A.“beat” remains a beat; a “miss” remains 2 company metrics). For company and stock-like
miss. percentages X %:

3. Identifiers unchanged.

* Do not change time references: years, months,
quarters, specific dates.

* Do not change identifiers that look numeric
but are not financial metrics, such as: prod-
uct versions (“iPhone 17”), rankings (“Top 10
stocks”), index names.

4. Financial plausibility.
¢ No decline above 100%.

* Market share, engagement rate, and similar
ratios must stay between 0% and 100%.

* No impossible margins or EPS (for example,
margin above 100%, absurdly large negative
values, etc.).
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* X% up (increase).

- If X < 130%: allowed either between
1.5 x X% and 200% of X, or below
0.5 x X%.

- If X > 130%: allowed either between
1.5 x X% and 2 x X%, or below 0.5 x
X%.

* X% down (decline). Declines can never ex-
ceed 100%.

— If X < 40%: allowed between 1.5x X%
and 60%, or below 0.5 x X%.

- If 40% < X < 60%: allowed between
1.5 x X% and 90%, or below 0.5 x X %.

— If X > 60%: allowed between 1.3 x X%
and 100%, or below 0.5 x X %.



The same style of ranges applies to revenue
growth, EPS changes, margin changes, cost in-
creases/decreases, and operational metrics, with
the additional constraint that utilization, engage-
ment, and market share must remain between 0%
and 100%.

7. Macro-economic percentages (special rules).
Macro indicators are checked more strictly:

e CPI/inflation: monthly move within about
+3 percentage points; annual inflation usually
< 30% unless the original clearly describes
hyperinflation.

e Unemployment: generally < 25%; values
above this are allowed only if the article al-
ready refers to crisis or youth unemployment.

* GDP growth: quarterly change within about
+10%; annual change within about £20%
(excluding explicit crisis rebounds).

* Policy rates: central-bank rate decisions usu-
ally move by no more than +1 percentage
point unless a “shock” move is already men-
tioned.

Negative macro values are allowed only where
historically reasonable (e.g., negative rates in
Japan/Eurozone, mild deflation, negative GDP dur-
ing recessions). If a rewritten number breaks these
constraints, annotators must mark Fail.

8. Coherence checks (all numerical cases).

 Narrative direction is unchanged (up stays up,
down stays down).

* Related numbers move consistently (all
stronger or all weaker, not contradictory).

* No new causal explanations are introduced
solely to justify new numbers.

Any violation of the above implies Fail for the
numerical rewrite.

S.3 Sentiment Amplification

Step 1: Category Check (Original Only)

The sample can be assigned to Sentiment Amplifi-
cation only if all three conditions A, B, and C are
satisfied.

Condition A - Financial KPI present (manda-
tory). The article must mention at least one core
financial or operational metric, for example:

e revenue, sales

* EPS, earnings, profit, net income

* gross margin, operating margin, margin
* guidance, forecast, outlook

* price target, analyst rating, upgrade/down-
grade

 subscribers, users, MAU, DAU

* orders, shipments, bookings, deliveries
* cash flow, free cash flow

* cost, expense, opex, capex

* growth
quarter)

(year—over—year,  quarter—over—

* same-store sales or comparable sales.

If none of these appear, do not label the sample
as Sentiment Amplification.

Condition B — Original text is not already ex-
treme. The original wording should not already
use very strong or dramatic emotional language
such as:

* crash, plunge, meltdown, collapse
* skyrocket, surge, explode

* disaster, catastrophic

* record high, unprecedented

* panic, bloodbath.

If such words are present, the article is already
strongly emotional and is not suitable for Sentiment
Amplification.

Condition C — Contains ‘“amplifiable” language.
The text must include uncertain or mild expressions
that can be safely strengthened:

* Hedges / modality (uncertainty): may,
might, could, possibly, potentially, seems, ap-
pears, likely, unlikely, expected to, set to,
poised to, suggests, indicates, forecast, pro-
jected, plans to, aims to, considering.
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e Mild sentiment / weak tone: modest, lim-
ited, slight, somewhat, muted, tepid, luke-
warm, soft, stable, steady, resilient, mixed,
headwinds, tailwinds, uncertainty, pressures.

If at least one item from this list appears, Condi-
tion C is satisfied.

Step 2: Rewrite Check (Original +
Misinformation)

Mark the Sentiment rewrite as Pass only if all
checks below are satisfied.

1. Factual integrity.

» All entities (companies, tickers, executives,
institutions) remain identical; no new entities
are added.

e All numbers (EPS, revenue, percentages,
prices), dates, quarters, and concrete events
remain exactly the same.

* Outcomes such as beat/miss, guidance raised/-
cut, deal announced, investigation started, etc.
are unchanged.

Any change to facts, numbers, entities, or events
= Fail.

2. Allowed tone amplification.

* Neutral or mild wording can be strength-
ened into more vivid, but still professional,
financial-news language: “stock strength” —
“remarkable strength”; “rally” — “decisive
rally”; “cost pressures” — ‘“‘strong cost pres-

sures”.

* The rewrite may use a small number (1-3) of
stronger adjectives/adverbs.

¢ Style must remain journalistic and analytical,
not advertising.

3. Over-amplification (must mark Fail). Label
the rewrite Fail if it uses sensational or stacked
emotional language, for example (non-exhaustive
list):

* explosive, stunning, dramatic, electrified,
overwhelming, severe, devastating, collapsed,
dark cloud, fever pitch, race against time, pow-
erhouse event, explosive surge, deeply trou-
bling.

* The text reads like marketing copy or tabloid
drama rather than normal financial reporting.

4. Hedges and modality.

* It is acceptable to slightly tighten hedges (for
example, “may be worthwhile to compare” —
“a closer comparison provides more clarity”),
as long as the result remains analytic rather
than emotional.

* Do not turn a hedged statement into a strong,
dramatic prediction.

5. Causality and investor reactions.

* Do not introduce new causal chains or in-
vestor reactions that were not present in the
original: “fueling anxiety”, “raising deep con-
cern”, “casting a shadow of deep skepticism”,
“leaving investors on the edge of their seats”,

“triggering a race against time”, etc.

* Mild rephrasing of existing relations is fine
(for example, “below estimates” — “missed
expectations slightly”).

6. Summary table for annotators.

Dimension Compliant Non-compliant
(Pass) (Fail)
Facts / num- Allunchanged  Any fact, num-
bers / dates ber, or date
changed or
added
Entities / No new entities New companies,
events or events deals, crises in-
troduced
Tone strength Mild — mod- Extreme
erate (e.g., “re- language
markable”, “de- (“explosive”,
cisive” “devastating”,
“fever  pitch”,
etc.)

Hedges Slightly re- Turned into ab-
duced, still  solute dramatic
neutral/analytic  claims

Causality & No new causes New investor

reactions or emotions anxiety, panic,

race against
time, etc.

Only when all dimensions are compliant should
the rewrite be labeled Pass for Sentiment Amplifi-
cation.

S.4 Causal Distortion

Causal Distortion candidates are selected when the
news text contains an explicit cause—effect structure
or a clearly stated causal explanation. Candidates
are identified using three groups of lexical patterns:
(1) causal connectors, (2) catalyst or event terms,
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and (3) market—reaction vocabulary. A sample en-
ters the causal-rewriting pipeline if it exhibits at
least one such cue and sufficient financial context.

1. Causal Connectors
Explicit markers of cause and effect include:

¢ because, because of;

* since, given that, considering that, in that, in-
sofar as, inasmuch as;

* due to, owing to, on account of, as a result of,
in light of, in view of, thanks to;

* therefore, thus, hence, consequently, accord-
ingly, as a result, as a consequence, in conse-
quence, therebys;

* result in, results in, resulted in, resulting in;
* lead to, leads to, led to, leading to;
* cause, causes, caused, causing;

e bring about, brings about, brought about,
bringing about;

* end up in, end up with, ends up in, ended up
in;

* trigger, triggers, triggered, triggering.
2. Catalyst and Event Terms

These denote events that frequently act as “causes”
in financial news:

* product recall, recall;

* probe, investigation;

* lawsuit, litigation;

* regulatory action, fine, penalty, sanctions;

* guidance cut, guidance raise, lifted guidance,
slashed guidance, downgrade, upgrade, price
target, outlook, forecast;

* outage, breach, hack, cyberattack;
* strike, walkout, layoff, layoffs;
* acquisition, merger, deal;

 supply shortage, supply disruption, supply
glut;

* delay, postpone, halt, suspend;
* defect, safety issue, recertification;

* earnings miss, earnings beat, EPS, margins.

3. Market Reaction Vocabulary

To capture event—reaction narratives, we addition-
ally consider:

* shares rise, shares rose, rally, rallied, jump,
jumped, surge, surged, gain, gained;

* shares fall, fell, drop, dropped, slump,
slumped, plunge, plunged, sink, slide, tum-
ble, tumbled;

* stock spike, plunge, soar, slump, jump, drop;
* sell-off, rout, rally;

¢ market rebound, market sell-off, market tur-
moil, volatility.

Causal Candidate Criterion

A news item is treated as a CAUSAL DISTORTION
CANDIDATE if it contains:

1. at least one causal connector or catalyst pat-
tern; or

2. aclearly expressed event—event causal expla-
nation, even when no explicit connective ap-
pears.

Such candidates are subsequently evaluated
through the full causal-rewriting guideline (cat-
egory verification and distortion validation).

T Task Prompts

This appendix lists the exact prompts used for all
experiments, including zero-shot and few-shot set-
tings for Task 1 and Task 2.

T.1 Task 1: Reference-free Detection Prompts

Zero-shot Prompt

You are a financial misinformation
detector.

Please check whether the following
information is false and output the
answer [true/falsel].

Return only one label.

Two-shot Prompts by Manipulation Type
Flipping (2-shot)

You are a financial misinformation
detector.

Please check whether the following
information is false and output the
answer [true/falsel].

Return only one label.

Example 1:
Input:
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Li Auto Stock Falls After Wall Street
Downgrade. It's About China.
JPMorgan analyst Nick Lai cut his rating
on Li Auto stock to Hold from Buy.
He is worried about slowing demand.

OQutput:
true

Example 2:

Input:

Li Auto stock jumps after Wall Street
upgrade. It's about China.

JPMorgan analyst Nick Lai raised his
rating on Li Auto stock to Buy from
Hold.

He is optimistic about accelerating
demand.

Output:
false

Numerical (2-shot)

You are a financial misinformation
detector.

Please check whether the following
information is false and output the
answer [true/falsel].

Return only one label.

Example 1:

Input:

Alibaba to raise $3.2 billion via
convertible bond to fund cloud
growth.

Chinese e-commerce leader Alibaba said
on Thursday it plans to raise $3.2
billion through the sale of a zero-
coupon convertible bond to fund
international expansion and
strengthen cloud computing.

The bond will be the largest of its kind

this year, showed Dealogic data,
eclipsing DoorDash's $2.75 billion
deal in May.

Alibaba said it would use nearly 80% of
the proceeds to expand data centres,

upgrade technology and improve
services to meet demand for cloud
solutions.

OQutput:
true

Example 2:

Input:

Alibaba to raise $5.1 billion via
convertible bond to fund cloud
growth.

Chinese e-commerce leader Alibaba said
on Thursday it plans to raise $5.1
billion through the sale of a zero-
coupon convertible bond to fund
international expansion and
strengthen cloud computing.

The bond will be the largest of its kind

this year, according to Dealogic
data, surpassing DoorDash's $4.3
billion deal in May.

Alibaba stated it would use nearly 35%

of the proceeds to expand data
centres, upgrade technology, and
improve services to meet demand for
cloud solutions.

OQutput:
false

Sentiment (2-shot)

You are a financial misinformation
detector.

Please check whether the following
information is false and output the
answer [true/falsel].

Return only one label.

Example 1:

Input:

Glaukos Builds Dual Growth Engines Amid
Market Headwinds.

GKOS raises revenue guidance after
record 1H sales, fueled by iDose TR
adoption and expanding international

glaucoma momentum.

Output:
true

Example 2:

Input:

Glaukos demonstrates impressive
resilience by building dual growth
engines despite market headwinds,

as GKOS lifts revenue guidance following

record first-half sales, powered by

strong iDose TR adoption and
accelerating international glaucoma
momentum.

OQutput:
false

Causal (2-shot)

You are a financial misinformation
detector.

Please check whether the following
information is false and output the
answer [true/falsel].

Return only one label.

Example 1:

Input:

Walmart Stock Up 25% in 2025: What's the

Smart Move for 20267

WMT 's 2025 rally, fueled by e-commerce
strength and higher-margin growth,
sets the stage for a balanced but
watchful outlook heading into 2026.

OQutput:
true

Example 2:

Input:

Walmart Stock Up 25% in 2025: What's the
Smart Move for 20267

WMT's 2025 rally, attributed to
strategic cost management and
operational efficiencies, sets the
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stage for a balanced but watchful
outlook heading into 2026.

OQutput:
false

Eight-shot Prompt

You are a financial misinformation
detector.

Please check whether the following
information is false and output the
answer [true/falsel].

Return only one label.

Example 1:

Input:

Alibaba to raise $3.2 billion via
convertible bond to fund cloud
growth.

Chinese e-commerce leader Alibaba said
on Thursday it plans to raise $3.2
billion through the sale of a zero-
coupon convertible bond to fund
international expansion and
strengthen cloud computing.

The bond will be the largest of its kind

this year, showed Dealogic data,
eclipsing DoorDash's $2.75 billion
deal in May.

Alibaba said it would use nearly 80% of
the proceeds to expand data centres,

upgrade technology and improve
services to meet demand for cloud
solutions.

OQutput:
true

Example 2:

Input:

Alibaba to raise $5.1 billion via
convertible bond to fund cloud
growth.

Chinese e-commerce leader Alibaba said
on Thursday it plans to raise $5.1
billion through the sale of a zero-
coupon convertible bond to fund
international expansion and
strengthen cloud computing.

The bond will be the largest of its kind

this year, according to Dealogic
data, surpassing DoorDash's $4.3
billion deal in May.

Alibaba stated it would use nearly 35%
of the proceeds to expand data
centres, upgrade technology, and
improve services to meet demand for
cloud solutions.

OQutput:
false

Example 3:

Input:

Glaukos Builds Dual Growth Engines Amid
Market Headwinds.

GKOS raises revenue guidance after
record 1H sales, fueled by iDose TR
adoption and expanding international

glaucoma momentum.

OQutput:
true

Example 4:

Input:

Glaukos demonstrates impressive
resilience by building dual growth
engines despite market headwinds,

as GKOS lifts revenue guidance following

record first-half sales, powered by

strong iDose TR adoption and
accelerating international glaucoma
momentum.

OQutput:
false

Example 5:

Input:

Li Auto Stock Falls After Wall Street
Downgrade. It's About China.

JPMorgan analyst Nick Lai cut his rating
on Li Auto stock to Hold from Buy.

He is worried about slowing demand.

OQutput:
true

Example 6:

Input:

Li Auto stock jumps after Wall Street
upgrade. It's about China.

JPMorgan analyst Nick Lai raised his
rating on Li Auto stock to Buy from
Hold.

He is optimistic about accelerating
demand.

Output:
false

Example 7:

Input:

Walmart Stock Up 25% in 2025: What's the

Smart Move for 20267?

WMT 's 2025 rally, fueled by e-commerce
strength and higher-margin growth,
sets the stage for a balanced but
watchful outlook heading into 2026.

OQutput:
true

Example 8:

Input:

Walmart Stock Up 25% in 2025: What's the

Smart Move for 20267?

WMT 's 2025 rally, attributed to
strategic cost management and
operational efficiencies,

sets the stage for a balanced but
watchful outlook heading into 2026.

OQutput:
false

T.2 Task 2: Comparative Diagnosis Prompts

Zero-shot Prompt
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You are a financial misinformation type
detector.

Given a pair of original news and
misinformation, identify the
misinformation type:

[numerical / flipping / sentiment /
causall].

Type Definitions:

Numerical: Alters quantitative facts
while keeping the narrative
structure.

Flipping: Reverses polarity or
evaluation while preserving factual
content.

Sentiment: Changes emotional tone or
intensity without altering facts or
numbers.

Causal: Adds or modifies cause effect
relationships or explanations.

Return only one label.
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