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To enhance decision-making, humans often use AI, but over- or under-reliance can negatively impact 

performance. Although AI accuracy is presented to users for reliance calibration, prior work shows that 

stated AI accuracy often does not lead users to rely on AI in proportion to it.  To explore this, we 

examined how users interpret stated AI accuracy as a cue. Experiment 1 explored decision shifts across 

differing accuracy levels (N = 91); Experiment 2 modelled the subjective weight attached to each level 

(N = 20). The results align with prospect theory, indicating that participants tend to undervalue high 

accuracy and overvalue low accuracy. At the same time, we found that compared with not providing 

accuracy information, presenting reliable and well-calibrated AI accuracy can potentially reduce their 

misperception of that and thus may offer some benefits for calibrating reliance. Based on our findings, 

we discuss the design implications for fostering appropriate reliance. 
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1 INTRODUCTION  

AI-powered systems can enhance users’ decision-making in various situations [25]. Indeed, human-
AI collaboration is widely employed in society to support decision-making across multiple fields, 
including finance [31, 62], medicine [7, 16], and public services [11, 47]. On the other hand, in general, 
the information available to users about AI is limited, which makes appropriate reliance and 
collaboration difficult. If users cannot rely on AI appropriately, the quality of decision-making could 
worsen [1, 26, 27, 44]. Among the information that can help users evaluate AI suggestions, stated 
accuracy is the most fundamental indicator, as it is an objective indicator of its capabilities (e.g., a 
statement that this AI has an accuracy of 90%).  

Some researchers in interdisciplinary fields such as Human-Computer Interaction (HCI) have 
investigated AI-based decision-making driven by stated accuracy. Previous work has shown that the 
stated accuracy can affect the user's reliance on AI [52]. However, users do not often adopt AI 
suggestions at the level of stated accuracy, and as a consequence, improvements in the performance 
of AI-based decision-making have often been limited [8, 32, 52, 66].  Nevertheless, the cognitive 
aspects by which users perceive stated AI accuracy and translate it into subjective beliefs about 
whether to accept or reject AI suggestions are still not well understood. Many prior HCI studies on 
human–AI interaction have relied on measures derived from binary user choices, such as the 
acceptance rate of AI suggestions, to capture relatively simple, macro-level patterns of reliance [8, 32, 
52, 66]. In addition, users’ perceptions of model accuracy and trust have often been measured using 
self-report questionnaires [8, 32, 52]. Such measures alone do not reveal how users interpret stated 
AI accuracy as a cue, nor the extent to which they systematically distort this accuracy information. 
Therefore, this lack of understanding can lead to incorrect conclusions about users’ reliance, as well 
as inappropriate design guidelines, because it fails to adequately capture how effective the presented 
accuracy information actually is and what its limitations are. 

To address this gap, we draw on approaches from behavioral economics and cognitive psychology 
that provide formal tools for modeling how humans interpret probabilistic information. In particular, 
prospect theory demonstrates that people tend to overweight low probabilities and underweight high 
probabilities, and that such distortions in the perception of probabilities can be captured by a 
probability weighting function [21, 24, 45, 57]. AI accuracy information is typically reported as a 
statistical performance metric estimated from historical data, and thus does not strictly coincide with 
the actual probability of an outcome. On the other hand, in real usage contexts, for users, this 
information can function as one of the probabilistic cues indicating the “reliability” of the AI. Building 
on this view, we adopt the perspective of probability weighting to model how stated AI accuracy is 
transformed into users’ subjective beliefs and reliance on the AI, and how this transformation, in turn, 
shapes their reliance behavior.  

Motivated by these considerations, we pose the following research questions (RQs). 
 

RQ1: How can decision-making tendencies elicited by stated AI accuracy be described? 
 
RQ2: What subjective weight do users assign to a given stated accuracy level? 
 

 
To investigate the RQs, we conducted two experiments, which were modified from traditional 

experiments on prospect theory. Experiment 1 aimed to investigate how decision-making tendencies 
elicited by stated AI accuracy can be described (RQ1). We modified the investment choice task 
designed by Kahneman and Tversky [21] and revised by Ruggeri et al. [40] and conducted it, 
consisting of 24 questions in which participants chose one of two monetary options based on the 
information of AI (N=91). Also, Experiment 2 aimed to identify the probability weighting function 
(RQ2). We conducted 174 questions (165 questions + 9 duplicate questions for reliability analysis) in 
which participants were asked to answer "the exact amount of money they would or would not want 
to use the AI" for investments that stated AI accuracy and monetary conditions, following Gonzalez 
and Wu [57] (N = 20). Experiment 1 lays the groundwork for Experiment 2 by first testing whether 
prospect-theoretic patterns (e.g., framing and reflection effects) also emerge when decisions are 
based on stated AI accuracy rather than outcome probabilities. 
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In the result, decision-making driven by AI accuracy can be described using prospect theory (RQ1). 
We also identified the probability weighting function and found that the average user tends to 
perceive high accuracy as low and low accuracy as high (RQ2). Furthermore, as an additional finding, 
we found that the framing of AI accuracy information (e.g., "this AI gets it correct 80%" vs. "this AI 
gets it incorrect 20%") affects reliance behaviors. 

We discuss implications for future design to support human-AI collaborative decision-making 
effectively, particularly in the domain of utilizing decision theory and behavioral economics. To design 
effective human-AI interactions, it is vital to deepen our current understanding of how users depend 
on AI [32, 42]. Through analyzing users’ perceptions of AI accuracy, we explored the advantages and 
challenges of approaches that state AI accuracy and proposed strategies to overcome these challenges. 
The specific contributions of this paper are as follows: 
⚫ We provided fundamental findings that describe the tendency of decision-making driven by AI 

accuracy.  Because users perceptually distort the stated accuracy, they may find it difficult to 
use simple accuracy disclosures alone to adequately calibrate their reliance. Nevertheless, 
presenting AI accuracy can still offer some benefits for calibrating reliance, as it reduces 
misperceptions of accuracy compared to not providing such information at all. Building on this, 
we recommend a more promising approach: combining accuracy disclosure with cognitive 
forcing interventions to better support appropriate reliance. 

⚫ We proposed a strategy for calibrating reliance based on an understanding of the user's 
perception of comprehensive accuracy. Many researchers believe that to enhance the 
performance of human-AI collaborative decision-making, it is crucial to encourage or suppress 
users’ reliance on AI at the right time. This paper quantifies the gap between actual accuracy 
and users' perception of accuracy (identifying the probability weighting function) to highlight 
in what cases additional support is appropriate. In particular, we found that the average user 
tends to underestimate when the accuracy is high, so support may be provided to improve 
reliance, and conversely, when the accuracy is low, support to suppress reliance may be 
necessary. Implications for personalization based on users' unique perceptions may further 
minimize the perception gap. 

⚫ Behavioral economics-based methods may calibrate reliance behaviors at a lower cost. Our 
additional findings showed that the way in which AI accuracy is stated (framing through 
different expressions) significantly changes reliance behaviors although they mean the same 
thing. For example, "this AI gets it correct 80%" and "this AI gets it incorrect 20%". This is like 
the nudge approach of encouraging more desirable behavior by creating small triggers for 
people to behaviors.   

2  RELATED WORK 

2.1  The effects of stated AI accuracy on users’ reliance 

Many HCI researchers have pointed out that effective human-AI collaboration is challenging to design 
and achieve [56, 61]. Indeed, human-AI collaborative decision-making has been reported to reduce 
decision quality compared with decisions made by AI alone or humans alone [1, 29, 44]. They 
considered that both over-reliance and under-reliance on AI negatively affect collaboration [2, 19, 34, 
36, 37, 67, 68]. For example, if users over-rely on information provided by AI, biased or incorrect 
information in the AI algorithm may be reflected in decision-making as is, and conversely, if users 
under-rely on AI, they may not be able to utilize the valuable information and insights provided by AI 
effectively, and this may not lead to better decision-making. There is also the issue that it is difficult 
to identify biased or incorrect information using algorithms, so some researchers consider that a 
social scientific approach (e.g., psychological approach [9]) to understanding humans is vital for 
effective human-AI collaborative decision-making [17, 22]. Therefore, many researchers in HCI have 
explored human-centered methods and theories to calibrate appropriate reliance on AI.  

In general, users have limited information about AI, and decision-makers often find it difficult to 
judge how much they can rely on AI's ideas and suggestions. Thus, to calibrate appropriate reliance, 
several studies attempt to augment or explain information about AI models and their outputs. 
According to previous work [32], there are two prominent approaches: the first approach is to 
encourage users to consider carefully and deeply by using cognitive forcing interventions [e.g., 34, 64, 
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67], and the other is to provide users with information about AI (or AI system) accuracy. This paper 
focuses on the latter. Accuracy serves as an objective indicator of the system’s capability, helping 
decision-makers evaluate its suggestions. Some related works have reported that users calibrate their 
reliance based on the AI accuracy stated to them, but this calibration is not mirrored in actual reliance 
behavior (e.g., an indicator calculated from the adoption rate of AI advice), and as a consequence, 
improvements in the performance of AI-based decision-making have often been limited  [8, 13, 52, 
66]. In other words, many users often do not accept AI suggestions at the level of the accuracy stated. 
We believe that the difficulty in explaining this issue lies in the fact that users interpret AI 
recommendations in complex contexts where multiple cues and constraints interact. For example, a 
recent systematic literature review of empirical studies on user trust in AI-enabled systems reports 
that trust is influenced by socio-ethical considerations (e.g., fairness and accountability), technical 
and design features (e.g., explanations, feedback, and error disclosures), and user characteristics [65].  

To capture reliance behavior in the context of stated AI accuracy settings under many complex 
factors, many HCI studies use aggregate behavioral indicators, such as overall acceptance rates of AI 
suggestions, override frequency, or changes in task performance [8, 32, 52, 66]. These measures have 
been useful for evaluating the overall impact of AI assistance on decision-making performance. 
However, it remains unclear how users actually perceive accuracy and use it as a cue in their decisions 
because these aggregate indicators do not uniquely identify the underlying cognitive aspects [32, 66]. 
For example, suppose that participants are informed that an AI system is 80% accurate, and that, 
when we look at the experiment as a whole, they accept 70% of its suggestions. From this macro-level 
behavioral indicator of a “70% acceptance rate,” we cannot directly conclude that each user 
subjectively perceived the AI accuracy as “70% likely to be correct.” As a method for investigating 
perceptions, several studies [8, 32, 52] have used questionnaires to elicit self-reported trust and 
perceived reliance on AI. However, prior work [66] has pointed out that such self-report measures 
are not very reliable indicators of actual reliance behavior. Therefore, this lack of understanding 
hampers our ability to sufficiently quantify how, and to what extent, stated accuracy is effective for 
calibrating users’ reliance on AI. It also risks leading to misleading conclusions about users’ reliance, 
as well as inappropriate design recommendations. 

To address this gap, we focused on insights from behavioral economics and cognitive psychology 
on human probability judgment. A substantial body of work in these fields shows that people do not 
use objective probabilities in a linear or normatively rational way [21, 24, 45, 57]. Prospect theory, in 
particular, demonstrates that humans systematically overweight low probabilities and underweight 
high probabilities, a distortion captured by probability weighting functions. Although stated AI 
accuracy is typically derived from past data and is not itself an outcome probability in the narrow 
sense, it functions as a probabilistic cue that users interpret in light of their subjective beliefs about 
AI systems. Methods from behavioral economics and cognitive psychology therefore can offer 
promising tools for formally modeling how users transform stated accuracy into subjective 
probabilities. By modeling how users systematically distort AI accuracy, we can better explain 
seemingly suboptimal reliance behaviors. Conventional HCI measures capture aggregate patterns of 
reliance but do not characterize the internal mapping from communicated accuracy to subjective 
probability. In contrast, a probability-weighting approach enables us to decompose reliance behavior 
and quantify the transformation from stated accuracy to subjective belief. Notably, it is not clear that 
stated AI accuracy is treated in the same manner as outcome probabilities. Prior work suggests that 
even when the same probability is presented, people may subjectively treat it differently depending 
on its source label (e.g., whether it is associated with an AI or not [37]). Therefore, it is worthwhile to 
empirically examine whether AI-based decision-making in fact follows the probability-weighting 
patterns predicted by prospect theory.  

Furthermore, previous research has paid little attention to how users interact with AI when its 
stated accuracy is low. Consequently, we still lack quantitative insight into a comprehensive 
descriptive model of AI-based decision-making and its psychological underpinnings. Because in real-
world human-AI interaction, there are also tasks where AI has low accuracy (e.g., diagnosis of rare 
diseases [63]), we believe that it is vital to explore the relationship between varying levels of AI 
accuracy and reliance. A probability-weighting-based approach can also complement this by 
providing a unified framework for characterizing reliance across different accuracy levels. 

Against this background, we investigate how users perceive AI comprehensive accuracy (i.e., from 
low to high) through a detailed survey and analysis. Understanding user perception of AI accuracy is 
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important for researching and developing AI-based human-centered decision-support systems . How 
users perceive AI accuracy and how much they rely on AI for decision-making is expected to lead to 
better decision-support methods. 

2.2  Prospect Theory: Perception of Probability in Decision-Making 

Prospect theory, proposed by Kahneman and Tversky [21], is considered one of the best descriptive 
models of how users evaluate the probability of an outcome [54]. Prospect theory describes two key 
characteristics of human decision-making: the response to probability is non-linear, and subjective 
value is not directly proportional to objective gains or losses. Kahneman and Tversky [21] showed 
this empirically through decision-making experiments. They later extended it as cumulative prospect 
theory [5]. 

𝑊(𝑃)𝑉(𝑋) + [1 − 𝑊(𝑃)]𝑉(𝑌)  

In this formula, “V” represents the subjective value function, and “W” represents the probability 

weighting function. “P” is the probability of an outcome, “X” is the value of that outcome, and “Y” is the 

value of the alternative outcome (which occurs with probability 1-P).  

The experiments about prospect theory have been tested in many studies [3, 23], and Ruggeri et al. 

[40] also reported that they were replicable on a large scale with minimal demographic information bias. 

In prospect theory, various models of the probability weighting function have been proposed to 

explain quantitatively the non-linear nature of people's responses to probability. The most common 

model is Tversky and Kahneman (1992) [5], who proposed cumulative prospect theory. The 

approximate shape of the function in Fig. 1 is characterized by an inverse S curve, which means that 

users perceive low probability of outcome as high and high probability of outcome as low; the closer the 

value of γ approaches 1, the closer it approaches linear. Also, the crossover point is between .3-.4,  

and asymmetry is evident. 

𝑊(𝑝) =
𝑝𝛾

[𝑝𝛾 + (1 − 𝑝)𝛾]1/𝛾
  

…Tversky and Kahneman (1992) mode

l [5] 

 

Here, “γ” is a parameter that governs the curvature of the probability weighting function. As shown in 

Fig. 1, values of γ < 1 produce the characteristic inverse S-shape, indicating how strongly the subjective 

weight “W(p)” deviates from the objective probability “p”. 
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Fig. 1. The probability weighting function proposed by Tversky and Kahneman (1992) [5]. γ 
=.4, .5, .6, .7, .8. The horizontal axis is the actual probability. The vertical axis is psychologically 
weighted probability. 
 
Many researchers have attempted to identify the probability weighting functions. Typical ones are as 
follows: 

W(𝑃) = exp[−(−log(𝑃))a] …Prelec (1998) model (a) [24]  

W(𝑃) = exp[−k(−log(𝑃))a] …Prelec (1998) model (b) [24] 

W(𝑃) =
3 − 3b

a2 − a + 1
 (𝑃3 − (a + 1)𝑃2 + aP) + P …Rieger and Wang (2006) model [45] 

𝑊(𝑃) =
𝛿𝑝𝛾

𝛿𝑃𝛾 + (1 − P)𝛾   
…Gonzalez and Wu (1999) model 

[57] 

In these models, the parameter “a” and “b” controls the curvature, and the parameter ”k” in Prelec 
(1998) model (b) adjusts the elevation of the function. 

The approximate shapes of these functions have characteristics similar to those of the Tversky and 
Kahneman (1992) model. The following is a brief introduction to the characteristics of each. The 
Prelec (1998) model [24] is a model derived from mathematical assumptions that are considered 
natural in expressing decision-making under uncertain circumstances and  is one of the most 
frequently cited models [54]. The Rieger and Wang (2006) model [45] is a function that attempts to 
overcome the problems of the Tversky and Kahneman (1992) model. Concretely, it is non-
monotonically increasing for γ<.25, and when the number of alternatives diverges to infinity, the 
prospect also diverges [55]. The Gonzalez and Wu (1999) model [57] is a function of the Tversky and 
Kahneman (1992) model with additional parameters. The added parameter δ was given the 
psychological meaning of "attractiveness", and γ was given the psychological meaning of 
"discrimination" to interpret the probability of an outcome. In addition, Gonzalez and Wu [57] relaxed 
several restrictive assumptions and introduced a parametric estimation method for the weighting 
function. In this paper, we referred to this estimation method (the details of the algorithm are 
described in Section 4.1.5). This allows us to quantitatively show the deviation between the accuracy 
perceived by users and the actual accuracy. 

3  EXPERIMENT 1: Applicability of prospect theory to decision-making driven by AI 

accuracy (RQ1) 

3.1  Experimental Design 

3.1.1 Research Focus of Experiment 1.  Experiment 1 aimed to investigate whether prospect theory 
can serve as a descriptive model of AI-based decision-making when the AI accuracy is explicitly stated 
(RQ1) and lays the groundwork for the quantitative estimation in Experiment 2. Before proceeding 
to the quantitative estimation of the probability weighting function (Experiment 2), it is valuable to 
empirically validate whether the fundamental decision-making patterns predicted by prospect theory, 
such as framing effects and reflection effects, also emerge when people make decisions based on 
stated AI accuracy rather than conventional outcome probabilities.  

We recruited participants and tested prospect theory’s applicability with a task adapted from 
Ruggeri et al. [40], which itself builds on Kahneman and Tversky [21]. The study was approved by the 
Institutional Review Board (IRB) of the first author’s institution (the approval number: 人 05-065). 
 
3.1.2  Task.  We referred to Ruggeri et al. [40], who conducted a modified version of the task 
developed by Kahneman and Tversky [21], adjusted to fit the experiment. The task consisted of 24 
questions in which participants had to choose between two investment options, labeled Option A and 
OptionB (Table 1). These labels 'A' and 'B' simply refer to the order of presentation (the first or second 
option). For example, participants were asked which of the following they prefer: "(A) If you follow 
AI that gets it correct in 33%, you have a chance of gaining US$5000. However, 0 if it misses." "(B) If 
you follow AI that gets it correct in 34%, you have a chance of gaining US$4,800. However, 0 if it 
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misses." This task does not require any special expertise from the participants. The base amount in 
US$ for the choices was adapted from Ruggeri et al. [40]: the original work generated choices based 
on a median net household income of 3000 Israeli pounds per month in Israel at the time, so we used 
US$6,000 as the base amount, referring to the current United States of America. For the questions, we 
followed Ruggeri et al. [40] and adopted only questions directly related to money in this study and 
omitted the travel- and insurance-related items (original Q5, Q6, Q9 in [21]). In addition, we excluded 
Q1 and Q13 ([21]), which are options that contain more than three probability presentations that are 
difficult to adapt to the scenario of stated AI accuracy. 

In addition, the raw percentages "20%" and "80%" themselves could affect user perception of 
accuracy when fitting "(A) 20% chance of US$8,000 (80% chance of 0) (Q4)" as AI accuracy to this 
study [12, 14, 18, 30, 49]. As such, the participant's perception of the choices is a "decision frame" [4]. 
Therefore, we designed two types of positive (expressed AI accuracy as correct)/negative (expressed 
AI accuracy as incorrect) questions with the same meaning options as follows and had them answered 
by the participants: for example, "(A) If you follow AI that gets it correct in 20%, you have a chance 
However, 0 if it misses. (Q3)" and "(A) If you follow AI that gets it incorrect in 80%, you have a chance 
of gaining US$8,000. However, 0 if it misses. (Q16)". 
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Table 1.  Decision-making questions. 

This 
pape
r 

[40] Items Options (A or B) 

Q1 Q2 Which option do you prefer? A(correct .33, +5000; 0) 
B(correct .34, +4800; 0) 

Q2 Q3 A(correct .8, +8000; 0) 
B(Certainty +6000) 

Q3 Q4 A(correct .2, +8000; 0) 
B(correct .25%, +6000; 0) 

Q4 Q5 A(correct .45, +12000; 0) 
B(correct .9, +6000; 0) 

Q5 Q6 A(correct .001, +12000; 0) 
B(correct .002, +6000; 0) 

Q6 Q7 A(correct .2, 0; -8000) 
B(Certainty -6000) 

Q7 Q8 A(correct .8, 0; -8000) 
B(correct .75, 0; -6000) 

Q8 Q9 A(correct .55, 0; -12000) 
B(correct .1, 0; -6000) 

Q9 Q10 A(correct .999, 0; -12000) 
B(correct .998, 0; -6000) 

Q10 Q11 Imagine you are playing a game with two 
levels, but you have to make a choice about 
the second level before you know the 
outcome of the first. On the first level you 
win following the AI, which wins by 25%, 
you can proceed to the second level. 
However, if you lose the game, the game 
ends with nothing gained. 

A(correct .8, +8000; 0) 
B(Certainty +6000) 

Q11 Q12 Imagine we gave you US$ 1,000 correct 
now to play the game. Which option would 
you prefer? 

A(correct .55, add+2000; 0) 
B(Certainty add+1000) 

Q12 Q13 Imagine we gave you US$ 2,000 correct 
now to play the game. Which option would 
you prefer? 

A(correct .5, 0; -2000) 
B(Certainty -1000) 

Q13 Q16 Which option do you prefer? A(correct .001, +10000; 0) 
B(Certainty +10) 

Q14 Q17 A(correct .001, 0; -10000) 
B(Certainty -10) 

Q15 Q3 A(correct .2, +8000; 0) 
B(Certainty +6000) 

Q16 Q4 A(incorrect .8, +8000; 0) 
B(incorrect .75, +6000; 0) 

Q17 Q5 A(incorrect .55, +12000; 0) 
B(incorrect .1, +6000; 0) 

Q18 Q6 A(incorrect .999, +12000; 0) 
B(incorrect .998, +6000; 0) 

Q19 Q7 A(incorrect .8, 0; -8000) 
B(Certainty -6000) 

Q20 Q8 A(incorrect .2, 0; -8000) 
B(incorrect .25, 0; -6000) 



Human Misunderstanding of Stated AI Accuracy: Exploring Over- and Under-Reliance through the 

Lens of Prospect Theory  9 

 

Q21 Q9 A(incorrect .45, 0; -12000) 
B(incorrect .90, 0; -6000) 

Q22 Q10 A(incorrect .001, 0; -12000) 
B(incorrect .002, 0; -6000) 

Q23 Q16 A(incorrect .999, +10000; 0) 
B(Certainty +10) 

Q24 Q17 A(incorrect .999, 0; -10000) 
B(Certainty -10) 

NOTE: Correspondence between the option sentences used in the experiment and the notation in the 
table as follows: 

・(correct .x, +y; +z): If you follow AI that gets it correct in x%, you have a chance of gaining US$y. 

However, US$z if it misses. 
・(incorrect .x, +y; -z): If you follow AI that gets it incorrect in x%, you have a chance of losing US$y. 
However, if it misses, you lose US$z. 
・(Certainty +y): Certainty of gaining US$y. 
 
3.1.3  Participants.  Amazon Mechanical Turk was used to obtain responses from 100 people living 
in the United States of America. Screening was then conducted, and finally, 91 responses (31 female, 
60 male) were included in the analysis. The mean age was 45.6 years (SD = 11.7). The target sample 
size was 88 people because it is required to show that the bias in the response results was not due to 
chance (the number of "88" was calculated using G*Power [28] with a chi-square test, medium effect 
size W=.3, α=.05, power=.8). Furthermore, this sample size exceeded the minimum sample size of 
Kahneman and Tversky [21] of 64 respondents. The reason for collecting data on people living in the 
United States of America was to control the currency used in the task. They received US$1.70 as a 
reward. 

Recruitment and screening followed this procedure. Participants were limited to good-quality 
respondents living in the United States of America by the filtering capabilities provided by Amazon 
Mechanical Turk (i.e., Master Worker). However, there is some discussion about the reliability of 
crowdsourcing data; Amazon Mechanical Turk has reported worsening data quality since 2018, which 
can be reduced through screening [50]. Therefore, referring to the procedures performed by Amazon 
Mechanical Turk in a related study [46, 50], we performed several screenings in this study. 
Specifically, we checked (1) consistency between Amazon Mechanical Turk filters and self-reported 
data, (2) completion of all consent items, and (3) unusually fast completion times. So we excluded the 
following respondents from the survey: 1) inputted No-United States of America in the question on 
Location, even though the recruitment was limited to United States of America (nationals), 2) did not 
check all of the consent items regarding ethics review, 3) had an extremely short time to work on the 
task (lowest limit time 183s: [Median] – [Standard Deviation] [40]). From the above, we excluded as 
many respondents as possible who were assumed to have worked dishonestly. 
 
3.1.4 Procedure. After agreeing to the ethical review items about this study, participants received 
the following explanation: AI in this experiment refers to a predictive model that only provides the 
user with the answers to the questions and the AI accuracy. For example, answers include the name 
of the patient's disease or what they can earn by investing in what. There is no explanation as to why 
AI gives those answers. AI accuracy is also assumed to be the percentage of correct answers that AI 
has given in its past observational data holdings. Thus, the stated AI accuracy may differ from the true 
base-rate probability of the event. However, the amount of money stated and the amount of money 
actually gained by the selected option are definitely equal. There is no correct answer to the questions. 
In addition, to avoid misreading the question words, the "correct/incorrect" and the "gaining/losing" 
expressions were informed before working on the question, and these were presented in bold in the 
words. 
 
3.1.5 Evaluation Protocol. To answer RQ1, our analysis protocol for Experiment 1 is designed to 
examine two fundamental predictions of prospect theory. 

First, we test whether classic prospect theory patterns can be replicated in the context of stated AI 
accuracy. Specifically, we analyze the choice percentages for each question (Q1–Q14, which use the 
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positive “correct” framing) and compare them with the results from the original probability-based 
study by Ruggeri et al. (2019) [40]. The rationale for this comparison is to examine whether decision-
making based on “stated AI accuracy” (our study) behaves similarly or differently to decision-making 
based on “outcome probabilities” (previous work). If the choice patterns in our experiment, such as 
which option is preferred in each scenario, align with those reported in the probability-based setting, 
this would provide initial evidence that prospect theory is a suitable descriptive model for our context. 
We assess this replication by testing, for each question, whether the proportion of participants 
choosing Option A or B differs significantly from the 50% chance level using chi-square tests. 

Second, we test for framing effects induced by describing options in terms of “correct” versus 
“incorrect” AI outputs. Prospect theory posits that choices are systematically influenced by how 
options are framed (e.g., gains vs. losses), even when their expected values are equivalent [12, 14, 18, 
30, 49]. In our setting, this corresponds to framing options in terms of correctness (“correct 80%”) 
versus incorrectness (“incorrect 80%”). To examine this, we conduct pairwise comparisons between 
questions that share identical expected values but differ only in framing (e.g., Q3 “correct 80%” vs. 
Q16 “incorrect 80%”). We use the McNemar test to determine whether changing the frame 
significantly alters participants’ choice preferences. Together, these analyses allow us to characterize 
whether and how decision-making based on stated AI accuracy exhibits the core decision patterns 
associated with prospect theory. 

3.2 Results 

After screening, the median response time for the 91 data was 525s (SD = 334.5). For those data, we 
examined how well each item in the task matched the results of the original paper's choices. To ensure 
uniformity in how all items were expressed, we targeted questions (Q1-Q14) with only positive 
expression choices (x% correct AI). A chi-square test examined the proportion of the outcome of each 
item choice “to test whether the observed choice proportions differed from the 50 % chance level. 
The results are shown below (Figure 2). The items designed to replicate prospect theory (Q1-Q14) 
significantly differed in the same choice tendency as prospect theory, except for Q7 and Q13. However, 
Q7 was not significantly different in the related studies [40], and Q13 had a marginally significant (p 
= .062). In other words, the tendency to significantly choose A or B was compared and replicated by 
“12 of 13 items (92 %) matched Ruggeri et al.’s findings [40]. 
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Fig. 2. Result of choices. ＊ P<.05, ＊＊ P<.01, ＊＊＊ P<.001. The closer to 100%, the more 
participants chose A.  The bold black lines highlight 50%. 
 

In addition, we compared each paired item with a McNemar test to understand how preferences 
are affected by the correct and incorrect expression of the AI statements (Figure 3). Q3 vs Q16 (χ2(1) 
= 8.76, p=.003), Q4 vs Q17 (χ2(1) = 19.12, p<.001), Q7 vs Q20 (χ2(1) = 7.53, p=.006), Q8 vs Q21 (χ2(1) 
= 13.40, p<.001), there was a significant difference. In the Gaining condition, the negative wording 
(Incorrect condition) made respondents "more inclined to choose A", and conversely, in the Losing 
condition, the negative wording (Incorrect condition) made them "less likely to choose A". On the 
other hand, no significant differences were found in Q2vsQ15, Q5vsQ18, Q13vsQ23, Q6vsQ19, 
Q9vsQ22, and Q14vsQ24. 
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Fig. 3. Comparison of correct and incorrect statement expressions (different expression and same 

meaning). ＊＊P<.01, ＊＊＊P<.001. The closer to 100%, the more participants chose A. 

3.3  Discussion 

The results of Experiment 1, as we expected, were a 92% agreement with the choice tendencies of 
related studies [40], empirically showing that "a human's response to probability is not linear" and 
"the magnitude of value to a human is not proportional". It is likely to be described by prospect theory 
(RQ1).  This can lead to some properties of prospect theory also possessing in the decision-making 
that presents its accuracy to the user. 

Moreover, the results showed that differences in the expression of two statements with the same 
meaning in correct and incorrect expressions, such as an AI that answers correctly 80% and an AI 
that answers incorrectly 20%, affect user reliance on AI. For both gaining and losing statements, the 
decision frame appears to make the users willing to choose the one with the stated higher accuracy. 
This effect did not work when the probability of either option was extremely high/low (99.9% or 
certain in the experiment 1). Higher apparent AI accuracy could potentially induce the user to choose 
the option. In detail, under the Gaining condition, some decision-makers, who were willing to take 
lower profits with higher accuracy, were shifted to take higher profits with lower accuracy when it 
came to the "Incorrect" expression from the results of Q3vsQ16 and Q4 vs Q17. In the Gaining 
condition, the "Incorrect" expression encouraged decision-makers to prefer choices with low 
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accuracy and high gains. That is, a get-rich-quick effect occurred. On the other hand, under the Losing 
condition, those, who preferred greater loss avoidance with higher accuracy in the "Correct" 
expression, shifted to prefer lower loss avoidance with lower accuracy in the "Incorrect" expression 
from the results of Q7vsQ20 and Q8vsQ21. That is, a loss aversion effect occurred.   

4  EXPERIMENT 2: Estimating the probability weighting functions for AI accuracy 

(RQ2).  

4.1  Experimental Design 

4.1.1 Research Focus of Experiment 2.   Experiment 2 aimed to estimate how stated AI accuracy is 
quantitatively perceived by users, by approximating the probability weighting function for AI 
accuracy (RQ2). To answer this, Analyses 1 and 2 were conducted using a task that simulates AI-based 
decision-making. Analysis 1 estimated the psychological weights of eleven accuracy levels, (Pi, W(Pi)). 
Analysis 2 used the estimated (P, W(P)) to examine its fit to the existing probability weighting 
function. The study was approved by the IRB of the first author’s institution. 
 
4.1.2 Task.   The task was conducted with Japanese participants; therefore, we adopted the 
modified Japanese version task by Takemura and Murakami [41] based on Gonzalez & Wu [57]. In the 
context of investment, we stated an investment opportunity based on AI (stated AI accuracy and 
payoff obtained when following it) and asked the participants to report on a Certainty Equivalent (CE) 
value (JPY) against it (Figure 4). CE is the “certain” amount of money that can be obtained with the 
same level of satisfaction as an investment with risk (uncertainty), and the participants were able to 
choose CE from a 4% interval. For example, when participants were stated with an investment 
opportunity that stated, “you may gain JPY 2,500 by following an AI with 40% accuracy, but 0 if it 
misses,” they reported the amount of CE that would provide the same level of satisfaction as executing 
this investment. This task does not require any special expertise from the participants.  

174 questions were conducted in total, and 165 questions (15 outcome levels, 11 probability levels) 
were used as data for estimation, with the remaining 9 questions being randomly selected duplicates 
of the 165 questions and used for reliability analysis of the participants' data. Referring to previous 
studies [41], we stated AI accuracy P = (0.01, 0.05, 0.1, 0.25, 0.4, 0.5, 0.6, 0.75, 0.9, 0.95, 0.99) and 
outcome level (JPY) = (2,500-0, 5,000-0, 7,500-0, 10,000-0, 15,000-0, 20,000-0, 40,000-0, 80,000-0, 
5,000 -2,500, 7,500- 5,000, 10,000-5,000, 15,000-5,000, 15,000-10,000, 20,000-10,000, 20,000-
15,000) to estimate the function of psychological weighting (W(P)).  
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Fig. 4. Task format and example answer. AI accuracy P=0.4, outcome level (JPY) = 2,500-0.  
 
4.1.3 Participants.   Twenty graduate students (5 female and 15 male) recruited from the authors' 
institution in Japan participated (Mean age = 24.7, SD = 1.5).  They completed four 1-hour sessions 
and received JPY 4,000. This number of participants exceeded the 10 in the previous study [57].  

Participants completed a modified version of the Propensity to Trust scale [53]. The results 
indicated that participants generally had moderate trust in AI (Mean = 2.95, SD = 0.70 on a 5-point 
Likert scale). 
 
4.1.4 Procedure.   The fundamental experimental procedure was the same as in Experiment 1. That 
is, after agreeing to the ethical screening items, participants were explained as follows: the definition 
of AI and taught that the accuracy was calculated from the percentage of correct answers in their 
possessed past observation data, which may differ from the actual probability, but the amount 
obtained was invariant.  
The task was then done for a total of approximately 4 hours (1 hour/section, 4 sections in total). 
Participants took a 20-minute break after each section and conducted two sections per day, working 
on the task for two days. 
 
4.1.5 Analysis.   The reliability of the collected data was analyzed by the results of 9 repeated 
questions, using data with an intraclass correlation coefficient (ICC (1,2)) of 0.7 or higher. The 
analysis was conducted in two stages. 

In Analysis 1, the probability weighting function is estimated using the median of the 165 Certainty 
Equivalent (CE) data of the collected participants. The estimation algorithm was developed by 
Gonzalez and Wu [57]. This algorithm assumes certainty equivalents (V(CE)=W(P)V(X)+ [1-
W(P)]V(Y)) and does not assume the probability weighting function, has both parametric and non-
parametric. Concretely, it is the following [57]: 

＜

AI Accuracy→

Not following the AI when 
the amount certain to be 
gained is 1300-2500.

Following the AI when 
the amount certain to be 
gained is 0-1200.

Data to be collected 
from participants.

(Certainty Equivalent)
＝(1300+1200)/2
＝1250
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Step 1: Using the 8 outcome levels (2,500, 5,000, 7,500, 10,000, 15,000, 20,000, 40,000 and 
80,000), the value function V( ) is estimated and Vi (CE) is calculated from the V( ) estimates. The 
165 Vi(CE) calculated are used as data in the estimation of steps 2 and 3. 
Step 2: Fix the value of the value function V( ) and estimate the 11 levels of the probability 
weighting function Wi( ). 
Step 3: Fix the value of the probability weighting function W( ) and estimate the 8-level value of 
the value function Vi ( ). 
Step 4: Stop at the optimal solution. Otherwise, repeat from step 1. 
Note that, as in previous studies [41, 57], the initial seed was assigned to the model derived by 
Tversky and Kahneman [5]. "i" is the number of repetitions. 

 
In Analysis 2, the fit to some representative probability weighting functions in previous studies was 

investigated to explore the approximate shape of the probability weighting functions for AI accuracy 
pecifically, (P, W(P)) was input to the existing proposed model, and one or two parameters of each 
were estimated using a non-linear least squares method. 
Note that in both analyses 1 and 2, the SciPy in Python library was used. 

4.2  Results 

4.2.1 Collected data.  To measure the reliability of each participant's data, the intraclass correlation 
coefficient ICC (1,2) was calculated using the 9 CE that were stated repeatedly. The median intraclass 
correlation coefficient was 0.97, and the minimum was 0.74, and all participants had ICC values of 
0.70 or higher, so all data were included in the analysis. The overall correlation coefficient between 
Gonzalez and Wu's data (median CE) [57] and our data from this experiment (median CE) was 
significantly, very strongly positively correlated, so the agreement between AI accuracy and the 
probability of outcome was very high (r=.914, P<.0001). 
 
4.2.2  Analysis 1.  The black plot in Figure 5 shows the estimation result. Similar to the decision-
making based on the probability of outcome in the previous study, the estimated curve is inversely S-
shaped and monotonically increasing. It also shows that low AI accuracy is perceived as high and high 
AI accuracy as low. The crossover point is also around P=.5 (less than .5). 
 
4.2.3 Analysis 2.   To examine the fit of the psychological weighting AI accuracy (Pi, W(Pi), i=11) 
estimated in Analysis 1 to existing models (Tversky and Kahneman (1992) model, Prelec (1998) 
model (a), Prelec (1998) model (b), Gonzalez and Wu (1999) model, Rieger and Wang (2006) model), 
the respective parameters were estimated by a non-linear least squares method in order to test their 
fit. In the result, all R2 are also very high, indicating that the data fit each model well. (Table 2). 
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Fig. 5. Estimation of the probability weighting functions for AI accuracy. The horizontal axis is AI accuracy 

stated to users. The vertical axis is psychologically weighted probability (AI accuracy). 

Table 2. Estimating parameters of existing models. 

 Tversky 
and 
Kahneman 
(1992) 
model 

Prelec 
(1998) 
model (a) 

Prelec 
(1998) 
model (b) 

Gonzalez 
and Wu 
(1999) 
model 

Rieger and 
Wang 
(2006) 
model 

Parameter 1 γ = 0.751 a = 0.714 a = 0.709 γ = 0.694 a = 0.460 
Parameter 2 - - k = 0.965 δ = 0.936 b = 0.549 
R2 0.994 0.993 0.994 0.995 0.990 
 

4.3  Discussion 

The findings of Experiment 2 showed the features of user perception of AI accuracy in AI-based 
decision-making. For small amounts of investment, the probability weighting function had a similar 
approximate shape with an inverted S-shape as in the related studies (RQ2). This implies that users 
tend to estimate the stated low AI accuracy higher and the high AI accuracy lower. Low stated 
accuracy may foster over-reliance, whereas high stated accuracy may lead to under-reliance. 
Moreover, focusing on the marginal rate, it is possible that a higher/lower accuracy is more sensitive 
to changes in accuracy than a medium accuracy.  

We compared and interpreted the probability weighting functions obtained in our experiment with 
those of previous studies. Tversky and Kahneman's (1992) model reported γ = .61, which ranged 
from .50 to .96 according to a survey of parameters between 1992 and 2006 by Stott [35]. In addition, 
γ = .63 in an experiment by Takemura and Murakami [41] in Japan. In the results of our experiment, 
γ = .751, the value that does not deviate from previous studies of decisions based on the probability 
of outcome. The value of the coefficient of determination is high (R2 = .994), which has high 
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explanatory power. In the context of human-AI collaboration where accuracy is not stated, the model 
of Cockburn et al [9] reported γ = .35. In situations where AI accuracy is not stated, users often make 
estimates based on their observations (evaluating the performance of AI based on the results), 
possibly leading to a larger psychological weighting of accuracy compared with situations where it is 
stated. In other words, stated AI accuracy may reduce perceptual distortions. Therefore, presenting 
AI accuracy may be a useful way of informing users about the capabilities of AI. 

5  GENERAL DISCUSSION 

Our findings provided fundamental insights into the cognitive aspects of how users distort AI 
accuracy assessments and how this distortion shapes their reliance behavior. This paper applies 
insights from decision theory and behavioral economics to the field of HCI, and contributes to future 
designs that support human-AI collaborative decision-making. 

For RQ1, users are likely to evaluate stated AI accuracy in a way that is similar to the probability of 
outcomes, and prospect theory can describe decision-making driven by AI accuracy. Thus, this finding 
opens the door to applying various findings in behavioral economics derived from prospect theory to 
human-AI collaboration [e.g., 34]. 

For RQ2, the average user tended to underestimate high AI accuracy and overestimate low AI 
accuracy. This finding is consistent with the results of previous studies on the perception of the 
probability of outcomes [5, 35, 41, 57] in the approximate shape of the probability weighting function. 
Additionally, in situations where the AI accuracy is not stated, perceptual distortion is greater when 
accuracy is not disclosed than when it is, confirming previous work [52].  

In sum, we suggest that, when reliable and well-calibrated estimates of AI performance are 
available, presenting such accuracy information is a meaningful component for supporting more 
appropriate reliance in human-AI collaborative decision design. Our findings, however, should not be 
interpreted as recommending that any single accuracy value derived from a limited or outdated 
dataset be presented without qualification. Moreover, integrating our findings, we discuss the design 
implications for calibrating reliance on AI. 

5.1  Design Implications 

We recommend a mixed approach of stated AI accuracy to users and cognitive forcing interventions 
as a strategy for calibrating reliance on AI. As our findings indicate, we recommend presenting a 
reliable and well-calibrated statement of AI accuracy to users, but users tend to misperceive AI 
accuracy, creating a gap between perceived and stated accuracy. Therefore, we propose using 
cognitive forcing interventions to address this gap. Based on our insights, we discuss this mixed 
approach, particularly the timing of providing additional support and specific methods for calibrating 
reliance. 

This paper provides insights into the timing of additional support, such as cognitive forcing 
interventions, corresponding to the accuracy stated to users for promoting appropriate reliance. 
Previous works have aimed to control reliability by providing additional explanations about AI [e.g., 
34, 67]. In general, to achieve effective human-AI collaboration, support should be delivered precisely 
when reliance is mis-calibrated—that is, suppress over-reliance and foster trust when under-reliance 
occurs. According to our findings, the average users tend to underestimate when AI accuracy is high 
and overestimate when AI accuracy is low, so we recommend providing explanations that increase 
reliance on AI when AI accuracy is high, and explanations that suppress reliance on AI when AI 
accuracy is low. Furthermore, one concrete implementation is to personalize interventions by first 
eliciting each user’s subjective weighting curve, following the procedure in [9] and in this study. That 
is, personalization that uses users' perceived gaps as initial values or dynamically updates those 
parameters may be effective for calibrating the appropriate level of reliance. For example, this may 
be one strategy for considering what control methods (additional explanations) to use and when to 
use them. 

As a specific method of calibrating reliance, cognitive forcing interventions have been proposed in 
previous studies, and in addition, methods based on behavioral economics may be a useful tool for 
adjusting reliance levels. In particular, our additional findings demonstrate a frame effect: By 
changing the expression from AI accuracy rate to error rate, we observed the “get-rich-quick” and 
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“loss aversion” effect. The results suggest that differences in AI accuracy frames can influence 
decision-making. This pattern lends itself to a nudge-based approach [17, 59]. The nudge is a method 
of changing human behavior through subtle changes in "choice architecture". This method has been 
actively adopted in HCI, as it is low-cost and achieves significant effects [6, 48, 51]. The results of this 
paper lead to the adaptability of the nudge approach of AI-based decision-making in AI accuracy 
decision frames. This implies that system researchers and developers can potentially calibrate the 
reliance of AI based on accuracy by changing the apparent AI accuracy description. However, nudges 
typically lose effectiveness over time as users habituate [6]. When actually implementing the system, 
it is important to balance the way positives and negatives are stated so that the nudge approach does 
not wear out. It is important to convey information in a way that does not confuse decision-makers 
but does not make them accustomed to the AI-accurate presentation method. 

On the other hand, we believe that ethical considerations should be made even in the context of AI-
based decision-making, as changing the preferences of decision-makers. Changing preferences 
toward AI suggestions using decision frames also imposes ethical responsibilities on developers and 
operators of AI systems, and they should be cautious when incorporating them into their designs [10, 
15, 39]. We consider that it is vital to remember the "transparency" that informs people that decision 
frames will be used to encourage appropriate reliance and the "freedom of choice" that leaves the AI 
and its providers unenforceable against AI predictions [58]. In other words, as Thaler [59] also points 
out, it must not be a "sludge", which is abuse. Since users have little opportunity to understand the 
internal structure of an AI model, its developers and operators must be honest with them [52]. For 
developers and operators providing AI, future work should develop ethical AI guidelines for system 
design that influence mental models, including decision frames.  

5.2  Limitations 

This study has several limitations that future research should address. Referring to previous studies 
[5], we estimated the probability weighting functions for AI-based decision-making in a small 
investment task. It should be noted that this approximate shape varies depending on the context. So, 
we understand that this experiment is not realistic decision-making in some respects because the 
primary goal was to estimate prospect-theoretic parameters. While we acknowledge that this 
hypothetical setup may lack the ecological validity of interacting with an actual AI system, we 
prioritized internal validity to establish a precise theoretical baseline. Using a real AI system 
introduces confounding variables, such as the specific timing of errors or the user's fluctuating trust 
based on trial-by-trial performance, which would make it difficult to isolate the pure perceptual 
weighting of the stated accuracy value itself. It is essential to compare our findings with results from 
experiments involving actual AI systems in more realistic tasks in future work, using our model as 
one of the findings. Moreover, our study lacks the modeling of individual user factors. In real usage, 
for example, user confidence, skill level, domain expertise, and context may affect reliance on AI [20, 
33, 36, 38, 60].  In addition, individual traits such as risk preferences (e.g., risk-averse or risk-
seeking) are likely to significantly influence reliance patterns.  If such parameters can be added and 
have a psychological interpretation to them, as in the Gonzalez and Wu (1999) model [57], it may be 
possible to understand the various factors of users. Therefore, future work should collect richer 
individual-level measures and investigate how they interact with stated AI accuracy in shaping 
reliance. Such analyses would help explain heterogeneous reliance patterns and inform the design of 
more personalized human–AI decision support systems. 

Also, the robustness of whether dynamic AI usage also serves as a descriptive model for AI-based 
decision-making by prospect theory requires attention [33, 38, 43]. We consider that further 
investigation, particularly into the potential changes in these effects with the use of dynamic AI in the 
medium to long term [42, 43], could yield significant insights. More detailed experiments and analysis 
could help us understand these dynamics better and potentially propose more effective methods of 
controlling reliance on AI.  

Finally, this experiment did not incorporate performance-based incentives (e.g., a monetary bonus 
linked to investment outcomes). It should be noted that this lack of incentives may have reduced 
participants' engagement in and motivation for serious decision-making. 

6 CONCLUSIONS 
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This paper aimed to understand how users perceive the AI accuracy stated to them. Previous work 
has reported that even when users are presented with AI accuracy, they do not adopt AI suggestions 
at the level of it.  To clarify how effectively stated accuracy calibrates reliance, we focused on its 
cognitive underpinnings, that is, on how users quantitatively interpret stated AI accuracy. Using 
prospect theory, we describe how decision-making varies with AI accuracy and, by identifying the 
probability weighting function, show that users tend to underestimate high accuracy and 
overestimate low ones. In addition, within-participant experiments showed that differences in the 
wording of two statements (Correct/Incorrect), such as "AI that answers correctly 80% and AI that 
answers incorrectly 20%", can affect user reliance on AI. We believe that the findings will provide 
developers and researchers of AI-assisted human-centered systems with a descriptive model of AI-
based decision-making and a reliance control method with a decision frame of AI statements and 
contribute to their design of human-AI collaboration systems.  
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