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1 Introduction

Artificial intelligence (AI) has recently garnered unprecedented attention from both

popular media (e.g., Economist, 2024; New York Times, 2023; Washington Post, 2024)

and leading researchers (e.g., Acemoglu, 2024; Ludwig et al., 2023; Elliott, 2019; Rahwan

et al., 2019; Kleinberg et al., 2018; Brynjolfsson et al., 2017; Makridakis, 2017) due to

its transformative impacts on contemporary life. Fueled by myriad applications, AI has

gained prominence as advisors for individuals across diverse spheres of daily life and is

poised to expand its advisory role in plenty of other domains (Fast and Schroeder, 2020).1

As AI-assisted decision-making becomes increasingly common, evidence shows people

either overly rely on AI advice (“AI appreciation”) or lack sufficient confidence in it (“AI

aversion”).2 Despite remarkable advances in AI, such suboptimal reliance on AI may

have adverse consequences across various user domains. For instance, as we usher in

a new era of detecting deception online (Alom et al., 2020; Monaro et al., 2020), such

suboptimal reliance on AI may hinder efforts to curb the spread of lies — the primary

focus of our work. Malicious actors may exploit these behavioral biases to spread lies and

evade detection, a concern recognized in the AI policy treatises of the US, EU, OECD,

and G7.3 As the efficacy of AI tools remains largely opaque to users in the current

digital milieu, the looming danger has spurred a consensus on the need to unveil the

black box of AI, enhancing its transparency, reliability, and usability.4 While common

transparency mandates focus on algorithmic clarity and explainability to foster trust

among downstream users, a crucial remedy proposed to combat nefarious intentions and

promote proper AI use entails disclosing quantitative metrics of the AI’s quality.5

1Extensive research shows how AI advises a range of daily life activities, including entertainment
(Yeomans et al., 2019), dating (Jin and Zhang, 2023), student admissions (Dietvorst et al., 2015),
legalities (Ludwig and Mullainathan, 2024), cancer diagnosis (McKinney et al., 2020), personalized ads
(Mogaji et al., 2020; Boerman et al., 2017), financial services (Arli et al., 2021), child welfare inquiries
(Chouldechova et al., 2018), food choices (Buçinca et al., 2021), loan approvals (Green and Chen, 2019),
news recommendations (Thurman and Schifferes, 2015), and pedagogy (Wang et al., 2024).

2Overreliance or underreliance is seen in the computing literature as excessive or deficient trust in AI,
rather than being measured against an optimal benchmark of usage. For an overview of this literature,
see Guo et al. (2024), Vasconcelos et al. (2023), Schemmer et al. (2022), Buçinca et al. (2021), Zhang
et al. (2020), Yeomans et al. (2019), Logg (2017), and Dietvorst et al. (2018).

3See the United States Executive Order on AI (White House, 2023), the European Union (EU) Ethics
Guidelines for Trustworthy AI (2019), EU Commission (2024), Organisation for Economic Co-operation
and Development) (OECD) Council on AI (2020), and G7 Code of Conduct (EY, 2022); see Ladak et
al. (2024), Gratch and Fast (2022), Köbis et al. (2021), Rothman (2018), and Angwin et al. (2016).

4See Bommasani et al. (2024), Aı̈meur et al. (2023), Zerilli et al. (2022), Floridi et al.(2021), Schmidt
et al. (2020), Ishowo-Oloko et al. (2019), Jobin et al. (2019), Shin and Park (2019), and Bathaee (2017).

5Refer to Requirement 4 of the EU Ethics Guidelines for Trustworthy AI (2019) advocating for the
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Set against this backdrop, this paper explores a relatively novel application of AI:

providing individuals with AI advisors of varying quality to aid them in detecting lies

in textual form, where the AI’s efficacy in detecting such deceptions may or may not be

available to the user. While text-based lies flourish in the online realm, the role of AI in

their detection within economic research remains strikingly understudied. We advance

this emerging body of work by investigating a hitherto unexplored context where motives

for deception abound and individuals attempt to discern truth from lies while perusing

written discussions on topics with objectively verifiable facts unknown to them. Lever-

aging recent advances in Large Language Models (LLMs), we deliberately simulate AI

advisors of varying caliber — inferior, average, and superior — quantified by their accu-

racy rates. Participants in our experiment, offered the choice to consult an AI advisor of a

specific quality to detect the truth, are exposed to one of two AI environments: blackbox

(AI efficacy undisclosed) or with information (AI efficacy disclosed). To the best of our

knowledge, no prior research has investigated the complex calculus of how the quality

spectrum of AI advisors and the (lack of) disclosure of their effectiveness collectively

influence individuals’ reliance on AI across any domain, including lie detection.

As text-based lies manifest in diverse forms, we let our participants discern the ob-

jective truth by inspecting naturally generated text fraught with lies wherein parties

with conflicting interests discuss a fact-based topic in a back-and-forth Q&A format.6

Our setup thus captures the essence of popular Q&A forums such as Reddit, Quora, An-

swers.com, etc., where lies about facts are often spread via written exchanges by opposing

parties. Appendix A presents a Quora excerpt, exemplifying the type of text-based lies

about facts we probe. We opted to focus on this specific form of text-based deception

since online Q&A forums, the prominent conduit for spreading text-based lies, routinely

disseminate lies in this format (Tsou, 2023). These platforms, characterized by user-

generated content and minimal oversight, create fertile grounds for deception on critical

topics grounded in facts. Moreover, they boast enormous engagement, wielding con-

siderable influence in shaping individual opinion.7 Furthermore, research indicates that

adoption of such measures. Also, consult Dı́az-Rodŕıguez et al. (2023), Vilone and Longo (2021), and
Licht and Licht (2020), recommending similar measures.

6Examples of text-based lies include misleading news articles, deceiving social media posts on topics
like economics, history, vaccine efficiency, and climate change, fake product reviews and features.

7Reddit hosts roughly 3.1 million “subreddits” covering various topics, with about 52 million daily
users generating billions of annual comments (Foundationinc, 2021; Lee, 2022; Backlinko, 2021). Quora
also attracts substantial traffic, with roughly 1.19 billion visits in May 2024 (Semrush, 2024).
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these forums are particularly vulnerable to exploitation by malicious actors due to their

financial dynamics (Gazan, 2011; Shah et al., 2008).8 The increasing use of bots and

algorithms in “information wars” to amplify messaging impacts highlights the need for

transparent AI systems to assist users in discerning between truth from lies.9

Several reasons justify our exclusive attention to text-based lies concerning objectively

verifiable facts. First, it aligns with the economic literature on deception, typically in-

vestigating objective falsities akin to the one documented in Appendix A, such as those

investigated in Gneezy (2005) or the die-rolling experiments in Fischbacher and Föllmi-

Heusi (2013) (see Abeler et al., 2019 for a review). Second, the focus is consistent with the

observed preference of individuals to rely more on AI advice for objective than subjective

matters (Laakasuo et al., 2021; Castelo et al., 2019; Logg et al., 2019). Third, recent re-

search has discovered a troubling trend: individuals often struggle to differentiate between

facts and lies in contexts involving objective truths, contrary to the presumption that

such distinctions should be an easy task (e.g., Belot and van de Ven, 2017; Ockenfels and

Selten, 2000; Bond and DePaulo, 2006). Fourth, although information in audio and/or

visual forms is more prevalent and elicits stronger emotional reactions than comparable

textual information, evidence shows that the latter is equally persuasive (Glasford, 2013;

Yadav et al., 2011; Appiah, 2006; Messaris and Abraham, 2001) and harmful (Wittenberg

et al., 2021; Powell et al., 2018; Tukachinsky et al., 2011).

As source material for Q&A-based text faithfully mirroring the relevant online content,

we utilize transcripts of multiple sessions of the first season (1956–1959) of the American

TV show To Tell The Truth (T4). We financially incentivize participants to discern the

objective truth from lies embedded in each transcript corresponding to a distinct session

of T4 featuring a host, four judges, and three contestants. All contestants claim to be

the genuine John/Jane Doe or the real character (RC) in the show, with only one being

truthful, while the others aim to deceive the judges into believing they are the RC. The

show begins with the revelation of facts about the RC from an affidavit signed by the

RC before filming. The judges then interrogate the contestants through back-and-forth

8For instance, on Reddit and Quora, content visibility is influenced by community “upvoting” or
“downvoting,” and users can financially endorse posts with awards like “Reddit gold” or “Reddit plat-
inum,” conferring substantial financial benefits on the original posters.

9For research advocating for enhanced AI to detect lies online, see, e.g., Zhang et al. (2023), Van
Der Zee et al. (2022), Fornaciari et al. (2021), Sager et al. (2021), Pew Research Report (2017), Shu et
al. (2017), Ball and Elworthy (2014), Mihalcea and Strapparava (2009), and Zhou et al. (2004).
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Q&A. After Q&A, judges guess who the RC is. Contestants earn an equal share of $250

for each incorrect guess, potentially amassing up to $333 if all guesses are incorrect — a

large sum in the 1950s, equating to approximately $3500 in 2024.10

Our decision to use lies embedded in transcripts from multiple sessions of T4, rather

than real-life examples curated from Q&A sites, is primarily aimed at minimizing the

influence of motivated reasoning on our participants’ ability to distinguish truth from

lies. Motivated reasoning, documented extensively in lie detection literature (e.g., Ka-

han, 2015; Kunda, 1990), describes how people interpret information to align with their

existing beliefs or preferences. By utilizing T4 transcripts that consistently center on neu-

tral topics, we aim to mitigate, if not entirely bypass, the influence of strong prior beliefs,

thereby enabling participants to unearth lies with greater objectivity.11 By sidestepping

motivated beliefs, our approach provides a cleaner evaluation of individuals’ abilities to

distinguish between factual information and deceptive text. T4 transcripts also closely

resemble the scenario in Appendix A, bestowing an important benefit. Appendix B pro-

vides an excerpt from a T4 transcript we use, showcasing a style akin to the content in

Appendix A. From the participant’s perspective, analyzing T4 transcripts mirrors situa-

tions where an impartial third party, with no or some prior knowledge of a topic, seeks

factual information in discussions — akin to individuals consulting Q&A forums to un-

cover truths (as in Appendix A). We posit that both scenarios pose comparable challenges

in discerning truth amid discussions tinged with conflicting interests.12

Our database of transcripts is constructed in two phases. In Phase 1, we downloaded

385 of 429 sessions from YouTube. From these, we randomly selected and transcribed 195

sessions using an open-source transcription tool. After applying strict inclusion criteria,

detailed in Section 3, we further refined this selection to 132 transcripts paired with

corresponding affidavits that included sufficient textual cues for identifying the RC. Phase

2 utilized GPT-4, a state-of-the-art LLM, to generate guesses for all 132 transcripts.

The model achieved an overall accuracy rate of 56.06%, significantly outperforming the

10Inflation adjusted amount calculated from: https://www.bls.gov/data/inflation calculator.htm.
11Computer science papers often assess lie detection abilities using politically charged news across

media formats (e.g., audio, visual, and text), which can inadvertently trigger motivated reasoning and
impair judgment in detecting lies (e.g., Groh et al., 2022; Murphy and Flynn, 2022; Barari et al., 2021).

12One might argue that using transcripts from an older TV show introduces temporal distance from
current topics, potentially limiting participants’ ability to discern the truth. We contend that similar
challenges arise in everyday situations where individuals seek objective truths from past events, such as
historical or economic data, even without precise knowledge of the underlying truth.
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accuracy rate based on random guessing (33%). The pool of all guesses enabled us to pre-

populate two sets of AI guesses, correct (74 transcripts) and incorrect (58 transcripts),

later used to simulate three tiers of AI advisors: low-, medium-, and high-quality. We

set the accuracy rate of the low-quality (LQ) advisor at 20%, representing a notably

underperforming advisor, by randomly sampling one transcript from the correct and four

from the incorrect set without replacement. Following a similar method, the medium-

quality (MQ) advisor was configured with a 40% accuracy rate, marginally better than

a random guesser (33%). In contrast, the high-quality (HQ) advisor was assigned a 60%

accuracy rate, exceeding chance and close to the overall AI accuracy rate.

One may ponder about the existence of low-quality AI advisors in the real world.

In an ideal world, AI tool developers may refrain from supplying low-quality AI advi-

sors, or entities serving as watchdogs may block them. However, in the real imperfect

world, it is feasible to encounter low-quality AI advisors. For example, in the EU-funded

iBorderCtrl project, an AI lie detection system was deployed despite limited validation.

When evaluated on out-of-sample individuals, its accuracy varied substantially, often ap-

proximating random performance (Sánchez-Monedero and Dencik, 2020). The absence of

rigorous evaluation led to premature operational use and uncalibrated trust among law

enforcement before independent audits prompted its discontinuation. A similar dispar-

ity in performance expectation occurred in recent comparisons between LLaMA 4 and

LLaMA 3.3. Although LLaMA 4 achieved higher benchmark scores, it underperformed

LLaMA 3.3 on practical everyday tasks in crowdsourced evaluations.13 These examples

demonstrate how the lack of adequate disclosure about system limitations may foster the

existence of low-quality AI advisors that malicious actors may take advantage of.

There are several reasons to think that accuracy rate is a good proxy for conveying

an AI advisor’s quality. Accuracy rates offer a straightforward and easy-to-understand

index for measuring the reliability of an AI’s guess. Such precise feedback mechanisms are

particularly useful in contexts where an objective truth exists, enabling users to discern

the veracity of the information with greater confidence. Similar rating systems already

exist (e.g., ReviewMeta), evaluating the authenticity of Amazon reviews. Furthermore,

public platforms such as LMArena and SciArena host leaderboards that evaluate AI

performance on designated tasks through anonymous human votes. Thus, even if formal

13For more details about these examples see: a, b, c.
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institutional accuracy measures of AI are not readily available in a given context, crowd-

sourced accuracy rates of AI is a feasible option in the real world.14

We employ a between-subjects design in which participants are presented with one of

the three clusters of five transcripts, each cluster corresponding to a specific AI advisor

quality. Their task involves financially motivated attempts to identify the RC for each

transcript within the cluster. Following this, participants are shown the AI’s guesses

for all five transcripts, one at a time. At this point, participants are given the option

to either retain their initial guess or switch to the AI’s guess for each transcript. The

conditions under which participants switch guesses vary based on whether or not they

receive information about the AI’s efficacy. This variation in information enables us to

investigate participants’ guesses in counterfactual scenarios, specifically examining how

their guesses would differ with and without knowledge of the AI advisors’ capabilities.

We have four key findings. First, participants, on the whole, exhibit a slightly better-

than-chance ability to identify the RC on their own. Notably, they register significantly

higher truth-detection rates for the MQ and HQ transcript clusters, while their perfor-

mance falls below chance with the LQ cluster. Second, when participants engage with

the HQ advisor, their final truth-detection rate significantly surpasses their own ability,

irrespective of whether they are privy to the AI’s actual capability. Their reliance on

the advisor remains similar in both information conditions, showcasing what we call the

“good” effect — where a highly capable AI advisor significantly enhances truth detec-

tion, rendering the disclosure of its capability largely inconsequential to decision-makers.

Third, when participants are apprised of the MQ advisor’s capability, the final truth-

detection rate does not improve relative to their own ability. Moreover, when they were

unaware of its quality, there was a decline, albeit insignificant, in the truth detection

rate relative to their own, which we label the “bad” effect of relying on a modest-quality,

opaque AI advisor. Finally, when unaware of the LQ advisor’s poor capability, partici-

pants’ reliance on it causes the final truth-detection rate to descend significantly below

their intrinsic rate, allowing more lies to go undetected, lies that could have been detected

if they had relied on their own ability instead of depending on a subpar, opaque AI. This

phenomenon exemplifies the “ugly” effect of relying on an inferior, non-transparent AI

14See https://www.forbes.com/sites/roberthart/2024/07/18/what-ai-is-the-best-chatbot-arena-
relies-on-millions-of-human-votes/ for a discussion of public platforms as sources for AI performance
ratings.
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advisor. However, once informed, participants recalibrate their reliance on the AI advisor,

preventing the drop in truth detection.

We sought to understand why participants significantly reduced their reliance on

transparent LQ and MQ advisors and yet showed no such variation under similar infor-

mation disclosure protocols for the HQ advisor. To this end, we elicited participants’

beliefs about the AI’s ability to identify the RC, both with and without financial incen-

tives, and varied the timing of belief elicitation. We gather broad evidence that undue

reliance on subpar opaque AI advisors is entirely driven by a positive gap between indi-

viduals’ expectations of AI’s lie-detection prowess and the actual performance of the AI

advisors. In sharp contrast, when the quality of our AI advisor meets participants’ expec-

tations, the disclosure of the AI’s true capability becomes inconsequential. As a result,

with the HQ AI advisor, participants exhibit consistent reliance, regardless of whether

or not they are informed about the AI’s true capability. Thus, from a policymaking per-

spective, the interplay between people’s context-specific expectations of AI and AI’s true

capabilities bears significant consequences for the proliferation of text-based lies.

While our findings may seem intuitive in hindsight, they were far from obvious ex

ante. It was not evident that people would perform worse than their own baseline when

relying on opaque AI advisors, nor that transparency would affect reliance differently

depending on AI quality. The fact that participants overestimated the accuracy of low-

and medium-quality AIs highlights the non-obvious nature of over-reliance in the absence

of disclosure. This gap between expectations and reality, along with the demonstrated

role of transparency, offers a key insight: opaque AI can actively hinder truth detection,

a risk largely overlooked in existing research and policy debates. By revealing this harm

and linking it systematically to transparency, we offer practical guidance for regulators

and platform designers. Although we focus on lie detection, the behavioral mechanisms

and findings likely extend to other decision-making settings, including human advisors.

The paper is organized as follows: Section 2 reviews the related literature. Section 3

outlines the game show, the transcription process, the criteria for including transcripts,

and the creation of three distinct AI advisors. Section 4 introduces a simple behavioral

framework to develop testable hypotheses. Section 5 explains the treatments and ex-

perimental methods. Section 6 presents the main findings, while Section 7 discusses the

implications of our results and offers the concluding remarks.
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2 Related Literature

Our paper contributes to a growing field in economics focused on the detection of

deception in different contexts (von Schenk et al., 2024; Serra-Garcia and Gneezy, 2024,

2021; Leib et al., 2024; Belot and van de Ven, 2017; Belot et al., 2012 for a meta-

analysis, see Bond and DePaulo, 2006). Our work directly speaks to pivotal works by

von Schenk et al. (2024) and Serra-Garcia and Gneezy (2024), which explore, respectively,

how algorithmic advice in textual form enhances people’s ability to detect lies and how

algorithmic advice helps people detect lies in audio-visual formats.

von Schenk et al. (2024) designed an experiment where participants were asked to

write truthful and deceptive statements regarding their plans for the upcoming weekend.

These written statements were employed to train a singular lie-detection algorithm, which

achieved an overall accuracy rate of 67%, a statistic not disclosed to the participants.

They then investigated how often a separate set of financially motivated participants

would seek AI assistance for a nominal or zero monetary fee to correctly identify truthful

and false statements. They find that when the AI was accessible, only a minority of people

chose to use it; however, those who do almost always follow its predictions, regardless of

whether the AI identifies a statement as true or false. Although not their main focus,

they discovered that the tendency to use AI was influenced by the participants’ elicited

beliefs about its relative performance. To the best of our knowledge, apart from our

work, von Schenk et al. (2024) is the only other extant work suggesting that people’s

expectations about AI efficacy can affect their decision to use algorithmic advice.

Serra-Garcia and Gneezy (2024) explored the role of algorithmic advice in flagging

whether a participant is likely to cooperate or defect in an American TV game show,

The Golden Ball. While also drawing on data from a popular television show, they em-

ployed a supervised machine learning (ML) algorithm, whereas our approach utilizes an

AI model.15 They find that the timing of these “flags” significantly influenced partici-

pants’ ability to detect deception, with flags shown before viewing the videos being more

15Supervised training is dependent on the availability of training data, possibly in a large number,
to avoid overfitting. In contrast, we use in-context learning with a pre-trained generative AI model,
where learning does not depend on the availability of training samples but can happen through a simple
natural language instruction of the task provided as input. Moreover, the instruction-following AI model
makes replication and future extension easier than training supervised models for further applications.
See Hazra and Majumder (2024) for a comparative analysis between supervised baselines and our AI
model. For a comprehensive introduction seeking to grasp the distinction between ML and AI (broader
in scope), see Mullainathan and Spiess (2017) and Camerer (2019) and other chapters in the volume.
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helpful than those shown afterward. It is essential to distinguish between the act of dis-

playing flags informed by algorithms and presenting the efficacy of AI systems through

a statistic, as in our work. The flags, as in Serra-Garcia and Gneezy (2024), serve as a

warning for the likelihood of cooperation or defection, not lies. The flags did not divulge

to the participants the accuracy of their algorithm. In contrast, showing the accuracy

of AI systems through statistics imparts insight into the algorithmic system’s probable

effectiveness and underlying capability.

Leib et al. (2024) designed a between-subjects experiment to examine how advice,

promoting honesty or dishonesty, affects people’s propensity to lie when the advisor is

an AI or a human. They also explored whether disclosing the source of the advice mat-

tered by using a die-rolling task, à la, Fischbacher and Föllmi-Heusi (2013), thus lending

objectivity to their lying activity. They find that dishonesty-promoting advice increased

lying regardless of its source, whereas honesty-promoting advice did not notably enhance

honesty. Moreover, knowing the source of the advice does not notably influence partici-

pants’ behavior. A key difference between Leib et al. (2024) and our work is that their AI

advice involves an ethical component, either encouraging lying or truthfulness, whereas

our AI advice concentrates on objective truths devoid of moral undertones. Moreover,

their experimental design does not allow for the observation of whether a given partici-

pant would have lied or told the truth without the AI’s advice. In contrast, our design

enables us to observe a given participant’s guesses about the RC’s identity both with and

without the AI advice, thereby providing causal insights into how AI advice influences

decision-making and switching behavior.

Serra-Garcia and Gneezy (2021) explored a novel experimental paradigm whereby

participants (called senders) were asked to record 30-second videos making either true or

false statements. These videos were shown to a separate group of financially motivated

participants (called receivers) to distinguish between truthful and fake videos. They find

that receivers’ ability to detect lies is limited. Yet, receivers are unaware of their limited

ability to detect these lies and exhibit significant overconfidence. The obvious difference

between our and their work is that we focus on text-based lies, and they do not explore

the role of AI in telling apart between fake and genuine videos.

A comparatively large body of work cited in Section 1 exists in computing literature

investigating algorithmic transparency, suboptimal use of AI advice, and individuals’ abil-

9



ity to detect lies in audio, visual, audio-visual, and textual formats. The key difference

between these papers and our work is that these papers do not investigate the relation-

ships among AI advice of varying quality, individual expectations about AI quality, and

informational interventions like ours. Moreover, their setups allow motivated reasoning

to affect participants’ decisions, thus limiting the generalizability of their results.

Finally, although a relatively less explored game show for academic research, we are

not the first to harness T4’s unique aspects. Banerjee et al. (2023) used the T4 game

show data to examine whether judges who participated in multiple sessions improved

their ability to detect the RC. Their findings suggest that repeated exposure to similar

deceptive scenarios fosters learning, indicating that experience can enhance one’s capacity

for deception detection. However, Banerjee et al. (2023) did not directly employ any

elements of the game show to study human’s ability to detect textual deception or develop

algorithmic models for assisting people with deception detection.

To summarize, we address an important but underexplored area in economics: the

use of AI advisors for detecting deception in text. While prior research on lie detection

has largely centered on human judgment or non-textual cues such as video and audio,

textual deception remains widespread, particularly in digital platforms, yet understudied.

Our key contribution lies in examining how disclosing the quality of an AI advisor affects

users’ reliance on it, and how such reliance, in turn, shapes lie detection in text. To the

best of our knowledge, no existing study has investigated the role of AI quality disclosure

on AI reliance.

3 The Game Show

T4 features deception within a high-stakes, quasi-naturalistic setting. The game show

was first aired on CBS Broadcasting Network in 1956.16 At the beginning of every session

of the show, the host publicly announces a set of facts about the RC known from a signed

affidavit. Each contestant is assigned a random player number for ease of reference: Num-

ber One, Number Two, and Number Three. The session continues with a few rounds of

back-and-forth question and answer (Q&A) between the judges and the contestants, one

16The sessions of the game show are accessible on YouTube at no cost : https://www.youtube.com/
watch?v=v3bSwCJD1 8&list=PL39ftvD GHaHhv8Qm truGRLp61iJNFOg. The use of YouTube videos
for research purposes is protected under the “fair use” clause, as stated in https://www.youtube.com/
intl/en-GB/yt/about/copyright/fair-use/.
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contestant at a time. The affidavit forms the basis for the judges’ questions. In compli-

ance with the show’s rules, the RC must answer the questions truthfully. In contrast,

the non-RC contestants could fabricate facts or tell outright lies to deceive the judges

into thinking they are the RC. Upon completion of the Q&As, the judges independently

compile the information gathered, reconfirm it with the information from the affidavit,

and reveal their independent guesses. Once all four guesses are revealed, the RC discloses

their identity. After that, the host announces the sum of money each contestant receives.

A typical session lasts approximately seven minutes.

The judges primarily belonged to the entertainment industry and included actors, en-

tertainment journalists, comedians, etc. The contestants, by contrast, came from diverse

backgrounds, including World War II army captains, mountain climbers, newspaper pub-

lishers, human cannonballs, stewardesses, and beauty pageant winners. Arguably, the

judges were also motivated to guess the identity of the RC to boost viewership and en-

hance their popularity (Banerjee et al., 2023). While the judges could reappear, each

contestant appeared only once in the entire game show.17 The judges had no prior

knowledge of the RC’s true identity. Appendix C presents a transcript we use showing

the entire conversations from a session.

3.1 Construction of Transcripts Database

We transcribed several sessions of the first season of the show to create Q&As-based

text filled with deceptive content mirroring the dynamics of popular Q&A platforms

that subjects are required to analyze in our experiment to identify the RC.18 Our data

selection comprises two phases. In Phase 1, we downloaded 385 of the 429 first season

sessions from YouTube.19 Of these 385 sessions, we randomly selected and transcribed

17Our final dataset includes 396 unique contestants and a unique set of 56 judges.
18We specifically utilize data from the first season because it is the only season for which the max-

imum number of sessions are available for download from YouTube. Later seasons, including sporadic
revivals from 2016-2022 on ABC, feature less structured and uneven formats. These include additional
entertainment segments, audience input on the RC’s identity, less structured questioning, and occasional
lack of financial compensation for contestants, introducing uncertainties about their intent to deceive.

19We excluded 44 sessions due to poor recording quality or inconsistencies in session formats. One
example of these inconsistencies occurred when a male and female formed a couple team representing a
single RC. We also did not include sessions that featured multiple RCs.
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195 sessions using the open-source transcription tool, Whisper.20, 21

To further screen for any plausible errors from automated transcriptions, we manually

reviewed every transcript and compared it with the original video to correct any likely

inconsistencies like identifiable misspelled nouns, unnecessary noise, filler words in ques-

tions asked by judges (e.g., umm, uhh-hh), incorrect sentence completions or sentence

run-ons, and multi-lingual conversations beyond English.

In each session, once the identity of the RC was revealed, the judges offered expla-

nations detailing the specific cues that led them to identify the RC. For each transcript,

we categorize these explanations into three types: textual, audio-visual, and unknown.

Textual cues refer to useful information drawn directly from the affidavit or Q&As. Ex-

planations highlighting contestants’ distinct traits identified through auditory (e.g., a

distinctive voice or accent) or visual observations (such as tan lines, height, or build) are

classified as audio-visual cues. Finally, any unclear or absent explanations fall under the

unknown category. As our investigation is focused on detecting lies from perusing tex-

tual content, any explicit audio-visual cues may hinder our participants’ ability to identify

RC purely from text. Hence, we undertake a selection procedure to eliminate transcripts

containing audio-visual signals from the pool of all 195 sessions. More specifically, we

exclude all sessions where at least three judges (a majority) explicitly mentioned that

some audio-visual cues influenced their guesses. Next, we eliminate all sessions with un-

known explanations to ensure that our analysis is solely based on cases where the judges’

decision-making process is supported by clear and identifiable textual cues. This selection

criteria ensures that the remaining sessions primarily relied on textual cues, allowing us

to focus on transcripts where text-based cues played a significant role in making a guess.

This process leaves us with 132 transcripts.

Each transcript in our dataset consists of two main components: the affidavit con-

taining the facts about the RC and the back-and-forth Q&As between the judges and the

contestants. We do not include the judges’ guesses or the RC’s identity, which is revealed

20Choosing 195 transcripts out of 385 leaves us with not only a large enough pool of transcripts to
sample from but also ensures approximately an ex-ante selection probability of 0.50 (= 195/385) for each
transcript. We did not transcribe all 385 in the interest of time.

21Whisper is an automated speech recognition system trained on 680,000 hours of supervised, mul-
tilingual, and multitasking online data. We used the Large model of Whisper, trained on 155 million
parameters, for generating the text. Whisper produces transcripts with a word error rate of 8.81% com-
pared to a human word error rate of 7.61% (Radford et al., 2023). The difference in the word error rates
can be compensated by extensive manual checking, which we undertake.
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at the end of each session. Every transcript has, on average, 12-15 Q&A pairs. One might

argue that discussions about some sessions could be found on social media platforms like

Quora, Reddit, or YouTube, making it easier for our participants to identify the RC dur-

ing the experimental sessions. However, upon extensive checks, we could not locate any

such discussions on the internet. It is also possible that some of our participants might

be familiarized with the contents of a session. To guard against such occurrences, we

randomly swapped the assigned player numbers from the game show (e.g., change con-

testant Number One to Number Three and vice-versa), making it difficult for participants

to copy the identity of the RC off the internet or guess them from memory. Identifying

the RC in our setup thus involves closely assessing Q&A pairs addressed to a contestant

and evaluating the likelihood of that contestant being the RC.

3.2 Identification of the RC using AI

In Phase 2, we used a generative AI model to identify the RC in each transcript.

Frontier generative models such as GPT-4 (Open AI, 2023) show remarkable performance

in reasoning and language understanding tasks (Hendrycks et al., 2020), making them an

ideal candidate for algorithmic lie detectors from the text. We used in-context learning,

where we created a set of natural language statements (prompts) informative about the

rules of T4 and defined the truth detection task for the AI model. The output entails

predicting who the RC is: Number One, Number Two, or Number Three. Our best model

achieved an accuracy rate of 56.06% in correctly identifying the RC for 132 transcripts

(see Hazra and Majumder, 2024 for more details on the AI model).22 Furthermore, our

model was able to detect deception in cases where all human judges failed to identify the

RC, underscoring the potential for AI-human collaborations in improving lie detection.

3.3 Creation of Three AI Advisors

Finally, we created three distinct types of AI advisors: LQ, MQ, and HQ. Each quality

level corresponds to a distinct cluster of five transcripts. To determine the composition

of these clusters, we divided the 132 transcripts into two groups: AI correct guesses (74

22Our model’s performance is significantly superior to both the base GPT-4, with an accuracy of
46.88%, and a random guesser. The p-value for two-tailed t-test for comparing the accuracy rate of our
AI model with that of the base GPT-4 is < 0.01. The corresponding p-value for comparing the accuracy
rate of our AI model with that of the random guess is also < 0.01.
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transcripts) and AI incorrect guesses (58 transcripts). Thereafter, we randomly drew

transcripts from each group without replacement to create the three AI advisors with

varying quality.

For the LQ advisor, which has an accuracy rate of 20%, we randomly selected one

transcript from the AI correct group and four from the AI incorrect group. This cluster

represents an under-performing AI advisor relative to chance. The MQ advisor has an

accuracy rate of 40%, better than random guessing. To construct this cluster, we ran-

domly sampled two transcripts from the AI correct group and three from the AI incorrect

group. The HQ advisor is designed to have an accuracy rate of 60%, demonstrating an

accuracy rate significantly better than chance and roughly similar to the overall accuracy

rate of 56.06% achieved by our AI model. It is important to note that ex-ante, we do

not know if these clusters present distinct or similar challenges in identifying the RC

for our participants. Instead, they are constructed to systematically vary the efficacy of

the AI advisors, allowing us to explore how disclosing different accuracy rates influences

individuals’ reliance on an AI advisor.

4 A Behavioral Model

We develop a simple behavioral framework aimed at developing testable hypotheses

about how variations in the quality of AI advisors and the availability of information

regarding the AI advisor’s capability to identify the RC influence an individual’s likelihood

of relying on the AI advisor and their expected utility from the truth detection task. We

begin by considering an individual, i, tasked with identifying the RC while reviewing

only one transcript. For simplicity, we will assume that the quality or the difficulty level

of the representative transcript remains constant across all conditions studied below. If

the individual correctly guesses the identity of the RC, they receive a monetary reward

x; if incorrect, they earn y, where x > y ≥ 0. Hence, the individual’s expected utility

from the truth-detection task is given by E(U) = p.u(x) + (1− p).u(y), where p ∈ [0, 1]

represents the probability of correctly identifying the RC. Without loss of generality, we

assume x = 1, y = 0, and u(x) = 1, u(y) = 0. Thus, the individual’s expected utility

simplifies to E(U) = p. Note that E(U) thus represents the truth detection probability.

The individual i knows their own probability of correctly identifying the RC from the
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transcript, denoted as pi ∈ [0, 1]. Therefore, individual i is aware of their own ability to

identify the RC. If the individual makes a random guess, then pi =
1
3
, as there are three

contestants, one of whom is the RC in the transcript. Thus, the expected utility of a

random guesser is 1
3
. This leads us to our first hypothesis.

Hypothesis 1. A random guesser will correctly identify the RC with probability 1
3
.

Suppose the individual can access an AI advisor’s guess about the RC’s identity at

no cost. The individual has the option to either submit their own guess or use the AI’s

guess as their final choice, which will determine their ultimate material payoff. Suppose

that the true probability of the AI advisor correctly identifying the RC is pa ∈ [0, 1],

representing the advisor’s true capability. We examine two information conditions. In

the first, the individual i is not provided with any information about pa, denoted as

the Blackbox (BB) condition. In the other information condition, referred to as the

With Information (WI) condition, the individual is made aware of the AI advisor’s true

capability, pa, when deciding whether to rely on the AI’s guess or their own guess. Below,

we will first analyze how variations in the value of pa influence the individual’s decision

to switch or not switch to the AI advisor’s guess under each information condition.

Suppose that for the given transcript, pa changes to p1a such that p1a > pa. In the

BB condition, the individual receives no information about pa. Therefore, in BB, the

individual’s decision to rely on the AI’s guess hinges on comparing pi and their belief or

expectation about the AI’s ability to correctly identify the RC, denoted by pe ∈ [0, 1].

Thus, in BB, the individual’s expected utility from choosing to switch (s) to the AI’s

guess becomes E(Us) = pe. Conversely, the expected utility from choosing not to switch

(ns), thereby relying on their own guess instead of the AI’s, is given by E(Uns) = pi.

The individual opts for s if E(Us) > E(Uns), that is, if pe > pi. Similarly, the individual

chooses ns if E(Us) < E(Uns), that is, if pe < pi. They remain indifferent between the

two choices when E(Us) = E(Uns), which occurs if pe = pi. Therefore, in the absence of

any knowledge about pa, a change in pa’s value does not impact the individual’s decision

to follow the AI’s recommendation in BB. The decision remains solely dependent on

comparing pi and pe, not pa. However, the realized expected utility from choosing s

will be pa, while the realized utility from choosing ns will be pi. Hence, the individual’s

realized utility can change with a change in pa despite no change in the individual’s

decision to choose s or ns. The individual’s switch decision and the effect of a change in
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pa’s value on the realized expected utility in BB is summarized in Table M1 below.

Table M1: Switching Decisions and Expected Utilities in the BB condition

Case Decision | pa E(U) | pa Decision | p1a E(U) | p1a ∆E(U)

1. pe < pi ns pi ns pi 0

2. pe = pi s ∼ ns pi|ns or pa|s s ∼ ns pi|ns or p1a|s 0|ns or > 0|s

3. pi < pe s pa s p1a >0

Note: ∆E(U) = E(U) | p1a − E(U) | pa.

This leads us to our next two hypotheses.

Hypothesis 2a. In the BB condition, the individual’s decision to switch to the AI

advisor’s guess will not change with an increase in the value of pa.

Hypothesis 2b. In the BB condition, the individual’s realized truth detection prob-

ability will increase weakly with an increase in the value of pa.

By contrast, in the WI condition, the individual’s decision to rely or not rely on

the AI’s guess is based on pa instead of pe. The individual’s expected utility from s is

E(Us) = pa, and from ns is E(Uns) = pi. The individual will choose s if E(Us) > E(Uns),

which occurs when pa > pi; will opt for ns if E(Us) < E(Uns), that is, if pa < pi; and will

be indifferent between s and ns if E(Us) = E(Uns), which happens when pa = pi.

In the WI condition, an increase in the AI advisor’s ability to identify the RC results

in one of five possible cases, listed in Table M2 below. Each case leads to two potential

changes: an individual’s reliance on the AI and expected utility. We define a strict

increase in reliance on the AI advisor when an individual changes their switching decision

from ns to s. By contrast, a weak increase in reliance on the AI advisor occurs when

an individual changes from being indifferent between ns and s to s, or from ns to being

indifferent between ns and s. Finally, an individual’s reliance on the AI advisor remains

unchanged when their switching decisions do not vary across decision settings.

Table M2: Switching Decisions and Expected Utilities in the WI condition

Case Decision | pa E(U) | pa Decision | p1a E(U) | p1a ∆E(U)

1. pa < p1a < pi ns pi ns pi 0

2. pa < p1a = pi ns pi s ∼ ns pi = p1a 0

3. pi = pa < p1a s ∼ ns pi = pa s p1a >0

4. pi < pa < p1a s pa s p1a >0

5. pa < pi < p1a ns pi s p1a >0
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Note: ∆E(U) = E(U) | p1a − E(U) | pa.

As illustrated by the first two cases above, when pa increases to p1a but still falls short

of pi (Case 1) or barely equals pi (Case 2), the individual exhibits no change or only

a weak increase in reliance on the AI advisor. Despite showing a weak preference for

the AI’s guess, there is no change in the individual’s expected utility (i.e., ∆E(U) = 0)

or the overall accuracy of the truth-detection rate. In contrast, for the remaining cases

where p1a surpasses pi, there is a strict increase in the individual’s expected utility or the

overall truth-detection rate. However, reliance on the AI advisor differs based on how pi

compares to pa. In Case 3, where p1a exceeds pi but pa = pi, there is a weak increase in AI

reliance. In Case 4, where both pa and p1a exceed pi, there is no change in AI reliance. In

Case 5, where pa is below pi but p
1
a exceeds pi, there is a strict increase in AI reliance. In

sum, in the presence of information about AI’s actual accuracy, the individual exhibits a

weak preference for seeking the AI’s advice, and the expected utility also registers a weak

increase with an increase in pa. This observation leads us to our next two hypotheses.

Hypothesis 3a. In the WI condition, the individual will weakly prefer to switch to

the AI advisor’s guess with an increase in the value of pa.

Hypothesis 3b. In the WI condition, the individual’s realized truth detection prob-

ability will increase weakly with an increase in the value of pa.

Next, we analyze, for a given pa value, how disclosing information about pa affects

the individual’s decision to switch to the AI’s guess compared to the BB condition.

Depending upon the relative magnitudes of pi, pe, and pa, one of the following cases listed

in Table M3 will arise. As before, each case will lead to two key outcomes: a change in

the individual’s reliance on the AI and a corresponding shift in expected utility.

Table M3: Switching Decisions and Expected Utilities in the BB and WI conditions

Case Decision | pe E(U) | pe Decision | pa E(U) | pa ∆E(U)

1. pa < pe < pi ns pi ns pi 0

2. pe ≤ pa < pi ns pi ns pi 0

3. pa = pe = pi s ∼ ns pi = pa s ∼ ns pi = pa 0

4. pi < pa < pe s pa s pa 0

5. pi < pe ≤ pa s pa s pa 0

6. pe < pi < pa ns pi s pa > 0
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7. pi = pe < pa s ∼ ns pi|ns or pa|s s pa ≥0

8. pe < pa = pi ns pi s ∼ ns pi = pa 0

9. pa < pi < pe s pa ns pi >0

10. pa < pe = pi s ∼ ns pi|ns or pa|s ns pi ≥0

11. pi = pa < pe s pa s ∼ ns pi = pa 0

Note: ∆E(U) = E(U) | pa − E(U) | pe.

We group these cases based on whether the individual changes or does not change their

switching decision between the BB and WI conditions. The first five cases demonstrate

situations where the individual does not change their switching decision between the BB

and WI conditions. In Cases 1 and 2, both pa and pe are strictly less than pi, leading

the individual to rely on their own guess in both information conditions. In Case 3, pa

and pe are identical to pi, leaving the individual indifferent between s and ns in both

information conditions. In Cases 4 and 5, both pa and pe exceed pi, resulting in the

individual relying on the AI’s guess in both information conditions. Therefore, in these

five cases, the individual exhibits no change in reliance on the AI advisor between the

BB and WI conditions. Consequently, the expected utility or the truth-detection rate

registers no change. This observation leads us to our next hypotheses.

Hypothesis 4.1a. The individual’s switching decision between the BB and WI will

remain the same if both pa and pe are greater than, less than, or equal to pi.

Hypothesis 4.1b. The individual’s realized truth detection probability between the

BB and WI will remain the same if both pa and pe are either greater than, less than, or

equal to pi.

In Cases 6, 7, and 8, the individual adjusts their switching decision as the information

environment shifts from BB to WI, specifically showing a strict or weak preference for

s over ns. For instance, in Case 6, since pe is strictly less than pi, the individual chooses

to submit their own guess in BB. However, when information about the AI advisor’s

capability is available, and pa is strictly greater than pi, the individual strictly prefers

to submit the AI’s guess instead of their own. A similar decision principle sways the

individual to weakly prefer s over ns in Cases 7 and 8. Therefore, in these three cases,

the individual exhibits a weak preference for the AI’s guess in the WI compared to the

BB condition. Consequently, the expected utility or the truth-detection rate registers a

weak increase. This observation leads us to our next hypotheses.
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Hypothesis 4.2a. The individual’s switching decision will change, weakly or strictly

preferring s over ns when moving from BB to WI if pe < pa and pi ≤ pa.

Hypothesis 4.2b. The individual’s realized truth detection probability will weakly

increase when moving from BB to WI if pe < pa and pi ≤ pa.

In Cases 9, 10, and 11, the individual again modifies their switching decision as the

information environment transitions from BB to WI, specifically demonstrating a strict

or weak preference for ns over s. For instance, in Case 9, since pe is strictly greater than

pi, the individual opts to submit the AI’s guess. However, when information about the

AI advisor’s capability is available, and pa is strictly less than pi, the individual strictly

prefers to submit their own guess instead of the AI’s. A similar decision-making principle

leads the individual to weakly prefer ns over s in Cases 10 and 11. Thus, in these three

cases, the individual shows a weak preference for their own guess in the WI compared to

the BB condition. Consequently, this results in a weak increase in the expected utility

or truth-detection rate. This observation leads us to our next hypotheses.

Hypothesis 4.3a. The individual’s switching decision will change, weakly or strictly

preferring ns over s when moving from BB to WI if pa < pe and pi ≥ pa.

Hypothesis 4.3b. The individual’s realized truth detection probability will weakly

increase when moving from BB to WI if pa < pe and pi ≥ pa.

As mentioned earlier, our experiment incorporates two information conditions: BB

and WI. By design, pa ∈ {0.2, 0.4, 0.6} in our experiment. We also elicit participants’ pe.

With these experimental parameters in place, we proceed to test the above hypotheses.

5 Experimental Design and Procedure

Our experiment induces a 2×3 between-subjects design with six treatments. The two

information conditions, BB and WI, represent the absence and presence of AI accuracy

information, respectively. Within each information condition, we vary the AI advisor

accuracy with LQ = 0.2, MQ = 0.4, and HQ = 0.6. The treatments are thus labeled as

BBLQ, BBMQ, BBHQ, WILQ, WIMQ, and WIHQ. A total of 545 participants took part

in the experiment, conducted over several days on the Prolific online platform, with the

following distribution: 91 in BBLQ, 89 in BBMQ, 94 in BBHQ, 91 in WILQ, 90 in WIMQ,
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and 90 in WIHQ. Each participant was randomly assigned to only one treatment.23

We used oTree (Chen et al., 2016) to develop the software program for the experiment.

Since T4 featured contestants and judges predominantly from the United States and

included sessions with historical, social, and cultural references pertinent to the US, we

filtered participants from the Prolific pool based on nationality and place of residence,

both set to the US, to ensure familiarity with such references. The Prolific platform

enabled us to screen participants according to our geographical requirements.

Participation in the experiment was voluntary. Participants were required to provide

informed consent before proceeding. Participants who did not consent exited the exper-

iment and did not receive any payment. Participants consented to participate in the

experiment were presented with the instructions for Task 1. After reading the instruc-

tions of Task 1, participants were required to answer three screening questions. These

questions were designed to assess the participants’ understanding of Task 1 instructions.

Correctly answering these questions was a prerequisite for moving forward with Task 1.

Notably, no participant failed the screening test and exited the experiment.24

5.1 Tasks in the BB condition

The BB condition is grounded in the rationale that end users often do not have access

to the true effectiveness of AI systems, which can lead to either overreliance on or insuf-

ficient trust in the AI’s recommendations (Vasconcelos et al., 2023; Zhang et al., 2020;

Dietvorst et al., 2015). In contrast, by disclosing the AI’s efficacy, as in the WI condi-

tion, individuals are empowered to calibrate their trust and reliance on the AI’s counsel

more appropriately. Hence, the BB condition serves as a benchmark for examining the

dependence on AI when its efficacy is unknown against when it is transparent.

Each participant completed five tasks in the BB condition. The specifics of each task

were not disclosed beforehand. Task 1 was divided into two sub-tasks. In sub-task 1, each

participant was randomly assigned one of the three AI-advisor qualities. For each of the

five transcripts in that cluster, the participant was required to guess which of the following

three options represented the RC: Number One, Number Two, or Number Three. We

randomized the sequence in which participants encountered the transcripts within a given

23We pre-registered the trial on the AEA RCT Registry. Pre-registration details of the trail can be
accessed here: https://www.socialscienceregistry.org/trials/12535.

24The instructions are available in Appendix D.
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cluster. Their guess for each transcript was recorded and referred to as their initial guess.

Regardless of accuracy, participants received a fixed payment of $0.75 for each of the five

initial guesses. In sub-task 2, participants indicated their level of absolute confidence for

each of the five initial guesses on a scale from 0 (not confident at all) to 100 (completely

confident). We used the quadratic scoring rule (QSR) (Charness et al., 2021) to financially

incentivize accurate absolute confidence reporting. Participants earned higher rewards

for accurate guesses when their confidence was high, and for incorrect guesses when their

confidence was low.25 For example, a participant could earn up to $1.00 if they were

completely confident that their guess was correct.26 By default, the confidence level was

set at 50 in the experiment, which resulted in a payment of $0.75. Participants could

drag a slider to choose their desired level of absolute confidence for each initial guess.

Task 2 consisted of two sub-tasks. In each sub-task, participants answered one ques-

tion per transcript. The first sub-task required participants to classify the difficulty level

of each transcript as Easy, Medium, or Difficult. This sub-task was unpaid. In the sec-

ond sub-task, participants predicted the difficulty level they thought the majority would

assign to each transcript. Participants earned a $0.50 bonus if their prediction for a

randomly selected transcript matched the majority’s choice; otherwise, they received $0.

Task 3 also included two sub-tasks. Before the first sub-task, participants were in-

formed that an AI also guessed the identity of the RC without divulging any other details

of the AI. Specifically, we used the following text to inform participants of the availabil-

ity of the AI’s guesses in this condition: “Before conducting this experiment, we asked

an artificial intelligence (AI) system to read and make guesses for the same five sets for

which you made guesses in Task 1. We collected the AI’s guess regarding who the real

John or Jane Doe is for each of those five sets.” In the first sub-task, participants were

sequentially shown the AI’s guess for each of the five transcripts. For each transcript,

the computer screen presented them with two guesses: their guess and the AI advisor’s

guess for that transcript. Participants must then choose whether to submit their initial

guess or the AI’s guess for each transcript, with no additional cost for this choice. A

switch occurs when participants opt to submit the AI’s guess instead of their own initial

guess as their final guess. Participants could earn a $3.00 bonus if their final guess for

25For a confidence level c ∈ [0, 100], a participant’s belief about the chance of correctly identifying the
RC is c/100 = p, and the payment is determined as follows: Payment = A− B(1− p)2, if initial guess
is correct; else, Payment = A−Bp2, where A > 0 is 0.99559 (∼ 1) and B > 0 is 0.99564 (∼ 1).

26For instance, if the initial guess is correct and c is 100 (i.e., p = 1), the payment is ∼ $1.00.
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the randomly selected transcript were correct. In the second sub-task, they could update

their absolute confidence using the same QSR scheme upon submitting their final guess.27

In Task 4, we elicited participants’ relative confidence in their Task 1 performance.

Specifically, we asked participants to evaluate their relative performance in identifying the

RC by letting them select one of the four categories that they believed best represented

how well their performance ranks in a group of 100 peers. They had four options: rank

themselves among the top 25 participants, those ranked between 26th and 50th, those

between 51st and 75th, or among the bottom 25 participants. Upon completing all

the sessions, we ranked the participants based on their accuracy rates. If a participant

correctly identified their relative performance that matched their actual rank among all,

they earned a bonus of $0.50. However, participants received $0 in case of no match.

Task 5 involved completing an exit questionnaire (see D.13 in Appendix D) that

gathered demographic information (such as gender, age, and education), details on how

participants made their guesses (whether randomly or based on prior knowledge), their

familiarity with the game show, and whether they had watched any sessions related to

the transcripts. Participants received a $0.50 bonus for completing Task 5. In total,

a participant could earn a guaranteed amount of $4.25 ($0.75 for each transcript and

$0.50 for the exit questionnaire), with the possibility of an additional maximum payment

of $5.00 in the BB condition. The participants were paid after the completion of Task

5. After completing all five tasks, the computer randomly selected a transcript, and

participants were informed whether they had correctly guessed the RC for that specific

transcript and the total amount of money they earned in the experiment.

5.2 Tasks in the WI condition

Each participant in WI also completed the same five tasks as in BB. The WI

information condition differs from the BB condition in one key way. In WI, participants

were informed of the AI’s accuracy rate before submitting their final guess for each

transcript in Task 3. For example, participants in the LQ case were told, “The AI

correctly identified the real John or Jane Doe in one of the five sets, which is equal to

a 20% accuracy rate.” The WI condition is based on the idea that as participants learn

27Note that in both BB and WI information conditions, participants were not informed whether the
AI’s guesses were correct or incorrect for any particular transcript.
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about the AI system’s efficacy, they may adjust their reliance on its recommendations.

Note that our setup generates five guesses and five switching decisions per subject.

For example, with 91 subjects in BBLQ, we have 455 observations for guesses and switches

in this treatment.28 Before exiting the experiment, participants had to submit a Prolific

completion code. Throughout the experiment, we took great care to avoid introducing any

elements that might artificially influence the participants’ trust in the AI. In particular,

we consistently referred to the underlying algorithmic system simply as “the AI” and

made a conscious effort to avoid anthropomorphizing it.29 Overall, participants took

an average of 29 minutes to complete the experiment. 50.09% of the participants were

female, 47.34% were 35 years old or younger, and 61.8% held at least a college degree.

5.3 Eliciting Participants’ Beliefs about AI Advisor’s Efficacy

We elicited participants’ expectations or beliefs about the AI advisor’s ability to

identify the RC. We asked participants the following question as part of Task 5 (see the

eighth question under Task 5 in Appendix D): “Out of the five sets, how many of the

AI’s guesses do you think are correct?” Participants were not specifically incentivized

to report their beliefs, aside from receiving a flat bonus of $0.50 for completing Task 5.

The literature on the relationship between monetary rewards and the quality of elicited

beliefs is mixed, influencing our decision not to pay participants for the belief question.30

As evident, we collected these beliefs after participants had engaged with the AI advi-

sor in both information conditions. Eliciting their beliefs at the end in the BB condition

28Our design demonstrates sufficient power to detect meaningful treatment effects. Among the six
treatments, the BBMQ treatment has the smallest sample size, with 445 observations on guesses. With
445 observations, the power of the test is 0.871 when H0: p = 0.33 (the accuracy rate for a random
guesser) against H1: p = 0.4, using α = 0.05. Given the three AI accuracy rates of 0.2, 0.4, and 0.6, the
choice of p = 0.4 as our specific alternative is particularly relevant as it is closest to the accuracy rate of
a random guesser. Therefore, even with the smallest sample size in our experiment, the power to detect
relevant treatment effects is higher than the desirable level of 0.8.

29External influences on trust could skew people’s reliance on AI advice. Anthropomorphizing tech-
nology or giving it human-like features often inflates trust artificially (Vasconcelos et al., 2023; Salles
et al., 2020). This could bias our findings by introducing a variable that alters participants’ perception
of the AI’s reliability. For an overview of the established relationship between trust and reliance on
technology, see Bansal et al. (2021), Bussone et al. (2015), and Dietvorst et al. (2015).

30Charness et al. (2021) conclude that “Which approaches produce the highest accuracy regarding
beliefs, and at what cost? The evidence does not show significant differences in this regard between
introspection and the more complex methods. However, our conclusion that complex methods have not
been so effective should not be understood as a triumph of introspection, or any form of endorsement of
the idea that monetary incentives do not work in experiments more broadly. It should be understood as
the failure of currently-used complex methods to outperform a flawed, but simple alternative.”
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made sense because we never informed participants about the number of correct guesses

made by the AI in any of the treatments. In contrast, in the WI condition, participants

were already aware of the AI advisor’s accuracy, which rendered the belief question re-

dundant. However, we elicited their beliefs in the WI condition to maintain procedural

consistency between the conditions. Additionally, we chose to gather these beliefs in

the exit questionnaire rather than at the beginning of Task 3 before participants were

informed of the AI’s guesses and provided a choice to switch to the AI’s guesses. We

speculated that asking participants about the AI’s performance prior to their switch-

ing decision might affect their subsequent switching behavior. This is because existing

research (e.g., Schlag et al., 2015) suggests that individuals often adjust their actions ret-

rospectively to align with their reported beliefs, which could bias the switching data —

an essential variable for measuring individuals’ reliance on the AI advisor in our context.

To address the potential influences of the timing of the belief question and financial

incentives on belief data, we implemented a second belief elicitation scheme. The second

scheme, implemented for both information conditions, referred to as the Modified Black-

box (MBB) and Modified With Information (MWI), elicited participants’ beliefs just

before Task 3. Under this scheme, participants were promised a $1.50 reward if their

expectations about how many guesses their AI advisor got right turned out correct, and

$0 otherwise. The wording of the belief-elicitation question remained the same as in the

first scheme. We recruited 30 participants for each AI quality advisor under the MBB

and MWI conditions. The other details of the sessions in these conditions were identical

to those in the main BB and WI conditions. Subsection 6.3 examines whether the belief

data elicited through the two schemes differ substantially between the main and modified

treatments for a given AI advisor quality.

6 Results

We begin by defining several key terms we use in the data analysis. An accurate guess

occurs in our experiment when a participant correctly identifies the RC from a transcript.

Initial accuracy refers to the accuracy rate computed from a participant’s own five guesses

made before being informed of the availability of an AI and its guesses. Final accuracy,

by contrast, is the accuracy rate computed from the final five guesses submitted by a
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participant, which may consist of their own five guesses, the AI’s five guesses, or a mix of

their own and the AI’s guesses. When a participant submits the AI’s guess as their final

answer instead of their own, and the AI’s guess differs from the participant’s guess, we

call this a ‘switch.’ The switching decisions provide us with a measure of a participant’s

degree of reliance on the AI. Participants might also choose to submit the AI’s guess

even when their own guess matches the AI’s, as they are indifferent between the two.

However, such a submission does not indicate true reliance on the AI in a strict sense, so

we do not categorize it as a switch.31

Our analysis proceeds as follows. We first assess the initial accuracy to gauge the

participants’ intrinsic ability to discern the truth from the transcripts. Next, we scrutinize

the switch rates to evaluate the participants’ reliance on AI. Finally, we consider the

implications of switches for truth detection by analyzing whether the final accuracy shows

an improvement or decline compared to the initial accuracy.

6.1 Initial Accuracy

The participants’ initial accuracy rate aggregated across all six treatments is roughly

35 percent, significantly higher than the 33 percent accuracy rate expected from a random

guess (see the first row of the third panel for Initial accuracy rate in Table 1). It implies

that the aggregate data does not lend support to Hypothesis 1. When we compute the

combined initial accuracy rate for BBHQ and WIHQ, the rate rises to about 37 percent,

and for BBMQ and WIMQ, it increases further to 41 percent; both are significantly higher

than the 33 percent theoretical benchmark. In contrast, the combined initial accuracy rate

for BBLQ and WILQ is roughly 28 percent, which is significantly lower than 33 percent

(see the third panel for Initial accuracy rate in Table 1).32 Therefore, overall, participants

demonstrated a better-than-chance ability to identify text-based lies. This trend persists

across the clusters of transcripts associated with the MQ and HQ advisors. However,

31A more lenient definition of AI reliance would consider submission of the AI’s guess as a ‘switch’
irrespective of whether the participant’s guess matched the AI’s guess or not. Even with this more lenient
definition, we find qualitatively similar results regarding the effect of AI reliance on truth detection, as
we do with the stricter definition. Since the stricter definition of switch provides a conservative measure
of AI reliance, we present the results based on the stricter definition.

32Similar patterns are observed for the initial accuracy rates within BB and WI, albeit weakly in
two instances (see first and second panels for Initial accuracy rate in Table 1). Specifically, the initial
accuracy rate for WIHQ is numerically higher than but statistically equivalent to 33 percent, and the
initial accuracy rate for BBLQ is numerically lower than but statistically equivalent to 33 percent.
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participants demonstrated a worse-than-chance ability to identify text-based lies for the

cluster of transcripts corresponding to the LQ advisor. In other words, participants’

initial accuracy rate is different from a random guess in each of the three transcript

clusters, and as a result, Hypothesis 1 is rejected.

Within each information condition, the initial accuracy rate is significantly lower in

LQ than in MQ or HQ, while it is equivalent between MQ and HQ (see the first and

second panels for the Initial accuracy rate in Tables 1 and 2). Hence, in the cluster of

transcripts where AI accuracy is the lowest (LQ), participants’ accuracy is also the lowest.

Next, we compare the initial accuracy rates between the information conditions. The

initial accuracy rate is approximately 36 percent in BB and 35 percent in WI (see the

first row of the first and second panels for the Initial accuracy rate in Table 1). These rates

are statistically equivalent (see the first row of the third panel for the Initial accuracy

rate in Table 2). Furthermore, the initial accuracy rates remain statistically equivalent

between BB and WI for any given AI quality — LQ, MQ, and HQ (see the third panel

for the Initial accuracy rate in Table 2). This consistency is expected, as participants

made their choices before being exposed to different information environments. A broader

implication of this uniformity in initial accuracy is that the participants’ innate ability

to discern the truth does not vary between the two information conditions for any given

AI quality. As a result, variations in the participants’ subsequent decisions across the

two information conditions cannot be attributed to differences in their inherent ability to

detect text-based lies. In other words, differences in the participants’ reliance on the AI

advisor in the two information conditions for a given AI quality stem from the information

they received about the AI’s efficacy rather than their own truth-detection abilities.33

6.2 Switch Rates

We now analyze the extent to which participants relied on the AI advisors by opting to

switch to the AI’s guess when their own guess differed from the AI’s guess. The aggregate

switch rate in the experiment is approximately 21 percent (see the first row in the third

panel for the Switch rate in Table 1). Participants switched to the AI’s guess in roughly

24 percent of the transcripts in BB and 18 percent in WI (see the first row in the first

33The summary statistics of proportion of initial guesses that differed from AI’s guess, and amongst
those cases the proportion where AI’s guess was correct are reported in Appendix table E3 for the
interested readers.
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and second panels for the Switch rate in Table 1). The switch rate is significantly lower

in WI than BB (see the first row in the third panel for the Switch rate in Table 2). This

suggests that, overall, participants were more inclined to rely on AI when they lacked

information about the AI’s accuracy than when such information was available.

The switch rates are 22, 24, and 25 percent for BBLQ, BBMQ, and BBHQ, respectively

(see Figure 1 or the first panel for Switch rate in Table 1). These switch rates are

statistically equivalent (see the first panel for Switch rate in Table 2). The equivalence

between the switch rates across all BB treatments suggests that without information

about the quality of the AI advisor, participants exhibit similar reliance behavior across

all three AI advisors. Therefore, the data validates Hypothesis 2a.

The switch rates are 14, 17, and 23 percent for WILQ, WIMQ, and WIHQ, respectively

(see Figure 1 or the second panel for Switch rate in Table 1). While the switch rates are

equivalent for WILQ and WIMQ, the switch rate is significantly higher in WIHQ than in

WILQ and WIMQ (see the second panel for Switch rate in Table 2). This suggests that

when information about the AI’s quality is disclosed, there is a significant increase in

reliance on a high-quality AI advisor compared to relatively low-quality AI advisors. As

a result, the data confirms Hypothesis 3a.

A comparison of switch rates between the information conditions for a given AI quality

reveals that the switch rate is significantly lower in WILQ compared to BBLQ, and also

lower in WIMQ compared to BBMQ. However, the switch rate is equivalent between

WIHQ and BBHQ (see Figure 1 and the third panel for the Switch rate in Table 2). This

indicates that while participants rely less on the LQ and MQ advisors when provided

information about the AI advisor’s capabilities to detect the RC, such information does

not affect their reliance on the HQ advisor.

Per our behavioral model, participants’ expectations regarding AI accuracy can ex-

plain why the reliance on AI advisors decreases when participants receive information

about AI quality for LQ and MQ, while it remains unchanged for HQ. However, before

we examine participants’ beliefs about the capability of AI advisors to explain differences

in switch rates between information conditions, we note that these differences hold even

if we account for other factors that may influence the switching decision.

A participant’s confidence in their own guess and the perceived difficulty of a given
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transcript will likely influence their decision to switch to the AI’s guess.34 We find that a

participant’s likelihood of switching to AI’s guess decreases significantly with an increase

in the participant’s confidence in their own guess, and increases significantly with an

increase in the perceived difficulty level of a transcript, which is intuitive (see column

(1) in Table 5). We also find that even after controlling for the participant’s confidence

in their own guess and the perceived difficulty level, the observed differences in switch

rates between the information conditions persist, i.e., while the switching probability

is significantly lower in WI than in BB for LQ and MQ, the switching probability is

statistically equivalent between WI and BB for HQ (see the second panel of column

(3) in Table 5).35 We obtain similar results regarding differences in switch rates between

the treatments, even if we account for participants’ demographic attributes (gender, age,

education) as additional control variables.36

Next, we explore participants’ expectations about the capability of AI advisors.

6.3 Expectations about the Capability of AI Advisors

We elicited participants’ beliefs about the AI advisors’ ability to identify the RC

at the end of the BB treatments as part of the exit questionnaire. We first examine

whether participants’ expected AI accuracy indeed influenced their decision to switch

to the AI’s guess. We find that controlling for a participant’s confidence in their own

guess, perceived difficulty, and indicator of the cluster of transcripts that an AI advisor

represents, a participant’s expected AI accuracy is a significant predictor of the likelihood

to switch in BB (see column (5) in Table 5). More specifically, as the expected AI

accuracy increases, so does the probability of switching to the AI’s guess.37 Therefore,

the premise of our behavioral model that in the absence of AI accuracy information,

an individual’s expectation about AI accuracy plays an influential role in shaping their

34Summary statistics of participants’ confidence in own guess and perceived difficulty are provided in
Table 3, and comparative tests between treatments are presented in Table 4.

35The observed sign and significance of the differences in switch rates between the treatments within
each information condition also persist; the only exception is the difference in switch probability between
WIMQ and WIHQ which is insignificant (see the second panel of column (3) in Table 5). The results
are similar if we use participants’ relative confidence and perceived modal difficulty; the only exception
is difference in switch probability between WIMQ and BBMQ, which is not significant (see the second
panel of column (4) in Table 5).

36The regression results are included in Table E1 in Appendix E.
37Expected AI accuracy is found to increase the probability of switching to the AI’s guess if we control

for relative confidence and perceived modal difficulty instead (see column (6) in Table 5). Thus the result
is robust to the alternative measures of confidence and difficulty.
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decision to switch to the AI advisor’s guess appears well-supported.

The summary statistics reveal that the median and approximate mean of participants’

expected AI accuracy is 3 out of 5 transcripts (i.e., 60 percent) across all three treatments

– BBLQ, BBMQ, and BBHQ (see the first panel for Expected AI accuracy in Table 3). As

a result, on average, while the participants’ expected AI accuracy is significantly higher

than the actual AI accuracy in BBLQ and BBMQ, the participants’ expected AI accuracy

is equivalent to the actual AI accuracy in BBHQ (see the first panel in Table 6).

Recall that in the behavioral model, we denote the AI’s actual accuracy as pa, and

the individual’s expectation about AI accuracy as pe. Therefore, on average pe = pa for

HQ. If we interpret a participant’s confidence in their own guess as a measure of pi, then

on average pi = pa for HQ, as the mean confidence in BBHQ (as well as in WIHQ) is

approximately 60 percent (see the first two panels in Table 3, and Table 7). Thus, on

average, pi = pa = pe for HQ. Therefore, since pe = pa = pi for HQ, participants’ switch

rate does not change between BB and WI, in agreement with Hypothesis 4.1a. In other

words, when AI accuracy is revealed and aligns with the participants’ expectations, as is

the case for HQ, participants do not feel the need to alter their AI reliance.

The expected AI accuracy statistics also imply that pa < pe for LQ and MQ, on

average. Furthermore, participants’ mean confidence in their own guess is significantly

higher than the LQ advisor’s accuracy rate of 20 percent in BBLQ (as well as in WILQ)

and significantly higher than the MQ advisor’s accuracy rate of 40 percent in BBMQ (as

well as in WIMQ) (see the first two panels of Table 3, and Table 7). Thus, on average,

pa < pi, for LQ and MQ. Therefore, since pa < pe and pa < pi for both LQ and MQ, the

participants’ switch rate declines in WI compared to BB, in agreement with Hypothesis

4.3a. In other words, when the AI’s accuracy is revealed to be lower than anticipated, as

is the case for MQ and LQ, participants reduce their reliance on the AI advisor.38

It is also important to account for the potential impact of participants’ prior decisions,

particularly their decision to switch, on their reported beliefs about AI accuracy that were

elicited at the end of the experiment. This issue is a common challenge in experimental

design, where earlier actions might shape responses to subsequent belief-related ques-

tions, or initial belief responses could influence later decisions. To mitigate this concern,

we implemented additional treatments, MBB and MWI, in which participants’ beliefs

38In our experiment, we do not observe the case where pe < pa on average. Therefore, we do not have
data to test Hypothesis 4.2.
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about AI accuracy were elicited before they were shown the AI’s guesses and financial

incentives were linked to their belief responses.

We find that the median and the approximate mean of participants’ expected AI

accuracy are similar across these additional treatments (MBBLQ, MBBMQ, MBBHQ,

MWILQ, MWIMQ, MWIHQ), with participants expecting that AI would make correct

guesses in 3 out of 5 transcripts, i.e., 60% accuracy rate (see the last two panels in

Table 3). Similar to BB, we find that while the participants’ expected AI accuracy

is significantly higher than the actual AI accuracy in MBBLQ and MBBMQ (as well as

MWILQ andMWIMQ), the participants’ expected AI accuracy is equivalent to the actual

AI accuracy in MBBHQ and MWIHQ (see the last two panels in Table 6). Furthermore,

there is no significant difference in the distribution of expected AI accuracy in MBB

or MWI treatments compared to corresponding BB treatments (see Table 8). Based

on these findings, we conclude that overall, the participants’ reported beliefs about AI

accuracy remain similar irrespective of the timing of the belief question or the financial

incentives provided for reporting the beliefs. Thus, it is reasonable to use participants’

stated beliefs about AI accuracy to interpret their switching behavior.39

Next, we shed light on the question – do the switches to the AI’s guesses improve the

participants’ ability to detect the RC? To answer this, we analyze the final accuracy.

6.4 Final Accuracy

The final accuracy rate is approximately 37 percent in BB and 38 percent in WI

(see the first row in the first and second panels for the Final accuracy rate in Table 1).

These rates are statistically equivalent (see the first row in the third panel for the Final

accuracy rate in Table 2). This suggests that the higher reliance on AI observed in BB

compared to WI does not improve final accuracy.

The final accuracy rates are approximately 26, 38, and 48 percent for BBLQ, BBMQ,

39We do not provide a detailed analysis of the modified treatments, as they are not our main focus,
and we have fewer data points from these treatments. Moreover, the primary goal of the modified
treatments was to assess whether participants’ elicited beliefs about AI accuracy were sensitive to the
timing and financial incentives. Yet, it is important to note that eliciting beliefs before the switch
decision, specifically before Task 3, significantly impacts the switch rates and the difference between the
final and initial accuracy rates for the LQ advisor (see Table E2 in Appendix E). This suggests that
the timing of belief elicitation can affect decisions for certain AI advisor qualities, which aligns with our
speculation discussed in subsection 5.3. On the whole, our decision to elicit beliefs at the end of the
experiment as part of the exit questionnaire, as in our main treatments, helps minimize any unintended
effects of elicited beliefs on the reliance on AI advisors.
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and BBHQ, respectively; the corresponding statistics are 25, 44, and 46 percent for

WILQ, WIMQ, and WIHQ, respectively (see Figure 2 or the first and second panels for

Final accuracy rate in Table 1).

Within each information condition, the final accuracy rate significantly improves as

the quality of AI advisors increases, with the sole exception being WIMQ and WIHQ,

where the final accuracy rates remain statistically equivalent (see the first and second

panels for Final accuracy rate in Table 2). This suggests that, overall, the final accuracy

rate tends to improve, albeit weakly, as AI quality increases within each information

condition. These findings thus validate Hypothesis 2b and Hypothesis 3b.

A comparison of the final accuracy rates between information conditions reveals the

following. First, the final accuracy rate is statistically equivalent between BBHQ and

WIHQ (see the third panel for the Final accuracy rate in Table 2). This finding aligns

with Hypothesis 4.1b. Second, while the final accuracy rate is equivalent between BBLQ

and WILQ, it is higher in WIMQ than in BBMQ (see the third panel for Final accuracy

rate in Table 2). These findings align with Hypothesis 4.3b.

At first glance, these findings might suggest that participants only benefited from AI

accuracy information in the MQ condition, but not in LQ or HQ. However, given our

experiment’s between-subject design, we need to examine the difference between the final

and initial accuracy to assess the impact of AI accuracy information on truth detection. A

higher final accuracy relative to initial accuracy would indicate a gain in truth detection

rate relative to the participants’ own ability, while a lower final accuracy would imply a

loss in truth detection rate relative to the participants’ own ability due to reliance on AI.

Aggregated over all six treatments, the final accuracy rate is three percentage points

higher than the initial accuracy rate, and this difference is statistically significant (see

the first row in the third panel for Final accuracy rate - Initial accuracy rate in Table

1). In WI, the final accuracy is four percentage points higher than the initial accuracy,

which is significant (see the first row in the second panel for Final accuracy rate - Initial

accuracy rate in Table 1). In contrast, in BB, the final accuracy is only one percentage

point higher than the initial accuracy, which is statistically insignificant (see the first row

in the first panel for Final accuracy rate - Initial accuracy rate in Table 1). This suggests

that, overall, participants benefit from relying on AI when AI accuracy information is

available, whereas the gain is not significant when such information is absent.
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Analysis of the difference between the final and initial accuracy by conditioning upon

the AI advisor quality yields more nuanced insights (see Figure 2). Conditional upon

LQ, the final accuracy is five percentage points lower than initial accuracy in BBLQ, and

the difference is significant, whereas it is 0.4 percentage points higher and statistically

equivalent to initial accuracy in WILQ (see the second row of the first and second panels

for Final accuracy rate - Initial accuracy rate in Table 1). Conditional upon MQ, final

accuracy is two percentage points lower but statistically equivalent to initial accuracy in

BBMQ, and two percentage points higher but statistically equivalent to initial accuracy

in WIMQ (see the third row of the first and second panels for Final accuracy rate - Initial

accuracy rate in Table 1). Thus, participants experience a significant loss in BBLQ by

relying on AI, but they manage to avoid this loss and achieve a gain, albeit an insignificant

one, in WILQ. Quite similarly, participants experience an insignificant loss in BBMQ by

relying on AI, but they again manage to avert the loss and make an insignificant gain

in WIMQ. This implies that for inferior quality advisors (i.e., LQ and MQ), where the

quality of the AI advisor is below their average expectation, participants tend to incur

losses by relying on AI in the absence of AI efficacy information, as the truth detection

rate drops below their own ability to discern the truth. However, participants avoid these

losses when AI accuracy information is provided by reducing their reliance on AI.

In contrast to LQ and MQ, conditional upon HQ, the final accuracy is about ten

percentage points higher than the initial accuracy in both BBHQ and WIHQ. The differ-

ence is significant (see the last row of the first and second panels for the Final accuracy

rate - Initial accuracy rate in Table 1). Thus, participants gain significantly from AI

reliance in both BBHQ and WIHQ. This indicates that with a good quality AI advi-

sor (HQ) that meets the participants’ average expectation, the absence or presence of

AI accuracy information does not alter participants’ welfare as the truth detection rate

improves significantly due to reliance on AI, regardless of the AI accuracy disclosure.

Overall, these results suggest that providing AI efficacy information is a welfare-

enhancing strategy, especially when the quality of AI may not meet people’s expectations,

on average. In other words, without access to AI efficacy information, low-quality AIs can

hinder truth detection, potentially exacerbating the spread of misinformation compared

to what individuals can achieve independently. Consequently, these findings underscore

the necessity for AI policies to promote transparency regarding AI efficacy.
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7 Discussion and Conclusion

The increasing prevalence of AI-assisted decision-making has motivated scholars and

policymakers to explore optimal strategies for designing AI tools or advisors to enable

individuals to make better decisions across various real-life contexts. Among the various

solutions gaining traction among policymakers is the idea of disclosing the caliber or

quality of these AI advisors, thereby equipping users with the knowledge to harness their

potential judiciously. Building on this broad idea, this paper investigates how informing

users about the quality of AI advisors, particularly those designed to help people discern

truth from lies in written text, impacts their reliance on AI and the overall truth-detection

rate. To this end, we systematically vary the quality of the AI advisors and place users in

two information environments: a black box setup, where the AI’s quality remains hidden,

and an informed condition, where users are made aware of it.

Our results reveal that transparency concerning the caliber of AI to detect truth

from deceptive text can seriously influence the proliferation of lies or misinformation

online. When individuals remain unaware of the quality of inferior AI advisors, they

tend to inadequately rely on the advisors, causing the truth-detection rates to drop, at

least weakly, below those based on their own ability. Thus, undue reliance on subpar

opaque AI advisors causes more lies to evade detection. However, when individuals are

made aware of the inferior capabilities of these AI advisors, they adjust their reliance,

thereby arresting the decline in truth detection. The above finding suggests that using

low-quality, opaque AI advisors may hinder rather than help detect deception in textual

form. In stark contrast, when individuals interact with a highly capable AI, their truth-

detection rate surpasses their own ability, irrespective of whether they are aware of the

AI’s actual performance level. This indicates that a highly effective AI can enhance truth

detection, making transparency about its efficacy less critical.

Our exploratory analysis, utilizing data on individuals’ expectations of AI advisors’

capabilities, reveals that undue reliance on subpar, opaque AI advisors is primarily driven

by individuals’ beliefs about these AIs’ ability to detect text-based lies that surpass the

AI’s actual performance, which remains hidden from them. Conversely, when inter-

acting with our highly capable AI advisor, individuals exhibit consistent reliance on it

regardless of their knowledge of its true potential, as the AI’s capability aligns with their

expectations. From a policy perspective, the interplay between people’s beliefs about AI
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quality, its actual performance, and the disclosure of its capabilities carries substantial

implications for the proliferation of text-based lies. Therefore, companies may choose

to incorporate users’ context-driven expectations regarding AI advisors’ efficacy into the

design of AI advisory tools and, additionally, provide the efficacy information to the end

user to empower them to make better decisions.

It is worth noting that one may perceive that our result is obvious, which may stem

from hindsight bias, where the findings appear intuitive once revealed. However, prior to

our study, it was not evident that individuals would perform worse than their own base-

line when relying on opaque AI advisors, nor that transparency would differentially affect

reliance based on AI quality. The fact that participants’ expected AI accuracy exceeded

actual AI accuracy for low- and medium-quality advisors underscores the non-obvious

nature of over-reliance in the absence of information. This discrepancy between expec-

tations and reality, coupled with the empirical validation of transparency’s role, provides

a critical insight that advances both academic understanding and practical applications.

Put differently, the non-obvious nature of the result lies in its demonstration that opaque

AI can actively harm truth detection, a risk that is not widely acknowledged in policy

discussions or prior literature. By highlighting this adverse effect and systematically link-

ing it to transparency, our study provides actionable insights for regulators and platform

designers. Furthermore, although we focus on how disclosing an AI advisor’s quality

influences human decision-making in the context of lie detection, the insights from our

behavioral framework and the experiment’s findings are potentially relevant for different

decision-making contexts and when the advisor is human rather than AI.

In conclusion, our findings contribute to the ongoing debate surrounding the strategies

aimed at mitigating lies online. Social media platforms are populated by various nefarious

actors, including bots and groups with specific agendas, who may leverage AI tools to

deliberately disseminate misleading narratives. Our results underscore that malicious

entities seeking to promote their agendas can engineer subpar and opaque AI advisors,

crafting an illusion of agency for users who believe these tools assist them in uncovering

textual lies. In reality, however, these tools can be designed to propagate lies rather than

detect them. In this context, revealing the true capabilities of AI advisors appears to be

a prudent strategy.
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Figure 1. Switch rate by treatment
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Figure 2. Initial accuracy rate and Final accuracy rate by treatment
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Table 1. Summary of accuracy and switch

N Initial accuracy rate Switch rate Final accuracy rate Final accuracy rate - Initial

accuracy rate

BB 1370 0.3577∗∗ 0.2358 0.3708∗∗∗ 0.01314

BBLQ 455 0.3010 0.2154 0.2549∗∗∗ -0.0462∗∗∗

BBMQ 445 0.3977∗∗∗ 0.2427 0.3752∗∗ -0.0225

BBHQ 470 0.3744∗∗ 0.2489 0.4787∗∗∗ 0.1043∗∗∗

WI 1355 0.3447 0.1786 0.3838∗∗∗ 0.0391∗∗∗

WILQ 455 0.2549∗∗∗ 0.1363 0.2505∗∗∗ 0.0044

WIMQ 450 0.4177∗∗∗ 0.1711 0.4400∗∗∗ 0.0222

WIHQ 450 0.3622 0.2289 0.4622∗∗∗ 0.1∗∗∗

BB + WI 2725 0.3512∗∗ 0.2073 0.3773∗∗∗ 0.0260∗∗∗

BBLQ + WILQ 910 0.2780∗∗∗ 0.1758 0.2528∗∗∗ -0.0252∗∗∗

BBMQ + WIMQ 895 0.4078 ∗∗∗ 0.2067 0.4078∗∗∗ 0.0000

BBHQ + WIHQ 920 0.3685∗∗ 0.2391 0.4707∗∗∗ 0.1022∗∗∗

Notes: (i) Accuracy and switch rates are expressed as proportions. (ii) N = 5 * number of participants = number of decisions. (iii) Asterisk in Initial accuracy rate and Final accuracy rate

columns denote statistical significance for hypothesis test with H0: accuracy rate = 0.33 & H1: accuracy rate ̸= 0.33 based on p-value from t-test. ∗∗∗ and ∗∗ denote 1% and 5% level of

significance, respectively. The statistical significance remains unchanged with the z-test for proportion. (iv) Asterisk in the Final accuracy - initial accuracy rate column denotes statistical

significance for hypothesis test with H0: Final accuracy rate = Initial accuracy rate & H1: Final accuracy rate ̸= Initial accuracy rate, based on p-value from t-test. ∗∗∗ and ∗∗ denote 1%

and 5% level of significance, respectively. The statistical significance remains unchanged with the z-test for comparing proportions.
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Table 2. Comparative tests

Initial accu-

racy rate

Switch rate Final accu-

racy rate

Final accu-

racy rate -

Initial accu-

racy rate

BBLQ - BBMQ -3.054∗∗∗ -0.9745 -3.9162∗∗∗ -0.9343

(0.0023) (0.3301) (0.0001) (0.3504)

BBLQ - BBHQ -2.3623∗∗ -1.2074 -7.2426∗∗∗ -6.1917***

(0.0184) (0.2276) (0.0000) (0.0000)

BBMQ - BBHQ 0.7226 -0.2188 -3.1743∗∗∗ -4.4710***

(0.4701) (0.8268) (0.0016) (0.0000)

WILQ - WIMQ -5.2586∗∗∗ -1.4538 -6.1115∗∗∗ -1.3471

(0.0000) (0.1463) (0.0000) (0.1783)

WILQ - WIHQ -3.5142∗∗∗ -3.6306∗∗∗ -6.8114∗∗∗ -4.8542***

(0.0005) (0.0003) (0.0000) (0.0000)

WIMQ - WIHQ 1.7094 -2.1699∗∗ -0.6693 -3.2704***

(0.0887) (0.0303) (0.5035) (0.0011)

BB − WI 0.7114 3.6884∗∗∗ -0.6977 -1.853

(0.4769) (0.0002) (0.4854) (0.0641)

BBLQ − WILQ 1.5542 3.1486∗∗∗ 0.1524 -2.2059**

(0.1205) (0.0017) (0.8789) (0.0276)

BBMQ − WIMQ -0.609 2.6517∗∗∗ -1.9720∗∗ -1.7159

(0.5427) (0.0082) (0.0489) (0.0865)

BBHQ − WIHQ 0.3845 0.7120 0.5008 0.1616

(0.7007) (0.4766) (0.6166) (0.8717)

Notes: t-statistic for H0: LHS accuracy (or switch) rate − RHS accuracy (or switch) rate = 0 & H1: LHS accuracy (or

switch) rate − RHS accuracy (or switch) rate ̸= 0 reported in the table with p-value in parentheses. ∗∗∗ and ∗∗ denote

1% and 5% level of significance, respectively. The statistical significance remains unchanged with the z-test for comparing

proportions.
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Table 3. Summary of expected AI accuracy, perceived difficulty, and confidence

N Mean Median SD Min Max

Confidence in own guess

BB 1370 63.52 64.0 24.27 0 100

BBLQ 455 64.84 65.0 22.59 0 100

BBMQ 445 65.53 66.0 25.93 0 100

BBHQ 470 60.33 61.0 23.95 0 100

WI 1355 61.04 60.0 24.42 0 100

WILQ 455 62.18 60.0 24.18 0 100

WIMQ 450 60.57 60.0 24.72 0 100

WIHQ 450 60.37 56.5 24.36 0 100

Relative confidence

BB 274 2.03 2 0.77 1 4

BBLQ 91 1.90 2 0.68 1 4

BBMQ 89 2.12 2 0.86 1 4

BBHQ 94 2.07 2 0.72 1 4

WI 271 2.12 2 0.82 1 4

WILQ 91 2.06 2 0.81 1 4

WIMQ 90 2.19 2 0.78 1 4

WIHQ 90 2.12 2 0.87 1 4

Perceived difficulty

BB 1370 2.16 2 0.67 1 3

BBLQ 455 2.18 2 0.69 1 3

BBMQ 445 2.15 2 0.66 1 3

BBHQ 470 2.15 2 0.68 1 3

WI 1355 2.17 2 0.69 1 3

WILQ 455 2.18 2 0.70 1 3

WIMQ 450 2.20 2 0.67 1 3

WIHQ 450 2.12 2 0.70 1 3

Perceived modal difficulty

BB 274 2.14 2 0.65 1 3

BBLQ 91 2.16 2 0.67 1 3

BBMQ 89 2.14 2 0.63 1 3

BBHQ 94 2.13 2 0.61 1 3

WI 271 2.17 2 0.66 1 3

WILQ 91 2.22 2 0.65 1 3

WIMQ 90 2.19 2 0.64 1 3

WIHQ 90 2.12 2 0.68 1 3
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Expected AI accuracy

BB 274 2.80 3 1.16 0 5

BBLQ 91 2.70 3 1.31 0 5

BBMQ 89 2.82 3 0.97 0 5

BBHQ 94 2.88 3 1.16 0 5

MBB 91 3.16 3 1.17 0 5

MBBLQ 30 3.33 3 0.88 2 5

MBBMQ 30 3.2 3 1.19 1 5

MBBHQ 31 2.97 3 1.38 0 5

MWI 91 3.16 3 1.17 0 5

MWILQ 30 3.33 3 0.88 2 5

MWIMQ 30 3.2 3 1.19 1 5

MWIHQ 31 2.97 3 1.38 0 5

MWI 90 3.2 3 1.15 0 5

MWILQ 30 3.3 3 1.18 0 5

MWIMQ 30 3.2 3 1.21 0 5

MWIHQ 30 3.1 3 1.09 0 5

Notes: (i) Confidence in own guess ∈ {0, 1, 2, ...., 100}, which represents a participant’s self-confidence that the participant’s

own guess is correct for a transcript. (ii) Relative confidence for a participant takes a value of 1 for ‘Among the top 25

participants’, 2 for ‘Among the participants worse than the top 25 but better than the bottom 50 participants’, and 3 for

‘Among the participants worse than the top 50 but better than the bottom 25 participants’ and 4 for ‘Among the bottom

25 participants’. (iii) Perceived difficulty for a transcript takes a value of 1 for Low Difficulty, 2 for Moderate Difficulty,

and 3 for High Difficulty. (iv) Perceived modal difficulty for a participant takes a value of 1 for Low Difficulty, 2 for

Moderate Difficulty, and 3 for High Difficulty. (v) Expected AI accuracy ∈ {0, 1, 2, 3, 4, 5}, which represents a participant’s

expectation about the number of correct AI guesses out of five transcripts. (vi) For Confidence in own guess, Perceived

difficulty, and Perceived modal difficulty, N = number of decisions = 5 * number of participants. For Relative confidence

and Expected AI accuracy, N = number of participants.
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Table 4. Comparative tests

Confidence

in own

guess

Relative

confidence

Perceived

difficulty

Perceived

modal diffi-

culty

BBLQ - BBMQ -0.4251 -4.309∗∗∗ 0.7538 0.539

(0.6709) (0.000) (0.4512) (0.590)

BBLQ - BBHQ 2.9430∗∗∗ -3.644∗∗∗ 0.5978 0.714

(0.0033) (0.000) (0.5501) (0.476)

BBMQ - BBHQ 3.1511∗∗∗ 0.916 -0.1602 0.179

(0.0017) (0.360) (0.8727) (0.858)

WILQ - WIMQ 0.9924 -0.646 -0.4305 0.770

(0.3212) (0.519) (0.6669) (0.442)

WILQ - WIHQ 1.1252 -2.202∗∗ 1.2821 2.293∗∗

(0.2608) (0.028) (0.2002) (0.022)

WIMQ - WIHQ 0.1236 -1.618 1.7392 1.563

(0.9017) (0.106) (0.0823) (0.118)

BB − WI 2.6516∗∗∗ -2.787∗∗∗ -0.2632 -1.215

(0.0081) (0.005) (0.7924) (0.224)

BBLQ − WILQ 1.7128 -3.322∗∗∗ 0.0000 -1.303

(0.0871) (0.001) (1.0000) (0.193)

BBMQ − WIMQ 2.9286∗∗∗ 0.431 -1.2061 -1.119

(0.0035) (0.667) (0.2281) (0.263)

BBHQ − WIHQ -0.0218 -2.126∗∗ 0.7265 0.321

(0.9826) (0.034) (0.4677) (0.748)

Notes: t-statistic for H0: LHS measure − RHS measure = 0 & H1: LHS measure − RHS measure ̸= 0, reported in the

table with p-value in parentheses. ∗∗∗ and ∗∗ denote 1% and 5% level of significance, respectively.
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Table 5. Regressions for switch

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

Switch Switch Switch Switch Switch in BB Switch in BB

Confidence in own guess -0.00295*** -0.00298*** -0.00274***

(0.000) (0.000) (0.000)

Perceived difficulty 0.0506*** 0.0517*** 0.0518***

(0.000) (0.000) (0.009)

Relative confidence -0.0680*** -0.0681*** -0.0846***

(0.000) (0.000) (0.000)

Perceived modal difficulty 0.0552*** 0.0583*** 0.0480***

(0.000) (0.000) (0.009)

Expected AI accuracy 0.0435*** 0.0519***

(0.000) (0.000)

LQ -0.0215 -0.0235 -0.0148 -0.0110

(0.485) (0.444) (0.625) (0.710)

MQ 0.00960 -0.0100 0.0111 -0.00750

(0.764) (0.753) (0.726) (0.807)

FI -0.0182 -0.0270

(0.559) (0.389)

LQ*FI -0.0688 -0.0667

(0.118) (0.131)

MQ*FI -0.0709 -0.0457

(0.119) (0.313)

Constant 0.281*** 0.287*** 0.317*** 0.324*** 0.177** 0.244***

(0.000) (0.000) (0.000) (0.000) (0.018) (0.001)
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Observations 2725 2725 2725 2725 1370 1370

Estimated difference in switch probability between AI advisors in BB

BBLQ −BBMQ -0.0311 -0.0135

(0.3440) (0.6731)

BBLQ −BBHQ -0.0215 -0.0235

(0.4855) (0.4443)

BBMQ −BBHQ 0.0096 -0.0100

(0.7640) (0.7534)

Estimated difference in switch probability between AI advisors in FI

WILQ − FIMQ -0.0290 -0.0345

(0.3432) (0.2713)

WILQ − FIHQ -0.0903** -0.0902**

(0.0038) (0.0041)

WIMQ − FIHQ -0.0613 -0.0557

(0.0580) (0.0839)

Estimated difference in switch probability between BB and FI

WILQ −BBLQ -0.0870** -0.0937**

(0.0050) (0.0025)

WIMQ −BBMQ -0.0891** -0.0727

(0.0069) (0.0264)

WIHQ −BBHQ -0.0182 -0.0270

(0.5593) (0.3887)

Notes: In the first panel of the table, linear probability model (LPM) estimates are reported with p-values in parentheses that are based on robust standard errors clustered by participant-id.
∗∗∗ and ∗∗ denote 1% and 5% level of significance, respectively. The sign and statistical significance of the regression estimates using Logit and Probit estimations are similar to those

obtained from the LPM estimation. In the second panel of the table, the significance of the pairwise comparisons is based on Holm-Bonferroni method to account for multiple comparisons.

Since there are nine pairwise comparisons, the nine p-values are sorted in ascending order and compared with adjusted-α, i.e., α
9
, α

8
, ...,α

1
, respectively. We use the benchmark α = 0.05.

49



Table 6. Tests for comparing expected AI accuracy with actual AI accuracy

t-test Wilcoxon signed-rank test

BBLQ 12.38*** 7.66***

(0.0000) (0.0000)

BBMQ 7.96*** 6.243***

(0.0000) (0.0000)

BBHQ -0.98 -0.92

(0.3317) (0.3597)

MBBLQ 14.46*** 4.85***

(0.0000) (0.0000)

MBBMQ 5.54*** 4.2***

(0.0000) (0.0000)

MBBHQ -0.13 0.33

(0.8972) (0.7324)

MWILQ 10.69*** 4.74***

(0.0000) (0.0000)

MWIMQ 5.41*** 3.99***

(0.0000) (0.0000)

MWIHQ 0.50 0.58

(0.6203) (0.6056)

Notes: p-values corresponding to H0: expected AI accuracy = actual AI accuracy & H1: expected AI accuracy ̸= actual

AI accuracy are reported in parenthesis. ∗∗∗ and ∗∗ denote statistical significance at 1% and 5% level, respectively. Actual

AI accuracy in LQ, MQ, and HQ is 1, 2, and 3 out of 5 transcripts, respectively.
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Table 7. Test for comparing confidence in own guess with actual AI accuracy

t-test

BBLQ 42.35***

(0.0000)

BBMQ 20.77***

(0.0000)

BBHQ 0.30

(0.7640)

WILQ 37.21***

(0.0000)

WIMQ 17.65***

(0.0000)

WIHQ 0.32

(0.7497 )

Notes: p-values corresponding to H0: confidence in own guess/100 = actual AI accuracy and H1: confidence in own

guess/100 ̸= actual AI accuracy are reported in parenthesis. ∗∗∗ and ∗∗ denote statistical significance at 1% and 5% level,

respectively. Actual AI accuracy in LQ, MQ, and HQ is 0.2, 0.4, and 0.6, respectively.
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Table 8. Test for comparing distributions of participants’ expected AI accuracy

Kolmogorov Smirnov test

BB-MBB 0.1182

(0.296)

BBLQ-MBBLQ 0.2176

(0.236)

BBMQ-MBBMQ 0.2109

(0.271)

BBHQ-MBBHQ 0.1211

(0.884)

BB-MWI 0.1389

(0.146)

BBLQ-MWILQ 0.2176

(0.236)

BBMQ-MWIMQ 0.1442

(0.739)

BBHQ-MWIHQ 0.0837

(0.997)

MBB-MWI 0.0304

(1.000)

MBBLQ-MWILQ 0.0667

(1.000)

MBBMQ-MWIMQ 0.0667

(1.000)

MBBHQ-MWIHQ 0.0957

(0.999)

Note: p-values in parentheses. ∗∗∗ and ∗∗ denote statistical significance at 1% and 5% level, respectively.
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Appendices

Appendix A: An Excerpt from Quora
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Appendix B: An Excerpt from a Used Transcript in T4

Affidavit

I, William D. Hackett, am a captain in the United States Army. I have spent five years on

Alaskan duty and served during World War II with the United States Mountain Troops. I am

a mountain climbing specialist. I have made more than 500 major ascents in 12 countries.

I am the only man in the world who have climbed to the highest point on five different

continents. I have been selected as a member of the United States team, which in 1959 will

attempt Mount Everest, the highest mountain in the world. Signed, William D. Hackett.

Here is a snippet from the back-and-forth conversation between judges and contestants:

The conversation

...

Q: Number Three, about how high is Mount Whitney?

A: 20,000 feet.

Q: Number Two, how high is Mount Whitney?

A: 14,400.

Q: Number One?

A: 14,496.

...
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Appendix C: An Example of a Used Transcript in T4

Affidavit

I, William D. Hackett, am a captain in the United States Army. I have spent five years on

Alaskan duty and served during World War II with the United States Mountain Troops.

I am a mountain climbing specialist. I have made more than 500 major ascents in 12

countries. I am the only man in the world who have climbed to the highest point on

five different continents. I have been selected as a member of the United States team,

which in 1959 will attempt Mount Everest, the highest mountain in the world. Signed,

William D. Hackett.

The conversation

Q: Well, I suppose it would be interesting to find out, Number Two, why do you climb

mountains?

A: A very classic answer to that would be to utter the words of George L. Mallory,

because it is there.

Q: Number One, have you got an answer to that?

A: That’s the same answer.

Q: All right, then I suppose Number Three?

A: Same.

Q: Number Two, what is the furthest west populated area in Alaska? Furthest west.

A: Your question is not quite clear. The furthest west.

Q: The populated area that’s the furthest west.

A: Oh, the city you’re speaking of, Nome.

Q: Number Three, what’s the most dangerous part of climbing up a mountain?

A: Most dangerous part of climbing up a mountain is overconfidence and rappelling, as
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a matter of fact.

Q: Rappelling?

A: Rappelling. Or descending a mountain.

Q: Oh, descending is the most dangerous part of climbing up.

A: Oh, that’s interesting.

Q: Number One, what is a Sherpa? A: What is a Sherpa? A Sherpa is a person who

lives in Nepal, who is a god, has been a god.

Q: Number Two, what is a speleologist?

A: One who explores caves.

Q: Number Three, what is the technical term for mountain climbing, as opposed to

speleology?

A: Mountain climbing.

Q: Number Two, what is the highest mountain that you ever climbed?

A: Mount Aconcagua.

Q: Where is that?

A: In Argentina.

Q: Number Two, where in the world is a mountain called University Peak?

A: In Alaska.

Q: Number One, what is the highest mountain in the continent of the United States?

A: Oh, that’s Mount Whitney.

Q: Number Three, about how high is Mount Whitney?

A: 20,000 feet.
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Q: Number Two, how high is Mount Whitney?

A: 14,400.

Q: Number One?

A: 14,496.

Q: Number Two, what are those little pointed steel things that they dig into mountains

that hold the rope on?

A: Tetons.

Q: Are they, pardon me?

A: Tetons.

Q: Number One, do you really tie each other to each other with the rope when you’re

climbing?

A: Yes, three men on the rope.

Q: Don’t you think that’s depending an awful lot on the others?

A: You always do.

Q: And what if there’s one that’s clumsy?

Do you have to make sure everybody’s agile before you start up these things?

A: You’re supposed to climb with confidence.

Q: Is it really more safe, Number Three, for them to be tied together? Can you save

someone if they start to fall?

A: Yes, ma’am.
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Appendix D: Experimental Instructions

D.1. Welcome
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D.2. Task 1 Instructions
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D.3. Screening Questions
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D.4. Task 1
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D.4.1. Initial Guess

D.4.2. Absolute Confidence
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D.5. Task 2 Instructions
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D.6. Task 2
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D.7. Task 3 Instructions for BB
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D.8. Task 3 for BB
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D.9. Task 3 Instructions for WI
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D.10. Task 3 for WI
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D.11. Task 4 Instructions
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D.12. Task 4
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D.13. Task 5

(Continued on next page)

19



(Continued on next page)
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D.14. Payment
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Appendix E: Additional Tables

Table E1. Regressions for switch with demographic controls

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

Switch Switch Switch Switch Switch in BB Switch in BB

Confidence in own guess -0.0030*** -0.0030*** -0.0028***

(0.000) (0.000) (0.000)

Perceived difficulty 0.0497*** 0.0508*** 0.0514***

(0.000) (0.000) (0.010)

Relative confidence -0.0710*** -0.0711*** -0.0878***

(0.000) (0.000) (0.000)

Perceived modal difficulty 0.0541*** 0.0572*** 0.0472***

(0.000) (0.000) (0.011)

Female -0.0455** -0.0508*** -0.0452** -0.0504*** -0.0349 -0.0376

(0.014) (0.006) (0.013) (0.006) (0.172) (0.134)

Age 35 and below 0.0020 0.0029 0.0046 0.0054 0.0017 -0.0118

(0.914) (0.875) (0.801) (0.766) (0.947) (0.629)

At least a college degree 0.0111 0.0129 0.0138 0.0150 0.0046 0.0077

(0.559) (0.507) (0.462) (0.432) (0.861) (0.773)

Expected AI accuracy 0.0417*** 0.0503***

(0.000) (0.000)

LQ -0.0215 -0.0231 -0.0146 -0.0116
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(0.484) (0.452) (0.630) (0.697)

MQ 0.0107 -0.0091 0.0119 -0.0077

(0.736) (0.775) (0.707) (0.800)

WI -0.0172 -0.0262

(0.580) (0.403)

LQ ∗WI -0.0699 -0.0679

(0.111) (0.123)

MQ ∗WI -0.0725 -0.0469

(0.109) (0.297)

Constant 0.3026*** 0.3171*** 0.3374*** 0.3531*** 0.2010*** 0.2679***

(0.000) (0.000) (0.000) (0.000) (0.009) (0.000)

Observations 2725 2725 2725 2725 1370 1370

Estimated difference in switch probability between AI advisors in BB

BBLQ −BBMQ -0.0322 -0.01400

(0.3249) (0.6589)

BBLQ −BBHQ -0.0215 -0.02307

(0.4841) (0.4524)

BBMQ −BBHQ 0.0107 -0.0090

(0.7357) (0.7749)

Estimated difference in switch probability between AI advisors in WI

WILQ −WIMQ -0.0296 -0.0349
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(0.3290) (0.2580)

WILQ −WIHQ -0.0914*** -0.0909***

(0.0034) (0.0038)

WIMQ −WIHQ -0.0617 -0.0559

(0.0550) (0.0800)

Estimated difference in switch probability between BB and WI

WILQ −BBLQ -0.0871*** -0.0940***

(0.0046) (0.0022)

WIMQ −BBMQ -0.0897*** -0.0731

(0.0061) (0.0236)

WIHQ −BBHQ -0.0172 -0.0262

(0.5804) (0.4026)

Notes: In the first panel of the table, linear probability model (LPM) estimates are reported with p-values in parentheses that are based on robust

standard errors clustered by participant-id. ∗∗∗ and ∗∗ denote 1% and 5% level of significance, respectively. The sign and statistical significance of

the regression estimates using Logit and Probit estimations are similar to those obtained from the LPM estimation. In the second panel of the table,

the significance of the pairwise comparisons is based on Holm-Bonferroni method to account for multiple comparisons. Since there are nine pairwise

comparisons, the nine p-values are sorted in ascending order and compared with adjusted-α, i.e., α
9 ,

α
8 , ...,

α
1 , respectively. We use the benchmark

α = 0.05.
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Table E2. Comparison of outcomes between the main and modified treatments

BB MBB Difference WI MWI Difference

Switch rate

LQ 0.2154 0.3067 -0.0913** 0.1363 0.2333 -0.0971***

(0.0228) (0.0049)

MQ 0.2427 .2733 -.0306 0.1711 0.1867 -0.0155

(0.4547) (0.6648)

HQ 0.2489 0.2452 0.0038 0.2289 0.2333 -0.0044

(0.9250) (0.9110)

Final accuracy rate - Initial accuracy rate

LQ -0.0462 -0.0467 0.0005 -0.0044 -0.0667 0.0623**

(0.9871) (0.0211)

MQ -0.0225 -0.0133 -0.0091 0.0222 -0.0267 0.0489

(0.8281) (0.1401)

HQ 0.1043 0.0968 0.0075 0.1 0.1133 -0.0133

(0.8473) (0.7149)

Notes: (i). Difference = Main treatment - Modified treatment. (ii). p-values in parentheses correspond to

t-test for H0: Difference = 0 and H1: Difference ̸= 0. (iii). ∗∗∗ and ∗∗ denote statistical significance at 1%

and 5% level, respectively.

26



Table E3. Summary statistics of the initial guess differing from AI’s guess

N Initial guess differed from AI’s guess (%) AI’s guess correct (%)

BB 1370 56.42 37.39

BBLQ 455 54.73 15.66

BBMQ 445 60.22 37.69

BBHQ 470 54.47 58.20

WI 1355 60.30 36.60

WILQ 455 56.70 18.60

WIMQ 450 64.00 34.38

WIHQ 450 60.22 56.09

Note: Initial guess different from AI’s guess represents the percentage of observations where the participant’s

initial guess differed from the AI’s guess. AI’s guess correct (%) reports the percentage out of those cases

where the initial guess differed from the AI’s guess.
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