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The growing integration of artificial intelligence (AI) into society raises questions about its role: Should it

be tools, assistants, or partners? Understanding people’s psychological responses to AI agents is key to

this debate. It is crucial for designing socially acceptable AI agents and sheds light on fundamental

psychological processes, including social cognition, moral psychology, and social influence.

There is great interest in the research of autonomous decision-making capabilities of AI, which is

especially active in healthcare and finance. For example, AI has proven effective in healthcare tasks like

image-based cancer detection (Avendaño et al., 2023; Jones et al., 2022), disease prediction (Tasin et al.,

2023; Zeng et al., 2022), and drug development (Soni & Hasija, 2022). In finance, AI applications include

automated credit scoring (Gsenger & Strle, 2021), fraud detection (Cecchini et al., 2010), and investment

decisions (Agrawal et al., 2019). Particularly in these fields, but also in many others, people encounter

complex and morally significant decisions. AI proves useful by facilitating such decision problems that

involve hundreds of decision factors with exponential combinations (Xu et al., 2020). Therefore, research

has concentrated on developing formal theories and technologies to improve decision-making by adapting

human capabilities for machine use (Xu et al., 2020) alongside exploring perceptions of AI’s moral

decision-making (Malle et al., 2015).

Alongside studies on AI decision-makers, artificial advisors are becoming increasingly popular (Hanson

et al., 2024; Straßmann et al., 2020), signaling a potentially more imminent role for AI (Belazoui et al.,

2022; Goel et al., 2023; Hwang et al., 2020; Kim et al., 2023). However, understanding how people use

and rely on algorithms and artificial agents is crucial for developing socially acceptable and beneficial

technologies. Consequently, this paper will focus on examining people’s perceptions of AI advisors. I will

delve into both explicit and implicit reactions to AI advisors, along with the factors that mediate these

reactions. The initial chapters will provide an overview of AI advisors, exploring public reactions and

perceptions, thus setting the stage for subsequent studies and analysis.
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Chapter 1: AI Advisors

In many aspects of life, people rely on the help of advisors to make better-informed decisions, such as

those concerning medical treatments or financial investments. As Artificial Intelligence becomes more

prevalent, the role of AI advisors is expanding, either complementing or replacing traditional human

experts or social circles. Such an integration of human insight and AI’s computational capabilities may

enhance decision outcomes. This collaborative approach, known as AI-assisted decision-making,

leverages the unique strengths of both humans and AI agents (Zhang et al., 2020).

A notable field for AI-assisted decision-making is healthcare, where advisors can offer consistent

guidance (Kim et al., 2023), targeted interventions (Belazoui et al., 2022), and help with the interactive

collection of health information (Hwang et al., 2020). Beyond healthcare, AI advisors are advancing in

various sectors. In finance, they assist in financial forecasting and provide insights for investment

decisions, including portfolio optimization (Day et al., 2018; Goel et al., 2023). Similarly, in the legal

sector, AI assists in court decisions, notoriously exemplified by the COMPAS criminal risk algorithm,

which has faced criticism for its inaccuracies and biases (Dressel & Farid, 2018). These examples

highlight that while AI applications are promising, they are not always accurate or beneficial. Therefore,

it is crucial that individuals learn to appropriately rely on artificial advisors and discern between correct

and incorrect guidance (Schemmer et al., 2022).

However, research has shown that human perceptions of AI are influenced by many factors that involve

more than merely accepting or rejecting suggestions. People may react differently to the same advice

from different advisors. For example, in moral dilemma scenarios like the Trolley Problem, robots are

often blamed more for inaction than humans making the same decision (Hanson et al., 2024). This

discrepancy underscores how the interplay between the source and content of advice influences

judgments, which is essential for effectively developing and utilizing AI-driven systems (Bailey et al.,
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2023; Schilbach et al., 2013). Empirical research came up with conflicting explanations on how

algorithmic sources affect decisions. They may lead to an over-reliance due to their perceived objectivity,

often resulting in "algorithm aversion." Conversely, there might be a reluctance to use algorithmic support

even in cases where algorithms might outperform humans, a phenomenon often labeled as "algorithm

appreciation." In the following section, I will delve deeper into the conditions that lead to the rise of either

phenomenon and underscore the multifaceted nature of human responses to AI guidance.

Algorithm Aversion versus Appreciation

Algorithm aversion describes people's hesitance to trust or rely on AI for advice (Dietvorst et al., 2014;

Jones-Jang & Park, 2023). This is especially evident in areas traditionally dominated by human judgment.

For example, in medical settings, patients often prefer the recommendations of a human physician over

those from a computer program, as people trust the physician to give better and more personalized advice

(Promberger & Baron, 2006).

Several factors contribute to this phenomenon. People perceive artificial advisors as less capable of

recognizing individual traits and circumstances than humans. This aversion tends to diminish when AI is

framed as offering personalized care or when the AI is advising other patients rather than oneself

(Longoni et al., 2019). This aligns with previous aversion findings suggesting that algorithms are

perceived as dehumanizing or incapable of comprehending qualitative data (Grove & Meehl, 1996).

Additionally, people tend to judge AI more harshly for mistakes compared to humans making the same

errors (Renier et al., 2021). This discrepancy stems from the rapid decline in trust when people observe

AI making errors. For example, trust in AI forecasters decreases more quickly than human forecasters

after mistakes, even though AI may show superior forecasting accuracy overall (Dietvorst et al., 2015).

Furthermore, people might have more general concerns about adopting AI technologies. Studies show that
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people fear unemployment and are not comfortable with computers outperforming humans, influenced by

their limited understanding of how algorithms work (Grove & Meehl, 1996).

In contrast, recent research suggests the emergence of an opposing trend known as algorithm

appreciation, wherein individuals exhibit a greater reliance on AI compared to human advice (Hou &

Jung, 2021; Logg et al., 2019; Schecter et al., 2023; Thurman et al., 2019). This concept was first

introduced by Logg et al. (2019) when they demonstrated that individuals were more inclined to follow

algorithmic advice across various subjective and objective tasks. For instance, participants preferred

algorithmic guidance in tasks ranging from visual weight estimation to forecasting the popularity of

songs, illustrating the breadth of algorithm appreciation across both objective and subjective domains

(Logg et al., 2019). People’s reliance on algorithms during estimation tasks further increases when

prediction performance is present with minimal cognitive load, even when human and artificial advisors

offer identical advice (You et al., 2022).

Overall, these two lines of findings, algorithm aversion and algorithm appreciation, suggest divergent

systematic behaviors when individuals receive advice from AI versus humans. Therefore, their

recommendations on how to best incorporate artificial agents differ. For example, increasing transparency

about limitations of AI could be used to combat blind trust, whereas transparency on how AI generates

personalized advice could mitigate aversion. Thus, I will introduce factors that underlie these phenomena

in the following section.

The Emergence of Algorithm Aversion and Appreciation

Numerous factors influence the emergence of algorithm aversion or appreciation. Even in nearly identical

decision-making scenarios, altering how human and AI advisors are portrayed can generate results that

support either phenomenon (Hou & Jung, 2021). In this study, the researchers elicited algorithm
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appreciation by presenting the artificial advisor as more competent than the human advisor. Conversely,

shifting expert power to human advisors through subtle changes in their descriptions led to algorithm

aversion. The key was the relative expert power attributed to each advisor, determining whether algorithm

aversion or appreciation occurred. Therefore, presenting these agents as holding some expert power is

crucial to fostering trust in artificial agents. This portrayal doesn’t have to be explicit or verbal to shift

people’s perceptions. For instance, the credibility of Apple’s Siri is perceived as low due to frequent

errors in everyday interactions, which impacts how users respond to its advice. Even when it was

presenting high-credibility information about the COVID-19 vaccine, using Siri’s low-credibility voice in

an experiment lead to reduced adherence to the advice (Dai et al., 2023).

Another crucial aspect to consider is the nature and architecture of algorithms. The lack of transparency

surrounding machine learning, often described as the "black box" design, significantly contributes to

aversion (Kayande et al., 2009). For example, when developers explain the workings of an algorithm and

demonstrate how the system aligns with a shared vision and purpose, it can enhance trust in the artificial

agent (Goodwin et al., 2013). However, the framing and extent of this explanation are crucial in

alleviating aversion. While straightforward explanations can foster trust, complex descriptions of

algorithms can still evoke unease (Stein et al., 2020). Additionally, there is a misconception that machines

are incapable of learning, further exacerbating algorithm aversion (Dietvorst et al., 2015). However, when

developers demonstrate the learning capabilities of an artificial system, it can enhance trust and reliance

(Berger et al., 2021).

The anthropomorphism of artificial agents significantly influences users' perceptions. Agents that exhibit

human-like characteristics tend to receive greater dependence and trust (Pak et al., 2012). This

anthropomorphism extends beyond mere visual resemblance to humans, incorporating elements such as

sound, language, and perceived liveliness (Pak et al., 2012; Stein et al., 2020). For example, synthesized

voices are frequently perceived as less trustworthy and less likable (Dai et al., 2023; Kühne et al., 2020).
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Moreover, the anthropomorphic qualities of artificial agents enhance users' perceptions of social presence,

enhancing trust and enjoyment, thereby increasing their intention to use the agent as an advisor (Qiu &

Benbasat, 2009).

Finally, in addition to the characteristics of the artificial agent, the type of task also plays a crucial role in

the emergence of algorithm aversion or appreciation. Research shows that subjective tasks, such as

evaluating art or making hiring decisions, often reduce reliance on algorithms because individuals

mistakenly believe that algorithms are incapable of handling these nuanced tasks (Bower & Steyvers,

2021; Castelo et al., 2019). Conversely, in utilitarian tasks, where the goals are clear and quantifiable, like

calculating loan eligibility or optimizing supply chain logistics, AI recommenders are perceived as more

competent than human recommenders (Longoni & Cian, 2022). However, these task-dependent reactions

can be moderated by changes in factors mentioned above, like anthropomorphism (Castelo et al., 2019).

Moreover, recent studies indicate that individuals’ processing of AI-generated information may not align

with their affective responses—such as liking or trust—towards the AI (Bower & Steyvers, 2021; Liu &

Moore, 2022; Renier et al., 2021). This dissociation adds complexity to the interpretation of findings

related to aversion and appreciation, suggesting that developers must consider the interactions of multiple

factors and varying responses to develop agents that generate an appropriate amount of trust and reliance.

The Role of Dual-Path Frameworks in AI Persuasion Research

The persuasion literature has long been interested in the extent to which individuals rely on heuristic cues

versus engaging in more effortful processing of message content. Researchers have aimed to understand

how these features interact to create persuasive influence. For example, involvement—which occurs when

topics are personally significant or when recipients feel their opinions have important

consequences—impacts persuasion outcomes, though with conflicting results. Chaiken (1980) observed

that involvement could either enhance or diminish attitude changes, depending on heuristic cues, source

6

https://www.zotero.org/google-docs/?flS9Mo
https://www.zotero.org/google-docs/?flS9Mo
https://www.zotero.org/google-docs/?SkfIfc
https://www.zotero.org/google-docs/?SkfIfc
https://www.zotero.org/google-docs/?PoH4tD
https://www.zotero.org/google-docs/?yX5AbC
https://www.zotero.org/google-docs/?1B608q
https://www.zotero.org/google-docs/?1B608q
https://www.zotero.org/google-docs/?ck2pmf


expertise, and the content of the message. Such complexities have led to the development of dual-path

frameworks such as the heuristic-systematic model (Chaiken et al., 1989) and the elaboration-likelihood

model (ELM; Petty & Cacioppo, 1986). These models provide insights into how people process

persuasive messages, distinguishing between central (deliberative consideration of content) and peripheral

(relying on affect and heuristics) processing routes. I am particularly inspired by these dual-path

frameworks because they might offer a structured approach to explaining the conflicting results in the

literature on algorithm aversion and appreciation.

While my studies don’t use the specific tasks of the persuasion literature, I am using them as a guide to

interpret my findings of dissociated responses to AI advisors. Various factors previously discussed—such

as perceived advisor expertise—might trigger different processing paths depending on their emphasis.

When expertise is explicitly mentioned, for example, it serve either as a central cue that prompts

individuals to engage in effortful processing of the message content; however, if left implicit, it can also

serve as a peripheral cue that influences the general liking or distrust of the information source. In my

studies, I interpret persuasive message effects as indicating central information processing and AI versus

human advisor source effects as indicating the peripheral processing route. Dual-path frameworks offer

valuable terminology for exploring how responses to advice may vary between human and AI advisors.

Recent studies support this dynamic, showing that individuals adopt distinct strategies when interacting

with AI-generated advice. Certain properties of the advisor, their tasks, and environments might lead to

central processing, encouraging individuals to thoroughly evaluate the content and implications of AI

advice, while in other contexts, they might depend on peripheral cues, such as the AI’s anthropomorphic

features or the task nature. The central-peripheral distinction helps explicitly account for these variations,

explaining how specific attributes of AI can lead to different changes in behavior and trust levels. Here, it

is also crucial to distinguish between reliance (shifts in behavior) and trust, as while they can be closely

related, they are driven by different factors. Trust is mainly a subjective construct, developed from

7

https://www.zotero.org/google-docs/?YYvLEK
https://www.zotero.org/google-docs/?xJhRzw


expectations of the agent’s capabilities, reliability, sincerity, and integrity (Malle & Ullman, 2021; Mayer

et al., 1995), whereas reliance pertains to the decision to act on the advice, influenced by trust, but also

convenience, necessity, etc. In the following chapter and the discussion of Study 1, I explore how

dissociated paths and trust measurements inform my research in greater detail.

Chapter 2: Scope of Studies

In my research, I explored how people respond to legal advisors by applying a framework that

distinguishes between dissociated paths of central information processing (effects from persuasive

messages) and peripheral processing (differences in responses to AI versus human advisors) routes. In this

chapter, I will discuss the role of AI advisors in the legal domain, emphasizing their promising potential.

Subsequently, I will provide an overview of my studies.

AI Advisors in the Legal Domain

While much of the existing research on AI has focused on event forecasting (Logg et al., 2019; Önkal et

al., 2009)l and medical diagnostics (e.g., Longoni et al., 2019; Promberger & Baron, 2006), only a limited

number of studies have examined its use in legal proceedings, despite increasing real-world applications

of AI in law (Al-Alawi & A-Lmansouri, 2023; Angwin et al., 2016; Roberts, 2023; Wang, 2020). AI

holds promising potential in the courtroom, ranging from predicting trial outcomes to mitigating language

barriers and predicting recidivism. Adapting AI to various legal cultures and systems may pose

challenges, yet a well-implemented AI judiciary system could reduce biases, make proceedings more

efficient, and lead to more informed decisions, benefiting all parties involved (Al-Alawi & A-Lmansouri,

2023). While people might be open to using algorithmic legal support, they remain averse to completely

surrendering their decision-making authority to machines (Chugunova & Sele, 2022). Therefore, it is

important to explore the various roles AI could play as an advisor in legal proceedings and the different
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responses to it to ensure that the use of this technology yields favorable outcomes. While the reality of AI

implementation in the legal field is still in its infancy, my research explores hypothetical, optimal

scenarios involving AI advisors equipped with extensive knowledge bases and natural language

capabilities to inform the development of technologies.

There is an intrinsic link between moral judgment and legal decision-making, as individuals’ lives and

social standings are at stake. Even though morally competent artificial agents are not yet fully

implemented, empirical insights show differences in moral responses to AI and human advisors (Malle et

al., 2019). They suggest that while people adjust their moral responses to human agents based on

circumstances and justifications, their rationales for AI behavior are different, often because they do not

readily see artificial agents as part of social structures. However, when individuals are reminded of the

social contexts in which AI operates, they are more likely to modify their moral judgments accordingly

(Malle et al., 2019). Understanding how individuals respond to AI advisors in morally charged legal

contexts is crucial, especially as allowing individuals to choose which norms to apply to AI advice could

lead to unpredictable judgment asymmetries, potentially causing misunderstandings or misplaced trust.

Effective integration of (legal) AI advisors requires that individuals make informed and appropriate

evaluations of the advice they receive. Therefore, my research draws from the literature on the moral

competence of AI and employs a trust measure capable of discerning between performance and moral

trust in Studies 2 and 3.

Design of the studies

Through a series of three studies, my thesis investigates people’s responses to legal advisors—both human

and artificial. The research framework employs a dual-path approach, which distinguishes between

central information processing and peripheral processing, to assess how individuals form judgments and

make decisions in legal AI advising contexts. Each study presents participants with carefully crafted legal
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dilemmas, where two conflicting decisions (e.g., granting parole or not) are equally plausible, and

participants provide their baseline support ratings (i.e., their initial stance). Participants then encounter

arguments from either a human or AI legal advisor, favoring one decision or the other, and update their

support. The changes from baseline to updated support measured how much participants shifted in the

direction of the presented argument, constituting a “persuasion effect” (cf. Önkal et al., 2009; Prahl &

Swol, 2021; Sniezek & Buckley, 1995, for similar paradigms). By measuring changes in participants'

support for each decision, as well as their affective responses in terms of approval and perceived

trustworthiness, the research explores potential differences in how individuals process information (the

argument) and react affectively (approval and trust) when influenced by human versus AI advisors.

The studies use various scenarios and argument presentations to examine potential aversion, appreciation,

and dissociated response routes toward AI advisors. Pretests ensured the credibility of the legal dilemmas

presented, with a careful selection of cases featuring equal support for each decision. Designs differ

slightly across the three studies. Study 1 presented participants with two legal cases featuring the same

type of advisor (human or AI). Study 2 focused on one case with opposing arguments from human and AI

advisors and trust ratings, and Study 3 explored the effects of varying argument strengths within a single

case. This comprehensive approach is helpful in developing an understanding of how individuals react to

AI advisors in a legal decision-making context, ranging from simple responses to more complex

interactions.
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Chapter 3: Study 1 - Responses to AI Advisors

Methods

Participants
In total, I recruited 217 participants through the online crowdsourcing platform Prolific. The objective

was to secure a minimum of 100 participants for each condition—human or AI advisor—with an

anticipated effect size of d = 0.40 or higher. After excluding 20 cases that didn't pass the bot check, the

analysis included 197 valid participants. Of these, 90 identified as female and 101 as male, with an

average age of 41 years (SD = 14.5). Each participant received $1.00 as compensation for completing the

6-minute survey.

Stimulus Selection

I conducted a pilot study to identify the most suitable stimuli. Initially, I crafted six candidate cases based

on real legal cases (e.g., Clark v. Arizona, 2006; People v. Barnes, 1990; People v. Watson, 1981), each

presenting a challenging decision (e.g., granting parole or not, lenient vs. harsh sentence) where could be

reasonably defended. These cases were broadly categorized into parole, court process, and conviction,

with two instances for each.

During the pilot study, participants encountered three scenarios (one at a time), with each scenario

randomly selected from one of the three categories and the order of categories randomized. Following the

reading of a scenario, participants expressed their level of support for one decision or the other on a

100-point scale, with the poles representing opposing decisions.

I enlisted 162 participants via Prolific for the pretest sample. The results showed that two of the six cases

were promising, as the average support ratings were close to the midpoint of 50. The selected scenarios
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included a parole case (M = 55.4) and an insanity plea case (M = 49.9). Conversely, the remaining

scenarios were excluded due to their support rates averaging over 70.0 across all options and were not

included in the final study.

Procedure and Measures

After the consent procedure, participants are randomly assigned to either the AI or human legal advisor

condition. They received a brief introduction tailored to their assigned condition, outlining the use of legal

advisors, whether AI or human, in legal proceedings as follows:

“The use of [Artificial Intelligence (AI) / legal] as advisors in legal proceedings is an intriguing

possibility. A number of people argue that the [use of AI / it] will make legal decisions less

biased, whereas others argue that it will make them more biased.

We present you with two challenging decision scenarios (shortened from real cases) in which [an

AI / a legal] advisor proposes a certain decision. After each case, we will ask you about your

impressions.”

Next, participants read one Case (either parole or insanity plea, counterbalanced) and expressed their

initial support for the decision (baseline support) using a slider bar. For example, they answered the

question, “How strongly do you believe that Richard K. should or should not be granted parole?” on a

0-100 slider scale, with 0 labeled “Definitely not grant parole” and 100 labeled “Definitely grant parole.”

Following this, participants received a recommendation from their assigned Advisor (AI or human),

endorsing a randomly assigned Argument direction (e.g., for or against parole). Subsequently, participants

indicated their level of support for either direction, now integrating the advisor’s recommendation

(updated support), and expressed their approval of the advisor (“To what extent do you approve of the AI

advisor giving this specific advice?”), both responses were measured on a scale of 0 to 100. An example

illustration of the study's progression up to this point is shown in Fig. 1, with between-subject agent

manipulations separated by square brackets.
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Next, participants received the other case, where the type of advisor stayed the same, but the argument

direction was opposite to that of the first case. Participants completed identical assessments of baseline

and updated support alongside advisor approval for this second scenario. Finally, participants provided

demographic information about age, gender, AI knowledge, and programming experience.

Fig. 1: Experimental material (narrative, arguments, and dependent variables) for Study 1. The between-subjects
manipulation of Advisor (AI advisor or human legal advisor) is indicated by different square brackets; the
between-subjects manipulation of Direction (launch the strike vs. cancel the strike) is indicated by blue square
brackets. The within-subject measures are marked with red titles.
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Results

I conducted separate mixed-design ANOVAs for each legal case, incorporating the between-subjects

factors of Advisor (AI vs. human) and Argument (pro vs. con) and the within-subject factor of Support

change (baseline to updated). For simplicity, I report analyses on the support change scores (which are

mathematically identical to the full mixed-design results).

Participants were slightly inclined towards granting parole (M = 54.6, SD = 27.8), deviating from the

neutral point of 50, t(195) = 2.30, p = 0.023. Conversely, they leaned slightly against accepting the

insanity plea (M = 44.4, SD = 29.8), t(195) = -2.60, p = 0.01. Support ratings for the two cases were

largely independent, r = 0.167 (p = 0.019).

Persuasion Effects

The persuasion effect in my study aims to measure how much participants shifted their support toward the

presented arguments—either pro or con. To achieve this, I initially collected participants' responses to the

scenario (baseline support scores). Subsequently, I asked for their updated support ratings after they

received the advice using the same scale. The difference between these two scores constituted the

persuasion effect. I conducted separate ANOVAs of these change scores for each legal case, predicted by

the between-subjects factors of Advisor (AI vs. human) and Argument (pro vs. con).

In the case of the parole scenario, the support change revealed a persuasion effect of the pro-argument,

increasing support (+5.1 points on a 0-100 scale), and the con-argument, decreasing support (-8.9 points),

F(1, 192) = 65.4, p < .001, η2 = 25.4%. No significant interaction was observed with the type of Advisor,

F < 1, η2 < 0.1%, as the persuasion effect was highly similar for both the AI advisor (d = 1.24) and the

human advisor (d = 1.07). A follow-up Bayesian analysis confirmed that there was strong evidence

against an interaction effect (BF = 0.251).
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The insanity plea case similarly demonstrated a persuasion effect, with pro-arguments increasing support

(+8.8) and con-arguments decreasing support (-7.3), F(1, 192) = 47.9, p < .001, η2 = 20%. There was no

significant interaction with the type of advisor, F(1, 192) = 1.9, p = 0.17, η2 = 1%. However, in a

numerical comparison, the persuasion effect tended to be stronger for the human advisor (d = 1.19) than

for the AI advisor (d = 0.79). A follow-up Bayesian analysis provided no conclusive evidence against an

interaction effect (BF = 0.513).

The similarity of support change between the cases is shown in Fig 2.

Fig 2: Study 1 shows similar persuasion effects for AI and Human advisors in the parole case (left) and the insanity
plea case (right). Error bars are 95% CIs.

Approval

I measured Approval by directly asking participants how much they approved of the advisor after they

provided their updated judgment ratings. While the persuasion effects were equally strong for both AI and

human advisors, participants tended to express less approval toward the AI advisor compared to the

human advisor (see Fig 3).

In the parole case, the AI advisor received an approval rating ofM = 54.1, whereas the human advisor

received a higher approval rating ofM = 62.0, though this difference did not reach statistical significance,
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F(1, 192) = 3.48, p = 0.064, d = 0.27. Similarly, in the insanity plea case, the AI advisor received lower

approval ratings (M = 49.1) compared to the human advisor (M = 59.0), with the difference being

statistically significant, F(1, 192) = 5.47, p = 0.02, d = 0.33. Neither of these approval differences

interacted with the direction of the argument (ps > .28, η2s < 1%), indicating that the variation in approval

was attributable to the type of advisor rather than the argument presented by the advisor.

Approval ratings and support change scores were uncorrelated, both for parole (full sample r = -0.12,

Human r = -0.17, AI r = -0.11 ) and for insanity plea (full sample r = .05, Human r =0.02, AI r = 0.12),

with all ps > 0.11.

Fig 3: Study 1 shows greater approval for the human advisor than for the AI advisor in the parole case (top) and the
insanity plea case (bottom). Error bars are 95% CIs.

Discussion

The two legal cases elicited the intended decision conflict, as predicted by the pilot studies. This was

evident from the sample distribution of support, which was roughly centered on the midpoint of the scale.

However, upon exposure to an advisor's argument advocating for one side or the other, people were
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effectively persuaded, leading to a shift in their support toward the advocated position. Notably, this

persuasion effect was equally strong for human and AI advisors, underscoring the primary influence of

the advice itself rather than the source delivering it. This suggests that there is no discernible pattern of

algorithm aversion or appreciation in scenarios involving central-route information processing, where

individuals carefully consider message contents.

By contrast, approval ratings revealed a different pattern, where participants tended to express lower

approval ratings for the AI advisor than the human advisor, regardless of the argument direction or the

specific legal case. This discrepancy in approval ratings indicates that people had affective reservations of

approximately 8-10 points towards the AI advisor along what we might presume to be a peripheral route.”

Furthermore, support change and approval ratings appeared to be uncorrelated, suggesting that the two

routes of persuasion were independent of each other.

However, this study does not offer a direct comparison between human and AI advisors. Could the

equally sized persuasion effect for both human and AI advisors have been facilitated by the fact that

participants only considered one advisor (and one argument) at a time? To examine this possibility, Study

2 invited people to directly compare the two advisors giving opposing arguments. This setup might

expose affective reservations towards AI, potentially distorting participants' processing of message

content. Drawing from classic source effects in the persuasion literature, people might perceive an

argument presented by a human as more persuasive than the opposing argument presented by AI,

irrespective of the actual content or source (Dai et al., 2023; Feng & MacGeorge, 2010).

In Study 2, I aimed to address another critical aspect: establishing a metric for trust. In the literature, what

I referred to as the “persuasion effect” is commonly known as “advice utilization” and is often considered

a metric for trust in the advisor (Bonaccio & Dalal, 2006; Sniezek & Van Swol, 2001). For example,

decision-makers are inclined to ignore advice if they have doubts about the advisor's trustworthiness, such

17

https://www.zotero.org/google-docs/?4MXHAF
https://www.zotero.org/google-docs/?vbcUHU


as suspecting misaligned goals (Bonaccio & Dalal, 2006). However, it is important to differentiate

between trust and reliance. While trust reflects a subjective expectation of the advisor's capabilities,

reliability, sincerity, and integrity (Malle & Ullman, 2021; Mayer et al., 1995), reliance pertains to the

decision to act on the advice, influenced by factors like trust, convenience, or necessity.

Recent research has shown that trust, as a subjective expectation, is made up of multiple dimensions,

including performance trust (the belief in an agent's competence and reliability) and moral trust (the belief

in an agent's ethical, sincere, and benevolent nature). This multi-dimensional perspective applies to trust

in both humans and machines. By measuring trust in this multi-dimensional manner, I gain insights into

another aspect of AI aversion (or appreciation). Performance trust reflects the agent's capability in

handling content-related tasks, the absence of which appears to be a significant factor in AI aversion (Hou

& Jung, 2021; Parasuraman & Riley, 1997), while moral trust encompasses broader social-relational

capabilities (Law & Scheutz, 2021; Malle & Ullman, 2021). Some studies suggest that people may

particularly reject AI in moral domains (Bigman & Gray, 2018), and given that many legal issues involve

moral considerations, it is relevant to explore this dimension. Therefore, in Study 2, I added a

multi-dimensional trust measure and anticipated that trust, particularly moral trust, would mirror approval

ratings, showing lower levels for AI compared to human advisors. This difference along the peripheral

processing route should contrast with the persuasive effect observed equally for AI and human advisors

along the central processing route.
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Chapter 4: Study 2 - Dissociated Responses to AI

Advisors

In this study, participants encountered a single scenario, but they received counsel from both agents, a

human and an AI advisor, giving opposing arguments. I evaluated the degree to which participants were

persuaded by one or the other advisor. Additionally, I examined approval ratings and trust measures. To

ensure robustness, I counterbalanced other factors, such as pairing each advisor with a specific argument

and varying the order in which advisors presented their arguments.

Methods

Participants

In total, I recruited 247 participants through the online crowdsourcing platform Prolific (participants of

Study 1 were not eligible to participate in this study). After excluding 11 empty responses and 23 cases

that didn't pass the bot check, the analysis included 211 valid participants. Of these, 126 identified as

female and 83 as male, with an average age of 41.6 years (SD = 14.2). Each participant received $1.40 as

compensation for completing the 7-minute survey.

Procedure and Measures

I maintained the same two legal dilemmas used in Study 1, and the measures and procedures remained

similar. However, Study 2 introduced significant changes and additions. Participants were presented with

only one of the cases (either parole or insanity plea), but they received two opposing arguments: one from

a human legal advisor and the opposite one from an AI advisor. These arguments, identical to those used
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in Study 1, have been pretested to ensure comparable persuasive strength, resulting in a strong advice

opposition between human and AI advisors.

Once the participants completed the consent procedure, they received the following introduction:

“The use of Artificial Intelligence (AI) as advisors in legal proceedings alongside human advisors

is an intriguing possibility.

We present you with a challenging decision scenario (shortened from a real case) in which both

human and AI advisors propose a certain decision. After the case, we will ask you about your

impressions.”

Participants proceeded by reading one of the Cases (either parole or insanity plea, counterbalanced) and

indicating their initial support for the decision using a slider bar, mirroring the procedure in Study 1.

Then, they were presented with the argument from the first advisor (human or AI, counterbalanced), who

advocated for one side of the case (randomly assigned to be pro vs. con). Following this first argument,

participants updated their support for the decision and provided their approval ratings of the first advisor,

consistent with the measures employed in Study 1. Next, they encountered the opposing advisor

advocating for the alternative side. Once more, participants updated their support for the decision and

expressed their approval of the second advisor. After this section, participants completed a trust measure

for one of the advisors and then a parallel form of that trust measure for the other advisor (both order and

forms were counterbalanced). A flowchart of the study's progression up to this point is shown in Fig. 4,

which uses the insanity plea case as an example. Finally, participants provided demographic information

and indicated their level of experience with AI and programming.
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Fig. 4: Flowchart for Study 2.
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In the Study 1 Discussion, I delved into the complex nature of trust, emphasizing the need for a more

precise measurement approach beyond simple approval or support change inquiries. Therefore, to capture

the essence of trust, I employed the Multi-Dimensional Measure of Trust (MDMT v2; Ullman & Malle,

2018, 2023), which conceptualizes trust as a multi-dimensional set of expectations regarding the agent's

trustworthy dispositions (Malle & Ullman, 2021). This tool is specifically designed to assess trust in both

human and artificial agents across five dimensions, organized into two major factors: Performance trust

(encompassing Competence and Reliability) and Moral trust (covering Ethicality, Transparency, and

Benevolence).

The MDMT v2 demonstrates strong internal consistency, which is evident at both the factor and

dimension subscale levels. However, due to the high correlations among subscales, I focused my analysis

on the Performance trust and Moral trust factors. Since participants completed the trust measure twice,

once for each advisor, I used the two parallel 10-item short forms of the MDMT. These short forms

feature entirely distinct items but maintain a high level of correlation.

Design and Analysis

Each participant encountered only one of the two Cases (parole vs. insanity plea) and provided baseline

support for the case. After the two arguments, they reported updated support judgments on the case and

approval ratings for both the human and AI advisors. Participants received counsel with one of the

Argument compositions (pro for AI and con for human advisor or vice versa, with the order of advisors

randomized). Thus, Case and Argument were between-subjects factors, whereas Advisor type was

within-subjects. Trust measurements were collected using the MDMT, with the order of forms and

advisors randomized. Overall, I counterbalanced the Argument order (human vs. AI offers argument first),

argument direction (pro vs. con argument first), trust assessment order (human vs. AI trust assessed first),

and trust form (MDMT A vs. B). For the primary analyses, the two cases were examined separately, using

a mixed within-between ANOVA of Advisor × Argument composition × Argument order.
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Results

At baseline, participants exhibited a slight inclination against granting parole (M = 44.7, SD = 26.6),

diverging from the neutral 50, t(104) = -2.04, p = 0.043. Conversely, they were nearly neutral towards

accepting or denying the insanity plea (M = 47.0, SD = 28.8), t(105) = -1.09, p = 0.28.

Persuasion Effects

I began by analyzing the parole case (Fig. 5, left). Overall, support for parole exhibited a slight downward

trend of 1.74 points (p = .064). The anticipated persuasion effect emerged, indicating that individuals who

received a pro-argument updated their support upwards for both the human advisor (M = +2.39) and the

AI advisor (M = +1.33). Similarly, those who received a con-argument altered their support downwards

for both human (M = -5.67) and AI advisors (M = -5.02), F(1, 100) = 44.8, p < .001, η2 = 30.9%. These

patterns are technically interactions, given that the advisors' arguments are consistently opposite in the

study design.

Furthermore, I saw a primacy effect, indicating that the first argument, regardless of its source, was

consistently more persuasive (F(1, 100) = 9.0, p = .003, η2 = 8.2%). Specifically, after being presented

with a pro-parole argument first, individuals increased their support to a greater extent (M = +3.81) than

after being presented with it second (M = -0.15). Conversely, after being presented with the con-argument

first, individuals decreased their support more substantially (M = -8.71) than after being presented with it

second (M = -0.96).

In the insanity plea case (Fig. 6, right), there was a tendency for support for the plea to increase by 2.64

points from baseline (p = 0.11). Once again, a persuasion effect was evident: individuals who received the

pro-argument demonstrated an upward change both for human (M = +8.52) and AI (M = +6.05) advisors.

Likewise, those who received a con-argument underwent a downward change for both advisors, human
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(M = -1.02) and AI (M = -4.03), resulting in a significant effect (F(1, 103) = 17.5, p < .001, η2 = 14.5%).

Notably, no primacy effect has emerged.

Fig 5: Study 2 shows similar persuasion effects (support change from baseline) from AI and human advisors in the
parole case (left) and the insanity plea case (right). Pro-arguments increase support, and con-arguments decrease
support, no matter who advises. Error bars are 95% CIs.

Approval

Similar to Study 1, approval judgments remained distinct from the persuasion effects (see Fig 6). In the

parole case, individuals favored the human advisor more (M = 62.1) than the AI advisor (M = 50.6),

revealing a significant difference (F(1, 100) = 5.65, p = .019, d = 0.41). Similarly, in the insanity plea

case, participants showed greater approval for the human advisor (M = 68.7) compared to the AI advisor

(M = 45.4), with a notable effect size (F(1, 102) = 24.0, p < .001, d = 0.82).

However, an interesting outcome in the parole case was that one condition resulted in nearly equal

approval ratings for both human and AI advisors (see dotted markings in Fig 6, left panel). This occurred
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because, in the parole case, the con-arguments received overall higher approval than the pro-arguments.

Thus, in the condition where the AI's con-argument was contrasted with the human's pro-argument, the

AI's overall approval deficit was offset by the lesser approval for the pro-argument. This exception to the

general lower AI approval did not manifest in the insanity plea case since participants exhibited no

preference for the pro- or con-arguments. The only consistent pattern was that the AI advisor received

lower approval than the human advisor in both cases. Notably, there was no observed order effect

concerning which advisor presented their argument first.

Fig 6: Study 2 shows consistently higher approval for the human than the AI advisor for the same arguments (pro or
con), both for the parole case (left) and the insanity plea case (right). The dotted lines mark a seeming exception
(see text for interpretation). Error bars are 95% CIs.

Trust

Participants completed their trust ratings after providing all support and approval judgments. I report the

aggregated findings of the two cases since the analysis showed no noteworthy differences between them.

The first finding revealed considerably higher overall trust in the human advisor compared to the AI

advisor, F(1, 195) = 46.1, p < .001, η2 = 19.1%. This was evident in both slightly higher Performance trust

in the human (M = 3.45) compared to the AI (M = 3.12), d = 0.43, and substantially higher Moral trust in

the human (M = 3.47) compared to the AI (M = 2.54), F(1, 195) = 44.7, p < .001, d = 0.81.
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As shown in Fig. 8, the deficit in trust toward the AI advisor was mitigated when the AI advisor presented

con-arguments, F(1, 195) = 7.2, p = .008, with an interaction η2 = 3.5%. However, this mitigation effect

was specific to Performance trust, F(1, 195) = 18.3, p < .001, η2 = 8.6%. Interestingly, the distrust toward

the AI advisor was lessened by con-arguments across both legal cases, despite a slight preference for

pro-arguments in the insanity plea case (see Fig. 6). This suggests that trust, similar to approval, is

independent of argument content, as the AI is perceived as more competent when advocating against

parole or against the insanity plea.

In additional analyses, I explored whether the order of presentation of the trust measure had an impact on

the AI trust deficit. Indeed, the deficit in trust toward AI was weaker when AI trust ratings came first:

F(1, 195) = 6.8, p = .01, η2 = 3.4%. This finding suggests that participants, when asked to express trust in

AI first, might have emphasized the positive aspects of AI in contrast to what it lacks, particularly when

compared to human advisors.

The differences in overall approval and trust trends underscore the importance of including the trust

measure, as simple approval or support change does not directly reflect trust, a point also mentioned in the

Study 1 discussion.
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Fig 7: The left panel shows higher trust ratings in the human advisor than the AI advisor in Study 2, especially for
moral trust. The right panel shows mitigation of this AI trust deficit for performance trust when the AI argues
against a decision (dotted circle), no matter which decision.

Relationship Among Measures

Finally, I examined how the three main measures related to each other. Table 1 shows that the

content-based support update is orthogonal to the more affective agent variables of approval and trust, a

pattern observed for both human and AI advisors. As a result, controlling for the affective variables does

not change the results of equal human-AI support updates.

However, there is a close relationship between approval and trust (rs between .46 and .56). Therefore, I

examined whether the measures are redundant. The AI's lower approval decreases from an effect size of

η2 = 11.1% to 5.7% when controlling for the AI's Performance trust deficit, and it decreases to 0% when

controlling for the AI's Moral trust deficit. Hence, the disapproval of AI is primarily rooted in perceived

moral shortcomings rather than perceived competence limitations. The reverse analysis, controlling for

approval in examining the AI trust deficits, shows that the overall trust deficit reduces from 19% to 10%.

However, the greater Moral than Performance trust deficit remains unchanged, as does the mitigation of
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performance trust when the AI offers a con-argument (Figure 7). Thus, approval judgments seem to

reflect trust concerns more than trust concerns reflect approval judgments.

Table 1: Correlations among main measures in Study 2

Support Update Approval Performance Trust Moral Trust

Support Update -0.06 -0.10 -0.05

Approval 0.00 0.53 0.47

Performance Trust 0.02 0.56 0.60

Moral Trust 0.03 0.46 0.74

Note. Human values are in the lower triangle, and AI values are in the upper triangle. For boldfaced
values, p < .001; for all others, p > .05.

Discussion

Study 2 directly pitted opposing human and AI advisor arguments of equal strength against each other.

Using the same legal scenarios as in Study 1, I assessed content-based support judgments (measured as

the difference in support before and after the argument), as well as approval and trust. Consistent with

Study 1, arguments advocating for or against the legal decisions persuaded participants to shift their

judgments, irrespective of whether they originated from a human or AI advisor. However, also akin to

Study 1, participants consistently exhibited less approval for the AI advisor compared to the human

advisor. Furthermore, trust revealed a parallel AI deficit, albeit to a lesser extent in Performance trust

(pertaining to competence and reliability) than in Moral trust (reflecting integrity, transparency, and

benevolence). Hence, the pattern of findings indicates a dissociation between content-based persuasion

(equally strong regardless of the agent's identity) and agent-specific sentiments (showing greater approval

and trust for human advisors over AI).

Under one specific condition (see Figure 8), the unfavorable sentiments toward the AI advisor

disappeared: Performance trust in AI was equal to Performance trust in humans when the AI advocated
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against granting parole or accepting the insanity plea—possibly because opposing such requests conveys

a sense of confidence or expertise. Under one other condition, AI approval increased to the human level

(see parole case in Figure 7), but this pattern is fully explained by the fact that the AI provided advice

aligned with the slightly more popular decision, and the human advisor offered advice contrary to the

popular decision. Thus, the (affective) aversion to the AI advisor was offset by the (cognitive) effect of

the argument. In this particular context, the affective (peripheral) and cognitive (central) processing routes

interacted, despite the overarching trend of dissociation between the two.

The studies so far have been using strong, well-constructed arguments. Could it be that the arguments are

so strong that the source (AI or human) is irrelevant? Is it possible that the observed patterns would differ

if one advisor (or both) presented a particularly weak argument? Moreover, the studies so far have been

using arguments that are closely modeled after the legal case information presented at the outset of the

study. Could the particular attributes of the argument, such as its strength or type, be the primary factor

driving the equal response (support change) to the arguments, overshadowing the source effects? These

were the primary questions motivating Study 3. In addition, I explored whether individuals hold specific

expectations about the types of arguments they might receive from human versus AI advisors. For

instance, if an argument aligns with the common perception of AI as being data- and numbers-driven,

does this alignment increase trust? To explore these possibilities, Study 3 employed a purely

between-subjects design, inviting participants to evaluate cases where they received either a well- or

poorly-constructed argument of one of three possible types: specific to the case at hand, statistical, or

referencing to another case.

Pitting a good argument against a bad argument also offers an opportunity to apply a different theoretical

framework to analyze the observed dissociation: Salmon's (1971) concept of screening-off. This concept

states that in a causal chain from a distal cause (D) to a proximal cause (P) to an effect (E), P is

considered to “screen off” D from E when Pr(E|P&D) = Pr(E|P) ≠ Pr(E|D) (Sober, 1992). In my case, the
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causal chain includes the Advisor (Source, SAI, or SH) as the distal cause, the Argument (Evidence, EGood

or EBad) as the proximal cause, and the Support for the case decision as the Effect. According to the

screen-off principle, if the Argument screens off the Advisor, then both good and bad advice would lead

to the same (differential) Support, regardless of Advisor type. If Pr(A|EGood & SH) = P(H|EGood & SH) and

Pr(A|EBad & SH) = P(H|EBad & SH), it suggests that people are influenced solely by the content of the

argument, disregarding the source. However, if I find no (or only a partial) screening-off effect, it

indicates that both the Advisor and the Argument jointly influence the resulting Attitude.

Chapter 5: Study 3 - Ongoing

In this study, participants engaged in a single scenario where they received counsel from either a human

or an AI advisor. Each advisor presented an argument advocating for either a pro or con decision, varying

in quality (good or bad) and using different types of information (case-specific, statistical, or referencing

another case). The study assessed the extent to which participants were persuaded by the advisor's

argument. Additionally, the research examined participants' approval ratings and trust measures toward

the advisor.

I anticipate that the quality of arguments will have an influence on participants' updated support for

parole, independent of other factors. Drawing from the consistent findings of Studies 1 and 2, where

participants' opinions were similarly influenced by both AI and human advisors, I predict that the impact

of argument quality, irrespective of whether presented by an AI or human advisor, will remain consistent.

Additionally, while considering the differential effects of argument type and direction on updated support,

I do not expect these effects to be moderated by the agent factor (AI vs. human advisor). Furthermore, I

anticipate observing lower levels of moral trust in AI advisors compared to human advisors, regardless of

the strength, type, or direction of the argument. Lastly, I expect to find variations in performance trust

based on the quality of the arguments presented.
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The data collection for this study has not yet been completed. Therefore, I will only present the methods

section below.

Participants

Participants will be recruited through the online crowdsourcing platform Prolific. Planned sample size

calculations are based on the previous AI deficit in trust because the argument comparisons are new, but

we wanted to ensure that the AI deficit, at least for Moral trust, could be replicated. In Study 2, the AI

deficit was d = 0.42 for Performance trust and d = 0.79, so the objective is to secure a minimum of 62

participants in each of the human and AI conditions to detect between-subjects effect sizes of d ≥ .50 at p

< .05 (two-sided) and power ≥ .80 in the cell that replicates Study 2 (good argument quality, current-case

evidence). Since I have six cells total in the 2 (argument quality) x 3 (argument type) design, I will recruit

780 participants, rounding up to account for possible exclusions. For a given argument type, this sample

provides power ≥ .80 at p < .05 (two-sided) to detect argument quality differences (across agents) of d ≥

0.35.

Argument Selection

I crafted arguments of varying quality (good and bad) and type (specific to the case at hand, statistical, or

referencing another case) that were either pro or con towards granting parole (the same scenario used in

Studies 1 and 2).

In a pilot study, participants encountered the parole scenario and gave their baseline support judgments.

Subsequently, they received one of the crafted pieces of advice from a (human) legal advisor, updated

their judgments based on the advice they received, and provided ratings regarding the strength, influence,
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and persuasiveness of the advice. For instance, they answered, “How strong is the advisor’s argument?”

and “How much did the advisor’s argument influence your own opinion?” on a 100-point scale.

I recruited a sample of 287 participants through Prolific for the pretest phase. The findings revealed that

argument quality indeed exerted the anticipated influence, with well-constructed arguments demonstrating

a greater impact. Specifically, all comparisons of good versus bad quality for Con arguments yielded

effect sizes of d ≥ 0.34, but two Pro-argument comparisons (case-specific and reference) did not meet this

threshold. Consequently, for the main study, I clarified the language and strengthened the good-quality

arguments. Furthermore, the considerable overlap between responses to persuasiveness and strength

ratings led me to merge these aspects into a single measure of how convincing the argument was, along

with the influence rating.

Procedure and Measures

I retained one of the legal dilemmas (parole) used in Studies 1 and 2, and the measures and procedures

remain similar. However, Study 3 introduces some notable changes. Participants receive one argument

from either a human or an AI legal advisor. These arguments, different from the ones used in previous

studies, have been pretested to ensure distinction between different quality levels.

Once the participants complete the consent procedure, they receive a brief introduction, tailored to their

assigned Advisor condition:

“[The use of Artificial Intelligence (AI) as advisors in legal proceedings alongside human

advisors is an intriguing possibility.]

We present you with a challenging decision scenario (shortened from a real legal case) in which

an [AI/legal] advisor proposes a certain decision. After the case, we will ask you about your

impressions.”
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Participants proceed by reading the parole case and indicating their initial support for the decision using a

slider bar, mirroring the procedure in Studies 1 and 2. Then, they are presented with an argument from the

randomly assigned advisor (human or AI), who advocates for one side of the case (randomly assigned to

be pro vs. con) with a certain argument quality (good or bad) and type (case-specific, statistical, or

referencing another case), also randomly assigned. Following this, participants reassess their support for

the decision and answer how convincing they find the argument and how much it influenced their support

for the case (order is counterbalanced). Unlike previous studies, participants do not provide approval

ratings. Next, they complete the same trust measure as in Study 2 for the type of advisor they are assigned

to. Finally, participants provide demographic information and indicate their level of experience with AI

and programming.

Design and Analysis

Overall, I have a fully between-subjects design with 2 (Advisor: AI vs. Human) x 2 (Argument Direction:

Pro vs Con) x 2 (Argument Strength: Good vs Bad) x 3 (Argument Type: Case-specific, Statistical, or

Referencing another case) conditions. I will employ ANOVAs to gather evidence for my hypotheses. In

these analyses, updated support will assess the "cognitive" route, while trust measures, particularly moral

trust, will evaluate the "affective" route. Our hypotheses will examine both main effects within the

"case-at-hand evidence" condition as well as possible interactions.

Chapter 6: General Discussion

AI technologies are taking different forms and roles as they integrate into our everyday lives. Among

these roles, their function as advisors holds particular promise and is gaining prominence across diverse

domains, including healthcare, finance, and the military. Despite this increasing prevalence, the legal field

has remained relatively unexplored in terms of understanding the dynamics of interactions between
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humans and potential AI advisors. In this thesis, I examined how individuals respond to advice from

human and AI advisors in legal cases with significant decision conflicts.

I first investigated the persuasive effects of legal advice in parol and insanity plea scenarios and found no

immediate rejection of AI advisors, as the algorithm aversion literature would suggest for a morally

significant domain. People were equally persuaded by the counsel provided by AI advisors as they were

by human advisors. This effect persisted even when human and AI advisors were positioned in direct

opposition to each other in Study 2, presenting conflicting advice on the legal dilemma at hand. However,

people’s approval and trust ratings showed a different trend: people consistently expressed lower levels of

approval and trust in artificial advisors compared to their human counterparts despite being equally

influenced by their advice. This divergence in approval and trust ratings, even in the face of equal

persuasion effect, suggests a potential dissociation between central information processing, which

involves content-based persuasion effects, and peripheral processing, which encompasses affective

responses related to approval and trust.

In Chapter 1, I introduced the concept of separate processing paths within the persuasion literature. In this

project, I apply this dual path framework to address the conflicting findings observed in the phenomenon

of algorithm aversion and algorithm appreciation. Depending on various factors such as the nature of the

task being performed (subjective or objective), the portrayal of the agent providing the advice

(highlighting expertise or not), and the specific outcome being measured (agreement or trust), individuals

may adopt either a central or peripheral processing route. Through the central route, individuals tend to

engage in a more deliberative and analytical evaluation, which can lead to responses that are fair and

perhaps even favorable towards AI. Conversely, the peripheral route often reveals a persistent unease or

discomfort with AI, particularly in domains traditionally associated with human expertise, such as moral

judgments (Bigman & Gray, 2018; Morewedge, 2022).
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While the findings from this study do not necessarily threaten the potential use of AI advisors within the

legal domain, it is imperative that these advisors present their arguments in a clear and comprehensible

manner to ensure effective communication. Moreover, it is crucial to avoid triggering any discomfort or

unease among individuals in their interactions with AI advisors. Even seemingly minor factors, such as

the use of a machine voice or appearance (Dai et al., 2023; Pak et al., 2012), may inadvertently undermine

central processing, leading to potential biases or hesitancy in taking advice from artificial advisors.

Future research should explore whether the publicly available evidence regarding the capabilities and

qualities of AI, particularly within specific domains, could contribute to fostering greater trust and

acceptance among users. Alternatively, it remains to be seen whether familiarity over time will naturally

lead to increased liking and reliance on AI advisors. In the meantime, it is noteworthy that even esteemed

institutions such as the U.S. Supreme Court are closely monitoring developments in this technological

frontier, emphasizing the necessity for “caution and humility” in the use of AI (Roberts, 2023, p.5).

Limitations

While these studies provide new insights into human responses to AI, it is important to acknowledge their

limitations. Even though I selected two distinct legal cases from a pool of six, generalizability to other

legal scenarios remains a question. By design, I presented high-conflict scenarios with well-formed

arguments (Studies 1 and 2), which made the legal advice compelling, regardless of which advisor

conveyed it (Study 3 will investigate this limitation). I also did not provide information on the design of

the artificial agent nor set an expectation of expertise for either advisor. Therefore, it is possible that AI

might have been perceived as less persuasive if its expertise was in doubt, particularly if participants'

expectations for AI-generated arguments were high (Renier et al., 2021).
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Furthermore, participants in these studies were positioned as courtroom observers, tasked only with

providing judgments about the legal decisions presented to them. They were not required to act on these

judgments, nor were they subjected to any potential risks, such as financial loss. To address these

limitations, future research should explore more realistic settings that require direct involvement, such as

placing participants in the role of jurors, where they must make consequential decisions. Additionally,

investigating scenarios involving costly decisions could provide further insights into how individuals

respond to legal advice from both human and AI advisors in real-world contexts.

Additionally, I did not manipulate the anthropomorphism of the artificial advisors in these studies. In

real-life settings, the manner in which AI advice is delivered could impact the outcome. If the non-human

characteristics of the AI are highlighted during the interaction, individuals may become more hesitant to

trust and use the advice provided. For example, if the AI's responses lack warmth or human-like qualities

in their delivery, it could potentially diminish the perceived credibility and trustworthiness of the advice.

Therefore, future research should consider the impact of anthropomorphism on the effectiveness of AI

advisors in influencing decision-making processes to ensure the smoothest integration of the technology.

My focus was on AI advice, rather than AI decision-making, as the advisor role of AI is closer to reality.

However, it is worth noting that people might pose higher standards (e.g., more transparency, higher

accuracy, proven expertise, etc.) to endorse AI decision-makers than AI advisors. This is especially true in

domains where AI has been found to violate fairness norms and engage in discriminatory practices (Burk,

2021; Dressel & Farid, 2018). Additionally, I specifically examined the effects of valid arguments

conveyed by AI (even in low-quality arguments, there is no indication that the evidence is wrong), which

seems to be an optimistic aim for now. While Study 3 results may shed light on how people discern

well-constructed AI advice from badly constructed ones, further research should focus on understanding

people’s reactions to good and bad advice coming from artificial agents.
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For the successful integration of AI technologies, people need to develop the ability to evaluate AI advice

critically, just as they do between good and bad advice when it comes from humans. I hope that my thesis

provided new knowledge on AI advisors and inspiration for future research.
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