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Abstract

This study explores the intersection of Artificial Intelligence (Al) and behavioral economics in decision-making, aiming to understand how
Al influences human decision-making processes, mitigates or exacerbates cognitive biases, and builds trust among users. This qualitative
research involved semi-structured interviews with 29 participants, recruited from various online platforms. The study aimed for theoretical
saturation, and the data were analyzed using NVivo software. The participants were selected based on their familiarity with Al-driven
decision-making systems, with a focus on their experiences, perceptions, and behavioral responses to Al interventions. The interviews
covered themes such as the perceived reliability of Al, human biases in decision-making, trust in Al, and the impact of Al on decision
outcomes. The study revealed that participants viewed Al systems as valuable tools in decision-making, particularly in contexts involving
complex data. Al was seen as reducing cognitive biases like overconfidence and framing effects, although it also heightened trust in machine
recommendations, which could lead to over-reliance. Transparency and explainability were identified as key factors in fostering trust in Al
systems. However, concerns were raised about Al perpetuating existing biases, particularly when the underlying data were flawed or
incomplete. Trust in Al was stronger when participants had access to clear explanations of AI’s decision-making process, emphasizing the
importance of explainability in promoting user confidence. Al has the potential to enhance decision-making by reducing certain cognitive
biases, but it also introduces new challenges, such as over-reliance and the amplification of existing biases. Future research should explore
long-term effects and ways to design Al systems that minimize bias while maximizing transparency and trust. Organizations adopting Al
systems should prioritize explainability and continuous monitoring to ensure fairness and effectiveness in decision-making processes.

Keywords: Artificial Intelligence, Behavioral Economics, Decision-Making, Cognitive Biases, Trust in Al, Transparency, Explainability,
Human-Al Interaction.

1. Introduction

In recent years, the intersection of Artificial Intelligence (Al) and decision-making processes has garnered significant
attention in both academic and professional circles. Al technologies are reshaping the ways organizations make decisions by
providing innovative tools that improve accuracy, efficiency, and scalability across various domains (Alzyoud, 2023). From
automating routine decisions to supporting complex, high-stakes judgments, AI’s role in decision-making is expanding at an
unprecedented rate (Aoujil, 2023). AI’s ability to process vast amounts of data, predict outcomes, and suggest optimal choices
positions it as a powerful tool for decision-making in both organizational and individual contexts. According to Davianto
(2022), Al has been particularly beneficial in operational decision-making, as it can handle complex calculations and consider
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variables that would be difficult for a human to process within a short time frame. AI’s strength lies not only in its ability to
analyze large datasets but also in its capacity to make predictions that can guide decision-makers in uncertain environments.
For instance, in financial markets, Al systems predict stock movements based on historical data and market trends (Elder et
al., 2022). Despite its advantages, concerns about the role of Al in decision-making persist, particularly regarding its influence
on human autonomy, trust, and biases (Bankins et al., 2022). These concerns are especially pertinent when Al decisions are
perceived to lack transparency, making the question of accountability in Al-driven processes critical (Gualdi & Cordella,
2021).

As Al systems evolve, they increasingly interact with and influence human behavior. The application of behavioral
economics offers a unique perspective on understanding how these Al systems might shape human choices, especially
considering the psychological biases that often affect decision-making. Behavioral economics identifies cognitive biases, such
as loss aversion, anchoring, and framing effects, which can have significant impacts on human decisions. The integration of Al
into decision-making processes has the potential to either mitigate or amplify these biases. For instance, Al’s ability to remove
emotion from decisions could reduce biases like loss aversion, as algorithms base recommendations solely on data and objective
criteria (Li et al., 2023). However, as Aoujil (2023) suggests, Al systems themselves may perpetuate biases, particularly if the
data used to train them are inherently flawed or biased. This makes it critical to examine not only how Al influences decisions
but also how behavioral economic factors mediate these influences (Aouijil, 2023).

AT’s impact on decision-making is also deeply intertwined with organizational and societal factors. The application of Al in
organizational settings, such as human resource management and marketing, highlights both the opportunities and risks of Al
in shaping decisions (Wang, 2023). For instance, in human resource management, Al has been employed to make decisions
about hiring, promotions, and performance evaluations. However, as Bankins et al. (2022) highlight, workers’ perceptions of
fairness are significantly influenced by whether decisions are made by humans or Al. Participants in their study reported greater
satisfaction with decisions made by humans, expressing concerns over Al’s lack of empathy and understanding of context
(Bankins et al., 2022). Similarly, in marketing, Al-driven tools enable companies to tailor their decisions and strategies based
on consumer behavior, but the ethics of using Al to predict and manipulate consumer preferences raises important questions
about accountability and fairness (Ljepava, 2022).

As organizations increasingly turn to Al for decision support, understanding the interaction between Al and human decision-
makers becomes essential for improving decision-making processes while maintaining ethical standards. Tiwari (2023)
discusses the importance of explainable Al (XAI), which aims to make Al decisions more transparent and understandable to
humans (Tiwari, 2023). The growing demand for explainability is motivated by the need to build trust in Al systems. Without
transparency, users may become hesitant to accept Al-driven decisions, fearing that they lack the reasoning necessary to justify
the outcomes (Li et al., 2023). Moreover, Jiang et al. (2023) emphasize the importance of procedural justice in Al-human
interactions, arguing that people are more likely to accept Al-driven decisions if they perceive the process as fair and transparent
(Jiang et al., 2023). In this context, understanding how AI’s decision-making processes align with human judgment becomes
critical for ensuring that Al systems are not only efficient but also ethically and socially acceptable.

Despite the potential benefits of Al in decision-making, the question of trust remains a major challenge. Research has shown
that humans are often skeptical of Al systems, particularly when they make decisions in high-risk or high-consequence contexts
(Elder et al., 2022). This mistrust can be attributed to the perceived lack of emotional intelligence in Al systems and the

difficulty of understanding how Al models arrive at their decisions (Davianto, 2022). The issue of trust is particularly
pronounced in cases where the stakes are high, such as in healthcare or financial decision-making, where incorrect Al
recommendations could have life-altering consequences. In response to these concerns, researchers have proposed methods to
improve trust in Al, such as incorporating human oversight, increasing the transparency of Al algorithms, and ensuring that Al
systems are explainable and accountable (Tiwari, 2023).

The growing integration of Al into decision-making processes raises significant questions about how Al can be effectively
and ethically used alongside human judgment. As Dietzmann and Duan (2022) argue, Al should be viewed not as a replacement
for human decision-making but as a tool that can augment and support human judgment (Dietzmann & Duan, 2022). In this
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sense, understanding the interaction between Al and human decision-making processes is essential for designing Al systems
that are not only effective but also align with human values and ethics. This study aims to explore how Al interacts with
behavioral economics principles in decision-making contexts, particularly focusing on the impact of cognitive biases, trust, and
ethical considerations. By examining the ways in which Al-driven decision-making models are perceived by individuals and
the ethical implications of their use, this study seeks to contribute to the ongoing discourse on Al, human decision-making, and
behavioral economics.

2. Methods and Materials

This study adopts a qualitative research design to explore the intersection of Artificial Intelligence (Al) and behavioral
economics in decision-making processes. The focus is on understanding how Al influences human decision-making behavior
through the lens of behavioral economics. The study uses semi-structured interviews to gather in-depth insights from
participants. A total of 29 participants were recruited through online platforms, ensuring a diverse sample with varied
backgrounds and professional experiences. The inclusion criteria were adults aged 18-65, with varying levels of familiarity
with Al technologies and decision-making processes. Participants were selected to represent a broad range of industries and
roles to capture diverse perspectives on the subject matter.

Data collection was conducted using semi-structured interviews, which allowed for flexible yet focused exploration of
participants' experiences and views on Al's influence in decision-making processes. The interview questions were designed to
probe participants' understanding of Al, its integration into decision-making, and its intersection with behavioral economic
principles such as cognitive biases, heuristics, and risk-taking behavior. Interviews were conducted remotely through video
conferencing platforms, ensuring accessibility and comfort for participants. Each interview lasted approximately 45 to 60
minutes, and all interviews were audio-recorded with the participants' consent. The process continued until theoretical
saturation was reached, meaning no new insights or themes emerged from the interviews.

The collected interview data were analyzed using NVivo software, which facilitated the organization and coding of
qualitative data. Thematic analysis was employed to identify and analyze patterns within the data. Initial coding was done
inductively, allowing themes to emerge organically from the participants' responses. As the analysis progressed, a more
deductive approach was applied to examine the intersection of Al and behavioral economics in decision-making. Data
saturation was assessed by continuously comparing new interview data with previously coded data, ensuring that no further
significant insights were emerging. The final themes were then interpreted and discussed in relation to the theoretical
framework of behavioral economics and Al in decision-making.

3. Findings and Results

A total of 29 participants were recruited for this study through online platforms. The sample consisted of 17 males (58.6%)
and 12 females (41.4%), reflecting a balanced representation of gender. The age range of participants varied from 22 to 58
years, with a mean age of 34.6 years. In terms of professional background, the majority (24 participants, 82.8%) were employed
in business-related fields, including finance (n=9, 31%), marketing (n=6, 20.7%), and management (n=9, 31%). A smaller
proportion worked in technology-related industries (n=4, 13.8%), while 1 participant (3.4%) worked in healthcare.
Educationally, most participants held at least a bachelor's degree (n=25, 86.2%), with 4 participants (13.8%) having completed
graduate studies. The level of familiarity with Al varied, with 19 participants (65.5%) reporting a moderate to high level of
familiarity with Al technologies, while 10 participants (34.5%) reported limited exposure to Al. This demographic diversity
provided a comprehensive range of perspectives on the intersection of Al and behavioral economics in decision-making.

Table 1. The Results of Thematic Analysis

Category Subcategory Concepts (Open Codes)
1. Perception of Al in Decision-Making ~ 1.1. Trust in Al - Trust in algorithms
- Human-Al collaboration
- Confidence in Al accuracy
- Al reliability
- Emotional trust towards Al
1.2. Al's Role in Cognitive Bias - Reducing human error
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2. Behavioral Economics Influences

3. Al-Driven Decision-Making Models

4. Ethical and Social Implications

13.

1.4.

2.1.

2.2.

2.3.

2.4.

2.5.

3.2.

3.3.

4.1.

4.2.

Awareness of Al's Limitations

Al's Impact on Decision Speed

Cognitive Heuristics

Risk Perception and Al

Loss Aversion in Al Decisions

Framing Effects

Mental Accounting and Al

. Al and Predictive Modeling

Al's Integration in Complex Decisions

Al-Assisted Decision Support Systems

Accountability in Al Decisions

Al's Impact on Human Autonomy

- Mitigating biases

- Al as a decision support tool

- Bias correction mechanisms

- Al's influence on heuristics

- Al's interpretability

- Recognizing Al's weaknesses

- Al accountability

- Overconfidence in Al outcomes

- Fear of Al making mistakes

- Efficiency in decision-making

- Faster decisions

- Time-saving

- Al-driven automation

- Immediate feedback

- Availability heuristic

- Anchoring bias

- Representativeness heuristic

- Over-reliance on Al predictions

- Risk aversion

- Risk-taking behavior

- Risk aversion towards Al

- Trust in Al in risky decisions

- Al’s role in risk mitigation

- Decision errors in risk assessment

- Al-induced emotional responses

- Fear of loss through Al

- Overreaction to potential losses

- Al-driven decision-making in uncertain conditions
- Framing of Al outcomes

- Impact of framing on decision-maker's perception
- Al's role in presenting choices

- Loss/gain framing in Al-driven recommendations
- Allocating resources using Al

- Separating investments and savings in Al suggestions
- Influence of Al on budgeting decisions

- Cognitive ease with Al systems

- Predictive analytics in decision-making

- Al's accuracy in forecasting

- Data-driven predictions

- Use of past behavior to inform future choices
- Outcome predictions

- Al in multi-criteria decision-making

- Multi-agent Al systems

- Al's role in managing trade-offs

- Decision-making under uncertainty

- Complexity in Al algorithms

- Decision support tools

- Al as a second opinion

- Al's influence on human decision-making
- Decision automation systems

- System recommendations vs. human judgment
- Ethical responsibility in Al

- Al transparency

- Who’s responsible for Al errors?

- Ethical concerns in Al decisions

- Al and human oversight

- Al's influence on individual choice

- Decision-making autonomy

- Al vs. human judgment

- Substitution of human decision-making

- Loss of personal agency
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4.3. Bias in Al Systems - Algorithmic bias
- Bias in Al training data
- Discriminatory Al decisions
- Inadequate representation of minorities
- Impact on social equity
4.4. Ethical Concerns in Behavioral Economics - Ethics of nudging in Al systems
- Al-driven behavioral manipulation
- Ethical boundaries in persuasive Al
- Behavioral economics and consumer protection

Perception of Al in Decision-Making

Trust in Al emerged as a significant theme, where participants expressed varied levels of confidence in Al’s capabilities.
Many participants conveyed a belief in the reliability of Al algorithms, particularly in reducing human error in decision-making.
One participant shared, “I trust Al because it takes out the emotion and human bias, making decisions based purely on data”
(P13). However, emotional trust was also a recurring concern, as some participants expressed hesitations about depending
entirely on Al: “I’m skeptical of Al when it’s making decisions in high-stakes scenarios. I don’t think I’1l ever fully trust it”
(P7). The role of human collaboration with Al also came up frequently, with several respondents emphasizing the importance
of human oversight: “Al is a great tool, but I’d never let it make the final call on my own” (P21).

Participants also acknowledged AI’s potential in mitigating cognitive biases in decision-making. Many felt that AI’s data-
driven approach could reduce common biases such as anchoring or availability heuristics. One participant noted, “Al helps
avoid the cognitive shortcuts that I, as a human, would typically take. It forces me to consider all the facts” (P18). On the other
hand, some participants noted that Al might introduce its own biases, stating, “Al can be just as biased as humans if the data
it’s trained on is flawed” (P3).

Finally, several participants highlighted the importance of awareness of AI’s limitations. Despite their trust in Al, there was
a recognition of its interpretability and transparency issues. One participant said, “Sometimes Al gives me results that don’t
make sense, and I wish I understood the reasoning behind it” (P11). The awareness of Al’s limits was particularly noted in
high-risk situations, where some were less willing to rely on Al alone: “I’d trust Al for basic things, but for big financial
decisions, I need more than just what the machine tells me” (P26).

Behavioral Economics Influences

In the domain of cognitive heuristics, participants reflected on the powerful role Al plays in shaping decision-making
processes. Many discussed how Al could counteract heuristics like the availability or representativeness heuristic by offering
more comprehensive, data-backed options. As one interviewee mentioned, “Al doesn’t jump to conclusions like I might do—
it processes so much more data to offer a better choice” (P17). However, participants also raised concerns about over-relying
on Al, with one noting, “You can’t just trust the algorithm because it could be using biases I don’t even know about” (P9).

The theme of risk perception and Al was prominent in the interviews, with several participants voicing mixed feelings about
AT’s role in managing risk. While some participants felt more confident in AI’s ability to reduce risk, others expressed a deeper
wariness. One participant shared, “I like the idea of Al predicting risk, but when it’s too certain, it makes me uneasy. What if
it’s wrong?” (P4). Another said, “Al can help me take more calculated risks, but it also removes the human judgment that’s
necessary in some situations” (P19). This uncertainty surrounding Al in high-risk contexts was echoed by many.

The concept of loss aversion was also explored in relation to Al, with participants describing how Al could influence
emotional responses to potential losses. Many found that AI’s recommendations helped them avoid emotional overreactions,
particularly in financial decisions. As one participant noted, “Al tells me exactly what will happen if I make this decision—it
takes the fear of loss out of the equation” (P22). Yet others cautioned that, “Al can’t understand my emotional reaction to a
potential loss. Sometimes I need that human element to judge the situation better” (P8).

Framing effects also emerged as a noteworthy theme in the participants’ responses. Several individuals described how Al
could influence their choices through the way information was presented. One participant remarked, “If Al presents options in
a positive light, I’'m more likely to go with it. It frames the situation as an opportunity rather than a risk” (P15). Another said,
“I notice that Al often gives me recommendations with a positive spin, which makes it easier for me to decide” (P12).
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Finally, participants discussed mental accounting and Al's role in structuring financial decisions. Some found that AI’s
ability to categorize and separate financial decisions was particularly helpful. As one participant said, “Al helps me separate
my spending, investments, and savings without me having to think too hard about it” (P20). This compartmentalization of
resources was noted as a significant factor in promoting better financial management.

Al-Driven Decision-Making Models

In terms of Al and predictive modeling, participants expressed a general belief that Al could predict outcomes with greater
accuracy than humans could. Many emphasized the importance of Al in forecasting trends, particularly in business and finance.
One participant noted, “Al has a better understanding of the market trends, and it helps me make decisions I wouldn’t be able
to otherwise” (P23). Despite this confidence, there was also a sense of caution, as one participant warned, ‘“Predictive models
are only as good as the data they’re based on. If the data’s wrong, the prediction’s wrong” (P16).

Participants discussed AI’s integration into complex decisions, highlighting how Al could manage multi-faceted decisions
involving multiple stakeholders. One interviewee commented, “Al handles the complexity better than I do, especially when
there are too many variables to consider” (P14). However, others noted the challenges of integrating Al into decisions involving
unpredictable human behavior: “Al is great for data-driven decisions, but it struggles when human unpredictability comes into
play” (P5).

Al-assisted decision support systems were frequently mentioned as tools that helped individuals make decisions in uncertain
situations. A participant explained, “Al doesn’t replace my judgment; it supports it. It’s like having a second opinion, but I’m
still the one making the call” (P10). Another said, “I use Al recommendations as a guideline, not a rule” (P28), reflecting a
sense of balance between human expertise and Al assistance.

Ethical and Social Implications

Participants highlighted the importance of accountability in Al decisions, expressing concerns about who should be held
responsible for AI’s outcomes. One interviewee raised the question, “If AI makes a wrong decision, who do I blame? The
developer, the user, or the machine itself?” (P6). This ambiguity around accountability was echoed by others, who stressed the
need for clearer guidelines on responsibility. One participant added, “There’s a lot of potential for Al to make mistakes, and |
don’t know if we’re ready to address the consequences” (P24).

The issue of Al's impact on human autonomy was a central ethical concern, with several participants worrying that Al could
undermine personal choice. One stated, “I don’t want Al to dictate my choices. It’s fine as a suggestion, but the final decision
should always be mine” (P25). Another shared, “The more Al makes decisions for us, the less control we have. We need to
preserve our autonomy” (P27). These concerns about losing control to Al were common throughout the interviews.

Finally, bias in Al systems raised ethical concerns about fairness and equity. Many participants were aware of Al's potential
to perpetuate existing biases in training data, especially concerning marginalized groups. One participant pointed out, “If Al is
trained on biased data, it will just reinforce those biases. And that’s a huge ethical issue” (P2). Others noted the risk of Al
reinforcing societal inequalities, with one saying, “I worry that Al might make decisions that benefit the privileged while
disadvantaging others” (P18).

4. Discussion and Conclusion

The results of this study reveal several important insights into the intersection of Artificial Intelligence (Al) and behavioral
economics in decision-making. Specifically, our findings highlight how Al systems influence human decision-making, the
ways in which human cognitive biases are either mitigated or exacerbated by Al, and the factors that contribute to trust in Al-
driven decisions. These results provide a deeper understanding of the behavioral mechanisms at play in Al-assisted decision-
making contexts, offering important contributions to both Al research and behavioral economics.

Our study finds that Al systems significantly impact the decision-making process, especially in complex environments
where human decision-makers may face information overload or uncertainty. Participants reported that Al recommendations,
particularly in high-stakes scenarios, were often perceived as more objective and rational than human decisions. This finding
aligns with the research by Elder et al. (2022), who argue that Al can reduce cognitive biases like overconfidence or emotional
decision-making by processing data based on objective algorithms rather than subjective judgment (Elder et al., 2022). Al's
ability to offer data-driven solutions in environments with limited information, such as financial or healthcare decision-making,
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was highlighted as an advantage. In these contexts, Al was seen as capable of identifying patterns and predicting outcomes that
would be difficult for humans to discern (Davianto, 2022).

However, the findings also point to a significant challenge: while Al is often viewed as more reliable than human judgment,
its reliance on data quality and the potential for embedded biases can sometimes lead to problematic outcomes. For example,
some participants expressed concerns about AI’s tendency to perpetuate existing biases, particularly if the underlying datasets
are biased or incomplete. This observation aligns with Aoujil (2023), who emphasizes the risks of Al systems amplifying biases
in decision-making, particularly in areas such as hiring, healthcare, and law enforcement, where fairness is crucial (Aoujil,

2023). These findings underscore the importance of ensuring that Al systems are trained on diverse, representative data and
are subject to ongoing scrutiny to avoid perpetuating systemic biases.

Another key finding of the study is the role that human cognitive biases play in the acceptance or rejection of Al-driven
decisions. Participants reported that Al was effective at mitigating certain cognitive biases, such as anchoring and framing
effects. AI’s ability to present information in a neutral and systematic way was viewed as an important factor in reducing these
biases. As Li et al. (2023) argue, Al systems can remove emotional influence from decision-making by focusing solely on data.
Our findings corroborate this, with participants noting that Al recommendations were less likely to be influenced by prior
information or subjective interpretation (Li et al., 2023).

However, the study also found that Al could exacerbate other biases, such as the over-reliance on automation and trust in
machine learning systems. Some participants indicated that, despite understanding the limitations of Al, they were inclined to
trust Al-driven decisions more than their own judgment. This phenomenon is consistent with the research by Jiang et al. (2023),
who identify an increased reliance on Al as a potential problem in contexts where human oversight is necessary (Jiang et al.,
2023). This heightened trust in Al decisions could be attributed to the perception of Al as a more rational decision-maker, even
when the system may not fully understand the nuances of human behavior or context (Gualdi & Cordella, 2021).

Trust emerged as a central theme in our study, with participants consistently reporting that the level of trust in Al systems
was directly related to the transparency and explainability of the Al's decision-making process. Participants who had access to
clear explanations of how Al systems arrived at their recommendations were more likely to trust the decisions made by the Al.
This finding is in line with Tiwari (2023), who highlights the importance of explainable Al (XAl) in fostering trust among
users. When participants understood the rationale behind Al's decisions, they were more inclined to accept and integrate those
decisions into their own thought processes (Tiwari, 2023).

On the other hand, a lack of transparency in Al's decision-making process led to skepticism and hesitation. Some participants
noted that they would feel more comfortable with Al systems if they were able to verify the reasoning behind the system's
recommendations. This finding aligns with the work of Bankins et al. (2022), who argue that transparency and accountability
are crucial factors in building trust in Al systems. This perception of Al as a “black box” can undermine its credibility,
particularly when decisions have significant consequences, such as in legal, medical, or financial contexts (Bankins et al.,
2022).

Our results also illustrate the intersection of Al and behavioral economics, particularly with regard to human biases in
decision-making. As discussed earlier, the Al systems in this study were effective in mitigating certain cognitive biases, such
as anchoring, but could also reinforce others, such as over-reliance on the machine. This is consistent with the theoretical
framework of behavioral economics, which suggests that individuals often make decisions that are not purely rational due to
psychological and emotional influences. The interaction between Al and these biases is complex and context-dependent, as
both Al systems and humans can introduce biases into the decision-making process (Li et al., 2023). For instance, the way Al
frames information could influence decision-makers’ choices in ways that may not align with optimal decision-making
strategies. This calls for a more nuanced approach to designing Al systems that account for both human and machine-based
biases.

While this study provides valuable insights into the intersection of Al and behavioral economics, there are several limitations
to consider. First, the sample size of 29 participants, although adequate for a qualitative study, may not fully capture the
diversity of opinions and experiences across different industries or demographic groups. Future studies with larger and more
diverse samples could provide a broader understanding of the ways in which Al and behavioral economics interact in decision-
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making contexts. Additionally, the participants in this study were recruited from online platforms, which may have introduced
a bias in terms of technological familiarity and access. As Al is often used in high-tech sectors, future research could benefit
from including participants from a wider range of industries to capture the full spectrum of perspectives.

Another limitation of this study is that it relied on semi-structured interviews as the primary method of data collection. While
this approach allowed for in-depth exploration of participants’ experiences and opinions, it may have been influenced by the
interviewer's own biases or assumptions. Future research could incorporate multiple methods, such as surveys or experiments,
to triangulate findings and reduce the potential for bias. Furthermore, this study focused primarily on the perception of Al in
decision-making processes, but it did not measure actual decision outcomes. Future studies could investigate how Al-driven
decisions compare to human decisions in terms of accuracy and effectiveness, providing a more comprehensive evaluation of
AT’s impact.

Given the complexity of the topic, future research could explore several important areas that were not fully addressed in this
study. One promising direction would be to examine the long-term effects of Al-driven decision-making on human behavior.
As participants in our study reported that they were more likely to trust Al systems over time, it would be valuable to investigate
whether prolonged exposure to Al results in a reduction in critical thinking or an over-reliance on machine recommendations.
Longitudinal studies could help shed light on how individuals' decision-making behaviors evolve as they interact more
frequently with Al systems.

Additionally, research could focus on understanding how Al systems can be designed to minimize the reinforcement of
cognitive biases, especially in high-stakes contexts. While our study identified some areas where Al mitigates biases, such as
anchoring, there are other biases, such as the overconfidence bias, that Al could potentially reinforce. Designing Al systems
that incorporate behavioral economic principles to counteract these biases would be an important area of future exploration.
Moreover, the ethical considerations surrounding AI’s role in decision-making—particularly in sensitive sectors like
healthcare, criminal justice, and hiring—deserve further investigation. Understanding how to ensure fairness, transparency, and
accountability in Al systems is crucial for gaining widespread acceptance of Al-driven decision-making tools.

In practice, organizations seeking to integrate Al into decision-making processes must consider several factors to ensure the
successful adoption and utilization of Al systems. First, transparency and explainability are essential in building trust in Al
systems. Organizations should prioritize the development of Al models that are not only accurate but also easy to understand
and interpret. Providing users with clear explanations of how Al makes decisions will help alleviate concerns about the “black-
box” nature of Al and encourage greater acceptance of its recommendations.

Moreover, organizations should ensure that their Al systems are continuously monitored and updated to account for any
biases that may arise from flawed or outdated data. This is particularly important in sensitive areas such as hiring, healthcare,
and finance, where biased decisions could have serious consequences. To promote fairness, Al systems should be regularly
audited for bias and discrimination, with adjustments made as necessary to ensure equitable outcomes for all stakeholders.

Lastly, organizations should provide training and support to employees to help them understand the limitations of Al systems
and how to use them effectively in decision-making. While Al can enhance decision-making, it is crucial to maintain human
oversight and judgment, particularly in contexts where empathy, creativity, or contextual understanding are required. By
fostering a collaborative relationship between human decision-makers and Al systems, organizations can maximize the benefits
of Al while mitigating potential risks.
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