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The Double-Edged Mind:

How LLMs Expand Stock Market Participation Yet Strengthen

Confirmation-Seeking

Cara Damm, Kevin Bauer, Florian Hett, Loriana Pelizzon∗

April 16, 2026

Abstract

The shift from information retrieval (keyword-based search engines) to information synthesis
(generative AI) constitutes a fundamental change in how people inform themselves online. We
investigate how this shift impacts investment behavior using an incentivized online experiment
(N = 374), in which we vary whether participants have access to keyword-based search engines,
an LLM-based chatbot, or no additional information source. We find that LLMs facilitate par-
ticipation in the stock market. Participants with access to an LLM when making investment
decisions are significantly more likely to enter the stock market and to remain invested compared
to those with access to keyword-based search engines or no further information. Our experiment
suggests that perceived difficulty of stock market participation decreases and confidence in these
choices increases when using an LLM. However, we also document a substantial risk. Access to
LLMs enables individuals to confirm and strengthen experimentally induced beliefs. Even when
the chatbot itself is not biased, users can prompt the model to validate beliefs they want to hold.
Overall, our findings suggest that while LLMs can reduce participation frictions and encourage
stock market investments, their effectiveness in confirmation-seeking can also have detrimental
consequences. Consequently, these results highlight the critical need for consumer protection
frameworks and financial literacy programs that specifically address the unique dynamics of
human-AI interaction in modern retail investing.
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1. Introduction

The landscape of information acquisition is undergoing a fundamental shift with the proliferation

of large language models (LLMs). Unlike traditional search engines that rely on static keyword

inputs to return lists of sources, LLMs deliver synthesized answers through conversational interfaces

that require active, iterative prompting by users (Zamfirescu-Pereira et al., 2023). This interaction

can make LLMs particularly persuasive, with recent evidence suggesting that they can influence

beliefs even more effectively than humans (Salvi et al., 2024). This matters for household finance:

With robo-advice and neo-brokers already embedding algorithmic support into retail investing,

LLMs can play a relevant role in financial decision-making. Given that the lack of stock market

participation has a significant effect on long-run socioeconomic well-being (Lusardi and Mitchell,

2014), understanding whether and how LLMs shape these decisions is a first-order question.

On the positive side, recent evidence indicates that a lack of confidence and unreasonably

high perceived complexity and information costs of investing constitute key obstacles for private

households to invest in the stock market (Duraj et al., 2024), with negative long-run consequences

(Haliassos and Bertaut, 1995). If LLMs are indeed able to increase users’ confidence in stock in-

vestments when interacting with them, this might actually spur stock market participation. On the

negative side, a large literature in behavioral finance documents that people have a strong tendency

to maintain and even further strengthen wrong beliefs systematically through confirmation-seeking

(Hirshleifer, 2015). In a traditional search environment, confirming a biased prior requires active

effort—for instance, an investor must manually sift through fragmented search results to find a

specific article that validates their decision to hold an underperforming stock. With LLMs, how-

ever, instead of hunting for an external source that happens to agree with them, users can simply

prompt the model to directly generate a bespoke, authoritative-sounding justification for the exact

belief they want to hold.

This paper investigates how LLMs affect stock market participation and confirmation-seeking

using a pre-registered incentivized online experiment. Participants allocate funds to one of three

distinct asset classes: a standard Exchange Traded Fund (ETF), an ESG-rated (Environmental,

Social, Governance) counterpart ETF (ETF ESG), and a risk-free cash equivalent. Participants

make four initial “prior” investment decisions and subsequently get the opportunity to revise their
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portfolio in a “posterior” decision. We employ a 3×2 between-subject treatment design, varying

the information retrieval technology available between the prior and posterior stages of the deci-

sions ((i) a state-of-the-art LLM, (ii) a traditional keyword-based search engine, or (iii) a baseline

environment with no additional information access). As the second treatment dimension, we vary

whether the investment in one of the two ETFs receives an additional monetary incentive, effec-

tively creating an experimentally induced motive for the participant to choose the respective asset,

which may trigger confirmation-seeking. This allows testing if and how participants use LLMs

to effectively confirm beliefs they want to hold. We collect detailed logs about participants’ use

of information retrieval tools and track their confidence in their investment decisions and their

perceived difficulty to identify underlying mechanisms.

Our experiment reveals three main findings. First, access to an LLM significantly increases

stock market participation. We observe a clear divergence in behavior over time: while stock

market participation drops significantly between the prior and posterior decisions for participants

relying on no additional information or keyword-based search engines, LLM users sustain and even

slightly increase their investment rates. Quantitatively, in the posterior decisions, access to an

LLM increases the probability of stock market participation by 22.0 percentage points relative

to the control group. Second, LLMs exhibit a dual effect on decision persistence. While the

LLM reduces inertia for initial non-investors and facilitates market entry, participants who already

selected to invest in stocks during the baseline stage are 12.2 percentage points more likely to

stick with their specific initial investment product when interacting with the LLM. Third, LLMs

amplify motivated reasoning. When we exogenously introduce a financial incentive that makes one

asset more attractive, the LLM treatment significantly increases the likelihood that a participant

shifts toward or retains the incentivized option. Specifically, comparing decisions made in Stage

1 (baseline) to Stage 2 (post-treatment), the share of control group participants choosing the

incentivized asset naturally declined by 11.6 percentage points. In contrast, access to an LLM

reversed this trend, leading to a 5.6 percentage point increase in the selection of the incentivized

asset (a net treatment effect of 17.2 percentage points). To investigate the underlying mechanisms,

we further show that LLMs substantially reduce the perceived difficulty of the decision (-29%) and

increase users’ confidence in their choices (+22%). Furthermore, an analysis of the chat logs reveals

that motivated users actively prompt the model for validation, to which the LLM consistently
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complies: in 88% of these instances, the model mirrors the user’s sentiment, effectively creating an

echo chamber that confirms the desired belief

Taken together, these findings show a double-Edged Mind: LLMs increase the effectiveness of

information acquisition through decreased perceived difficulty and increased user confidence, with

conflicting consequences. Those who selected not to invest in ETFs are more likely to change their

mind and decide to invest in the stock market after the LLMs consultation. Those Who have

already selected to participate in the stock market use LLMs to confirm their beliefs, in line with

the notion of LLMs effectively serving as “personalized echo chambers”, which allow their users to

“get what they ask for”. In summary, the same mechanism that improves access, confidence, or

engagement can also deepen distortions in beliefs or judgment.

Our work builds on and extends several strands of research. First, it relates to work on informa-

tion frictions and stock market participation. (Perceived) cognitive costs for households’ portfolio

choices act as a barrier to entry, particularly for retail investors who often lack the time or ex-

pertise to process raw financial data (Lusardi and Mitchell, 2011; Brooks and Byrne, 2008; Duraj

et al., 2024). Recent literature argues that generative AI represents a fundamental technological

shock to these costs by automating complex cognitive tasks (Eisfeldt et al., 2024). Similarly, Kim

et al. (2023) and Bertomeu et al. (2025) find that LLMs can effectively process complex financial

information, potentially democratizing access to analysis (Blankespoor et al., 2024). While this lit-

erature establishes the capability of LLMs to reduce information costs, it remains an open question

whether this reduction translates into actual behavioral change. We complement this line of work

by providing causal evidence that LLMs do not just make information acquisition appear easier,

but also explicitly help to increase stock market participation as a result.

Second, we add to the behavioral finance literature on biased beliefs, confirmation bias, and

motivated reasoning (Kunda, 1990; Brunnermeier and Parker, 2005) by demonstrating that the

interaction with LLMs can systematically reinforce confirmation seeking when users have a stake

in holding specific beliefs. More broadly, this also contributes to the general literature on moti-

vated reasoning and biased belief formation beyond applications in finance. In traditional search,

confirmation bias requires active effort—users must selectively click links (the “filter bubble”, Lud-

wig et al. (2023)). In contrast, LLMs introduce a paradigm of information co-construction as

they are sensitive to user framing (Trippas et al., 2024). Li and Sinnamon (2023) observe that
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LLMs often mirror the user’s stance (“sycophancy”), and Knickrehm and Bauer (2024) show that

emotional framing can alter factual presentations. We connect these technical observations to the

economic literature on motivated reasoning (Epley and Gilovich, 2016). While previous research in

Human-Computer Interaction (HCI) identifies “sycophancy” as a model flaw, we test its economic

consequence. We complement the literature by introducing financial incentives to create a conflict

between accuracy and desirability. This allows us to causally determine if the “helpful” nature

of LLMs aids rational decision-making or, conversely, provides an efficient mechanism for users to

manufacture justifications for biased priors, effectively creating an endogenous echo chamber.

Finally, we speak to emerging work on robo-advice, financial advice, and AI in finance generally

(D’Acunto et al., 2019; Reher and Sokolinski, 2024; Liu et al., 2025; Bucher-Koenen et al., 2025;

Bastianello et al., 2025; Laudenbach and Siegel, 2025; Eisfeldt et al., 2024). We extend this

literature by highlighting that conversational AI does not simply replicate traditional advisory

channels but fundamentally changes how investors search for, process, and co-construct financial

information. Despite the growing interest in generative AI, a causal link between these mechanisms

and financial behavior is missing.

From a policy perspective, our results suggest that regulating the use of LLMs in finance may

need to be more comprehensive than previously presumed. While an obvious concern is that finan-

cial institutions may customize LLMs to explicitly manipulate clients to act in their own interest,

our results imply that individuals might already achieve similar outcomes by themselves using un-

biased LLMs when given corresponding incentives. Taken seriously, this suggests that regulation

at the level of the LLM alone is insufficient and that a consumer protection perspective needs to

take into account how users interact with these tools. On the positive side, our results illustrate

the potential of LLMs for financial education and as effective advisors or even financial coaches:

the positive effects on stock market participation indicate that LLMs can convey meaningful and

relevant information in a way that users actually perceive and process effectively.

The remainder of this paper proceeds as follows. Section 2 introduces the hypotheses we test

with the experiment. Section 3 describes the experiment design. Section 4 presents the results of

the experiment, and Section 5 concludes.
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2. Hypotheses

Our experiment is designed to isolate the effect of generative AI on three outcomes in the

domain of investment behavior: general stock market participation, the “persistence” of investment

decisions, and “motivated investments”.

2.1. Stock Market Participation

As a starting point, we consider the fundamental decision to actually get invested in the stock

market. The existing literature establishes that information acquisition is a severe, binding con-

straint for many households (Lusardi and Mitchell, 2011). Because of this friction, a primary barrier

to retail investor participation is the high perceived complexity of investment products (Brooks and

Byrne, 2008) and the substantial cognitive costs associated with researching them (Duraj et al.,

2024).

We posit that LLMs act as a catalyst for participation by drastically reducing these perceived

entry costs. While keyword-based search engines require users to independently locate, read, cross-

reference, and interpret fragmented financial sources, LLMs fundamentally alter this workflow. By

shifting the burden of information processing from the user to the algorithm, LLMs synthesize

complex financial data and instantly translate it into accessible, natural language (Blankespoor

et al., 2024). This automation lowers the cognitive tax of the decision process (Eisfeldt et al., 2024)

and may even induce an “illusion of competence” (Seraj et al., 2022). We expect that this reduction

in the perceived barrier to action will sufficiently trigger action, resulting in higher participation

rates among individuals who would otherwise remain uninvested.

HYPOTHESIS 1: Individuals using LLMs for financial information retrieval will exhibit a higher

likelihood of stock market participation compared to those using keyword-based search engines or no

information retrieval tool.

2.2. Persistence

Standard economic theory suggests that agents update beliefs using Bayes’ rule as new infor-

mation becomes available. However, because human attention is a scarce cognitive resource, the

high costs of processing complex information often lead to non-Bayesian updating and a reliance
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on heuristics (Sims2003Implications; Hirshleifer, 2015). We posit that the specific modality of

information retrieval—namely, synthesized answers from an LLM versus list-based retrieval from

a traditional search engine—fundamentally alters these processing costs, leading to differential

persistence in beliefs.

HYPOTHESIS 2: Individuals using LLMs for information retrieval will exhibit greater adherence

to their prior decisions (persistence) compared to those using keyword-based search engines or no

information retrieval tool.

Unlike a keyword-based search engine, where the user faces the cognitive fatigue of actively as-

sessing and integrating a fragmented list of sources, an LLM provides a single, coherent narrative.

We argue that this synthesized format creates a stronger cognitive anchor precisely because it trig-

gers two well-documented psychological mechanisms: cognitive fluency and automation bias. First,

synthesized answers generate high cognitive fluency—the subjective ease with which information

is processed. Users frequently misattribute this processing ease to the underlying accuracy of the

information (Newman et al., 2022). Second, the authoritative, conversational presentation of LLM

outputs can trigger automation bias, where users uncritically accept the system’s conclusion and

prematurely cease searching for contradictory evidence (Spatharioti et al., 2023). By performing

the evaluative ”heavy lifting,” the LLM creates an “illusion of closure” (Nourani et al., 2021).

Consequently, we expect that an agent will require significantly stronger contradictory evidence to

abandon a belief formed with an LLM compared to one formed through the effortful synthesis of

traditional search, leading to greater decision persistence.

2.3. Confirmation-Seeking

While Hypothesis 2 addresses belief stability, Hypothesis 3 addresses the directionality of belief

updating. We focus on the tendency of agents to scrutinize information asymmetrically to reach a

desired conclusion, known as motivated reasoning (Bénabou and Tirole, 2016; Brunnermeier and

Parker, 2005).

We argue that the underlying architecture of LLMs fundamentally reduces the cognitive “cost”

of maintaining a motivated belief compared to traditional search. In a search engine environment,

a user seeking to confirm a biased prior must actively scan a list of fragmented results to identify a
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specific source that aligns with their desired conclusion. In contrast, LLMs function as predictive

text engines optimized—often through human feedback—to be “helpful” and highly responsive to

the semantic context of the user’s input (Fernández-Pichel et al., 2024). Technically, the model’s

output generation is heavily conditioned on the framing, sentiment, and explicit premises embedded

within the prompt. This structural sensitivity allows users to “co-construct” narratives simply by

asking leading questions (e.g., “Why is X a good investment?”). By injecting their own bias into the

prompt, the user effectively anchors the model’s response trajectory, commanding it to synthesize

a bespoke, authoritative-sounding justification. We expect that when a financial incentive aligns

with a specific choice, this technological capability allows users to manufacture the exact validation

they need to rationalize their decision far more efficiently than traditional search tools.

HYPOTHESIS 3: When extrinsic motivation favors a specific choice, individuals using LLMs

will show greater decision consistency aligned with that motivation compared to individuals using

keyword-based search engines.

Li and Sinnamon (2023) observe that LLMs often mirror the user’s stance (“sycophancy”),

and Shi et al. (2024) find that users can steer AI to generate specific arguments. We posit that

this creates an endogenous feedback loop: the motivated user prompts for validation, and the

model provides it. Thus, the tool functions as an efficient mechanism for users to manufacture the

“independent” validation necessary to rationalize their incentivized priors.

3. Experimental Design

We employ a controlled, pre-registered1 online experiment administered via the widely used

online platform Prolific to isolate the causal effect of generative AI on belief formation and in-

vestment decisions. While field data offers high external validity regarding market outcomes, it

typically precludes the observation of the underlying information acquisition process. Specifically,

identifying the causal link between LLM usage and motivated reasoning in a naturalistic setting

faces two fundamental identification challenges.

First, the adoption of AI tools in real-world settings is endogenous; investors who voluntarily

adopt LLMs likely differ with respect to other characteristics and behaviors as well, possibly cre-

1The experiment is pre-registered on OSF: https://osf.io/eu63z.
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ating severe self-selection bias. Second, and crucially for our mechanism, the semantic content of

the information search—the specific queries entered and the synthetic answers generated—is unob-

servable in administrative brokerage data. To disentangle the tool’s effect from user characteristics

and to observe the “co-construction” of beliefs, we require a controlled environment where the

information retrieval tool is exogenously assigned and the entire search history is logged.

3.1. Investment decisions

The experiment employs a 3 × 2 between-subjects design, resulting in six distinct treatment

groups that vary by information availability (control, search, LLM) and financial motivation (Non-

Motivated, Motivated). The procedure is structured into two stages. In Stage 1, subjects make

four baseline investment decisions without access to other information except the name of the

investment. In Stage 2, subjects repeat these decisions after being exposed to their assigned treat-

ment condition. In each decision round, subjects receive an endowment of e8 and must choose

one of three options: (i) invest the endowment in a standard ETF, (ii) invest the endowment in a

corresponding ESG ETF, or (iii) risk-free cash investment (safe option).

Table 1 displays the four matched pairs of ETFs used in the experiment. Each pair consists of

a standard fund and an ESG-screened counterpart tracking the same underlying market. In every

round, the Standard ETF is presented first, followed by the ESG counterpart. The sequence in

which these four matched pairs appear is randomized for each subject to prevent order effects.

Subjects opting for the safe alternative retain the endowment. If a subject chooses to invest in

either ETF, the endowment is invested in the selected asset for a holding period of three months.

Subjects receive their invested capital adjusted by the realized market return at the end of this

period. To incentivize truthful decision-making, one of the investment choices is randomly selected

at the end of the experiment to be payment relevant.
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Table 1: ETF Pairs Used in Investment Decisions

Market Exposure Standard ETF ESG Counterpart ETF

USA (MSCI) iShares MSCI USA UCITS ETF iShares MSCI USA ESG Screened UCITS

ETF USD

USA (S&P 500) Xtrackers S&P 500 UCITS ETF 4C Xtrackers S&P 500 ESG UCITS ETF 1C

Europe iShares Core MSCI Europe UCITS ETF

EUR

iShares MSCI Europe ESG Screened

UCITS ETF EUR

Global Invesco MSCI World UCITS ETF Invesco MSCI World ESG Climate Paris

Aligned UCITS ETF

Note: This table displays the four matched pairs of Exchange Traded Funds (ETFs) presented to participants.

In the experiment, the display order of the Standard and ESG options is randomized.

3.2. Treatment variations

We manipulate the decision environment along two dimensions: the information retrieval tool

available to subjects and the financial incentive structure.

The primary dimension of interest is the information environment assigned in the second stage

of the experiment. Subjects in the Control condition receive no external support and must rely

solely on their priors or internal knowledge to revise their decisions. Subjects in the Traditional

Search condition are provided access to a traditional keyword-based search engine (Google), serving

as an active benchmark for information access without synthesis. Finally, subjects in the LLM

condition receive access to a conversational AI interface powered by Google’s Gemini 2.0 Flash

model. Importantly, we implement this interface without any hidden background instructions or

behavioral guidelines, presenting it via a custom, neutral graphical user interface with a blank

input field. Participants were simply informed that they could use an “AI Chatbot” to assist with

their decision. This design ensures that participants are unaware of the specific underlying model,

preventing brand-specific demand effects, and guarantees that our results capture the model’s native

default behavior rather than the effects of specialized prompting.

The secondary dimension varies the motivation underlying the investment choice. In the Non-

Motivated condition, the investment stake is fixed at e8 regardless of the asset chosen. In the

Motivated condition, we introduce a directional financial incentive to test for motivated reason-
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ing. For each decision round, one ETF (either Standard or ESG) is randomly designated as the

“incentivized” option. If the subject selects this specific asset, their potential investment amount

increases from e8 to e10. By artificially making one asset more lucrative, we create an exogenous

motive for the participant to want that asset to be the better choice. However, this introduces

cognitive dissonance if the incentivized asset contradicts the user’s initial beliefs, risk tolerance, or

ESG preferences. This design allows us to observe how the assigned information tool is utilized:

does it act as an objective fact-checker, or do users leverage it to rationalize the selection of the

incentivized asset? Specifically, we can test whether users employ the tool to generate bespoke

arguments that resolve this conflict, effectively aligning their beliefs about the asset’s fundamental

quality with their desire for the higher financial payoff.

3.3. Experimental protocol

Upon entry subjects provided informed consent and completed a comprehension check regarding

the payment protocols; subjects failing this check were screened out. Eligible participants then

completed a baseline questionnaire collecting demographic data and assessing prior knowledge of

finance and ESG principles. We administer this module prior to the experimental tasks to ensure

that measures of financial literacy and attitudes are not confounded by the subsequent information

retrieval treatments or the decision outcomes.

The overall experimental flow is depicted in Figure 1. As Figure 1 shows, the experiment

proceeded in two stages. In Stage 1 (Baseline), subjects are divided into two groups: the first

group with no monetary incentive for investing in one of the ETFs, and a second group that

receives a randomly assigned monetary incentive, creating a motive for participants to select one

of the ETFs. In Stage 1, subjects of both groups made the four investment decisions described in

Section 3.3.1 based solely on prior beliefs. We recorded the decision, response time, self-reported

confidence, and difficulty for each round.

In Stage 2 (Revised Decisions), subjects in both the non-motivated and motivated groups were

informed that they would revisit their investment decisions. Before this stage, treatments were

administered. Subjects received instructions relevant to their assigned information retrieval tool

(if any). They then made their final four choices, having the opportunity to revise their Stage 1

decisions. For subjects in the search and LLM conditions, we logged all queries and results/outputs.
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Finally, subjects completed a post-experimental questionnaire regarding their decision-making

strategies and tool experience.

Figure 1. Overview of the Experimental Procedure

3.4. Data and sample characteristics

We recruited a total of 374 participants via the online platform Prolific. Table 2 provides an

overview of the full sample characteristics.

The sample has an average age of 34.4 years (SD = 12.3) and is gender-balanced (45.5%

female). The participants are highly educated: 51.1% hold a Bachelor’s degree and 19.8% hold

a Master’s degree as their highest degree. Regarding financial characteristics, subjects report a

moderate willingness to take risks, with an average score of 6.84 on a scale from 1 to 10. Financial

literacy exhibits substantial variation across the sample: while 61% of participants correctly applied

the Rule of 72 (calculating the time required for an investment to double), only 51% correctly

identified the inverse relationship between interest rates and bond prices. We exploit this variation

in subsequent analyses to test whether baseline financial literacy moderates the observed treatment

effects. The exact elicitation wording for these items is provided in the experimental interface

screenshots in Appendix A.
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Table 2: Descriptive Statistics (Full Sample)

Variable N Mean SD Min Median Max

Panel A: Demographics

Age (Years) 374 34.38 12.34 18 31 78

Female (Dummy) 374 0.46 0.50 0 0 1

Panel B: Financial Characteristics

Risk Willingness (1-10) 374 6.84 2.08 1 7 10

Fin. Lit: Interest Rates (Dummy) 374 0.51 0.50 0 1 1

Fin. Lit: Rule of 72 (Dummy) 374 0.61 0.49 0 1 1

Panel C: ESG Attitudes (1-7 Scale)

ESG Knowledge 374 4.09 1.82 1 4 7

ESG Objectives 374 4.71 1.63 1 5 7

ESG Benefit 374 5.10 1.42 1 5 7

Panel D: Technology Usage

LLM Usage: Daily (Dummy) 374 0.44 0.50 0 0 1

LLM Usage: Frequency (0-3) 374 2.18 0.87 0 2 3

Note: This table presents summary statistics for the full sample (N = 374). ’Female’, ’Fin. Lit’, and ’LLM Usage:

Daily’ are binary variables where the Mean represents the proportion of the sample. ’LLM Usage: Frequency’ is

an ordinal variable where 0=Never, 1=Monthly, 2=Weekly, 3=Daily.

As shown in Table 2, 43.9% of participants report using LLMs on a daily basis. This level of

baseline usage suggests that our results capture the behavior of early adopters who are likely to be

among the first to integrate such tools into financial workflows.

Statistics regarding randomization are reported in Appendix B Table A1. As the Table shows,

randomization was generally successful. However, we observe statistically significant imbalances in

education (p = 0.016), financial literacy (p < 0.01), and baseline LLM usage (p < 0.01). Specifically,

the Control group exhibits higher baseline financial literacy, while the LLM treatment group reports

more frequent daily AI usage. To ensure these baseline differences do not confound our treatment

estimates, we control for these covariates in our robustness checks.
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4. Results

We present the results of our experiment in a stepwise fashion. First, we analyze how LLMs

affect participants’ fundamental decision to participate in the stock market. Second, we examine

the consistency of these decisions (persistence). Third, we investigate whether LLM use facilitates

confirmation-seeking. Finally, we explore the underlying mechanisms. Initially, we only consider

participants in the non-motivated condition and only then move to a comparison between non-

motivated and motivated treatments.

4.1. Stock Market Participation

We first examine stock market participation. Figure 2 illustrates the results. In Panel (a), the

dotted bar shows that in Stage 1, participants chose to invest either in the ETF or in the ESG

ETF in 75% of the cases.

(a) Participation Rates (Stage 2) (b) Change from Baseline (Stage 2 - Stage 1)

Figure 2. Stock Market Participation: Post-Treatment Levels and Changes

Note: Panel (a) displays the mean stock market participation rate in Stage 2 by treatment group. The dashed
horizontal line represents the average baseline participation rate across all groups prior to the intervention (Stage 1).
Panel (b) displays the mean within-subject change in participation between Stage 1 and Stage 2. This represents
the per-condition change relative to the participants’ own pre-treatment baseline, not a cross-group average. Error
bars represent 95% confidence intervals.

Moreover, Figure 2 reports both the absolute participation rates in Stage 2 (Panel a) and the

within-subject change relative to the baseline (Panel b). Results for the post-treatment stage show

a significant divergence. Participants in our Control condition, who had no access to external in-

formation tools, reduced their stock market participation to 57.4% (from 75%). As shown in Panel

(b), this corresponds to a significant average decline of 18.1 percentage points (p < 0.01) compared
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to their own initial baseline. In contrast, participants having access to an LLM maintained a high

participation rate of roughly 79% (a slight increase of 3.8 percentage points). As Table 3 shows,

this difference is both economically and statistically significant (+22.0 percentage points, p < 0.01).

Similarly, being able to retrieve information by means of traditional search engines also buffered

against this decline, though to a slightly lesser extent (+16.5 percentage points with respect to

the control group, p < 0.05). However, the difference in participation rates between the LLM and

search conditions is not statistically significant.

DV: Stock Market Participation In Stage 2 (1) (2)

Treatment (LLM) 0.220∗∗∗ 0.271∗∗∗

(0.068) (0.071)

Treatment (Search) 0.165∗∗ 0.176∗∗

(0.073) (0.076)

Constant 0.574∗∗∗ 0.617∗∗

(0.054) (0.259)

Controls No Yes

Test: LLM = Search
F-Statistic 5.367 2.009
p-value 0.392 0.158

Observations 780 780
R2 0.040 0.097
Adj. R2 0.038 0.075
F-Statistic (Model) 5.367 2.033

Table 3: OLS Regression Results: Stock Market Participation

Notes: This table reports OLS estimates. The dependent variable is a binary indicator for stock market participation
in Stage 2. Column (1) reports the baseline treatment effects. Column (2) includes controls for Age, Education,
Risk Willingness, Financial Literacy, and baseline LLM Usage Frequency. The row ”Test: LLM = Search” reports
the F-statistic and p-value for the null hypothesis that the coefficients of the LLM and search treatments are equal.
Standard errors clustered by participant are in parentheses. Significance levels: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Result 1: Having access to an LLM increases stock market participation as com-

pared to having no access to any informational tool. While participants on average

drop out of the stock market in the control condition, the share of participants invest-

ing even increases when they have access to an LLM.

4.2. Persistence

Having established that access to an LLM sustains overall stock market participation, we next

examine the within-subject stability of specific investment allocations. We interpret the decision to
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retain a specific choice as a proxy for the persistence of the underlying beliefs—a metric we term

“Belief Persistence.”

Figure 3 illustrates the persistence across conditions, split by the initial decision type. As

shown in Panels (a) and (b), active investors who use the LLM display higher decision consistency

compared to the Control group, demonstrating that the LLM effectively reduces their likelihood of

exiting their initial investments. Conversely, Panel (c) reveals a different pattern for non-investors.

While the Control group exhibits high inertia, largely sticking to their decision to stay out of the

market, the LLM treatment significantly reduces this persistence. This indicates that for subjects

who initially chose not to invest, the LLM facilitates a change in behavior by moving them into

active market participation.

(a) ESG Investment (b) Standard ETF (c) No Investment

Figure 3. Average Decision Persistence by Choice Type
Note: This figure displays the average decision persistence for three distinct choice types. Panel (a) shows the
likelihood of persisting in an ESG investment. Panel (b) shows the likelihood of persisting in a Standard ETF
investment. Panel (c) shows the likelihood of persisting in non-participation (remaining uninvested). Error bars
indicate 95% confidence intervals.

Regression analyses (Table 4) confirm these patterns. We find that the LLM’s impact is distinct

for active investors (Columns 2 and 3), where it increases persistence (+21.9%, p < 0.1 for ESG

ETF; +25.1%, p < 0.05 for Standard ETF). Conversely, for initial non-investors (Column 4), the

LLM significantly reduces persistence (-24.8%, p < 0.1). The search treatment also significantly

reduces inertia for non-investors (-33.0%, p < 0.05) but does not significantly reinforce the beliefs

of active investors.

Result 2: LLMs exhibit a dual effect on stability. They increase decision persis-
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Overall ESG Standard ETF No Investment

DV: Persistence (1) (2) (3) (4)

Treatment (LLM) 0.202∗∗∗ 0.219∗ 0.251∗∗ -0.248∗

(0.070) (0.112) (0.107) (0.128)

Treatment (Search) -0.007 -0.119 0.020 -0.330∗∗

(0.075) (0.140) (0.113) (0.154)

Constant 0.871∗∗∗ 1.096∗∗∗ 0.488∗ 0.877∗∗

(0.203) (0.315) (0.293) (0.403)

Controls Yes Yes Yes Yes

Test: LLM = Search
F-statistic 11.624 10.895 6.606 0.286
p-value 0.001∗∗∗ 0.001∗∗∗ 0.011∗∗ 0.595

Observations 780 359 303 135
R2 0.095 0.144 0.216 0.281

Table 4: OLS Regression Results on Persistence with Controls

Notes: This table reports OLS estimates. The dependent variable is ‘Persistence‘, a binary indicator equal to 1 if the
participant made the same decision in Stage 2 as in Stage 1. Column (1) includes the full sample of non-motivated
participants. Columns (2)-(4) split the sample based on the participant’s initial choice in Stage 1: ESG investment
(2), Standard investment (3), or No Investment (4). Controls include Age, Education, Risk Willingness, Financial
Literacy, and baseline LLM Usage. Standard errors clustered by participant are in parentheses. Significance levels:
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

tence for active investors by reinforcing prior convictions, whereas they significantly

reduce persistence for non-investors by breaking inertia to facilitate market entry.

4.3. Motivated Choice

We next examine the differential effectiveness of information tools for motivated reasoning and

confirmation seeking. In the “Motivated” condition, we introduced a financial bonus for selecting

a specific, randomly assigned asset. This creates a direct tension between making an unbiased,

fundamentally sound investment choice based on the participant’s true preferences and securing a

guaranteed experimental payoff. For example, a participant might fundamentally prefer the Stan-

dard ETF based on their risk profile, but face a financial temptation to choose the ESG counterpart

simply to earn the bonus. This setup allows us to test whether the LLM acts as an objective, correc-

tive mechanism that guides users toward an unbiased decision, or if it instead provides the bespoke

arguments necessary to rationalize an incentivized, potentially biased choice. As a manipulation

check, we first confirm that our incentive structure was effective: participants assigned to the Moti-

vated condition were 11.8 percentage points more likely to select the incentivized option compared
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to the non-motivated baseline (p < 0.01, see Appendix C Table A2).

Figure 4 illustrates the impact of the assigned information tools on the prevalence of motivated

choices in the post-treatment period (Stage 2). Panel (a) shows the absolute rate of motivated

choices in Stage 2, while Panel (b) displays the average within-subject change, calculated at the

individual level relative to each participant’s own baseline (Stage 1). In the Control condition,

participants reduced their selection of the incentivized option by an average of 11.6 percentage

points (Panel b). The traditional search condition also showed a decline (−6.1 percentage points).

In contrast, the LLM treatment increased the individual share of motivated choices by an average

of 5.6 percentage points.

To formally test these differences, Table 5 presents the results of a triple difference-in-differences

(DDD) regression. First, we observe the base treatment effect: the interaction term (LLM × Post

Period) is positive and highly significant (+13.1 percentage points, p < 0.01). This indicates that

the LLM treatment exerts a strong persuasive effect, significantly offsetting the baseline decline

even for users who lacked an explicit financial incentive. Next, we examine the triple interaction

term (LLM × Post × Motivated) to test if the financial incentive further amplified this behavior.

While positive (+4.2 percentage points), this term is not statistically significant. This reveals a

profound dynamic: the LLM’s capacity to steer or anchor choices is so robust that it drives users

toward the target asset regardless of extrinsic financial motivation, yielding a total combined treat-

ment effect of 17.2 percentage points for the motivated group. The corresponding effect in the

traditional search condition remains statistically insignificant.
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(a) Motivated Choice Rate (Stage 2) (b) Change from Baseline (Stage 2 - Stage 1)

Figure 4. Motivated Choice: Post-Treatment Levels and Changes

Note: Panel (a) displays the percentage of participants selecting the incentivized asset in Stage 2. Panel (b) displays
the mean within-subject change, calculated by averaging the individual percentage point differences between Stage
1 and Stage 2 for each participant. Control subjects show a significant average decline (−11.6 percentage points),
while LLM users show an average increase (+5.6 percentage points).

Result 3: LLMs facilitate motivated reasoning and confirmation seeking. While

standard participants (control and search) engaged in fewer motivated choices over

time, LLM users sustained and even increased the frequency of motivated choices.
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DV: Is Motivated Choice (1)

Triple Interactions

LLM × Post × Motivated 0.0417

(0.069)

Search × Post × Motivated 0.0040

(0.079)

Treatment × Post (Base Effect)

LLM × Post Period 0.1306∗∗∗

(0.045)

Search × Post Period 0.0505

(0.059)

Post Period -0.1204∗∗∗

(0.038)

Group Effects

Motivated Group (Dummy) 0.1253∗∗

(0.061)

Treatment (LLM) -0.0185

(0.055)

Treatment (Search) 0.0306

(0.064)

Constant 0.2959∗∗

(0.118)

Controls Yes

Observations 3,200

R2 0.051

Table 5: Triple Difference Analysis on Motivated Choice

Notes: This table reports OLS estimates from a triple difference-in-differences (DDD) specification. The dependent
variable is the binary decision to select the incentivized asset. The baseline category is the Not Motivated group in
the Control condition during the pre-treatment period. ‘Motivated Group‘ is a dummy equal to 1 if the participant
was assigned to the Motivated condition. The triple interaction term ‘LLM × Post × Motivated‘ tests whether
the treatment effect of the LLM differs significantly between the Motivated and Not Motivated groups. Controls
include Age, Education, Risk Willingness, Financial Literacy, and baseline LLM Usage. Standard errors clustered by
participant are in parentheses. Significance levels: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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4.4. Mechanisms

Our results thus far indicate that the LLM impacts investment behavior in ways that keyword-

based search engines do not—specifically by facilitating market entry, driving higher decision per-

sistence, and amplifying motivated reasoning. Guided by our theoretical framework, we investigate

two primary channels that could explain this divergence. First, we examine changes in subjec-

tive difficulty and confidence to test whether the synthesized output of an LLM effectively lowers

the cognitive costs associated with financial decision-making. Second, we analyze the semantic

content of the interaction itself—specifically, the users’ prompting strategies—to determine if the

conversational interface enables users to actively co-construct and validate their incentivized priors.

4.4.1. Subjective Perceptions: Difficulty and Confidence

We first examine whether the availability of different information tools alters the subjective

experience of the investment task. We focus specifically on changes in self-reported confidence and

perceived difficulty, as these metrics serve as proxies for the cognitive cost of decision-making.

Figure 5 displays the mean changes in these perceptions between Stage 1 and Stage 2. Difficulties

and confidence are reported on a 1–10 scale. Panel (a) shows that, for all three groups, the perceived

difficulty of the choice decreases from Stage 1 to Stage 2. However, the decrease is substantially

larger for the LLM-treated group than for the other two groups. Panel (b) shows that confidence

declines in Stage 2 for the control group, but increases for both the LLM and search treatment

groups. Moreover, the LLM-treated group exhibits an even larger increase in confidence than the

search treatment group. Regression analysis (Table 6) confirms a sharp and statistically significant

distinction between the tools. As shown in Column 1, the LLM treatment significantly reduces

perceived difficulty (β = −1.143, p < 0.01). In contrast, providing access to a standard search

engine has no statistically significant effect on perceived difficulty (β = −0.099, p > 0.1). A Wald

test confirms that this difference between the LLM and search treatments is statistically significant

(p < 0.01). This indicates that only the synthesized assistance of the LLM effectively lowers the

cognitive burden of the task.

Regarding confidence (Column 2), both tools provide a significant boost. However, the mag-

nitude of the effect in the LLM condition (β = 1.360) is more than double that observed in the
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(a) Change in Difficulty (b) Change in Confidence

Figure 5. Average Change in Subjective Perceptions (Stage 2 - Stage 1)
Note: These figures display the mean change in self-reported difficulty (Panel a) and confidence (Panel b) after
the treatment intervention. Error bars represent 95% confidence intervals.

search condition (β = 0.539). This difference is statistically significant (p < 0.01), suggesting that

the LLM fundamentally alters the subjective experience, providing a stronger sense of reassurance

while simultaneously removing the sensation of effort.

Difficulty Change Confidence Change
(1) (2)

Treatment (LLM) -1.143∗∗∗ 1.360∗∗∗

(0.254) (0.233)

Treatment (Search) -0.099 0.539∗∗

(0.219) (0.215)

Constant 1.214 0.880
(0.964) (0.990)

Controls Yes Yes

Test: LLM = Search
F-statistic 17.982 12.163
p-value < 0.01∗∗∗ < 0.01∗∗∗

Observations 764 764
R2 0.218 0.216

Table 6: OLS Regression Results: Changes in Difficulty and Confidence with Controls

Notes: This table reports OLS estimates for within-subject changes in subjective perceptions (Stage 2 - Stage 1).
Column (1) reports the change in perceived difficulty (scale 1-10). Column (2) reports the change in confidence (scale
1-10). Both specifications include controls for Age, Education, Risk Willingness, Financial Literacy, and baseline
LLM Usage. Robust standard errors clustered by participant are in parentheses. Significance levels: ∗ p < 0.1, ∗∗

p < 0.05, ∗∗∗ p < 0.01.

4.4.2. The Feedback Loop: Prompting and The Echo Chamber

Next, we examine the information retrieval process itself. A key distinction between the treat-

ments is that traditional search engines return a fixed set of external links, requiring the user to
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evaluate the sources independently. In contrast, LLMs generate synthesized, conversational con-

tent. This generative capability allows users to offload the cognitive burden of evaluation directly

to the model.

To test how users utilize this feature, we analyze the semantic content of their queries. We

classify a query as “Confirmation Seeking” if the participant explicitly solicits a subjective rec-

ommendation, validation, or directional judgment rather than purely factual data. Specifically,

we employ a keyword-based dictionary approach, flagging queries that contain advisory or leading

terms such as “should I invest”, “is it a good choice”, “recommend”, or “what do you think”. This

metric captures a critical shift in user behavior: rather than gathering facts to form their own

conclusion, users are directly asking the system to provide the verdict for them.

As shown in Figure 6, this behavior is virtually non-existent in the traditional search condition

(less than 4%). However, in the LLM condition, 24.2% of non-motivated users and 40.3% of

motivated users explicitly prompted the AI for a verdict or advice. This reveals a dual dynamic.

First, there is a baseline tendency for LLM users to simply outsource the evaluative component of

the task to save cognitive effort. Second, and crucially, this behavior nearly doubles when a financial

incentive is introduced. This sharp increase indicates that motivated users actively leverage the

conversational interface to solicit the bespoke, ”independent” validation they need to rationalize

their incentivized choice.

To formally test this interaction, we regress confirmation seeking on the treatment and motiva-

tion conditions (see Table A3 in Appendix C). We find that the effect of motivation is specific to

the LLM: being in the Motivated group increases confirmation seeking by 16.1 percentage points

(p < 0.1) for LLM users, whereas this “motivation boost” is statistically absent in the traditional

search condition (Interaction β = −0.157, p < 0.1). This confirms that financial incentives act as a

powerful catalyst for confirmation-seeking behavior specifically when users interact with conversa-

tional AI.

Finally, we assess the consequences of this reliance by measuring the “Echo Chamber” effect.

We quantify this by analyzing the semantic congruence between the user’s query and the LLM’s

response. Using sentiment analysis, we classify the evaluative polarity of both the query and the

generated answer. We define the Echo Chamber effect as the rate of directional alignment—where

the model responds with a positive, validating sentiment to a positively framed query, or a skeptical,
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(a) Without Motivation (b) With Motivation

Figure 6. Confirmation Seeking Behavior by Condition

Note: This figure displays the average proportion of queries categorized as ”Confirmation Seeking” based on a
keyword-based dictionary approach. Panel (a) shows the behavior for participants in the Non-Motivated condition,
and Panel (b) displays the results for those in the Motivated condition. Error bars represent 95% confidence
intervals.

negative sentiment to a negatively framed query. For example, if a user submits a positively

skewed prompt such as, “Tell me why the ESG ETF is a smart choice,” an aligned response

actively adopts this bullish stance, highlighting growth potential and validating the user’s premise.

Conversely, a negatively skewed prompt like, “Isn’t the standard ETF too risky right now?” yields

a corroborating response that amplifies those specific risk factors rather than defending the asset’s

historical performance.

We find that in 88.3% of non-neutral exchanges (N = 137, of which 121 were congruent), the

LLM mirrored the user’s stance. This exceptionally high rate of compliance illustrates a funda-

mental behavioral trait of conversational AI: structural agreeableness, often termed sycophancy.

When users ask judgment-based or leading questions, the LLM does not act as an objective, ad-

versarial financial advisor that corrects bias or equally weighs opposing arguments. Instead, the

model anchors its generated narrative on the premise embedded in the user’s prompt. By actively

reinforcing the user’s implicit or explicit direction rather than providing a critically balanced view,

the tool functions as a bespoke confirmation-generator, effectively sealing the motivated user inside

a self-directed epistemic echo chamber.

Crucially, this interaction pattern strongly predicts the ultimate financial outcome. As shown in

Table 7, the proportion of confirmation-seeking queries is a significant predictor of the final choice

(+19.6 percentage points, p < 0.01). To ensure this effect captures bias actively constructed during
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the interaction rather than merely reflecting a pre-existing preference, our specification isolates the

conversational dynamic from baseline inertia. Even when accounting for the assigned motivation

and decision round, the intensity of confirmation-seeking behavior independently drives the prob-

ability of selecting the incentivized asset. This predictive power provides empirical evidence for a

self-fulfilling human-AI feedback loop: users signal a nascent commitment to a specific outcome

by formulating a leading question, which the LLM structurally mirrors. Because the model wraps

this echo in an authoritative, objective-sounding tone, users who seek validation are guaranteed to

receive it. The AI’s generated response therefore transcends simple information retrieval; it serves

as an authoritative anchor that rationalizes and ultimately cements the user’s initial, biased premise.

DV: Is Motivated Choice (1)

Prop. Confirmation Seeking 0.196∗∗∗

(0.072)
Motivated Condition (Dummy) 0.183∗∗∗

(0.053)
Decision Round 0.035∗∗

(0.017)
Constant 0.263∗∗∗

(0.054)

Observations 612
R2 0.063
F-Statistic 8.195

Table 7: The Effect of Prompting Strategy on Final Decision (LLM Group)

Notes: OLS regression results (Linear Probability Model). The dependent variable is the binary decision to select
the motivated asset. The sample is restricted to the LLM treatment group. “Prop. Confirmation Seeking” is the
proportion of queries in a round classified as soliciting validation. Standard errors are clustered by participant.
Significance levels: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Result 4: LLMs shape decision-making through a distinct human-machine inter-

action loop. The interface invites users to engage in Confirmation Seeking, provides

validation through an Echo Chamber effect, and reduces perceived difficulty. This

process solidifies the final decision, increasing persistence and reinforcing Motivated

Choices.
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5. Discussion and Conclusion

The shift from information retrieval to information synthesis fundamentally alters the cognitive

landscape of financial decision-making. Using a pre-registered, incentivized online experiment, we

isolate the causal impact of LLMs on stock market participation and confirmation seeking.

There are three key results: First, LLMs act as a catalyst for market entry. By reducing

perceived difficulty and increasing confidence, LLMs increased stock market participation. Second,

LLM users adhere more strongly to initial choices even when presented with an opportunity to

revise. Third, LLMs amplify motivated reasoning. Taken together, these results document a

fundamental tension in the adoption of generative AI (double-edged mind) as we find that LLMs

act as a behavioral accelerant: they significantly lower the barrier to entry for non-investors, yet

simultaneously facilitate the entrenchment of motivated beliefs through confirmation seeking.

The positive effect on stock market participation (Result 1) is driven by the shift from informa-

tion retrieval to information synthesis. Keyword-based search engines return a list of possibilities,

imposing a cognitive load (”a fatigue”) on the user to filter, evaluate, and conclude. This cognitive

load often results in inaction. In contrast, our results suggest that LLMs function as a decision

support systems that provide synthesized, and conclusive outputs. By reducing the perceived dif-

ficulty of the task, the LLM resolves the uncertainty and reduces the cognitive load sufficiently to

trigger action. However, this capacity for “helpful” synthesis creates a unique vulnerability when

the user has a directional motive (Result 3). In traditional search environments, confirmation bias

requires effort: a user must actively investigate search results to find a specific source that aligns

with their bias. This friction acts as a natural partial dampener on motivated reasoning. In an

LLM environment, our data shows that users can remove this friction by “co-constructing” the

bias. By phrasing prompts as leading questions—asking for validation rather than neutral infor-

mation—users effectively instruct the model to generate a bespoke justification for their preferred

outcome, thereby neutralizing the corrective potential of external information. Consequently, the

interaction creates an endogenous echo chamber : the bias is not inherent to the LLM model, but

is manufactured by the user’s prompting strategy and reinforced by the model’s responsiveness.

These findings are informative for policy. The ability of LLMs to lower the cognitive cost of par-

ticipation offers a promising path toward financial inclusion (Blankespoor et al., 2024). However,
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the ”sycophantic” nature of current models poses problems for market efficiency and investor pro-

tection. If retail investors utilize these tools not to discover truth but to manufacture justifications

for biased priors, the widespread adoption of LLMs could lead to a market characterized by high

participation but low information processing quality. This has implications for financial regulation

and consumer protection. Currently, regulatory discussions regarding AI in finance focus largely

on ensuring models are free from intrinsic bias or hallucination. Our results suggest this focus is

necessary but not sufficient. Even a factually accurate, unbiased LLM can contribute to distorted

outcomes when users strategically frame prompts to obtain validation. In that environment, firms

may not need to directly manipulate model outputs, as well-designed incentives and marketing nar-

ratives could be enough for consumers to “convince themselves” through the LLM. Taken together,

effective regulation should therefore consider not only what the model can do, but also how users

interact with it and the incentives that shape that interaction.
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Appendix A. Experimental Interface

This section presents the user interface of the online experiment.

Appendix A.1. General Flow and Stage 1 (Baseline)

The following screenshots display the common introductory flow and the baseline decision en-

vironment (Stage 1) faced by all participants.

Figure A1. General Instructions and Informed Consent
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Figure A2. Baseline Questionnaire (Demographics and Financial Literacy)
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Figure A3. Stage 1: Instructions (Baseline Decisions)
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(a) Motivated Condition: Sample Decision

(b) Non-Motivated Condition: Sample Decision

Figure A4. Stage 1: Investment Decision Screens
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Appendix A.2. Stage 2: Treatment Variations

In the second stage, participants were assigned to one of three information retrieval treatments.

Appendix A.2.1. LLM Treatment

Participants in this group received access to a conversational AI interface.
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Figure A5. Stage 2 Instructions: LLM Treatment
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Figure A6. LLM Interface Integration
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Figure A7. Decision Screen with Integrated LLM Chat
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Appendix A.2.2. Search Engine Treatment

Participants in this group received access to a programmable Google search engine embedded

directly into the decision screen.
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Figure A8. Stage 2 Instructions: Search Engine Treatment
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Figure A9. Decision Screen with Integrated Search Engine

Appendix A.2.3. Control Condition

Participants in the Control condition proceeded to Stage 2 without any additional information

retrieval tools. Their decision screens in Stage 2 were identical to the Stage 1 screens shown in

Figure A4a (or Figure A4b, depending on their motivation assignment), allowing them to revise

their choices based solely on their own reflection.
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Appendix B. Randomization and Balance

Table A1: Summary Statistics and Balance Checks

Full Sample Control LLM Search P-value

(N=374) (N=107) (N=141) (N=126) (Diff.)

Panel A: Demographics

Age (Years) 34.4 (12.2) 34.27 (10.73) 35.99 (14.35) 32.70 (10.99) 0.252

Female (%) 45.5% 42.1% 45.0% 49.2% 0.579
Education: Bachelor (%) 51.1% 38.3% 58.6% 54.0% 0.016

Education: Master (%) 19.8% 28.0% 13.6% 19.8% –

Panel B: Financial Characteristics

Risk Willingness (1-10) 6.83 (2.08) 6.81 (2.04) 6.98 (2.26) 6.70 (1.92) 0.277

Fin. Lit: Interest Rates (% Corr.) 51.0% 63.6% 52.9% 36.2% < 0.01
Fin. Lit: Rule of 72 (% Corr.) 61.0% 76.6% 52.1% 53.5% < 0.01

Panel C: ESG Attitudes (1-7 Scale)

ESG Knowledge 4.10 (1.81) 4.12 (1.80) 4.24 (1.80) 3.90 (1.84) 0.341

ESG Objectives 4.71 (1.63) 4.86 (1.53) 4.63 (1.65) 4.68 (1.70) 0.490
ESG Benefit 5.10 (1.42) 5.33 (1.24) 5.11 (1.40) 4.89 (1.55) 0.108

Panel D: Technology Usage

LLM Usage: Daily (%) 43.9% 41.1% 54.3% 34.9% < 0.01

LLM Usage: Weekly (%) 34.8% 27.1% 29.3% 47.6% –

Note: Standard deviations are reported in parentheses for continuous variables. P-values in Column 5 are derived
from Kruskal-Wallis tests (continuous) and Chi-square tests (categorical).

Appendix C. Further Analyses

DV: motivated choice

motivated 0.118∗∗∗

(0.034)

Constant 0.401∗∗∗

(0.025)

Observations 1604
R-squared 0.014

Table A2: OLS Regression Results on Motivated Choice

Notes: OLS regression analysis. Clustered standard errors are in parentheses. Significance levels: ∗ p < 0.1, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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(1)
DV: Is Confirmation Seeking Interaction Model

Interaction
Search × Motivated Group -0.1572∗

(0.093)

Main Effects
Motivated Group 0.1610∗

(Effect within LLM condition) (0.088)

Treatment (Search) -0.2068∗∗∗

(0.045)

Constant (LLM Baseline) 0.2423∗∗∗

(0.042)

Observations 674
R2 0.148
F-Statistic 13.70

Table A3: OLS Regression: The Effect of Motivation on Confirmation Seeking

Notes: This table reports OLS estimates. The dependent variable is a binary indicator for confirmation-seeking
queries. The baseline category (Constant) is the LLM condition without motivation. ‘Motivated Group‘ indicates the
additional effect of financial motivation on LLM users. Standard errors clustered by participant are in parentheses.
Significance levels: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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