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Does Artificial Intelligence Reduce Investor

Disagreement? Evidence from AI-Human

Interactions Data

Abstract

We use a proprietary granular user–chatbot (GenAI) interaction data to exam-
ine how users search for stock-related information and how human-AI interactions
shape investors’ beliefs. We first document that GenAI-generated answers shape
users’ beliefs, and users’ beliefs become more polarized over the course of the AI-
user interaction. This increased dispersion is driven primarily by between-topic
dispersion, while within-topic dispersion weakly declines. We explore underlying
mechanisms and confirm that the increased dispersion is not due to noise embedded
in GenAI-generated answers, instead, GenAI-generated answers contain informa-
tion and can predict future stock returns, which can explain the decline in within-
topic dispersion. Meanwhile, users exhibit stickiness in topic searching, and this
stickiness is not information-driven and contributes to the increased between-topic
dispersion. We further examine the asset pricing implications in broad market and
find that, following ChatGPT’s deployment, both analyst forecasts and investor
beliefs exhibit greater dispersion after earnings announcements.

Keywords: Generative AI, Information acquisition, Investor Belief,
Dispersion, Disagreement
JEL Classification: D83; G11; G14



1 Introduction

Investors increasingly rely on AI tools (e.g., large language models, prediction algorithms,

robo-analysts) in their daily investment activities. Survey evidence from a global sam-

ple of 11,000 retail investors highlights the rapid diffusion of generative AI in financial

decision-making: approximately 50% of respondents report an intention to use tools such

as ChatGPT or Gemini for portfolio selection, while 13% have already incorporated these

technologies into their active investment workflows.1

Given the crucial role that AI plays in information processing and broad capital mar-

ket, the deployment of ChatGPT in November 2022 has sparked a significant body of

academic research. Cheng et al. (2025), Chang et al. (2023), and Even-Tov et al. (2025)

find that AI tools help retail investors narrow the sophistication gap by improving in-

formation processing and supporting information-driven trading. Bertomeu et al. (2025)

find that AI tools also support analysts’ information production, and that restrictions on

these tools reduce market liquidity and forecast accuracy. Sheng et al. (2026) document

that institutional adoption of AI helps alpha generation. While prior studies find strong

impacts of AI on investor trading and positive implications for capital market efficiency,

it is still unclear whether and how AI usage would affect investors’ belief formation and

belief dispersion.

To fill this gap, we utilize a proprietary granular dataset of user–platform interactions

from one of China’s largest GAI service providers. This dataset includes detailed records

of user inputs and corresponding AI responses, and we can identify stock-related queries

at the investor level. Compared with recent studies on the effects of ChatGPT on finan-

cial markets relying on exogenous shocks (e.g., ChatGPT outages or regulatory bans),

our dataset has advantages in granularity and completeness. These features make the

data particularly well suited for our research questions, as its granularity and complete-

ness allow us to precisely track investors’ information acquisition and belief updating

throughout the human-AI interaction process, which in turn affects the stock market.

1See: Reuters“‘ChatGPT, what stocks should I buy?’ AI fuels boom in robo-advisory market.”
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More importantly, we can observe multiple rounds of human–AI interaction each indi-

vidual single user. By tracking changes in the same user’s beliefs across multiple AI

interactions, we can isolate the effect of AI on individual belief formation and on dis-

persion across users, and we can identify various drivers of belief dispersion, including

heterogeneous information, AI sophistication, and users’ interests in different topics.

AI tools could have ambiguous effects on investor belief and belief dispersion. On the

one hand, AI processes earnings calls, filings, news, and alternative data at scale, pro-

viding investors with more accurate information about firm fundamentals. As a result,

investors may form more homogeneous beliefs. On the other hand, heterogeneous access

to AI tools, differences in prompts, data inputs, or interpretation skills can increase dis-

agreement. For instance, investors may be interested in different topics, and they can

dig deeper into their interests with the help of AI tools, amplifying the dispersion among

investors. As another example, the false information embedded in AI-generated an-

swers (“AI hallucination”) could introduce noise to investors’ belief formation, contribut-

ing to the dispersion. Wang (2025) shows that LLMs frequently hallucinate accounting

facts—both by deviating from existing financials and by fabricating nonexistent items,

implying that AI can shift costs from information processing to information verifica-

tion. Consequently, it remains an open question whether AI tools enhance informational

efficiency and whether they amplify or attenuate dispersion in investors’ beliefs about

firms.2

To conduct our study, we first apply natural language processing techniques to con-

struct a measure of users’ tone toward firms by extracting sentiment from user-generated

prompts. Specifically, we quantify sentiment using the finance-domain sentiment model

(FinBERT) and construct a continuous tone index from the predicted sentiment shares

(Huang et al., 2023). This state-of-the-art large language model adapts to the finance

domain, incorporates finance knowledge, and is better able to capture summarize con-

2Recent surveys characterize LLM hallucinations as a systematic factuality deficit, where models
generate fluent yet unsupported or inconsistent statements (Zhang et al., 2025; Huang et al., 2025). This
“distorted information” extends beyond blatant fabrication to subtle shifts that undermine the perceived
reliability of a claim (Sun et al., 2024).
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textual information in financial texts. Based on this tone measure, we can calculate the

dispersion in beliefs across human users.

Our analysis yields several key findings. First, we document a pronounced increase

in the dispersion of human users’ tone as conversations progress from the initial round

to the second (or final) round of AI–human interactions. On average, tone dispersion in

second-round user prompts increases by 11% relative to the initial round. We confirm this

pattern in regression analyses even after controlling for firm and time fixed effects. Specif-

ically, we find that the absolute value of user tone increases by 25% from the first to the

second round, suggesting that users’ beliefs become more polarized over the course of the

interaction. These results provide empirical evidence consistent with recent experimental

and theoretical works (Glickman and Sharot, 2025; Acemoglu et al., 2025), showing that

sentiment dispersion among humans increases with greater human–AI interaction.

Second, we explore the underlying sources of the increase in dispersions. To this

end, we decompose overall dispersion into within-topic dispersion, which captures het-

erogeneity in tone among users discussing the same topic (e.g., price movements, firm

fundamentals, or macroeconomic conditions)—and between-topic dispersion, which re-

flects differences in tone across topics emphasized by different users. We find that the

increase in overall dispersion is primarily driven by a substantial rise in between-topic

dispersion. Specifically, between-topic dispersion increases by 1.07 (approximately 14%)

in the second round, relative to an initial-round mean of 7.47 in the initial round. By con-

trast, within-topic dispersion declines slightly, suggesting that users discussing the same

topic become marginally more aligned in tone. Taken together, these findings imply that

AI–human interactions cause investors to diverge more in what aspects of the firm they

focus on, rather than in how they evaluate the same aspect.

Third, we find that users actively adjust the tone of their subsequent prompts to align

with the tone embedded in AI-generated responses. Specifically, a one-standard-deviation

increase in the tone difference between the AI response and the user’s initial prompt is

associated with an increase in user tone change equal to approximately 200% of its sample
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mean, highlighting the role of AI in shaping human belief updating. This result remains

robust after controlling for firm characteristics as well as a rich set of features of both

user prompts and AI responses, including text length and readability.

We push further and attempt to understand how AI shapes human beliefs. AI may

affect belief dispersion through two channels: by transmitting informative signals or by in-

troducing noise into investors’ beliefs. Although the noise channel cannot be completely

ruled out, our evidence is more consistent with an information-based mechanism and

Bayesian belief updating. Specifically, we find that the average tone measure derived from

AI responses significantly predicts future stock returns, whereas tone measures derived

from human prompts do not. This contrast suggests that AI answers convey incremental

information beyond users’ prior beliefs, rather than merely amplifying existing sentiment.

Moreover, conditional on a given topic, tone in AI-generated content converges across re-

sponses, indicating greater signal precision and going against hallucination-driven noise

as the primary driver of the increased belief dispersion. These results are generally con-

sistent with the findings in prior studies that AI tools help investors process information

and contribute to the price discovery (Cheng et al., 2025; Chang et al., 2023; Bertomeu

et al., 2025).

So far, we have established two important facts: (1) users’ belief dispersion increases

after interacting with AI, and this increase is driven mainly by between-topic dispersion;

(2) AI answers contain useful information. At first glance, these two facts appear con-

tradictory, as information-based theories typically predict that more informative signals

can help reduce dispersion. Thus, it is still unclear what drives the belief dispersion,

particularly the between-topic component. Motivated by behavioral attention theories

(see the survey by Gabaix, 2019), we exploit the granularity of our granular data and

examine users’ topic search behaviors throughout the human-AI interaction process. We

find a striking persistence in users’ topic choices across conversation rounds. Among more

than ten distinct topics, a topic raised by a given investor in an earlier round is ten times

more likely to be queried again in the next round than alternative topics. One potential

explanation for this stickiness is that continuing within the same topic yields additional
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information gains. However, we find this is not the case in the data. For instance,

comparing the return predictability of AI answers in the last and second-to-last rounds

reveals no incremental predictive power. Consequently, the persistence in user prompts is

unlikely to be driven by rational information acquisition and instead appears more con-

sistent with behavioral factors shaping investors’ information search. Specifically, such

topic search persistence is consistent with the theory in Nimark and Sundaresan (2019),

who show that economic agents optimally select confirmatory information sources and

may reduce learning about alternative topics as confidence rises, leading to persistent

belief polarization even among fully rational investors. Taking the aforementioned re-

sults together, we confirm that the increased dispersion (particularly the between-topic

dispersion) is driven by users’ persistence in topic research.

Finally, we extend our study and examine whether investors become more or less

dispersed in the post-ChatGPT period when processing firm-level information. To do

so, we focus on the U.S. market, which is an important out-of-sample validation. To

mitigate confounding factors, we zoom in on a salient information event—earnings an-

nouncements—during which investors and information intermediaries, such as financial

analysts, rely on AI tools to process newly released public information. Investor belief dis-

persion is therefore likely to change sharply around these events. Employing a difference-

in-differences design, we find that following the deployment of ChatGPT, both analyst

forecast dispersion and investor belief dispersion increase more in the post-announcement

window relative to the pre-announcement period. At the same time, trading volume and

stock return volatility rise significantly. Further decomposing dispersion into difference-

of-opinion (DO) and information asymmetry (IA) components by the machine learning

methods in Liu et al. (2025), we show that the increase in dispersion is primarily driven

by higher DO, while information asymmetry is alleviated. These findings suggest that

AI adoption amplifies heterogeneity in interpretation rather than exacerbating informa-

tion frictions. This evidence is also consistent with findings in Cheng et al. (2025), who

document that ChatGPT outages are associated with reduced trading activity and that

GenAI-assisted trading improves informational efficiency. Overall, the evidence from the
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introduction of ChatGPT is broadly consistent with our earlier findings using granular

user–AI interaction data.

In summary, our analysis shows that the use of GenAI tools increases dispersion in

investors’ beliefs. After receiving informative responses from AI, users obtain more precise

signals regarding the specific topics they initially focus on. At the same time, investors

exhibit strong persistence in topic search and are unlikely to switch to alternative topics.

As a result, although each investor’s signal becomes more precise, differences in the signals

emphasized across investors lead to higher overall dispersion. Put differently, conditional

on a common information set, investors focus on distinct dimensions of that information,

generating greater differences of opinion. Within a given topic, however, AI delivers

more precise information, thereby reducing information asymmetry. This mechanism

reconciles rising belief dispersion (associated with higher trading volume) with improved

informational efficiency documented in prior studies (Cheng et al., 2025).

2 Related Literature

Our paper is related to two main strands of the literature. The first examines how investor

disagreement arises from heterogeneous information, priors, and frictions in information

processing, and how such disagreement translates into trading and prices. The second

strand examines how Artificial Intelligence (AI) and automation reshape investors’ in-

formation environment by changing the costs and technologies of information acquisition

and processing.

2.1 Formation of Disagreement

Extensive theoretical research studies the origins of investor disagreement. Classic mod-

els show that even with identical public news, investors may hold heterogeneous priors,

which can generate trading volume and price dispersion (e.g., Harris and Raviv (1993);

Bamber et al. (1997)). Disagreement is further amplified by heterogeneous interpreta-

tion, where agents map the same signal into different valuations because they rely on
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different mental models to interpret the same public signal (Kandel and Pearson, 1995).

Kondor (2012) show that public signals may reduce disagreement about fundamentals

while increasing disagreement about prices, because traders use public information to in-

fer others’ private signals, amplifying higher-order belief dispersion and trading activity.

Beyond higher-order beliefs, disagreement can also be driven by endogenous information

acquisition. Social networks and echo chambers can further exacerbate belief dispersion,

as investors self-segregate into like-minded communities that reinforce existing views and

limit exposure to opposing information (Cookson et al., 2023).

A core mechanism is information frictions in disclosure processing. Even when infor-

mation is formally public, investors may still hold incomplete information sets because

acquiring and interpreting disclosures is costly (Grossman and Stiglitz, 1980), and limited

processing capacity forces them to allocate scarce attention and effort unevenly across

available signals (Sims, 2003; Blankespoor et al., 2020). Recent empirical work using

social-media investor data finds that disagreement reflects both differences in investors’

information sets and differences in interpretation; however, information heterogeneity is

more strongly associated with trading volume (Cookson and Niessner, 2020). Antweiler

and Frank (2004) find that message-board tone predicts volatility, and that disagreement

across posts is linked to higher trading volume.

Our study complements this literature by examining how new technologies – specifi-

cally generative AI – shape investors’ beliefs and affect belief dispersion. We investigate

whether AI tools move investors toward a common information set or instead interact with

existing frictions in ways that preserve or even exacerbate belief heterogeneity. Distinct

from prior studies, we document that while GenAI delivers more precise information, it

simultaneously widens between-topic dispersion due to the idiosyncratic nature of user

queries.
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2.2 AI, Investor Behavior and Financial Market

Emerging research studies how AI reshapes investor information acquisition and process-

ing, and how these changes translate into trading behavior and market efficiency (Cao

et al., 2025). Existing studies show that LLMs possess strong capabilities in process-

ing complex economic and financial information, including extracting structured signals

from unstructured corporate disclosures (Shaffer and Wang, 2024; Lu et al., 2025), iden-

tifying economically meaningful patterns and causal relationships across diverse textual

sources such as analyst reports, earnings calls, and employee reviews (Lv, 2024; Li et al.,

2026), and interpreting policy-related information and stance from central bank commu-

nications more accurately than traditional natural language processing methods (Hansen

et al., 2024).

A central theme is that generative AI lowers the cost of extracting signals from com-

plex disclosures and can therefore reduce information frictions. For example, Chang et al.

(2023) show that after the diffusion of ChatGPT, retail trading becomes more aligned

with AI-extracted earnings-call sentiment, especially for firms with high processing costs,

and that improved information diffusion reduces information asymmetry. Related evi-

dence at the portfolio choice stage suggests that algorithmic tools can attenuate behav-

ioral frictions: investors adopting robo-advisors exhibit better diversification and weaker

tendencies toward the disposition effect and return chasing (e.g., D’Acunto et al., 2019;

Rossi and Utkus, 2024).

Consistent with these mechanisms, recent surveys, quasi-natural experiments, and

empirical evidence indicate that AI is already embedded in capital market workflows.

Using survey and interview evidence, Christ et al. (2025) document that sell-side equity

analysts have begun adopting AI tools in their research processes. Cheng et al. (2025)

exploit exogenous ChatGPT outages and find that trading activity declines when AI

becomes unavailable, with stronger effects around corporate news and among firms held

by more transient institutions, implying that AI facilitates information-driven trading.

Bertomeu et al. (2025) leverage the unexpected ChatGPT ban in Italy and document
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deteriorations in analyst information production and forecast performance, together with

weaker market information efficiency, consistent with AI functioning as a general purpose

information processing technology.

At the same time, AI can also generate forces that may amplify disagreement or distort

price discovery. Reinforcement-learning trading agents may endogenously learn collusive-

like strategies that impair liquidity and price efficiency, raising concerns that algorithmic

interaction can produce correlated yet distortive trading behavior (Dou et al., 2025).

Winder et al. (2025) show that large language models exhibit similar echo chambers as

human investors, reinforcing existing investment biases inherent in their training data.

Glickman and Sharot (2025) use experiment to discover that human–AI interactions can

create a feedback loop in which AI amplifies users’ pre-existing biases and users internalize

the amplified signals, causing small distortions to snowball over time. Moreover, AI

delivery is increasingly personalized by tailoring interpretations and recommendations to

user-specific inputs, personalization can interact with prior beliefs and search patterns to

fragment information diets and intensify polarization (Acemoglu et al., 2025).

While AI holds the potential to improve information efficiency and reconcile divergent

beliefs, these effects are strictly constrained by the model’s factual reliability, which re-

mains a primary impediment in current LLM architectures. Recent surveys characterize

LLM hallucinations as a systematic factuality deficit, where models generate fluent yet

unsupported or inconsistent statements (Zhang et al., 2025; Huang et al., 2025). This

“distorted information” extends beyond blatant fabrication to subtle shifts that under-

mine the perceived reliability of a claim (Sun et al., 2024). The stakes are particularly high

in expert domains like finance, where precision in numerical data and time-sensitive in-

stitutional facts is paramount; here, minor inaccuracies can lead to catastrophic decision-

making. Wang (2025) shows that LLMs frequently hallucinate accounting facts—both

by deviating from existing financials and by fabricating nonexistent items, implying that

AI can shift costs from processing to verification.

Our analysis sits at the intersection of these perspectives by examining whether, in
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practice, chatbot usage is associated with a net reduction in investor disagreement or

whether AI instead reinforces segmentation in beliefs across investors. Leveraging gran-

ular dialogue data, we provide direct evidence that investors update beliefs in response

to AI answers, and mechanism tests point to an information channel, as AI responses

reliably predict subsequent returns, although the AI response may contain noise.

3 Data and Variable Construction

3.1 Data Sources

Our primary dataset consists of anonymized AI-human conversation logs collected from

one of the largest Chinese generative AI platforms during the period from September

to December 2024. Each observation corresponds to a conversation round, i.e., one user

prompt and the GenAI’s response within an ongoing conversation. The raw logs contain

(i) the prompt and answer texts, (ii) conversation identifiers that allow us to reconstruct

multi-round interactions, and (iii) system metadata (e.g., model and tool types, and

status flags). To connect conversational behavior to capital market settings, we match

conversations to publicly listed firms using a firm identifier field available in the platform

logs.

We begin with raw conversation logs and apply a rigorous sequence of cleaning and

screening filters to construct a sample that facilitates the study of how users acquire

firm-specific information. Our sample integrates two complementary datasets provided

by the platform. Our main sample is the multi-round conversation data that containing

multiple rounds human prompt–AI response interactions. This multi-round conversation

dataset captures complete, multi-round dialogues referencing listed firms, allowing us to

trace the intra-conversation dynamics of how human changes the prompts and adjusts

according to AI answers. The second dataset is the single-round conversation dataset

that recording conversation with only one round firm-related prompt–response, primar-

ily supporting large-scale cross-sectional analyses and robustness checks.3 Across both

3We compare the tone in single-round conversations with the tone in the first round of multi-round
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sources, we implement a consistent filtering process to ensure the sample captures capital

market oriented information acquisition, we exclude several types of observations:

(i) interactions flagged with generation errors (e.g., status = "error"); (ii) multimodal

interactions involving images, which preclude reliable text-based sentiment measurement;

(iii) text-processing tasks—such as summarization, translation, and polishing—as these

focus on language editing rather than information seeking and may mechanically bias sen-

timent scores; and (iv) conversations unrelated to capital markets, even if a firm name is

mentioned. Specifically, we remove requests concerning product usage, customer support

(e.g., account setup or troubleshooting), and general corporate inquiries (e.g., recruit-

ment, office locations, or internal operations). This filtering process ensures the final

sample isolates investment-related inquiries from consumer-oriented or administrative in-

teractions. Appendix B provides anonymized, representative examples of conversations

from our sample.

3.2 Basic Facts

3.2.1 Conversation Structure

The dataset is structured such that each observation represents a single query-response

pair. Multiple observations may originate from the same conversation, allowing for the

analysis of multi-turn dynamics. As illustrated in Figure 1, the distribution of conver-

sation depth is heavily skewed toward short-horizon interactions. Two-round exchanges

(one user query and one AI response) constitute the vast majority of the sample, ac-

counting for 74.4% of all observations. This is followed by three-round conversations at

16.6%. Beyond this point, the density diminishes monotonically; the remaining proba-

bility mass is distributed across longer threads, which represent a marginal fraction of

the total volume. This concentration suggests that most user intents are either addressed

or abandoned within the first two turns. Complementing the conversation-level data,

Figure 2 illustrates the distribution of unique users per firm. The pattern is strongly

conversations. As shown in Appendix Table A2, we find no statistically significant differences in either
human or AI tone between the two settings.
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right-skewed and mirrors the concentration observed in conversation depth. Most firms

(76.5%) are associated with 0–10 unique users. The share declines sharply as the user

count increases: 12.1% of firms involve 11–20 users and 4.5% fall in the 21–30 range. The

distribution also features a long tail, with 5.5% of firms discussed by 41 or more unique

users, indicating that user coverage varies substantially across firms.

3.2.2 Topic Composition

We classify each user query into economically meaningful topic categories using a hybrid

procedure that combines rule-based seeding with supervised machine learning. First, we

develop a topic taxonomy and a set of topic-specific seed keywords and pattern rules

to generate high-recall candidate labels. Second, we draw a stratified sample of queries

and manually verify and refine the preliminary labels, producing a clean labeled set for

training. Third, we fine-tune a pretrained BERT model for multi-class sequence clas-

sification on this human-labeled data, and use the fine-tuned classifier to assign final

topic labels to the full sample.4 Figure 3 shows that user questions are concentrated

in a small set of categories. Price Trends is the largest category (21.8%), followed by

ESG and Governance Risk (20.4%). Together, these two categories account for 42.2%

of all topic assignments. Several additional topics each represent nontrivial shares, in-

cluding Trading Behavior (9.6%), Business Efficiency (8.7%), Macroeconomic Indicators

(8.6%), Profitability (8.4%), and Balance Sheet (7.6%). The remaining categories ap-

pear less frequently, such as Financial Indicators (5.1%), Shareholder Payouts (3.2%),

Trading Structure (3.0%), Market Sentiment (2.1%), and Valuation Metrics (1.5%). This

distribution suggests that a large fraction of queries focus on market movements and risk

assessment, while a sizable subset centers on fundamentals and macro conditions. One

potential explanation is that users rely on conversational systems for rapid triage of firm-

specific information. Topics such as price dynamics and ESG or governance risk are often

4The classification threshold is selected on the validation set to maximize macro F1. At the selected
threshold of 0.45, the classifier achieves an accuracy of 96.5%, a macro F1 score of 95.5%, and a macro
ROC-AUC of 98.9% on the validation set. The corresponding test-set performance is similar, with an
accuracy of 96.6%, a macro F1 score of 95.9%, and a macro ROC-AUC of 99.2%. The comparable
performance across the validation and test sets indicates stable out-of-sample classification performance.
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linked to contemporaneous events and dispersed disclosures, which may generate demand

for quick summarization and synthesis. In contrast, valuation and trading-structure ques-

tions may require more structured inputs and specialized terminology, which could limit

their prevalence in natural-language queries. We treat these interpretations as descriptive

and use them to motivate our subsequent analyses of content variation and dispersion

across topic environments.

3.3 Tone and Dispersion Variables

3.3.1 Sentiment

We quantify tone using a finance-domain sentiment model and construct a continuous

tone index from the predicted sentiment shares (Huang et al., 2023). This approach is well

suited to our setting because FinBERT is designed for single-sentence classification, and

the sentence is a natural unit for expressing sentiment. This makes the model particularly

suitable for measuring the tone of short user prompts. For each text, we define

Tone = spos − sneg. (1)

where spos and sneg denote the model-implied positive and negative sentiment shares,

respectively. Higher values indicate a more positive tone, and we compute this measure

consistently for both user queries and AI responses at the conversation–round level.

We also construct a set of text-feature variables to characterize both the user’s prompt

and the GAI’s response in terms of content volume and linguistic accessibility. For each

prompt and answer, we measure Length as the total number of words in the correspond-

ing text. We also compute Readability to capture linguistic complexity, defined as the

proportion of words that appear in a high-frequency dictionary; higher values indicate

simpler, more readable text. Accordingly, we obtain LengthHuman and LengthGAI , as well

as ReadabilityHuman and ReadabilityGAI , for every conversation round.

13



3.3.2 Disagreement

We measure belief disagreement in AI–human interactions by constructing tone dispersion

at the conversation–round level and decomposing it into within-topic and between-topic

components. For each conversation round r, we first compute the population variance of

tone across all observations within the round. We then apply a variance decomposition

based on the law of total variance, which expresses total dispersion as the sum of two com-

ponents. We formulate the decomposition in variance terms, that is, as sums of squared

deviations, because variance is additively decomposable and therefore provides a natural

way to separate overall disagreement into within-topic and between-topic components.

The within-topic dispersion, DispersionWithin
i,t,r , captures disagreement among obser-

vations discussing the same information topic within a given round. It is computed

as the weighted average of topic-specific variances, where the weights reflect the rela-

tive frequency of each topic in that round. In contrast, the between-topic dispersion,

DispersionBetween
i,t,r , measures heterogeneity across information topics and is defined as the

weighted variance of topic-level mean tones within the same round. Although the decom-

position is derived in squared units, in the regression analysis we use the corresponding

standard deviation measure rather than the variance itself. This transformation preserves

the underlying dispersion ranking while expressing the variable in the same units as tone,

which makes the magnitude of the dependent variable and the estimated coefficients more

directly interpretable. In addition, standard deviation is less mechanically sensitive to ex-

treme values than squared dispersion and is more comparable across specifications when

discussing economic magnitude.

TotalDispersioni,t,r =
∑
k∈Kr

ωkr Var(Tone | k, r)︸ ︷︷ ︸
DispersionWithin

i,t,r

+
∑
k∈Kr

ωkr (µkr − µr)
2

︸ ︷︷ ︸
DispersionBetween

i,t,r

, (2)

where ωkr = nkr/Nr is the share of observations belonging to topic k in round r, µkr

denotes the topic-level mean tone, and µr is the round-level mean tone. For empirical

implementation, we then take the square root of each variance-based dispersion com-
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ponent so that the regression outcome is a standard deviation measure rather than a

variance measure. In the subsequent variable construction, we multiply the dispersion

measure by 100 in regression analyses.

3.4 U.S. Data

Our U.S. equity sample consists of common stocks listed on the NYSE, AMEX, and

NASDAQ, excluding firms in the financial and utilities sectors. To mitigate the influence

of small and illiquid stocks, we further exclude stocks with prices below $5 per share.

Stock level return and trading data are obtained from the Center for Research in Security

Prices (CRSP), while accounting information is drawn from Compustat. The main sample

spans January 2021 through December 2024. For the earnings-announcement analysis, we

require complete data availability, with at least two months of observations both before

and after each announcement window.

3.5 Summary Statistics

Table 2 reports summary statistics for the variables used in the empirical analysis. Panel

A summarizes the core outcomes in the dispersion panel, including total disagreement and

its decomposition into within-topic and across-topic components, together with a noise

proxy. Panel A also presents text-feature measures constructed from both user prompts

and GAI responses. Specifically, we quantify content volume using length and linguistic

accessibility using readability, and we further report the cross-sectional dispersion of these

text features across prompts and across answers. In addition, Panel A includes round-level

tone measures for users and the GAI, along with prompt- and answer-level text character-

istics at the conversation-round level. Panel B reports firm–date–conversation variables

that capture conversation-level dynamics, including tone changes across rounds, the initial

tone gap between the GAI and the user, and conversation-level text features of the GAI

response. Panel C reports standard firm–date controls commonly used in asset-pricing

and market-microstructure settings, together with firm-date news sentiment controls con-
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structed from print and web news. Panel D reports benchmark variables from the U.S.

equity market that characterize the broader information environment and market condi-

tions used in the analysis. Our main investor-disagreement measure, Dispersioni,t,r, has

a mean of 10.392 at the firm–date–round level, with substantial cross-sectional and time-

series variation (SD = 17.778). Decomposing Dispersion further, the DispersionBetween
i,t,r

(mean = 8.228) is markedly larger than the DispersionWithin
i,t,r (mean = 3.174), indicating

that overall disagreement is driven primarily by across-topic differences rather than the

within-topic divergences.

4 Baseline Results

This section examines how investor disagreement evolves with continued interactions with

AI and explores the underlying mechanisms driving these changes. Section 4.1 documents

whether user disagreement increases or decreases across conversation rounds, using both

univariate comparisons and panel regressions, and further decomposes overall dispersion

into within-topic and between-topic components to identify the source of the change.

Section 4.2 then studies the role of AI in belief updating by examining whether and

how users adjust their expressed tones in response to the tone embedded in AI-generated

answers during the interaction. Section 4.3 investigates whether the observed changes in

disagreement reflect information transmission or noise introduction, by testing the return

predictability of AI tones relative to human tones and by examining how information

precision in AI answers evolves across interaction rounds.

4.1 Disagreement Increases or Decreases?

Table 3 reports univariate difference-in-means tests examining how user tone dispersion

evolves across query rounds in conversations. The dependent variable, Dispersioni,t,r, is

measured at the firm–date–round level. The results show that user dispersion increases

as conversations progress. Average dispersion rises from 9.581 in Round 1 to 10.688 in

Round 2, implying a statistically significant increase of 1.107 (s.e. = 0.395). A similar
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pattern holds when comparing the first and the last query rounds. Dispersion increases

from 9.581 in Round 1 to 10.905 in the last round, corresponding to an increase of 1.324

(s.e. = 0.396), which is also statistically significant at the 1% level. These univariate

results suggest that repeated interactions with AI are associated with higher user tone

dispersion across rounds.

To mitigate potential endogeneity concerns, we next estimate panel regressions at the

firm–date–round level. Our baseline specification is given by

Dispersioni,t,r = α+ βDi,t,r + γXi,t,r + µi + λt + εi,t,r, (3)

where Dispersioni,t,r measures user disagreement for firm i on date t at query round

r, constructed identically to Table 3. The indicator variable Di,t,r captures the progres-

sion of AI-human interactions across query rounds. Di,t,r is defined as either DRound2
i,t,r ,

which equals one for second-round queries and zero for first-round queries, or DFinal
i,t,r ,

which equals one for last-round queries and zero for first-round queries within the same

conversation.

The vector Xi,t,r includes, among others, controls for prompt-level characteristics such

as the standard deviation of prompt length (LengthSDHuman
i,t,r ) and prompt readability

(ReadabilitySDHuman
i,t,r ), as well as lagged firm characteristics, including stock return re-

versal, momentum, firm size, turnover, and the book-to-market ratio. Firm fixed effects

µi absorb time-invariant heterogeneity across firms, while date fixed effects λt control for

common shocks affecting all firms on the same day.

If later interactions are associated with greater divergence in user interpretations, we

expect a positive association between the query-round indicators and overall dispersion.

The coefficients on DRound2
i,t,r and DFinal

i,t,r are expected to be positive, indicating higher user

disagreement in later rounds relative to the first round.

Table 4 Columns (1)–(4) shows the panel regression results which are based on the

regression specification in Equation 3. Across specifications, the results consistently indi-
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cate that user disagreement increases with continued AI usage. In Columns (1) and (2),

which are estimated on a firm–date–round level panel constructed from observations in

the first and second query rounds, dispersion in the second round is significantly higher

than in the first round, with an estimated increase of approximately 1.10. Columns (3)

and (4), which analogously rely on a firm–date–round level panel constructed from ob-

servations in the first and the last query rounds within the same conversation, show that

dispersion in the last round is also higher relative to the first round, with the estimated

differences ranging from 1.30 to 1.32. These effects remain statistically significant after

controlling for firm and date fixed effects as well as prompt-level characteristics.

Table 4 Columns (5)–(8) present results from a firm–date–conversation–round level

specification that focuses on belief polarization during AI-human interactions. In these

regressions, the dependent variable is the absolute value of human tone, |ToneHuman
i,t,c,r |,

which serves as a proxy for belief polarization by capturing the extremeness of a user’s

expressed tone. This variable is measured at the prompt level, which corresponds to

the firm–date–conversation–round level, as each conversation round belongs to a single

firm and occurs within one day. Columns (6) and (8) further include user fixed effects.

This specification helps absorb time-invariant user-specific factors, such as persistent

language style, baseline communication habits, and the AI’s memory with the same user.

By controlling for the user fixed effects, the estimates are less likely to be driven by

systematic differences across users and instead more cleanly capture within-user changes

in expressed polarization across query rounds.

We estimate panel regressions analogous to the Equation 3, where the key explana-

tory variable indicates the progression of query rounds. DRound2
i,t,c,r equals zero for observa-

tions from the first round and one for observations from the second round; accordingly,

Columns (5) and (6) are estimated using observations from the first and second rounds.

Similarly, DFinal
i,t,c,r equals zero for observations from the first round and one for obser-

vations from the last round within the same conversation. The regressions control for

prompt-level characteristics, including prompt length and readability, as well as lagged

firm characteristics such as return reversal, momentum, firm size, turnover, and the book-
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to-market ratio. Firm and date fixed effects are included.

Complementary evidence from Columns (5)–(8) indicates that belief polarization in-

tensifies as interactions progress. Both the second-round and last-round indicators enter

positively and significantly, suggesting that repeated interactions with AI are associated

with users expressing more extreme beliefs over the course of the conversation. Our em-

pirical results complement experimental and theoretical models (Glickman and Sharot,

2025; Acemoglu et al., 2025) by showing that sentiment dispersion among humans in-

creases with greater human–AI interaction.

4.1.1 Between-Topic versus Within-Topic

To further distinguish the sources of disagreement, we decompose overall dispersion into

within-topic and between-topic components and estimate the following specification:

Dispersionk
i,t,r = αk + βkDRound2

i,t,r + γkXi,t,r + µi + λt + εki,t,r, (4)

where k ∈ {Within,Between}. DispersionWithin
i,t,r captures disagreement among users

discussing the same topic, whereas DispersionBetween
i,t,r reflects disagreement across dif-

ferent topics within the same firm–date–round. This decomposition allows us to assess

whether changes in disagreement across query rounds arise from increased divergence

within topics or from dispersion across topic-level interpretations. In all specifications,

standard errors are two-way clustered by firm and date. When overall dispersion is de-

composed into within-topic and between-topic components, we expect the association to

differ across dimensions. If continued interactions primarily broaden the range of topics

or frames through which users engage with firm-related information, the positive asso-

ciation should be concentrated in between-topic dispersion. Accordingly, we expect a

positive coefficient on the round indicator when DispersionBetween
i,t,r is the dependent vari-

able, while the association with DispersionWithin
i,t,r is expected to be weak or statistically

insignificant.
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Table 5 decomposes user disagreement into within-topic and between-topic compo-

nents to examine how disagreement evolves across query rounds. Columns (1) and (2)

report results for DispersionWithin
i,t,r , capturing disagreement among users discussing the

same topic, while Columns (3) and (4) focus on DispersionBetween
i,t,r , reflecting disagree-

ment across different topics within the same firm–date–round.

The results reveal a clear contrast between within-topic and between-topic disagree-

ment. The coefficient on the second-round indicator is small and statistically insignificant

in Columns (1) and (2), suggesting that repeated interactions with AI do not significantly

increase disagreement among users within the same topic. In contrast, Columns (3) and

(4) show a large and statistically significant increase in between-topic dispersion in the

second round. The estimated coefficients are economically meaningful and remain robust

after controlling for firm and date fixed effects. These findings indicate that the overall

increase in user disagreement documented earlier is primarily driven by divergence across

topics rather than heightened disagreement within a given topic. This pattern suggests

that later queries are associated with a greater dispersion across topics, indicating that

users increasingly focus on different aspects of the same firm. As a result, interpretations

of the firm’s fundamentals become more dispersed across users as interactions with AI

progress, while users discussing the same topic do not become systematically more di-

verged. It aligns with the notion that enhanced transparency can shift learning toward

others’ beliefs, amplifying disagreement even as fundamental information becomes easier

to acquire (Banerjee et al., 2018).

4.2 The Role of GenAI

The preceding analyses show that user disagreement increases across query rounds, with

the expansion driven primarily by dispersion across topics rather than within-topic dis-

agreement. These aggregate patterns naturally raise the question of how much of this

divergence reflects the influence of AI responses on individual users’ belief updating. We

therefore turn to a more granular analysis that examines the role of AI at firm–date–
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conversation–round level, focusing on how exposure to the tone embedded in AI answers

is associated with subsequent changes in human tone.

To quantify how AI answers are associated with subsequent updates in human tone

within the same conversation, we estimate the following panel regression:

∆ToneHuman
i,t,c,r=2 = α+ β

(
GapGAI−Human

i,t,c,r=1

)
+ Γ′Zi,t,c,r=1 + µi + λt + εi,t,c, (5)

where the dependent variable is the change in human tone from Round 1 to Round 2,

∆ToneHuman
i,t,c,r=2 = ToneHuman

i,t,c,r=2 − ToneHuman
i,t,c,r=1, (6)

measured at the firm–date–conversation level. The key independent variable is the AI-

human tone difference in Round 1,

GapGAI−Human
i,t,c,r=1 = ToneGAI

i,t,c,r=1 − ToneHuman
i,t,c,r=1. (7)

The vector Zi,t,c,r=1 includes query and response characteristics (e.g., LengthHuman,

ReadabilityHuman, LengthGAI , and ReadabilityGAI) and lagged firm characteristics (e.g.,

Reversal, Momentum, LnSize, Turn, and BM). We incrementally add date fixed

effects λt and firm fixed effects µi across columns. Standard errors are two-way clustered

by firm and date. The coefficient β captures the association between exposure to the

tone embedded in the Round 1 AI answer and subsequent changes in the user’s tone. A

positive β implies directional alignment: when the AI answer is more positive than the

user’s initial tone (GapGAI−Human
r=1 > 0), the user’s tone becomes more positive in Round 2

on average, and when the AI answer is more negative than the user’s initial tone, the

user’s tone becomes more negative.

Table 6 provides direct evidence on how users adjust their expressed tone in response to

the tone embedded in AI answers within the same conversation. Across all specifications,

the coefficient on the AI-human tone difference is positive and highly statistically signif-

icant. This result indicates that users systematically adjust their tone in the direction

21



of the tone embedded in the AI response. The association remains stable in magnitude

after controlling for prompt and response characteristics, lagged firm fundamentals, and

fixed effects, suggesting that the observed tone updating is not driven by differences in

query complexity, readability, or underlying firm conditions. These findings highlight the

role of AI as an active reference point in the belief-updating process. Rather than merely

reflecting user inputs, AI answers are associated with subsequent adjustments in human

tone, implying that users partially align their expressed views with the tone conveyed by

the model during continued interaction.

4.3 Mechanism Analysis: Information or Noise?

AI can lower information-processing costs and help users extract signals more quickly

(e.g., Cheng et al., 2025). However, improved fluency and accessibility do not guarantee

informativeness and accuracy. Prior work shows that LLMs can produce plausible but

incorrect content (Huang et al., 2025), ranging from misstatements of reported figures to

outright invention of nonexistent items (Wang, 2025). And AI-generated outputs may

induce unwarranted confidence and lead users to overreact to low-value or uninforma-

tive cues (Messeri and Crockett, 2024; Croom, 2025). Consistent with this concern, we

therefore ask whether the tone embedded in AI outputs contains return-relevant infor-

mation that predicts future stock returns, or instead primarily reflects noise with limited

predictive content for market outcomes.

4.3.1 Return Predictability of AI and Human Tones

To address this question, we examine whether the tone embedded in AI answers contains

predictive information for subsequent stock returns. Specifically, we regress future stock

returns over horizons of one to five days on the average tone of AI answers and, for

comparison, the average tone expressed by users in the preceding period. All specifica-

tions include firm and date fixed effects to absorb time-invariant firm characteristics and

common market-wide shocks, as well as standard return predictors and firm-date news
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sentiment controls constructed from print and web news. We estimate the following panel

regression:

Reti,t,t+h = α+ β1AveTone
Human
i,t−1 + β2AveTone

GAI
i,t−1 + Γ′Xi,t−1 + µi + λt + εi,t, (8)

where Reti,t,t+h denotes the cumulative stock return for firm i from day t to t + h.

Table 7 reports the estimation results. Across all specifications, the coefficient on AI sen-

timent (AveToneGAI
i,t−1) is positive and highly statistically significant. Notably, the magni-

tude of these coefficients increases monotonically with the return horizon, suggesting that

the sentiment embedded in AI responses possesses persistent predictive power for subse-

quent stock returns. In contrast, the coefficients on human sentiment (AveToneHuman
i,t−1 )

are economically small and statistically insignificant, indicating that users’ expressed sen-

timent lacks comparable forecasting ability. These findings imply that AI-generated tone

is not merely noise; rather, it provides incremental information beyond contemporane-

ous user sentiment. Importantly, the return predictability of AI-generated tone remains

significant after controlling for firm-date news sentiment from both print and web news,

suggesting that AI answers capture value-relevant information beyond contemporane-

ous public news sentiment. Furthermore, the lack of predictability in the original user

prompts suggests that AI does not simply restate investor priors. Instead, AI appears

to integrate disparate signals to produce value-relevant insights that are subsequently

incorporated into equity prices.

4.3.2 AI Answer and Information Precision

Earlier sections document that investor belief dispersion increases with continued GenAI

interaction. One concern is that the increase in dispersion may be driven by hallucination-

induced noise in AI-generated content. To distinguish between noise amplification and

information supply, we examine whether AI-generated tone converges or diverges condi-

tional on a given topic.

The empirical design closely parallels that in Table 5. Here, instead of investor be-

23



liefs, we focus on information noise in AI-generated answers, measured as within-topic

dispersion in tone across the first and second interaction rounds and denoted by Noise.

Specifically, we construct Noisei,t,r as the within-topic dispersion of AI-answer tone:

Noisei,t,r = 100×
√ ∑

k∈Ki,t,r

ωi,t,k,r Var
(
ToneGAI

i,t,c,r | k
)
, (9)

where Ki,t,r denotes the set of topics discussed for firm i on date t in round r, ωi,t,k,r =

ni,t,k,r/Ni,t,r is the share of AI answers associated with topic k, and ToneGAI
i,t,c,r is the tone

of the AI-generated answer in conversation c. Table 8 reports the estimation results. The

dependent variable is Noisei,t,r, measured at firm–date–round level. The key explanatory

variable is DRound2
i,t,r , which equals one for second-round queries and zero for first-round

queries. Control variables include dispersion in answer length (LengthSDGAI
i,t,r ) and read-

ability (ReadabilitySDGAI
i,t,r ) to account for mechanical heterogeneity in AI responses, as

well as lagged firm characteristics.

Coefficients on DRound2
i,t,r are negative and highly statistically significant. The estimates

indicate that generated answer noise declines by approximately 20% from the first to

the second interaction round. This pattern holds when adding answer-level dispersion

controls, lagged firm characteristics, and date and firm fixed effects.

The decline in Noisei,t,r provides direct evidence against hallucination-induced noise

as the primary driver of the observed increase in investor belief dispersion. If hallucina-

tions were dominant, AI-generated content would be expected to become more dispersed

rather than more convergent across responses. Instead, conditional on a given topic, tone

in AI-generated answers converges across interaction rounds, consistent with increasing

signal precision.

5 Disagreement, Belief Polarization, and Stickiness

While we document the evolution of AI usage and tone dispersion, it remains unclear

whether these dynamics accumulate into belief polarization. This section explores how

24



heterogeneity in the information content of AI-generated answers and users’ persistent

information search behavior jointly contribute to belief polarization. Section 5.1 exam-

ines whether the return-relevant informativeness of AI answers varies across conversation

rounds. Section 5.2 then documents strong topic stickiness in user–AI interactions, show-

ing that users are highly persistent in the topics they query across conversation rounds.

Finally, Section 5.3 evaluates whether this persistence reflects rational information acqui-

sition or behavioral search behavior by testing whether additional conversation rounds

deliver incremental return-relevant information beyond earlier responses.

5.1 Heterogeneity of Return Predictions in Different Rounds

We next examine whether the return-relevant information content of AI answers varies

across conversation rounds. This question is motivated by our earlier evidence that,

conditional on a given topic, information noise in AI answers decline from round 1 to

round 2 (Table 8) during the conversation, suggesting increasing signal precision in the

first two rounds. If later-round answers are indeed more precise along the topic dimension

on which a user focuses, then the tone embedded in AI responses should exhibit stronger

return predictability in later rounds than in the first round. More broadly, potential

heterogeneity in answer informativeness across rounds is central to understanding how

AI shapes human’s belief updating and subsequent investor behavior during multi-turn

interactions.

Table 9 examines whether the informativeness of AI answers is stronger in later rounds

(round 2 and the last round) relative to the first round. The specification follows Table 7

and keeps the same setting. The key difference across the three panels in Table 9 lies

in the construction of the main explanatory variables. Specifically, the regressors are

constructed using the average tone in (i) round 1, (ii) round 2, and (iii) the last round

within a conversation, respectively.

Table 9 shows clear heterogeneity in informativeness across rounds. When average

AI tone is measured using round 1 answers, the coefficients are small and statistically
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insignificant, indicating little return predictability in the initial interaction. In contrast,

AI tone measured from round 2 or the last round answers strongly predicts future stock

returns across horizons. Later-round AI answers are substantially more informative than

first-round answers. This pattern is consistent with the evidence in Table 8, which shows

that information noise in AI-generated tone declines from round 1 to round 2. This result

indicates that the heterogeneity in return predictability across conversation rounds is not

driven by variation in human prompts, but instead reflects differences in the informational

content embedded in AI-generated answers.

5.2 Topic Stickiness

We next document a striking feature of AI-human interactions: users exhibit strong

persistence in what they ask about across conversation rounds. Conditional on discussing

a given topic in the previous round, users are much more likely to continue querying the

same topic in the next round than to switch to alternative topics.

Figure 4 visualizes topic persistence using heatmaps of topic transition probabilities

across query rounds. In each panel, the vertical axis corresponds to the topic raised in the

first round, and the horizontal axis corresponds to the topic queried in the destination

round. Each cell reports the probability that a given topic appears in the destination

round conditional on that topic appearing in the first round. Darker colors indicate

higher probabilities. Panel A reports transitions from the first round to the second

round, while Panel B reports transitions from the first round to the last round within

a conversation. In both panels, the darkest regions of the heatmap are concentrated

along the main diagonal, indicating strong within-topic persistence: conditional on a

topic being discussed in the first round, the same topic is highly likely to reappear in

subsequent rounds. Figure 5 extends this analysis to transitions across adjacent rounds

throughout the entire conversation. The heatmap again exhibits pronounced diagonal

dominance across round pairs.

This pronounced topic stickiness has important implications for belief dispersion.
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When users repeatedly engage with the same topic, their interaction with AI concen-

trates information acquisition along a narrow, topic-specific dimension. As a result, AI

can deliver precise information within topic which the user focuses on. However, be-

cause different users persistently focus on different topics, the set of signals emphasized

across investors remains heterogeneous. Consequently, even as information precision im-

proves within topics, differences in topic emphasis across users can translate into greater

dispersion in beliefs at the aggregate level.

We next examine whether GAI-generated information shapes the evolution of users’

topic choices during a conversation. This analysis speaks to the role of GAI in directing

users’ attention: if GAI answers resolve users’ current information needs, users may be

less likely to continue discussing the same topic in the next round. Alternatively, if GAI

answers provide additional evidence that invites further inquiry, they may increase users’

topic stickiness.

We construct a round-level indicator, denoted as TopicStickinessi,t,c,r, to capture

whether users continue discussing topics from the previous round.5 We estimate the

following specification:

TopicStickinessi,t,c,r = β1InfoSource
GAI
i,t,c,r−1 + β2HardInfoi,t,c,r−1 + Γ′Controlsi,t,c,r−1

+ αi + δt + εi,t,c,r.

(10)

where InfoSourceGAI
i,t,c,r−1 captures the extent to which the GAI answer in the previ-

ous round provides explicit information sources. We use three alternative measures: an

indicator for whether the answer provides any source, the proportion of source-providing

sentences, and the number of sources provided. HardInfoi,t,c,r−1 is an indicator equal

to one if the previous-round topic is classified as hard-information intensive. Controls

include previous-round GAI answer length, previous-round GAI answer readability, and

lagged firm characteristics. αi and δt denote firm and date fixed effects, respectively.

5TopicStickinessi,t,c,r equals one if the topic set in the current round shares at least one topic with
the topic set in the previous round within the same conversation, and zero otherwise. Thus, this measure
captures whether the user continues at least one topic from the previous round.
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Standard errors are two-way clustered by firm and date.

Table 10 reports the results. Across specifications, information sourcing by GAI is

negatively associated with users’ topic stickiness. In column (2), after including firm and

date fixed effects, the coefficient on SourceGAI is negative and statistically significant.

This result indicates that when the previous GAI answer provides explicit sources, users

are less likely to continue discussing overlapping topics in the next round. Column (3)

shows a similar pattern when information sourcing is measured by the proportion of

source-providing sentences. Column (4) restricts the sample to rounds in which the GAI

answer provides at least one source and examines variation in the number of sources. The

coefficient on SourceCountGAI remains negative and statistically significant, suggesting

that, conditional on providing sources, a larger number of sources is also associated with

weaker topic stickiness.

The results suggest that sourced GAI answers do not mechanically lock users into

their existing topics of attention. Instead, information sourcing appears to facilitate topic

transitions. One interpretation is that explicit sources help users resolve their information

demand in the current topic, thereby reducing the need to continue asking about the same

issue. Consistent with this interpretation, GAI answer length is negatively associated

with topic stickiness in columns (2)–(4), and the association is statistically significant.

This suggests that more detailed answers may provide sufficient information for users

to complete one line of inquiry and move to other topics. GAI answer readability is

also generally negatively associated with topic stickiness, especially in columns (1)–(3),

suggesting that easier-to-process responses may reduce users’ need to remain on the same

topic.

The coefficient on HardInfoi,t,c,r−1 is negative and significant across specifications.

This pattern suggests that users are less likely to continue with overlapping topics after

hard-information-intensive discussions. Because hard-information topics are more likely

to rely on objective facts, figures, or verifiable evidence, they may be more readily resolved

once relevant information is provided.
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Taken together, the evidence indicates that GAI answer characteristics systematically

shape users’ subsequent topic choices. Rather than increasing topic stickiness, sourced,

detailed, and readable GAI answers are associated with weaker persistence in users’ dis-

cussion topics. This finding is consistent with the view that GAI functions not only as a

responder to user queries, but also as an information organizer that helps users close one

topic and redirect attention to other issues.

5.3 Rational Information Acquisition versus Behavioral Persistence

This strong topic stickiness naturally raises the question of whether continued interac-

tion reflects rational information acquisition, namely whether users remain within a topic

because successive interactions generate incremental information gains, or whether it in-

stead reflects behavioral forces that shape investors’ information search. In this section,

we provide direct evidence on this question by examining whether AI-generated answers

differ in their return-relevant information content across later conversation rounds, ex-

cluding the first round.

Table 11 examines whether the informativeness of second-round AI answers differs

depending on whether a conversation ends after two rounds or continues for more than two

rounds. We compare the return predictability of second-round AI answer mean tone in

conversations with exactly two rounds (R = 2) to that in conversations with three or more

rounds (R ≥ 3). We construct two alternative measures of second-round AI tone: one

based on conversations that end after two rounds (AveToneAI,r=2 |R = 2) and the other

based on conversations that proceed to three or more rounds (AveToneAI,r=2 |R ≥ 3).

Across all return horizons, the coefficients on AveToneAI,r=2 are positive and statistically

significant under both constructions, indicating that second-round AI answers contain

return-relevant information regardless whether the conversation continues. Coefficient

difference tests also fail to reject equality between the two estimates at conventional

significance levels across all horizons. This evidence suggests that the decision to continue

the conversation beyond the second round is not associated with information content
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already embedded in the second-round AI response.

Table 12 further investigates whether additional rounds generate incremental infor-

mation within multi-round conversations by comparing the return predictability of AI

tone in the second-last and last rounds of the same conversation. Both AveToneAI,r=−2

and AveToneAI,r=−1 significantly predict future stock returns in all horizons, with quan-

titatively similar coefficient magnitudes. Coefficient difference tests consistently fail to

reject equality between the two estimates. These results indicate that additional rounds

do not deliver systematically stronger return-relevant information than the immediately

preceding round.

These results show little evidence of incremental information gains across non-initial

conversation rounds. While AI-generated answers beyond the first round are informative

about future returns, their informational content does not increase monotonically with

continued interaction. This pattern suggests that users’ persistent engagement with the

same topic is unlikely to be driven by rational information acquisition aimed at extracting

progressively richer signals. Instead, the absence of incremental informativeness across

later rounds points to behavioral persistence in information search, whereby users con-

tinue querying within a familiar topic even after the primary informational content has

already been revealed.

6 ChatGPT, Information Processing and Disagreement

In this section, we conduct one additional analysis to explore the potential effect of AI on

investors’ belief dispersions. As a prominent example of generative AI models, ChatGPT

was launched in November 2022 and has since made advanced GenAI tools widely accessi-

ble. Several studies exploit exogenous shocks to ChatGPT usage to establish a causal link

between GenAI tools and capital market trading activity and market efficiency. Cheng

et al. (2025) document that a substantial number of investors use ChatGPT in ways that

influence their trading decisions and market outcomes. Bertomeu et al. (2025) examine

how the emergence of generative artificial intelligence reshapes the information environ-
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ment in capital markets. Both studies find that GenAI plays a positive role in improving

the market information environment and overall market efficiency.

Earnings announcements serve as one of the most important channels in which com-

panies disclose material information. Public information would reduce uncertainty about

fundamentals, however, investors still differ in how they process and interpret the same an-

nouncement. They may emphasize different components of the release and draw different

implications for fundamentals, leading to heterogeneous belief updating and dispersion

in expectations following the announcement.

We therefore examine whether the release of ChatGPT changes how investors process

earnings-announcement information, as reflected in the post-announcement response of

investor dispersion and related market outcomes. This analysis provides an external,

market-level check on our micro evidence that GenAI can reduce within-topic frictions

and information asymmetry while increasing overall disagreement.

We study a set of variables that capture disagreement and information asymmetry

around earnings announcements. Our primary disagreement proxy is analyst forecast

dispersion (AnalystDispersion), which directly measures cross-analyst heterogeneity in

expectations and has been widely used as a benchmark for belief disagreement. We also

examine market-based measures that reflect disagreement-driven trading and heteroge-

neous belief updating. Higher disagreement generally implies a larger fraction of investors

taking offsetting positions, which tends to increase trading activity; we therefore include

turnover (Turn) as a quantity-based proxy for disagreement. In addition, heterogeneous

interpretations of earnings news can translate into greater dispersion in price impacts and

trading demands, leading to higher idiosyncratic volatility (IV OL). We include bid–ask

spreads (Spread) as a proxy for market-wide information asymmetry. We also use two

machine-based measures from Liu et al. (2025): difference of opinion (DO) and informa-

tion asymmetry (IA), which are constructed from textual signals and designed to capture

disagreement and asymmetric information in the information environment. Following Liu

et al. (2025), we use the orthogonalized versions of these measures, where DO and IA are
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residualized with respect to each other to isolate their distinct components.

To focus on the earnings-announcement response, we construct event-window changes

by comparing the post-announcement window to a pre-announcement benchmark. For

each firm i and earnings-announcement month t, we define

∆Yi,t = Y i,post − Y i,pre, (11)

where Y denotes one of the six outcomes described above (AnalystDispersion, Turn,

IV OL, Spread, DO, and IA). Y i,post denotes the average level of Y over the announce-

ment month and the subsequent two months, and Y i,pre denotes the average over the two

months preceding the announcement month. This construction isolates how the results

move after the earnings information is released, relative to the firm’s own recent baseline.

We then estimate the following specification:

∆Yi,t = α+ β PostGPTt + Γ′Xi,t−1 + µi + εi,t, (12)

where PostGPTt equals one for December 2022 and later and zero otherwise, Xi,t−1

includes standard firm controls, and µi denotes firm fixed effects. Standard errors are

clustered by firm and time and the sample spans from 2021 to 2024.

We focus on the earnings-announcement window for two reasons. First, earnings

releases deliver concentrated, firm-specific information at a well-defined time, which re-

duces ambiguity in timing relative to diffuse news flows. Second, defining outcomes

as within-firm pre–post changes helps mitigate concerns that would arise in a sim-

ple event-study design. Table 13 reports the main results. We find that, following

the release of ChatGPT, earnings announcements are associated with larger changes

in several disagreement-related outcomes. Analyst forecast dispersion, turnover, idiosyn-

cratic volatility, and the machine-based difference-of-opinion measure all show signifi-

cantly larger post-announcement increases relative to the pre-announcement period in

the post-ChatGPT sample. This pattern indicates that earnings announcements induce
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larger post–pre increases in overall investor disagreement once GenAI tools become widely

available. In contrast, measures associated with information asymmetry move in the op-

posite direction. The post–announcement change in information asymmetry declines, and

bid–ask spreads do not increase following earnings announcements in the post-ChatGPT

period.

Market-level evidence is consistent with our micro findings. After ChatGPT’s release,

earnings announcements induce larger post–pre increases in overall investor disagreement.

At the same time, information-asymmetry measures do not increase. This combination

mirrors our micro evidence that AI usage raises total dispersion while reducing informa-

tion frictions and information asymmetry.

7 Conclusion

This paper examines whether generative AI tools (e.g., ChatGPT-like chatbots) reduce

or amplify investor belief dispersion. Using a novel, granular dataset of multi-round user–

AI conversations from one of China’s largest GAI service providers, linked to firm-level

and market outcomes, we provide direct evidence on belief updating and the evolution of

disagreement.

Our main finding is that AI usage increases dispersion in investors’ expressed beliefs

over the course of interaction. As conversations move from the initial to later rounds, user

tone becomes more heterogeneous and more extreme, consistent with polarization rather

than random noise. Decomposing dispersion further reveals that this increase is driven

primarily by a rise in between-topic dispersion: investors diverge in which aspects of the

firm they focus on (e.g., price trends, fundamentals, macro conditions), while within-topic

dispersion slightly declines, suggesting that investors discussing the same topic become

marginally more aligned.

We also document strong belief adjustment toward AI outputs. Users shift their

subsequent tone in the direction of the tone embedded in AI answers, indicating that

AI-generated content shapes belief updating. Mechanism tests point more strongly to an
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information-based channel than to hallucination-driven noise. Specifically, tone extracted

from AI answers predicts subsequent stock returns, whereas tone from user prompts does

not, implying that AI responses convey incremental, value-relevant information beyond

investors’ priors. Conditional on topic, AI tone is relatively consistent across responses,

consistent with improved signal precision rather than fabrication as the force behind

rising dispersion.

We further find a striking persistence in users’ topic choices across rounds: investors

are substantially more likely to continue querying the same topic than to switch to al-

ternative signals, even though later-round AI answers do not exhibit incremental return

predictability relative to earlier rounds. This stickiness can explain the increased between-

topic dispersion.

We also study the asset pricing implications. We zoom in on earnings announcements

and use a difference-in-differences design around the deployment of ChatGPT in the U.S.

market. We find that after the deployment of ChatGPT, analyst forecast dispersion and

investor belief dispersion rise more in the post-announcement window, while decompo-

sitions show that the increase is primarily attributable to higher differences of opinion

rather than greater information asymmetry.

Overall, our evidence reconciles two seemingly competing views of AI in capital mar-

kets. AI can improve information efficiency by delivering more precise signals within a

given information dimension, yet it can increase belief dispersion by inducing heteroge-

neous attention allocation across dimensions. These findings highlight that improvements

in information processing need not imply belief convergence, and they underscore the im-

portance of understanding how AI shapes investors’ attention, search persistence, and

the resulting structure of disagreement in financial markets.
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Tables and Figures

Figure 1: Distribution of Total Rounds

Notes: This figure plots the distribution of the total number of rounds in multi-turn conversations. The
x-axis reports the conversation length (total rounds), and the y-axis shows the share of observations in
each length bin. The “11+” bin aggregates conversations with 11 or more rounds.
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Figure 2: Distribution of Unique Users per Firm

Notes: This figure shows the distribution of the number of unique users per firm in the conversation
sample. The x-axis groups firms by the count of distinct users who interacted with the AI about that
firm (0–10, 11–20, 21–30, 31–40, and 41+). The y-axis reports the share of firms in each bin; “41+”
pools firms with 41 or more unique users.
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Figure 3: Topic Composition of User Queries
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Topic Category
Price Trends (21.8%)
ESG & Governance Risk (20.4%)
Trading Behavior (9.6%)
Business Efficiency (8.7%)
Macroeconomic Indicators (8.6%)
Profitability (8.4%)
Balance Sheet (7.6%)
Financial Indicators (5.1%)
Shareholder Payouts (3.2%)
Trading Structure (3.0%)
Market Sentiment (2.1%)
Valuation Metrics (1.5%)

Notes: This figure presents the distribution of conversation topics in the final sample. If a single user
query involves multiple topics, the observation is counted multiple times, once for each associated topic.
Topic categories are constructed to capture distinct dimensions of financial discussions, such as price
dynamics, firm fundamentals, and macroeconomic conditions. Representative examples for each topic
category are provided in the Appendix C to illustrate the conceptual distinctions across classifications.
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Figure 4: Topic Transition: First Round to Second/Last Round

Notes: This figure reports topic transition probabilities across query rounds within the same conversation.
Panel A shows transitions from the first-round query to the second-round query, and Panel B shows
transitions from the first-round query to the last-round query. Each cell reports the probability that
topic y appears in the destination round conditional on topic x appearing in the origin round. Topics
are assigned in a multi-label setting, so row and column sums are not constrained to equal one.

41



Figure 5: Topic Transition Matrix: Adjacent Rounds
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Notes: This figure reports transition probabilities of query topics across adjacent query rounds within
the same conversation. Each entry represents the probability that a query topic (y) appears in next
round conditional on query topic (x) appearing in current round. Because query topics are assigned in
a multi-label setting, row and column sums are not constrained to sum to one.
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Table 1: Sample Selection

This table summarizes the sample selection procedure starting from the capital-market-oriented
information acquisition conversation sample.

Selection Step # Conversation–round # Firm–date–round

Original conversations focus on finan-
cial markets

89,997 62,495

Exclude conversations spanning multi-
ple calendar days

88,251 61,350

Exclude conversations involving multi-
ple stocks

88,251 61,350

Exclude users with multiple conversa-
tions on the same firm–day

84,028 59,723

Retain the first and second rounds, and
append the final round observations

103,165 70,802

Require at least two observations
within each firm–date–round

45,873 13,510

Exclude observations with missing con-
trol variables

44,046 12,966

Retain firm–dates with observations in
both the first/second rounds and the
final round

41,558 11,847
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Table 2: Summary Statistics

This table reports descriptive statistics for the variables used in the empirical analysis. Panel A presents
the main variables from the investor dispersion panel measured at the firm—date-–round and firm-
–date—conversation-–round levels. Panel B reports key variables measured at the firm–date–conversation
level. Panel C reports variables measured at the firm—date level. Panel D reports major variables from
the U.S. equity market. The sample period for Panels A-–C spans September 1, 2024 through December
31, 2024, while the sample period for Panel D spans December 2022 through November 2024.

N Mean SD P10 P90

Panel A: Dispersion Panel Variables

Dispersioni,t,r 11,847 10.392 17.778 0.015 46.272

DispersionWithin
i,t,r 11,847 3.174 9.873 0.000 7.477

DispersionBetween
i,t,r 11,847 8.228 15.789 0.000 41.825

Noisei,t,r 11,847 9.361 17.751 0.000 40.026

LengthSDHuman
i,t,r 11,847 0.012 0.025 0.001 0.032

ReadabilitySDHuman
i,t,r 11,847 0.114 0.080 0.021 0.228

LengthSDGAI
i,t,r 11,847 0.060 0.037 0.013 0.109

ReadabilitySDGAI
i,t,r 11,847 0.063 0.046 0.012 0.120

|ToneHuman
i,t,c,r | 91,374 9.238 26.759 0.018 24.621

LengthHuman
i,t,c,r 91,374 0.015 0.035 0.004 0.022

ReadabilityHuman
i,t,c,r 91,374 0.621 0.192 0.357 0.833

Panel B: Firm-Date-Conversation Variables

∆ToneHuman
i,t,c,r=2 30,458 1.524 31.570 -0.784 4.740

GapGAI−Human
i,t,c,r=1 30,458 29.825 59.957 -13.297 99.738

LengthGAI
i,t,c,r=1 30,458 0.182 0.092 0.057 0.297

ReadabilityGAI
i,t,c,r=1 30,458 0.679 0.100 0.563 0.789

Panel C: Firm-Date Variables

AveToneGAI 24448 0.310 0.458 -0.120 0.995

AveToneHuman 24448 0.023 0.198 -0.009 0.159

Reversali,t 24,448 0.155 0.270 -0.075 0.461

Momentumi,t 24,448 0.009 0.366 -0.372 0.421

LnSizei,t 24,448 17.043 1.541 15.218 19.228

Turni,t 24,448 0.042 0.048 0.005 0.106

BMi,t 24,448 0.691 0.821 0.134 1.500

PrintNewsi,t 24,448 0.116 0.314 0.000 1.000

WebNewsi,t 24,448 0.157 0.462 0.000 1.000

Panel D: U.S. Equity Market Variables

∆AnalystDispersioni,t 13,398 −1.290 23.368 -9.609 6.095

∆Turni,t 13,398 0.868 7.249 -5.736 8.125

∆IV OLi,t 13,398 0.165 0.651 -0.535 0.922

∆Spreadi,t 13,398 0.696 23.752 -27.920 28.651

∆DOi,t 13,398 −1.951 18.281 -25.105 19.230

∆IAi,t 13,398 0.458 4.141 -4.281 5.334

PostGPTi,t 13,398 0.553 0.497 0.000 1.000

Reversali,t 13,398 0.005 0.110 -0.125 0.142

Momentumi,t 13,398 0.231 0.567 -0.329 0.888

LnSizei,t 13,398 8.356 1.669 6.307 10.729

Turni,t 13,398 18.283 14.320 6.651 34.031

BMi,t 13,398 0.450 0.386 0.082 0.952
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Table 3: Differences in User Dispersion across Query Rounds

This table reports univariate difference-in-means tests for investor tone disagreement across query
rounds in AI conversations. The dependent variable is Dispersion, measured at the firm–date–
round level. For each panel, the columns report the average dispersion for the each round and the
difference between two rounds. The standard error of the difference in means from a two-sample
t-test is reported in parentheses. ***, **, and * denote statistical significance at the 1%, 5%, and
10% levels, respectively.

Dispersion Round 1 Round 2 R2 - R1

9.581 10.688 1.107∗∗∗

(0.395)

Round 1 Last Round RLast - R1

9.581 10.905 1.324∗∗∗

(0.396)
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Table 4: GAI Usage and User Disagreement

This table reports panel regression results on how user disagreement evolves with the use of gener-
ative AI across query rounds using the Equation 3. The dependent variable in Columns (1)–(4) is
Dispersion, measured at the firm–date–round level, and the dependent variable in Columns (5)–(8) is
|ToneHuman|, measured at the firm–date–conversation–round level. Columns (1)–(2) and (5)–(6) com-
pare the second round to the first round using DRound2, which equals one for second-round queries and
zero for first-round queries. Columns (3)–(4) and (7)–(8) compare the last round to the first round using
DFinal, which equals one for last-round queries and zero for first-round queries. Control variables include
the standard deviation of prompt length (LengthHuman), the standard deviation of prompt readability
(ReadabilityHuman), and lagged firm characteristics Reversal, Momentum, LnSize, Turn, and BM ,
where Reversal is defined as the stock return over the past one month, Momentum is defined as the
cumulative stock return from the second to the twelfth month prior, LnSize is the logarithm of tradable
market capitalization, Turn is the average daily turnover rate over the past one month, and BM is
the book-to-market ratio. Standard errors are two-way clustered by firm and date and are reported in
parentheses. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Dispersioni,t,r |ToneHuman
i,t,c,r |

(1) (2) (3) (4) (5) (6) (7) (8)

DRound2
i,t,r 1.107∗∗∗ 1.100∗∗∗ DRound2

i,t,c,r 1.959∗∗∗ 1.723∗∗∗

(0.350) (0.357) (0.234) (0.297)
DFinal

i,t,r 1.324∗∗∗ 1.302∗∗∗ DFinal
i,t,c,r 2.102∗∗∗ 1.817∗∗∗

(0.375) (0.382) (0.240) (0.307)
LengthSDHuman

i,t,r 114.747∗∗∗ 114.453∗∗∗ LengthHuman
i,t,c,r 148.407∗∗∗ 161.390∗∗∗

(13.360) (13.151) (16.747) (14.827)
ReadabilitySDHuman

i,t,r -2.432 -1.620 ReadabilityHuman
i,t,c,r 7.072∗∗∗ 7.195∗∗∗

(2.450) (2.199) (1.199) (1.250)
Reversali,t−1 0.300 1.178 Reversali,t−1 1.777 2.570

(2.631) (2.878) (3.625) (3.758)
Momentumi,t−1 0.346 1.038 Momentumi,t−1 1.927 2.544

(2.654) (2.843) (3.271) (3.195)
LnSizei,t−1 -0.201 -0.631 LnSizei,t−1 3.745 3.803

(3.875) (4.207) (5.761) (5.768)
Turni,t−1 -7.128 -9.812 Turni,t−1 -14.625 -23.792

(18.907) (20.381) (21.811) (23.736)
BMi,t−1 0.417 1.016 BMi,t−1 8.795∗ 4.805

(0.615) (0.703) (5.159) (4.079)
Constant 9.581∗∗∗ 11.611 9.581∗∗∗ 18.084 Constant 7.884∗∗∗ -75.662 7.884∗∗∗ -71.700

(0.458) (70.639) (0.458) (76.445) (0.251) (102.649) (0.251) (101.909)

Firm FE No Yes No Yes Firm FE No Yes No Yes
Date FE No Yes No Yes Date FE No Yes No Yes
User FE No No No No User FE No Yes No Yes
# of Obs 7,898 7,898 7,898 7,898 # of Obs 60,916 60,916 60,916 60,916
R2 0.001 0.189 0.001 0.185 R2 0.001 0.622 0.002 0.614
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Table 5: Within-Topic versus between-topic Dispersion

This table reports panel regression results on how within-topic and between-topic user disagreement
evolve with the use of generative AI between the first and second rounds, as specified in Equation 4.
The dependent variable in Columns (1)–(2) is DispersionWithin

i,t,r , and the dependent variable in Columns

(3)–(4) is DispersionCross
i,t,r , both measured at the firm–date–round level. The key independent variable

is DRound2, which equals one for second-round queries and zero for first-round queries within the same
conversation. Control variables include the standard deviation of prompt length (LengthSDHuman) and
the standard deviation of prompt readability (ReadabilitySDHuman), and lagged firm characteristics
Reversal, Momentum, LnSize, Turn, and BM . Columns (2) and (4) include both firm and date fixed
effects, as indicated at the bottom of the table. Standard errors are two-way clustered by firm and date
and are reported in parentheses. ***, **, and * denote statistical significance at the 1%, 5%, and 10%
levels, respectively.

DispersionWithin
i,t,r DispersionBetween

i,t,r

(1) (2) (3) (4)

DRound2
i,t,r -0.113 -0.049 1.068∗∗∗ 1.038∗∗∗

(0.226) (0.228) (0.304) (0.306)
LengthSDHuman

i,t,r 32.490∗∗∗ 99.174∗∗∗

(5.995) (13.203)
ReadabilitySDHuman

i,t,r 2.919∗ -3.378
(1.696) (2.453)

Reversali,t−1 -0.471 0.810
(1.720) (2.014)

Momentumi,t−1 0.250 0.163
(1.595) (2.059)

LnSizei,t−1 2.084 -1.629
(2.412) (3.212)

Turni,t−1 3.388 -8.959
(7.715) (16.926)

BMi,t−1 0.516 0.150
(0.345) (0.509)

Constant 3.207∗∗∗ -37.006 7.474∗∗∗ 36.616
(0.424) (43.826) (0.321) (58.727)

Firm FE No Yes No Yes
Date FE No Yes No Yes
# of Obs 7,898 7,898 7,898 7,898
R2 0.000 0.172 0.001 0.173
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Table 6: GAI Answer and Human Tone Updating

This table reports panel regression results on how human tone updates from round 1 to round 2 within
the same conversation in response to tone embedded in AI’s answer, as specified in Equation 5. The
dependent variable is ∆ToneHuman

i,t,c,r=2. The key independent variable is the AI-human tone difference in

round 1, GapGAI−Human
i,t,c,r=1 . Columns (2)–(4) additionally control for query and response characteristics,

including LengthHuman, ReadabilityHuman, LengthGAI , and ReadabilityGAI , as well as lagged firm
characteristics Reversal, Momentum, LnSize, Turn, and BM . Column (3) includes date fixed effects
and Column (4) includes both firm and date fixed effects, as indicated at the bottom of the table.
Standard errors are two-way clustered by firm and date and are reported in parentheses. ***, **, and *
denote statistical significance at the 1%, 5%, and 10% levels, respectively.

∆ToneHuman
i,t,c,r=2

(1) (2) (3) (4)

GapGAI−Human
i,t,c,r=1 0.059∗∗∗ 0.061∗∗∗ 0.062∗∗∗ 0.065∗∗∗

(0.005) (0.005) (0.005) (0.005)
LengthHuman

i,t,c,r=1 5.892 2.503 0.550
(6.933) (6.169) (6.135)

ReadabilityHuman
i,t,c,r=1 2.173∗∗ 1.971∗∗ 1.457

(0.888) (0.891) (0.959)
LengthGAI

i,t,c,r=1 -0.877 -2.567 -3.286
(3.896) (2.908) (2.652)

ReadabilityGAI
i,t,c,r=1 -2.236 -2.128 -0.883

(1.941) (1.833) (1.786)
Reversali,t−1 0.412 0.829 1.258

(0.832) (0.875) (1.550)
Momentumi,t−1 0.524 0.318 1.007

(0.751) (0.738) (1.575)
LnSizei,t−1 -0.142 -0.164 1.462

(0.153) (0.144) (2.307)
Turni,t−1 14.697∗∗ 15.538∗∗ -0.671

(6.355) (6.338) (11.268)
BMi,t−1 -0.016 -0.001 0.439

(0.035) (0.024) (0.281)

Constant -0.249 1.831 2.455 -26.732
(0.325) (2.952) (2.846) (40.315)

Firm FE No No No Yes
Date FE No No Yes Yes
# of Obs 30,458 30,458 30,458 29,791
R2 0.013 0.014 0.019 0.104
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Table 7: AI Answer and Future Stock Returns

This table reports panel regression results on the relation between lagged query tone and future stock
returns. The dependent variables are Reti,t,t+1, Reti,t,t+2, Reti,t,t+3, and Reti,t,t+5 in Columns (1)-(4),
respectively. The key independent variables are AveToneHuman

i,t−1 and AveToneGAI
i,t−1. Control variables

include Reversal, Momentum, LnSize, Turn, BM , PrintNews, and WebNews. All specifications
include firm fixed effects and date fixed effects, as indicated at the bottom of the table. Standard errors
are two-way clustered by firm and date and are reported in parentheses. ***, **, and * denote statistical
significance at the 1%, 5%, and 10% levels, respectively.

Reti,t,t+1 Reti,t,t+2 Reti,t,t+3 Reti,t,t+5

(1) (2) (3) (4)

AveToneHuman
i,t−1 0.174 0.072 -0.136 -0.131

(0.143) (0.234) (0.313) (0.408)
AveToneGAI

i,t−1 0.209∗∗∗ 0.328∗∗∗ 0.495∗∗∗ 0.604∗∗∗

(0.062) (0.102) (0.145) (0.190)
Reversali,t−1 1.419∗ 2.988∗∗ 4.777∗∗∗ 8.075∗∗∗

(0.757) (1.266) (1.686) (2.178)
Momentumi,t−1 -0.625 -0.851 -1.381 -1.670

(0.441) (0.838) (1.196) (1.684)
LnSizei,t−1 -7.285∗∗∗ -14.850∗∗∗ -23.231∗∗∗ -36.101∗∗∗

(0.978) (1.776) (2.621) (3.507)
Turni,t−1 -5.905 -9.548 -11.362 -13.558

(3.801) (6.307) (9.063) (12.038)
BMi,t−1 0.865∗∗ 1.450∗ 1.717 2.700

(0.409) (0.797) (1.204) (1.739)
PrintNewsi,t−1 -0.112 -0.290∗∗ -0.386∗∗ -0.491∗

(0.085) (0.129) (0.186) (0.277)
WebNewsi,t−1 0.060 -0.036 -0.073 -0.152

(0.067) (0.114) (0.157) (0.207)

Firm FE Yes Yes Yes Yes
Date FE Yes Yes Yes Yes
# of Obs 24,448 24,448 24,448 24,448
R2 0.456 0.509 0.548 0.599
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Table 8: AI Answer and Information Precision

This table reports panel regression results on how information noise in AI answer evolves. The dependent
variable is Noise, measured as the within-topic tone dispersion in AI answer. The key independent
variable is DRound2, which equals one for the second-round query and zero for the first-round query.
Control variables include answer-level dispersion measures and lagged firm characteristics Reversal,
Momentum, LnSize, Turn, and BM . Columns (3) include date fixed effects, and Columns (4) include
both firm and date fixed effects, as indicated at the bottom of the table. Standard errors are two-way
clustered by firm and date and are reported in parentheses. ***, **, and * denote statistical significance
at the 1%, 5%, and 10% levels, respectively.

Noisei,t,r

(1) (2) (3) (4)

DRound2
i,t,r -2.217∗∗∗ -2.087∗∗∗ -2.090∗∗∗ -2.143∗∗∗

(0.414) (0.399) (0.400) (0.407)
LengthSDGAI

i,t,r 42.280∗∗∗ 40.656∗∗∗ 23.575∗∗∗

(10.488) (10.619) (4.644)
ReadabilitySDGAI

i,t,r 32.440∗∗∗ 32.407∗∗∗ 19.296∗∗∗

(8.638) (8.786) (5.318)
Reversali,t−1 3.315∗∗∗ 3.581∗∗∗ 4.876∗

(1.083) (1.105) (2.899)
Momentumi,t−1 0.731 1.135 3.414

(0.891) (0.954) (2.908)
LnSizei,t−1 1.093∗∗∗ 1.150∗∗∗ 2.050

(0.388) (0.388) (4.455)
Turni,t−1 6.533 5.881 -14.348

(8.312) (8.824) (15.187)
BMi,t−1 0.000 -0.002 0.358

(0.057) (0.057) (0.367)
Constant 10.855∗∗∗ -14.973∗∗ -15.987∗∗ -31.157

(0.937) (7.323) (7.319) (81.088)

Firm FE No No No Yes
Date FE No No Yes Yes
# of Obs 7,898 7,898 7,898 7,898
R2 0.004 0.039 0.058 0.203
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Table 10: GAI Answer Characteristics and Human Topic Stickiness

This table reports panel regression results on how GAI answer characteristics are associated with human
users’ topic stickiness across consecutive rounds within the same conversation, following Equation (10).
The dependent variable is TopicStickinessi,t,c,r, an indicator equal to one if the topic set in the current
round shares at least one topic with the topic set in the previous round, and zero otherwise. SourceGAI

i,t,c,r−1

is an indicator equal to one if the GAI answer in the previous round provides explicit information sources.
PropSourceGAI

i,t,c,r−1 is the proportion of source-providing sentences in the previous-round GAI answer.

SourceCountGAI
i,t,c,r−1 is the number of sources provided in the previous-round GAI answer. Column (4)

restricts the sample to observations in which the previous-round GAI answer provides at least one source
and examines variation in the number of sources conditional on source provision. HardInfoi,t,c,r−1 is
an indicator equal to one if the previous-round topic is classified as hard-information intensive. Control
variables include previous-round GAI answer length, previous-round GAI answer readability, and lagged
firm characteristics, including Reversal, Momentum, LnSize, Turnover, and BM . Columns (2)–(4)
include firm and date fixed effects. Standard errors are two-way clustered by firm and date and are
reported in parentheses. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels,
respectively.

TopicStickinessi,t,c,r

(1) (2) (3) (4)

SourceGAI
i,t,c,r−1 -0.135∗∗∗ -0.100∗∗∗

(0.014) (0.012)
PropSourceGAI

i,t,c,r−1 -0.123∗∗∗

(0.026)
SourceCountGAI

i,t,c,r−1 -0.006∗

(0.004)
HardInfoi,t,c,r−1 -0.067∗∗∗ -0.073∗∗∗ -0.075∗∗∗ -0.070∗∗∗

(0.016) (0.015) (0.014) (0.017)
LengthGAI

i,t,c,r−1 -0.071 -0.137∗∗ -0.230∗∗∗ -0.177∗

(0.082) (0.066) (0.067) (0.093)
ReadabilityGAI

i,t,c,r−1 -0.181∗∗ -0.180∗∗∗ -0.157∗∗ -0.098
(0.070) (0.067) (0.070) (0.087)

Reversali,t−1 -0.140∗∗∗ -0.104∗ -0.104∗ -0.086
(0.031) (0.062) (0.061) (0.069)

Momentumi,t−1 0.026 0.044 0.044 0.034
(0.024) (0.057) (0.057) (0.063)

LnSizei,t−1 0.023∗∗∗ 0.025 0.027 -0.004
(0.006) (0.091) (0.090) (0.108)

Turnoveri,t−1 -0.563∗∗ -0.021 -0.023 0.079
(0.226) (0.299) (0.298) (0.351)

BMi,t−1 0.005∗∗∗ -0.099∗∗∗ -0.099∗∗∗ -0.148∗∗∗

(0.001) (0.036) (0.037) (0.043)

Constant -0.777∗∗∗ -0.652 -0.734 -0.207
(0.110) (1.620) (1.607) (1.927)

Firm FE No Yes Yes Yes
Date FE No Yes Yes Yes
# of Obs 44,230 44,230 44,230 34,354
Pseudo R2 0.00418 0.0247 0.0244 0.0262
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Table 11: Return Predictability Comparison by Conversation Rounds: Two or More
Rounds

This table reports panel regression results on the predictive power of second-round AI tone for fu-
ture stock returns using the two-rounds or multi-rounds (>2) conversation subsamples. The depen-
dent variables are Reti,t,t+1, Reti,t,t+2, Reti,t,t+3, and Reti,t,t+5. The key independent variables are
AveToneAI,r=2|R = 2 and AveToneAI,r=2|R ≥ 3, constructed from second-round AI tone in con-
versations with total rounds R = 2 and R ≥ 3, respectively; Columns (1), (3), (5), and (7) report
regressions using AveToneAI,r=2|R = 2, and Columns (2), (4), (6), and (8) report regressions us-
ing AveToneAI,r=2|R ≥ 3. Control variables include Reversal, Momentum, LnSize, Turn, BM ,
PrintNews, and WebNews. All specifications include date fixed effects, as indicated at the bottom of
the table. Standard errors are two-way clustered by firm and date and are reported in parentheses. Coef-
ficients difference test reports a χ2 value (p-value) for equality of the coefficients on AveToneAI,r=2|R = 2
and AveToneAI,r=2|R ≥ 3 within each return horizon. ***, **, and * denote statistical significance at
the 1%, 5%, and 10% levels, respectively.

Reti,t,t+1 Reti,t,t+2 Reti,t,t+3 Reti,t,t+5

(1) (2) (3) (4) (5) (6) (7) (8)

AveToneGAI,r=2
i,t |R = 2 0.164∗∗∗ 0.201∗∗ 0.260∗∗ 0.374∗∗

(0.051) (0.085) (0.119) (0.160)

AveToneGAI,r=2
i,t |R ≥ 3 0.280∗∗∗ 0.456∗∗∗ 0.599∗∗∗ 0.651∗∗∗

(0.079) (0.131) (0.182) (0.244)

χ2 (Coef. diff.) 1.386 2.315 2.043 0.798
P -value 0.239 0.128 0.153 0.372

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes Yes Yes Yes
# of Obs 17,235 6,758 17,235 6,758 17,235 6,758 17,235 6,758
R2 0.345 0.349 0.392 0.386 0.426 0.419 0.463 0.470
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Table 12: Return Predictability: Last vs. Second-Last Round

This table reports panel regression results on the predictive power of late-round AI tone for future stock
returns using the multi-round conversation sample. The dependent variables are Reti,t,t+1, Reti,t,t+2,
Reti,t,t+3, and Reti,t,t+5. The key independent variables are AveToneAI,r=−2 and AveToneAI,r=−1, con-
structed from the second-last round and the last round of the same conversation, respectively; Columns
(1), (3), (5), and (7) report specifications using AveToneAI,r=−2, and Columns (2), (4), (6), and (8)
report specifications using AveToneAI,r=−1. Control variables include Reversal, Momentum, LnSize,
Turn, BM , PrintNews, and WebNews. All specifications include date fixed effects, as indicated at
the bottom of the table. Standard errors are two-way clustered by firm and date and are reported in
parentheses. Coefficients difference test reports a χ2 value (p-value) for equality of the coefficients on
AveToneAI,r=−2 and AveToneAI,r=−1 within each return horizon. ***, **, and * denote statistical
significance at the 1%, 5%, and 10% levels, respectively.

Reti,t,t+1 Reti,t,t+2 Reti,t,t+3 Reti,t,t+5

(1) (2) (3) (4) (5) (6) (7) (8)

AveToneGAI,r=−2
i,t 0.171∗∗∗ 0.250∗∗∗ 0.327∗∗∗ 0.407∗∗∗

(0.044) (0.073) (0.102) (0.138)

AveToneGAI,r=−1
i,t 0.175∗∗∗ 0.218∗∗∗ 0.287∗∗∗ 0.406∗∗∗

(0.045) (0.075) (0.104) (0.142)

χ2 (Coef. diff.) 0.005 0.125 0.095 0.000
P -value 0.946 0.723 0.758 0.996

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes Yes Yes Yes
# of Obs 21,852 21,852 21,852 21,852 21,852 21,852 21,852 21,852
R2 0.348 0.348 0.393 0.393 0.427 0.427 0.468 0.468
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Table 13: ChatGPT Release and U.S. Equity Market Outcomes

This table reports panel regression results on the effects of ChatGPT release on investor disagreement and
market outcomes in the U.S. equity market from 2021 to 2024. The dependent variables are changes in
disagreement and stock characteristics measures , denoted by ∆Y , including analyst forecast dispersion,
stock turnover, idiosyncratic volatility, bid-ask spread, machine-based different in opioions (DO) and
information asymmetry (IA) as in Liu et al. (2025). ∆Y is constructed as the average value of Y over
the earnings-announcement month and the subsequent two months minus the average value of Y over the
two months preceding the earnings-announcement month. The key independent variable is PostGPT ,
which equals zero for November 2022 and earlier and equals one for December 2022 and later. Control
variables include Reversal, Momentum, LnSize, Turn, and BM . All specifications include firm fixed
effects. Standard errors are two-way clustered by firm and date and are reported in parentheses. ***,
**, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6)
∆AnalystDispersioni,t ∆Turni,t ∆IV OLi,t ∆Spreadi,t ∆DOi,t ∆IAi,t

PostGPTi,t 2.180∗∗ 1.303∗∗∗ 0.123∗∗ -1.038 10.154∗∗ -1.109∗

(0.997) (0.445) (0.057) (3.453) (3.782) (0.577)
Reversali,t−1 2.919 -2.623∗ -0.712∗∗∗ -15.267∗ 3.839 -6.155∗∗∗

(6.483) (1.488) (0.146) (8.460) (11.029) (2.062)
Momentumi,t−1 -3.143∗∗∗ -0.685∗ -0.021 -1.508 -4.496∗∗ 0.693∗∗

(0.938) (0.358) (0.040) (2.944) (2.154) (0.319)
LnSizei,t−1 0.756 -0.463 0.014 7.137∗∗ 0.941 -0.423

(1.457) (0.533) (0.037) (3.401) (2.344) (0.551)
Turni,t−1 0.012 -0.356∗∗∗ -0.023∗∗∗ -0.273∗∗∗ 0.201∗∗∗ -0.057∗∗∗

(0.041) (0.018) (0.002) (0.065) (0.049) (0.011)
BMi,t−1 -2.325 -0.789 0.110∗∗ 9.137∗∗ 2.598 0.351

(2.213) (0.686) (0.052) (3.717) (2.351) (0.469)

Firm FE Yes Yes Yes Yes Yes Yes
# of Obs 13,398 13,398 13,398 13,398 13,398 13,398
R2 0.114 0.293 0.243 0.119 0.212 0.170
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Appendix A Variable Definitions

Table A1: Variable Definitions

This table defines the main variables used in the empirical analyses.

Variable Construction Description

Panel A: Tone and Text Variables

Tone Tone = spos − sneg, where spos and sneg are the
FinBERT-implied positive and negative sentiment
shares of the corresponding text, following Huang et
al. (2023). Superscripts indicate the text source, with
Human for investor prompts and GAI for AI responses.

Text tone.

|ToneHuman| Absolute value of ToneHuman. Belief
polarization.

∆ToneHuman Second-round investor prompt tone minus first-round
investor prompt tone within the same conversation.

Human tone
update.

GapGAI−Human First-round AI response tone minus first-round investor
prompt tone within the same conversation.

Initial AI-human
tone gap.

Length Number of words in the corresponding text, computed
separately for investor prompts and AI responses.
Superscripts indicate the text source when needed. The
variable is expressed in thousands of words in the
empirical tables.

Text length.

Readability Share of words in the corresponding text that appear in
a high-frequency dictionary, computed separately for
investor prompts and AI responses. Superscripts
indicate the text source when needed.

Text readability.

Panel B: Disagreement and Dispersion Measures

Dispersion Population standard deviation of investor prompt tone
across all prompts in the same firm-date-round cell.

Total
disagreement.

DispersionWithin Square root of the topic-share-weighted average
within-topic population variance of investor prompt
tone.

Within-topic
disagreement.

DispersionBetween Square root of the topic-share-weighted variance of
topic-level mean investor prompt tone around the
firm-date-round mean.

Between-topic
disagreement.

Noise Within-topic dispersion of AI response tone within a
firm-date-round cell.

AI answer noise.

LengthSD Population standard deviation of text length within a
firm–date–round cell. Superscripts indicate the text
source, with Human for investor prompts and GAI for
AI responses.

Dispersion of
text length.
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Table A1 – Continued

Variable Construction Description

ReadabilitySD Population standard deviation of text readability
within a firm–date–round cell. Superscripts indicate the
text source, with Human for investor prompts and
GAI for AI responses.

Dispersion of
text readability.

Panel C: Stock-Day Tone Aggregates

AveTone Arithmetic mean of tone across all texts about the
same stock on the same day. Superscripts indicate the
text source, with Human for investor prompts and
GAI for AI responses.

Average tone.

AveToner Firm-date mean tone computed using texts from a
specified conversation round r. Superscripts may
additionally indicate the text source when needed.

Round-specific
average tone.

AveToneGAI,r=2 | R =
2

Firm-date mean AI response tone computed from
second-round responses in conversations with exactly
two rounds.

Second-round AI
tone in
two-round
conversations.

AveToneGAI,r=2 | R ≥
3

Firm-date mean AI response tone computed from
second-round responses in conversations with three or
more rounds.

Second-round AI
tone in longer
conversations.

Panel D: Topic Stickiness and AI Answer Characteristics

TopicStickiness Indicator equal to one if the current round shares at
least one topic with the previous round within the same
conversation.

Continuation of
prior topic.

SourceGAI Indicator equal to one if the previous-round GAI
response provides explicit information sources.

Source provision.

PropSourceGAI Proportion of sentences in the previous-round GAI
response that provide explicit information sources.

Intensity of
source provision.

SourceCountGAI Number of information sources provided in the
previous-round GAI response.

Number of
provided sources.

HardInfo Indicator equal to one if the previous-round topic is
classified as hard-information intensive.

Hard-information
topic.

Panel E: Return Variables and Stock Characteristics

Ret Stock return over the corresponding future horizon
after the conversation date.

Future stock
return.

Reversal Cumulative stock return over the prior 21 trading days,
using adjusted closing prices.

Short-term
reversal.

Momentum Cumulative return from trading day t− 252 to trading
day t− 21, using adjusted closing prices.

Momentum.

LnSize Natural logarithm of market capitalization. Firm size.
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Table A1 – Continued

Variable Construction Description

Turn Average daily turnover over the prior 21 trading days,
where daily turnover equals traded shares divided by
float shares.

Past-month
turnover.

BM Book equity from the 2024 semiannual consolidated
financial statement divided by market capitalization.

Book-to-market
ratio.

PrintNews (NPrint,+ −NPrint,−)/(NPrint,+ +NPrint,−), where
NPrint,+ and NPrint,− are positive and negative
firm-related newspaper financial news counts. The
variable is set to zero if there is no non-neutral
newspaper financial news on that day.

Newspaper news
sentiment.

WebNews (NWeb,+ −NWeb,−)/(NWeb,+ +NWeb,−), where
NWeb,+ and NWeb,− are positive and negative
firm-related online financial news counts. The variable
is set to zero if there is no non-neutral online financial
news on that day.

Online news
sentiment.

Panel F: Market-Level Event-Window Variables

PostGPT Indicator equal to one for December 2022 and later,
and zero otherwise.

Post-ChatGPT
period.

∆AnalystDispersion Dispersion of analysts’ earnings forecasts across
analysts following the same firm.

Analyst forecast
dispersion.

∆Turn Stock turnover ratio, measured as trading volume
divided by shares outstanding.

Trading activity.

∆IV OL Idiosyncratic volatility estimated from residual stock
returns.

Idiosyncratic
volatility.

∆Spread Relative bid-ask spread constructed from daily trading
data.

Market liquidity.

∆DO Difference-of-opinion component of market friction
disagreement (MFD), estimated using the
machine-learning decomposition method in Liu et
al. (2025).

Difference of
opinion.

∆IA Information-asymmetry component of market friction
disagreement (MFD), estimated using the
machine-learning decomposition method in Liu et
al. (2025).

Information
asymmetry.

58



Appendix B Examples of AI-human conversations

This section presents translated and de-identified examples of AI-human conversations used

for illustration purposes.

Example 1

User: Global sales figures for Company A in September are out. The data suggest year-

over-year growth.

AI: Company A reported strong global sales performance in September 2023. According

to the latest figures, the firm sold approximately 121,600 vehicles during the month, rep-

resenting a year-over-year increase of about 29.9%. This growth suggests solid momentum

in the firm’s global operations and an expanding market presence.

Over the first nine months of 2023, Company A’s cumulative vehicle sales reached roughly

864,000 units, a year-over-year increase of about 7.7%. New-energy vehicle sales were a key

driver, totaling around 170,000 units over the same period and rising by approximately

75.8%, indicating strong demand in emerging segments.

The firm’s major brands also posted growth to varying degrees. For example, year-to-date

sales for key brands were reported at approximately 495,900 units (Brand H), 33,000 units

(Brand W), 78,000 units (Brand O), 105,000 units (Brand T), and 153,000 units (Pickup

segment). In September, Brand H sold about 73,766 units, up roughly 37% year-over-year,

reflecting solid competitiveness in its core market.

International expansion was another highlight: overseas sales for the first nine months were

reported at around 212,000 units, increasing by approximately 89.5% year-over-year, which

is consistent with rapid growth in global markets.

Overall, these figures point to steady global expansion and particularly strong traction in

new-energy vehicles.

User: Company A does not pursue aggressive market expansion, which seems more con-

sistent with a sustainable growth strategy.

AI: This strategy reflects a long-term orientation toward sustainable development. Avoid-

ing overly aggressive expansion can help firms better manage risk, maintain product quality,

preserve financial stability, and adapt more effectively to changing market conditions. Such

an approach may also support organizational learning and long-run competitiveness.

59



Example 2

User: The government is reportedly deploying a large fund to support the stock market.

Company B surged to a new high. Will it keep rising?

AI: Whether Company B continues to rise is uncertain, because a new-high rally can

reflect both improved fundamentals and short-term market forces.

First, it is important to distinguish market expectations from intrinsic value. If the stock

has already priced in very optimistic assumptions about future growth, subsequent upside

may require earnings or cash-flow outcomes that exceed those already-high expectations.

In that case, even strong operational performance may not translate into the same pace of

price appreciation.

Second, company-specific fundamentals still matter. If Company B has durable com-

petitive advantages, strong execution, and credible long-run growth drivers, these factors

can support the valuation over time. However, the stock’s sensitivity to delivery of targets

tends to increase when the valuation is elevated.

Third, policy and macro conditions can affect the short-run path. Reports of broad market-

support measures may boost risk appetite and liquidity, which can lift prices. But such

effects are often time-varying and can be offset by macro uncertainty, sector competition,

or shifts in investor sentiment.

Overall, the probability of continued gains depends on (i) whether fundamentals keep im-

proving, (ii) whether expectations move even higher, and (iii) how policy, liquidity, and

risk sentiment evolve. This is not investment advice; a prudent approach is to examine val-

uation relative to realistic scenarios, track key operating indicators, and consider downside

risk as well as upside potential.

Example 3

User: Company C experienced a toxic wastewater leakage incident.

AI: Public accounts describe a major environmental incident involving Company C on

July 3, 2010. The event was linked to a failure in a wastewater containment system at one

of the firm’s mining-related facilities, after which contaminated acidic effluent reportedly

entered a drainage pathway and ultimately flowed into a nearby river system. The leakage

was described as substantial in volume and was associated with downstream water-quality

deterioration and widespread losses in aquaculture operations.
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Investigations described in public reports attributed the incident to both engineering and

management failures. In addition to the physical containment failure, the event was report-

edly aggravated by improper site practices and inadequate construction, production, and

environmental management controls. These deficiencies were characterized as systematic

rather than accidental.

The consequences were described as severe for local communities and the surrounding

environment. Reports noted significant impacts on fisheries and related livelihoods, and

also indicated that parts of a nearby urban area faced temporary disruption to water supply

services.

Regulatory and legal outcomes reported publicly included a large monetary penalty, ac-

countability measures for responsible personnel, and requirements to suspend certain op-

erations and undertake remediation and rectification. The incident has often been cited as

an example of governance, compliance, and environmental-risk management breakdown in

heavy-industry operations.

Example 4

User: Accounts receivable may expose Company D to overdue, doubtful, or uncollectible

balances, which could weaken earnings quality and increase operating risk.

AI: Yes. Elevated accounts receivable can create credit-risk exposure for Company D,

including the possibility that some balances become overdue, doubtful, or ultimately un-

collectible. These outcomes can reduce the reliability of reported earnings because revenue

may be recognized before cash is received, while later write-downs or provisions can reverse

prior income.

From an operating perspective, problematic receivables also tighten cash flow and may

increase financing needs and related costs. If collections are delayed or default risk rises,

the firm may face higher working-capital pressure and greater uncertainty in day-to-day

operations.

To mitigate these risks, Company D typically needs disciplined receivables management,

such as customer credit screening, clear payment terms, active collection and follow-up pro-

cedures, and timely loss provisioning. These steps help contain bad-debt risk and support

more sustainable earnings quality.
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Appendix C Topic Classification

Topic Definitions and Keyword Examples

This table provides detailed definitions and representative keyword examples for each topic category
used in the analysis.

Topic Name Description Keyword Examples

Price Trends Short-horizon stock price direction
and technical price movements.

price trend; momentum;
price movement

Trading Behavior Trading activity and market
participation surrounding stock
prices.

stock price; trading;
turnover; volume

Trading Structure Market microstructure and trading
mechanisms.

order structure; trading
mechanism; execution

Financial Indicators Quantitative indicators used for
trading or financial analysis.

financial indicators; trad-
ing indicators

Valuation Metrics Relative or absolute valuation
based on prices and accounting ra-
tios.

valuation metrics; P/E;
valuation ratios

Profitability Firm earnings performance and
operating cash generation.

profitability; earnings;
cash flow

Balance Sheet Financial position reflected in as-
sets, liabilities, and capital struc-
ture.

balance sheet; assets; lia-
bilities; capital structure

Business Efficiency Operational efficiency and resource
utilization.

efficiency; return; operat-
ing efficiency

Macroeconomic Indi-
cators

Aggregate economic conditions af-
fecting firms and markets.

macroeconomy; economic
indicators

ESG & Governance
Risk

Environmental, social, governance,
and regulatory risks.

ESG; governance; regula-
tory risk

Shareholder Payouts Distribution of firm value to share-
holders.

dividends; share repur-
chases

Market Sentiment Investor sentiment and market
mood not directly tied to funda-
mentals.

market sentiment; investor
sentiment
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Appendix D Online Tables

Table A2: Tone Differences between Single- and Multi-Round Conversations

This table reports univariate comparisons of tone at the conversation level between single-round and
multi-round conversations. The sample is restricted to the single-round conversations (Single) and
the first round of multi-round conversations (Multi). Differences are computed as Single − Multi.
t-statistics from two-sample t tests are reported in parentheses.

Mean

Single Multi Single - Multi

Human tone (Prompt) 0.017 0.012 0.004

(1.01)

AI tone (Response) 0.325 0.311 0.014

(1.38)
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