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Despite the increasing proliferation of Generative Artificial Intelligence (GenAl), sys-
tems like large language models (LL.Ms) can sometimes present misleading or false
information as true — a problem known as "hallucinations." As GenAl systems be-
come more widespread and accessible to the general public, understanding how Al
literacy influences advice-taking from imperfect GenAl advice is crucial. Drawing on
the correspondence bias, we study how individuals with varying Al literacy levels re-
act to GenAl providing bad advice. Gathering empirical evidence through an online
programming experiment, we expect Al-literate individuals to take less advice while
receiving an error but relatively more advice in future tasks. We outline how corre-
spondence bias can explain these variations, reconciling mixed findings of prior stud-
ies on Al literacy. Our research thus contributes a holistic perspective on the beneficial
mistrust through Al literacy to education, integration, and evaluation programs of Al,

highlighting the dangers of naive evaluation strategies.
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1 Motivation

Advances in Artificial Intelligence (Al), particularly Generative Al (GenAl), are fueling its increasing
use among programmers and knowledge workers (e.g., Surameery and Shakor 2023; Dell’ Acqua et al.
2023). GenAl refers to Al systems that create new content, such as text, images, or code, by learning
from existing data (OpenAl 2024). However, these systems are not flawless and can produce misleading
or false information, known as "hallucinations" (Maynez et al. 2020). When encountering such "bad
advice," users may attribute it to situational factors (e.g., insufficient context in the prompt) or dispo-
sitional factors of the GenAl (e.g., model limitations). Such attributions are crucial as they influence
advice-taking both while receiving bad advice (task t) and in future tasks (task t+1).

Al-based systems have become more user-friendly, making them accessible not only to Al experts
but also to individuals from different backgrounds (Maedche et al. 2019). As a result, the literature
suggests that individuals require new competencies to effectively engage with Al, commonly referred

to as Al literacy (Long and Magerko 2020). Al literacy refers to a "set of competencies that enables



individuals to critically evaluate Al technologies; communicate and collaborate effectively with Al; and
use Al as a tool online, at home, and in the workplace" (Long and Magerko 2020, p.2). Enhancing indi-
viduals’ Al literacy enables them to align their evaluation of Al’s appropriateness with their delegation
of decisions to Al (Pinski et al. 2023). For instance, understanding the rationales behind Al output as one
competency linked to Al literacy is crucial for appropriate interaction and dealing with the inscrutability
of Al (Asatiani et al. 2021; Lebovitz et al. 2021). Therefore, gaining a deeper understanding of individu-
als’ interactions with Al-based tools is imperative to mitigate potential negative outcomes in case of bad
advice from an Al (Benbya et al. 2021).

However, there are mixed results regarding the direct effects of Al literacy on advice-taking. Devel-
oping the ability to question, explain, and understand an AI’s activities is crucial for building trust in Al
(Martin 2019), which is positively related to advice-taking. Yet, Al literacy can also reduce individuals’
willingness to use Al in the future (Pinski et al. 2023). Individuals with a limited understanding of Al are
more likely to overestimate the intelligence of Al (Ehsan et al. 2021) due to unrealistic expectations (Di-
etvorst et al. 2015), which can also increase advice-taking. Thus, we aim to investigate how Al literacy
influences advice-taking.

While expectations in GenAl grow, particularly for enhancing productivity in domains such as pro-
gramming (Peng et al. 2023), Al is not free from errors and can create bad advice (Lebovitz et al. 2021).
In contrast to prior technologies, detecting and fixing bad advice from GenAl, such as hallucinations,
remains an ongoing research frontier (Berente et al. 2021; Ji et al. 2023). Thus, we are interested in
advice-taking while receiving bad advice (task t). Blindly following advice can be problematic if an
Al’s advice fails to meet the users’ expectations (Stieglitz et al. 2023). As with any setback, individuals
naturally seek to understand the reasons behind the event (Heider 1958). Bad advice attributed to the
competencies of the advisor can lead to a quick reputation loss of the advisor and thereby decrease fu-
ture advice-taking (Yaniv and Kleinberger 2000). Therefore, we are also interested in how individuals’
Al literacy influences future advice-taking (task t+1) due to different causal attributions of a GenAl’s
hallucination. Thus, we aim to answer the following research question:

What is the influence of Al literacy on individuals’ advice-taking behavior while receiving bad
GenAl advice and their advice-taking behavior in future tasks?

To address our research question, we build on the correspondence bias, suggesting that individuals
attribute bad advice to dispositional factors (e.g., GenAI’s model) rather than situational factors (e.g.,
forces external to the GenAl such as a prompt missing context details) (Gilbert and Malone 1995).
We will conduct an online programming experiment, extending the quantitative results with qualitative
insights on the correspondence bias (Reis et al. 2022). First, we will investigate individuals’ advice-
taking while receiving bad advice from GenAl (task t) and how they take advice in the next task when
receiving new advice (task t+1) using the Judge Advisor System (JAS). Thereby, we investigate two
factors: the advice quality (bad vs. good advice) and individuals’ level of Al literacy. Second, we will
qualitatively analyze open-ended questions to explore advice-taking differences across Al literacy levels.
We expect bad advice to decrease advice-taking. In addition, we anticipate Al literacy to mediate this
decline, with Al-literate individuals taking less advice while receiving bad advice and relatively more

advice in future advice-taking when receiving new good advice compared to less literate individuals.



We anticipate to contribute to three key areas of research. First, we provide empirical evidence
that Al-literate individuals take less advice while receiving bad advice but relatively more advice in
future tasks when advice quality is good. Second, we propose correspondence bias as an explanation
for differing advice-taking behaviors, suggesting that Al literacy moderates the impact of bad advice
on advice-taking by mitigating correspondence bias. Third, we adopt the Judge-Advisor System (JAS)
framework from psychology and apply it to a programming task supported by GenAl — a context of
growing practical relevance. Complementing our quantitative findings, qualitative insights reveal why
individuals with varying Al literacy levels follow or reject GenAl advice. This holistic approach informs
educational programs, integration strategies, and Al evaluations, emphasizing the critical role of Al

literacy in fostering beneficial mistrust in GenAl

2 Theoretical Background: The JAS & The Correspondence Bias

To evaluate the extent to which individuals incorporate guidance from GenAl into their own decision-
making process and their rationale behind it, we utilize the Judge-Advisor System (JAS) as a framework.
In the JAS, a person referred to as a "judge" faces a decision scenario and forms an initial judgment.
Subsequently, the judge receives advice from an advisor, such as a GenAl. The judge then combines his
or her initial judgment with the advice received from the GenAl, making sure to appropriately adjust the
initial judgment and weigh the advice to arrive at a final judgment (Bonaccio and Dalal 2006).

Judging the advice to arrive at a final decision can be subject to a certain bias. The correspondence
bias describes the tendency of humans to attribute observed behavior to dispositional factors (i.e., relia-
bility, ability, or skills) while underestimating the role of situational influences such as the environment
or situation (Gilbert and Malone 1995; Edwards and Edwards 2022). It is part of attribution theory, which
seeks to explain how individuals interpret the reasons behind certain observations categorizing them as
either situational factors or dispositional factors (Kelley and Michela 1980).

Individuals’ attribution process is influenced by the perception of the situation, the behavioral expec-
tations, and the perception of the observed behavior (Gilbert and Malone 1995; Edwards and Edwards
2022). Correspondence bias occurs because individuals rely on their causal theories about how situa-
tions influence behavior when making judgments about others. In general, individuals tend to attribute
behavior to characteristics or dispositional factors of a person, as it is easier and faster for them to access
than evaluating situational dimensions (Gilbert and Malone 1995).

Although correspondence bias was first observed in human-to-human interactions, there is a growing
tendency for individuals to perceive Al not merely as a tool but as a collaborative teammate (O’Neill
et al. 2022), often forming emotional bonds in the process (Miiller 2021). Hence, preliminary research
has begun to extend the application of correspondence bias to the context of human-Al interactions
(Edwards and Edwards 2022), as individuals increasingly respond to Al and humans in similar ways by
attributing responsibilities to Al (Hong et al. 2020).

Figure 1 illustrates how insufficient context can create hallucinations, leading to bad advice. It
also shows different ways correspondence bias can influence individuals’ attribution of responsibility

throughout this process. On a technical level, GenAl tools supporting coding processes, such as GitHub



Copilot, access the context of a programming task through code and data shared with the GenAl (e.g.,
Salva 2024). However, the prompt given to the GenAl (i.e., code written by the user) may lack contextual
information (i.e., data columns of a file not shared with the GenAlI). Consequently, GenAl has to rely
on its inherent model to provide coding advice and suggest the most likely column names based on the
available code. These predicted column names may not exist in the actual data, leading to hallucinations
causing bad advice. Therefore - in this study’s context - situational factors (such as the prompt lacking
contextual details) can entirely explain the bad advice, as the inherent model of the GenAl correctly

provided the most likely suggestion, even though it was bad advice in this situation.
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Figure 1: Insufficient context creates hallucinations and may cause correspondence bias.

The programmer (judge), on the receiving end of GenAlI’s advice, can only observe its performance
and seek to identify potential causes and explanations for instances of bad advice. Those explanations are
likely to shape the programmer’s behavior while receiving bad advice (task t) and in future advice-taking
scenarios (task t+1). Prior research suggests that the correspondence bias can shape such attribution pro-
cesses, leading individuals to overemphasize dispositional factors (e.g., the quality of the GenAl model)
as the primary cause of the observed behavior (e.g., bad advice), while underestimating situational factors
(e.g., contextual limitations in the prompt) that may have also influenced the outcome.

Following Gilbert and Malone (1995), three established explanations contribute to the phenomenon
of correspondence bias, as illustrated on the right side of Figure 1: lack of awareness of the situa-
tion (i); unrealistic expectations of behavior (ii); and incomplete corrections of inherent inferences (iii).
Those three explanations will guide the hypothesis development (see Section 3) and the derivation of
the qualitative questions (see Section 4.4). These explanations provide insights into and explanations for
differences in advice-taking behavior among individuals possessing varying levels of Al literacy, as we
expect higher levels of Al literacy to mitigate the correspondence bias. We outline the psychological

foundation of the correspondence bias in the following:
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(i) Lack of awareness of the situation refers to individuals overlooking contextual circumstances
influencing a GenAl’s advice due to an incomplete understanding of how such circumstances af-
fect the GenAlI’s functioning. While situational circumstances - such as data columns of the file
being inaccessible to GenAl - significantly influence GenAlI’s advice, attributing bad advice to
situational factors requires an awareness of their existence. Previous studies have noted that when
judges are uncertain about the reasons behind an advisor’s behavior, they often attribute it to dispo-
sitional factors of the advisor (Gilbert and Malone 1995). For instance, organizational employees
attributed the cause of critical incidents in human-computer interactions to failures of advisors,
such as software, in 74% of cases (Ortiz de Guinea 2016). In the context of GenAl, causes for
critical incidents could be situational factors such as missing context details in the prompt that

lead to hallucinations.

(i) Unrealistic expectations of behavior implies that judges can experience correspondence bias if
a GenAI’s behavior deviates from their expectations. A study by Ross et al. (1977) illustrates this
phenomenon in human-human interaction. They asked participants whether they would wear a
sign with a certain inscription. Those willing to wear a signboard expected others would also be
willing. Thus, they attributed the declining behavior of others to their dispositional factors, such
as their political attitude. Similarly, judges often expect perfection from algorithms such as GenAl
(Dietvorst et al. 2015). Specifically, if they overestimate the GenAl model, bad advice can lead to
correspondence bias. More precisely, not knowing the GenAl model’s functioning and its related

limitations may increase the tendency to attribute bad advice to GenAI’s dispositional factors.

(iii)) Incomplete corrections of inherent inferences implicates that judges may lack either the mo-
tivation or the ability to adjust dispositional inferences they spontaneously and effortlessly form
(Gilbert and Malone 1995). For example, users of conversational agents attributed agency and
intention to humanlike GenAl (Brendel et al. 2023). Then, they may lack the motivation to correct
the initial attribution of dispositional factors to the GenAl model. As illustrated in Figure 1, indi-
viduals who face bad GenAl advice in one task may lower their expectations of GenAl and may

continue to hold these expectations even when GenAl provides good advice in the next task.

There are first investigations into correspondence bias in socio-technical settings. These studies indi-
cate a shifting perception of Al, with it being increasingly viewed as a "teammate" rather than just a tool
(Zhang et al. 2021), and attributed with certain human-like qualities (Brendel et al. 2023). This is evident
by judges showing attribution bias in interactions with both humans and Al-based technology like social
robots (Edwards and Edwards 2022). Overall, individuals seem to use "folk-psychological interpreta-
tions" when judging Al-based technology like robots (Thellman et al. 2017). We aim to contribute to
current research by using the correspondence bias to explain individuals’ behavior in JAS settings where
humans have to solve programming tasks and receive GenAl-based advice. When GenAl produces hal-
lucinations and individuals show one of the above-stated explanations, we posit that a correspondence

bias may explain individuals’ GenAl utilization.



3 Hypotheses Development

Figure 2 provides a conceptual overview of our research model, which examines the relations between
bad advice, Al literacy, and advice-taking behavior. We will elaborate upon these hypothesized relations
in the subsequent section by relying on prior empirical findings and the theory behind correspondence
bias. Hypothesis 1a will examine the direct effect of bad advice (vs. good advice) on advice-taking
for the assignment at task t. Hypothesis 1b will examine the effect of bad advice (vs. good advice) at
task t for the next assignment at task t+1. Hypothesis 2 will examine the direct effect of individuals with
higher Al literacy (vs. lower Al literacy) on advice-taking in task t. Hypothesis 3 will propose Al literacy

moderating the effect of bad advice on advice-taking in both cases, task t and task t+1.
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Figure 2: Research model including the three hypotheses for tasks t and t+1.

3.1 Bad Advice and Its Effects on Advice-Taking

Although research into GenAl has made significant progress in recent years, its probabilistic nature
currently limits its ability to solely provide good advice. For instance, LLMs sometimes generate hallu-
cinations, which remain an open field of research due to various causes for hallucinations (Ji et al. 2023).
For instance, GenAl lacking file information can lead to hallucinations (e.g., Salva 2024). We ground
our first hypotheses (H1a, H1b) in the expectation that some individuals have a lack of awareness of such
situational factors (i).

Referring to Hla, we propose that individuals who receive bad advice are less likely to follow it
than those who receive good-quality advice. There is both theoretical and empirical evidence that judges
generally use good advice more than bad advice (see Bonaccio and Dalal 2006, for a review). For in-
stance, when asked about dates of historical events, individuals use bad advice less, even in the absence
of receiving feedback (Yaniv and Kleinberger 2000). Similarly, participants in a time series task on sales
were able to distinguish between the reliability of statistical forecasts both with and without feedback
(Lim and O’Connor 1995). When estimating the length of rivers, advice quality positively influenced
advice-taking (Schultze and Loschelder 2021). Although a meta-study did not find a significant effect
of high-quality advice on advice-taking compared to low-quality advice (p = 0.122), it indicated a pos-
itive correlation of 41%-points (Bailey et al. 2023). These results suggest that bad advice can affect an

individual’s willingness to take advice, leading us to hypothesize for task t:



Hypothesis 1a: Individuals receiving bad advice (vs. good advice) are less likely to take that advice.

A lack of awareness of situational factors can lead to correspondence bias not only while receiving
bad advice (task t, Hla) but also in future tasks (task t+1, H1b). Individuals can attribute bad advice to
dispositional factors, such as the advisor’s perceived quality (Gilbert and Malone 1995). This attribu-
tion can damage the advisor’s reputation, reducing future advice-taking (Yaniv and Kleinberger 2000).
However, dispositional factors do not account for all instances of bad advice.

When individuals are unaware of situational factors, they exhibit correspondence bias in their at-
tribution process (Gilbert and Malone 1995). Such a deterministic worldview opposes a probabilistic
worldview, which considers incomplete information and accepts uncertainty (Einhorn 1986). In favor-
ing deterministic explanations (Highhouse 2008), individuals, thereby, ignore the probabilistic nature of
analytical approaches like GenAl. Instead of recognizing GenAI’s probabilistic nature, they stigmatize
its failures more than those caused by humans (Longoni et al. 2023). Additionally, they tend to attribute
cognitive inflexibility to Al, assuming it cannot adapt to unexpected situations (Longoni et al. 2019).
As a result, people exhibit stronger correspondence bias toward Al, such as robots, than toward humans
(Edwards and Edwards 2022). Attributing bad advice to dispositional factors amplifies this bias and can
reduce advice-taking.

There is evidence that advice-taking decreases future advice-taking (task t+1). For instance, individ-
uals quickly lose trust when other humans provide bad advice (Yaniv and Kleinberger 2000). Instead
of incorporating all information, individuals tend to base their attribution on recent events (Kahneman
2011). When faced with imperfect advice, individuals exhibited a stronger decline in advice-taking for
algorithms compared to humans, a phenomenon known as algorithm aversion (Dietvorst et al. 2015).
Studies on algorithm aversion observed a similar or stronger negative impact on advice-taking for algo-
rithms, such as GenAl, compared to humans (Prahl and Van Swol 2017; Leffrang et al. 2023). Further
studies observed that algorithm aversion only emerged after receiving feedback about bad advice (Berger
et al. 2021). Focusing on the effect of observing bad advice on future advice-taking (task t+1), we hy-
pothesize:

Hypothesis 1b: Individuals who previously received bad advice (vs. good advice) are less likely to

take new good advice.

3.2 Al Literacy and Its Effects on Advice-Taking

Referring to our second Hypothesis (H2), we suggest that individuals with low Al literacy are more likely
to take advice from GenAl due to unrealistic expectations of GenAI’s behavior (ii) when judging GenAI’s
advice in JAS. Al literacy refers to the ability to reflectively interact with Al, including understanding
its strengths and weaknesses (Long and Magerko 2020). This indicates that individuals with high Al
literacy are generally more aware of how GenAl functions and the situational factors influencing its
advice. Such awareness implies reduced correspondence bias. We expect an Al-literate person to know
that hallucinations can occur if the Al lacks sufficient contextual information.

At first glance, Al literacy seems to increase advice-taking. In an experiment on Al knowledge as

one aspect of Al literacy, individuals reading instructions about Al knowledge had a 14.1%-point higher



delegation rate to Al (Pinski et al. 2023). Similarly, explanations of Al advice led to an approximately
31%-point higher median Weight of Advice (Panigutti et al. 2022). However, in both studies, there is
little evidence that the Al provided bad advice. On average, the Al improved the performance of the
participants (Pinski et al. 2023) and the median perceived output quality of 3.2 on a 5-point Likert scale
indicated no bad advice either (Panigutti et al. 2022). Evaluating advisors on unbalanced datasets, with
mainly good advice, can bias the evaluation (see Jurafsky and Martin 2023, pp. 68-70).

In contrast, individuals with low Al literacy are more prone to overestimating the intelligence of Al
(Dietvorst et al. 2015; Ehsan et al. 2021) and they tend to lack the expertise to fully comprehend the
functioning of Al systems (Pinski and Benlian 2024). Overestimating an AI’s ability may stem from a
lack of experience in evaluating the shortcomings of Al advisors. Subsequently, unrealistic expectations
of GenAI’s behavior may trigger correspondence bias (Gilbert and Malone 1995).

Consequently, this can result in greater advice-taking from Al as one form of reliance from less Al-
literate people, for instance, due to less experience with Al (Hampton 2005). Likewise, clinicians who
self-reported unfamiliarity with Al were seven times more likely to align their treatment decisions with
Al recommendations compared to clinicians familiar with Al (Jacobs et al. 2021). When AI does not
deliver, individuals with low Al literacy may lack the knowledge to understand its operational limita-
tions. As a result, they may not recognize that the Al may generate speculative information to address
tasks where essential data is lacking. Additionally, individuals who received Al knowledge reported a
decreased likelihood of using Al in the future (Pinski et al. 2023).

Overall, Al literacy should enable users to better judge the Al system’s reliability (e.g., Long and
Magerko 2020). However, individuals with lower Al literacy may tend to over-rely on Al’s recommen-
dations (e.g., Jacobs et al. 2021), leading to greater advice-taking when bad advice is presented. We
expect the overreliance effect to result in more advice-taking on average across both good and bad ad-
vice. Thus, for the main effect of Al literacy, with a counterbalanced advice quality, we suspect an
overall negative correlation between Al literacy and advice-taking. Accordingly, we hypothesize for the
Al literacy of individuals, measured at task t:

Hypothesis 2: Individuals with higher Al literacy (vs. lower Al literacy) are less likely to take

advice.

3.3 Al Literacy Moderating Bad Advice’s Effects on Advice-Taking

Concerning our hypotheses H3a and H3b, we expect Al literacy to moderate the negative relationship
between bad advice and advice-taking in the JAS. We ground these hypotheses in the expectation that
Al-literate individuals have the ability to correct incomplete inherent inferences (iii). Thus, Al-literate
individuals are more likely to correct negative inferences due to bad advice.

Some aspects of Al literacy, specifically a comprehensive understanding of Al, enabled individuals to
better evaluate when using Al is beneficial (Pinski et al. 2023). Further, research on Al literacy tutorials
confirms that Al literacy can help individuals reduce their over-reliance on Al when they can outperform
it (Chiang and Yin 2022). Thus, if individuals understand the situational circumstances that cause a
GenALl to provide bad advice, they are less likely to attribute the advice’s quality solely to the GenAlI’s

dispositional factors, such as its underlying model. This awareness helps mitigate the correspondence



bias, promoting a more accurate evaluation of the advice. Although high Al literacy may not guarantee
that individuals can provide a detailed explanation for why GenAl produced bad advice, it encompasses
an understanding of the GenAl’s limitations (e.g., Berger et al. 2021; Filiz et al. 2021). Thus, we propose
for task t:

Hypothesis 3a: Al literacy mitigates the effect of bad advice on advice-taking, such that individuals

with higher Al literacy (vs. lower Al literacy) receiving bad advice are less likely to take that advice.

If the GenAl provides bad advice, individuals may attribute this to the GenAI’s dispositional factors.
When the advice provides good advice for the next task, we expect individuals with lower Al literacy
to be less likely to adjust their inherent inferences about dispositional factors in future interactions.
This may be because individuals unfamiliar with Al initially relied more on Al advice (Jacobs et al.
2021). When individuals with low Al literacy expect high performance from GenAl in a programming
task and the Al delivers, they may feel validated in their prediction and strengthen the correspondence
bias. However, when individuals with low Al literacy observed bad advice, they may overgeneralize
this negative experience (Longoni et al. 2023). Especially as humans form negative reputations about
advisors quickly (Yaniv and Kleinberger 2000). Similarly, individuals form unrealistic expectations
resulting in less advice-taking if the statistical models like GenAl fail to meet the expectation (Dietvorst
et al. 2015).

Simply put, individuals stigmatized GenAl as a bad advisor due to a lack of metaknowledge (see
Longoni et al. 2023). Metaknowledge is the skill of evaluating one’s abilities (Fligener et al. 2022).
Higher Al literacy means having greater metaknowledge, which is essential for effectively analyzing
and reflecting on Al outputs (Pinski and Benlian 2024). Therefore, we expect Al-literate individuals to
be less likely to attribute bad advice caused by situational circumstances toward GenAlI’s dispositional
factors, mitigating correspondence bias.

Al-literate individuals may be aware that GenAl can lack a contextual understanding of the subject
(e.g., Pinski et al. 2023). Thus, they may be able to correct the obvious but incorrect explanation that the
GenAlT’s dispositional factors, like the inherent model, are faulty. They may be aware that most GenAls
derive their advice from probabilistic similarity based on textual information, which can lead to Al hal-
lucinations (Ji et al. 2023). Although Al generally is inscrutable (Berente et al. 2021), individuals with
high Al literacy should be more likely to correctly conclude how Al works (Long and Magerko 2020).
Experiments on explainable Al provide evidence that such explanations of how AI works can increase
advice-taking (e.g., Panigutti et al. 2022). Therefore, we anticipate that individuals with higher Al liter-
acy will be more likely to maintain realistic expectations of GenAl, thereby mitigating correspondence
bias, caused by incorrect inherent inferences. Building on the presented arguments, we propose:

Hypothesis 3b: Al literacy mitigates the effect of bad advice on advice-taking in future tasks, such
that individuals with higher Al literacy (vs. lower Al literacy) who previously received bad advice are

more likely to take new good advice.



4 Method

We plan to adopt a registered reports format to ensure a robust methodology, especially in the event of
unexpected results. This approach will help us justify the investment in an incentivized experiment. We
aim to integrate both quantitative and qualitative insights (Reis et al. 2022). The qualitative results aim to
complement the quantitative findings on advice-taking by providing insights into individuals’ reasoning
for their advice-taking behavior and potential correspondence biases.

First, we will conduct a quantitative incentivized online programming experiment to test our hy-
potheses distributed over two measuring points. Due to advances in Al, GenAl is increasingly used for
supporting the programming processes (e.g., Surameery and Shakor 2023). GenAl can provide human-
like pair programming abilities to developers compared to prior technologies (Moradi Dakhel et al. 2023).
Code produced by GenAl appears convincing, but it is not necessarily good advice (Stokel-Walker and
Van Noorden 2023). For instance, Stack Overflow temporarily restricted the use of ChatGPT due to an
increase of incorrect yet convincingly presented answers (Stack Overflow 2023).

While incentivization may not always guarantee enhanced performance, previous research has indi-
cated its potential to improve prediction task outcomes (Camerer and Hogarth 1999). Thus, incentivized
experiments are commonly employed in investigations related to fields of research such as algorithm
aversion (see Burton et al. 2020).

Second, we will conduct a qualitative investigation of individuals’ comprehension of GenAl’s per-
formance and reasoning for bad advice. We will examine how Al literacy levels affect perceptions of

GenAl performance, focusing on whether higher Al literacy individuals suffer less correspondence bias.

4.1 Conditions & Participants

We will use a between-subjects design where two factors vary: the advice quality (bad vs. good advice)
and the participants’ level of Al literacy. The first factor focuses on behavioral differences in advice-
taking between participants facing bad GenAl advice ("bad advice group") and participants constantly
receiving good advice ("good advice group"). The bad advice will occur in the "bad advice group" during
the second task (task t) of three. Importantly, as we are interested in advice-taking while receiving bad
advice (task t) and advice-taking in future tasks (task t+1), we will measure differences in advice-taking
at two points in time.

The second factor focuses on the participants’ Al literacy. We will measure Al literacy using the Al
literacy scale of Weber et al. (2023). Subsequently, we will calculate the centered mean score on this Al
literacy scale to indicate the Al literacy level of each participant.

According to a sample size calculation performed using G*Power’s F test (Faul et al. 2007) for linear
multiple regression with Cohen’s f> = 0.02 (Cohen 1988, p. 413), we will require at least 550 participants
to detect a small effect size (@ = 0.05, power = 0.8, number of tested predictors = 3, total number of
predictors = 12). The recruitment process will take place on the online platform Prolific using gender-
balanced participants from the United States who self-report computer programming skills. Based on an
estimated experiment duration of 10 minutes, participants will receive a fixed payment of £1. For each

answer passing all test cases (initial or final), we will increase the bonus payment by 10% (up to 60%).
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To ensure data quality, we will employ exclusion criteria recommended as best practice (Aruguete
et al. 2019), in line with previous studies on algorithmic advice-taking (e.g., Dietvorst and Bharti 2020;
Fiigener et al. 2022). We will exclude participants who fail to answer all the questions, do not pass the
attention checks specified in the next section, provide the same answers for different tasks, complete
the tasks too quickly (i.e., less than 60 seconds for all 3 tasks), or take an excessive amount of time to

complete the tasks (i.e., more than two standard deviations above the mean participation time).

4.2 Procedure

Participants will access the experiment instructions using the online framework oTree. Figure 3 depicts
the procedure of the experiment. Participants will initially read the instructions about the experiment
procedure and the basic functionality of the GenAl advice. Afterward, they will self-report their data.

Next, they will report their Al literacy using the scale described in Section 4.1 (Weber et al. 2023).

Judge-Advisor System (JAS) |

A
[ )

Introduction . . . o Control &
Al literacy Question Advice & Performance Qualitative . .
& — —> —>{ manipulation

scale 1%t estimate 2nd estimate feedback questions - .
Personal data questionnaire

Figure 3: Procedure of the experiment.

They will imagine themselves as computer programmers and get the task of programming a code
section in Python. As the application context can influence participants’ preference for Al (Castelo et al.
2019; HeBler et al. 2022), we chose a programming task to expand existing knowledge to analytical tasks

in creative settings. Specifically, participants will do the following three steps:
1. They will receive a programming task and will write some code to answer the specified task.

2. After submitting their response, they will receive a generated code of a GenAl (GitHub Copilot)

for the same task. They will have the option to revise their initial code based on this information.

3. Finally, they will receive feedback on their and the advisor’s code performance measured by the

percentage of passed internal test cases.

Participants will repeat these steps for three programming tasks. Table 1 displays the differences
between the two conditions. Both conditions will receive good advice in the warm-up task and for the
third task (t+1). However, for the second task (t), the GenAl will provide bad advice in the "bad advice
group.” We define good advice as code that passes automated test cases hidden from the participants.
Bad advice is code that fails the test cases. After the final task, we will add an attention check, asking
participants to ignore the instructions and write "print("Hello World!")".

Figure 4 presents the visual stimuli participants get about the relevant data file. Table 2 presents an

example of good and bad advice (see Table 4 in the Appendix for additional context). We chose these
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Table 1: Quality of the GenAI’s recommendations.

Task Advice Quality

Warm-up Good
t Bad / Good
t+1 Good

assignments from a Bachelor’s degree course for information systems students. As human-Al interaction
changed significantly for assignments with a human accuracy of above 70% (Fiigener et al. 2022), we
will pre-test the human coding performance with 50 participants. We will randomly sample coding
assignments until we get three programming assignments with an average human performance of less
than 70%. To avoid unintended order or assignment-difficulty effects, we will randomize the order of the

assignments. However, bad advice will appear in the bad advice condition for the second task (t) in the

form of hallucinated variables.

import pandas as pd
data = pd.read_csv('data/job_data.csv')
data.columns

v/ 0.0s Python

Index(['Unnamed: @', 'Job Description', 'Company Name', 'Revenue',
'Competitors', 'Easy Apply'l,
dtype='object')

Figure 4: Visual stimuli of the utilized data.

Table 2: Example of good and bad advice.

Assignment Description Good Advice Bad Advice
data_cleaned = data_cleaned =
data.dropna(subset= data.dropna(subset=
"""Remove rows with [’Job Description’, [’Job Description’,
nan in relevant >Company Name’ , >Company Name’,’ Location’,
columns . ’Revenue ’ , >Industry’,’ Sector’,
Print the results.""" >Competitors ’, >Revenue’,’ Competitors’,
"Easy Apply’]) "Easy Apply’])
print (data_cleaned) print (data_cleaned)

We opted for a GenAl assistant to study advice-taking because Al tools more frequently serve as
advisors than act autonomously (Golinelli et al. 2020). Specifically, we will use GitHub Copilot as a
GenAl to generate the advisor’s code (Github 2024). OpenAlI’s Codex is the underlying model of GitHub
Copilot, based on a Generative Pre-trained Transformer (GPT) language model. This model employs a
transformer neural network architecture, specifically trained to generate code and comprehend context
within programming languages (OpenAl 2024). While the GenAl can access the written code, it cannot

access data that is not shared with it for security reasons (Salva 2024). Thus, it predicts the most likely

variable names, which can lead to hallucinations.
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After three repetitions of the JAS with feedback, we will ask qualitative questions of the participants
(see Section 4.4). Next, we will include a control questionnaire described in the next section. Finally, we
will incorporate a manipulation check. Participants will answer a multiple-choice question, asking them
to identify the task in which the GenAlI had the worst percentage-wise performance based on internal test
cases. We will exclude those who fail the manipulation check from the analysis. Additionally, we will
include an attention check, asking participants to (strongly) disagree with a nonsensical item, stating, "I

write code using a typewriter and mail it to the compiler for processing."

4.3 Model Specification

The JAS paradigm is associated with the Weight of Advice (WOA) as the dependent variable for each
subject-task combination. In our study, WOA represents the extent to which participants adopt GenAI’s
advice and measures the judge’s advice-taking (see Bonaccio and Dalal 2006). It weighs the difference
between the initial and final decision of judges by the difference between the initial decision of the judge
and the advice.

Individuals can program code very differently, so a 2-line code and a 10-line code can give the same
result. Advice-taking is about how much the code has been adjusted in response to the advice. Of course,
this is relative to how different the initial code is from the advice. To measure code similarity robustly,
we will use three similarity measures: Levenshtein distance, angular distance of term frequencies, and
angular distance of semantic embeddings.

The Levenshtein distance measures the minimum number of single-character edits (insertions, dele-
tions, or substitutions) required to transform one string into another (Jurafsky and Martin 2023, pp.
24-29). It captures the code similarity on a character level. Term frequencies, known from bag-of-words
models, split the code into unigrams and calculate the term frequency, creating a vector. Afterward, we
will calculate the angular distance of the two vectors (Jurafsky and Martin 2023, pp. 112-116). The
angular distance of term-frequencies captures the similarity on the word level.

Semantic embeddings refer to mathematical representations of phrases in a continuous vector space,
capturing semantic relationships and contextual similarities based on their distributional patterns in a
given dataset (Jurafsky and Martin 2023, pp. 228-232). Specifically, we will use Sentence-BERT to
create semantic embeddings (Reimers and Gurevych 2019). Calculating the cosine similarity of semantic
embeddings captures the similarity on a text level. We will use each similarity measure as input for the

WOA metric, resulting in three WOA values:

sim(final code,initial code)

WOA = (D

sim(advisor's code, initial code)

A WOA value of zero indicates no adoption of the advice, while a value of one corresponds to full
adoption. To account for extreme values of WOA, such as values above 1, we will perform Winsorization
based on previous studies on algorithm appreciation (e.g., Logg et al. 2019). As all three WOA measures
capture the same construct on the same scale, we calculate the mean of the three measures.

We will exclude the first task as a warm-up task and focus on the second task (task t) and third task

(task t+1). We will include a dummy variable indicating whether the participant was in the bad advice
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condition at task t (bad advice; = 1) or the good advice condition (bad advice; = 0). Al literacy will
indicate the level of Al literacy according to the centered mean score on the Al literacy scale (Weber
et al. 2023).

Our data analysis will start with a report of model-free evidence. After applying our exclusion criteria
mentioned in Section 4.2, we will report box plots with means of WOA distributed across our conditions.
Next, we will report the results from four linear mixed-effects models with the statistical software “R”
(Bates et al. 2024). The mixed-effects model enables varying intercepts for the different assignments and

accounts for the randomized assignment design. Table 3 illustrates the planned data analysis.

Dependent variable:

WOAt WOAt+l
1) 2 (©) “

Constant
(...) (...) (...) (...)
Bad advice; -Hla - -H1b -
(...) (...) (...) (...)
Al literacy -H2 - - -
(...) (...) (..) (...)
Al literacy: -H3a H3b
Bad advice (...) (..)
Assignment? v v v v
Domain knowledge & Coding performance? v v v v
ATAI & Trust & Distrust & Certainty? v v v v
Age & Gender? v v v v
Observations 550 550 550 550
Pseudo R-squared & Log Likelihood
Akaike/Bayesian Inf. Crit.
Note: *p<0.1; *p<0.05; **p<0.01

Table 3: Weight of Advice for tasks t and t+1 regressed using a linear mixed-effects model.

In model (1), we will regress WOA from task t (WOA,) on our two main factors (bad advice and the
level of Al literacy) without interaction. Additionally, we will include control variables defined below.
Model (1) will serve to test the proposed negative relations between bad advice, (H1a), Al literacy (H2),
and advice-taking. In model (2), we will additionally include an interaction term for Al literacy and the
existence of bad advice, to test H3a. Models (3) and (4) will regress WOA for task t+1 (WOA,. ;) using
the same independent variables to test HIb and H3b. Additionally, we will report whether the results
omitting the additional control variables change the results significantly.

During the control questionnaire, three questions adopted from Fiveash et al. (2022) will verify par-

ticipants’ domain knowledge:

1. I can program from memory (7-point scale; strongly disagree to strongly agree)

2. I have never been complimented for my talents as a computer programmer (7-point scale; strongly
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disagree to strongly agree)

3. At the peak of my interest, I practiced ... hours per day in my primary programming language

(7-point scale; 0-5 or more hours)

Moreover, we will include the Coding performance of the initial code across all assignments to
control for coding knowledge. As opinions about GenAl vary — from positive perspectives to skepticism
and concerns about potential issues — we will consider participants’ attitudes towards Al, measured by
the Attitude Towards Artificial Intelligence (ATAI) scale (Sindermann et al. 2021). Furthermore, we will
assess Trust and Distrust in GenAl by employing a modified version of the Trust between People and
Automation (TPA) scale. Prior research validated this adaptation, involving renaming and excluding
specific items to align with Al considerations (Jian et al. 2000; Perrig et al. 2023).

Participants will indicate perceived assignment difficulty by reporting their level of certainty using
a four-point scale after each assignment, ranging from "Uncertain 1/4" to "Certain 4/4" (Fiigener et al.
2021). Certainty will refer to the certainty score reported after the final task. Additionally, the analysis
will control for participant Age and Gender. This yielded the following generic model specification for

observation i and variance ¢

WOA, ; ~ N (atj; + B (Al literacy) + By (Bad advice;) + B5* (Al Literacy x Bad advice,)
+ B4 (Domain knowledge) + B¢ (Coding performance) + f¢* (ATAI) + B7* (Trust)
+ B¢ (Distrust) 4 Bg* (Certainty) + B (Age) + B} (Genderpemate) + Bis (Genderogmer ), 02)

oj~N (/.Laj,oéj) , for assignment; j=1,...,J and task 7 € {r,r + 1}

Finally, we will check the robustness. First, we will calculate the degree to which participants ad-
justed the final code based on the advice as the dependent variable. Second, we will report the results
with code performance as the dependent variable. Third, we will dichotomize Al literacy using a median

split.

4.4 Qualitative Questions & Analysis

We designed the qualitative questions to ask participants about their subjective thoughts on the advice
they received in order to better explain our quantitative results and conduct theoretical reasoning (Reis
et al. 2022). Aligned with our theoretical framework, we propose that the correspondence bias can
explain variations in response behavior to GenAl among individuals with high and low levels of Al lit-
eracy. In our pursuit of revealing correspondence biases within individuals, we aim to gain a deeper
understanding of the rationales individuals provide for GenAl’s performance. This exploration will en-
able us to pinpoint individuals’ tendency to attribute bad advice from GenAl toward dispositional factors
of the GenAl model or situational factors. The participants’ answers to our questions will allow us to
draw more informed conclusions about the presence of correspondence bias.

As listed below, we will pose a series of three open-ended questions. Similarly to the programming
tasks, we will conduct a pretest of the qualitative questions to ensure participants clearly understand and
to eliminate potential misunderstandings. We will ask these questions upon completion of the experiment

as mentioned in Figure 3 in Section 4.2.
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1. What do you think are the reasons for GitHub Copilot’s performance in the second task?

2. What were your expectations for the performance of Generative Al (e.g., GitHub Copilot) in com-
pleting programming tasks prior to the experiment? To what extent did your expectations change

throughout the tasks?

3. To what extent did the GitHub Copilot’s performance in the second task influence your advice-

taking in the last task?

Question 1 addresses the correspondence bias triggered by a lack of awareness of situational factors
(i). It seeks to understand how individuals attribute the causes of incorrect advice, providing insights into
their reasoning and potential correspondence biases (Gilbert and Malone 1995; Edwards and Edwards
2022). In other words, this question helps us to outline individuals’ awareness of situational factors that
influence GenAl’s performance concerning certain tasks. We expect Al literacy to enhance individuals’
understanding of situational factors that can influence the generation of bad advice by GenAl. Conse-
quently, we anticipate that individuals with high Al literacy will attribute bad advice to situational factors
instead of blaming GenAl. Conversely, we expect individuals with low Al literacy to overestimate Al ca-
pabilities (Ehsan et al. 2021) and, thus, attribute Al behavior more to dispositional factors than situational
ones. Hence, individuals’ overestimation of AI’s capabilities may trigger correspondence bias.

Question 2 aims to investigate whether participants had unrealistic expectations of GenAl’s behav-
ior (ii). This question presents an opportunity to explore the participants’ comprehension of GenAl’s
operational mechanisms (Lai et al. 2020). It reveals the kind of attributes and level of autonomy individ-
uals ascribe to GenAl. These attributions highlight whether individuals have unrealistic expectations of
GenAlT’s behavior, demonstrating a reason for correspondence bias. Individuals’ expectations of GenAl’s
behavior will influence how they blame it for bad advice (Barnes 1999). We expect that individuals with
low Al literacy will have more unrealistic expectations of GenAl, which promotes correspondence bias
and advice-taking while receiving bad advice.

Question 3 addresses incomplete corrections of inherent inferences (iii). We examine whether indi-
viduals feel their expectations of GenAl behavior were met and how they reassess their perceptions after
receiving bad advice. While prior research suggests that individuals give more weight to recent events
(Kahneman 2011), we are particularly interested in how individuals’ perceptions of GenAl’s advice
changed after receiving bad advice. Incomplete corrections of inherent inferences can lead to corre-
spondence bias. We hypothesize that while individuals with high Al literacy are likely to evaluate Al
output critically (Long and Magerko 2020), those with low Al literacy are more susceptible to incomplete
corrections and resulting biases.

The qualitative inquiries will provide valuable insights into individuals’ correspondence biases, form-
ing a foundation for our exploration of the potential mitigating impact of Al literacy on these biases.
These insights, in turn, help us investigate the degree to which Al literacy may effectively counteract
biases. By enhancing our comprehension of individuals’ expectations and understanding of GenAl, we
gain a deeper understanding of the biases that shape their decision-making processes.

To explore how individual differences in attributing causes to GenAI’s behavior relate to Al literacy

levels, we adopt an exploratory approach (Gioia et al. 2013). First, we review all responses to each ques-
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tion to identify first-order concepts emerging directly from the data, categorizing them based on whether
participants have high or low Al literacy. Next, we group these first-order concepts into broader second-
order themes by identifying commonalities and aligning them with overarching categories. Finally, we
map these second-order themes to the three explanations of correspondence bias, forming our aggregated
dimensions (Gioia et al. 2013).

Utilizing the analysis software MAXQDA, we will code the data in accordance with the above pre-
sented process. We will repeat the coding process iteratively until we achieve a satisfactory level of

consistency within categories and their corresponding definitions.

5 Expected Contribution

The increasing proliferation of GenAl enables individuals with little prior expertise to engage in pro-
gramming tasks (e.g., Moradi Dakhel et al. 2023), fueling discussions on the importance of developing
Al literacy (Pinski et al. 2023). However, there is limited empirical research on the impact of Al literacy
on advice-taking from GenAl, with mixed findings. While prior studies have examined bad advice and
the indirect effect of Al knowledge (e.g., Berger et al. 2021; Ng et al. 2021; Pinski et al. 2023), there is
little evidence on the direct effects of Al literacy on advice-taking and its moderating role in the recovery
process from bad advice. By using a real-world-inspired programming task supported by GenAl, this
study seeks to contribute to the body of research in three ways:

First, we contribute empirical evidence that Al-literate individuals take less advice while receiv-
ing an error but take relatively more advice in future tasks compared to individuals with lower levels
of Al literacy. On the one hand, prior research on Al literacy suggests that individuals should — from a
conceptual point of view — develop Al literacy (e.g., Long and Magerko 2020; Martin 2019), seemingly
contradicting a negative relation between Al literacy and advice-taking. On the other hand, empirical
evidence indicates that less Al-literate individuals tend to take more advice from Al (Ehsan et al. 2021;
Jacobs et al. 2021). We particularly extend this research by providing empirical evidence for a beneficial
mistrust from Al literate individuals both while receiving bad advice and in future advice-taking tasks.

Second, we introduce the correspondence bias as one explanation for mixed results regarding
individuals with diverse backgrounds and expect individuals’ Al literacy levels to moderate the
influence of bad advice on advice-taking. Prior research on Al literacy focused on the impact of Al
literacy at the time of bad advice occurrence (e.g., Martin 2019) or for different tasks (e.g., Pinski et al.
2023). However, research on algorithm aversion indicated that past performance can influence advice-
taking (Berger et al. 2021) and called for more theory integration (Burton et al. 2020). Additionally,
research on machine learning warned about accepting naive evaluation strategies (e.g., accepting all
credit card transactions) because they are correct most of the time (Jurafsky and Martin 2023, pp. 68-
70). We particularly extend these research areas by identifying Al literacy as a moderator of the negative
impact of bad advice by mitigating the correspondence bias. Thus, we provide a more nuanced view
of Al literacy, incorporating the implications of both naive and more sophisticated attribution strategies
beyond the time of an error.

Third, we adopt the Judge-Advisor System (JAS) framework from psychology to a program-
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ming task and strive to qualitatively explain why individuals with different levels of Al literacy
follow GenAlI advice. Prior studies identified metaknowledge influencing the effectiveness of human-
Al collaboration in quantitative and qualitative studies (Fiigener et al. 2022; Jussupow et al. 2021). Uti-
lizing a mixed-methods approach with JAS in programming, we combine the strength of quantitative
and qualitative insights (Reis et al. 2022). Therefore, we strive to enable a cross-disciplinary dialogue
by investigating a task particularly relevant to the field of computer science (programming) based on
a framework from behavioral psychology research (JAS). We particularly extend prior research by ex-
tending quantitative insights with qualitative investigations to uncover personal reasons for advice-taking
to elucidate the relationship between Al literacy and correspondence bias. We thereby explain insights
based on correspondence bias to anticipate the personal reasons why individuals are more likely to follow
the advice and what influences their advice-taking behavior.

Overall, knowledge about the correspondence bias can support educational programs, integration
strategies, and evaluations of GenAl-based systems. Our goal is to exemplify how both individuals’ Al
literacy and bad advice occurrences can impact future advice-taking. Based on these anticipated insights,
we underscore the necessity for a fusion of Al literacy and performance feedback to ensure the effective

utilization of GenAl advice, especially against the background of the increasing proliferation of GenAl.

6 Limitations & Outlook

Naturally, our study comes with specific limitations. We opted for a programming scenario, but future
work can address how other scenarios may influence our results. While Weight of Advice (WOA) is com-
monly used in research on algorithmic advice utilization (e.g., Logg et al. 2019), it has certain limitations
(Bonaccio and Dalal 2006), that future work can address.

Additionally, we examine individuals with programming skills and different levels of Al literacy
before the experiment. Developing such skills takes a considerable amount of practice as exemplified by
the 10,000 hours rule of thumbs for experts (Ericsson et al. 1993; Ericsson and Harwell 2019). Moreover,
we limited the interaction with the GenAl to a single code completion suggestion affer creating an initial
code without advice. This allowed us to prevent confounding effects from varying personalized responses
and measure advice-taking. Additionally, coding knowledge, as one aspect of Al literacy, can affect
users’ ability to detect errors before receiving performance feedback. Given the continual advancement
of GenAl, exploring the extension of our findings concerning the beneficial mistrust of Al literacy in

case of bad advice emerges as a promising avenue for future research.
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Appendix

Section:

Description:

Introduction

Imagine you are starting as a computer programmer and your task is to program a code
section in Python. Your code will be tested based on hidden test cases. To support you
in your task, the company introduced the Generative Artificial Intelligence (GenAl)
GitHub Copilot. Thus, your task consists of three steps:

1. You will receive a programming task and will write some code to answer the
specified task.

2. After submitting your response, you will receive a generated code of a GenAl
for the same task. You will have the option to revise your initial code based on
this information.

3. Finally, you will receive feedback on your and the advisor’s code performance
measured by the percentage of passed internal test cases.

You will repeat these steps for three programming tasks. If you pass all attention
checks, you will receive a fixed payment of £1, with an additional variable bonus of
up to 60%. For each answer passing all test cases (initial or final), we will increase the
bonus payment by 10%.

Do not use any external data or information.

Question
1% estimate

Implement code that fulfills the following requirements:

Advice &
2nd estimate

You can adjust your initial code.

The AI’s code: ...

Your code: ...

Implement code that fulfills the following requirements:

Performance
Feedback

The AI’s code performed better/worse/equivalent to your final code.
The AI’s code passed X of 5 test cases.

Your initial code passed X of 5 test cases.

Your final code passed X of 5 test cases.

Table 4: Wording across the experiment.
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