


Overvaluing Algorithmic Advice: Evidence
from a Stock Price Forecasting Experiment

Nobuyuki Hanaki∗ Bolin Mao† Tiffany Tsz Kwan Tse‡ Wenxin Zhou§

May 26, 2026

Abstract

This study investigates willingness to pay (WTP) for stock fore-
casting advice from algorithms, financial experts, and peers. In two
incentivized forecasting experiments, participants purchased advice
using an incentive-compatible mechanism and then decided how much
to incorporate it into their forecasts. Participants assigned the high-
est WTP to algorithmic advice and relied on it as heavily as expert
advice, despite its forecasting performance being no better than alter-
native sources. Consequently, participants overpaid for advice, espe-
cially algorithmic advice, whose realized benefits were insufficient to
offset its cost. A second experiment shows that overpayment persists
even after repeated opportunities to revise WTP with detailed feed-
back on advice quality and realized net benefits. The results suggest
that individuals place excessive value on algorithmic advice perceived
as sophisticated or credible, even when its realized economic value is
limited. These findings highlight the importance of tools and disclo-
sure policies that help individuals better assess the economic value of
algorithmic advice.
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1 Introduction

The financial advisory industry is undergoing a significant transformation

with the rise of algorithmic advisors (OECD, 2019, 2024). Traditional hu-

man advisors, while offering personalized services, face challenges such as

high fees, behavioral biases (Foerster et al., 2017), conflicts between client

profits and employer profits (Hoechle et al., 2018), misconduct (Dimmock

et al., 2018; Egan et al., 2019), and reliance on experience-driven decisions

(Linnainmaa et al., 2021). In contrast, artificial intelligence (AI) advisors

promise lower costs and data-driven recommendations, making them an at-

tractive alternative for investors (D’Acunto et al., 2019). However, despite

the increased adoption of algorithms, relatively little is known about the de-

mand for algorithmic advice, how individuals value such advice relative to

human expert advice, and whether individuals continue to demand advice

even after observing that its cost outweighs its payoff benefits.

The discussions surrounding human-algorithm relationships have often

focused on “algorithm aversion” (Dietvorst et al., 2015), wherein individuals

underutilize algorithms after learning that they are imperfect, despite their

superior performance compared to human peers. This behavioral trend has

been observed in numerous studies, such as Burton et al. (2020), Chacon

et al. (2022), Gill et al. (2024), and Prahl and Van Swol (2017) and has

led to inquiries on how to improve the adoption of algorithm tools (see, for

example, Dietvorst et al., 2018; Filiz et al., 2021; OECD, 2019). Scholars

have examined whether the degree of algorithm aversion is dependent on the

task (Castelo et al., 2019), the domain (Himmelstein and Budescu, 2023), or

the incentives that individuals face (Greiner et al., 2025).

Perceived expertise also plays an important role in advice taking. Indi-
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viduals are more likely to rely on advice when they perceive the source as

competent or knowledgeable. Bonaccio and Dalal (2006) show that people

take advice more seriously when the advisor is perceived to have greater ex-

pertise. Similarly, Meshi et al. (2012) find that participants place more weight

on advice from human experts than from novices in monthly rent estimation

tasks. These findings suggest that advice use may depend not only on actual

accuracy, but also on perceived competence. In financial forecasting, both

algorithms and human experts may be viewed as sophisticated information

sources, even when their actual predictive performance is limited.

Recent studies present mixed results regarding preferences for algorith-

mic advisors versus human advisors in financial decision making. Önkal et al.

(2009) find that participants rely less on advice from an algorithm than on

advice from a human when forecasting stock prices. Yang et al. (2025) ex-

plore the role of human involvement in AI-generated financial advice and its

effect on consumer decision making, finding that customers are more likely

to follow the advice of human-AI collaboration than pure AI, particularly in

the context of high-risk investments. Holzmeister et al. (2023) found that

clients prefer to delegate investment decisions to algorithms, followed by ex-

perts with aligned incentives, and finally experts compensated with fixed

fees. However, among those who are willing to delegate the decisions, the

willingness to pay (WTP) to do so is similar across algorithms and experts

with varying incentives.1 Germann and Merkle (2023) suggest that partic-

ipants prioritize returns but exhibit no strong preferences between human

fund managers and investment algorithms when it comes to achieving those

1In Holzmeister et al. (2023), participants decide whether or not to delegate their
investment decisions before submitting their WTP to delegate. WTP is elicited only for
those who have decided to delegate.
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returns. Logg et al. (2019) find that experienced professionals rely less on

algorithmic advice than laypersons do. This suggests that reliance on al-

gorithmic advice may depend on how individuals evaluate the algorithm’s

expertise relative to their own expertise and to other available information

sources.

Most existing studies examining advice-taking behavior, including algo-

rithm aversion and appreciation (Logg et al., 2019), employ the judge-advisor

system (JAS) paradigm (Sniezek and Buckley, 1995). In this paradigm, re-

searchers investigate the extent to which participants use the advice they

receive for free.2 In these studies, participants predict variables such as

weight, medical conditions, song rankings, and stock prices. After making

an initial prediction, they receive advice (predictions made by algorithms,

experts, or peers) at no cost and are then asked to either adopt this advice

or adjust their predictions accordingly. Reliance on the advice is measured

by the frequency of adopting the provided recommendation or by the extent

to which the final prediction deviates from the initial one in line with the

advice received.

However, in many real-life situations, such as investment decisions and

medical consultations, advice is costly. Individuals must therefore decide

not only whether to use advice, but also how much it is worth paying for.

This distinction is important because a source that is perceived as expert

or sophisticated may attract high WTP even when its actual performance

does not justify the cost. Thus, rather than solely examining reliance on

free advice, it is essential to understand how much individuals are willing

2Jussupow et al. (2020) summarize 29 publications containing 84 distinct experimental
studies related to algorithm aversion. These studies employed the JAS paradigm with free
advice. Mahmud et al. (2022) examine 80 empirical studies related to algorithm aversion,
while the study by Sutherland et al. (2016) is related to the cost of advice.
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to pay for advice from different information sources, how much they use

the advice after purchasing it, and whether the benefits of advice are large

enough to offset its cost. To the best of our knowledge, with the exception of

Holzmeister et al. (2023), few previous studies have investigated participants’

WTP for advice from different sources.

To address this gap in the literature, we ask: How much are participants

in our stock price forecasting experiment willing to pay for advice in the form

of forecasts made by an algorithm, experts, and other participants similar

to themselves? Furthermore, to what extent do participants rely on the

additional information (forecasts) provided by these sources? Do the benefits

of advice justify its cost? How do their willingness to pay and degree of

reliance change between when they have no prior experience in the task and

after gaining some experience and observing both their own performance and

the advisor’s performance?3

To investigate these questions, we conduct two stock price forecasting

experiment akin to those by Bao et al. (2023, 2025) and Tse et al. (2024).4

In Experiment 1, participants submit their initial forecasts and have the

option of receiving advice in the form of forecasts made by an algorithm (Tse

3We assume in this experiment that participants do not know the advisor’s true per-
formance ex ante.

4Traditional finance theories, such as the efficient market hypothesis, suggest that prices
fully reflect all available information, rendering prediction attempts futile. If participants
agree with this hypothesis, they should not be willing to pay anything for advice from
any of the information sources we consider. However, not everyone is aware of or agrees
with the efficient market hypothesis. For example, the so-called technical analyses rely on
charts to determine investment strategies (Lo et al., 2000; Lo and Hasanhodzic, 2011). In
addition, existing experimental studies such as Bloomfield and Hales (2002) and Bao et al.
(2023, 2025) show that many participants in stock price forecasting experiments consider
prices or at least their direction of change, to be predictable even when they are explicitly
told that the underlying time series follow a random walk. Thus, we consider investigating
how participants value advice from various sources in our stock price forecasting experi-
ment to be a valuable exercise in understanding how an algorithm is perceived compared
to human experts.
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et al., 2024), experts (Bao et al., 2025), or student participants similar to

themselves (Bao et al., 2025) with a fee before finalizing their forecasts.5 We

employ a between-subjects design so that each participant has the possibility

of receiving advice from a single source without being aware of the other

options. We use the incentive-compatible mechanism proposed by Becker

et al. (1964) to elicit participants’ WTP for the advice. For each participant,

WTP is elicited twice to examine how it evolves with their experience.

Experiment 2 focuses on WTP for advice from the algorithm and ex-

perts, and elicits WTP for advice more frequently to better understand the

mechanism behind the results we obtained from Experiment 1, including the

role played by a detailed description of the information source and limited

opportunity for learning.

To the best of our knowledge, our design is unique in that it investi-

gates advice-taking behavior by combining the incentive-compatible method

to elicit WTP for advice and the JAS paradigm to study the extent to which

participants use the advice for which they have paid. This combined ap-

proach allows us to capture a complete picture from valuation to action and

thus link the economic evaluation of advice by individuals with their actual

usage. In doing so, it offers novel insights into the practical impact of paid

advice.

In Experiment 1, participants perceived the advice from the algorithm

to be as good as, if not better than, that from experts and showed a high

WTP and incorporated it into their final decision when possible. The ad-

vice from their peers, on the other hand, was perceived to be the worst with

5Details of the algorithm can be found in the Online Appendix in Tse et al. (2024).
The advice of experts and students are based on the experimental results in Bao et al.
(2025).
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the lowest WTP among the three, and was relied upon the least. However,

the performance of these advice did not match their perceived values. As

a result, participants overpaid for advice, especially for algorithmic advice

whose quality was the lowest in our experiment. Furthermore, limited feed-

back provided during the experiment was not sufficient for participants to

update their beliefs about advice quality and adjust their WTP to the ap-

propriate level.

While the overvaluation of advice and the absence of appropriate adjust-

ment based on the experience and feedback sound rather alarming, they may

have been caused by certain design features of Experiment 1. For example,

the detailed description of the algorithm and experts provided to partici-

pants in Experiment 1 may have given the impression of high competence

and sophistication of these information sources. Furthermore, the feedback

was not detailed and frequent enough for participants to learn better.

Experiment 2 was designed to address these concerns. In particular, it

aims to investigate the impact of the description of the information sources on

initial WTP, together with effects of other design features of Experiment 1, as

well as more frequent and detailed feedback on learning about advice quality

(and thus, subsequent updating of WTP). Furthermore, it also investigates

whether characteristics of the stock-price series influence the WTP for advice.

The results show that detailed descriptions, and thus potential impres-

sion of competence and sophistication they may have provided, do not signif-

icantly increase WTP for either algorithmic or expert advice. We also found

that participants update WTP mainly in response to improvements in fore-

casting accuracy rather than net benefit gains, i.e., not carefully considering

the cost-benefit of receiving these advice. As a result, participants continue
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to overpay, particularly for algorithmic advice, even with more frequent and

detailed feedback.

These results underscore the need for tools and policies that help indi-

viduals evaluate the actual value of advice, rather than relying solely on the

perceived expertise or sophistication of the advice source. From a regulatory

perspective, transparent disclosures of advice performance, costs, and real-

ized net benefits may help individuals make better decisions about whether

advice is worth purchasing. This issue is particularly relevant in high-stakes

domains such as finance, where both algorithmic and human expert advice

may be perceived as credible and sophisticated, even when the realized ben-

efits are not large enough to justify the cost.

The remainder of the paper is structured as follows: Section 2 presents

the design of Experiment 1 and hypotheses; Section 3 summarizes its results,

together with a discussion; Section 4 presents the design of Experiment 2;

Section 5 presents and discusses its results; and Section 6 concludes the

paper.

2 Design of Experiment 1

Experiment 1 is designed to examine how participants value, use, and learn

about costly forecasting advice from different information sources. Partic-

ipants first make forecasts without advice, then decide how much they are

willing to pay for advice, and finally determine how much to incorporate the

purchased advice into their final forecasts.

We employ three treatments that vary the source of advice, algorithm,

experts, and students. In each treatment, there are two main tasks (Tasks
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Figure 1: Flow of Task 1 and Task 2

1 and 2) that are identical in structure. Each task consisted of two parts

(Parts 1 and 2). Figure 1 illustrates the flow of these tasks.

In part 1, participants faced a series of 10 questions. In each question,

participants viewed a time-series graph showing 12 months of closing prices

for a randomly selected stock from the S&P 500. The starting date for each

time series was randomly chosen from a range between January 1, 2008, and

June 30, 2018, and participants were not informed of either the stock names

or the starting dates. Each time series was normalized so that the starting

price equaled 100 (see Figure 2 for an example).

In each question, participants were asked to forecast the stock’s closing

price 30 days after the final price shown in the graph within a 40-second

time limit.6 Participants completed forecasts for all 10 questions without

receiving any feedback. These 10 questions were presented in the same order

across participants. This forecasting task is identical to those in Bao et al.

(2023, 2025). Participants did not receive any feedback on their performance

before the end of part 2.

After part 1, participants submitted their WTP for advice on a scale

from 0.0 to 10.0 in increments of 0.1 following an incentive-compatible BDM

6If participants did not submit their forecast within the time limit, the program auto-
matically submitted a value of 0. In the Results section, we excluded data from participants
who did not submit within the time limit. Specifically, we excluded 3 WTP observations
in Task 1: 1 in each treatment.
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Figure 2: Sample graph

mechanism (Becker et al., 1964). They were informed that in part 2, they

would once again make forecasts for the same 10 time series graphs in the

same order as in part 1.

Let WTP i
t denote participant i’s WTP in Task t. For each question q in

Part 2, the price of advice, piq, was independently drawn for each participant

from a uniform distribution between 0.1 and 10.0 in increments of 0.1. If

WTP i
t ≥ piq, participant i received the advice for question q and paid piq.

Otherwise, no advice was provided and no payment was required.7 There

was a 60-second time limit for submitting a WTP.8

7Thus, unlike Holzmeister et al. (2023), who elicit WTP only among those who delegate,
we elicit WTP for all participants. It is well known that participants have difficulty
understanding the BDM mechanism (Cason and Plott, 2014). To encourage participants
to truthfully report their WTP, in our experiment, we instruct participants to answer
a series of questions to determine their WTP. See slide 14 of the instructions in Online
Appendix E.

8If participants did not submit their WTP within the time limit, the program will au-
tomatically submit a value of 0. In the Results section, we excluded data from participants
who did not make submissions within the specified time limit. We excluded a total of 30
initial-forecast observations in Task 1: 9 each in Algorithm and Expert, and 12 in Student;
5 final-forecast observations in Task 1: 3 in Algorithm, 1 each in Expert and Student; 4
initial-forecast observations in Task 2: 3 in Algorithm and 1 in Student; and 2 final-forecast
observations in Task 2: 1 each in Algorithm and Expert.

11



In part 2, participants submitted forecasts on the same set of 10 questions,

one by one, as in part 1. For each question, they were informed of the price of

the advice, piq, and whether they receive it. If not, they were only reminded of

their forecast from part 1 before submitting their forecast. No performance

feedback was provided during part 2.

Upon completing part 2, participants received feedback, including the

total points accumulated across both parts 1 and 2, as well as the points

awarded for each question in both parts. Additionally, they were reminded

of their WTP and the price of advice in each question. See Screen 6 in Online

Appendix H for a screenshot after completing Task 1.

Participants were rewarded based on the accuracy of their forecasts. The

reward of participant i for question q, riq, is calculated as follows, where (·)+

denotes max(·, 0):

riq =

(
20−

∣∣∣∣∣Forecastiq − True valueq

True valueq

∣∣∣∣∣× 100

)+

.

If a participant’s forecast exactly matched the realized price, they earned 20

points. For every percentage point difference between the forecast and the

true value, 1 point was deducted. Participants received no points if their

forecast deviated from the true value by more than 20%.9

To avoid negative payoffs and standardize the initial endowment, each

participant was allocated 10 points per question to cover the cost of advice.

The points accrued by participant i for each question in parts 1 and 2, πi
g,

were πi
q = riq + 10 if they did not receive advice and πi

q = riq + 10 − piq,

9We followed Bao et al. (2025) in using a linear scoring rule, rather than the more
commonly used quadratic scoring rule, which penalizes larger deviations more heavily, in
order to provide participants in the current experiment with the same incentive scheme
faced by the sources of advice.
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otherwise.

The final payoff was determined by summing the points earned across

the 10 questions from a randomly selected part, which could be any of the

following: part 1 of Task 1, part 2 of Task 1, part 1 of Task 2, or part 2 of

Task 2. The exchange rate for the experiment was set at 1 point = 6 JPY.

2.1 Treatments

We employed a between-subjects design with three treatments that varied

the source of advice: algorithm, expert, and student. The algorithm-based

advice consisted of forecasts generated by the algorithm used in Tse et al.

(2024). Expert advice consisted of the average forecasts submitted by Cer-

tified Member Analysts (CMAs) of the Securities Analysts Association of

Japan in Bao et al. (2025). Student advice consisted of the average fore-

casts submitted by students at the University of Osaka in the same study.10

We denote the algorithm treatment by Algorithm, the expert treatment by

Expert, and the student treatment by Student.

Participants in Algorithm were informed that forecasts were generated by

a machine-learning algorithm trained on historical stock-price data. Par-

ticipants in Expert and Student were told that forecasts came from CMAs

and students of the same university, respectively, who had previously partic-

ipated in a similar experiment. Full description provided in the instruction

are provided in Table 1.

Participants were not provided with any information about the perfor-

10Instead of using average forecasts, an alternative design would have been to use fore-
casts from a randomly selected CMA or student who had previously participated in the
experiment. We opted for the current design to reduce the uncertainty associated with
variation in individual forecasts, which could otherwise have further reduced participants’
willingness to pay for advice from experts and students.
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Table 1: Description of Information Sources

Algorithm
The additional information provided here is a stock price forecast submit-
ted, based on the same stock price chart used in this experiment, by an
algorithm crafted to predict future stock prices.
This algorithm makes a future stock price forecast by learning the histor-
ical stock price information, from January 1st, 2000, or from the initial
public offering (IPO) day to January 1st, 2020, of 83 target companies
ranked at the top in their capital market sectors (i.e., Basic Materials,
Consumer Goods, Healthcare, Services, Utilities, Conglomerates, Finan-
cial, Industrial Goods, Technology).
Expert
The additional information provided here is the average of stock price pre-
dictions submitted by 198 experts (CMAs) who participated in a similar
experiment in the past, based on the stock price chart used in this exper-
iment, for stock prices 30 days ahead.
CMA stands for Certified Member Analyst of the Securities Analysts As-
sociation of Japan. The CMA is a qualification granted to those who have
taken the prescribed training courses and passed the examinations based
on these courses and fulfilled certain requirements; it is a sign of expertise
in the fields of finance and investments. The CMAs’ investment valua-
tions are based on the calculation of the corporate value of an investment
and the forecasting of its future value. The particularly crucial knowledge
required can be broadly categorized into three main areas: evaluation of
investment data, decision making on investment policies, and construction
and management of portfolios.
Student
The additional information provided here is the average of stock price
predictions submitted by 233 students at The University of Osaka who
participated in a similar experiment conducted in the past, based on the
stock price chart used in this experiment, for stock prices 30 days ahead.
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Figure 3: Experiment flow

mance of the advice sources. This design allows us to examine participants’

subjective perceptions of different advice sources in Task 1 and how these

perceptions evolve after gaining experience in the task.

2.2 Procedure

Figure 3 illustrates the flow of the experiment. Initially, participants read

the general instructions individually on a computer screen; those instructions

outlined the primary tasks and objectives of the experiment. While partic-

ipants were informed they would have the opportunity to receive advice,

the specific source of this advice was not disclosed at this stage. Detailed

instructions are available in Online Appendix E.

After reading the instructions, participants completed a comprehension

quiz to ensure they understood the experiment. This quiz consisted of five

questions which were identical across all three treatments. Feedback on each

answer was provided immediately after each question.

After the quiz, participants completed a survey consisting of three sec-

tions: demographic characteristics, stock trading experiences, and financial

literacy.11 Upon completing the survey, participants advanced to the main

11In the demographic section, participants provided information on their gender, aca-
demic grade, and whether they were majoring in a science-related field. For stock trading
experience, participants indicated any past involvement in stock investments. Those with
prior experience were asked about the duration of their activities, the types of stocks they
invested in, their returns, the sources of information they consulted during investment
decision making, and their risk management approaches in stock investments. In the fi-
nancial literacy section, participants responded to 12 questions adapted from Fernandes
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experimental tasks, Tasks 1 and 2, which followed the same order for all

participants.

The experiment was programmed using oTree (Chen et al., 2016) and

conducted at the experimental laboratory of the Institute of Social and Eco-

nomic Research (ISER) at The University of Osaka. A total of 17 sessions

took place between October 2023 and June 2024, with each session dedicated

to a single treatment. We recruited 311 students from the ISER’s ORSEE

database (Greiner, 2015), and each participant attended only one session.12

See Table B.1 in Online Appendix B for a summary of participants’ char-

acteristics. They received a participation fee of 500 JPY for completing the

90-minute session, with the potential to earn an additional reward of up to

1800 JPY based on their forecasting accuracy.13 All session were conducted

by the same experimenter to maintain consistency. Table 2 presents a sum-

mary of the sessions.14

2.3 Hypotheses

Research on advice taking suggests that individuals rely more heavily on

advice perceived as competent and knowledgeable (Bonaccio and Dalal, 2006;

et al. (2014).
12Participants in this experiment did not participate in the previous experiment used

to generate the student advice.
13Participants provided online consent by clicking an approval button prior to registering

for the experiment.
14The number of sessions differs from our pre-registration because we were only able to

recruit a small number of participants in some sessions. Given that this is an individual
decision making task, we prioritized reaching the target total number of participants rather
than adhering strictly to the pre-registered number of sessions. The sample size was
determined based on results from our pilot study, with a target of 95 participants aimed
at detecting differences between algorithmic and expert advice. We included data from the
pilot sessions in the main analysis, as the sampling frame and experimental methodology
were consistent across both. As a robustness check, we conduct the analysis excluding the
pilot data. The results are similar to those obtained using the full sample. The detailed
results are reported in Online Appendix D.
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Table 2: Summary of treatments

Treatments Algorithm Expert Student

No. of participants 106 103 102
No. of sessions 6 5 6
Duration (min) 90 90 90
Avg. payment (JPY) 1884 1907 1921

Meshi et al., 2012). Consistent with this view, both algorithmic and expert

advice may be expected to receive higher valuations than advice provided by

non-experts such as other students.

At the same time, prior literature provides mixed evidence regarding

whether individuals value algorithmic advice more or less than expert ad-

vice. Studies on algorithm aversion suggest that individuals may distrust

algorithms relative to human experts after observing that algorithms are im-

perfect (Dietvorst et al., 2015; Jussupow et al., 2020). Consistent with this

view, Önkal et al. (2009) find that participants rely less on advice framed as

coming from algorithms than on otherwise identical advice framed as coming

from human experts in stock-price forecasting tasks. Other studies, how-

ever, suggest that algorithms may also be perceived as sophisticated and

competent information sources, particularly in data-intensive domains such

as financial forecasting (Logg et al., 2019). Recent evidence further suggests

that descriptions emphasizing technical sophistication, learning ability, or

complexity can increase the perceived competence and acceptance of algo-

rithmic systems (Chacon et al., 2022; Lehmann et al., 2022; Chevrier et al.,

2024; Williamson et al., 2025).

Our preregistered hypotheses follow the earlier algorithm-aversion litera-

ture and predict that participants will value expert advice more highly than

algorithmic advice, while both expert and algorithmic advice will be valued
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more highly than student advice. Formally, we test the following hypotheses:

Hypothesis 1. Participants’ WTP for advice is ordered as follows: Expert

> Algorithm > Student.

Upon completing Task 1, participants could assess their performance in

both parts 1 and 2 of the task. By comparing their initial performance

(before accessing advice in part 1) with their performance after adopting

advice in part 2, participants could evaluate any improvements attributable

to that advice. If participants observed that the advice contributed positively

to their performance in Task 1, we anticipate they would be more inclined

to increase their WTP for advice in Task 2. Accordingly, we propose the

following hypothesis:

Hypothesis 2. Participants’ WTP for advice in Task 2 increases when they

experience improved forecasting performance after adopting advice in Task 1.

3 Results of Experiment 1

We first examine participants’ WTP for advice in Task 1, followed by their

utilization of advice and the resulting payoff consequences. We then inves-

tigate how participants updated their WTP in Task 2 after observing their

experiences in Task 1.

3.1 WTP for advice in Task 1

When participants submitted their WTP for advice in Task 1, they had not

yet received any feedback regarding either their own forecasting performance

18



Figure 4: Willingness to pay (WTP) in Task 1

(a) Means of WTP in Task 1
(b) Cumulative distribution functions of

WTP in Task 1

Notes: We regressed WTP on three treatment dummies using an OLS regression model

with robust standard errors clustered at the session level. Pairwise comparisons of esti-

mated dummy coefficients were conducted using F-tests with Bonferroni-adjusted p-values.

Results from two-sided tests are reported. The symbols *, **, and *** indicate significance

at the 0.1, 0.05, and 0.01 levels, respectively.15

or the performance of the advice source.

Figure 4 illustrates participants’ WTP for advice. Panels (a) and (b)

present the means and cumulative distributions of WTPs for the three treat-

ments.

The mean WTPs to receive advice in Task 1, along with their standard

deviations, were 4.970 (2.396) for Algorithm, 4.212 (2.523) for Expert, and

3.016 (2.503) for Student. Mean WTP in Algorithm was marginally signifi-

cantly higher than in Expert (two-sided test: p = 0.095). Mean WTP in both

Algorithm and Expert was significantly higher than in Student (one-sided test:

p < 0.001 and p = 0.007, respectively).16

Panel (b) of Figure 4 reveals substantial variation in WTP within each

15This analysis was partly pre-registered. We additionally cluster robust standard errors
at the session level because each session included only one treatment, which may confound
treatment effects with session-specific factors. Also, cumulative distribution functions of
WTP in Task 1 was not pre-registered.

16We also conducted a joint test of equality across the three treatments, rejecting the
null hypothesis that Algorithm = Expert = Student (p < 0.001). This indicates that WTP
differs significantly across the three treatments.
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treatment. Each treatment includes participants with a WTP of 0. The

proportion of participants with a WTP of 0 is highest in Student (19.80%),

more than twice that observed in Expert (7.84%) and Algorithm (5.71%). The

maximum WTP of 10 was observed for both Algorithm (3.81%) and Expert

(3.92%), whereas it was less than 1% in Student.17

The distribution of WTP in Student lies to the left of that in Expert,

which itself lies to the left of that in Algorithm. We conducted a two-sample

Kolmogorov–Smirnov test to assess distributional differences in WTP be-

tween treatments. The WTP distributions in Algorithm and Expert were not

significantly different (p = 0.121), but they were both significantly different

from that in Student (p < 0.001 and p = 0.006 vs. Algorithm and vs. Expert,

respectively).

Result 1. The WTPs for advice are ordered as follows: Algorithm >∗ Expert

>∗∗∗ Student.

Contrary to our preregistered hypothesis based on the algorithm-aversion

literature, participants valued algorithmic advice at least as highly, if not

better than, as expert advice.

17We investigated whether personal characteristics correlate with WTP in Task 1 across
different information sources, as this measure may reflect participants’ self-assessed com-
petence relative to the advice source. Table B.1 in Online Appendix B presents the results
of the OLS regressions. For algorithmic advice and student advice, none of the observ-
able personal characteristics exhibits a significant correlation with WTP in Task 1. By
contrast, for expert advice, participants with stock-trading experience have significantly
lower WTP (p = 0.013), while participants with higher financial literacy scores have sig-
nificantly higher WTP (p = 0.031). Other characteristics are not significantly correlated
with WTP.
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3.2 Utilization of advice

We next examine the extent to which participants incorporated advice into

their final forecasts after receiving it.18 We measure advice utilization using

the shift rate, a standard measure in the advice-taking literature (Harvey

and Fischer, 1997; Sniezek et al., 2004). The shift rate captures the extent

to which participants move their final forecast toward the advice, relative to

their initial forecast. A shift rate of 0 indicates that the participant did not

adjust the initial forecast toward the advice, while a shift rate of 1 indicates

full adoption of the advice. Our analysis focuses on observations with shift

rates between 0 and 1.19

The results show that participants relied substantially on both algorith-

mic and expert advice.20 The average shift rate was approximately 0.8 in Al-

gorithm and Expert, and the difference between these two treatments was not

statistically significant. By contrast, participants relied less on advice from

peers. The average shift rate in Student was 0.569 in Task 1, significantly

lower than the shift rates in the other two treatments. Thus, participants

not only assigned lower WTP to peer advice, but also relied on it less after

receiving it.

We also examine whether advice utilization is related to participants’

WTP. If participants are more willing to pay for advice that they expect to

18The analyses reported in this section were not pre-registered. Details on the results
about utilization of advice are provided in Online Appendix C.3.

19This restriction was not specified in the preregistration. Shift rates below 0 or above 1
capture movements away from, or beyond, the advice and therefore reflect different behav-
ioral responses. We report these cases separately in the Online Appendix C.3. We report
the results for the shift rate without imposing the restriction in Online Appendix C.3.1.
Approximately 10% of the observations have shift rates outside the range from 0 to 1.
The shift rates across treatments in Task 1 show a pattern similar to the results obtained
when restricting the shift rate to values between 0 and 1.

20We regressed the shift rate on three treatment dummies using an OLS regression model
with robust standard errors clustered at the participant level.

21



be accurate, then higher WTP may also be associated with greater reliance

on the advice after it is received. However, we find no significant relationship

between WTP and the shift rate in any treatment. These results suggest that

participants’ valuation of advice and their subsequent reliance on it are not

strongly linked. Participants may therefore be willing to pay more for advice

from certain sources, such as algorithms or experts, without relying more

heavily on the advice once it is received.

Result 2. Participants were equally likely to incorporate advice in Algorithm

and Expert when they receive it. Reliance on advice was significantly lower

in Student.

3.3 Impacts of advice on performance

So far, we have examined participants’ WTP for advice from three different

information sources and their use of that advice upon receiving it. We now

examine how the use of advice affected participants’ forecasting performance

and realized payoffs.21

The average performance of the advice received by participants differs

across the three treatments. Advice received in Algorithm performed worse

than advice received in Expert and Student, both in terms of the accuracy

error rate and performance points. The performance of advice received is

similar between Expert and Student.22

Participants lacked information about the relative performance of the

advice sources when forming their valuations. They nevertheless assigned

21The analyses reported in this section were not pre-registered. We decided to include
them based on feedback received during seminars and conferences.

22Details on the performance of advice are provided in Online Appendix C.1 and C.2.
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Figure 5: Change in performance and net benefit in Task 1

(a) Change in performance (b) Change in net benefit

Notes: We regressed the change in performance points and net benefits (part 2 − part 1)

in task 1 on three treatment dummies using an OLS regression model with robust standard

errors clustered at the participant level. Pairwise comparisons of the estimated dummy

coefficients were performed using F-tests with Bonferroni-adjusted p-values. We also re-

gressed these changes on an advice-receiving dummy in each treatment using an OLS

regression model with robust standard errors clustered at the participant level. The sym-

bols *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively, while

n.s. denotes that the difference is not statistically significant at the 0.1 level.

the highest WTP to the lowest-performing source: algorithmic advice. This

may have negatively affected both the accuracy of their final forecasts in

part 2 and the payoffs they ultimately received.

Figure 5 displays the average change, from part 1 to part 2, in perfor-

mance measured by points earned (the left panel) and in payoff measured by

net benefit (the right panel) in three treatments.23 Within each panel, the

average change when participants did not receive advice is shown on the left,

while when they received advice is shown on the right.

The left panel of Figure 5 shows that when participants did not receive

advice, performance improved only slightly from part 1 to part 2, with mean

23The results regarding the change in forecasting accuracy measured by the absolute
percentage errors are provided in Online Appendix C.6.
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gains below one point in all treatments and no significant differences across

treatments.

When participants received advice in Expert or Student, the performance

improvement was significantly greater than when they did not receive advice.

The mean performance increases were 0.939 points for Expert and 1.208 points

for Student. However, when participants received advice in Algorithm, per-

formance improved by an average of only 0.069 points, which was less than

the 0.499-point improvement observed when they did not receive it. This dif-

ference was marginally significant (p = 0.075). These improvements should

not be attributed solely to advice, as participants also improved slightly even

without receiving advice.

The right panel of Figure 5 shows that despite modest improvements in

forecasting performance, the gains were generally too small to offset the cost

of advice. As a result, participants who purchased advice experienced nega-

tive average changes in net benefits in all treatments. The losses were largest

in Algorithm (−3.076), followed by Expert (−2.166) and Student (−1.430).

Result 3. Participants overpaid for advice, particularly for algorithmic ad-

vice whose performance was the lowest in our experiment.

In fact, the maximum WTP required to achieve an average non-decrease

in net benefit was 0 for Algorithm, 1.942 for Expert, and 1.110 for Student.

These thresholds imply that average WTP exceeded the level required for

advice to improve expected net benefits in all treatments.24

This overvaluation of advice in Task 1 may reflect participants’ initially

optimistic beliefs regarding advice quality. How did participants update their

24Details on the maximum WTP required to achieve an average non-decrease in net
benefit are provided in Online Appendix C.4.
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Figure 6: WTP in Task 2

(a) Means of WTP in Task 2
(b) Cumulative distribution functions of
WTP in Task 2

Notes: We regressed WTP on three treatment dummies using an OLS regression model

with robust standard errors clustered at the session level. Pairwise comparisons of the

estimated dummy coefficients were performed using F-tests with Bonferroni-adjusted p-

values. The symbols *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels,

respectively.25

WTP based on observing both their own performance and any improvement

in their performance after adopting the advice in Task 1?

3.4 Effect of experience

Figure 6 shows WTP for advice in Task 2 across the three treatments. The

ordering of both the mean values (Panel a) and the cumulative distributions

of WTP (Panel b) in Task 2 closely resembles the patterns observed in Task 1.

Beyond aggregate treatment differences, we are interested in how individ-

ual participants updated their WTP between Tasks 1 and 2. Specifically, we

aim to understand whether participants’ WTP shifted between Tasks 1 and

2 and, if so, how these changes corresponded to their experiences in Task 1.

According to Hypothesis 2, a change in WTP between Tasks 1 and 2 should

be positively correlated with the improvement in performance resulting from

25This analysis was not pre-registered. The cumulative distribution functions of WTP
in Task 2 were also not pre-registered.
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adopting advice in Task 1.

To test this hypothesis, we run a linear regression where the depen-

dent variable △WTP i = WTP i
2 − WPT i

1 is the change in each partici-

pant’s WTP between two tasks. Our main explanatory variable is the av-

erage improvement in performance obtained from advice in Task 1: △Mean

performancei = avg(riq+10 − riq).
26

Additionally, in place of △Mean performancei, we consider △Net benefiti

as an alternative independent variable. This variable represents the increase

in the payoff from part 1 to part 2 in Task 1, net of the price paid for advice.27

Table 3 presents a summary of the regression results, with a participant

serving as the unit of observation. We restricted the analysis to participants

who received advice at least once. Models (1) to (3) consider △Mean per-

formance in Task 1 and the number of pieces of advice received in Task 1

as independent variables, while models (4) to (6) consider △Net benefit in

Task 1 as the independent variable.28

Regarding the effect of △Mean performance in Task 1, the estimated

coefficients are positive and significant only for Algorithm. These results

suggest that participants responded differently to performance improvements

depending on the advice source.

From an economic perspective, however, the key question is whether the

improvement in forecasting performance is large enough to justify the cost of

advice. This aspect is examined in models (4) through (6), where △Net ben-

26Recall that questions are ordered so that participants make forecasts based on the
same time series forecast in question q of part 1 and question q+10 of part 2. The average
is taken over those q such that participant i received the advice in q + 10.

27△Net benefiti = avg(πi
q+10−πi

q) = avg(riq+10−riq−piq+10), where the average is taken
over those q such that participant i received the advice in q + 10.

28The analyses of models (1) to (6) were partly pre-registered, which we additionally
control for the number of pieces of advice received in Task 1 and cluster robust standard
errors at the session level.
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efit in Task 1, which accounts for the cost of advice, serves as the independent

variable.

The estimated coefficients for △Net benefit in Task 1 are positive and

significant for Algorithm and Expert, but not for Student. In addition, in

models (1) to (6), as the number of pieces of advice received in Task 1

increases, WTP decreases significantly in all treatments.

These findings indicate that participants increased their WTP for advice

in Algorithm when they observed an improvement in performance as well as

net benefit. While they increased their WTP when net benefit increased in

Expert, their WTP did not respond to either in Student.

Result 4. Participants increased their WTP for advice after experiencing

improved performance from adopting it only in Algorithm. In Expert, partic-

ipants increased their WTP only when advice improved net benefits.

Thus, Hypothesis 2 is partially supported. While participants updated

their WTPs in response to experienced changes in performance and payoffs.

However, as we observe in Figure 7, they continued to overpay for advice,

particularly algorithmic advice, in Task 2.29

29In addition, another insightful finding can also be observed in Table 3. Based on
the regression results, and suppose that the other variables (△Mean performance in Task
1, or △Net benefit in Task 1) are equal to zero, we calculate the predicted number of
received advices in Task 1 that would make △WTP equal to zero. Specifically, this value
is obtained by dividing the absolute value of the constant term by the coefficient on the
number of received advices in Task 1. The resulting values are as follows: Algorithm =
5.29, Expert = 4.30, and Student = 3.76 in models (1)-(3), and Algorithm = 8.13, Expert
= 5.35, and Student = 3.57 in models (4)-(6). In both cases, the ordering is: Algorithm
> Expert > Student. This suggests that, holding changes in performance or net benefits
constant, participants’ demand for advice is least easily satisfied when using algorithmic
advisors, while it is most easily satisfied when using student advisors.

30This analysis was not pre-registered
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Figure 7: Change in performance and net benefit in Task 2

(a) Change in performance (b) Change in net benefit

Notes: We regressed the change in performance points and net benefits (part 2 − part 1)

in task 2 on three treatment dummies using an OLS regression model with robust standard

errors clustered at the participant level. Pairwise comparisons of the estimated dummy

coefficients were performed using F-tests with Bonferroni-adjusted p-values. We also re-

gressed these changes on an advice-receiving dummy in each treatment using an OLS

regression model with robust standard errors clustered at the participant level. The sym-

bols *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively, while

n.s. denotes that the difference is not statistically significant at the 0.1 level.30

3.5 Discussion on Experiment 1

Participants assigned the highest WTP to algorithmic advice and relied on

it as heavily as expert advice, despite its forecasting performance being no

better than the alternatives. As a result, participants overpaid for advice,

particularly for algorithmic advice. Moreover, the feedback provided after

Task 1 was not sufficient for participants to fully adjust their beliefs about

advice quality and revise their WTP accordingly. We discuss three possible

explanations for these findings.

First, the high initial WTP for algorithmic and expert advice may reflect

participants’ perceptions of these sources as sophisticated and competent,

reinforced by the detailed descriptions provided in the instructions (Lehmann
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et al., 2022; Chevrier et al., 2024; Williamson et al., 2025). Similarly, stating

that an algorithm “learns” may increase its acceptance because it is perceived

as more competent (Chacon et al., 2022).31

Second, participants may have had difficulty accurately evaluating the

economic value of advice in a noisy forecasting environment. In Experi-

ment 1, WTP was elicited only twice, and the feedback did not clearly sepa-

rate participants’ own forecasting ability, advice quality, and the net benefits

from purchasing advice. As a result, participants may have struggled to

determine whether observed improvements in performance were sufficiently

large to justify the cost of advice.

Third, learning opportunities were endogenous to participants’ initial

WTP. Participants with high WTP purchased advice more frequently and

therefore had more opportunities to observe its performance, whereas par-

ticipants with very low WTP observed relatively little information about

advice quality. This endogenous exposure may have slowed belief updating

and contributed to persistent misvaluation.

Experiment 2 is designed to investigate these mechanisms more directly.

In particular, it examines whether simplifying the descriptions of the advice

sources reduces initial WTP and whether more frequent and detailed feed-

back improves participants’ ability to evaluate the economic value of advice.

4 Design of Experiment 2

We employ a 2×2 between-subjects design in Experiment 2. In one di-

mension, we vary the source of advice: algorithm vs experts. In another

31Participants’ WTP may also have been affected by curiosity, prior beliefs about advice
performance, overconfidence, and the house-money effect.
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dimension, we vary the description of these sources: with a detailed descrip-

tion (as in Experiment 1) vs without description in which the source was

described simply as “algorithm” or “human expert,” without additional de-

tails. The four treatments are therefore: Algorithm–No Description (Alg-No

D), Algorithm–Description (Alg-D), Expert–No Description (Exp-No D), and

Expert–Description (Exp-D).

All treatments used the same set of 20 stock-price time series as in Ex-

periment 1. However, unlike Experiment 1, in each period, WTP for ad-

vice is elicited, and detailed feedback is provided regardless of whether the

participant purchased the advice.32 This feature controls for the effects of

curiosity and differential learning opportunities that may have influenced

WTP in Experiment 1. It also provides equal learning opportunities to all

the participants regardless of their WTP. Furthermore, to reduce potential

house-money effects, participants performed a real-effort task before the fore-

casting task in order to earn the endowment used to purchase advice. The

repeated elicitation of WTP together with detailed feedback allows us to

investigate whether additional learning opportunities improve participants’

ability to evaluate the economic value of advice.

Figure 8 illustrates the sequence of decisions in each round. Participants

first viewed a stock-price graph and submitted an initial forecast. They then

reported confidence in that forecast and evaluated the expected usefulness

of the additional information.33 Next, WTP for advice was elicited using

32As the feedback, participants are informed of (1) WTP they submitted, (2) the price
of the advice, (3) their initial and final forecasts, (4) the advice, (5) the realized stock
price, (6) the forecast errors of and the reward points associated with the initial and final
forecast as well as the advice, (7) the final rewards based on the initial and final forecasts,
(8) the change in points if they had relied entirely on the advice, and (9) the change in
net benefit from the initial to the final forecast.

33Participants’ confidence in the initial forecast is evaluated based on a five-point scale
from “1. not at all confident” to “5. very confident.” Similarly they indicate how they
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Figure 8: Flow of steps in each round

the same BDM mechanism as in Experiment 1. Conditional on submitted

WTP and the randomly drawn advice price, participants either received the

advice and submitted a final forecast or proceeded without advice. Finally,

participants reported confidence in their final forecast and received detailed

feedback. Unlike Experiment 1, no time limits were imposed.

The payment rule was designed to make both the initial and final forecasts

payoff relevant. As in Experiment 1, participants earned 20 points if their

forecast exactly matched the realized price, with one point deducted for each

percentage-point deviation from the true value.

At the end of the experiment, one of the 20 forecasting rounds was ran-

domly selected for payment, together with either the initial or final forecast

from that round. Participants received the 10-point endowment earned in

the slider task and the payoff associated with the selected forecast. If the

final forecast was selected and advice had been purchased, the advice cost

was deducted. The exchange rate was 1 point = 60 JPY.

expect the accuracy of their initial forecast to compare with the accuracy of the forecast
based on the additional information, using a five-point scale from “1. much less accurate”
to “5. much more accurate.”
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Table 4: Summary of treatments in Experiment 2

Treatments Alg - No D Alg - D Exp - No D Exp - D

No. of participants 50 51 50 50
Duration (min) 90 90 90 90
Avg. payment (JPY) 2443 2456 2477 2413

4.1 Procedure

The experiment consisted of five parts. Participants first read the instruc-

tions and completed a comprehension quiz. Unlike in Experiment 1, par-

ticipants had to answer every quiz question correctly before proceeding to

the next step. They then answered a survey on demographic characteristics,

stock-trading experience, and financial literacy. In the third part, to reduce

the house-money effect, participants completed a slider task designed to let

them earn the endowment used to purchase advice.34 In the fourth part,

participants completed the stock-price forecasting task. Finally, participants

completed a post-experiment survey.

Furthermore, to examine whether characteristics of the stock-price series

affected WTP, we organized the 20 time series into blocks based on statistical

and technical features following Bao et al. (2023). Using k-means clustering,

we grouped the time series into four clusters and constructed 4 blocks of 5

rounds containing a balanced mix of stock-price patterns across blocks.

We conducted 11 laboratory sessions at the University of Osaka in Febru-

ary 2026 involving 201 subjects. See Table 4 for a summary.35

34Specifically, participants completed a standard slider task (Gill and Prowse, 2012),
earning 0.5 points for each completed slider and up to 10 points in total.

35Descriptive statistics of participants’ characteristics are summarized in Table K.1 in
Online Appendix K.
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Figure 9: WTP in Round 1 and Across All Rounds in Experiment 2

(a) WTP in Round 1 (b) WTP in All Rounds

Notes: We regressed the WTP in round 1 (in all rounds) on four treatment dummies
by an OLS regression model with robust standard errors (clustered at participant level).
Pairwise comparisons of estimated dummy coefficients are done by F-test with Bonferroni-
adjusted p-values. Results from two-sided tests are reported. The symbols *, **, and ***
indicate significance at the 0.1, 0.05, and 0.01 levels, respectively. See Online Appendix
J.1 for details.

5 Results of Experiment 2

5.1 Initial and subsequent WTP and the role of de-

scriptions

We first examine whether detailed descriptions of the advice sources increased

participants’ WTP. 36

Figure 9 shows WTP for advice in Round 1 and across all rounds in Ex-

periment 2. Detailed descriptions of the information sources did not increase

WTP for either algorithmic or expert advice, either in Round 1 or across all

rounds.

The average WTPs in Round 1 were 3.029 in Alg-D and 3.752 in Exp-

D. These values are lower than those in Task 1 of Experiment 1, where

the average WTP were 4.970 and 4.212 for algorithmic and expert advice,

36All reported results in the Results of Experiment 2 section were not pre-registered,
except for the analysis of WTP in Round 1. The pre-registered analysis is presented in
Online Appendices L.3 and L.4.

34



respectively. The lower WTP observed in Experiment 2 may reflect the

reduction of curiosity-driven demand and house-money effects, both of which

are more tightly controlled for in Experiment 2 than in Experiment 1.

Result 5. Detailed descriptions do not increase WTP for either algorithmic

or expert advice.

5.2 Utilization of advice

In Experiment 1, participants valued algorithmic advice as highly as expert

advice and relied on both sources to a similar extent after receiving the

advice. We next examine whether detailed descriptions and richer feedback

influenced participants’ reliance on purchased advice. As in Experiment 1,

reliance on advice is measured using the shift rate. We again restrict the

analysis to observations with shift rates between 0 and 1.

The average shift rate, across 20 rounds, was 0.617, 0.589, 0.707, and

0.771 in Alg-No D, Alg-D, Exp-No D, and Exp-D, respectively.37 Shift rates

for expert advice are significantly higher than those for algorithmic advice in

both the description and no-description treatments (p <0.001 and p =0.025,

respectively). In contrast, detailed descriptions do not significantly affect

reliance on either source of advice.

Thus, participants relied more heavily on expert advice than on algorith-

mic advice after purchasing it, despite assigning similar WTP to the two

sources.

Result 6. Participants relied more on expert advice than algorithmic advice

upon purchasing it.

37See Online Appendix J.2 for details.
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Because detailed descriptions do not significantly affect either WTP or

advice utilization, we pool the treatments with and without descriptions

in the remaining analyses while controlling for the presence of descriptions

through a treatment dummy.

5.3 Learning and updating under repeated feedback

How did repeated feedback affect participants’ updating of WTP and shift

rates over time? Table 5 reports regressions examining the determinants

of WTP across rounds, while Table 6 reports corresponding regressions for

shift rates. Some specifications additionally include characteristics of the

stock-price series to account for variation in the underlying forecasting envi-

ronment.38

Table 5 shows the results of random effect panel regressions investigat-

ing the relationship between WTP and (i) confidence in initial forecasts

(Columns 1 to 6), (ii) experiences in performance improvements with and

without receiving advice (Columns 3 to 6), and (iii) time series characteris-

tics (Columns 5 and 6).

The negative and significant coefficients on “Round” indicate that WTP

for both types of advice declines over time. The negative and significant

coefficients on the variables related to beliefs about forecast accuracy and

confidence indicate that participants with stronger beliefs in the accuracy of

their own initial forecasts and greater confidence in those forecasts exhibit

significantly lower WTP.

In terms of learning from experience, greater performance improvements

from purchased advice in previous rounds significantly increase WTP for

38Following Bao et al. (2023), we consider five characteristics of the time series: the
autocorrelation coefficient, amplitude, variance, MACD reversals, and reversals.
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algorithmic advice only. In addition, stronger performance improvements

achieved without purchasing advice significantly reduce WTP for algorithmic

advice only.

These relationships hold after controlling for the characteristics of the

time series. Among the five time-series characteristics considered, greater

amplitude increases WTP for expert advice, whereas higher variance reduces

it. A higher autocorrelation coefficient increases WTP for algorithmic advice,

whereas more MACD reversals reduce it. In addition, after controlling for

past experience and time-series characteristics, providing a description of

algorithmic advice has a marginally significant negative effect on WTP.

Table 6 reports random-effects panel regressions examining the relation-

ship between shift rates and WTP, beliefs about forecast accuracy, confidence

in initial forecasts, changes in confidence after receiving advice, and past ex-

periences with and without purchased advice.

WTP is positively and significantly associated with shift rates for al-

gorithmic advice, but not for expert advice. After controlling for WTP, the

positive and marginally significant coefficients on prior performance improve-

ments with purchased advice indicate that participants rely more heavily on

advice when they previously experienced forecasting improvements from us-

ing it, regardless of the advice source. By contrast, prior performance im-

provements obtained without purchasing advice, which negatively affected

WTP for algorithmic advice, are not significantly related to shift rates.

In addition, both the number of previously purchased advice observations

and confidence in initial forecasts are negatively associated with shift rates

for algorithmic advice. No comparable relationship is observed for expert

advice.

37



T
ab

le
5:

T
h
e
eff

ec
ts

of
b
el
ie
fs

ab
ou

t
ac
cu
ra
cy

an
d
co
n
fi
d
en
ce

in
in
it
ia
l
fo
re
ca
st
s,

p
as
t
ex
p
er
ie
n
ce
,
an

d
st
o
ck

p
ri
ce

ch
ar
ac
-

te
ri
st
ic
s
on

W
T
P

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

A
lg
o
ri
th
m

E
x
p
er
t

A
lg
o
ri
th
m

E
x
p
er
t

A
lg
o
ri
th
m

E
x
p
er
t

V
ar
ia
b
le
s

W
T
P

W
T
P

W
T
P

W
T
P

W
T
P

W
T
P

D
es
cr
ip
ti
on

d
u
m
m
y

-0
.2
6
0

0
.0
8
9

-0
.6
0
2
*

0
.0
1
9

-0
.6
0
0
*

0
.0
1
9

(0
.3
6
7
)

(0
.4
1
4
)

(0
.3
4
2
)

(0
.4
1
1
)

(0
.3
4
1
)

(0
.4
1
1
)

R
ou

n
d

-0
.0
4
1
*
*
*

-0
.0
3
1
*
*
*

-0
.0
5
2
*
*
*

-0
.0
3
7
*
*

-0
.0
5
3
*
*
*

-0
.0
4
3
*
*
*

(0
.0
1
1
)

(0
.0
1
0
)

(0
.0
1
6
)

(0
.0
1
5
)

(0
.0
1
6
)

(0
.0
1
5
)

C
on

fi
d
en
ce

in
in
it
ia
l
fo
re
ca
st
s

E
va
lu
at
io
n
of

ow
n
ac
cu
ra
cy

in
th
e
in
it
ia
l
fo
re
ca
st

-0
.3
6
6
*
*
*

-0
.4
2
3
*
*
*

-0
.3
2
8
*
*
*

-0
.3
9
4
*
*
*

-0
.3
2
6
*
*
*

-0
.3
9
3
*
*
*

(0
.0
8
9
)

(0
.0
8
6
)

(0
.0
9
5
)

(0
.0
8
0
)

(0
.0
9
5
)

(0
.0
8
1
)

C
on

fi
d
en
ce

in
th
e
in
it
ia
l
fo
re
ca
st

-0
.3
2
4
*
*
*

-0
.3
8
2
*
*
*

-0
.3
4
4
*
*
*

-0
.4
0
5
*
*
*

-0
.3
3
8
*
*
*

-0
.3
9
5
*
*
*

(0
.0
5
4
)

(0
.0
7
2
)

(0
.0
5
2
)

(0
.0
7
8
)

(0
.0
5
3
)

(0
.0
7
7
)

E
x
p
er
ie
n
ce

M
ea
n
p
ri
or

p
er
fo
rm

an
ce

ch
an

ge
w
/
p
u
rc
h
as
ed

a
d
v
ic
e

0
.1
6
1
*
*
*

0
.0
8
9

0
.1
6
8
*
*
*

0
.0
8
9

(0
.0
5
0
)

(0
.0
5
6
)

(0
.0
5
1
)

(0
.0
5
5
)

M
ea
n
p
ri
or

p
er
fo
rm

an
ce

ch
an

ge
w
/o

p
u
rc
h
as
ed

a
d
v
ic
e

-0
.2
3
3
*
*

-0
.0
8
6

-0
.2
3
2
*
*

-0
.0
7
7

(0
.0
9
7
)

(0
.1
5
3
)

(0
.0
9
7
)

(0
.1
5
5
)

N
u
m
b
er

of
ad

v
ic
e
re
ce
iv
ed

0
.0
0
4

0
.0
1
0

0
.0
0
9

0
.0
1
1

(0
.0
5
2
)

(0
.0
3
4
)

(0
.0
5
2
)

(0
.0
3
4
)

T
im

e
S
er
ie
s
C
h
ar
ac
te
ri
st
ic
s

A
u
to
co
rr
el
at
io
n
co
effi

ci
en
t

0
.8
3
1
*

0
.0
4
3

(0
.4
8
7
)

(0
.4
1
6
)

A
m
p
li
tu
d
e

-0
.0
0
4

0
.0
1
6
*
*
*

(0
.0
0
5
)

(0
.0
0
5
)

V
ar
ia
n
ce

0
.0
0
0

-0
.0
0
2
*
*

(0
.0
0
1
)

(0
.0
0
1
)

M
A
C
D

re
ve
rs
al
s

-0
.0
2
5
*
*

0
.0
0
6

(0
.0
1
2
)

(0
.0
1
1
)

R
ev
er
sa
ls

-0
.0
0
1

0
.0
0
1

(0
.0
0
4
)

(0
.0
0
5
)

C
on

st
an

t
5
.3
9
8
*
*
*

5
.3
0
4
*
*
*

5
.6
8
9
*
*
*

5
.3
9
0
*
*
*

5
.7
2
4
*
*
*

4
.7
5
0
*
*
*

(0
.3
6
4
)

(0
.3
6
7
)

(0
.4
0
8
)

(0
.4
0
3
)

(0
.6
2
2
)

(0
.6
4
9
)

O
b
se
rv
at
io
n
s

2
,0
2
0

2
,0
0
0

1
,5
9
0

1
,4
7
5

1
,5
9
0

1
,4
7
5

C
lu
st
er

at
p
ar
ti
ci
p
an

t
le
ve
l

1
0
1

1
0
0

9
6

9
5

9
6

9
5

W
al
d
χ
2

9
1
.6
4
9

8
3
.9
7
6

1
2
0
.4
2
8

7
4
.9
7
1

1
3
2
.7
3
6

8
5
.5
4
0

P
ro
b
>

χ
2

0
.0
0
0

0
.0
0
0

0
.0
0
0

0
.0
0
0

0
.0
0
0

0
.0
0
0

N
o
te
s:

a)
W
e
re
gr
es
s
W

T
P

in
al
l
ro
u
n
d
s
on

th
e
tr
ea
tm

en
t
d
u
m
m
y,

ev
a
lu
a
ti
o
n
o
f
ow

n
a
cc
u
ra
cy

in
th
e
in
it
ia
l
fo
re
ca
st
,
co
n
fi
d
en
ce

in
th
e
in
it
ia
l

fo
re
ca
st

an
d
m
ea
n
p
ri
or

p
er
fo
rm

an
ce

ch
an

ge
w
th

p
u
rc
h
as
ed

a
d
v
ic
e,
m
ea
n
p
ri
o
r
p
er
fo
rm

a
n
ce

ch
a
n
g
e
w
it
h
o
u
t
p
u
rc
h
a
se
d
a
d
v
ic
e,
n
u
m
b
er

o
f
re
ce
iv
ed

ad
v
ic
e
fr
om

p
re
v
io
u
s
ro
u
n
d
s,

u
si
n
g
a
ra
n
d
om

eff
ec
t
p
an

el
d
a
ta

O
L
S
re
g
re
ss
io
n
m
o
d
el

w
it
h
st
a
n
d
a
rd

er
ro
rs

cl
u
st
er
ed

a
t
p
a
rt
ic
ip
a
n
t
le
v
el
.
T
h
e

sy
m
b
ol
s
*,

**
,
an

d
**
*
in
d
ic
at
e
si
gn

ifi
ca
n
ce

at
th
e
0.
10
,
0
.0
5
,
a
n
d
0
.0
1
le
ve
ls
,
re
sp
ec
ti
ve
ly
.

b
)
T
h
e
u
n
it
of

ob
se
rv
at
io
n
is

ea
ch

su
b
je
ct
’s

W
T
P

in
ro
u
n
d
1
.
T
h
e
to
ta
l
n
u
m
b
er

o
f
o
b
se
rv
a
ti
o
n
s
is

th
e
n
u
m
b
er

o
f
su
b
je
ct
s
in

a
ll
tr
ea
tm

en
ts
.

c)
N
u
m
b
er
s
in

p
ar
en
th
es
es

ar
e
st
an

d
ar
d
er
ro
rs

cl
u
st
er
ed

a
t
p
a
rt
ic
ip
a
n
t
le
ve
l.

38



T
ab

le
6:

T
h
e
eff

ec
ts

of
W

T
P
,
b
el
ie
fs
ab

ou
t
ac
cu
ra
cy

an
d
co
n
fi
d
en
ce

in
in
it
ia
l
fo
re
ca
st
s,
ch
an

ge
in

co
n
fi
d
en
ce

af
te
r
re
ce
iv
in
g

th
e
ad

v
ic
e,

an
d
p
as
t
ex
p
er
ie
n
ce

w
it
h
an

d
w
it
h
ou

t
re
ce
iv
in
g
ad

v
ic
es

on
S
h
if
t
R
at
e

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

A
lg
o
ri
th
m

E
x
p
er
t

A
lg
o
ri
th
m

E
x
p
er
t

A
lg
o
ri
th
m

E
x
p
er
t

V
ar
ia
b
le
s

S
H
IF

T
S
H
IF

T
S
H
IF

T
S
H
IF

T
S
H
IF

T
S
H
IF

T

W
T
P

0
.0
3
1
*
*
*

0
.0
0
6

0
.0
5
9
*
*
*

0
.0
0
8

0
.0
5
7
*
*
*

0
.0
0
7

(0
.0
1
2
)

(0
.0
0
9
)

(0
.0
2
1
)

(0
.0
1
0
)

(0
.0
2
0
)

(0
.0
1
1
)

R
ou

n
d
n
u
m
b
er

-0
.0
0
6

-0
.0
0
6
*
*
*

0
.0
2
4

-0
.0
0
3

0
.0
2
2

-0
.0
0
4

(0
.0
0
5
)

(0
.0
0
2
)

(0
.0
1
5
)

(0
.0
0
6
)

(0
.0
1
4
)

(0
.0
0
6
)

D
es
cr
ip
ti
on

d
u
m
m
y

-0
.0
1
7

-0
.0
1
9

-0
.0
8
1

-0
.0
1
9

-0
.0
6
9

-0
.0
2
0

(0
.0
7
3
)

(0
.0
4
6
)

(0
.0
6
4
)

(0
.0
5
5
)

(0
.0
6
0
)

(0
.0
5
5
)

E
x
p
er
ie
n
ce
s

M
ea
n
p
ri
or

p
er
fo
rm

an
ce

ch
an

ge
w
it
h
p
u
rc
h
as
ed

a
d
v
ic
e

0
.0
6
4
*

0
.0
1
9
*

0
.0
5
9
*

0
.0
1
6
*

(0
.0
3
5
)

(0
.0
1
0
)

(0
.0
3
5
)

(0
.0
1
0
)

M
ea
n
p
ri
or

p
er
fo
rm

an
ce

ch
an

ge
w
it
h
ou

t
p
u
rc
h
as
ed

a
d
v
ic
e

0
.1
9
0

-0
.0
0
5

0
.1
8
9

-0
.0
0
2

(0
.1
5
2
)

(0
.0
1
5
)

(0
.1
5
1
)

(0
.0
1
5
)

N
u
m
b
er

of
ad

v
ic
e
re
ce
iv
ed

-0
.0
4
0
*
*
*

-0
.0
0
1

-0
.0
3
6
*
*

0
.0
0
0

(0
.0
1
5
)

(0
.0
1
2
)

(0
.0
1
4
)

(0
.0
1
2
)

C
on

fi
d
en
ce

E
va
lu
at
io
n
of

ow
n
ac
cu
ra
cy

in
th
e
in
it
ia
l
fo
re
ca
st

0
.0
3
7

-0
.0
0
0

0
.0
3
3

0
.0
0
1

(0
.0
4
3
)

(0
.0
2
5
)

(0
.0
4
1
)

(0
.0
2
5
)

C
on

fi
d
en
ce

in
th
e
in
it
ia
l
fo
re
ca
st

-0
.1
0
9
*
*
*

-0
.0
1
4

-0
.0
8
3
*
*

0
.0
1
2

(0
.0
3
9
)

(0
.0
1
9
)

(0
.0
3
7
)

(0
.0
2
3
)

C
h
an

ge
in

co
n
fi
d
en
ce

0
.0
6
3

0
.0
4
0
*

(0
.0
4
2
)

(0
.0
2
2
)

C
on

st
an

t
0
.5
2
2
*
*
*

0
.8
1
0
*
*
*

0
.3
7
6

0
.7
6
9
*
*
*

0
.2
9
9

0
.6
8
9
*
*
*

(0
.1
3
4
)

(0
.0
6
8
)

(0
.2
3
5
)

(0
.1
1
0
)

(0
.2
5
6
)

(0
.1
1
2
)

O
b
se
rv
at
io
n
s

6
0
4

5
6
9

4
7
8

4
4
5

4
7
8

4
4
5

C
lu
st
er
ed

at
p
ar
ti
ci
p
an

t
le
ve
l

9
7

9
4

9
1

8
5

9
1

8
5

W
al
d
χ
2

1
6
.0
9
7

9
.0
8
3

4
4
.8
5
5

9
.1
7
6

5
1
.4
5
8

1
6
.5
7
8

P
ro
b
>

χ
2

0
.0
0
1

0
.0
2
8

0
.0
0
0

0
.3
2
8

0
.0
0
0

0
.0
5
6

N
o
te
s:

a)
W
e
u
se

d
at
a
fo
r
gr
ap

h
s
fo
r
w
h
ic
h
p
ar
ti
ci
p
an

ts
re
ce
iv
ed

a
d
v
ic
e.

W
e
a
ls
o
re
st
ri
ct

th
e
sa
m
p
le

to
o
b
se
rv
a
ti
o
n
s
w
h
er
e
th
e
sh
if
t
ra
te

is
b
et
w
ee
n
0
an

d
1.

W
e
re
gr
es
s
sh
if
t
ra
te

on
th
e
W

T
P

in
ea
ch

ro
u
n
d
u
si
n
g
a
ra
n
d
o
m

eff
ec
t
p
a
n
el

d
a
ta

O
L
S
m
o
d
el
,
w
it
h
st
a
n
d
a
rd

er
ro
rs

cl
u
st
er
ed

at
th
e
p
a
rt
ic
ip
an

t
le
ve
l.
W

T
P
in
d
ic
at
es

th
e
su
b
m
it
te
d
W

T
P
in

ea
ch

ro
u
n
d
.
In

M
o
d
el
s
(3
)
a
n
d
(4
),
w
e
a
d
d
co
n
tr
o
l
va
ri
a
b
le
s,
in
cl
u
d
in
g
th
e
m
ea
n

p
er
fo
rm

an
ce

ch
a
n
ge

fr
om

al
l
p
re
v
io
u
s
ro
u
n
d
s
w
it
h
p
u
rc
h
a
se
d
a
d
v
ic
e,

th
e
m
ea
n
p
er
fo
rm

a
n
ce

ch
a
n
g
e
fr
o
m

a
ll
p
re
v
io
u
s
ro
u
n
d
s
w
it
h
o
u
t
p
u
rc
h
a
se
d

ad
v
ic
e,

th
e
n
u
m
b
er

of
p
ie
ce
s
of

ad
v
ic
e
re
ce
iv
ed

in
p
re
v
io
u
s
ro
u
n
d
s,
th
e
ev
a
lu
a
ti
o
n
o
f
th
e
a
cc
u
ra
cy

o
f
th
e
in
it
ia
l
fo
re
ca
st
,
co
n
fi
d
en
ce

in
th
e
in
it
ia
l

fo
re
ca
st
.
In

M
o
d
el
s
(5
)
an

d
(6
),

w
e
ad

d
a
co
n
tr
ol

va
ri
ab

le
:
th
e
ch
a
n
g
e
in

co
n
fi
d
en
ce

fr
o
m

th
e
in
it
ia
l
fo
re
ca
st

to
th
e
fi
n
a
l
fo
re
ca
st
.
T
h
e
sy
m
b
o
ls

*,
**
,
an

d
**
*
in
d
ic
at
e
si
gn

ifi
ca
n
ce

at
th
e
0.
1,

0.
05
,
an

d
0
.0
1
le
ve
ls
,
re
sp
ec
ti
ve
ly
.

b
)
b
)
T
h
e
u
n
it

of
ob

se
rv
at
io
n
is

a
ro
u
n
d
in

w
h
ic
h
a
p
a
rt
ic
ip
a
n
t
re
ce
iv
ed

a
d
v
ic
e.

T
h
e
to
ta
l
n
u
m
b
er

o
f
o
b
se
rv
a
ti
o
n
s
is

th
e
n
u
m
b
er

o
f
S
H
IF

T
ob

se
rv
at
io
n
s
ac
ro
ss

al
l
su
ch

ro
u
n
d
s
in

th
e
al
go
ri
th
m

an
d
ex
p
er
t
tr
ea
tm

en
ts
,
in
cl
u
d
in
g
b
o
th

th
e
d
es
cr
ip
ti
o
n
a
n
d
n
o
-d
es
cr
ip
ti
o
n
co
n
d
it
io
n
s.

c)
N
u
m
b
er
s
in

p
ar
en
th
es
es

ar
e
st
an

d
ar
d
er
ro
rs

cl
u
st
er
ed

a
t
p
a
rt
ic
ip
a
n
t
le
ve
l.

39



Overall, repeated performance feedback led participants to update their

WTP for algorithmic advice, but not for expert advice. It also affected

participants’ reliance on both algorithmic and expert advice over time. In

contrast, repeated net-benefit feedback did not lead participants to update

either their WTP or their advice utilization.39

5.4 Impacts of advice on performance

Did the richer feedback and repeated updating opportunities in Experiment

2 improve participants’ ability to evaluate advice appropriately?

Figure 10 shows the average changes in performance points and net ben-

efits from the initial to the final forecast, separately by whether participants

received advice, for Rounds 1–10 and Rounds 11–20.

In the first ten rounds, receiving either algorithmic or expert advice sig-

nificantly improved forecasting performance, with the improvement in latter

being significantly larger. However, regardless of the advice source, partici-

pants’ net benefits decreased on average, with significantly larger losses for

algorithmic advice than for expert advice.

In the second ten rounds, as participants gained experience, the perfor-

mance improvements generated by both types of advice became significantly

smaller (p < 0.01 for both algorithmic and expert advice). For algorithmic

advice, the improvement was no longer statistically different from zero. This

also led to a further decline in net benefits from receiving advice. This reduc-

tion in the net benefit from advice reflects improvements in participants’ ini-

tial forecasts over time. Among all participants, average performance points

from the initial forecast increased from 12.667 to 14.490 in the algorithm

39Detailed results on net benefit are reported in Online Appendix J.4.
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Figure 10: Change in performance points and net benefit (Top) from Round
1 to 10 and (Bottom) from Round 11 to 20

Round 1-10

(a) Change in performance points (b) Change in net benefit

Round 11-20

(c) Change in performance points (d) Change in net benefit

Notes: We regressed the change in performance points and the change in net benefit

from (Top) round 1 to 10 and (Bottom) round 11 to 20, both measured as final forecast

minus initial forecast, on an algorithm dummy using OLS regressions with robust standard

errors clustered at the participant level. All regression models control for a description

dummy, which equals one if participants received a detailed description of the additional

information and zero otherwise. Pairwise comparisons of the estimated coefficients were

conducted using F-tests. We also estimated, within each pooled treatment, regressions

of the change in performance points and the change in net benefit on an advice-receiving

dummy, again using robust standard errors clustered at the participant level. The symbols

*, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively, while

n.s. indicates that the difference is not statistically significant at the 0.1 level. See Online

Appendix J.3 for details.
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treatments, and from 12.414 to 14.598 in the expert treatments. These in-

creases of approximately 2 points between the first and last 10 rounds are

statistically significant (p < 0.01 for both algorithmic and expert advice).

These findings are broadly consistent with those from Experiment 1: al-

though advice can improve forecasting performance, the resulting gains in

accuracy are often insufficient to offset the cost of purchasing advice.

Result 7. Even after repeated opportunities for learning and updating, par-

ticipants continued to assign valuations that exceeded the realized economic

value of the advice.

6 Conclusion

Using two incentivized forecasting experiments, we investigated participants’

willingness to pay (WTP) for advice from algorithms, financial experts, and

peers; the extent to which they used this advice when making final forecasts;

how advice affected forecasting performance and net benefits; and how WTP

and reliance changed with experience.

In Experiment 1, participants assigned the highest WTP to algorithmic

advice and relied on it as heavily as expert advice, despite its forecasting

performance not being superior to that of alternative sources. Peer advice

received the lowest WTP and was relied upon the least.

However, participants overpaid for advice, particularly algorithmic ad-

vice, whose realized benefits were insufficient to offset its cost. Moreover, the

limited feedback provided in Experiment 1 was insufficient for participants

to fully revise their beliefs about advice performance and adjust their WTP

accordingly.
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Three possible mechanisms may explain the results of Experiment 1.

First, participants may have perceived algorithmic and expert advice as

sophisticated and competent, an impression potentially reinforced by the

detailed descriptions of these sources. Second, participants may have had

difficulty accurately evaluating the value of advice in a noisy forecasting

environment with limited feedback. Third, learning opportunities were en-

dogenous, as they depended on participants’ initial WTP.

Experiment 2 was designed to investigate these mechanisms. In partic-

ular, it examined whether withholding detailed descriptions of algorithms

and experts reduced WTP, and whether more frequent and detailed feed-

back, provided independently of participants’ WTP, improved their ability

to evaluate the value of advice.

The results show that detailed descriptions do not significantly affect par-

ticipants’ WTP. Detailed feedback helped participants adjust their WTP for

algorithmic advice, as well as their utilization of both algorithmic and expert

advice, based on their experiences with and without advice. Participants’ un-

aided initial forecasts improved over time, and their WTP declined as they

gained experience. However, as in Experiment 1, participants continued to

overpay for advice, particularly algorithmic advice.

Given participants’ tendency to overvalue advice from sources perceived

as sophisticated despite mixed performance, particularly algorithmic advice,

regulatory bodies could establish standards for transparent disclosure of ad-

vice performance, especially in finance and other high-stakes domains. Clear,

accessible information on the accuracy and limitations of algorithm-driven

predictions may help mitigate overreliance and encourage better-informed

decision-making.
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Policies that foster algorithm literacy—through educational programs or

certification standards in financial literacy and algorithmic competency—

could help consumers and professionals critically evaluate when to rely on

algorithmic or human expertise. Such initiatives could help protect consumer

interests, improve decision quality, and support the balanced integration of

algorithms across various sectors.

Our experiment does not involve conflicts of interest on the part of the

advisors. However, advisors often provide guidance that can affect their own

benefit. Therefore, a fruitful direction for future research is to study how

the potential presence of a conflict of interest between advisor and advisee

affects the latter’s WTP for and reliance on advice, depending on the type

of advisor.

Finally, another fruitful direction for future research is to investigate

whether our findings are specific to the task employed in this study or instead

generalize more broadly, and, if so, which characteristics of tasks (Castelo

et al., 2019) or domains (Himmelstein and Budescu, 2023) determine the

applicability of these findings.
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No D and 43 in Exp - D).
The number of observations with shift rates below 0 is 17 in the Algorithm treatment

(7 in Alg - No D and 10 in Alg - D), 4 in the Expert treatment (1 in Exp - No Dand 3

in Exp - D).
The number of observations with shift rates between 0 and 1 is 572 in the Algorithm

treatment (284 in Alg - No D and 288 in Alg - D), 531 in the Expert treatment (264 in

Exp - No Dand 267 in Exp - D).

Figure L17: Shift rate in Experiment 2

Notes: We consider all shift rate observations without restriction. We regress shift rate on treatment

dummies, using a random-effects panel-data OLS regression model with standard errors clustered at the

participant level, controlling for round number. Pairwise comparisons of estimated dummy coefficients

are done by F-test with Bonferroni-adjusted p-values. Results from two-sided tests are reported. The

symbols *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
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Figure L18: Shift rate between algorithm and expert in Experiment 2

Notes: We consider all shift rate observations without restriction. We regress shift rate on pooled treat-

ment dummies, using a random-effects panel-data OLS regression model with standard errors clustered

at the participant level, controlling for round number and description dummy. Pairwise comparisons

of estimated dummy coefficients are done by F-test. Results from two-sided tests are reported. The

symbols *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
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Experimental 
Instruction

1

Welcome to the experiment

● We will now begin the experiment. In addition to the participation fee 

of 500 yen for taking part in this experiment, you will also receive 

reward based on the choices you make during the experiment.

● You are not allowed to communicate with other participants during the 

experiment. Additionally, please turn off all electronic devices such as 

smartphones and iPads during the experiment.

● If you have any questions during the experiment, please raise your 

hand. We will answer them individually.

2

M Experimental Instruction in Experiment 2 (English Trans-

lation)

101



Experiment details

The experiment consists of three parts:

Part 1: Questionnaire
Part 2: Experiment Task 1
Part 3: Experiment Task 2

The total duration of the experiment is approximately one hour.

3

Experiment details: Questionnaire

● In the questionnaire, you will be asked mainly about your
experience with stock investments and your knowledge of financial
literacy to assess your knowledge and experience related to
financial investment.

●Your responses will not affect your reward, but please answer
honestly according to your personal situation.

●The estimated time for completing the questionnaire is 10 minutes.
● If the time limit is exceeded, you will be automatically moved to the

next step.
●Once you have completed the questionnaire, click the 'Next' button

to begin Task 1.

4
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Experiment details: Task 1

• Use your mouse to drag the slider handle so that the slider points to the
value 50.

• There are 20 sliders in total.

• When you have finished, click the “Complete” button.

• You cannot click the “Complete” button unless you have completed
100% of the task, so you will not be able to proceed to the next page.

• You will receive 0.5 points for each slider you complete.

• If you complete 100% of the task, you will receive 10 points.

• The 10 points you earn will be used to pay for additional information in
Task 2.

• How you can use the 10 points you earn will be explained in detail later.

5

Experiment details: Task 1
Slider Task

Use your mouse to drag each slider handle so that the slider points to the value 50.
There are 20 sliders in total.
Number of sliders currently set to the correct position: 0
Current completion rate: 0.00%

When you have finished, please click the “Complete” button.

Complete

6
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Experiment details: Task 2

• You will be asked to predict future stock prices based on past stock price
information. Your reward will depend on how accurate your predictions are, as will
be explained later.

• 20 questions will be presented. The stock price graph shown in each question will
be different.

• In each question, you will be shown a graph displaying the closing prices of a
particular stock over a 12-month period. You will then be asked to predict the
stock price 30 days after the last day shown on the graph.

• The period for each graph is randomly selected from the time between January 1,
2008, and June 30, 2018, and will cover a 12-month period starting from that
randomly selected date.

• The stock will be randomly chosen from the S&P 500.
• The stock name and the exact period will not be displayed.

7

Experiment details: Task 2

●The flow of each question is as follows.

●More details will be provided later.

What you will doIn each questionStep

Read the graph of a stock and make a prediction
First half

（Initial Forecast）1

Indicate how confident you are in your initial forecastConfidence 12

Evaluate the additional information
Evaluation of Additional 

Information3

Indicate how much you are willing to pay (WTP) for 
the additional information

WTP4

Read the graph and the additional information, then 
make a prediction

Second half
（Final Forecast）

5

Indicate how confident you are in your final forecastConfidence 26

8
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Experiment details：The first half of each question

● In the first half, as mentioned earlier, you will read a graph
displaying the closing prices of a particular stock over a 12-month
period and predict the stock price 30 days after the last day shown
on the graph.

●All graphs are normalized so that the stock price on the first day of
the graph is set to 100.

●Please submit your predicted value with up to three decimal places.

● In the next slide, a sample question will be displayed.

9

10
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Experiment details：The second half of each question

● In the second half of each question, the same graph as in the first
half will be shown, and you will make a prediction again.

●However, in the second half, you may have the opportunity to
obtain additional information to assist with your predictions.

●Whether you can obtain the additional information depends on the
amount you submit between the first and second halves as your
willingness to pay (WTP, the maximum amount you are willing to
pay to purchase the additional information) and the randomly
determined price (p) of the additional information.

11

Experiment details：The second half of each question

●Participants who obtained additional information: they can
refer to both the graph and the additional information to predict the
stock price again.

●Participants who did not obtain additional information: they will
predict the stock price again using only the graph, just as in the first
half.

●As in the first half, please submit your predicted value with up to
three decimal places.

12
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Obtaining additional information

Before the second half begins, an explanation will be provided on how the
availability of additional information is determined, based on the submitted
willingness to pay (WTP) and the price (p) of the additional information,
which is randomly set for each question.

In this experiment, the WTP that can be submitted is limited to numbers
from 0.0 to 10.0, with one decimal place.

The price of the additional information (p) ranges from 0.1 to 10.0 and is
randomly determined for each of the 10 questions in the second half. All
prices are chosen with the same probability.

13

Purchase of additional information

●In a given graph, if the WTP is greater than or equal to the price of the
additional information (p) (WTP ≥ p):
○ You will pay p and obtain the additional information.

●Conversely, if the WTP is less than p (WTP < p):
○ You will not obtain the additional information, and no payment will

occur.
●The WTP is submitted before the second half of each question begins.
●The price of the additional information (p) will be randomly determined

separately for each question.

14

14
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Purchase of additional information

● Example 1

○ For instance, suppose you submit a WTP of 10.0.

○ In this case, since the price of the additional information determined randomly
for each graph is at most 10.0, you will obtain additional information for all
graphs and pay the price of the additional information for each graph.

● Example 2

○ For instance, suppose you submit a WTP of 0.0.

○ In this case, since the minimum price of the additional information determined
randomly for each graph is 0.1, you will not obtain additional information for any
graph, and no payment for the additional information will occur either.

15

How to determine the willingness to pay (WTP)

When determining the WTP, first consider the following questions:

Continue this until your answer changes from 'yes' to 'no’. 

The price at which your answer changes is your WTP.

Do you want 
to purchase 
when p = 
0.2?

Do you want 
to purchase 
when p = 
0.1?

Do you want 
to purchase 
when p = 
0.3?

16
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Endowment for purchasing additional information

• The 10 points earned in Task 1 will be used to pay for additional
information in Task 2.

• Example 1: If you submit 0.0 as your WTP and do not purchase
any additional information, the 10 points will remain unchanged.

• Example 2: If you submit 10.0 as your WTP, obtain the
additional information, and pay its price of 9.0 points, you will
have 1 point remaining.

17

Example of Purchasing Additional Information and 
Point Calculation

Remaining points
Can the additional 

information be 
purchased?

Price of additional 
information(p)

WTPQuestion

10-3.5 = 6.5Yes3.510.0Q1

10No6.20.0Q2

10-0.3 = 9.7Yes0.35.1Q3

10-5.1 = 4.9Yes5.17.3Q4

……………

18
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Calculation of rewards

• One question will be randomly selected from the 20 questions. Then, either the
prediction from the first half or the prediction from the second half will be randomly
selected.

• Your additional reward will be determined based on the accuracy of the selected
prediction.

• Please refer to the table below for how the additional reward is calculated for
predictions in the first half and the second half.

PointsDegree of deviation from the true value

20±0%

20-|Degree of deviation×100|±0% ~±20%

0±20%~

19

Example of point calculation

For example, suppose the true value for a particular question 118.890.

• If your prediction is 130.123：

The degree of deviation from the true value is
. .

.
0.09448 9.448%

 You get 20 0.09448 100 10.552 points.

• If your prediction is 90.002：

The degree of deviation from the true value is

. .

.
0.243 24.3%

 You get no points.

20
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N Screenshots in Task 1 in Experiment 2 (English Trans-

lation)

[Screen 1]

Task 1: Introduction

Use your mouse to move the blue slider handle so that the slider points to the value 50.

The total number of sliders is 20.

When you have finished, click the “Complete” button.

You cannot click the “Complete” button unless you have completed 100% of the task,

so you will not be able to proceed to the next page.

You will receive 0.5 points for each slider you complete.

If you complete 100% of the task, you will receive 10 points.

The 10 points you earn will be used to pay for additional information.

Next

[Screen 2]

Slider Task

Use your mouse to drag each slider handle so that the slider points to the value 50.

There are 20 sliders in total.

Number of sliders currently set to the correct position: 0

Current completion rate: 0.00%

When you have finished, please click the “Complete” button.

Complete

[Screen 3] Results

Number of sliders correctly positioned: 20.0
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Completion rate: 100.0

Slider task reward = 20.0 × 0.5 points = 10 points

Next

O Screenshots in Task 2 in Experiment 2 (English Trans-

lation)

[Screen 1] Question 1

Please read the below graph displaying the closing prices of a particular stock over

a 12-month period and predict the stock price 30 days after the last day shown on the

graph. The closing price on the last day is 95.962.

Your prediction:

Note: Please submit your prediction up to three decimal places.

Next

[Screen 2]

Question 1: Confidence
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Please evaluate how confident you are in your initial forecast for the stock price graph

in this question.

⃝ Not confident at all

⃝ Not very confident

⃝ Neither confident nor unconfident

⃝ Somewhat confident

⃝ Very confident

Next

[Screen 3] (shown in algorithm without description treatment)

Question 1: Explanation and Evaluation of the Information Source

The additional information provided here is the stock price 30 days after the final day

shown in the graph, submitted by an algorithm crafted to predict future stock prices,

based on the same stock price graph used in this experiment.

In this question, how do you think the accuracy of your initial prediction compares

with the accuracy of the prediction based on the additional information?

⃝ The accuracy of my initial prediction is much lower than that of the additional

information.

⃝ The accuracy of my initial prediction is somewhat lower than that of the additional

information.

⃝ The accuracy of my initial prediction is about the same as that of the additional

information.

⃝ The accuracy of my initial prediction is somewhat higher than that of the additional

information.

⃝ The accuracy of my initial prediction is much higher than that of the additional

information.

Next

[Screen 3] (shown in algorithm with description treatment)

Question 1: Explanation and Evaluation of the Information Source

The additional information provided here is the stock price 30 days after the final day

shown in the graph, submitted by an algorithm crafted to predict future stock prices,
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based on the same stock price graph used in this experiment.

This algorithm makes a future stock price forecast by learning the historical stock price

information, from January 1st, 2000, or from the initial public offering (IPO) day to Jan-

uary 1st, 2020, of 83 target companies ranked at the top in their capital market sectors

(i.e., Basic Materials, Consumer Goods, Healthcare, Services, Utilities, Conglomerates,

Financial, Industrial Goods, Technology).

In this question, how do you think the accuracy of your initial prediction compares

with the accuracy of the prediction based on the additional information?

⃝ The accuracy of my initial prediction is much lower than that of the additional

information.

⃝ The accuracy of my initial prediction is somewhat lower than that of the additional

information.

⃝ The accuracy of my initial prediction is about the same as that of the additional

information.

⃝ The accuracy of my initial prediction is somewhat higher than that of the additional

information.

⃝ The accuracy of my initial prediction is much higher than that of the additional

information.

Next

[Screen 3] (shown in expert without description treatment)

Question 1: Explanation and Evaluation of the Information Source

The additional information provided here is the stock price 30 days later, submitted by

human experts based on the stock price graph used in this experiment.

In this question, how do you think the accuracy of your initial prediction compares

with the accuracy of the prediction based on the additional information?

⃝ The accuracy of my initial prediction is much lower than that of the additional

information.

⃝ The accuracy of my initial prediction is somewhat lower than that of the additional

information.

⃝ The accuracy of my initial prediction is about the same as that of the additional

information.
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⃝ The accuracy of my initial prediction is somewhat higher than that of the additional

information.

⃝ The accuracy of my initial prediction is much higher than that of the additional

information.

Next

[Screen 3] (shown in expert with description treatment)

Question 1: Explanation and Evaluation of the Information Source

The additional information provided here is the average of stock price predictions sub-

mitted by 198 experts (CMAs) who participated in a similar experiment in the past,

based on the stock price chart used in this experiment, for the stock prices 30 days

ahead.

CMA stands for Certified Member Analyst of the Securities Analysts Association of

Japan. The CMA is a qualification granted to those who have taken the prescribed

training courses and passed the examinations based on these courses and fulfilled cer-

tain requirements; it is a sign of a expertise in the fields of finance and investments. The

CMAs’ investment valuations are based on the calculation of the corporate value of an

investment and the forecasting of its future value. The particularly crucial knowledge re-

quired can be broadly categorized into three main areas: evaluation of investment data,

decision making on investment policies, and construction and management of portfolios.

In this question, how do you think the accuracy of your initial prediction compares with

the accuracy of the prediction based on the additional information?

⃝ The accuracy of my initial prediction is much lower than that of the additional

information.

⃝ The accuracy of my initial prediction is somewhat lower than that of the additional

information.

⃝ The accuracy of my initial prediction is about the same as that of the additional

information.

⃝ The accuracy of my initial prediction is somewhat higher than that of the additional

information.

⃝ The accuracy of my initial prediction is much higher than that of the additional

information.

Next
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[Screen 4] (shown in algorithm without description treatment)

Question 1: Explanation of Information Source and WTP

The additional information provided here is the stock price 30 days after the final day

shown in the graph, submitted by an algorithm crafted to predict future stock prices,

based on the same stock price graph used in this experiment.

The 10 points earned in the slider task will be used to pay for the additional infor-

mation.

How much are you willing to pay, up to a maximum of 10.0, for information from the

algorithm?

Note: Submissions can range from 0 to 10, up to one decimal place.

Next

[Screen 4] (shown in algorithm with description treatment)

Question 1: Explanation of Information Source and WTP

The additional information provided here is the stock price 30 days after the final day

shown in the graph, submitted by an algorithm crafted to predict future stock prices,

based on the same stock price graph used in this experiment.

This algorithm makes a future stock price forecast by learning the historical stock price

information, from January 1st, 2000, or from the initial public offering (IPO) day to Jan-

uary 1st, 2020, of 83 target companies ranked at the top in their capital market sectors

(i.e., Basic Materials, Consumer Goods, Healthcare, Services, Utilities, Conglomerates,

Financial, Industrial Goods, Technology).

The 10 points earned in the slider task will be used to pay for the additional infor-

mation.

How much are you willing to pay, up to a maximum of 10.0, for information from the

algorithm?

Note: Submissions can range from 0 to 10, up to one decimal place.

Next
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[Screen 4] (shown in expert without description treatment)

Question 1: Explanation of Information Source and WTP

The additional information provided here is the stock price 30 days later, submitted by

human experts based on the stock price graph used in this experiment.

The 10 points earned in the slider task will be used to pay for the additional infor-

mation.

How much are you willing to pay, up to a maximum of 10.0, for information from the

algorithm?

Note: Submissions can range from 0 to 10, up to one decimal place.

Next

[Screen 4] (shown in expert with description treatment)

Question 1: Explanation of Information Source and WTP

The additional information provided here is the average of stock price predictions sub-

mitted by 198 experts (CMAs) who participated in a similar experiment in the past,

based on the stock price chart used in this experiment, for the stock prices 30 days

ahead.

CMA stands for Certified Member Analyst of the Securities Analysts Association of

Japan. The CMA is a qualification granted to those who have taken the prescribed

training courses and passed the examinations based on these courses and fulfilled cer-

tain requirements; it is a sign of a expertise in the fields of finance and investments. The

CMAs’ investment valuations are based on the calculation of the corporate value of an

investment and the forecasting of its future value. The particularly crucial knowledge re-

quired can be broadly categorized into three main areas: evaluation of investment data,

decision making on investment policies, and construction and management of portfolios.

The 10 points earned in the slider task will be used to pay for the additional infor-

mation.

How much are you willing to pay, up to a maximum of 10.0, for information from the

algorithm?

Note: Submissions can range from 0 to 10, up to one decimal place.
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Next

[Screen 5] (shown in the case WTP ≥ p)

Question 1: The price of additional information

In Question 1, the Price of additional information is 1.1.

Your willingness to pay is 4.0.

Because WTP ≥ p, you can obtain additional information.

Next

[Screen 5] (shown in the case WTP < p)

Question 1: The price of additional information

In Question 1, the Price of additional information is 8.0.

Your willingness to pay is 4.0.

Because WTP < p, you cannot obtain additional information.

Next

[Screen 6] Question 1: Final Forecast

Please read the below graph displaying the closing prices of a particular stock over

a 12-month period and predict the stock price 30 days after the last day shown on the

graph. The closing price on the last day is 95.962.
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Additional information: The prediction value from the algorithm is 97.026. (shown in

algorithm treatment and in the case WTP ≥ p)

Additional information: The prediction value from the experts is 96.434. (shown in

expert treatment and in the case WTP ≥ p)

Your prediction in first half is 100.0.

Your prediction:

Note: Please submit your prediction up to three decimal places.

Next

[Screen 7]

Question 1: Confidence

Please evaluate how confident you are in your final forecast for the stock price graph in

this question.

⃝ Not confident at all

⃝ Not very confident

⃝ Neither confident nor unconfident

⃝ Somewhat confident

⃝ Very confident
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Next

[Screen 8] The following is an example of the feedback given at the end of each question.

Question 1: Results

Your willingness to pay (WTP): 10.0

Price of the additional information: 4.2

Because WTP ≥ p, you can obtain the additional information.

Your initial prediction: 100.0

Your final prediction: 111.0

Prediction from the additional information: 96.434

The realized stock price: 96.288

The degree of deviation from the true value = |Your forecast−Realized stock price|
Realized stock price

Your initial forecast’s degree of deviation: 0.039

Your final forecast’s degree of deviation: 0.153

The additional information’s degree of deviation: 0.002

Reward points = 20− (Degree of deviation× 100)

※ If the reward points are less than 0, they are set to 0.

Your initial forecast’s reward points: 16.1 points

Your final forecast’s reward points: 4.7 points

The additional information’s reward points: 19.8 points

Your initial forecast’s final reward (the earned points in the slider task + reward points):

26.1 points

Your final forecast’s final reward (the earned points in the slider task + reward points

− the price [if you received the additional information]): 10.5 points

If you rely fully on the additional information (additional information’s reward points

− initial forecast’s reward points): 3.7 points

The change in reward points (final forecast’s reward points − initial forecast’s reward

points − the price [if you received the additional information]): -15.6 points
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Next

[Screen 9] The following is an example of the final reward feedback given at the end of

the experiment.

The end of experiment and reward announcement

Thank you for participating in the experiment today.

We will inform you about the rewards.

Final reward based on the initial forecast = 10 points earned in Task 1 + points earned

based on prediction accuracy

Final reward based on the final prediction = 10 points earned in Task 1 + points earned

based on prediction accuracy − price of the additional information, if obtained

Round Initial forecast’s
reward points

Final forecast’s
reward points

WTP Price Purchased? Initial forecast’s
final reward

Final forecast’s
final reward

1 19.8 19 0.5 8.9 No 29.8 29

2 0.4 3.7 3.5 9 No 10.4 13.7

3 18.4 15.3 5 2.3 Yes 28.4 23

4 7.5 12.4 2 0.7 Yes 17.5 21.7

5 10.6 10.6 1.5 7.1 No 20.6 20.6

6 7.9 7.9 3 8.8 No 17.9 17.9

7 9 1.7 3 5.7 No 19 11.7

8 19.5 16.1 6 6.3 No 29.5 26.1

9 17.1 15.7 3.5 7.6 No 27.1 25.7

10 14 16.6 8 1.5 Yes 24 25.1

11 14.4 14 4.2 9.8 No 24.4 24

12 12.3 14.2 3.5 6.9 No 22.3 24.2

13 15.8 13.3 5.5 7.2 No 25.8 23.3

14 12.5 11.6 5.6 7.6 No 22.5 21.6

15 6.1 13.8 8.6 5.6 Yes 16.1 18.2

16 14 13.1 7.8 2 Yes 24 21.1

17 14.4 16.6 7.8 1.2 Yes 24.4 25.4

18 16.7 7.3 7.6 6 Yes 26.7 11.3

19 15.1 14 5.3 3.4 Yes 25.1 20.6

20 15.7 18 7.3 2.3 Yes 25.7 25.7

The prediction selected for payment was the initial forecast from Round 7.

Your payment is calculated as: 19 points × 60 JPY per point + 1,000 yen

Therefore, your total payment is 2140 JPY.

Thank you for your participation. Please click the “Next” button to proceed to the

questionnaire.

Next
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P Post-experiment survey in Experiment 2

Questionnaire Question 1 (shown in treatments with description)

Explanation of the algorithm:

The additional information provided here is the stock price 30 days after the final day

shown in the graph, submitted by an algorithm crafted to predict future stock prices,

based on the same stock price graph used in this experiment.

This algorithm makes a future stock price forecast by learning the historical stock price

information, from January 1st, 2000, or from the initial public offering (IPO) day to Jan-

uary 1st, 2020, of 83 target companies ranked at the top in their capital market sectors

(i.e., Basic Materials, Consumer Goods, Healthcare, Services, Utilities, Conglomerates,

Financial, Industrial Goods, Technology).

Explanation of human experts:

The additional information provided here is the average of stock price predictions sub-

mitted by 198 experts (CMAs) who participated in a similar experiment in the past,

based on the stock price chart used in this experiment, for the stock prices 30 days

ahead.

CMA stands for Certified Member Analyst of the Securities Analysts Association of

Japan. The CMA is a qualification granted to those who have taken the prescribed

training courses and passed the examinations based on these courses and fulfilled cer-

tain requirements; it is a sign of a expertise in the fields of finance and investments. The

CMAs’ investment valuations are based on the calculation of the corporate value of an

investment and the forecasting of its future value. The particularly crucial knowledge re-

quired can be broadly categorized into three main areas: evaluation of investment data,

decision making on investment policies, and construction and management of portfolios.

In the stock forecast task you just completed, if you had to choose either the addi-

tional information from the algorithm or the additional information from the human

experts, which would you prefer?

⃝ Strongly prefer the additional information from the human experts

⃝ Somewhat prefer the additional information from the human experts

⃝ Neither

⃝ Somewhat prefer the additional information from the algorithm

⃝ Strongly prefer the additional information from the algorithm
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Questionnaire Question 1 (shown in treatments without description)

In the stock forecast task you just completed, if you had to choose either the addi-

tional information from the algorithm or the additional information from the human

experts, which would you prefer?

⃝ Strongly prefer the additional information from the human experts

⃝ Somewhat prefer the additional information from the human experts

⃝ Neither

⃝ Somewhat prefer the additional information from the algorithm

⃝ Strongly prefer the additional information from the algorithm

Questionnaire Question 2 (shown in algorithm treatments with and

without description)

Explanation of the algorithm, that is, information about how the additional

information was generated:

The additional information provided here is the stock price 30 days after the final day

shown in the graph, submitted by an algorithm crafted to predict future stock prices,

based on the same stock price graph used in this experiment.

This algorithm makes a future stock price forecast by learning the historical stock price

information, from January 1st, 2000, or from the initial public offering (IPO) day to Jan-

uary 1st, 2020, of 83 target companies ranked at the top in their capital market sectors

(i.e., Basic Materials, Consumer Goods, Healthcare, Services, Utilities, Conglomerates,

Financial, Industrial Goods, Technology).

No explanation of the algorithm:

The additional information provided here is the stock price 30 days after the final day

shown in the graph, submitted by an algorithm crafted to predict future stock prices,

based on the same stock price graph used in this experiment.

After being shown the above explanation of the algorithm, that is, information about

how the additional information was generated, how did your willingness to pay for the

algorithm change?

⃝ My willingness to pay increased substantially.

⃝ My willingness to pay increased somewhat.

⃝ It did not change.
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⃝ My willingness to pay decreased somewhat.

⃝ My willingness to pay decreased substantially.

Questionnaire Question 2 (shown in expert treatments with and with-

out description)

Explanation of the human experts, that is, information about how the addi-

tional information was generated:

The additional information provided here is the average of stock price predictions sub-

mitted by 198 experts (CMAs) who participated in a similar experiment in the past,

based on the stock price chart used in this experiment, for the stock prices 30 days

ahead.

CMA stands for Certified Member Analyst of the Securities Analysts Association of

Japan. The CMA is a qualification granted to those who have taken the prescribed

training courses and passed the examinations based on these courses and fulfilled cer-

tain requirements; it is a sign of a expertise in the fields of finance and investments. The

CMAs’ investment valuations are based on the calculation of the corporate value of an

investment and the forecasting of its future value. The particularly crucial knowledge re-

quired can be broadly categorized into three main areas: evaluation of investment data,

decision making on investment policies, and construction and management of portfolios.

No explanation of the human experts:

The additional information provided here is the stock price 30 days later, submitted by

human experts based on the stock price graph used in this experiment.

After being shown the above explanation of the human experts, that is, information

about how the additional information was generated, how did your willingness to pay

for the human experts change?

⃝ My willingness to pay increased substantially.

⃝ My willingness to pay increased somewhat.

⃝ It did not change.

⃝ My willingness to pay decreased somewhat.

⃝ My willingness to pay decreased substantially.

Questionnaire Question 3

Over the past 20 rounds, what mainly determined your willingness to pay (WTP) for

the additional information?
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For each item below, please rank its importance from 1 = most important to 4 = least

important. Please use each number only once.

I adjusted my WTP based on the feedback.

——– ∨

I increased my WTP when I judged that the prediction was difficult.

——– ∨

I increased my WTP when my confidence in my initial prediction was low.

——– ∨

I increased my WTP when I judged that the additional information would be more

useful than my own prediction.

——– ∨

Questionnaire Question 4

Over the past 20 rounds, which types of feedback influenced your willingness to pay for

the additional information?

You may select multiple answers.

□ Actual stock price

□ Your initial forecast’s reward points

□ Your final forecast’s reward points

□ Additional information’s reward points

□ Price of the additional information

□ Your initial forecast’s final reward = points earned in the slider task + reward points

of your initial forecast

□ Your final forecast’s final reward = points earned in the slider task + reward points

of your final forecast price of the additional information, if obtained

□ Change in points if you rely fully on the additional information = Additional infor-

mation’s reward points Your initial forecast’s reward points

□ The change in reward points = Your final forecast’s reward points Your initial fore-

cast’s reward points price of the additional information, if obtained

□ Other:
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Q Quiz in Experiment 2

1. What can you do in this experiment?

1 View the stock price graph of a company you specify

2 Submit your predictions

3 Decide the part used for calculating additional rewards

4 Choose the source of additional information you want to obtain

[Correct answer: 2]

2. In which of the following cases do you obtain additional information?

Case Willingness to pay (WTP) Price of additional information (p)

1 10 5

2 4 6

3 8 8

4 3 9

1 Case 1 and Case 3

2 Case 2 and Case 4

3 Case 1 and Case 4

4 Case 2 and Case 3

[Correct answer: 1]

3. Which of the following is true about the willingness to pay (WTP)?

1 It is possible to submit more than once for each question.

2 It is possible to submit 12.

3 It is not possible to submit 5.5.

4 It is the maximum number of points you are willing to pay to acquire addi-

tional information.

[Correct answer: 4]

4. Which of the following is true about the price of additional information (p)?

1 p = 12 is possible.

2 p = 0 is possible.

3 For each question, p is randomly determined.

4 You can set it yourself.
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[Correct answer: 3]

5. Please select the correct option regarding the purchase of additional information.

1 If WTP ≥ p, you decide whether to buy it yourself.

2 If WTP < p, you cannot purchase, but you will still pay the points.

3 If WTP = p, you cannot purchase.

4 If WTP ≥ p, you automatically pay p points.

[Correct answer: 4]

R Clustering the stock price into blocks

To examine whether characteristics of the stock-price series affected WTP, we organized

the 20 time series into blocks based on statistical and technical features following Bao

et al. (2023). Using k-means clustering, we grouped the time series into four clusters

and constructed 4 blocks of 5 rounds containing a balanced mix of stock-price patterns

across blocks.

Table R1: Stock Data

Graph Stock Ticker Period Date (Start
from June)

Closing Price at
Last Date (Nor-
malized)

Closing Price
One Month Later
(Normalized)

1 STX 2010-2011 116.183 107.676
2 LKQ 2011-2012 135.314 125.498
3 UPS 2009-2010 116.381 109.475
4 DLTR 2009-2010 136.241 138.273
5 SBUX 2015-2016 105.113 108.656
6 FOXA 2017-2018 142.146 183.223
7 TSN 2012-2013 130.098 132.576
8 COP 2009-2010 105.073 102.479
9 F 2013-2014 104.847 110.204
10 FISV 2016-2017 118.940 115.456
11 EL 2017-2018 158.742 151.572
12 ADM 2014-2015 117.637 108.027
13 NKE 2016-2017 95.962 96.288
14 TRIP 2015-2016 88.537 83.505
15 WM 2013-2014 106.869 106.940
16 MLM 2016-2017 118.546 117.107
17 HES 2013-2014 91.097 97.096
18 SIVB 2016-2017 130.597 136.070
19 SPGI 2008-2009 78.589 73.714
20 FMC 2014-2015 73.448 67.383
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Table R2: Stock Price Graph Characteristics

Round Block Stock price graph K-mean cluster Autocorrelation Amplitude Variance MACD reversals Reversals

1 1 13 Group 1 0.6879 19.20 18.98 14 128
2 1 6 Group 2 0.8939 51.81 292.95 19 131
3 1 16 Group 3 0.7714 38.52 107.32 11 134
4 1 8 Group 4 0.7995 42.30 90.53 17 127
5 1 2 Group 4 0.7855 58.25 171.66 14 136
6 2 17 Group 1 0.5468 14.86 11.44 16 116
7 2 19 Group 2 0.8356 69.75 441.27 13 121
8 2 12 Group 3 0.4948 23.92 33.52 13 134
9 2 4 Group 4 0.8219 50.46 167.18 20 129
10 2 10 Group 4 0.8085 27.09 42.08 18 137
11 3 15 Group 1 0.6222 16.84 13.31 16 122
12 3 11 Group 2 0.8861 62.94 401.36 20 119
13 3 5 Group 3 0.6128 25.22 29.53 14 138
14 3 14 Group 4 0.7270 51.34 153.52 17 130
15 3 3 Group 4 0.8059 45.40 98.11 17 124
16 4 9 Group 1 0.6238 20.47 25.32 19 123
17 4 7 Group 2 0.9045 58.44 328.72 22 132
18 4 1 Group 3 0.7130 55.88 163.12 11 135
19 4 20 Group 4 0.7344 34.95 58.82 15 128
20 4 18 Group 4 0.8561 41.79 108.79 16 136
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