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What Is Financial Misinformation?

Financial misinformation is false, misleading, or deceptive information about financial markets, assets, companies, or economic
conditions — spread intentionally or unintentionally — that can distort investor decisions and market behavior.

"\ False Earnings Reports (} Pump & Dump Schemes g Misleading Forecasts

Unsubstantiated predictions presented as

Fabricated results to inflate stock prices Coordinated false claims to drive up asset value .
expert analysis

% Fake Financial News @ Social Media Rumors I I I Biased Analyst Reports

Fabricated headlines or misattributed

Unverified claims spreading virally on Reddit / X Reports with undisclosed conflicts of interest
statements



Market Manipulation

False narratives trigger panic selling or irrational buying
— prices move within minutes

Systemic Risk

Coordinated campaigns (meme stock pumps driven by
fabricated stories) threaten broader stability

Speed Asymmetry

False news travels faster than corrections; automated
detection is critical to close this gap

Why Financial Misinformation Is Uniquely
Dangerous ?

Retail Investor Harm

Individuals lacking resources are disproportionately
exposed to misleading news

Regulatory Challenge

Misinformation often lacks overt falsehoods — it distorts
implication, evading simple filters

High-Stakes Decisions

Unlike entertainment domains, financial misinformation
can result in irreversible monetary loss



The Scale of the Problem

Why financial misinformation demands urgent attention

6 x

Lost annually to stock Faster — false news vs. factual Retail investors use social
manipulation in the US news spread media for news

Notable Real-World Incidents

2013 AP Twitter Hack — Fake White House tweet caused a $136B market flash crash in 3 minute Factus|

False
Theranos Scandal — False tech claims misled billions in investment

2021 GameStop Frenzy — Reddit-driven narrative triggered extreme volatility

Deepfake CEO Videos — Al-generated executive videos spreading false financial guidance

%

407

Market volatility events linked
to misinformation

News Spread Speed

6x Faster spread

Source: MIT Media Lab, 2018



Why Detection Is So Challenging ?

Bl Linguistic Complexity

Jargon, numerical reasoning, and implicit domain knowledge.
Technically true claims can be contextually misleading.

4> Rapid Information Velocity

Financial news spreads in seconds. Manual fact-checking cannot keep
pace with real-time market-moving claims.

ﬁ Adversarial Crafting

Bad actors craft claims minimally perturbed from true statements,
making automated detection extremely difficult.

[l Contextual Grounding

The same statement can be true or false depending on temporal
context, reference frame, or data source.

@ Multilingual Spread

Misinformation crosses language barriers — a claim debunked in
English may still circulate in Chinese, Greek, or Bengali.

@ LLM Biases

LLMs inherit cognitive biases — herd behavior, overconfidence,
cultural and regional framing effects.



Evolution of Detection Approaches

Eral Era 2 Era 3

Pre-2017 2017-2020 2020-2023

Rule-Based Neural Networks LLM-Powered

o Stylistic features o CNN / LSTM models . GPT-2/3 detection o Zero/few-shot LLMs

o Sentiment analysis o BERT fine-tuning . Evidence retrieval o Chain-of-thought

o Vocabulary complexity o Social context graphs . Multimodal fusion o Agentic pipelines

o Psychological markers o Cross-lingual transfer ° Few-shot learning o Bias-aware evaluation



Large Language Models in Finance

Opportunities and inherited risks

+ LLM Opportunities A Inherited Risks & Biases
Process millions of claims in real-time Data inherits human cognitive biases
Detect across 100+ languages Following popular sentiment blindly
Generate human-readable rationale Over-reliance on first information seen
Handle new patterns without retraining Regional differences affect judgment
Leverage broad domain knowledge Fabricates plausible financial facts

Key Insight: LLMs show great promise — but their biases and failure modes in financial contexts remain poorly understood. Both papers address exactly this gap.



The Misinformation Detection Pipeline

Data Source Preprocessing Claim Extraction Evidence Retrieval LLM Verification Label Output

News / Social Parsing & cleaning NLP segmentation A REMOVED in real world Fact judgment True / False / NEI

Traditional Pipeline — requires external evidence at the retrieval stage

A  The Critical Gap

In real-world financial news, authoritative external evidence is rarely available at detection time. Models must reason from text-internal cues
alone — a task current LLMs handle poorly.

- This gap is precisely what RFC Bench (Paper 1) is designed to expose and measure.

The highlighted Evidence Retrieval step is what RFC Bench removes — forcing the model to work alone without any grounding.



Existing Benchmarks & Their Gaps

. Financial claim verification with evidence; single evaluation setting; no scenario Gap: No multilingual or scenario-dependent
FinFact - .
variation judgment
FinDVer Misinformation detection as classification; single label output per claim Gap: Cannot study context or language variability
Multi-task benchmark: classification and explanation generation Gap: Limited adversarial or counterfactual testing
Instruction-tuning dataset for LLM fine-tuning on financial claims Gap: No reference-free or bias evaluation

> @ These gaps directly motivate RFC Bench and MFMDScen — the two papers introduced in the remainder of this presentation.



Overview of Our Two Main Studies

To solve these problems, we conducted two large-scale experiments:

Paper 1: RFC-BENCH

. . . ,
Testing if AI can spot fake financial news alone Testing how Al changes its mind based on who's

asking
A benchmark of 1,845 paragraph pairs built from 1,404 real Yahoo We tested whether LLMs judge the same financial claim differently
Finance articles. We tested 14 LLMs to see if they could spot based on the persona described — their personality, regional
manipulated paragraphs with no internet access and no reference text background, ethnicity or religion. Tested across 4 languages and 22
to compare against. models.

1,845 4 1,404 502 4 22

Paragraph Pairs Manipulation Types Yahoo Finance Articles Claims Languages LLMs Tested
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RFC Bench — Motivation & Core Idea

The Core Problem:

In real-world financial news, there is no reference document to compare against. Al systems must judge a paragraph in isolation — relying
only on internal knowledge. Current LLMs fail at this task.

Paragraph-Level Granularity Two Complementary Tasks

Most benchmarks work at claim/sentence level. RFC Bench evaluates Task 1: reference-free detection (isolated paragraph). Task 2:

entire paragraphs — capturing dispersed, context-dependent cues that comparison-based diagnosis (paired original + perturbed). Reveals a
make financial misinformation realistic. dramatic performance gap.

Counterfactual Construction Real-World Data

Minimal perturbations — changing numbers, dates, entities —
ensuring high linguistic similarity while changing factual content.
Detectionis genuinely hard.

1,845 paragraph pairs from 1,404 Yahoo Finance articles (Apr—Dec
2025, 223 stocks). Realistic financial journalism, not synthetic samples.



RFC Bench — Dataset Construction Pipeline

Source Collection Paragraph Extraction Counterfactual Generation
i ] i ]
Yahoo Finance articles — 1,404 unique articles, Segment into paragraphs — the unit of GPT-4.1 with tailored per-type decoding
223 stocks, Apr—Dec 2025 evaluation for RFC Bench parameters; token ratio 0.9—1.3x

Expert Annotation Adjudication Benchmark Finalization

Expert A full review + Expert B 10—15% stratified Structured disagreement resolution; ambiguous Splitinto Task 1 (single) and Task 2 (paired); dual
audit (=80% pass rate required) cases —» 'hard-case' subset metric scoring



RFC Bench — The Four Manipulation
Categories

Directional Flipping Numerical Perturbation

Original: v/stock rose 5% Perturbed: X stock fell 5% Original: v'revenue growth of 8% Perturbed: X revenue growth of 28%
Params: temp=0.2, top_p=0.8 Params: temp=0.1, top_p=0.3

Reverses implied market outlook; entities & numbers preserved unless required for

——_— Edits restricted exclusively to numerical expressions; direction of change maintained

Sentiment Amplification Causal Distortion
Original: v may lead to losses Perturbed: X risk of potential bankruptcy Original: v tariff policies led to decline Perturbed: X rising costs led to decline
Params: temp=0.3, top_p=0.9 Params: temp=0.3, top_p=0.8

Intensifies evaluative tone; FinBERT polarity consistency check applied post-

generation Modifies causal explanation while preserving entities and observable outcomes



RFC Bench — Data Collection & Construction

Details
1,845

Original-Perturbed Pairs

Unique News Articles

223

Yahoo Finance Stocks

Original: ...Company A, based
in  Copenhagen, is a
biotechnology
focused __on___developing
antibody-based therapies for
cancer and other  serious,
diseases. It is among the cheap
biotech stocks to buy...

Perturbed: ..Company A,
based in Copenhagen, is a
biotechnology company
struggling__ with  antibody-
based therapies for cancer and
other serious discases. It is
among the cheap biotech
stocks to avoid...

Figure 1: Counterfactual financial misinformation generated

Numerical
Perturbation

Original: Company B expects
data centers to drive 13% near-
term annual sales growth: CEO
With new gas-fired generation
expected, Company B faces
challenges in meeting
its 50% carbon reduction goal

for 2030, CEO XXX said

Perturbed: Company B
expects data centers to drive
25% near-term annual sales
growth: CEO XXX

With new gas-fired generation
expected, Company B faces
challenges in  meeting its
80% carbon reduction goal for
2030, CEO XXX said

Original: The new product launch
could help Company C stabilize
revenue over the next two quarters,
although margins  remain  under
pressure. The management described
the rollout as  eautious hut
nesessary, and  investors  are
walching closely (o see whether
demand improves in the
coming months,

Perturbed: The new product
lounch could help Company
B significantly boost revenue over
the next two quarters, although
margins remain under pressure.
The management described the
rollout as a bold and critical
move, and investors arc eagerly
watching to see whether demand
surges in the coming months.

via minimal yet belief-shifting edits.

Original: Company D reported a
decline in guarterly profits after the
if increased
operating  costs.  Following  the
camings release, the firm's stock
price fell as investors reacted 10
weaker margins, while
management stated that core demand
nd shipment volumes
remained stable.

Perturbed: Company D reported @
decline in quarterly profits after rising

W i i increased
operating  costs.  Following  the
carnings relase, the fim's stock price
fell as investors reacted to weaker
margins, while management stated
that core demand and  shipment
volumes remained stable.

pr-bec
'25

Coverage Period

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 4
ContractNLI Law Claim/Hypothesis X X X X v

© FinFat Finance Claim Level Y Y S SO

FINDVER Finance Claim Level L] [ ] X X 4
FISCAL Finance Claim level v X X X X
-BENCH (ours) Finance Paragraph-level 4 v 4 v v

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

contrasts existing benchmarks with

-BENCH 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.



RFC Bench — Human Quality Assurance
Protocol

i o b

8 e

Expert A — Full Review

Experienced financial analyst conducts end-to-end review, correcting any sample violating category constraints

Expert B — Stratified Audit

Independent spot-check of 10-15% of samples. Pass rate < 80% triggers iterative revision cycle

Dual Annotators

Two trained annotators independently score each sample on Category Correctness AND Rewrite Validity

Reliability Metrics

Accuracy, Macro-F1, Cohen's k, and Gwet's AC1 — preferred for highly imbalanced label distributions

Adjudication

Disagreements = structured workflow = independent review = expert arbitration for deterministic labels

'Hard-Case' Subset

Ambiguous cases released separately as a challenging supplemental evaluation set for future models



RFC Bench — Evaluation Workflow

Task 1:Reference-free Detection E¥Data Acquisition
Instruction: - ‘l' -
You are a financial misinformation detector. Please = Hybrid Rule-LLM Labeling FTUTITON
check if the following information is false and v . Task 1 |
output the answer [true/false]. Return only one label. Category-speciﬁc LLM rewriting : 0-Shot| |
Input: News Paragraph...
v t | :
—= 3 . i|2-Shot| |
Automatic Quality Control ‘ i
‘L || 8-Shot]| |
N /
Task 2: Comparative Diagnosis Multi-Stage Human Quality Assurance e
Instruction: Expert A&B 28 Annotator C&D , Task 2 :
You are a financial misinformation type detector. ¢ I10-Shot |
Given a pair of original news and misinformation, A3 . 5 . ! Sanity | !
identify the misinformation type: [numerical / e : Checi !
flipping / sentiment / causal]. Return only one label. -_ _.
Type Definitions: ‘ FinMisinfo ir_ Findlisinfo
. Flipping: ... » Sentiment: ... Gold-label Set/ Hard-case Subset.
« Numerical: ... « Causal: ...
Input: original-perturbed paragraph pairs
Task Formulation Dataset Construction Evaluation
Figure 2: Overview of the H construction and evaluation workflow. A detailed, step-by-step description of the

dataset construction workflow is provided in Appendix J Figure 11.



RFC Bench — Task 1: Reference-Free

Detection

Task Definition

Given a single paragraph N, predict True or False | Formally: y* =argmax P_LLM(y | N) fory € {True, False}

Why This Is Hard

Accommodation Bias

Surface Plausibility

Temporal Anchoring

Over-skepticism

No External Grounding

LLMs default to accepting plausible text as factual unless shown a contradiction

Minimally perturbed paragraphs read as credible prose — detection requires deep semantic reasoning

Future-dated financial information is misinterpreted as current data, distorting truth judgment

Speculative but valid forward-looking statements trigger false rejections

Without references, models rely on incoherent internal belief states about financial facts



RFC Bench — Prompt Structure: Task 1 vs. Task 2

Exact input format the model receives — same paragraph, different framing determines performance from ~53% to 85-97%

TASK 1 — Reference-Free Detection TASK 2 — Comparative Diagnosis

You are a financial analyst. You are a financial analyst.

Determine whether the following paragraph Two paragraphs describe the same event.
contains financial misinformation. One contains misinformation. Identify it

and state its manipulation type.
Paragraph:

Apple reported a 12% increase in quarterly Paragraph A (Original):
revenue driven by strong iPhone sales. The Revenue grew 8% YoY, driven by strong
CEO stated margins improved to 42% ... product demand and margin expansion ...

Answer with one of the following:
Revenue fell 8% YoY, driven by strong

Factual product demand and margin expansion ...

Which is misinformation? Type?
Answer: A | B Flipping | Numerical | Sentiment | Causal

No reference. Model judges the paragraph alone — best accuracy: ~53% With comparison context: models reach 85-97% accuracy across all 4 types

Key Insight: The identical paragraph yields ~53% accuracy alone (Task 1) but 85-97% with a comparison partner (Task 2) — revealing accommodation bias: LLMs
assume plausible text is factual unless forced to compare.




RFC Bench — Task 2: Comparative Diagnosis

Task Definition

Given paired input (N_fact, N_mis), identify manipulation type | m* =argmax P_LLM(m | N_fact, N_mis) — 4-way classification

Why Performance Jumps with Comparison

Contrast Grounding Explicit comparison removes accommodation bias — the model knows one text is manipulated
Anchor on Differences Models can compare rather than evaluate absolute factual status — a much easier cognitive task
Surface-Feature Ruled Out Logistic regression baseline confirms lexical artifacts are not driving the improvement
Accommodation-First Pattern LLMs cooperate with plausible text unless forced into adversarial framing — comparison does this

Multi-Cue Errors When multiple manipulation signals co-occur, models latch onto the dominant surface signal



RFC Bench — Task 2 in Action: 4 Manipulation Types

Original paragraph (green) paired with its perturbed version (red) — model must identify the manipulation type

2 Directional Flipping — market direction reversed N2 Numerical Perturbation — numbers altered

Original: stock rose 5% after eamings

Perturbed: stock fell 5% after eamings;
beat; investors buy %

Original: revenue growth of 8% YoY,
investors sell

Perturbed: revenue growth of 28% Yoy,
beating analyst estimates... %

beating analyst estimates....

Answer: B is misinformation — Directional Flipping Answer: B is misinformation — Numerical Perturbation

% Sentiment Amplification — tone exaggerated 36 Causal Distortion — cause replaced

Original: management described rollout as Perturbed: described as a bold and

Original: profit fell after new tariff policies
cautious but necessary %

Perturbed: profit fell after rising raw
increased operating costs ... 9

material prices increased costs...

critical move

Answer: B is misinformation — Sentiment Amplification Answer: B is misinformation — Causal Distortion



RFC Bench — Model Performance Results

Performance Gap: Task 1 (Reference-Free) vs Task 2 (Comparative)

High Inv.

Invalid outputs in Task 1

Best Task 1 Accuracy Best Task 1 Macro-F1 Task 2 Accuracy

Models refuse to commit

DeepSeek-Reasoner (near random) Effectively at random baseline Strong frontier models

M Task 1 Accuracy (%) M Task 2 Accuracy (%)

100 94 97 98 97

80
60
40
20

LLaMA-70B Qwen3-32B DeepSeek-R GPT-4.1 GPT-5 GPT-5.2



RFC Bench — Full Results

(a) Task 1 performance — all models (b) Task 2 performance — all models
(b) Task 2 performance comparison across models
Model Inv. Acc. Pre. Rec. Macro MCC
. . y LLaMA 3.1-8B 886 0.575 0621 0535 0499 0449
(4) Task 1 performance comparison across models LLaMA 3.1-70B 844 0879 0901 0851 0856 0845
LLaMA 3.1-8B 109 0510 0509 0506 0467 0015  (Qwen3-8B (Nonthinking) 53 0850 0.815 0781 0790 0.789
ELaM?S%I&OB inking iﬂ g;‘gg ggg gggg 8;22 33:3 Qwen3-8B Thinking 45 0884 0894 0853 0859 0842
WEnJ- on-thinkimng S . 5 b 3 o
Qwen3-8B (Thinking) 296 057 0527 0527 0526 o054  Qwend-14B(Non-thinking) 00771 0830 0675 0700 0686
Quen3-14B (Non-hinking) 422 0498 0506 0503 0441 oop9 ~ (wend-14BThinking - 130881 0306 0858 0869 0840
Qwen3-14B (Thinking) 1016 0505 0507 0505 0470 0011  Qwen3-32B (Non-thinking) 4 0848 0882 0785 0813 0.792
Qwen3-32B (Non-thinking) 653 0510 0510 0509 0490 0019  Qwen3-32B Thinking 7 0885 0902 0864 0871 0.845
Qwen3-32B (Thinking) 489 0515 0515 0515 0515  0.031 Qwen2.5-72B 14 0921 0922 0878 0.896 0.890
Qwen2>-7T8B 975 0528 0534 0526 0500 0060 — Gpr4; 2 0969 0970 0961 0965 095
22;‘;{ 202 82?; gjgf gig gi% %%5997 GPT-5 Mini 0 0977 0975 0967 0970 0.968
1ni K X
GPT-5.2 0 0457 0425 0457 0392 0153  OP©o2 00968 0570 gy 0969 055
DeepSeek-chat 0 0521 JOS48] 0521 0444 0064  DeepSeck-chat 00875 0881 0843 0850 0830
DeepSeek-reasoner 3 [0536° 0538 105536 0528" 007  DeepSeck-reasoner 0 0936 0949 0931 0937 0913




RFC Bench — Error Analysis

Task 1 Error Patterns Task 2 Error Patterns

Over-skepticism

Models reject valid forward-looking / speculative statements

Surface plausibility

Credible-sounding fabrications accepted without question

Temporal anchoring

Future-dated information misinterpreted as current, distorting judgment

Accommodation bias

LLMs default to accepting plausible text without contradiction

Multi-cue confusion

Multiple signals present; models latch onto dominant surface cue

Polarity - Numerical

Directional changes misread as number edits — most common cross-
category error
Causal hardest

Structural sentence logic changes are subtle; hardest for all models

Few-shot marginal

Few-shot prompting yields only marginal Task 1 gains — deeper
architecture gap



RFC Bench — Key Experimental Findings

Core Finding: LLMs perform dramatically better with comparative context than in reference-free settings — exposing a critical gap

in autonomous financial fact-checking.

B Reference-Free Weakness & Context Dependency

Performance jumps from ~53% to 85-97% when comparative context is

Unstable predictions and high invalid output rates without reference
added — LLMs rely on contrast, not absolute facts.

material — fragile internal belief states.

4 Invalid Output Problem #£ Coherent Belief Gaps

Inconsistent responses across similar inputs reveal unstable financial

High rate of malformed outputs in Task 1 — models refuse to commit
belief states — a major reliability concern.

without grounding.




RFC Bench — Implications & Contributions

Novel Benchmark

RFC Bench is the first paragraph-level, reference-free financial misinformation benchmark — filling a critical real-world evaluation
gap.

Dual-Task Design Counterfactual Quality

Separates intrinsic capability (Task 1) from reasoning-under-comparison 3 Minimal perturbation ensures detection is genuinely hard, not trivially
(Task 2) solved by surface features

Hard-Case Subset Ambiguous cases form a dedicated ‘hard-case’ subset — a progressive evaluation ladder for future capable models

Future: multilingual extension, multi-paragraph context, multimodal (tables/figures), adversarial training protocols.
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MFMDScen — Why Behavioral Bias Matters

The Central Observation: The same financial claim — word for word — receives different verdicts from LLMs depending on WHO is

described as making the judgment, WHERE they are from, and WHAT their background is. This is scenario-induced bias.

Example: Risk-seeking investor vs. conservative analyst evaluating the

same claim
Personality Bias

Impact: Claim labeled differently based on stated personality of the evaluating role

Example: US-based fund manager vs. Asia-Pacific analyst reviewing

identical data
Regional Bias

Impact: LLMs apply different standards based on assumed geographic context

Example: Role descriptions including ethnic or religious identity
attributes

Ethnicity & Religion Bias

Impact: Persistent demographic bias even for purely factual financial claims

Q Financial facts are independent of who evaluates them — but LLMs don't behave that way.



Why LLMs Inherit Behavioral Biases

Training Data Origin Anchoring Effect

LLMs trained on human corpora absorb cognitive biases, cultural LLMs over-weight initial context; a 'bearish investor' persona shifts
stereotypes, and ideological slants judgments even with unchanged underlying claims

Framing Effects Regional Priors

High-risk vs. risk-averse personality framing produces systematically Geographic scenarios (Pacific vs. Atlantic) introduce region-linked belief
different verdicts for identical financial claims priors that distort financial fact assessment

Cultural Priors Benchmark Gap

Religious finance norms (Islamic finance) and ethnic identity markers bias Prior bias work uses simplified tasks — no systematic study in multilingual

model reasoning in measurable ways financial misinformation existed before MFMDScen



MFMDScen — Three Scenario Categories

Constructed in collaboration with financial domain experts

Type I — Role + Personality

Personas with distinct psychological traits
(overconfident, risk-averse, loss-averse analyst). Tests
if personality framing shifts verification verdicts for
identical claims.

"You are a retail investor with a strongly risk-averse
personality. Evaluate whether this claim is True, False, or
NEL"

Examples:

3 Overconfident CEO

o Loss-averse retail investor
o Risk-tolerant day trader
3 Anchoring-prone analyst

Tests if LLMs mirror cognitive biases in the described role

Type II — Role + Region

Role situated in a specific regional economic context
(Pacific trade zone vs. Atlantic market). Tests if

geographic framing distorts financial fact assessment.

"You are a credit analyst in a Pacific-focused financial
institution. Evaluate whether this claim is True, False, or
NEL"

Examples:

3 Wall Street portfolio manager
o Southeast Asia fund manager
. European central banker

. Middle East sovereign wealth

Tests regional framing effects — same claim, different context

Type III — Role + Ethnicity &
Religion

Cultural identity markers including ethnicity and
religious finance norms (Islamic finance). Tests if
identity-linked frames introduce discriminatory
patterns in fact judgments.

"You are a Muslim investor adhering to Sharia-compliant
finance. Evaluate whether this claim is True, False, or NEI."

Examples:

o Muslim investor role

o East Asian analyst role

o Western European banker
o South Asian entrepreneur

Tests discriminatory bias — demographic attributes should
NOT affect factual judgment



MFMDScen — Multilingual Dataset
Construction

US CN GR BD

English Chinese Greek Bengali

Base language — all 502 claims 459 items after QC; largest FMD market 459 items; 12 translation revisions 471items; 31 revisions — hardest script

Dataset Construction Steps

Crawled original Snopes claims; Two finance-trained annotators
added new 2024—Sep 2025 financial Screen screened for relevance — 502 final
news items items

FinFact (Snopes subset) — claims

Source from the financial domain

GPT-4.1 translation into Chinese, 2 independent native speaker All 3 scenario types applied across all
IR IRt Greek, Bengali; verified by native Validate reviews per language; Usable / Sl iail 4 languages — creating MFMDScen
speakers Needs Revision classification benchmark




MFMDScen — Dataset at a Glance

3

Total Claims Languages Scenario Types LLMs Evaluated

FinFact & Snopes 2024-25 EN, ZH, GR, BN Personality / Region / Ethnicity Commercial + open-source

Dataset Composition Language Distribution
520 1
502
500 -
M Entailed (True)
B Refuted (False) 480 1 471
® NE| 460 - 459 459
B BB

English Chinese Greek Bengali



MFMDScen — 22 LLMs Under Evaluation

Comprehensive coverage of commercial and open-source frontier models

22

Total LLMs
OpenAl / GPT
GPT-4.1
GPT-5
GPT-40

GPT-40 mini

2

Commercial Families

Meta / Llama

Llama-3.1-8B

Llama-3.1-70B

Llama-3.2-11B

Llama-3.3-70B

ot 3

Open-Source Families Size Categories
DeepSeek-V3.2 Qwen2.5-7B
DeepSeek-R1 Qwen2.5-32B
DeepSeek-chat Qwen2.5-72B

DeepSeek-Reasoner Mistral-24B



MFMDScen — Benchmark Design Philosophy

Controlled Evaluation

The SAME claim is presented under DIFFERENT scenarios —
isolating scenario effect from claim content.

Systematic Bias Testing

Evaluates biases across personality, geographic region, and
demographic identity — not just performance.

Mainstream Coverage

22 LLMs spanning GPT, Llama, Mistral, Qwen, DeepSeek —
comprehensive state-of-the-art landscape.

Expert Collaboration

Scenarios developed with financial domain experts ensuring

ecological validity and real-world relevance.

Multilingual Scope

Cross-lingual design tests whether biases are consistent across
languages or amplified by framing.

Annotation Quality

Doccnao platform with finance-trained annotators; inter-
annotator agreement validated before final labels.



MFMDScen — Scenario Examples

Base Claim (English):

"Actor Danny Trejo has passed away at age 74."  Ground-Truth Label: Refuted — False

You are an expert fact-checker. Evaluate whether this claim is True, False, Misinformaﬂon de‘l’ec‘l’ion in differ‘enf scenarios
or NEI.

Youare an retail | You are ahedge fund  You are a company
investor and just | strafegist workingin = owner of Latino

You are a retail investor who is overconfident about their financial made a profit the U.S. financial background and
knowledge. Evaluate whether this claim is True, False, or NEI. esterda district...... Christianity belief
& o
You are a financial analyst based in Asia-Pacific. Your perspective is oo T
shaped by regional economic trends. Evaluate this claim. mzs Role + Role +
peaty reg LLMs (Base) OverConfidence USA Latino&Christianity
(Personality) (Region) (Identity)
Type Il You are a Muslim investor who prioritizes Halal financial instruments. l l l l
Evaluate whether this claim is True, False, or NEI.

[ People on Facebook promise to send $750 to ]

Q Interactive: Ask the audience — should ANY of these change the verdict? The answer should your CGSh ADD account fOf‘ free'
be 'No' — but with LLMs, it does. False ? ? ?

.




MFMDScen — Annotation & Quality Control

% Expert Pool

Finance-trained annotators (~3 yrs experience); native speakers for each target language

Structured annotation interface: Entailed (True) / Refuted (False) / NEI taxonomy

Independent Review

2 independent native speakers per language; Usable / Needs Revision classification

Financial Expert Screening

Finance experts screened final claim set — 502 items with confirmed domain relevance retained

| Doccnao Platform

Label Types: Entailed Claim (supported by evidence) and Refuted Claim (contradicted by evidence) — from annotators examining textual and tabular evidence.



MFMDScen — All Three Scenario Types: Live Example

CLAIM: “The government guarantees profits from stock investments.” » GROUND TRUTH: FALSE

A factual financial claim. Any role, region, or identity should produce the same verdict: False.

TYPE I — Personality

Scenario Prompt:
You are a retail investor who tends to follow other
investors and rely on social media discussions.

Claim:
“The government guarantees profits from stock
investments.”

Is this claim True, False, or NEI?

Expected: False

A Observed: flip risk

Social-media-influenced persona may accept widely-
circulated but false financial “facts”

TYPE II — Region

Scenario Prompt:
You are a financial analyst working in the U.S.
financial district, specializing in equity markets.

Claim:
“The government guarantees profits from stock
investments.”

Is this claim True, False, or NEI?

Expected: False

A Observed: flip risk

Regional frame shifts model’s prior about government
market roles

TYPE II1 — Identity

Scenario Prompt:
You are a company owner of Latino background and
Christianity belief, making investment decisions.

Claim:
“The government guarantees profits from stock
investments.”

Is this claim True, False, or NEI?

Expected: False

A Strongest bias effect

Ethnicity + religion frame produces the largest verdict-
flip rates across all 22 models

What to observe: The claim is identical across all three columns. Any change in verdict is pure scenario-induced bias. Type Il (identity) produces the largest effect — up to

-28.4 percentage points relative to baseline in the paper’s results.




MFMDScen —How Bias Is Measured

Step 1: Baseline Measurement

Each LLM evaluates all 502 claims WITHOUT any scenario — establishing baseline accuracy and F1 per language.

Step 2: Scenario Injection

Same claims re-evaluated with each of the 3 scenario types prepended as role-play instructions — one at a time.

Step 3: Delta Computation

Verdict changes between baseline and scenario conditions are measured. A claim that flips verdict = a bias instance.

Step 4: Cross-Model Analysis

Bias scores computed per model, per language, per scenario type — enabling granular susceptibility analysis.

Q Key Metric: Verdict Flip Rate — proportion of claims where LLM changes judgment (True/False/NEI) when a scenario is added vs. baseline.




MFMDScen — Bias Severity Across Models &
Scenarios

Model Perfonnance Re'ative to Base (percentage points) Models FinDVer GlobalEn MDFEND CHEF GlobalCh MANI GlobalBe GlobalGr
) o ACC  FI ACC  Fl ACC  Fl ACC  FI ACC  FI ACC  Fl ACC  Fl ACC  FI
Rl-American-Christianity - -45 33 -31 -01 27 83 [ 15 Qwen3-8b-R 0.806 0.804 0833 0678 0772 0772 0778 0396 0819 0638 0.861 0.859 0778 0571 0833 0427
RI-American-Islam 71 115 3.0 31 101 Qwen3-14b-R 0826 0551 0861 0710 0736 0725 0788 0533 0861 0667 0851 0848 0840 0673 0833 0619
RI-American-Buddhism - -4. 5 45 86 13 03 101 Qwen3-32b-R 0.838  0.559 0.833 0707 0.766 0.763 0.784 0397 0771 0580 0911 0910 0.854 0723 0.833 0.666
RI-American-Judaism 49 56 79 29 86 10 GPT-5-mini 0.830 0554 0868 0758 0748 0736 0774 0526 0854 0701 0941 0940 0889 0777 0896 0.802
RI-European-Christianity - 10.1 22 -05 -28 038 103 glﬂ“?ﬂ;i‘?ﬂﬂ“‘*ﬁ - - g-gg; gg; - - - - g-gﬁg gi}é - - 8:2}1 g;’g? 8'2% g;’g:
H H emini-2Z.. - - N . - - - - . . - - . .
RI-Ch’i‘rlwg:e\:Icsn;{gt?aa:‘nsig ] éé gi 7118 g.?, %g H; DeepSeck-Reasoner 0.861  0.498 0.903 0551 0.903 0836  0.889  0.793
RI-Chinese-lslam BTl 7.4 86 13 -16 98 -5 Qwen3-8h 0.820 0547 0826 0548 0762 0762 0786 0532 0.854 0674 0871 0870 0.792 0565 0833 0.578
b A : 5 . : : : Qwen3-14b 0.822 0.821 0813 0657 0714 0702 0796 0537 0.806 0.624 0.842 0838 0785 0385 0840 0.606
Rl-Chinese-Buddhism -2y 24 57 6.4 -26 111 Qwen3-32b 0.848 0848 0819 0.675 0764 0762 0784 0531 0806 0624 0921 0920 0847 0705 0847 0.693
Rl-Indian-Christianity- 45 -45 09 25 08 7.1 Qwen2.5-70b 0.702  0.507 0.875 0.759 0.816 0815 0.506 0303 0840 0.726 0386 0365 0.847 0.693 0.847 0.693
Rl-Indian-Islam- 2.1 -56 -05 69 01 94 -0 Llama8b 0742 0496 0792 0476 0.594 0449 0562 0286 0.549 0366 0485 0258 0.188 0.120 0.542 0.339
RI-Arab-Islam - 71 00 -54 -17 9.8 Llama70b 0712 0.507 0882 0.797 0790 0533 0312 0291 0729 0.654 0267 0275 0306 0302 0813 0534
RI-Latino/Hispanic-Christianity “=31.2: 49 36 01 01 67 Mistral L 0248 0257 0778 049 0832 0422 0086 0101 0785 0471 0060 0085 0681 0421 0720 040
Rl'””g\?f;%;gi'@gm gg i% i; gg ?3 - -5 0.298 0.262 0.847 0705 0508 0294 0082 0.097 0868 0718 0208 0151 0.847 0500 0.868 0.636
) e ; : : : : : Mistral-Small-24B 0302 0292 0479 0289 0660 0451 0090 0106 0535 0314 0188 0181 0563 0299 0556 0272
CO-American-Christianity - -7.4 42 -51 54 33 88 Mixtral-8x7B 0202 0202 0667 0413 0486 0347 0064 0059 0486 0294 0040 0043 0479 0307 0410 0288
CO-American-Islam - -5.5 [12.57 40 25 32 0.0 Mixtral-8x22B 0312 0291 0833 0385 0660 0478 0054 0049 0840 04690 0079 009 0681 0361 0813 0430
CO-American-Buddhism- 1.0 12 13 74 3.0 81 --10 GPT-4.1 0.830  0.830 0.896 0.809 0.888 0.888 0.800 0.540 0.847 0.528 0921 0920 0.882 0791 0890 0.807
CO-American-Judaism 24 23 50 09 98 Claude-3.5-Haiku - - 0875 0528 - - - - 0840 0519 - - 0722 0341 0792 0367
CO-European-Christianity --13.1 2.4 -3.8 39 20 7.8 Gemini-2.0-Flash - - 0.819  0.380 - - - - 0.757  0.345 - - 0.750  0.364  0.764  0.366
CO-Jewish-]udaism A 91 -85 7.4 2.0 8.2 _15 DeepSeek-Chat 0.854 0.428 0.840  0.659 0.840 0.584 0882 0.724
CO-Chinese-Christianity 3.5 13 Sy 11 g8
CO-Chinese-Islam- -1.1 6.0 -25 64 05 75 Table 5: Evaluation results on the MFMD dataset.
CO-Chinese-Buddhism- 2.1 -22 00 15 -11 55
CO-Indian-Christianity - -0.5 -2.2 23 13 19 81 -20
CO-Indian-Islam - -9.1 -7.1 8.6 42 22 75 Dataset & Benchmark Domain 1 Bias evaluation Scenario setting
CO-Arab-Islam - -9.5 BEJEN 23 85 39 85 FinFact (Rangapur et al., 2025) Finance English No No Scenario
CO-Latino/Hispanic-Christianity - -8.7 -6.5 7.1 6.9 48 10.7 -25 FinDVer (Zhao et al., 2024) Finance English No No Scenario
CO- Afrlcan»Chrlstlamty -11 00 (95 19 87 FDMLIama (Luo et al., 2025) Finance English No No Scenario
CO-African-Islam 96 71 42 25 101 MDFEND (Nan et al., 2021) Multi-domain ~ Chinese No No Scenario
@ « z - s > CHEF (Hu et al., 2022) Multi-domain Chinese No No Scenario
ey A E <Ir < é BanMANI (Kamruzzaman et al., 2023) Multi-domain Bengali No No Scenario
@ o - 'E Behavioral Economics (Bini et al., 2025) Economic English Scenario-based Investor-role priming
g S E‘ o BIASBUSTER (Echterhoff et al., 2024) Decision-Making  English Scenario-based Synthetic-profile, sequentially prompted admis-
o 2 5] sions simulation
84 Simulations of Debates (Taubenfeld et al., 2024) Economic English Scenario-based Cross-partisan debate simulation
Political Bias (Taubenfeld et al., 2024) Politic English Direct questionnaire ~ Contextualized by partial questionnaire
Bias hegtmgp; Model perform(mce Relative to Base (/O/O). Negative = model MFMD-Scen Finance English, Chinese.  Scenario-based 1) Persona: role+persona;  2) Market:
Greek, Bengali role+region; 3) Identity: role + ethnicity&Faith

performs worse under that scenario.

Table 2: Comparison of financial misinformation datasets and bias study across domains, languages, bias evaluation
types, and scenario settings.



MFMDScen — Key Findings

Core Finding: Pronounced behavioral biases persist across all 22 models. The same claim receives different verdicts under different

scenario conditions — in every tested language.

% Persistent Scenario Bias

All 22 LLMs show scenario-dependent judgment
variation. Personality/role descriptions shift verdicts

even for factually identical claims.

B No Model Immunity

Scale and training approach don't provide immunity.

GPT-5 still exhibits measurable bias, though slightly
lower than smaller models.

Multilingual Amplification

Biases differ across languages — high-bias scenarios
in English may produce lower bias in Chinese, and vice

versa.

M Instability Pattern

High variance across similar inputs indicates unstable
decision-making rather than principled contextual

adjustment.

Demographic Sensitivity

Type Ill scenarios (ethnicity + religion) elicit the
strongest effects — purely demographic attributes

shift factual judgments.

2 Herd Behavior Evidence

Role-personality scenarios trigger mimicry of the

described personality's expected bias —
overconfident roles > overconfident verdicts.



Spotlight: Type III — Ethnicity & Religion Bias
The most ethically significant finding of MFMDScen

Why This Matters: Financial claims are purely factual. Whether a stock price moved or an earnings report was accurate has no relationship
to the evaluator's ethnicity or religion — yet LLMs systematically vary their judgments based on demographic role descriptions.

!} Discriminatory Potential f Measurement Challenge

If deployed in financial advisory or lending systems, demographic biases Type |l biases are subtle — no single claim shows huge variance, but
could systematically disadvantage certain groups. aggregated across 502 claims the effect is statistically consistent.

@ Cross-Model Consistency B Regulatory Implications

Financial regulators increasingly scrutinize Al fairness. Systematic
demographic bias in LLM fact-checking violates emerging Al fairness

Both commercial and open-source models show Type Il bias. Scaling alone
standards.

is insufficient to eliminate the effect.



MFMDScen — Cross-Lingual Bias Patterns

50
45
40
35
30
25
20
15
10

B Type | (Personality) ™ Type Il (Region) M Type Il (Ethnicity)

English Chinese Greek Bengali I

English vs

e Highest baseline accuracy (training data advantage)
*  Personality bias most pronounced — role mimicry strongest
*  Western-centric framing in regional scenarios

Chinese tn

* Reduced accuracy vs. English
e Type llamplified — Asia-Pacific framing creates largest verdict swings
e Cultural finance concepts (e.g., guanxi-based trading) affect judgment

Greek Gr

* 12translation revisions required — highest rate
* European financial crisis context adds regional sensitivity
*  More susceptible to scenario manipulation than English

Bengali sp

* 3ltranslation revisions — most challenging script

e Type lll scenarios most impactful in low-resource settings

e Highest susceptibility to bias due to limited model parametric
knowledge



MFMDScen — Key Contributions

MFMDScen Benchmark

First comprehensive benchmark for scenario-induced behavioral bias in multilingual financial misinformation detection.

Three-Type Scenario Framework

Novel taxonomy — personality-based, region-based, ethnicity/religion-based — enabling systematic bias decomposition.

Multilingual Dataset (502 Claims)

New dataset covering English, Chinese, Greek, Bengali with expert-validated translations and financial domain screening.

22-Model Evaluation

Most comprehensive evaluation of mainstream LLMs on financial bias — covering GPT, Llama, Mistral, Qwen, DeepSeek families.

Empirical Bias Evidence

First empirical evidence that behavioral biases persist in LLMs across commercial and open-source models in high-stakes multilingual financial
settings.




Comparing the Two Papers —
Complementary Perspectives

RFC Bench MFMDScen
Focus Reference-free fact detection Scenario-induced behavioral bias
Task Type Binary classification + comparison Claim classification under scenarios
Input Granularity Paragraph level Claim level
Languages English (primary) EN, ZH, GR, BN (4 languages)
Models Evaluated 14 LLMs 22 mainstream LLMss
Core Challenge Detection without external grounding Bias from scenario context
Primary Insight LLMs lack stable belief states Same claim = different verdicts

Dataset Source 1,845 pairs from Yahoo Finance FinFact / Snopes (502 claims)



Shared Themes — Two Papers, One Vision

RFC Bench Only
o Reference-free reasoning failure
o English financial news paragraphs
o LLMs cannot maintain coherent belief states

without external evidence

o Task: binary detection + comparative
diagnosis
. Reveals accommodation bias as structural

LLM weakness

. Implication: Better internal reasoning needed
before RAG shortcuts

Beyond Accuracy

Standard accuracy metrics are insufficient — both
papers call for deeper behavioral diagnostics.

SHARED
Financial domain focus . Scenario-induced judgment instability
LLM evaluation at scale o Multilingual MFMD across 4 languages
T e o LLMs produ'ce inconsistent verdicts based on
WHO is asking
Gap-filling contributions o Task: scenario-conditioned claim verification
o First systematic study of behavioral bias in

Evidence-driven findings multilingual MFMD
o Implication: Scenario-robust models required

Practitioner-relevant insights .
g for fair deployment

Failure Mode Focus Benchmark-First
Both identify specific LLM failure modes: belief-state Both contribute novel benchmarks as infrastructure —
instability (RFC) and scenario bias (MFMDScen). enabling reproducible systematic evaluation.



Implications for Financial AT Deployment

Financial Institutions

Mandatory bias auditing before deploying LLMs for compliance, risk, or
advisory tasks — using RFC Bench and MFMDScen frameworks.

a
AI Researchers

New training objectives needed: belief state consistency, adversarial

financial robustness, and fairness constraints to reduce demographic bias.

8%

Regulators & Policymakers

RFC Bench reveals LLMs cannot reliably self-verify financial claims without
external grounding — a material compliance risk requiring disclosure.

Investors & Retail Users

LLM-powered financial tools may be biased based on how questions are
phrased or how user identity is framed. Awareness and transparency are
essential.




Future Research Directions

Multilingual RFC Bench

Extend reference-free counterfactual testing to
Chinese, Arabic, Hindi and other major financial
markets.

Belief State Training

New training objectives to build coherent financial
belief states — reliable reference-free judgment
independent of contextual framing.

Multimodal Detection Debiasing Methods

Incorporate tables, charts, and figures — financial

reports are inherently multimodal; misinformation
often hides in data visualization.

Training-time and inference-time debiasing
targeting scenario-induced bias — particularly Type
Il demographic bias.

Adversarial Robustness Real-Time Systems
Counterfactual augmentation during fine-tuning to
improve model robustness against minimally
perturbed financial misinformation.

Deploy RFC Bench and MFMDScen evaluation
frameworks in streaming financial data pipelines for
continuous monitoring.



Practical Takeaways for Practitioners

Don't assume LLM accuracy = reliability. RFC Bench shows models fail at reference-free detection — performance in paired tests doesn't
transfer to real-world solo use.

Always audit for scenario bias before deployment. MFMDScen reveals consistent judgment shifts under role-play scenarios — test across
diverse prompt framing before release.

Multilingual # unbiased. Translation and language choice interact with bias patterns — each language introduces its own amplification or
3 dampening effects.

Bigger models # bias-free models. Commercial frontier models still exhibit measurable scenario-induced bias — scale is necessary but not
4 sufficient for fairness.

Counterfactual testing is essential. Only paired original/perturbed evaluation reveals whether a model truly understands financial facts vs.
53 guessing from surface features.



Limitations & Open Questions

RFC Bench MFMDScen

o English-only benchmark — cross-lingual extension not yet o Scenario construction involves design choices — impossible to
complete cover all biases
o Paragraph-level focus may miss document-level context . . . .
grap y o 502 claims may be insufficient to detect all subtle bias patterns

dependencies

o LLM-generated perturbations may not fully replicate adversarial o Translation quality, though validated, introduces cross-lingual
human-authored misinformation confounds
Key Open Questions

Q1: Caninference-time debiasing eliminate scenario-induced bias without degrading accuracy?

Q2: What minimal training data is required to build coherent financial belief states in LLMs?

Q3: How do chain-of-thought and self-consistency prompting interact with financial bias patterns?



?® Live Demo Opportunity

Invite the audience to test scenario bias in real time

Try this prompt in ChatGPT or Claude:

"Tesla's stock fell 8% today following a product recall announcement."

Q1: You are an expert fact-checker. Is this claim True, False, or NEI?
Q2: You are an overconfident retail investor who holds Tesla stock. Is this claim True, False, or NEI?

Q3: You are a short-seller who profits from Tesla stock falling. Is this claim True, False, or NEI?

Watch for:
o Does the verdict (True / False / NEI) change between Q1, Q2, and Q3?

o Does the reasoning change — even if the verdict stays the same?

o Does the model's confidence level differ based on the described persona?

& RFCBench & MFMDScen
arxiv.org/abs/2601.04160 arxiv.org/abs/2601.05403

- GitHub
github.com/lzw108/FMD




Summary — Both Papers at a Glance

o Paragraph-level benchmark for financial misinformation
o Reference-free detection vs. comparative diagnosis

o 1,845 pairs — 4 manipulation categories

o Reveals LLMs' unstable belief states without grounding

o Task 1 ~53% > Task 2 85—-97% — dramatic performance gap

. Novel testbed for advancing reference-free reasoning

Benchmark for behavioral bias in multilingual FMD

3 scenario types: personality, region, ethnicity/religion

502 claims — 4 languages (EN, ZH, GR, BN)

22 mainstream LLMs — commercial and open-source

Persistent bias across all model sizes and families

Expert-designed with finance domain collaboration



Conclusion

Financial misinformation is a high-stakes, rapidly evolving threat demanding
robust, specialized Al tools.

Current LLMs have critical failure modes: they struggle without reference
material AND exhibit systematic biases driven by scenario context.

RFC Bench: first rigorous reference-free paragraph-level testbed — revealing a
dramatic performance gap between isolated and comparative detection.

MFMDScen: first systematic benchmark for scenario-induced bias across 4
languages and 22 models.

Together, these papers establish essential evaluation infrastructure for the
next generation of reliable, fair financial Al.

Thank You

Questions & Discussion

@ RFC Bench
arxiv.org/abs/2601.04160

& MFMDScen
arxiv.org/abs/2601.05403

1 GitHub

github.com/Izw108/FMD

Advancing reliable, fair, and robust Al
for financial misinformation detection.




Connections to the Broader Research Landscape

MFMDScen extends the LLM bias literature from social domains to high-
stakes financial settings.

RFC Bench and MFMDScen address the unique challenges of the financial
domain in misinformation research.

Both papers contribute to the meta-problem of rigorously evaluating LLMs
beyond standard benchmarks.

Financial NLP

Both papers extend the FinNLP tradition (FinBERT, BloombergGPT,
FMDLlama) beyond accuracy benchmarks.

MFMDScen's scenarios are grounded in behavioral finance theory —
anchoring, herding, overconfidence.

Multilingual NLP

Bengali coverage in financial FMD is novel — highlighting heightened bias
susceptibility in low-resource settings.



Key References

Jiang, Y., Liu, Z., et al. (2026). All That Glisters Is Not Gold: A Benchmark for Reference-Free Counterfactual Financial Misinformation Detection. arXiv:2601.04160.

Liu, Z,, Cao, Y., Jiang, Y., et al. (2026). Same Claim, Different Judgment: Benchmarking Scenario-Induced Bias in Multilingual Financial Misinformation Detection.
arXiv:2601.05403.

Liu, Z., etal. (2025). FMDLIama: Financial Misinformation Detection Based on Large Language Models. WWW Companion '25.
Rangapur, A, et al. (2025). FinFact: A Benchmark for Financial Misinformation Detection. NLP4Finance.

Zhao, et al. (2024). FinDVer: Financial Document Verification Benchmark.

Ranjan, R., Gupta, S., Singh, S.N. (2024). A Comprehensive Survey of Bias in LLMs. arXiv.

Purbey, J., et al. (2024). SeQwen at the Financial Misinformation Detection Challenge Task. COLING 2025.

Lopez-Lira, A., et al. (2023). Can ChatGPT Forecast Stock Price Movements? arXiv:2304.07619.



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55

