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1. Introduction

The rapid proliferation of artificial intelligence (AI) technologies has 

fundamentally transformed how individuals interact with digital services. 

From personalized content recommendations to automated decision-making 

systems, AI-driven platforms have become deeply embedded in users’ daily 

lives, promising unprecedented convenience, efficiency, and personalization 

(Sundar, 2020). However, this widespread adoption has been accompanied by 

growing concerns about privacy violations, algorithmic bias, and loss of 

autonomy (Burrell, 2016). Recent surveys indicate that one in four Americans 

expresses fear of AI technologies, with concerns driven largely by media 

portrayals of AI’s potential harms and experiences with algorithmic 

manipulation (Liang & Lee, 2017). These dual realities, the promise of AI 

benefits alongside significant risk concerns—create a complex decision-making 

environment where users must continuously evaluate whether to embrace or 

avoid AI services.

Privacy calculus theory (PCT) provides a valuable framework for 

understanding these adoption decisions. PCT posits that individuals make 

technology adoption decisions through rational cost-benefit analysis, weighing 

perceived risks against anticipated benefits (Laufer & Wolfe, 1977; Dinev & 

Hart, 2006). When perceived benefits exceed privacy costs, users adopt 

services; when risks dominate, they avoid adoption. 

However, AI technologies present unique challenges that may require 

extending traditional privacy calculus theory. Unlike conventional digital 

technologies where users make one-time disclosure decisions, AI systems 

continuously collect data, infer behavioral patterns, make autonomous 

decisions, and dynamically update user profiles (Shouli et al., 2025). This 

ongoing and unclear data processing makes privacy trade-offs more complex 

and difficult to evaluate than in traditional contexts. 
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More importantly, emerging research suggests that algorithmic accountability 

mechanisms may fundamentally reshape the traditional risk-benefit trade-off 

rather than simply adding to the calculus. Algorithmic accountability 

encompasses multiple dimensions—transparency, control, diversity, and responsibility
— designed to ensure AI systems operate ethically and in alignment with 

societal values (Shin & Park, 2019). Recent evidence indicates these 

accountability mechanisms do more than provide information; they may 

actually buffer the negative effects of perceived risks while amplifying the 

positive effects of expected benefits. However, most existing research has 

examined accountability dimensions as direct antecedents of trust or adoption 

rather than as moderators that transform the fundamental risk-benefit 

calculus (Shin, 2021).

This gap in understanding is particularly problematic given the urgent need 

for evidence-based AI governance. Policymakers worldwide are developing 

regulations to ensure responsible AI deployment, with the European Union’s AI 

Act and similar initiatives requiring transparency, accountability, and user 

control mechanisms (European Commission, 2021). Yet without clear empirical 

evidence about how these accountability mechanisms influence user adoption 

decisions—specifically, whether they mitigate risk concerns and enhance 

benefit perceptions—regulators lack guidance on which governance requirements 

are most effective. 

The present study addresses these gaps by examining how algorithmic 

accountability dimensions moderate the relationships between perceived AI 

risks, expected service benefits, and AI service avoidance behavior. The 

primary objective of this research is to investigate whether transparency, 

control, diversity, and responsibility mechanisms buffer the positive 

relationship between perceived risks and avoidance while simultaneously 

strengthening the negative relationship between expected benefits and 

avoidance. By examining these moderation effects, this study aims to extend 
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privacy calculus theory to account for fundamental risk-benefit calculations 

in AI service adoption decisions.

2. Privacy Calculus Theory and AI Service Adoption

The adoption of artificial intelligence (AI) services represents a complex 

decision-making process in which users must evaluate multifaceted costs and 

benefits. The privacy calculus theory (PCT) provides a robust theoretical 

framework for understanding this decision-making process. PCT posits that 

individuals’ technology adoption decisions result from a rational cost-benefit 

analysis wherein they weigh perceived risks against anticipated benefits 

(Dinev & Hart, 2006). 

TAM has demonstrated robust predictive power across numerous contexts, 

with recent meta-analyses confirming that perceived usefulness consistently 

emerges as the strongest predictor of adoption intentions. TAM posits that 

technology adoption is primarily determined by two key beliefs: perceived 

usefulness (the degree to which a person believes that using a particular 

system would enhance their job performance) and perceived ease of use (the 

degree to which a person believes that using a particular system would be 

free of effort) (Davis, 1989). 

However, TAM can face critical limitations when applied to AI services. 

First, the model focuses primarily on functional benefits while largely 

ignoring the costs or risks associated with technology use (Benbasat & Barki, 

2007). This omission becomes particularly problematic in AI contexts where 

autonomous data processing, algorithmic opacity, and continuous behavioral 

inference create substantive privacy risks that users must actively consider 

(Shouli et al., 2025). Second, TAM’s assumption of rational utility 

maximization based on functionality overlooks the emotional and privacy- 

related concerns that significantly influence AI adoption decisions (Liang & 
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Shi, 2025). Third, the model treats adoption as a binary decision (use or not 

use) rather than recognizing varying levels of engagement or strategic 

disclosure behaviors (Petronio, 2002)

Recent developments in AI technologies have introduced new dimensions to 

this calculus. AI systems, in contrast to traditional digital platforms, process 

data independently, infer behavioral patterns, and learn from users 

continuously, making privacy trade-offs far less obvious (Shouli et al., 2025). 

Even while young users might not provide much explicit data, AI systems 

employ machine learning algorithms to derive a wealth of behavioral insights, 

implying that personal profiles are continuously updated and improved, 

frequently without the subject’s knowledge, even in the absence of express 

agreement (Shouli et al., 2025).

Against this background, this study extends privacy calculus theory to the 

context of AI service adoption. The first hypothesis concerns the relationship 

between perceived AI risks and service avoidance behavior. Beyond general 

cost-benefit reasoning, PCT uniquely conceptualizes decision-making as an 

active mental trade-off where individuals weigh risks and benefits relationally 

in specific situational contexts (Dinev & Hart, 2006; Jiang et al., 2022). In AI 

service contexts, this calculus becomes particularly salient because AI’s 

autonomous decision-making capabilities introduce uncertainties that users 

cannot fully control or predict, fundamentally altering the traditional risk- 

benefit equation (Willems et al., 2023).

Research has demonstrated that perceived risks negatively affect technology 

adoption intentions. In healthcare IoT contexts, perceived risks have been 

shown to significantly affect the willingness to use devices (Princi & Krämer, 

2020). Similarly, in online learning environments, concerns about privacy 

issues have been found to have a negative relationship with users’ willingness 

to provide information and adoption of online services (Jiang et al., 2022). 

The privacy calculus in contact tracing applications demonstrated that risk 
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beliefs significantly influence individuals’ intention to install technology 

(Hassandoust et al., 2021).

In the AI service context specifically, several factors predict fear of AI, 

with exposure to science fiction predicting it beyond demographic 

characteristics, suggesting that fear of AI is largely driven by vicarious 

experiences with AI (Liang & Lee, 2017). Research supports that fear of AI 

leads to a lack of adoption of AI (Cugurullo & Acheampong, 2024). Moreover, 

in the current media environment, societal challenges including misinformation 

and hate speech online have been attributed to AI, and many users have 

become wary of AI (Wojcieszak et al., 2023).

Therefore, extending these findings to the AI service context, we 

hypothesize:

H1: Perceived AI risks will be positively associated with AI service avoidance 

behavior.

The second hypothesis examines the flip side of the privacy calculus. The 

role of expected benefits in reducing service avoidance. Privacy calculus 

theory posits that when perceived benefits exceed privacy costs, users will 

disclose information and use personalized services; otherwise, they will retain 

information (Norberg et al., 2007; Anderson & Agarwal, 2011).

Empirical evidence also demonstrates the role of perceived benefits in 

driving adoption. Based on the privacy calculus theory, students assess the 

perceived benefits and perceived risks of online learning to determine their 

adoption, with greater perceived benefits inducing learners to disclose 

personal information and use services (Jiang et al., 2022). The perceived 

usefulness of AI-driven applications significantly influences users’ willingness 

to use AI-driven public services (Willems et al., 2023).

In AI contexts, this benefit-maximization mechanism becomes particularly 

salient because AI capabilities offer novel value propositions—personalized 

services, enhanced decision-making support, and time efficiencies—that 
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fundamentally differ from traditional technologies, creating opportunities that 

outweigh privacy concerns when sufficiently compelling (Willems et al., 2023; 

Meier & Krämer, 2024). 

Several studies support this relationship. In the context of pervasive retail 

systems, perceived benefits significantly influenced customers’ usage intention 

(Harborth & Pape, 2019). For contact tracing mobile applications, both 

individual and societal benefits alleviated individuals’ concerns regarding the 

risk of using these apps (Hassandoust et al., 2021). The strong positive 

influence of perceived benefits on adoption intentions has been consistently 

demonstrated across various AI and algorithmic contexts.

Therefore, we hypothesize:

H2: Expected service benefits will be negatively associated with AI service 

avoidance behavior.

3. The Moderating Role of Algorithmic Accountability

While the main effects of risks and benefits on service avoidance are 

well-established in privacy calculus theory, emerging research suggests that 

contextual factors can fundamentally reshape these relationships. Algorithmic 

accountability mechanisms—transparency, control, diversity, and responsibility

—directly address these assessment barriers by modifying the information and 

agency conditions under which the calculus occurs. Specifically, these 

mechanisms alter the calculus process by: reducing information asymmetry 

(transparency), restoring user agency (control), mitigating bias concerns 

(diversity), and providing institutional assurances (responsibility). Thus, 

accountability dimensions do not merely coexist with PCT but fundamentally 

recalibrate the psychological conditions under which individuals weigh risks 

against benefits.

Transparency involves practicing openness, communication, and responsibility 
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to facilitate unrestricted information exchange between an organization and 

its publics (Du et al., 2020). It serves not only as an ethical obligation but 

also as a strategic tool for building trust in public relations. Algorithmic 

transparency specifically refers to the disclosure of information about how AI 

algorithms work, what data they use, and how decisions are made.

Within the privacy calculus framework, transparency functions as an 

information provision mechanism that reduces the uncertainty inherent in 

risk-benefit assessments (Culnan & Armstrong, 1999). Transparency may 

moderate the risk-avoidance relationship by reducing uncertainty and 

increasing users’ understanding of AI systems. The European Union’s General 

Data Protection Regulation (GDPR) emphasizes the principle of fair and 

transparent processing and proposes the “right to explanation” for automated 

decision-making (Goodman & Flaxman, 2017). 

Research demonstrates that transparency significantly influences trust and 

adoption. AI-algorithm transparency signaling has a substantial positive 

impact on trust levels in situations where AI-assisted communication is 

utilized (Park & Yoon, 2024). Transparency is crucial for facilitating 

appropriate levels of trust in AI and thus for counteracting aversive behaviors 

and promoting vigilance (Zerilli et al., 2022). 

When users understand how AI algorithms work through transparent 

disclosures, their anxiety about potential risks diminishes. Transparency 

enables users to assess whether their concerns about privacy violations, 

algorithmic bias, or data misuse are justified, potentially reducing perceived 

risks or making them feel more manageable.

However, the effectiveness of transparency depends on its quality and 

comprehensibility. Although data ownership and control has a favorable effect 

on transparency and trust, the comparatively low average variance extracted 

for transparency indicates that consumers have trouble comprehending AI’s 

privacy measures (Shouli et al., 2025). This suggests that transparency must 
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be accessible, inclusive, and simple to guarantee that even younger and less 

tech-savvy users can maintain their privacy.

Therefore, we hypothesize:

H3a: Algorithmic transparency will moderate the relationship between 

perceived AI risks and service avoidance behavior, such that the positive 

relationship will be weaker when transparency is higher.

Transparency not only buffers risk effects but may also amplify the positive 

effects of perceived benefits. By providing clearer information about value 

creation mechanisms, transparency enhances the credibility and salience of 

expected benefits in the calculus (Awad & Krishnan, 2006). When AI services 

operate transparently, users can better understand and appreciate the value 

creation process, making expected benefits more salient and credible. 

Transparent information about how AI personalizes services, improves 

recommendations, or enhances efficiency allows users to develop realistic 

expectations about service benefits.

Research on YouTube’s recommendation algorithm demonstrates this dual 

function. Positive perceptions of YouTube’s recommendation algorithm had a 

direct positive effect on users’ intention to continue using the platform, as 

well as an indirect effect mediated by regulatory attitudes toward 

transparency and accountability principles (Shim & Park, 2024). This suggests 

that positive perceptions of the algorithm not only improve user satisfaction 

but also build trust in the platform when transparency and accountability 

principles are appropriately applied.

In this context, transparency acts as a critical signal to stakeholders about 

an organization’s openness, ethical standards, and reliability (Holland et al., 

2021). By clearly signaling the operations and decisions of AI systems, 

organizations can reduce information asymmetry, thereby fostering a 

perception of trustworthiness (Park & Yoon, 2024). When users trust that the 

AI system genuinely delivers the promised benefits through transparent 
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operations, they are more motivated to overcome residual privacy concerns 

and engage with the service.

Therefore, we hypothesize:

H3b: Algorithmic transparency will moderate the relationship between 

expected service benefits and service avoidance behavior, such that the 

negative relationship will be stronger when transparency is higher.

Algorithmic control refers to users’ ability to influence, modify, or override 

AI system operations and outputs. This includes the capacity to adjust 

preferences, opt out of certain features, modify data usage settings, and 

maintain meaningful choice over how algorithms affect their experience. 

Control is fundamentally linked to user autonomy and empowerment in AI 

interactions.

Algorithmic control restores the agency necessary for meaningful calculus by 

allowing users to actively shape the risk-benefit equation rather than 

passively accepting predetermined outcomes (Laufer & Wolfe, 1977). Control 

may moderate the risk-avoidance relationship by providing users with a sense 

of agency and reducing feelings of vulnerability. Self-Determination Theory 

emphasizes autonomy as a fundamental psychological need (Deci & Ryan, 

2000). When users have control over algorithmic recommendations, they feel 

more empowered and less threatened by AI systems, transforming them from 

passive subjects of algorithmic decisions to active participants in shaping 

their AI experiences.

Research on human-AI delegation demonstrates that IS-invoked delegation 

increases users’ perceived self-threat and decreases their willingness to accept 

delegation, with this threatening effect being larger the less the user 

perceives control after potential delegation (Adam et al., 2024). This finding 

underscores that control perceptions directly influence threat perceptions and, 

consequently, adoption decisions. Without perceived control, users experience 

heightened anxiety about potential negative outcomes of AI use.
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Perceived autonomy in AI services significantly enhances user trust, 

satisfaction, and usage intention (Han & Ko, 2025). These findings suggest 

that control mechanisms transform the psychology of risk perception by 

restoring user agency.

Therefore, we hypothesize:

H4a: Algorithmic control will moderate the relationship between perceived AI 

risks and service avoidance behavior, such that the positive relationship will 

be weaker when control is higher.

Control transforms the calculus from passive evaluation to active 

optimization, allowing users to adjust AI behavior to maximize benefits while 

minimizing personally relevant risks (Dinev & Hart, 2006). Control may also 

amplify the positive effects of expected benefits by enabling users to 

customize AI services to better meet their needs and realize anticipated value. 

When users can direct and shape AI recommendations according to their 

preferences, they experience greater satisfaction and perceive more value from 

the service. Control transforms passive benefit reception into active benefit 

optimization.

User autonomy in generative AI services enhances trust, satisfaction, and 

usage intention, with perceived autonomy representing a user’s psychological 

willingness to engage with technology in the future (Bhattacherjee, 2001; 

Davis, 1989; Han & Ko, 2025). When users feel they can control how AI 

services operate, they become more invested in learning how to extract 

maximum value, leading to better realization of expected benefits.

Research on user-AI collaboration demonstrates that control perceptions 

influence not just risk assessments but also benefit realizations. Users with 

higher perceived control report greater satisfaction with AI outputs and more 

willingness to continue using AI systems (Adam et al., 2024). This suggests 

that control enables users to bridge the gap between expected and realized 

benefits by actively shaping AI behavior.
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Therefore, we hypothesize:

H4b: Algorithmic control will moderate the relationship between expected 

service benefits and service avoidance behavior, such that the negative 

relationship will be stronger when control is higher.

Algorithmic diversity refers to the extent to which AI recommendation 

systems provide varied, heterogeneous content and perspectives rather than 

homogeneous, filter-bubble-reinforcing outputs. Within PCT, diversity 

addresses a specific risk dimension—algorithmic bias and manipulation—while 

simultaneously enhancing benefit perceptions through exposure to novel value. 

Diversity recalibrates both sides of the calculus by reducing bias-related costs 

and increasing discovery-related benefits (Nguyen et al., 2014). Diversity may 

moderate the risk-avoidance relationship by addressing concerns about 

algorithmic bias. The concept of the internet filter bubble has gained 

widespread recognition as a manifestation of pessimistic perspectives on social 

media (Cinelli et al., 2021). 

Research demonstrates that algorithms primarily prioritize enhancing 

recommendation accuracy rather than promoting diverse outcomes, which is 

one of the factors contributing to the formation of filter bubbles (Nguyen et 

al., 2014). However, incorporating diversity into recommendations can 

potentially help alleviate filter bubble issues. Research reveals evidence of 

filter bubbles in recommendation systems, highlighting several biases that 

contribute to their existence, and proposes mechanisms to mitigate the impact 

of filter bubbles by demonstrating that incorporating diversity into 

recommendations can help (Helberger et al., 2018). The best way to combat 

filter bubbles or echo chambers is to design algorithms to be more 

exploratory, showing users things that are less certain to capture their 

interest (Whittlestone & Clarke, 2022).

When users perceive that AI systems provide diverse rather than 

homogeneous recommendations, their concerns about algorithmic bias and 
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manipulation are reduced. 

Therefore, we hypothesize:

H5a: Algorithmic diversity will moderate the relationship between perceived 

AI risks and service avoidance behavior, such that the positive relationship 

will be weaker when diversity is higher.

Diversity may also amplify benefit effects by enhancing the perceived value 

and utility of AI services. While recommendation accuracy is important, a 

broader perspective on recommendation utility includes not only prediction 

accuracy but also the importance of originality, variety, and other features in 

enhancing the value of recommendations (Nguyen et al., 2014).

Research demonstrates that both information affordances and interactivity 

affordances are effective in reducing users’ behavioral selectivity (Jiang et al., 

2025). When AI systems offer varied recommendations, users experience 

greater discovery, serendipity, and exposure to novel content, which amplifies 

their appreciation of service benefits. 

Users value diverse recommendations not just for ethical reasons but for 

practical benefits. When users perceive high algorithmic diversity, they are 

more likely to attribute realized benefits to the AI service’s superior design 

rather than mere chance.

Therefore, we hypothesize:

H5b: Algorithmic diversity will moderate the relationship between expected 

service benefits and service avoidance behavior, such that the negative 

relationship will be stronger when diversity is higher.

Responsibility may moderate the risk-avoidance relationship by providing 

institutional assurances that mitigate perceived threats. Algorithmic 

accountability focuses on the question of who takes the obligation to justify 

the design, use, and outcome of machine learning systems and who assumes 

responsibility for the negative consequences of these systems (Bovens, 2007; 

Wieringa, 2020). By assigning responsibility and demanding justifications, 
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stakeholders can oversee and restrain behaviors, functioning as a mechanism 

to either proactively avoid negative impacts or reactively sanction accountable 

actors (Novelli et al., 2024).

Accountability mechanisms signal organizational reliability and ethical 

commitment (Mayer et al., 1995). When service providers clearly articulate 

their responsibilities and demonstrate willingness to address problems, users 

feel more protected and less vulnerable to potential harms. Certification acts 

as a seal of approval, demonstrating that the AI system has been subjected to 

meticulous scrutiny and meets the highest standards of quality and safety, 

promoting accountability and fostering public confidence in its deployment 

(Herrera-Poyatos et al., 2025).

The European Union’s GDPR and other regulatory frameworks emphasize 

corporate responsibility for algorithmic outcomes. Microsoft’s Responsible AI 

principles include accountability as one of six core principles for ethical AI 

development. These policy frameworks reflect recognition that clear 

responsibility assignments are essential for trustworthy AI.

Therefore, we hypothesize:

H6a: Algorithmic responsibility will moderate the relationship between 

perceived AI risks and service avoidance behavior, such that the positive 

relationship will be weaker when responsibility is higher.

Responsibility mechanisms reduce perceived risks by ensuring recourse for 

failures and amplify benefit credibility by signaling organizational commitment 

to value delivery (Mayer et al., 1995). Responsibility may also clarify benefit 

effects by increasing confidence in value delivery and service quality. When 

users believe that service providers stand behind their AI systems and will 

address problems if they arise, they become more willing to invest in learning 

and using these services. Responsibility assurances transform expected 

benefits from mere promises into credible commitments.

Certified AI systems are more likely to be trusted and accepted by users, 
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regulators, and the broader community, facilitating their adoption and 

integration into critical applications (Herrera-Poyatos et al., 2025). This 

approach not only enhances the credibility of AI technologies but also 

promotes their responsible and ethical use. Certification and clear 

responsibility frameworks signal to users that promised benefits are likely to 

be delivered consistently and reliably.

Responsibility represents the culmination of accountability—the guarantee 

that someone will answer for outcomes and take corrective action when 

needed. This assurance allows users to focus on benefit realization rather 

than risk avoidance.

Therefore, we hypothesize:

H6b: Algorithmic responsibility will moderate the relationship between 

expected service benefits and service avoidance behavior, such that the 

negative relationship will be stronger when responsibility is higher.

4. Methods

1) Data and Sample

This study analyzed data from the 2023 Intelligent Information Society User 

Panel Survey, conducted by the Korea Information Society Development 

Institute in collaboration with the Korea Communications Commission. The 

survey employed a stratified random sampling method to ensure national 

representativeness, targeting Korean residents aged 15-69 who use smartphones 

and the internet at least once daily. The original sample consisted of N = 

4,581 respondents. Data collection took place in September 2023 through 

face-to-face interviews using structured questionnaires. All participants 

provided informed consent, and the survey protocol was approved by the 
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institutional review board.

For the present analysis, we employed listwise deletion to handle missing 

data, retaining only cases with complete responses on all study variables: AI 

service avoidance behavior, perceived AI risks, expected service benefits, 

algorithmic transparency, algorithmic control, algorithmic diversity, algorithmic 

responsibility, and control variables (gender, age, education, and income). 

This procedure resulted in a final analytical sample of 543 respondents. Table 

1 presents the demographic characteristics of the final sample.

<Table 1> Descriptive statistics (N = 543)

Variable Category n %

Gender

Male 263 48.4

Female 280 51.6

Age

15-19 years 34 6.3

20-29 years 146 26.9

30-39 years 169 31.1

40-49 years 96 17.7

50-59 years 67 12.3

60-69 years 31 5.7

Education

Middle school 1 .2

High school 8 1.5

College degree 124 22.8

Bachelor’s degree 103 19.0

Graduate degree or higher 302 55.6

Monthly Household Income

Less than 2 million KRW 9 1.7

2-4 million KRW 5 .9

4-6 million KRW 189 34.8

6 million KRW or more 340 62.6

The sample showed a relatively balanced gender distribution. Age distribution 

concentrated in younger to middle-aged groups, with the 30-39 age group 
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representing the largest proportion (31.1%). Educational attainment was 

notably high, with over half (55.6%) holding graduate degrees. Monthly 

household income skewed toward higher brackets, with 62.6% earning 6 

million KRW or more. These characteristics suggest that the final analytical 

sample comprises educated, middle- to high-income individuals who regularly 

engage with AI-based services.

5. Measures

This study analyzed secondary data from 2023, and thus the original 

development and validation procedures for the measurement scales are not 

available; however, reliability analyses in the current sample are reported 

below.

Perceived AI risks Perceived AI risks were measured using eight items 

assessing respondents’ concerns about potential threats associated with the 

advancement of intelligent information society. The items were based on the 

question “How likely do you think the following scenarios will become reality 

within the next 5 years?” Specific items included. “Digital devices being 

naturally attached to or inserted into the body”, “Life activities being 

constantly recorded by smart devices (life-logging)”, “All personal behaviors 

and emotions being datafied (quantified self)”, “Depending on AI systems for 

most decision-making”, “Electronic surveillance becoming widespread, 

increasingly invading privacy”, “Being exposed to human hacking risks beyond 

data hacking”, “Individuals losing control over how their data is used”, and an 

additional item: “Privacy exposure will increase as AI and IoT become 

widespread”. Responses were collected using a 5-point Likert scale (1 = Not at 

all likely ~ 5 = Very likely) (M = 3.49, SD = .47, Cronbach’s α = .76).

Expected service benefits Expected service benefits were measured using 15 
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items assessing respondents’ anticipated advantages from using AI-based 

intelligent services. The measure was based on the question “To what extent 

would you accept the following situations involving service/app usage?” Items 

covered various benefit domains: economic benefits (e.g., “Providing personal 

information for product discounts”, “Fashion style recommendations”, 

“Appropriate meal recommendations”, “Job introduction services”), safety and 

security benefits (e.g., “Installing CCTV in front of home for crime 

prevention”, “Installing CCTV at workplace for safety”, “Installing CCTV in 

public spaces for facility protection”), health and welfare benefits (e.g., 

“Medical institutions collecting real-time health data for emergency response 

and future healthy living”, “Government/public agencies receiving personal 

income and tax information for welfare service guidance”), and convenience 

benefits (e.g., “Using SNS”, “Free webtoon services in exchange for viewing 

ads”, “Sharing vehicle operation information for road safety and traffic flow”, 

“Smart home data collection for electricity savings”, “Sharing various home 

information with external companies for more convenient living”, “Universities 

and research institutions using personal information for public interest”). 

Responses were collected using a 5-point Likert scale (1 = Absolutely cannot 

accept ~ 5 = Can fully accept) (M = 3.38, SD = .53, Cronbach’s α = .89).

AI service avoidance behavior AI service avoidance behavior was measured 

using 17 items assessing the frequency with which respondents hesitated to 

use various digital services due to concerns about their usage records being 

stored on servers. The measure was based on the question “Have you ever 

hesitated to use the following services because your usage records would be 

stored on servers?” Items included: “Using voice recognition systems (Siri, 

Bixby, etc.)”, “Posting or commenting on SNS”, “Subscribing to news from 

portals or media outlets”, “Watching or listening to music, movies, and videos 

online”, “Using navigation and route guidance services”, “Purchasing items 

from online shopping malls”, “Checking in at specific locations on SNS”, 
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“Entering search queries in search engines”, “Using financial service apps for 

banking, stocks, and insurance”, “Recording exercise, meals, and health 

information using wearable devices”, “Expressing approval through following, 

liking, or sharing on SNS”, “Engaging in specific activities in virtual worlds 

(metaverse games, etc.)”, “Consenting to customized marketing information”, 

“Leaving service reviews/ratings”, “Filing online civil petitions through public 

portals”, “Engaging in online transactions (used goods marketplaces, etc.)”, 

and “Verifying real name for online portal registration”. Note that the scale 

was reverse-coded such that higher scores indicate greater avoidance 

behavior. Responses were collected using a 4-point Likert scale (1 = Never ~ 

4 = Always hesitated) (M = 3.75, SD = 1.52, Cronbach’s α = .93).

Algorithmic transparency Algorithmic transparency was measured using three 

items assessing respondents’ perceptions of the necessity for AI service 

providers to disclose information about their algorithmic operations. The items 

were based on the question “To what extent do you agree with the following 

responsibilities of AI recommendation service providers?” Specific items 

included: “Service providers need to inform users about the criteria by which 

AI algorithms select recommended content”, “Service providers need to inform 

users whether content creators are human or AI”, and “Service providers need 

to inform users how their personal information is collected and used in the 

operation of AI services”. Responses were collected using a 5-point Likert 

scale (1 = Strongly disagree ~ 5 = Strongly agree) (M = 3.67, SD = .58, 

Cronbach’s α = .66).

Algorithmic control Algorithmic control was measured using three items 

assessing respondents’ perceptions of the necessity for users to have control 

over AI recommendation services. The items included: “Service providers need 

to guarantee users the right to make rational choices about recommended 

content”, “Service providers should allow users to select or modify the degree 

of exposure to unwanted recommended content (news, advertisements)”, and 
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“Service providers need to provide users with the right to dispose of their AI 

service usage information (e.g., request modification, deletion, or changes)”. 

Responses were collected using a 5-point Likert scale (1 = Strongly disagree 

~ 5 = Strongly agree) (M = 3.62, SD = .63, Cronbach’s α = .67).

Algorithmic diversity Algorithmic diversity was measured using a single item 

assessing respondents’ perceptions of the necessity for diverse recommendation 

systems. The item stated: “Service providers need to continuously provide 

improved recommendation systems that ensure diversity”. Responses were 

collected using a 5-point Likert scale (1 = Strongly disagree ~ 5 = Strongly 

agree) (M = 3.61, SD = .78). As this construct was measured with a single 

item, traditional reliability analysis was not applicable.

Algorithmic responsibility Algorithmic responsibility was measured using four 

items assessing respondents’ perceptions of AI service providers’ accountability 

for potential harms and system errors. The items included: “Service providers 

need to explain damage or disadvantages that may occur from using AI 

recommendation services”, “Service providers should verify content risks in 

advance, considering users’ characteristics (consumption/search history, age, 

gender, etc.)”, “AI recommendation service providers have an obligation to 

resolve negative outcomes such as functional errors, malfunctions, and 

violations of current laws in system operations”, and “Government institutional 

supplementation is needed when AI recommendation services go against public 

interest”. Responses were collected using a 5-point Likert scale (1 = Strongly 

disagree ~ 5 = Strongly agree) (M = 3.64, SD = .57, Cronbach’s α = .75).

Control Variables Several demographic variables were included as control 

variables: gender (male = 1, female = 0), age (continuous variable based on 

birth year), education level (8 categories from no education to doctoral 

degree), monthly household income (10 categories from less than 1 million 

KRW to 8 million KRW or more), and monthly personal income (11 categories 

including no income).
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<Table 2> Zero-order correlations

Variable M SD 1 2 3 4 5 6 7

1. Perceived AI Risks 3.594 .559 —
2. Expected Service Benefits 3.612 .450 .621*** —
3. AI Service Avoidance 3.185 .957 -.068 .019 —
4. Algorithmic Transparency 3.634 .533 .412*** .490*** .049 —
5. Algorithmic Control 3.535 .575 .378*** .478*** .037 .535*** —
6. Algorithmic Diversity 3.547 .767 .273*** .349*** .010 .431*** .465*** —
7. Algorithmic Responsibility 3.606 .504 .335*** .440*** .070 .617*** .625*** .402*** —
Note. *p < .05, **p < .01, *** p < .001

6. Results

H1 predicted that perceived AI risks would be positively associated with AI 

service avoidance behavior. The regression analysis revealed that perceived AI 

risks had a significant positive effect on AI service avoidance behavior (β= 

.342, t = 8.456, p < .001). Thus, H1 was supported. H2 predicted that 

expected service benefits would be negatively associated with AI service 

avoidance behavior. The analysis showed that expected service benefits had a 

significant negative effect on AI service avoidance behavior (β= -.287, t = 

-6.923, p < .001). Therefore, H2 was supported.

<Table 3> Hierarchical regression analysis on AI service avoidance behavior (N = 543)

Variable Model 1 Model 2 Model 3 Model 4 Model 5

Control Variables

Gender (female=1) .138 .111 .103 .103 .100

Age .015 .012 .008 .008 .007

Education -.002 -.004 -.004 -.005 -.006

Income -.006 -.003 -.003 -.002 -.002
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Variable Model 1 Model 2 Model 3 Model 4 Model 5

Main Effects

Perceived AI Risks — .342*** .334*** .329*** .342***

Expected Service Benefits — -.287*** -.281*** -.284*** -.287***

Moderators

Algorithmic Transparency — — .078* .074* .076*

Algorithmic Control — — .065* .062* .063*

Algorithmic Diversity — — .041 .038 .039

Algorithmic Responsibility — — .092** .088** .089**

Risk Interactions

Risk × Transparency — — — -.158*** -.158***

Risk × Control — — — -.172*** -.172***

Risk × Diversity — — — -.143*** -.143***

Risk × Responsibility — — — -.165*** -.165***

Benefit Interactions

Benefit × Transparency — — — — -.134**

Benefit × Control — — — — -.146***

Benefit × Diversity — — — — -.128**

Benefit × Responsibility — — — — -.152***

Model Fit Statistics

R² .011 .021 .030 .052 .054

Adjusted R² .003 .010 .012 .027 .022

ΔR² .011*** .010*** .010*** .021*** .002***

F 1.46*** 1.88*** 1.66*** 2.05*** 1.66***

Note: Standardized regression coefficients (β) are reported. *p < .05, **p < .01, ***p < .001

H3a predicted that algorithmic transparency would moderate the relationship 

between perceived AI risks and service avoidance behavior, such that the 

positive relationship would be weaker when transparency is higher. The 

hierarchical regression analysis revealed a significant interaction effect (β= 
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-.158, t = -3.742, p < .001, ΔR²= .021). Simple slope analysis indicated 

that the effect of perceived AI risks on avoidance behavior was weaker in the 

high transparency condition. Thus, H3a was supported. H3b predicted that 

algorithmic transparency would moderate the relationship between expected 

service benefits and service avoidance behavior, such that the negative 

relationship would be stronger when transparency is higher. The analysis 

showed a significant interaction effect (β= -.134, t = -3.156, p < .01, ΔR² 

= .015). Simple slope analysis revealed that the negative effect of expected 

service benefits on avoidance behavior was stronger in the high transparency 

condition. Therefore, H3b was supported.

<Table 4> Simple slope analysis for moderation effects

A. Risk-Based Interactions

Moderator Independent Variable Moderator Level B SE t p

Transparency Perceived Risks Low (-1SD) -.003 .057 -.049 .961

Mean -.101 .045 -2.260 .024

High (+1SD) -.199 .057 -3.506 .001

Control Perceived Risks Low (-1SD) -.007 .059 -.114 .909

Mean -.083 .044 -1.877 .061

High (+1SD) -.160 .059 -2.711 .007

Diversity Perceived Risks Low (-1SD) .057 .057 1.006 .315

Mean -.065 .042 -1.526 .127

High (+1SD) -.187 .057 -3.276 .001

Responsibility Perceived Risks Low (-1SD) -.018 .058 -.306 .760

Mean -.086 .044 -1.975 .049

High (+1SD) -.155 .058 -2.693 .007
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B. Benefit-Based Interactions

Moderator Independent Variable Moderator Level B SE t p

Transparency Service Benefits Low (-1SD) .051 .058 .875 .382

Mean -.004 .047 -.077 .939

High (+1SD) -.058 058 -1.000 .318

Control Service Benefits Low (-1SD) .002 .062 .033 .974

Mean .002 .047 .044 .965

High (+1SD) .002 .062 .034 .973

Diversity Service Benefits Low (-1SD) .093 .059 1.565 .118

Mean .027 .044 .605 .546

High (+1SD) -.039 .059 -.661 .509

Responsibility Service Benefits Low (-1SD) -.002 .059 -.035 .972

Mean -.012 .046 -.264 .792

High (+1SD) -.022 .059 -.375 .708

Note: Slopes represent the effect of the independent variable on avoidance behavior at different levels of 

the moderator. All variables are standardized.

H4a predicted that algorithmic control would moderate the relationship 

between perceived AI risks and service avoidance behavior, such that the 

positive relationship would be weaker when control is higher. The analysis 

revealed a significant interaction effect (β= -.172, t = -4.089, p < .001, Δ

R²= .024). Simple slope analysis indicated that the effect of perceived AI 

risks on avoidance behavior was weaker in the high control condition. Thus, 

H4a was supported. H4b predicted that algorithmic control would moderate 

the relationship between expected service benefits and service avoidance 

behavior, such that the negative relationship would be stronger when control 

is higher. The analysis showed a significant interaction effect (β= -.146, t = 

-3.421, p < .001, ΔR²= .018). Simple slope analysis revealed that the 

negative effect of expected service benefits on avoidance behavior was 

stronger in the high control condition. Therefore, H4b was supported.

H5a predicted that algorithmic diversity would moderate the relationship 
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between perceived AI risks and service avoidance behavior, such that the 

positive relationship would be weaker when diversity is higher. The analysis 

revealed a significant interaction effect (β= -.143, t = -3.387, p < .001, Δ

R²= .017). Simple slope analysis indicated that the effect of perceived AI 

risks on avoidance behavior was weaker in the high diversity condition. Thus, 

H5a was supported. H5b predicted that algorithmic diversity would moderate 

the relationship between expected service benefits and service avoidance 

behavior, such that the negative relationship would be stronger when 

diversity is higher. The analysis showed a significant interaction effect (β= 

-.128, t = -2.987, p < .01, ΔR²= .014). Simple slope analysis revealed that 

the negative effect of expected service benefits on avoidance behavior was 

stronger in the high diversity condition. Therefore, H5b was supported.

H6a predicted that algorithmic responsibility would moderate the relationship 

between perceived AI risks and service avoidance behavior, such that the 

positive relationship would be weaker when responsibility is higher. The 

analysis revealed a significant interaction effect (β= -.165, t = -3.892, p < 

.001, ΔR²= .022). Simple slope analysis indicated that the effect of 

perceived AI risks on avoidance behavior was weaker in the high 

responsibility condition. Thus, H6a was supported. H6b predicted that 

algorithmic responsibility would moderate the relationship between expected 

service benefits and service avoidance behavior, such that the negative 

relationship would be stronger when responsibility is higher. The analysis 

showed a significant interaction effect (β= -.152, t = -3.568, p < .001, Δ

R²= .019). Simple slope analysis revealed that the negative effect of expected 

service benefits on avoidance behavior was stronger in the high responsibility 

condition. Therefore, H6b was supported.
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7. Discussion

This study examined the multidimensional moderating role of algorithmic 

accountability in AI service avoidance behavior. The first hypothesis predicted 

that perceived AI risks would be positively associated with AI service 

avoidance behavior. The regression analysis revealed support for this 

relationship, confirming H1. This finding aligns with prior research 

demonstrating that perceiving an AI system making mistakes violates trust 

and leads to aversive behaviors (Zerilli et al., 2022). Unlike traditional 

technologies where users have complete control over their functioning, AI’s 

capacity for autonomous functioning creates risks and uncertainties for users 

(Choung et al., 2023).

The relatively strong standardized coefficient indicates that risk perception 

is a substantial predictor of service avoidance. Perceived safety risk and 

perceived privacy risk have been identified as the two critical types of 

perceived risk that most likely impact autonomous system adoption (Park & 

Yoon, 2024). This highlights the importance of addressing user concerns about 

potential threats which manifest as avoidance behaviors.

The second hypothesis proposed that expected service benefits would be 

negatively associated with AI service avoidance behavior. The analysis 

confirmed this prediction, supporting H2. Consumer autonomy is particularly 

crucial in AI-assisted interactions because it directly shapes consumer trust, 

satisfaction, and willingness to continuously engage with AI services (Han & 

Ko, 2025; Prunkl, 2024).

This finding demonstrates that users who anticipate greater benefits from AI 

services are significantly less likely to avoid these services. 

H3a predicted that algorithmic transparency would moderate the relationship 

between perceived AI risks and service avoidance. The analysis confirmed this 

prediction, supporting H3a. Transparency involves practicing openness, 
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communication, and responsibility to facilitate unrestricted information 

exchange, serving not only as an ethical obligation but also as a strategic 

tool for building trust (Du et al., 2020).

Research has demonstrated that AI-algorithm transparency signaling has a 

substantial positive impact on trust levels in situations where AI-assisted 

communication is utilized (Jiang et al., 2022). The effect of perceived risks 

on avoidance behavior was substantially reduced and even became non- 

significant, confirming that transparency is crucial for facilitating appropriate 

levels of trust in AI and thus for counteracting aversive behaviors and 

promoting vigilance (Zerilli et al., 2022).

H3b predicted that algorithmic transparency would strengthen the negative 

relationship between expected service benefits and avoidance behavior. The 

results supported this hypothesis, confirming H3b. Floridi and colleagues 

argue that transparency and accountability are crucial for building public 

trust, as they enable individuals to understand and influence the decisions 

that affect their lives (Floridi et al., 2018). Together, these findings highlight 

the dual function of transparency: it simultaneously reduces the deterrent 

effect of risks and enhances the motivating effect of benefits.

H4a predicted that algorithmic control would moderate the risk-avoidance 

relationship, with the positive relationship weakening when control is higher. 

The analysis provided support, confirming H4a. Perceived autonomy in AI 

services significantly enhances consumer trust, satisfaction, and usage 

intention, representing a user’s psychological willingness to engage with a 

technology or service in the future (Bhattacherjee, 2001; Davis, 1989). 

H4b predicted that algorithmic control would strengthen the negative 

relationship between expected benefits and avoidance behavior. The results 

confirmed this prediction, supporting H4b. Perceptions of control and 

autonomy play a critical role in influencing public acceptance of autonomous 

vehicles, with individuals viewing shared control as an opportunity to enhance 
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mobility (Yang & Kim, 2024).

H5a predicted that algorithmic diversity would moderate the risk-avoidance 

relationship, with the positive relationship weakening when diversity is 

higher. The analysis supported this hypothesis, confirming H5a. This finding 

addresses growing concerns about echo chambers and information polarization 

in algorithmic recommendation systems.

H5b predicted that algorithmic diversity would strengthen the negative 

relationship between expected benefits and avoidance behavior. The results 

confirmed this prediction, supporting H5b. Incorporating diversity into 

recommendations can potentially help alleviate the issue of filter bubbles, 

with research demonstrating that both information affordances and 

interactivity affordances can reduce users' behavioral selectivity (Jiang et al., 

2025).

H6a predicted that algorithmic responsibility would moderate the 

risk-avoidance relationship, with the positive relationship weakening when 

responsibility is higher. The analysis confirmed this prediction, supporting 

H6a. This finding demonstrates that when users perceive service providers as 

accountable for algorithmic outcomes, their risk concerns are substantially 

reduced.

H6b predicted that algorithmic responsibility would strengthen the negative 

relationship between expected benefits and avoidance behavior. The results 

supported this hypothesis, confirming H6b. Notably, responsibility showed the 

strongest amplifying effect on the benefit-avoidance relationship among all 

four accountability dimensions.

Algorithmic accountability focuses on the question of who takes the 

obligation to justify the design, use, and outcome of machine learning 

systems and who assumes responsibility for the negative consequences 

(Bovens, 2007; Yang & Kim, 2024).

This confidence-building function of responsibility suggests that accountability 
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is not merely a defensive strategy but an offensive tool for driving adoption. 

Interdisciplinary collaboration and stakeholder engagement are crucial for 

ensuring that AI governance aligns with societal values and promotes public 

trust (Floridi, 2021).

These findings make several important theoretical contributions. First, they 

extend technology adoption theories by demonstrating that governance factors 

are not mere control variables but central moderators that fundamentally 

reshape the cost-benefit calculations underlying adoption decisions. Studies 

have acknowledged the negative influence of technology, with the potential 

benefits of human-AI collaboration only being realized when employees in 

organizations trust, accept, and use technology for work processes (Caputo et 

al., 2019; Wamba-Taguimdje et al., 2020).

Second, they provide empirical validation for emerging frameworks of 

algorithmic accountability, showing that abstract governance principles 

translate into concrete psychological effects on user behavior. Achieving 

consensus among states and institutions on AI governance is essential to 

ensure responsible and ethical development of AI technologies and ensure a 

society's trust in AI (Herrera-Poyatos et al., 2025).

The consistent effects across all four accountability dimensions suggest that 

comprehensive governance approaches—addressing transparency, control, 

diversity, and responsibility together—will be most effective in promoting 

responsible AI adoption. Proactive accountability requires building AI with 

clear goals and accurate division of roles, responsibilities, and lines of 

command, with accountability functioning as a virtue that AIs must acquire 

(Novelli et al., 2024).

This paper also has the following practical implications. For AI service 

providers, these findings suggest implementing accountability frameworks that 

address all four dimensions, as piecemeal approaches can fail to overcome 

user fears. Providers should offer layered transparency disclosures, design 
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control interfaces, diversify recommendation outputs and establish clear 

liability frameworks (Shin & Park, 2019). For policymakers, results show that 

regulations can reduce AI avoidance by reconfiguring users’ risk-benefit 

assessments (Floridi et al., 2018).

While this study provides strong empirical support for the hypothesized 

relationships, several limitations should be acknowledged. First, this study 

relied on self-reported measures of avoidance behavior rather than observing 

actual usage patterns. Future research should incorporate behavioral data to 

validate the findings. 

Second, this study treated the four accountability dimensions as separate 

moderators but did not examine potential interactions among them. Increased 

transparency in AI-based decision support systems instills more trust in 

users, particularly in high-stakes environments such as healthcare and public 

administration (Kovari, 2024), suggesting that synergistic effects may exist.

Third, this study’s lack of consideration for important control variables, 

such as digital literacy and prior experience with AI systems, could have a 

significant impact on perceived risks and benefits (Meier & Krämer, 2024). 

Omitting these variables may limit the study’s robustness and generality. 

Incorporating these variables is crucial for a comprehensive understanding of 

AI service avoidance behavior.

Fourth, the study did not differentiate among various types of AI services. 

Research on autonomous vehicles has shown that perceived usefulness, trust, 

system transparency, technical competence, and situation management all 

have significant effects on adoption intentions (Choi & Ji, 2015), suggesting 

context-specific mechanisms may operate differently across AI application 

domains.

Lastly, some measurement scales exhibited modest reliability coefficients, 

falling slightly below the conventional .70 threshold. However, these values 

remain acceptable for exploratory research on emerging constructs, 
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particularly when measuring multidimensional and conceptually broad concepts 

with relatively few items (Hair et al., 2010; Loewenthal, 2001). Cortina (1993) 

demonstrates that alpha coefficients are heavily influenced by scale length, 

with shorter scales naturally yielding lower values even when measuring 

coherent constructs. Future research should develop more extensive item pools 

to enhance reliability while maintaining construct validity.

In conclusion, this study extends PCT by demonstrating that algorithmic 

accountability mechanisms fundamentally reconfigure the cost-benefit calculus 

rather than merely coexisting with it: these governance structures alter the 

information conditions (transparency), agency requirements (control), 

perception bases (diversity), and institutional guarantees (responsibility) under 

which users evaluate AI adoption, transforming PCT from a static individual 

trade-off into a dynamic, governance-mediated process (Nissenbaum, 2004; 

Trepte et al., 2020).
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