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Recap

Question: Can LLMs reveal how different investors interpret the same firm news, and does 

that disagreement show up in trading?

Methodology:

• Prompt LLMs as 216 personas built from FINRA demographics + political orientations

• Elicit buy/hold/sell responses and short rationales for Ravenpack headlines, with 

disagreement measured as dispersion across personas

Main Findings

• Disagreement varies across news type (as a function of share of fundamentals)

• Income and politics generate large response dispersion

• LLM disagreement predicts same-day and next-day abnormal volume

Ambitious exercise to use LLM personas for a scalable application

• A very thought-provoking exercise for future asset pricing research

Plan for Discussion

1. Using AI/ML in Finance Research

2. AI Joint Hypothesis Problem

3. Connecting to Literature on Investor Disagreement
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This paper: Flips the benchmark logic

 Traditional ML Benchmark

• ML forecast ≈ Rational, unbiased

• Human – ML = bias, mistake, or discrimination

 This Paper

• LLM persona ≈ Investor type

• Dispersion across LLM personas = disagreement

This is a big deal!

• Gives us a scalable “survey” when real surveys are too slow or too sparse

• Allows us to hold the informational signal fixed, which is infeasible in most cases

• Different from current use cases of AI/ML in studying human behavior

Suggestion #1a. Emphasize the contribution to the broader literature on AI/ML in finance

• Dispersion across personas as an estimate of a latent population object that no survey 

can produce at scale
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LLM to Overcome Existing Limitations

Authors motivate the paper highlighting the capabilities of LLMs to overcome traditional 

limitations of survey instruments:

An excellent use case of using LLMs and authors have the scope to do much more. 

Suggestion #1b. Explore and highlight the potential LLMs in high-frequency analysis

• Earnings announcements

• FOMC announcements

• Macro vs. firm-specific news

• Episodes: COVID-19? Meme stock surges?



Example: FOMC

The authors’ methodology can produce a real-time belief updating as the text arrives! 
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Large Language Model (LLM) is a model, so the usual caution with models apply.

One form of caution is what I’d call the AI joint hypothesis problem.

LLM output quality is jointly a function of (i) prompt quality and (ii) LLM 

quality. You can't tell which is failing from output alone. 

In the context of this paper:

The cross-persona variation jointly tests (i) human behavior and (ii) that the 

LLM is a faithful mirror of the persona it’s labeled with. 

The paper implicitly assumes (ii) and proceeds to study (i).
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How good is an LLM at approximating human behavior?

Complaint #4: Model gives correct-looking answers on curated tests but lacks a coherent 

concept representation that would support reliable extrapolation to nearby tasks.
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• Headline vs. Article: Compares headline-only prompts to full-article prompts

Disagreement Measure

• Demographic Mirror: Checks whether persona responses have intuitive 

demographic gradients (i.e. does the measure behave like a disagreement 

construct?)

Human Approximation

• Human Moral Survey: Benchmark LLM personas against human survey

• Digital Twins Survey: Examine if LLMs can reproduce human behavioral-bias 

survey responses better than random guessing

I don’t think we are fully there yet in establishing that LLM has the right internal mapping 

from demographics × news → belief updates.

An Analogy: A  structural model can match some moments in the data and still produce 

unreliable counterfactuals.

Validations
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For authors:

Suggestion #2a. Clarify the role of different validation tests in the paper

• LLMs are a new frontier and it’s good for the literature to be very precise

• Question: What does it mean to be concerned that “model memorized demographic 

differences from its training data” in this context?

For everyone:

Suggestion #2b. Can we define the latent primitives of the LLM as a “human simulator”?

• In many structural models, we estimate deep parameters that are not directly observed

Demand models Price sensitivity, substitution patterns

Portfolio Choice Risk aversion, beliefs, participations costs, attention costs

Firm Investment Adjustment costs, financing frictions

Labor search  Job offer rates, search costs, reservation wages

• It would be useful to agree on LLM-specific primitives:

• Baseline prior: The model’s default answer absent persona information

• Prompt sensitivity: How much responses change when wording changes

• Stereotype intensity: How strongly demographic labels trigger learned group 

associations

 

What can we do?
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Connecting to Asset Pricing Literature

LLMs probably most useful for disentangling beliefs vs. risk aversion.

Suggestion #3a. Separate beliefs vs. risk aversion

• Q1. “Where do you think the stock will be in 12 months?”

• Q2. “Given your belief, should you BUY/HOLD/SELL?”

Suggestion #3b. Institutional Personas

• Much of trading in the U.S. is still driven by institutional investors

• A small companion analysis with institutional personas (index funds, value funds, 

growth funds) would be useful

Suggestion #3c. Tests of Return Predictability

• Miller (1997): high-disagreement stocks are overpriced and earn lower future returns

• Can we sort firm-days into quintiles of abnormal LLM disagreement?

Suggestion #3d. Wealth-reweighting as a robustness check

• For asset prices, we care about wealth-weighted averages rather than population-

weighted averages. 
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Final Thoughts

• Ambitious paper to use LLMs as a scalable instrument for measuring how different 

investors interpret the same news with article-level resolution

• Punchline: Synthetic disagreement generated from LLMs can measure how different 

investor types interpret the same firm news

• A few suggestions for future iterations:

• Push the measure into settings where article-level frequency is decisive

• Acknowledge the AI joint hypothesis problem and clarify the role of validation

• Speak more to the asset pricing literature on disagreement

• A few questions prompted by the paper for the future:

• What other reduced-form objects in finance does this machinery unlock?

• As frontier models evolve, does persona dispersion converge or diverge?

• Very much looking forward to the next version!
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