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Abstract

Large language models (LLMs) are increas-001
ingly deployed in financial contexts, raising002
critical concerns about reliability, alignment,003
and susceptibility to adversarial manipulation.004
While prior finance-related benchmarks assess005
LLMs’ capabilities in stock trading, they are of-006
ten restricted to small sample and fail to demon-007
strate LLM susceptibility to context with poten-008
tial human bias. We introduce Fin-Herding009
(financial herding under long and uncertain010
financial context), a benchmark for evaluat-011
ing LLM investment decision-making when012
faced with uncertainty and possible human-013
biased opinions. Fin-Herding includes 8868014
long firm-specific analyst reports, including015
firm aspects summarized and analyzed by so-016
phisticated analysts with investment ratings017
(Bullish/Neutral/Bearish) spanning from vari-018
ous industries. We present large language mod-019
els with firm analyst reports with/without an-020
alyst investment ratings and even with ’fake’021
rating, to get investment ratings generated by022
LLMs. Our results reveal that LLMs tend to023
herd the explicit bias in context. We also de-024
velop a method to detect potential human opin-025
ions, which can encourage LLMs to think in-026
dependently, some models even exceed human027
performance in predicting future stock return.028

1 Introduction029

The advancements in large language mod-030

els(LLMs) have gained significant attention for031

their application in various domains. Recent stud-032

ies have studied the use of LLMs in the finance do-033

main, such as financial sentiment analysis (Wang034

et al., 2023), finance question answering (Zhao035

et al., 2024), and stock trading (Yu et al., 2024).036

While the existing literature (Chen et al., 2021,037

2022; Mateega et al., 2025) has provided a broad038

range of evaluation benchmarks in the finance do-039

main, few of them evaluate LLM decision-making040

behavior in finance domain. Even though some041

create stock trading tasks (Li et al., 2025; Xie 042

et al., 2024), none of them evaluate LLM decision- 043

making under context with potential human bias. 044

Decision-making requires identifying relevant sig- 045

nals, reconciling conflicting evidence, and synthe- 046

sizing heterogeneous data into a coherent judg- 047

ment, which represents the core intellectual skills 048

that large language model (LLM) agents must 049

master—information gathering, coordination, and 050

grounded reasoning. Some studies (e.g., develop 051

advanced LLM agent frameworks to combine and 052

analyze financial documents from various sources, 053

including news, financial reports, social media etc. 054

A major problem is that some financial documents 055

contain individual human opinions which are likely 056

to be biased. For instance, analysts tend to provide 057

’bullish’ rather than ’bearish’ ratings for firms due 058

to overconfidence or strategic incentives. Whether 059

LLMs will herd to human-biased opinions still re- 060

mains unresolved. If LLMs do herd human bias a 061

lot, LLMs will fail to give the right answer when 062

most ’people’ are wrong which is not uncommon 063

in financial market trading. 064

To bridge the gap, we introduce Fin-Bias, a 065

financial investment-rating dataset comprising 066

8,868 input–label pairs. Each input is a long- 067

form, firm-specific analyst report—produced 068

from in-depth research—covering firms across 069

multiple sectors, including Technology, Industrials, 070

Financial Services, Healthcare, Utilities, Energy, 071

Communication Services, and Real Estate. The 072

first sentence of each report explicitly states the 073

analyst’s investment rating for the covered firm 074

(Bullish / Neutral / Bearish). We use Fin-Bias 075

to study LLM herding behavior—the tendency 076

of models to follow human opinions present in 077

context rather than produce independent judgments. 078

To demonstrate the exact influence of human 079

opinions on LLM decision-making, we create two 080

perturbations of each report: (1) removal of the 081

first sentence that contains the analyst rating; and 082
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(2) retention of the first sentence but replacement083

of the original rating with a ’fake’ rating different084

from the original one. Compared to existing085

financial benchmarks (??), Fin-Bias consists086

of a large sample of long-context inputs which087

are comprehensively summarized firm aspects088

related to stock price, unlike short sentences089

that contain limited evidence but only human090

sentiments/opinions from tweets. For evaluation,091

we prompt LLMs with a chain-of-thought instruc-092

tion and feed them three variants of each report093

(original, analyst rating removed, and analyst094

rating replaced with a ’fake’ rating). We then095

compare the LLM decision-making across these096

conditions to quantify the influence of explicit097

human bias on model decisions. We introduce098

Herding Score, which captures how much LLM099

ratings align with human (analyst ratings or ’fake’100

ratings). The results suggest to some extent LLMs101

tend to herd human opinions in decision-making,102

the herding score increases a lot when including103

analyst/’fake’ ratings in context. The difference104

ranges from 5% to 10% depending on models.105

Besides, we use a fine-grained quantile long-short106

portfolio method to get ground-truth investment107

rating label based on real stock market return to108

make comparison between LLM performance109

and human performance in stock trading. The110

results indicate that when analyst rating is present111

in context, all models have nearly the same112

performance as the analyst, achieving around113

around 33% accuracy in providing investment114

rating. We also find when the analyst rating is115

excluded in context, some models’ performance116

exceeds analysts, while some models’ performance117

drop. The model herding does not depend on118

model size, even cutting-edge complex models119

such as GPT-5, GPT-4 have possibilities to herd120

fake rating. To alleviate model herding, we propose121

to filter sentences that contain strong opinions out122

of the context based on Multi-Perspective Question123

Answering (MPQA) Subjectivity Lexicon. The124

results indicate the method can help improve125

model performance by 2-4 points especially for126

light open-source model like Qwen3-8B.127

128

The main contribution of our work is three-fold:129

• We conduct a comprehensive study of 18 mod-130

els (Open Source & Private), showing that131

models are likely to herd human opinions even132

when human opinions take very small part in133

the context. 134

• We propose the Fin-Bias benchmark dataset, 135

which contains long-form, summarized, time- 136

sensitive and potentially biased firm analysis 137

across different industries to evaluate LLM 138

financial reasoning capacities. 139

• We propose a potential way to instruct large 140

language models to avoid herding human opin- 141

ions and improve independent thinking and 142

evaluate the LLM performance using human 143

performance as benchmark rather than base 144

model. 145

2 Dataset Construction 146

Data Collection. We collect analyst reports with 147

investment ratings sourced from Yahoo Finance. 148

We randomly download reports from different sec- 149

tors, including Technology, Industrials, Financial 150

Services, Healthcare, Utilities, Energy, Communi- 151

cation Services and Real Estate. The reports are 152

in pdf format and we extract the content from pdf 153

using large language models. The analyst reports 154

summarize firm comprehensive and significant as- 155

pects related to stock price and provide an invest- 156

ment rating(bullish/neutral/bearish) in the first sen- 157

tence. The total number of analyst reports is 8868. 158

Table 2 provides detailed statistics for each sector. 159

Unlike prior benchmark paper, we include firms 160

from a broad range of industries. Each report con- 161

tains an average of about 4,000 tokens, providing a 162

relatively long context for large language models. 163

An example analyst report is shown in appendix. 164

Data Perturbation. We evaluate the susceptibil- 165

ity of LLMs to human-like biases—specifically 166

herding behavior—when making investment deci- 167

sions under long-context settings by systematically 168

perturbing the analyst reports provided to the mod- 169

els. In particular, we prompt LLMs to generate 170

investment ratings based on analyst analyses that 171

have been modified to exhibit varying degrees of 172

bias, allowing us to assess how sensitive the models 173

are to biased or misleading contextual cues embed- 174

ded in long context. There is a large strand of 175

literature (Chan et al., 2007; Grinblatt et al., 2023; 176

Bosquet et al., 2015) indicating analysts forecasts 177

are systematically biased upward due to overconfi- 178

dence and strategic incentives (ties to investment 179

banking). Table 3 suggests most analyst reports pro- 180

vide ’bullish’ rating in our sample (72.28%), while 181
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Benchmark Long Context Summarize Human
Bias

Large
Sample

Decision-
Making

FinQA (Chen et al., 2021) × × × ✓ ×
ConvFinQA (Chen et al., 2022) ✓ × × ✓ ×
FiQA-SA (Maia et al., 2018) × × ✓ ✓ ×
FPB Malo et al. (2014) × × ✓ ✓ ×
ACL18 (Xu and Cohen, 2018) ✓ × ✓ × ✓
INVESTORBENCH (Li et al., 2025) ✓ ✓ × × ✓
Fintrade (Xie et al., 2024) ✓ ✓ × × ✓
FinHerd (Ours) ✓ ✓ ✓ ✓ ✓

Table 1: Comparison with existing Financial Benchmarks. "Summarize" refers to the context is summarized firm
events related to price. "Human bias" refers to the context contains human opinions like tweets, analyst report etc.
"Large Sample" refers to the number of unique firms in sample is large.

very few analysts provide ’bearish’ rating (0.29%),182

which proves the fact documented in prior litera-183

ture that analysts tend to over-optimistic. To gauge184

different LLMs’ herding behavior, we conduct two185

comparison experiments: first, we provide LLMs186

with analyst reports with/without obvious analyst187

ratings and compare the differences in LLM in-188

vestment ratings. Although an analyst report may189

contain implicit biases throughout the narrative,190

the analyst’s investment rating (e.g., buy/bullish,191

hold/neutral, sell/bearish) is typically stated explic-192

itly in the opening sentence. Therefore, in our first193

experiment, we perturb the original report by re-194

moving only this initial sentence that conveys the195

explicit investment recommendation. An exam-196

ple is provided in the appendix. This allows us197

to examine the extent to which the LLM relies on198

explicit human-provided views when forming its199

own investment decision; Second, to further eval-200

uate LLM herding behavior, we introduce a ’fake’201

analyst rating by deliberately altering the rating202

stated in the first sentence of the original report.203

The ’fake’ rating is arbitrary, which enables us to204

assess the extent to which LLMs adopt—or “herd205

toward”—a explicit and false rating even when it206

contradicts the subsequent analysis. An example is207

provided in the appendix.208

Ground-truth labels. To evaluate the practi-209

cal implications of LLM herding in finance do-210

main—specifically, whether alignment with human211

opinions improves or degrades investment deci-212

sions—it is necessary to obtain ground-truth invest-213

ment ratings. Because analyst-issued investment214

ratings are known to exhibit substantial and sys-215

tematic bias, they are unsuitable as ground-truth216

labels for empirical prediction tasks. Consequently,217

we rely on realized stock returns to define true out- 218

comes. Prior studies (Liu et al., 2023; Yu et al., 219

2024) typically construct labels using daily returns 220

combined with ad-hoc threshold rules—for exam- 221

ple, designating returns above 1% as “bullish,” be- 222

tween -1% and 1% as “neutral,” and below -1% 223

as “bearish.” However, such cutoffs are inherently 224

arbitrary and may not accurately control for firm- 225

specific risk and capture economically meaning- 226

ful variation in firm performance. To address this 227

limitation, we develop a fine-grained approach for 228

constructing ground-truth investment ratings using 229

portfolio-based alpha generation standard. The de- 230

tails can be found in appendix. The second half of 231

table 3 shows that, following analyst report date, 232

based on our quantile-based investment rating clas- 233

sification method, approximately 30% of stocks 234

fall into the bullish category, roughly 30% into the 235

bearish category, and the remaining 40% into the 236

neutral category, indicating a relatively balanced 237

distribution across years. More importantly, this 238

distribution is substantially more balanced than that 239

observed in analyst-issued ratings. 240

3 Experiments 241

3.1 Experiment Setup 242

Models. We evaluate a diverse set of lan- 243

guage models to capture a broad spectrum 244

of capabilities, spanning both open-source 245

and closed-source models. Specifically, we 246

include: GPT-5.1 (OpenAI, 2025), GPT-4.1 247

(OpenAI, 2024), Claude-3.5-Haiku (Anthropic, 248

2024), Claude-4-Sonnet (Anthropic, 2025). 249

We also include open-source models such as 250

Meta-Llama-3-8B-Instruct (AI, 2024a), Meta- 251

Llama-3.1-8B-Instruct (AI, 2024b), Mistral-7B- 252
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Table 2: Sample Information

Sector Num Percentage

Technology 1491 16.8%
Industrials 1436 16.2%
Financial Services 1367 15.4%
Healthcare 1288 14.5%
Consumer Defensive 982 11.07%
Utilities 701 7.9%
Communication Services 590 6.6%
Energy 615 6.9%
Real Estate 398 4.5%
Total 8868 100%

Table 3: Sample Investment Rating

Analyst Investment Rating Num Percentage

Bullish 6410 72.28%
Bearish 26 0.29%
Neutral 2432 24.74%
Total 8868 100%

Return-based Rating

Bullish 2664 30%
Bearish 2662 30%
Neutral 3542 40%

Instruct-v0.3 (AI, 2024c), Mistral-Nemo-Instruct-253

2407 (AI, 2024d), gemma-7b-instruct (DeepMind,254

2024c), gemma-2-9b-instruct (DeepMind,255

2024b), gemma-2-27b-instruct (DeepMind,256

2024a), Qwen2-7B-Instruct (Group, 2024),257

Qwen2.5-7B-Instruct (Team, 2024), Qwen2.5-14B-258

Instruct (Team, 2024), Qwen3-8B (Team, 2025),259

DeepSeek-V2-Lite-Chat (DeepSeek-AI, 2024),260

internlm2-chat-7b (Laboratory, 2024), Yi-1.5-261

9B-Chat (01.AI, 2024), glm-4-9B-chat (THUDM,262

2024).263

264

Metrics. To capture how much LLMs herd to265

analysts/fake ratings when providing investment266

rating, we introduce Herding Score, which assigns267

1 when a model’s rating mi is as same as the rating268

from analyst rating/manipulated rating ai and zero269

otherwise and then take average.270

271

HerdingScore =
1

N

N∑
i=1

I(mi, ai) (1)272

To assess whether alignment with human opinions273

enhances or impairs investment decision-making,274

Chain-of-Thought Prompt

[System Input]:
"You are an investor. Analyze the firm
analyst report logically.
Then provide your own investment rating.
Format as a JSON object with the following
fields:
answer: The precise answer to the question.
Only one of bullish, neutral, bearish.
reason: One or more paragraphs indicating
why you provide the answer.

[User Input]:
{analyst report content}

Figure 1: Prompt Template

we compute the accuracy of LLM-generated invest- 275

ment ratings using our ground-truth labels. Higher 276

accuracy reflects stronger model capability in pre- 277

dicting stock returns through financial reasoning 278

under long, potentially biased textual inputs. The 279

accuracy differential between predictions made 280

with and without embedded analyst ratings cap- 281

tures the extent to which herding behavior influ- 282

ences LLM decisions. The prompt template used 283

in this evaluation is presented in Figure 1. 284

3.2 Results 285

To better demonstrate our findings, we organize our 286

work around three key research questions: 287

RQ1: How LLM will align with analyst in pro- 288

viding investment rating when analyst rating is re- 289

moved in context? 290

RQ2: How LLM will align with ’fake’ rating in 291

providing investment rating even when the ’fake’ 292

rating is contradictory with the rest of context? 293

RQ3: How "LLM herding" can affect LLM per- 294

formance in stock trading? Can LLMs exceed so- 295

phisticated analysts when independently making 296

investment decision? 297

Table 4 reveals the herding behavior for each 298

model under two different conditions: with or 299

without analyst rating in context. We find that 300

the inclusion of analyst ratings significantly 301

strengthens model herding behavior across nearly 302

all categories and models. Specifically, the 303

results suggest that when analyst ratings are not 304

explicitly stated, private models (like GPT-5, 305
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Models Communication Services Consumer Defensive Energy Financial Services Healthcare

Private Models

GPT-5 82.7/70.2 93.2/88.3 92.3/78.9 95.1/87.3 95.3/84.1
GPT-4 84.1/75.4 94.8/86.2 93.2/89.0 96.3/94.3 96.9/92.2
Claude-3.5-Haiku 84.5/76.4 95.8/90.0 94.4/85.4 96.3/91.3 97.9/95.3
Claude-4-Sonnet 85.7/56.7 93.2/81.7 88.3/75.0 90.5/84.2 94.1/83.3

Open-Source Models

gemma-7b-it 96.4/72.1 93.8/84.7 99.2/82.0 98.9/91.1 98.2/90.3
gemma-2-9b-it 95.6/68.9 97.6/92.2 96.1/77.3 97.9/90.9 97.3/90.7
gemma-2-27b-it 94.1/67.9 97.9/91.3 96.5/78.1 98.6/89.2 97.9/89.7
Meta-Llama-3-8B-it 87.2/66.3 96.8/86.5 95.0/75.8 96.2/89.5 96.4/86.9
Meta-Llama-3.1-8B-it 86.9/66.7 91.9/85.6 88.9/74.5 94.5/88.2 93.5/86.6
Qwen2-7B-it 93.5/68.6 94.1/88.9 89.9/75.7 96.6/86.9 95.1/88.1
Qwen2.5-7B-it 98.8/71.4 97.9/88.8 96.8/82.0 98.8/90.1 99.2/92.2
Qwen2.5-14B-it 96.4/74.9 97.2/90.0 95.7/80.3 96.9/89.3 96.9/88.9
Qwen3-8B 98.0/67.1 99.1/88.5 98.7/73.1 99.2/85.6 98.4/89.7
internlm2-chat-7b 86.5/60.9 87.6/79.4 87.8/71.8 89.0/78.0 90.0/81.4
glm-4-9b-chat 96.4/67.7 97.8/84.6 95.8/79.5 99.3/87.6 98.7/89.6
Mistral-7B-it-v0.3 94.7/58.6 96.4/82.0 95.9/68.1 97.7/79.8 94.9/80.7
Mistral-Nemo-it-2407 83.0/61.6 89.8/82.0 89.2/76.3 94.2/83.5 91.6/83.8
DeepSeek-V2-Lite-Chat 74.8/48.4 81.6/60.1 75.0/54.0 78.8/55.6 77.7/58.6
Yi-1.5-9B-Chat-16K 76.8/56.7 85.1/80.2 78.9/58.0 82.6/69.8 87.8/76.2

Models Industrials Real Estate Technology Utilities Average

Private Models

GPT-5 94.9/89.3 95.0/77.1 92.7/85.5 91.9/86.3 94.6/87.4
GPT-4 95.4/88.7 96.3/87.2 93.8/90.4 91.5/91.7 95.9/89.5
Claude-3.5-Haiku 96.2/93.4 93.2/87.1 95.5/93.6 94.4/92.4 97.1/91.0
Claude-4-Sonnet 93.9/83.4 87.4/70.5 91.1/81.5 92.9/76.5 90.6/79.5

Open-Source Models

gemma-7b-it 97.7/89.6 98.2/88.4 97.4/90.1 99.1/88.0 97.6/87.6
gemma-2-9b-it 97.4/91.5 95.9/84.1 95.6/83.8 97.1/90.9 97.0/87.7
gemma-2-27b-it 97.4/89.9 97.1/80.5 97.1/90.0 98.6/87.1 97.5/86.9
Meta-Llama-3-8B-it 97.6/88.1 93.4/80.8 93.9/84.0 96.8/85.4 95.4/84.4
Meta-Llama-3.1-8B-it 94.1/88.5 91.9/84.8 91.2/85.8 94.0/84.7 92.4/84.5
Qwen2-7B-it 97.1/88.4 92.5/84.2 90.4/85.0 97.4/87.2 94.3/85.1
Qwen2.5-7B-it 98.1/90.3 98.5/90.2 98.8/93.1 99.2/91.0 98.5/89.1
Qwen2.5-14B-it 95.4/88.3 97.7/86.5 94.4/91.7 97.8/86.9 96.3/87.7
Qwen3-8B 98.1/84.7 98.0/82.3 96.9/89.9 98.9/80.3 98.3/84.4
internlm2-chat-7b 90.4/81.7 85.9/78.7 88.9/74.0 92.2/80.7 89.1/77.5
glm-4-9b-chat 98.3/88.0 97.5/87.0 98.0/90.5 98.6/88.0 98.1/86.2
Mistral-7B-it-v0.3 97.4/82.6 94.2/74.5 96.4/83.3 97.6/80.5 96.4/78.8
Mistral-Nemo-it-2407 94.1/84.4 92.4/78.9 87.2/80.2 92.7/81.6 90.8/80.7
DeepSeek-V2-Lite-Chat 83.2/58.1 72.3/58.1 71.8/59.1 82.5/59.3 78.0/57.3
Yi-1.5-9B-Chat-16K 86.7/71.3 78.2/65.5 78.7/68.1 82.2/65.8 83.4/69.7

Table 4: Model Herding Score for contexts under two conditions: with and without Analyst Rating. For each cell,
the left hand side of ’/’ is herding score under the case where analyst rating is included in report, the right hand side
of ’/’ is herding score under the case where analyst rating is removed.

GPT-4, and Claude variants) generally align with306

analyst ratings more than open-source models,307

with average herding scores in the mid-80s to308

low-90s. For instance, GPT-5 achieves an average309

of 87.4%, while GPT-4 follows closely at 89.5%.310

Open-source models, by contrast, display more311

variability, with averages ranging from the mid-60s312

(e.g., Yi-1.5-9b-Chat at 69.7%) to the mid-80s313

(e.g., Llama-3-8b-it at 84.4%). This is intuitive314

because private models such as GPT, Claude tend315

to have way more parameters to capture contextual316

and semantic information, making them align317

with analysts better even without explicit rating318

guidance. In contrast, table 4 also shows a striking319

shift once analyst ratings are provided. Across320

both private and open-source models, herding321

scores rise sharply, with many models reaching322

averages above 90%. GPT-5 and GPT-4, for323

instance, jump to 94.6% and 95.9%, respectively,324

while even mid-performing open-source models 325

like gemma-7b-it and Mistral-7B-it-v0.3 achieve 326

scores exceeding 96%. Notably, models that 327

previously lagged in case of no analyst rating (such 328

as Yi-1.5-9b-Chat or Qwen2-7b-it) demonstrate 329

significant improvements, often surpassing 90% 330

in most categories. This suggests that human 331

ratings act as a strong guiding signal, discouraging 332

models’ independent thinking and reducing 333

divergence in model outputs and encouraging 334

greater alignment across sectors. A case study is 335

provided in the appendix. One noticeable thing is 336

that the increased model herding behavior from 337

adding explicit analyst ratings are not uniform 338

across sectors. For example, sectors like Financial 339

Services and Healthcare already see relatively 340

high alignment (often above 85–90%), while 341

sectors like Communication Services and Utilities 342

show greater variability. When analyst ratings are 343
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Model
Comm.
Services

Cons.
Defensive

Energy
Financial
Services

Healthcare Industrials
Real

Estate
Technology Utilities Avg

Private Models
GPT-5 50.00 39.61 32.20 26.70 28.49 29.80 38.64 32.19 42.65 33.54
GPT-4 64.24 41.55 60.65 58.38 51.24 43.87 57.07 30.71 55.92 48.77
Claude-3.5-Haiku 60.23 39.34 58.65 54.97 48.12 46.03 54.62 36.41 50.71 45.98
Claude-4-Sonnet 52.06 40.60 37.09 30.75 33.40 43.73 35.45 36.70 40.02 35.85

Open-Source Models
Qwen2.5-7B-it 41.33 22.96 41.19 33.96 33.01 34.07 32.96 14.77 34.08 30.33
Qwen2-7B-it 52.65 28.47 42.29 40.66 31.10 22.02 36.48 20.57 33.28 31.69
Qwen2.5-14B-it 65.20 38.89 60.79 62.80 50.56 33.66 54.55 35.17 40.00 46.64
Qwen3-8B 46.18 31.53 64.72 45.79 44.95 26.17 45.57 17.43 38.25 36.89
gemma-2-27b-it 68.76 43.25 67.64 62.00 53.81 42.20 58.22 23.07 55.51 48.78
gemma-2-9b-it 48.01 19.68 49.25 29.15 30.06 16.61 33.18 17.74 31.39 27.14
gemma-7b-it 19.93 11.62 20.98 7.91 9.95 12.59 9.34 7.57 12.98 11.48
internlm2-chat-7b 39.91 30.46 39.55 35.28 29.70 25.08 29.55 25.23 26.25 30.34
Mistral-7B-it-v0.3 69.90 59.04 72.96 69.77 68.35 55.24 65.15 37.74 66.38 60.42
Mistral-Nemo-it-2407 50.17 30.00 40.52 37.81 29.03 26.50 30.96 22.45 29.18 31.28
Yi-1.5-9B-Chat-16K 32.43 27.24 38.50 34.63 33.80 32.40 34.01 30.85 34.91 32.80
DeepSeek-V2-Lite-Chat 57.09 56.80 55.54 60.69 56.60 55.52 58.87 47.52 59.86 55.87
Meta-Llama-3-8B-it 64.40 42.78 50.41 47.95 48.37 39.40 46.95 56.06 47.28 48.57
Meta-Llama-3.1-8B-it 34.80 17.60 26.63 19.35 19.17 12.08 22.78 14.12 19.66 18.78
glm-4-9b-chat 70.99 46.61 62.56 53.73 53.65 45.29 51.91 39.88 58.56 51.30

Table 5: Model Herding Score given contexts where original analyst rating is randomly replaced with a ’fake’ rating
which is different from the original one.

provided, these weaker sectors benefit dispropor-344

tionately, with scores consolidating above 90% for345

nearly all models. This highlights that external346

expert input (analyst ratings) particularly enhances347

agreement in areas where model consensus is348

weaker.349

350

Table 5 displays experiment results for model351

herding score when perturbing original analyst352

rating statement shown at the beginning of analyst353

report. The true analyst rating is deliberately354

replaced by another different fake rating which355

may be contradictory to the main analysis content.356

The results suggest that there is a large variation357

in herding fake rating between models, ranging358

from 10% to 60%. The average herding score359

across all models is approximately 30%, indicating360

that LLMs—even state-of-the-art systems such361

as GPT-5 and GPT-4—remain susceptible to362

inheriting unsupported human biases embedded in363

the input. This suggests that substantial potential364

for model herding persists, even among the most365

advanced architectures. Additionally, the degree of366

herding is not strongly correlated with model size.367

368

Table 6 reports LLM performance in providing369

stock investment ratings based solely on analyst370

reports using real time stock return as ground-truth371

label, with or without access to the analysts’ ex-372

plicit investment ratings. When analyst ratings are373

provided, nearly all models achieve accuracy levels374

close to those of human analysts, indicating strong 375

herding behavior. The average analyst accuracy is 376

approximately 33% and the accuracy of most mod- 377

els falls between 32% - 34%. In contrast, when the 378

first sentences that contain explicit analyst ratings 379

are removed, model accuracy diverges substantially, 380

ranging from -6% to +2% relative to analysts. The 381

removal of first rating sentence tend to have least 382

effects on the performance of private models like 383

GPT-5, GPT-4, Claude-3.5-Haiku and Claude-4- 384

Sonnet, the change of accuracy for each model 385

is less than 1%. In contrast, several open-source 386

models fall notably below analyst performance, in- 387

cluding gemma-2-9b-it (-6%), gemma-7b-it (-6%), 388

Meta-Llama-3-8B-Instruct (-6%), Meta-Llama-3.1- 389

8B-Instruct (-6%), internlm2-chat-7b (-6%), Yi- 390

1.5-9B-Chat (-6%), and glm-4-9b-chat (-6%). At 391

the same time, several models outperform ana- 392

lysts without access to analyst ratings, such as 393

Mistral-Nemo-it-2407 (+1%), DeepSeek-V2-Lite- 394

Chat (+1%), Mistral-7B-it-v0.3 (+1%), and Qwen3- 395

8B (+1%). The large drop in accuracy when analyst 396

ratings are removed further illustrates herding be- 397

havior: models rely heavily on human opinions 398

to perform well. Although alignment with ana- 399

lyst views improves apparent accuracy for some 400

models, it also shows that models lack independent 401

reasoning, as their performance does not surpass 402

human analysts. Across industries, LLMs generally 403

achieve higher accuracy in sectors such as Finan- 404

cial Services, Utilities, and Technology. 405
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Models Communication Services Consumer Defensive Energy Financial Services Healthcare

Private Models

GPT-5 33.0/33.2 34.8/35.7 35.1/33.3 31.9/32.6 30.1/31.1
GPT-4 31.6/32.8 33.8/35.0 34.1/32.1 32.4/33.5 31.3/33.0
Claude-3.5-Haiku 31.1/32.4 34.0/35.0 34.3/33.4 31.5/34.2 30.1/30.8
Claude-4-Sonnet 32.5/33.1 33.9/34.8 35.2/34.6 33.1/34.5 31.1/31.9

Open-Source Models

gemma-7b-it 30.3/24.3 32.5/27.2 32.0/26.0 34.1/29.7 31.2/25.9
gemma-2-9b-it 29.9/29.1 33.5/30.1 33.4/25.9 35.1/29.0 31.5/27.7
gemma-2-27b-it 27.9/28.8 33.9/33.8 32.6/32.6 34.1/33.1 31.2/30.3
Meta-Llama-3-8B-it 32.2/26.9 34.2/28.8 31.3/28.1 34.1/28.4 31.1/27.1
Meta-Llama-3.1-8B-it 33.6/25.4 33.3/29.1 34.8/29.7 34.3/29.0 31.4/25.9
Qwen2-7B-it 30.4/26.3 34.6/28.1 32.2/26.4 33.8/27.8 30.7/25.8
Qwen2.5-7B-it 29.0/33.6 33.4/32.5 32.2/31.1 33.2/33.5 31.2/31.4
Qwen2.5-14B-it 31.0/34.8 31.7/35.3 34.0/33.7 32.2/33.2 31.4/30.5
Qwen3-8B 29.4/33.9 33.9/34.5 31.9/31.1 33.8/35.1 31.7/32.6
internlm2-chat-7b 30.7/24.9 36.0/26.6 33.5/28.2 34.5/29.3 30.5/25.5
glm-4-9b-chat 30.1/24.9 32.8/26.3 33.0/26.9 34.3/28.7 31.3/24.7
Mistral-7B-it-v0.3 30.4/35.0 33.4/33.5 33.0/32.9 34.1/34.1 30.7/32.7
Mistral-Nemo-it-2407 31.7/33.6 34.8/35.2 33.9/31.1 34.4/34.5 31.0/33.4
DeepSeek-V2-Lite-Chat 32.0/34.8 34.1/35.6 32.1/32.4 35.1/35.5 33.9/32.0
Yi-1.5-9B-Chat-16K 32.9/28.5 36.2/29.5 34.7/28.5 36.5/30.4 32.9/28.1
Analyst 29.0 33.8 32.4 33.8 31.6

Models Industrials Real Estate Technology Utilities Average

Private Models

GPT-5 31.2/34.0 28.7/28.8 33.2/34.7 35.1/37.4 33.0/33.6
GPT-4 30.9/33.1 28.9/29.9 33.0/33.6 33.1/35.9 33.0/33.9
Claude-3.5-Haiku 30.9/32.5 27.6/27.9 32.8/33.1 32.5/34.5 32.6/33.5
Claude-4-Sonnet 30.9/33.9 29.1/29.6 32.5/34.5 35.0/35.8 33.0/33.8

Open-Source Models

gemma-7b-it 31.8 / 27.9 30.5 / 24.9 36.6 / 26.3 33.0 / 24.2 32.9 / 26.7
gemma-2-9b-it 31.7 / 28.4 32.7 / 28.0 36.8 / 26.1 32.1 / 25.9 33.0 / 27.8
gemma-2-27b-it 31.4 / 31.2 32.1 / 30.7 36.1 / 37.2 32.1 / 32.6 32.6 / 32.3
Meta-Llama-3-8B-it 32.2 / 28.4 32.1 / 26.9 37.0 / 26.4 32.5 / 26.0 33.4 / 27.5
Meta-Llama-3.1-8B-it 31.8 / 28.1 31.8 / 25.1 36.6 / 26.3 32.3 / 24.5 33.5 / 27.2
Qwen2-7B-it 32.1 / 28.9 30.3 / 25.7 36.2 / 26.8 34.0 / 25.9 33.1 /27.1
Qwen2.5-7B-it 32.1 /32.8 31.3 /33.7 35.4 /36.6 33.3 /31.2 32.7/33.2
Qwen2.5-14B-it 33.2 / 32.4 31.5 / 30.8 33.2 / 35.1 30.9 / 31.7 32.3 / 33.1
Qwen3-8B 32.2 / 33.5 31.1 / 30.8 36.8 / 37.4 33.0 / 33.5 33.1 / 34.2
internlm2-chat-7b 32.2 / 29.0 31.5 / 26.4 36.1 / 26.5 32.8 / 24.9 33.4 / 27.1
glm-4-9b-chat 32.4 / 27.9 30.2 / 25.3 36.9 / 26.6 31.6 / 23.4 33.1 / 26.4
Mistral-7B-it-v0.3 32.0 / 33.5 29.5 / 32.8 37.2 / 37.5 32.7 / 32.6 33.1 / 34.1
Mistral-Nemo-it-2407 32.4 / 34.0 30.9 / 32.9 37.8 / 37.5 32.6 / 31.9 33.7 / 34.3
DeepSeek-V2-Lite-Chat 32.6/ 33.9 33.4 / 38.7 35.1 / 34.9 35.1 / 36.0 33.9/ 34.6
Yi-1.5-9B-Chat-16K 33.3 / 30.0 35.1 / 26.4 33.1 / 24.1 35.0 / 28.9 34.5 / 28.7
Analyst 32.0 31.1 36.5 33.0 33.1

Table 6: Model Accuracy for contexts under two conditions: with and without Analyst Rating. For each cell, the left
hand side of ’/’ is herding score under the case where analyst rating is included in report, the right hand side of ’/’ is
herding score under the case where analyst rating is removed.

4 Alleviating model herding via bias406

awareness407

We propose a method to mitigate model herding in408

discrete decision-making by filtering human opin-409

ions from the input context, thereby encouraging410

models to reason independently. Although we re-411

move the explicit analyst rating from the first sen-412

tence of each report, the remaining text often still413

contains numerous sentences expressing explicit or414

implicit subjective judgments, which can induce415

implicit herding behavior in LLMs. To identify416

such potentially biased statements, we employ the417

Multi-Perspective Question Answering (MPQA)418

Subjectivity Lexicon, a widely used linguistic re-419

source for detecting opinion-bearing and subjective420

expressions in text (Wiebe et al., 2005). The lex-421

icon comprises several thousand lexical items an-422

notated with rich subjectivity metadata—including423

polarity (positive, negative, neutral, or both), sub- 424

jectivity strength (“strongsubj” or “weaksubj”), and 425

part-of-speech categories (noun, verb, adjective, ad- 426

verb). In our implementation, we perturb each ana- 427

lyst report by removing sentences that contain any 428

lexical item labeled as strongsubj in MPQA. An 429

example is provided in the appendix. As reported 430

in Table 7, the method proves effective for both 431

private models and open-source models. The pri- 432

vate models like GPT-4, Claude-4-Sonnet improves 433

2%, while GPT-5 only improves 0.5%. In con- 434

trast, for open-source models, the accuracy of LLM- 435

generated investment ratings mostly improves sig- 436

nificantly after excluding all opinionated content, 437

with gains of approximately 2–4 percentage points 438

relative to the case where only the first rating sen- 439

tence is excluded. Most importantly, some models 440

including Qwen3-8B, DeepSeek-V2-Lite-Chat and 441
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Model
Comm.
Services

Cons.
Defensive

Energy
Financial
Services

Healthcare Industrials
Real

Estate
Technology Utilities Avg

Private Models
GPT-5 33.56 37.78 34.86 32.92 31.52 33.91 33.59 34.74 35.66 34.16
GPT-4 36.27 36.56 33.82 34.38 35.87 35.65 36.11 36.01 39.37 35.88
Claude-3.5-Haiku 35.31 37.12 35.04 33.43 30.98 33.74 35.25 35.03 34.61 34.99
Claude-4-Sonnet 35.79 37.54 33.96 35.13 34.69 35.63 36.86 35.47 38.98 35.70

Open-Source Models
Qwen2-7B-it 32.63 33.12 34.79 33.03 31.84 33.12 38.30 36.57 33.14 33.82
gemma-2-9b-it 38.11 35.77 34.27 34.52 33.13 32.68 35.78 36.03 35.35 34.71
gemma-7b-it 33.56 31.87 32.20 35.04 31.08 32.17 35.86 35.77 29.81 33.12
glm-4-9b-chat 33.28 31.27 34.81 32.45 30.42 31.50 35.03 35.13 30.55 32.53
Mistral-Nemo-It-2407 36.50 33.50 33.17 32.74 33.83 34.64 36.80 35.89 36.29 34.58
Mistral-7B-It-v0.3 38.81 34.05 36.64 35.26 37.89 34.84 38.38 35.33 36.23 35.99
DeepSeek-V2-Lite-Chat 37.09 32.17 35.07 33.26 36.29 38.06 35.04 35.20 35.24 35.30
Meta-Llama-3-8B-it 36.56 35.20 35.02 35.19 33.33 33.87 38.07 34.81 35.71 34.91
Meta-Llama-3.1-8B-it 33.05 32.24 33.82 33.04 31.05 31.48 32.06 33.71 33.43 32.58
internlm2-chat-7b 36.01 32.76 36.54 32.54 32.70 33.10 34.49 35.25 32.09 33.69
gemma-2-27b-it 36.94 35.97 35.66 35.73 35.36 35.09 42.09 36.96 36.52 36.23
Qwen2.5-14B-it 32.59 33.89 34.28 35.92 35.37 32.17 38.46 35.63 33.67 34.60
Qwen2.5-7B-it 33.59 31.77 34.19 33.66 33.39 33.49 36.13 34.93 32.32 33.64
Yi-1.5-9B-Chat-16K 36.44 36.30 35.77 36.28 39.98 37.61 40.66 35.73 43.22 37.67
Qwen3-8B 36.39 35.27 36.72 35.48 37.02 35.59 39.90 35.91 40.20 36.49
Analyst 28.98 33.81 32.36 33.80 31.60 31.96 31.06 36.49 32.95 33.08

Table 7: Model investment rating prediction accuracy given contexts with all human opinions removed. The ground
truth label has three categories ’bullish’, ’bearish’ and ’neutral’. The calculation details of ground truth label can be
found in appendix.

Meta-Llama-3-8B-It perform even better than ana-442

lysts as well as cutting-edge complex models like443

GPT-5. These results suggest that filtering biased444

subjective expressions enhances LLM performance445

by reducing reliance on human opinions embed-446

ded in the text and light open-source models have447

great potentials if properly prompted which can448

help save costs.449

5 Conclusion450

In this study, we present a comprehensive investi-451

gation into the decision-making behavior of large452

language models (LLMs) in the context of financial453

investment analysis. By introducing the Fin-Bias454

benchmark, we evaluate whether LLMs exhibit455

herding behavior when exposed to potentially bi-456

ased human opinions or even fake opinions embed-457

ded in long-form analyst reports. Our empirical re-458

sults demonstrate that LLMs are indeed susceptible459

to herding, with significantly higher alignment to460

analyst ratings when such ratings are present in the461

input. Notably, this alignment does not necessarily462

translate into better investment performance, and in463

some cases, models outperform analysts only when464

the analyst opinion is masked. These findings chal-465

lenge the assumption that larger or more advanced466

models inherently reason more independently, and467

highlight the importance of carefully curating in-468

puts to encourage unbiased and grounded financial469

reasoning. We further demonstrate the necessity 470

to remove implicit human bias to strengthen LLM 471

independent reasoning. Otherwise, LLM reason- 472

ing is still human reasoning. Overall, our work 473

underscores the need for future LLM development 474

to prioritize independent judgment over mere re- 475

flection of dominant human narratives, especially 476

in high-stakes, opinion-driven domains such as fi- 477

nance. Our work sheds light on the future LLM 478

research work to efficiently address LLM suscepti- 479

bility to human bias. 480

6 Limitations 481

First, Fin-herding currently focuses on single-agent 482

financial decision-making task without addressing 483

LLM herding in multi-agent framework. Second, 484

the data we use come from financial analysts which 485

represent most investors but not the whole. Third, 486

we only study LLM herding behavior in finance 487

domain which may or may not be extended to other 488

domains. 489
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A.1 Ground-Truth Label Calculation Details 706

Specifically, we employ a quantile-based portfolio 707

classification derived from the three-month (ap- 708

proximately 60 trading days) cumulative abnormal 709

return (CAR) following the report issuance date. 710
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This design reflects the fact that analyst reports711

primarily target a firm’s medium- to long-term per-712

formance rather than short-horizon fluctuations in713

daily returns. On average, analysts update their714

forecasts when firm issuing quarterly report, so we715

believe 60 trading days is average forecast horizons.716

In particular, for each firm, given a report issued on717

YYYY/MM/DD, we compute the 60-day abnormal718

return (α) using the market model.719

The market model is a standard asset pricing720

framework used to decompose an asset’s return into721

a market-driven component and an asset-specific722

abnormal component (alpha).723

Model specification. For asset i at time t, the724

market model is defined as:725

Ri,t = αi + βiRm,t + εi,t, (2)726

where Ri,t denotes the return of firm i, Rm,t de-727

notes the return of the market portfolio, αi repre-728

sents the abnormal return (alpha), βi measures the729

sensitivity of firm i to market movements, which730

can be seen as risk and εi,t is an idiosyncratic error731

term satisfying732

E[εi,t] = 0, Var(εi,t) = σ2
εi . (3)733

Estimation of alpha. The parameters αi and βi734

are estimated using ordinary least squares (OLS)735

over an estimation window t = 1, . . . , T . The OLS736

estimator of βi is given by:737

β̂i =

∑T
t=1(Rm,t − R̄m)(Ri,t − R̄i)∑T

t=1(Rm,t − R̄m)2
, (4)738

where739

R̄i =
1

T

T∑
t=1

Ri,t, R̄m =
1

T

T∑
t=1

Rm,t. (5)740

The estimated alpha is then computed as:741

α̂i = R̄i − β̂iR̄m. (6)742

A positive value of αi indicates that the asset gen-743

erates abnormal returns beyond what is explained744

by market movements, whereas a negative value745

suggests underperformance relative to the market746

benchmark. Because investors such as hedge funds747

are fundamentally concerned with risk-adjusted748

abnormal returns rather than raw buy-and-hold per-749

formance, cumulative abnormal return provides a750

more economically meaningful basis for defining751

true investment ratings. Cumulative Abnormal 752

Return measures the total alpha change of an in- 753

vestment over time by summing daily alpha, shown 754

in Equation 7. Higher values indicate better strat- 755

egy effectiveness. 756

CAR =
∑

α̂i =
∑

(R̄i − β̂iR̄m) (7) 757

758

After computing each report’s 60-day cumula- 759

tive abnormal return, we classify investment out- 760

comes using a year-specific, quantile-based ap- 761

proach inspired by long-short portfolio method 762

widely documented in finance literature. For all 763

reports issued in year t, we sort the post-report cu- 764

mulative abnormal returns and assign ratings based 765

on their relative positions within the annual distri- 766

bution. Specifically, observations in the upper 30% 767

quantile are labeled ’bullish’, those in the lower 768

30% quantile are labeled ’bearish’, and the remain- 769

ing middle 40% are categorized as ’neutral’. This 770

procedure ensures that classifications are compa- 771

rable across years and are not distorted by time- 772

varying market conditions. 773

A.2 Sample Original Analyst Report 774

The analyst reports contain analysts’ deep research 775

for a specific firm’s future stock price. They collect 776

information from different sources ranging from fi- 777

nancial statements, MD&A to earnings conference 778

calls and summarize multiple factors/events influ- 779

encing company stock return, including macroe- 780

conomic situation, industry situation as well as 781

firm fundamentals& strategy in a professional way, 782

which is of higher quality than stock news & 783

tweets. The reports tend to provide an investment 784

rating(bullish/neutral/bearish) in the first sentence. 785

Here is an example analyst report for oracle, which 786

is shown in Figure 2. 787

A.3 Sample data perturbation 788

Figure 3 and Figure 4 give examples on perturbing 789

original analyst report using two different meth- 790

ods: remove the first sentence which indicates the 791

explicit analyst rating and replace the original in- 792

vestment rating with a ’fake’ rating. The only dif- 793

ference between figure 2, 3 and 4 lies in the first 794

sentence. Figure 5 displays the same sample an- 795

alyst report but with sentences containing human 796

opinions removed using the method documented in 797

section 5. 798
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Original Analyst Report Sample

We are maintaining our HOLD rating on Oracle Corp. (NGS: ORCL). We have a sense of
relief that the Oracle/TikTok deal is much more in line with a commercial transaction than a merger.
Rumors swirling around the deal at one point had Oracle acquiring TikTok. In the actual deal,
Oracle locks in TikTok’s growing business for its small Oracle Cloud service as it gets a stake in
a high-growth asset which could one day file for an IPO. Our biggest fears were around Oracle
acquiring ownership in a business that had no strategic fit in an area, social media, in which it has
zero experience. While it is doubtful that the deal will actually accomplish true security when it
comes to TikTok’s influence on U.S. social media, we think Oracle should be capable of fulfilling
its commitments on U.S. user data security.
....
Oracle Corp. is the world’s largest independent enterprise software company, with annual revenues
of $39 billion. Its software products include database, middleware, application and cloud-based
software designed for general business purposes and for specific industries. In addition, Oracle
provides product upgrades, maintenance releases and patches through license update agreements.
It also offers product support through the cloud, internet and global support centers. Oracle also
provides server hardware through its acquisition of Sun Microsystems in 2010.

Figure 2: A sample analyst report used as input to the model.

Analyst Report without rating Sample

We have a sense of relief that the Oracle/TikTok deal is much more in line with a commercial
transaction than a merger. Rumors swirling around the deal at one point had Oracle acquiring
TikTok. In the actual deal, Oracle locks in TikTok’s growing business for its small Oracle Cloud
service as it gets a stake in a high-growth asset which could one day file for an IPO. Our biggest
fears were around Oracle acquiring ownership in a business that had no strategic fit in an area,
social media, in which it has zero experience. While it is doubtful that the deal will actually
accomplish true security when it comes to TikTok’s influence on U.S. social media, we think
Oracle should be capable of fulfilling its commitments on U.S. user data security.
....
Oracle Corp. is the world’s largest independent enterprise software company, with annual revenues
of $39 billion. Its software products include database, middleware, application and cloud-based
software designed for general business purposes and for specific industries. In addition, Oracle
provides product upgrades, maintenance releases and patches through license update agreements.
It also offers product support through the cloud, internet and global support centers. Oracle also
provides server hardware through its acquisition of Sun Microsystems in 2010.

Figure 3: A sample analyst report without rating as input to the model.
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Analyst Report with fake rating Sample

We are maintaining our SELL rating on Oracle Corp. (NGS: ORCL). We have a sense of
relief that the Oracle/TikTok deal is much more in line with a commercial transaction than a merger.
Rumors swirling around the deal at one point had Oracle acquiring TikTok. In the actual deal,
Oracle locks in TikTok’s growing business for its small Oracle Cloud service as it gets a stake in
a high-growth asset which could one day file for an IPO. Our biggest fears were around Oracle
acquiring ownership in a business that had no strategic fit in an area, social media, in which it has
zero experience. While it is doubtful that the deal will actually accomplish true security when it
comes to TikTok’s influence on U.S. social media, we think Oracle should be capable of fulfilling
its commitments on U.S. user data security.
....
Oracle Corp. is the world’s largest independent enterprise software company, with annual revenues
of $39 billion. Its software products include database, middleware, application and cloud-based
software designed for general business purposes and for specific industries. In addition, Oracle
provides product upgrades, maintenance releases and patches through license update agreements.
It also offers product support through the cloud, internet and global support centers. Oracle also
provides server hardware through its acquisition of Sun Microsystems in 2010.

Figure 4: A sample analyst report with ’fake’ rating as input to the model.

Analyst Report without human opinions Sample

Founder and CTO Larry Ellison has identified two critical Oracle products that will determine
the company’s future: its cloud ERP application software and its autonomous cloud database
(note the word ’cloud’ in each of these products). In addition, smaller niche competitors such as
Salesforce.com and Workday have targeted specific software-as-a-service applications. ORCL
trades near its historical discount to peers. TikTok has already been called out for tailoring its
algorithm to Chinese government policies, as any Chinese company is required to do. Oracle
had earlier confirmed that it was ’part of a proposal submitted by ByteDance to the Treasury
Department’ on September 14. ByteDance is the owner of virally popular social media site TikTok,
which was under a September 20 deadline for a sale to a U.S. company; that deadline has now been
extended, at least, until September 27 to accommodate the Oracle deal. However, China, where
ByteDance is domiciled, passed technology export restrictions which in effect prevented a sale.
Oracle Corp. is the world’s largest independent enterprise software company, with annual revenues
of $39 billion. In addition, Oracle provides product upgrades, maintenance releases and patches
through license update agreements. Oracle also provides server hardware through its acquisition of
Sun Microsystems in 2010.The company has over 100,000 employees. About 48% of revenues
come from overseas. ORCL has traded between 39and63 over the past year and is currently at the
high end of that range. ORCL shares are up 15% on a total-return basis year-to-date, compared
to a 2% gain for the S&P and a 22% gain for the S&P Information Technology Index. Oracle’s
forward enterprise value/EBITDA multiple of 10.5 is 27% below the peer average, near the average
discount of 26% over the past two years."

Figure 5: A sample analyst report without human opinions as input to the model.
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A.4 Case Study on LLM herding towards799

human opinions800

Here is sample case study for LLM outputs (Meta-801

llama-3-It) given contexts in two different condi-802

tions: with analyst rating and without analyst rating.803

Figure 6 shows a context With analyst rating and804

Figure 7 demonstrates the LLM output given that805

context using Chain-of-thought prompt. We can806

see LLM tend to herd analyst investment rating807

reflected in reasoning. In Figure 8, the analyst rat-808

ing is removed in context. Figure 9 shows LLM809

outputs a different rating and provides relatively810

independent thinking.811

A.5 Related Work812

A.5.1 LLM Applications in Finance813

Financial texts is one of the most common unstruc-814

tured data formats in the finance domain. There is a815

large strand of literature studying how to make use816

of large language models in performing financial817

textual analysis. One of major tasks is financial818

sentiment analysis, which aims to detect sentiment819

(positive, negative, or neutral) from financial texts820

and is used for investment decision-making. Prior821

studies provide limited financial analysis bench-822

mark datasets. The most commonly used are Finan-823

cial Phrase Bank (FPB) (Malo et al., 2014), FiQA-824

SA (Maia et al., 2018) and TSA (Cortis et al.,825

2017) for sentiment analysis. For stock prediction,826

some studies use LLMs to analyze stock news and827

predict stock prices (Yu et al., 2025; Xie et al.,828

2024). The major limitations of those datasets are829

as follows: first, most datasets are short-contexts-830

based, formed by simply concatenating a bunch of831

news/stock tweets. In finance domain, investors832

get information from a great deal of financial doc-833

uments, forming a long context. The short sen-834

tences lacking specific contexts are of least help-835

ful for evaluating large language models’ capaci-836

ties in assisting with making investment decisions;837

Even concatenating stock news forms long context,838

they lack summarization and deep research, mak-839

ing LLMs susceptible to noise. Second, most prior840

stock prediction benchmarks (Li et al., 2025) only841

select less than 20 stocks that are well-known and842

concentrated in the technology industry (e.g. Ap-843

ple, Google, Tesla etc), failing to evaluate LLM844

stock analysis comprehensively. Third, financial845

corpus contain human bias (over-optimism/over-846

pessimism), however, previous benchmarks have847

not uncovered LLMs’ capacities in correcting hu-848

man bias in the finance domain. Therefore, how do 849

large language models weight positives versus neg- 850

atives and make rational decision faced with long 851

contexts is still unresolved in finance domain. Our 852

paper fills in this gap by comprehensively evaluat- 853

ing LLM capability in correcting human bias and 854

making rational investment decisions given long 855

and synthesized contexts for a wide range of stocks 856

from across different industries. 857

A.5.2 LLM Strategic Decision-Making 858

Strategic decision-making (Punt, 2017) evaluates 859

the model’s proficiency in synthesizing diverse 860

information to formulate and implement trading 861

strategies, a challenge even for experts. A bunch 862

of studies provides evaluation on LLMs’ decision- 863

making behavior under uncertainty. For instance, 864

LLMs generally exhibit patterns similar to humans, 865

such as risk aversion and loss aversion, with a ten- 866

dency to overweight small probabilities (Jia et al., 867

2024). (Liu et al., 2024) evaluate how LLMs per- 868

form in a financial investing situation with a variety 869

of uncertainties, however, they only use histori- 870

cal prices as the context. In contrast, we use long 871

plain financial texts to form context. Prior literature 872

(Lyons et al., 2021; Bosquet et al., 2015) suggest 873

that human bias (e.g. overconfidence) may be a cru- 874

cial factor for explaining how false and low-quality 875

information spreads via news, social media, firm 876

report etc. However, most LLM agent for trading 877

frames (Xiao et al., 2024) rely on those biased 878

texts without comprehensively evaluating to what 879

extent LLMs can correct human bias hidden in the 880

contexts. (Huang et al., 2019) suggests the exis- 881

tence of sentiment bias which can pose a concern 882

for using the text generated by language models in 883

downstream applications. 884

A.5.3 Financial Evaluation Benchmarks 885

Financial evaluation benchmarks, beginning with 886

the pioneering FLUE (Shah et al., 2022), have been 887

proposed to assess model performance in the finan- 888

cial domain. FLUE covers five core NLP tasks, 889

including financial sentiment analysis (Shah et al., 890

2022), news headline classification (Alvarado 891

et al., 2015), named entity recognition (NER) (Al- 892

varado et al., 2015), structure boundary detection, 893

and question answering (QA) (Chen et al., 2022). 894

Building on FLUE, FLARE (Xie et al., 2023b) 895

further incorporates the evaluation of time-series 896

processing capabilities, such as forecasting stock 897

price movements. In addition, several Chinese fi- 898
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nancial benchmarks have been released in recent899

years, including CFBenchmark (Zhu et al., 2021),900

DISC-FINSFT (Chen et al., 2023), and CGCE901

(Zhang et al., 2023). However, these benchmarks902

remain limited in scope and have not yet addressed903

more complex financial NLP tasks, such as event904

detection (Zhou et al., 2021), nor do they fully cap-905

ture realistic financial decision-making scenarios,906

despite earlier efforts on stock trading tasks (Xie907

et al., 2023a).908
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Context

We are maintaining our BUY rating on Bank of America Corp. (NYSE: BAC) and target
price of $30 following 1Q results. The quarter included interest margin contraction as lower rates
take hold, and a sharply higher credit loss provision as the bank prepares for delinquencies from the
fallout of measures taken to contain the coronavirus. We look for continued pressure on revenues
(from reduced loan volumes, year-over-year margin contraction and lower fee-based income) in
the second half of 2020 to keep earnings below the recent run rate. Looking beyond near-term
challenges, management continues to focus on what it terms ’responsible growth.’ We believe this
may be seen in the company’s ability to expand its loan portfolio without taking on too much credit
risk, and to maintain balanced growth across segments so that more volatile businesses, such as
trading and investment banking, do not account for an outsized portion of profits. We believe the
recent share price undervalues the franchise, and we are maintaining our target price of $30, which
is 12.2-times our EPS estimate for 2021, when we believe an earnings recovery will be underway.
BAC shares are down 19% over the past year, versus a 7% increase for the broad market. On July
15, the company reported 2Q20 earnings of $0.37 per share, down from $0.74 a year earlier but
above the $0.27 consensus. Net revenues were down 3.3%, to $22.3 billion, as lower net interest
income from a narrower net interest margin was partly offset by greater investment banking and
trading revenues. Net charge-offs were 0.45% of average loans, up from 0.38% the prior year.
With $1.1 billion of net charge-offs and a $5.1 billion loan loss provision, there was a substantial
reserve build as the company prepares for credit losses related to the coronavirus impact on the
economy. First-half provisions totaled $9.9 billion. Noninterest expenses were $13.4 billion, up
1% from the prior year, and pretax income declined 58% to $3.8 billion, mostly reflecting the large
loss provision. Bank of America has four operating segments: Consumer Banking, Global Wealth
and Investment Management, Global Banking, and Global Markets. Second-quarter results by
segment follow below. In Consumer Banking, 2Q pretax income was down sharply to $94 million,
from $4.4 billion a year earlier, hurt by a 19% decline in revenues from a contraction in the net
interest margin due to lower interest rates, and a three-fold increase in the credit loss provision in
advance of expected defaults related to the impact of the coronavirus...

Figure 6: A sample context as input to the model.

LLM output

"<|start_header_id|>assistant<|end_header_id|>
Here is the analysis and investment rating in JSON format:
"answer": "bullish",
"reason": "Although Bank of America Corp. (BAC) faces near-term challenges due to the impact
of the coronavirus on its earnings, we believe that the company’s long-term fundamentals remain
solid. The recent decline in share price presents a buying opportunity, and we believe that the
company’s focus on ’responsible growth’ will enable it to expand its loan portfolio without taking
on excessive credit risk. Additionally, the dividend is secure, and capital levels are sound. With a
target price of $30, we believe that BAC shares are attractively valued."Note: The investment rating
is bullish because the analyst believes that the company has a strong long-term fundamental profile,
and the recent decline in share price presents a buying opportunity. The analyst is maintaining a
target price of $30, which is based on a multiple of 12.3-times the estimated 2021 earnings per
share."

Figure 7: A sample LLM output given context with analyst rating
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Context

The quarter included interest margin contraction as lower rates take hold, and a sharply higher
credit loss provision as the bank prepares for delinquencies from the fallout of measures taken to
contain the coronavirus. We look for continued pressure on revenues (from reduced loan volumes,
year-over-year margin contraction and lower fee-based income) in the second half of 2020 to keep
earnings below the recent run rate. Looking beyond near-term challenges, management continues
to focus on what it terms ’responsible growth.’ We believe this may be seen in the company’s
ability to expand its loan portfolio without taking on too much credit risk, and to maintain balanced
growth across segments so that more volatile businesses, such as trading and investment banking,
do not account for an outsized portion of profits. We believe the recent share price undervalues the
franchise, and we are maintaining our target price of $30, which is 12.2-times our EPS estimate
for 2021, when we believe an earnings recovery will be underway. BAC shares are down 19%
over the past year, versus a 7% increase for the broad market. On July 15, the company reported
2Q20 earnings of $0.37 per share, down from $0.74 a year earlier but above the $0.27 consensus.
Net revenues were down 3.3%, to $22.3 billion, as lower net interest income from a narrower
net interest margin was partly offset by greater investment banking and trading revenues. Net
charge-offs were 0.45% of average loans, up from 0.38% the prior year. With $1.1 billion of net
charge-offs and a $5.1 billion loan loss provision, there was a substantial reserve build as the
company prepares for credit losses related to the coronavirus impact on the economy. First-half
provisions totaled $9.9 billion. Noninterest expenses were $13.4 billion, up 1% from the prior
year, and pretax income declined 58% to $3.8 billion, mostly reflecting the large loss provision.
Bank of America has four operating segments: Consumer Banking, Global Wealth and Investment
Management, Global Banking, and Global Markets. Second-quarter results by segment follow
below. In Consumer Banking, 2Q pretax income was down sharply to $94 million, from $4.4
billion a year earlier, hurt by a 19% decline in revenues from a contraction in the net interest
margin due to lower interest rates, and a three-fold increase in the credit loss provision in advance
of expected defaults related to the impact of the coronavirus...

Figure 8: A sample context as input to the model.

LLM output

"<|start_header_id|>assistant<|end_header_id|> Here is my analysis and investment rating: Answer:
Neutral
Reason: While Bank of America faces significant challenges in the near-term due to the impact of
the coronavirus on the economy, its focus on r̈esponsible growthänd its ability to manage its credit
risk are positives. The company’s recent share price undervalues the franchise, and its financial
strength rating is Medium-High. However, the company’s earnings are expected to be hurt by
lower revenues and higher credit loss provisions in the near-term, and its dividend is expected to
be lowered in 2020. While I am neutral on Bank of America, I do believe that its shares could
recover once the impact of the coronavirus passes and the company’s underlying earnings power
improves. Additionally, the company’s financial strength and liquidity provide a buffer against
potential shocks. However, investors should be prepared for a near-term period of reduced earnings
and dividends, which could impact the stock’s performance.

Figure 9: A sample LLM output given context without analyst rating
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