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Key Concepts 
Generative artificial intelligence (GenAI). 
Generative artificial intelligence refers to systems capable of producing new content, such as text, images, or other outputs, based on patterns learned from large datasets. In the present study, GenAI primarily refers to tools such as ChatGPT that are used for academic, creative, and everyday tasks. 
Use habits (UH1–UH5). 
Generative AI use habits refer to the frequency and context in which individuals engage with AI tools. In this study, use habits are operationalized through five domains: daily use (UH1), academic/professional use (UH2), creative use (UH3), learning-related use (UH4), and leisure use (UH5). 
Autonomy. 
Within the framework of Self-Determination Theory, autonomy refers to the experience of acting with a sense of volition and self-endorsement, rather than external pressure or control. It reflects the perception that one’s actions are aligned with personal values and interests (Ryan & Deci, 2000). 
Autonomy satisfaction. 
Autonomy satisfaction refers to the extent to which individuals feel that their need for autonomy is fulfilled. In the present study, it represents participants’ perceived sense of choice, selfdirection, and independence in their actions. 
Perceived control. 
Perceived control refers to an individual’s belief in their ability to influence outcomes and effectively manage interactions with a system. In the context of generative AI, it reflects the extent to which users feel capable of directing and controlling AI-assisted processes. 
Cognitive offloading. 
Cognitive offloading refers to the use of external tools or resources to reduce cognitive effort, such as relying on technology to store, process, or generate information. In this study, generative AI may function as a tool for cognitive offloading by assisting with thinking, problem-solving, and information generation (Risko & Gilbert, 2016). 
Self-Determination Theory (SDT). 
Self-Determination Theory is a psychological framework of motivation which proposes that human behavior is influenced by the satisfaction of basic psychological needs, including autonomy, competence, and relatedness. In the present study, SDT provides the theoretical basis for understanding perceived autonomy as a central psychological construct (Ryan & Deci, 2000). 
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Abstract 
The rapid development of generative AI has transformed how individuals interact with digital technologies, particularly in contexts involving learning, creativity, and problem-solving. This study aimed to examine the relationship between generative AI use habits and perceived autonomy in adults. Specifically, the study investigated patterns of AI use, levels of autonomy satisfaction, and the association between these variables, while also considering perceived control and demographic factors. 
A cross-sectional design was employed, and data was collected from 200 participants using an online questionnaire. Generative AI use habits were assessed using a researcherdeveloped scale, while perceived autonomy was measured using the autonomy satisfaction subscale of the Basic Psychological Need Satisfaction and Frustration Scale. Additional items were included to evaluate perceived control in AI interactions. Data was analyzed using descriptive statistics, Mann Whitney U-tests, and Spearman’s correlation analyses. 
The results indicated that generative AI is moderately integrated into participants’ daily lives, with higher usage reported in learning and creative contexts. Participants reported autonomy satisfaction scores slightly above the midpoint, suggesting a generally preserved sense of self-direction. A significant positive relationship was found between general AI use and autonomy satisfaction. In contrast, no significant relationships were observed between autonomy and specific types of AI use.  
Overall, the findings suggest that generative AI functions as a supportive tool that can coexist with perceived autonomy, while also introducing elements of reliance. The relationship between AI use and autonomy appears to depend more on the extent of engagement than on specific contexts of use. 
Keywords 
generative AI, perceived autonomy, cognitive offloading, human–AI interaction, selfdetermination theory 
[bookmark: _Toc56443]1. Introduction 
[bookmark: _Toc56444]1.1 Background  
  	In recent years, generative artificial intelligence (AI) has grown from a specialized technological phenomenon to a widely used tool that is accessible to anyone. It has since become a staple part of society. Systems, such as Large language, image generators, and automated content creation tools, are designed to produce new text, images, code, and/or other outputs based on the input they receive. These tools have permeated themselves into professional, academic, and personal contexts, supporting tasks such as writing, decision making, and creative expression (Dwivedi et al., 2023). As of current, generative AI tools are not only limited to expert users but they are now commonly used by everyone across diverse age groups and occupations. The increase of generative AI use may introduce new psychological considerations, like how individuals engage with cognitive tasks. Cognitive offloading is a concept that refers to the use of external tools to reduce cognitive effort (Risko & Gilbert, 2016). Although cognitive offloading is not a new phenomenon, generative AI extends it to a level where external systems can perform tasks that were previously internal. This raises important questions on how generative AI technologies may relate to individuals’ experiences.  
 	A central construction for understanding these relationships in this study is perceived autonomy. Within the framework of self-determination theory, autonomy is defined as the experience of acting with a sense of volition and self-endorsement (Ryan & Deci, 2000). In selfdetermination theory, autonomy is considered a fundamental psychological need and is closely associated with motivation, well-being, and effective functioning (Deci & Ryan, 2008). 
 	Despite the rapid adoption of generative AI, existing research has largely focused on its technical capabilities, ethical considerations, and performance outcomes (Dwivedi et al., 2023; Kasneci et al., 2023). While emerging studies have begun to examine cognitive and behavioral implications, comparatively less attention has been given to psychological experiences such as perceived autonomy. Furthermore, limited research has explored how different patterns of AI use, such as academic, creative, or everyday use, may relate to individuals’ experiences of autonomy.  
[bookmark: _Toc56445]1.2 Literature Review 
[bookmark: _Toc56446]History and Development of Artificial Intelligence 
 	The concept of artificial intelligence (AI) has changed over several decades, developing from early theoretical ideas about machine learning and reasoning into the advanced generative systems that are widely used today. Understanding the historical developments of AI provides context for the discovery of generative AI and its growing influence on perceived autonomy.  
 	Early discussions of machine intelligence can be traced to the work of Alan Turing, whose 1950 paper, computing machinery and intelligence, explored whether machines could replicate human thinking (Turing, 1950). In this work, Turing proposed the concept known as the “Turing Test,” which was a thought experiment designed to evaluate whether a machine could produce responses identical to those of a human. Turing’s ideas help establish the philosophical and scientific foundation for the field of artificial intelligence by suggesting that intelligence could potentially be reproduced through computational processes (Turing, 1950) 
 	The formal development of AI as a scientific discipline occurred in 1956 during the Dartmouth conference, which brought together leading researchers to explore the possibility that human intelligence and reasoning can be simulated by machines. Scholars such as John McCarthy, Marvin Minsky, Herbert A. Simon, and Allen Newell played important roles in forming early AI research. During this early period, AI systems were mainly based on symbolic reasoning and rule-based programming. Researchers believed that intelligence could be recreated by encoding knowledge and logical rules into computer systems. Early programs could solve mathematical problems, play simple games, and perform basic logical reasoning tasks (Russell & Norvig, 2021).  
 	Despite early optimism, progress in AI research slowed during the 1970s and 1980s, a period sometimes referred to as the “AI winter.” During this time, many early approaches struggled to scale effectively to the real-world. Rule-based systems required extensive manual programming and lacked the flexibility needed to adapt to new situations. This period also saw the development of expert systems, which were designed to replicate the decision-making abilities of humans within specific domains such as medicine or engineering. While these systems displayed the practical potential AI could have, they remained limited in their ability to learn from data or generalize beyond predefined rules (Haenlein & Kaplan, 2019). 
 	The next major innovation in AI was the rise of machine learning in the 1990s and early 2000s. Instead of relying on manually programmed rules, machine learning algorithms allowed computers to identify patterns and make predictions based on large datasets (Goodfellow et al., 2016). Advances in computing power, data availability, and statistical modeling enabled AI systems to improve their performance through experience. During this time, neural networks and probabilistic models became more important, laying groundwork for modern AI systems capable of handling complex tasks such as speech recognition, image classification, and recommendation systems (Goodfellow et al., 2016). 
 	A significant discovery regarding AI happened in the 2010s with the development of deep learning, a subset of machine learning based on multi-layered neural networks capable of learning highly complex representations of data. Deep learning techniques significantly improved the performance of AI systems across many areas, including natural language processing, computer vision, and autonomous systems. These advances were supported by the availability of large datasets and powerful graphical processing units (GPUs), which enable researchers to train increasingly sophisticated models (LeCun et al., 2015). 
[bookmark: _Toc56447]Types of Artificial Intelligence 
 	The term “artificial intelligence” includes a broad range of technologies designed to perform tasks that would usually require human intelligence. As the field evolved, categories of AI systems have been created based on their capabilities and functions. A common classification distinguishes between narrow artificial intelligence, general artificial intelligence, and artificial superintelligence. Narrow artificial intelligence, sometimes called weak AI, describes systems designed to perform specific tasks within a limited field. These systems do not possess generalized reasoning abilities but can achieve high levels of performance in specialized applications. Examples include speech recognition systems, recommendation algorithms, and image classification models. Many commonly used digital tools, including conversational systems such as ChatGPT, are included in this category because they are designed to perform specific functions rather than replicating the full range of human intelligence (Russell & Norvig, 2021).  
 	Another category of artificial intelligence is artificial general intelligence (AGI). AGI refers to a theoretical form of AI capable of performing any intellectual task that a human can accomplish. Unlike narrow AI systems, which are optimized for specific problems, AGI possesses the ability to learn, reason, and adapt across different contexts (IBM, 2024). While AGI has been discussed in scientific and philosophical literature, it has not yet been achieved in practice. Researchers continue to debate whether such a system is technically possible or whether intelligence comparable to human cognition can be replicated through computational processes (IBM, 2024). A further hypothetical category is artificial superintelligence, which describes systems that would exceed human cognitive abilities across nearly all fields, including scientific reasoning, creativity, and decision-making. However, this category remains highly speculative (Bostrom, 2014). 
 	Another widely used framework categorizes artificial intelligence based on functional capabilities, mainly in relation to how systems process information and interact with their environment. Early AI systems are often described as reactive machines, which means they operate solely on current inputs without the ability to store past experiences or learn from previous interactions. These systems follow predetermined rules and patterns to produce outputs but lack memory or adaptive learning mechanisms. While reactive systems were important in early AI development, they are limited in their ability to perform complex reasoning tasks (Haenlein & Kaplan, 2019). Within modern AI research, more attention has been directed toward systems capable of generating new content rather than simply analyzing existing data. This category, known as generative artificial intelligence, represents one of the rapidly developing areas of AI (Dwivedi et al., 2023). 
[bookmark: _Toc56448]Generative AI 
 	Generative AI refers to systems capable of producing new content such as text, images, code, and many more based on learned patterns from large datasets. These models can replicate human-like content. Generative AI has since made it easier to do everyday tasks from writing assistance to creative design. As a result, the widespread accessibility of Generative AI tools has also transformed how individuals seek and engage with information (Dwivedi et al., 2023). Unlike earlier forms of artificial intelligence that were primarily rule-based or focused on classification and prediction tasks, generative AI systems can produce novel outputs that are not direct copies of their training data. A defining feature of Generative AI is the use of large foundation models trained on extensive and diverse datasets. For large language models, training involves learning statistical regularities in language, enabling systems to generate coherent and grammatically complex responses to user prompts. This allows generative AI tools to perform the many functions it can (Dwivedi et al., 2023).  
 	From a psychological perspective, generative AI represents a shift in human-technology interaction. Traditional digital tools, such as search engines or calculators, primarily support cognition by retrieving information or executing predefined operations. In contrast, generative AI systems actively contribute to the cognitive process by proposing ideas and generating explanations, which could shape the direction of the users’ thinking. This positions generative AI not merely as a passive tool as intended, but as a form of cognitive support that can influence how individuals approach tasks, evaluate options, and construct understanding(Floridi et al., 2018). A key concept to understanding the psychological impact of generative AI is cognitive offloading. Cognitive offloading refers to the use of external tools to reduce internal cognitive demands, such as memory, attention, or problem-solving skills. By generating structured outputs or providing quickly accessible responses, generative AI can reduce working memory load and increase efficiency. Research suggests that such reductions in cognitive load can support performance and learning under certain conditions. However, reliance on external cognitive aids may also diminish cognitive growth and independent reasoning (Risko & Gilbert, 2016). 
 	Generative AI has also been shown to have a strong impact on education and learning contexts. When individuals use generative AI as a supportive resource that complement their own cognitive efforts, these tools function as crutches that promote understanding. However, the opposite stands true also (Zhai et al., 2024). Existing research in education explains how the use patterns, specifically whether usage is learner-controlled or imposed, influence cognitive engagement. Learner controlled AI feedback positively impacted performance without negatively impacting autonomy, while mandated AI use decreased self-regulated learning for some groups (Dai et al., 2025). Furthermore, studies on cognitive processes show that generative AI can reduce cognitive load and diminish active engagement. For example, preservice teachers using AI tools reported benefits in shared metacognition and reduced cognitive strain, which supported higher achievement. However, this can also free users from critical cognitive effort with mixed implications for autonomy. Beyond educational settings, generative AI is increasingly used in everyday life for simple and/or complex tasks, which raises broader psychological questions about how constant interaction with generative AI can influence behavior, motivation and self-perception. From a behavioral perspective, habitual use of generative AI may shape expectations about accuracy and effort. Users may become conditioned to expect immediate responses and solutions, which could alter the tolerance for uncertainty or individual problem-solving (Kasneci et al., 2023). This may also negatively affect perceptions of competence and self-efficacy regarding whether or not successful outcomes are attributed to AI assistance rather than individual capabilities. From an ethical and human-centered perspectives scholars have emphasized the importance of adopting human-focused approaches to the design and use of generative AI. Ethical frameworks highlight concerns related to transparency, responsibility, and respect for human agency (Floridi et al., 2018). Human-centered AI emphasizes the preservation of meaningful human control, ensuring that individuals retain the ability to make informed choices and override AI-generated suggestions. Understanding users’ perceived control and agency  when interacting with generative AI is important for understanding broader implications on autonomy. 
[bookmark: _Toc56449]Cognitive offloading and digital cognitive tools 
 	Cognitive offloading  refers to the process of using external resources or tools to reduce the cognitive demands placed on internal mental processes such as memory and attention. Rather than relying solely on internal cognitive capacities, individuals use elements of their physical or digital environment to store information, guide behavior, or assist with decision making. This allows for the conservation of cognitive resources and improved efficiency when performing complex tasks. Cognitive offloading is considered an important aspect of human cognition and everyday functioning (Risko & Gilbert, 2016). The concept of cognitive offloading originates in broader theoretical perspectives that emphasize the distributed nature of cognition. The theory of distributed cognition states that cognitive processes are not confined solely to the human mind but are distributed across individuals, tools, and environments. According to this view, external tools such as notebooks, calculators, and other digital devices can become integrated into cognitive systems by supporting memory, reasoning, and problem-solving processes (Grinschgl & Neubauer, 2022). As technological tools have become more advanced, their role in supporting human cognition has expanded drastically. Historically, humans have relied on different external aids to reduce cognitive effort. Things such as writing notes and setting reminders represent earlier forms of cognitive offloading. This allowed individuals to shift part of the cognitive responsibility from internal mental processes to external representations. A written list can function as external memory systems, which helps with the remembering of tasks without having to actively maintain  them in working memory. Similarly, diagrams and other forms of visual representation can simplify complex reasoning tasks by allowing for the manipulation of information externally rather than mentally (Risko & Gilbert, 2016). 
 	Cognitive offloading has been facilitated by technological tools and digital devices today. Smartphones, computers, online platforms and the internet all provide users with immediate access to large amounts of information, which help with retrieving knowledge quickly rather than storing it mentally. Search engines, for example, have changed how people approach information retrieval. Instead of memorizing information, there are online search tools that have access to information when needed. This has changed how information is encoded and retained, as the availability of external knowledge sources reduces the perceived need to remember information independently (Sparrow et al., 2011). Advances in artificial intelligence have expanded the scope of cognitive offloading beyond information storage and retrieval. Traditional digital tools mainly functioned as passive aids that stored or displayed information. However, modern AI systems are capable of actively processing information and generating suggestions. As a result, AI technologies participate more directly in cognitive processes that were previously performed by humans (Risko & Gilbert, 2016). Generative AI represents a powerful form of cognitive offloading. Generative AI systems are capable of producing new content based on learned patterns within large datasets. Systems such as ChatGPT can create explanations and summaries, while tools like GitHub copilot can suggest programming solutions during software development tasks. These systems not only retrieve information but also assist in structuring ideas, solving problems, and generating creative outputs (Holstein et al., 2025; Zhang & Reicherts, 2025; Iqbal et al., 2025). From a cognitive perspective, this changes how digital tools are used. Instead of relying on technology solely for information retrieval, individuals may rely more on AI systems to perform higher-level cognitive functions such as reasoning and planning. By providing structure responses and potential solutions, generative AI systems can reduce the cognitive effort required to complete tasks (Lee et al., 2025; Gerlich, 2025).  
 	As stated, cognitive offloading through AI technologies can provide significant benefits in terms of efficiency and productivity. However, there are also potential psychological implications. A common concern is that constant reliance on external cognitive aids, such as generative AI systems, can reduce opportunities for deep cognitive engagement and learning. When automated tools are heavily relied on for tasks that required active reasoning, they can reduce the cognitive processes necessary for learning and skill development (Risko & Gilbert, 2016). 
[bookmark: _Toc56450]The Growing Prevalence of Generative AI 
 	The growing prevalence of generative AI has sparked important conversations about psychological and behavioral implications. The question has turned from “whether generative Ai will have an impact on society” to “what kind of significant impact it will have” (Floridi et al, 2018). However, the widespread adoption of generative AI has been driven in part by its perceived benefits such as an increase in efficiency, accessibility to information, and cognitive support. This has earned it a positive outlook and contributed to positive public attitudes towards generative AI. Therefore, generative AI is often presented as an assistive technology designed to support human functioning. There are some concerns regarding potential influence on human agency and self-directed behavior (Floridi & Cowls, 2019). Generative AI tools, such as text‑centric models like ChatGPT, image generators such as DALL·E, and code assistants like GitHub Copilot, are now widely used by adults for routine cognitive and practical support. ChatGPT, for example, is used for tasks ranging from drafting emails and summaries to generating study notes, planning activities, and making decisions. GitHub Copilot is used by developers to autocomplete code and suggest implementation strategies during software development, while DALL·E and similar tools are used by creatives and hobbyists to generate artwork, design prototypes, and visualize concepts. These tools reduce the time and effort required to complete cognitively demanding tasks and are often experienced as intuitive extensions of users’ cognitive workflows (Söllner et al., 2025). Therefore, generative AI currently participates in processes that previously were guided by human judgement and reasoning, which create concerns regarding the growing impact of generative AI on perceived autonomy.  
 	Overall, the literature on generative AI states that these technologies are not merely neural tools but active participants in the cognitive system. They can have a major impact in terms of efficiency and access to information. However, their rapid integration into professional, academic, and everyday contexts raises a lot of challenges for traditional models of cognition. Generative AI can change how individuals approach thinking and learning when used effectively. Conversely, it can have the opposite effect if used ineffectively. 
[bookmark: _Toc56451]Perceived Autonomy  
 	The definition of autonomy varies based on the approach. In psychological research, perceived autonomy is commonly understood as an individual’s subjective sense of control over their decisions and actions, including the experience of acting voluntarily rather than under external pressure (Wertenbroch et al., 2020). Rather than referring to objective independence, perceived autonomy emphasizes how individuals interpret and evaluate the influence of external factors on their behavior. Although autonomy has been studied across many areas, evidence suggests that research in health psychology has examined autonomy primarily in relation to motivation and behavior change rather than as an independent construct. Furthermore, autonomy is similarly explored in decision-making research, where subjective perceptions of control can influence how individuals interact with automated aids and algorithms (Glawe et al., 2025). 
However, autonomy can be viewed through the lens of self-determination theory.   
[bookmark: _Toc56452]Self-determination Theory 
 	Self-determination theory is a widely used framework for understanding human motivation and personality. It proposes that human behavior is driven by the extent to which individuals experience their actions as self-directed and internally regulated rather than externally controlled (Ryan & Deci, 2000; Deci & Ryan, 2008). A central idea within selfdetermination theory is between intrinsic and extrinsic motivation. Intrinsic motivation refers to engaging in an activity for its inherent interest or enjoyment, whereas extrinsic motivation involves doing something to attain separable outcomes such as rewards or avoidance of negative consequences (Ryan & Deci, 2020). According to self-determination theory, human motivation and well-being are shaped by the satisfaction of three basic psychological needs: autonomy, competence, and relatedness (Ryan & Deci, 2000; Chen et al., 2015). Autonomy refers to experiencing one’s actions as volitional and self-endorsed, competence involves feeling effective in one’s interactions with the environment, and relatedness reflects the need to feel connected with others (Chen et al., 2015). Need satisfaction has been consistently associated with greater well-being, engagement, and adaptive functioning, whereas need frustration is linked to poorer motivation and negative psychological outcomes (Vansteenkiste & Ryan, 2013).  
 	Studies using autonomy constructs consistently link perceived autonomy to positive psychological outcomes. For example, research on adult health behaviors shows that individuals’ reports of autonomy in health decision‑making are associated with better adherence to behaviors and greater self‑regulation, suggesting autonomy’s relevance to real‑world choices (Williams et al., 2006). Similarly, research on autonomy in cognitive and decision‑making contexts state that individuals who perceive greater volition in how they approach tasks strategies report higher engagement and satisfaction (Reeve, 2012). This idea has important effects for understanding perceived autonomy. Many daily activities involve external demands, social expectations, or institutional structures. However, autonomy can still be maintained when individuals experience meaningful choices and understand the reason for their actions (Reeve, 2012). However, autonomy is reduced when behavior is experienced as coerced, pressured, and/or imposed, even if the behavior itself aligns with personal goals (Soenens & Vansteenkiste, 2010). 
 	Perceived autonomy is usually discussed alongside related constructs such as control, self-efficacy, independence, and agency. Perceived control generally refers to beliefs about an individual’s ability to influence outcomes, whereas autonomy focuses on the experience of volition and self-initiation (Chen et al., 2015; Lin et al., 2025) Perceived control also focuses on whether external circumstances or internal actions determine outcomes. An individual may feel capable of performing a task while also experiencing pressure or obligation, which results in low perceived autonomy but high perceived control (Lin et al., 2025). Similarly, self-efficacy shows an individual’s confidence in their own abilities but does not necessarily include whether actions are internally motivated or chosen by oneself (Bandura, 2001).  Agency, while closely related, focuses on the capacity to act intentionally and effect change, whereas perceived autonomy emphasizes the subjective experience of choice and self-endorsement behind that action (Tapal et al., 2017).  
[bookmark: _Toc56453]Generative AI and Perceived Autonomy 
 	In human–technology interaction research, perceived autonomy has been operationalized in terms of users’ sense of agency and control when interacting with systems. Studies find that autonomy perceptions are influenced by users’ ability to accept, modify, or reject technological suggestions: autonomy is preserved when users retain meaningful choice over task execution, and diminished when systems are perceived as overriding user control (Supraja et al., 2021). These findings show the subjective nature of autonomy and its sensitivity to contextual cues in environments involving intelligent systems. 
 	In the context of generative AI, perceived autonomy represents a critical psychological variable for understanding user experiences. Generative AI systems provide suggestions and outputs that may accelerate or worsen users’ cognitive engagement. Constant use of such tools may enhance performance efficiency while also shaping users’ perceptions of control over their thinking and decision‑making processes. Constant interaction with AI-generated content may encourage the passive acceptance of suggestions, reducing an individual’s sense of ownership over their decisions (Dwivedi et al., 2023). By focusing on the subjective experience of autonomy, the present study is positioned to explore how generative AI use habits relate to adults’ sense of agency and self‑directed action. 
 	Despite increasing public and academic attention to generative AI, empirical research examining its psychological impact on perceived autonomy remains limited. Existing studies have primarily focused on ethical concerns, performance outcomes, or educational effectiveness, with less emphasis on subjective psychological experiences such as autonomy (Dwivedi et al., 2023). Moreover, few studies have examined how specific use habits, such as frequency of use or types of generative AI tools, relate to perceived autonomy among adult populations. This represents an important gap in literature, given the growing integration of generative AI into daily life. 
 	Understanding the relationship between generative AI use habits and perceived autonomy is particularly relevant within health psychology, as autonomy is a key determinant of psychological well-being and adaptive functioning. As adults increasingly rely on generative AI for cognitive and practical support, it is essential to explore whether these tools function primarily as autonomy-supportive resources or whether they risk interfering with perceived autonomy. 
 
 
[bookmark: _Toc56454]Aim and Objectives  
 	Therefore, the aim of the present study is to examine the relationship between the use of generative AI tools and perceived autonomy among adults. The specific objectives are:   
1. Examine generative AI use habits in adults  
2. To assess perceived autonomy in adults. 
3. To examine the relationship between generative AI use habits and perceived autonomy.  
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2. Study Methods 
[bookmark: _Toc56456]2.1 Study design 
 	The present study uses a cross-sectional research design to examine the relationship between generative artificial intelligence (GenAI) use habits and perceived autonomy among adults. Data was collected using an anonymous online questionnaire. 
[bookmark: _Toc56457]2.2 Participants 
 	The participants in this study consisted of adults aged 18 and older from the general population. A convenience sampling method was used. Participants were recruited voluntarily through online platforms. The sample size of this study was n = 200. Participation was open to individuals regardless of educational background or occupational status, providing they met the age requirement. The mean age of participants was 24.32 years (SD = 5.37), with ages ranging from 18 to 59. The sample included both male (n = 92, 46%) and female (n =108, 54%). The mean age of male participants was 23.84 years (SD = 3.78), while the mean age of female participants was 24.73 years (SD = 6.40).   
[bookmark: _Toc56458]2.3 Measures 
Perceived Autonomy 
 	Perceived autonomy was assessed using the autonomy satisfaction subscale of the Basic Psychological Need Satisfaction and Frustration Scale (BPNSFS; Chen et al., 2015), a measure of basic psychological need satisfaction and frustration across autonomy, competence, and relatedness. The subscale consists of multiple items measuring individuals’ sense of volition and self-direction. 
 	Responses were recorded on a Likert-type scale ranging from 1 (strongly disagree) to 5 (strongly agree). A mean score was calculated to represent autonomy satisfaction, with higher scores indicating greater perceived autonomy. 
 	Prior validation studies have shown the scale’s factorial validity and reliability across different cultural and clinical samples, including German-speaking individuals with depression (Heissel et al., 2023) and Korean cancer survivors (Yeom & Lee, 2024). The autonomy satisfaction subscale for German-speaking individuals demonstrated an internal consistency of a = 0.52 and for Korean cancer survivors demonstrated an internal consistency of a = 0.85. In the present study, the autonomy satisfaction subscale demonstrated internal consistency of α = .59, which suggests caution in the interpretation of results. 
Autonomy Frustration (Supplementary Measure) 
 	The autonomy frustration subscale of the BPNSFS was also included as a supplementary measure. However, internal consistency was low (α = .36), and therefore the items were not combined into a composite score. Instead, they were analyzed individually for descriptive purposes. 
Generative AI Use Habits 
 	Generative AI use habits were assessed using a researcher-developed questionnaire designed for the purposes of this study. The measure included items assessing frequency and context of GenAI use across multiple domains, including: 
· General daily use  
· Academic or professional use  
· Creative use  
· Learning and idea exploration  
· Personal or leisure use  
Responses were measured on a 5-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree), with higher scores indicating greater use. The full questionnaire is provided in Appendix A. 
 
Perceived Control in AI Use 
 	To further assess participants’ experience of interacting with generative AI, five additional items were included to measure perceived control. These items captured aspects such as confidence in using AI, perceived control over outputs, and perceived dependency. (see 
Appendix A) 
Given conceptual differences among items, they were analyzed individually rather than combined into a composite score 
. 
[bookmark: _Toc56459]2.4 Procedure 
 	Bioethics approval was obtained on February 2, 2026 ( 2026-BEC2-0163). Data was collected through an anonymous online survey distributed online and on social media platforms such as Instagram, snapchat, TikTok, and WhatsApp . Participants were provided with information about the purpose of the study and were informed of consent prior to participation. 
 	The questionnaire took approximately 5–10 minutes to complete. Participation was voluntary, and respondents could withdraw at any time without penalty. 
[bookmark: _Toc56460]2.5 Data Analysis 
Data analysis was conducted using IBM SPSS Statistics (Version 29,2026). 
 	Descriptive statistics (means and standard deviations) were calculated for all study variables. Mann Whitney U- tests were conducted to examine gender differences in generative AI use habits and autonomy satisfaction. Kruskal-Wallis H test were conducted to examine differences between generative AI use across age groups. Spearman’s correlation analyses were performed to assess relationships between GenAI use variables and perceived autonomy. 
 	Prior to conducting inferential analyses, assumptions of normality were assessed using skewness and kurtosis values. All primary variables were approximately normally distributed, except for age which was heavily skewed. 
Statistical significance was set at p < 0.05. 
 
 
 
 
 
 
[bookmark: _Toc56461]3. Results 
[bookmark: _Toc56462]Objective 1: Generative AI Use Habits  
Prior to conducting inferential analyses, the distribution of the data was assessed using skewness and kurtosis values. All main study variables, including generative AI use items and autonomy satisfaction, fell within acceptable ranges (±1), indicating approximate normality. 
Age showed substantial deviation from normality (skewness = 3.23, kurtosis = 17.29), indicating a positively skewed distribution. Given the non-normal distribution of age and the ordinal nature of the data, nonparametric tests were used for subsequent analyses. 
Descriptive statistics for generative AI use habits are presented in Table 1. Given the ordinal nature of the data, medians and interquartile ranges were used to describe central tendency and variability. 
Learning-related use (UH4), creative use (UH3), and academic or professional use (UH2) showed the highest median scores (Mdn = 4.00, IQR = 1), indicating that participants frequently engage with generative AI in task-oriented and cognitively demanding contexts. 
In contrast, general daily use (UH1) and personal or leisure use (UH5) displayed lower median values (Mdn = 3.00). While general use showed relatively low variability (IQR = 1), leisure use exhibited greater variability (IQR = 2), suggesting more diverse patterns of engagement across participants. 
To provide a more detailed understanding of generative AI use patterns, the distribution of responses across categories is presented in Figure 1. The greater proportion of disagreement observed for general daily use (UH1) may be related to the wording of the item, particularly the term “regularly,” which may have been interpreted as frequent or habitual use. General daily use 
(UH1) showed a relatively greater proportion of disagreement (responses 1–2), with approximately 44% of participants selecting these categories, indicating that frequent or habitual use of generative AI is less common. In contrast, academic (UH2), creative (UH3), and learningrelated use (UH4) showed a greater proportion of responses in categories 4–5, particularly for creative use (UH3), where the largest share of participants selected “agree.” This suggests that generative AI is more commonly used in specific task-oriented contexts such as learning and idea generation. Leisure use (UH5) showed a more evenly distributed pattern across response categories, indicating greater variability in how participants engage with AI for personal purposes. 
 
Table 1: Descriptive statistics of generative AI use habits 
	Variable 
	Description 
	Mdn 
	IQR 

	UH1 
	Daily use of GenAI 
	3.00 
	1 

	UH2 
	Academic/professional use 
	4.00 
	1 

	UH3 
	Creative use 
	4.00 
	1 

	UH4 
	Learning/exploration use 
	4.00 
	1 


UH5 	Personal/leisure use 	3.00 	2 
 
 
[bookmark: _Toc56463]Correlations Among GenAI Use Variables 
Spearman’s correlation analyses were conducted to examine relationships among different types of generative AI use (see Table 2). 
General daily use (UH1) was positively correlated with academic use (UH2), ρ = .278, p 
< .001, creative use (UH3), ρ = .183, p = .010, and learning-related use (UH4), ρ = .173, p = .015. This suggests that individuals who frequently use generative AI in their daily lives are more likely to engage with it across multiple contexts. 
Academic use (UH2) was positively associated with creative use (UH3), ρ = .199, p = .005, but was not significantly related to learning-related use (UH4), ρ = −.016, p = .825, or leisure use (UH5), ρ = .068, p = .339. 
Creative use (UH3) was positively correlated with learning-related use (UH4), ρ = .217, p = .002. In addition, learning-related use (UH4) was positively associated with leisure use (UH5), ρ = .179, p = .011. 
Table 2: Spearman’s correlations between generative AI use habits  

Variable 	1 	2 	3 	4 	5 

	1. Daily AI use 
	— 
	.278** 
	.183** 
	.173* 
	.107 

	2. Academic use 
	.278** 
	— 
	.199** 
	−.016 
	.068 

	3. Creative use 
	.183** 
	.199** 
	— 
	.217** 
	.003 

	4. Learning use 
	.173* 
	−.016 
	.217** 
	— 
	.179* 

	5. Leisure use 
	.107 
	.068 
	.003 
	.179* 
	— 



Note. rₛ = Spearman’s correlation coefficient. * p < .05, ** p < .01. 
 
Figure 1: Distribution of responses across generative AI use domains (UH1-UH5) 
[image: ]	 
 
Gender differences 
A series of Mann–Whitney U tests were conducted to examine gender differences in generative AI use across five domains (see Table 3). 
For general daily use (UH1), no significant difference was found between male and female participants, U = 4403.00, p = .192. Although female participants showed slightly higher mean ranks (Mdn higher), this difference was not statistically significant. 
Similarly, no significant gender differences were observed for academic or professional use (UH2), U = 4562.00, p = .299. 
For creative use (UH3), results indicated no significant difference between males and females, U = 4899.50, p = .858. Likewise, no significant gender differences were found for learning-related use (UH4), U = 4867.00, p = .797. 
For personal or leisure use (UH5), female participants again showed slightly higher mean ranks; however, this difference did not reach statistical significance, U = 4356.50, p = .122. 
Overall, the findings indicate that generative AI use habits are consistent across genders, with no statistically significant differences observed across any of the measured domains. 
 
Table 3: gender differences in generative AI use habits. 

Variable 	Male Mean Rank 	Female Mean Rank 	U 	p 

	Daily AI use (UH1) 
	94.38 
	104.73 
	4403.00 .192 

	Academic use (UH2) 
	96.09 
	104.26 
	4562.00 .299 

	Creative use (UH3) 
	99.76 
	101.13 
	4899.50 .858 

	Learning use (UH4) 
	99.40 
	101.44 
	4867.00 .797 

	Variable 
	Male Mean Rank 
	Female Mean Rank 
	U 	p 

	Leisure use (UH5) 
	93.85 
	106.16 
	4356.50 .122 


 
 
 
Figure 2: Gender Differences in Generative AI Use Habits Mean Rank 
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Age in relation to Gen AI use habits 
To examine differences in generative AI use across age groups, participants were categorized into three groups of approximately equal sizes (18–21, 22–25, and 26+ years). 
As show in Table 4, a series of Kruskal–Wallis H tests were conducted to compare generative AI use habits across age groups. The results indicated no statistically significant differences in general daily use (UH1), H(2) = 2.286, p = .319. 
Similarly, no significant differences were observed across age groups for academic (UH2), creative (UH3), learning-related (UH4), or leisure use (UH5) (all p > .05). 
These findings suggest that generative AI use habits are relatively consistent across age groups within the present sample. 
 
Table 4: Mean ranks of generative AI use habits across age groups 
	Variable 
	18–21 
	22–25 
	26+ 
	H 
	p 

	UH1 
	108.67 
	95.59 
	96.23 
	2.286 
	.319 

	UH2 
	104.98 
	93.02 
	104.62 
	2.092 
	.351 

	UH3 
	102.53 
	95.46 
	104.28 
	1.023 
	.600 

	UH4 
	105.09 
	96.20 
	100.82 
	0.874 
	.646 

	UH5 
	107.88 
	94.93 
	99.45 
	1.850 
	.396 


 
 
[bookmark: _Toc56464]Objective 2: Perceived Autonomy 
Autonomy Satisfaction 
Descriptive statistics for autonomy satisfaction are presented in Table 5. The autonomy satisfaction subscale demonstrated internal consistency of α = .59. Although this value is below the commonly accepted threshold of .70, the scale was retained for analysis. 
Participants reported a mean autonomy satisfaction score of M = 3.39 (SD = 0.74), indicating that scores were slightly above the midpoint of the scale.  
 
Perceived Control in Generative AI Use 
Descriptive statistics for perceived control items are presented in Table 4. The items were analyzed individually. 
The highest mean score was observed for confidence in using generative AI (M = 3.59, SD = 1.13). Perceived control over AI outputs had a mean of M = 3.29 (SD = 1.15), while the perception that one’s own ideas guide the interaction had a mean of M = 3.33 (SD = 1.08). 
Items reflecting reduced autonomy showed slightly lower mean scores. Dependency on generative AI tools had a mean of M = 3.05 (SD = 1.16), and perceived limitation of thinking had a mean of M = 3.08 (SD = 1.20). 
 
Gender differences in autonomy satisfaction and perceived control 
A Mann–Whitney U test indicated that there was no statistically significant difference in autonomy satisfaction between male and female participants, U = 5170.00, p = .618, suggesting that perceived autonomy was comparable across genders in the present sample (see Table 5). 
Similarly, no statistically significant gender differences were observed for perceived confidence (PC1), control over AI outputs (PC2), or the extent to which participants’ own ideas guided interaction (PC3) (all p > .05). 
However, statistically significant gender differences were found for perceived dependency on generative AI (PC4), U = 3998.00, p = .014, and perceived limitation of thinking (PC5), U = 4031.50, p = .023. In both cases, male participants showed higher mean ranks than female participants, indicating greater perceived dependency on generative AI and stronger perceptions that AI limits their thinking. 
 
Table 5: Descriptive statistics and gender differences for autonomy satisfaction and perceived control items 
	Variable 
	M 
	SD 
	Male Mean Rank 
	Female Mean Rank 
	U 
	p 

	Autonomy satisfaction 
	3.39 
	0.74 
	98.30 
	102.37 
	5170.00 
	.618 

	PC1 Confidence 
	3.59 
	1.13 
	103.39 
	98.04 
	4702.50 
	.501 

	PC2 Control 
	3.29 
	1.15 
	99.83 
	100.14 
	4898.50 
	.968 

	PC3 Ideas guide AI 
	3.33 
	1.08 
	99.51 
	100.43 
	4876.50 
	.907 

	PC4 Dependency 
	3.05 
	1.16 
	111.04 
	91.52 
	3998.00 
	.014 

	PC5 Limited thinking 
	3.08 
	1.20 
	109.68 
	91.68 
	4031.50 
	.023 


 
 
 
 
 
 
 
 
 
 
Figure 3: autonomy satisfaction and perceived control mean scores 
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[bookmark: _Toc56465]Autonomy frustration 
The autonomy frustration subscale demonstrated low internal consistency (α = .36). Due to this, the items were not combined into a composite score. Instead, descriptive statistics were examined at the item level (see Table 6). 
Mean scores ranged from M = 2.97 (SD = 1.19) to M = 3.28 (SD = 1.08). 
A Mann-Whitney U test was also conducted to assess gender differences in autonomy frustration. Mann–Whitney U tests indicated that there were no statistically significant gender differences across any of the autonomy frustration items (AF1–AF4) (all p > .05). 
 
 
 
 
 
Table 6: Autonomy Frustration mean scores 
	Item 
	M 
	SD 
	Male Mean Rank 
	Female Mean Rank 
	U 
	p 

	AF1 
	3.28 
	1.08 
	101.93 
	99.28 
	4836.00 
	.738 

	AF2 
	3.01 
	1.20 
	96.51 
	102.94 
	4596.50 
	.420 

	AF3 
	2.97 
	1.19 
	102.89 
	98.47 
	4748.50 
	.580 

	AF4 
	3.13 
	1.14 
	103.91 
	97.60 
	4654.50 
	.425 


 
 
[bookmark: _Toc56466]Objective 3: Generative AI use Habits and its Relationship with Perceive Autonomy  
Spearman’s correlation analyses were conducted to examine the relationship between generative AI use habits and autonomy satisfaction (see Table 7). 
The results indicated a small but statistically significant positive correlation between general daily generative AI use (UH1) and autonomy satisfaction in the total sample (ρ = .244, p < .001). No statistically significant relationships were observed between autonomy satisfaction and other forms of generative AI use (UH2–UH5) (all p > .05).  
When analyzed by gender, no statistically significant correlations were found among male participants (all p > .05). In contrast, among female participants, general daily use of generative AI (UH1) was positively associated with autonomy satisfaction (rₛ = .364, p < .001), and learning-related use (UH4) also showed a statistically significant positive association (rₛ = .213, p = .027). 
 
Table 7: Spearman’s correlations between generative ai use habits and perceived autonomy 
(total sample and by gender) 
	Variable 
	Total rₛ 
	p 
	Male rₛ 
	p 
	Female rₛ 
	p 

	UH1 
	.244** 
	< .001 
	.099 
	.351 
	.364** 
	< .001 

	UH2 
	−.051 
	.475 
	−.151 
	.149 
	.018 
	.849 

	UH3 
	.097 
	.174 
	.003 
	.979 
	.167 
	.084 

	UH4 
	.123 
	.082 
	.004 
	.966 
	.213* 
	.027 

	UH5 
	−.024 
	.732 
	−.069 
	.514 
	.000 
	.997 


Note. rₛ = Spearman’s correlation coefficient. * p < .05, ** p < .01. 
 
 
[bookmark: _Toc56467]Relationships between Generative AI use and Perceived Control 
 	Spearman’s correlation analyses were conducted to examine the relationships between generative AI use habits and perceived control items (see Table 8). 
 	General daily generative AI use (UH1) was positively associated with perceived dependency (PC4), ρ = .180, p = .011, and perceived limitation of thinking (PC5), ρ = .183, p = .010. Similarly, academic use of generative AI (UH2) showed significant positive correlations with dependency (PC4), ρ = .197, p = .005, and limited thinking (PC5), ρ = .215, p = .002. 
 	No statistically significant relationships were observed between generative AI use and perceived confidence (PC1), perceived ability to control outputs (PC2), or idea generation (PC3). In addition, creative, learning-related, and leisure-based uses of generative AI were not significantly associated with perceived control variables. 
 
Table 8: Spearman’s correlation between generative AI use habits and perceived control items 
	PC1 
Variable 
(Confidence) 
	PC2 
(Control) 
	PC3 
(Ideas) 
	PC4 
(Dependency) 
	PC5 (Limited 
Thinking) 

	UH1 Daily use .121 
	-.018 
	.120 
	.180* 
	.183** 

	UH2 Academic 
.010 
use 
	.062 
	.105 
	.197** 
	.215** 

	UH3 Creative 
.041 
use 
	.008 
	.125 
	.120 
	.136 

	UH4 Learning 
.073 
use 
	.025 
	.077 
	.037 
	.056 

	UH5 Leisure 
.107 
use 
	-.060 
	.016 
	.071 
	-.072 


Note. rₛ = Spearman’s correlation coefficient. * p < .05, ** p < .01. 
 
Overall, the results indicate that generative AI use is present across multiple domains, with higher median values observed for learning-related, creative, and academic use compared to general daily and leisure use. No statistically significant differences in AI use or perceived autonomy were found across gender or age groups. Autonomy satisfaction scores were slightly above the midpoint of the scale, suggesting that participants generally reported a maintained sense of self-direction. A weak but statistically significant positive association was observed between general daily AI use and autonomy satisfaction, while other forms of AI use were not significantly related to autonomy. Gender-specific analyses showed that this relationship was observed only among female participants. Additionally, general daily and academic AI use were positively associated with perceived dependency and limitations in thinking. 
[bookmark: _Toc56468]4. Discussion 
 	The present study aimed to examine the relationship between generative AI use habits and perceived autonomy among adults. In addition to assessing patterns of AI use, the study also explored perceived control in AI interactions and potential differences across gender and age groups. Using a cross-sectional design and self-report measures, the study sought to understand how different forms of AI use relate to individuals’ experiences of autonomy. 
 
[bookmark: _Toc56469]Objective 1:Generative AI Use Habits 
  	The first objective of this study was to assess the use habits of generative AI in adults. The findings were that responses for general daily use and leisure use were centered around the midpoint of the scale, whereas learning-related, creative, and academic/professional use showed a greater proportion of agreement. This pattern of usage is similar to research on generative AI and digital technologies, which indicate that such tools are mostly used in contexts that enhance efficiency and productivity. For example, Dwivedi et al. (2023) stated that generative AI systems are widely used in education and many other professional environments to support tasks such as writing, idea generation, and processing information. Similarly, Sengar et al. (2025) found that generative AI applications are used in areas that require creativity and knowledge, which aligns with the above midpoint of the scale in learning and creativity observed in this study. At the same time, this pattern does not necessarily mean that users are dependent on generative AI tools. The present findings may reflect that individuals may engage with generative AI in a purposeful and context-dependent manner. Research in digital habits differentiates between automatic and goal-driven technology use. (Limayem et al., 2007; Oulasvirta et al., 2012).  However, there is also research that raises concerns about overreliance and dependence on AI in educational settings. The concern that AI systems and tools can reduce independent cognitive effort despite the enhanced performance and efficiency they provide (Yunus et al., 2025; Izquierdo-Condoy et al., 2025).  
 
Age differences in Generative AI use 
 	The analysis of demographic variables indicated that age was not significantly associated with any form of generative AI use. This suggests that engagement with generative AI was relatively consistent across age groups within the present sample. 
 
[bookmark: _Toc56470]Gender differences in generative AI use 
 	No significant gender differences were observed in generative AI use across any of the measured areas. Therefore, both male and female participants engage in AI tools in similar ways regardless of contexts. One possible explanation for the absence of gender differences may be the functional and general-purpose nature of generative AI. Unlike earlier technologies that were associated with specific fields or skillset, generative AI tools are designed to support many tasks. As a result, their use is tied to situational needs and individual preferences. Furthermore, generative AI systems often rely on natural language interfaces, making them more intuitive and accessible compared to earlier types of technology. As a result, patterns of use may lean more on individual needs and situational demands than demographic characteristics such as gender. In other words, perceived usefulness and ease of use play a central role in determining engagement with digital tools (Davis, 1989; Venkatesh et al., 2003). This change toward more user-friendly interaction may help explain why there were no significant differences in gender in the present study. Overall, the results show that the use of generative AI is mostly gender neutral within the present sample.  
 
[bookmark: _Toc56471]Objective 2: Perceived Autonomy  
 	The second objective of this study was to assess perceived autonomy in adults. Additionally, perceived control in the context of generative AI use was also assessed. The findings indicated that autonomy satisfaction scores were centered around the midpoint of the scale, suggesting that participants generally experienced a sense of self-direction. 
 	Within the framework of self-determination theory, autonomy refers to the experience of acting with a sense of volition (Ryan & Deci, 2000). The present findings suggest that participants may experience their behavior as self-endorsed, even when engaging with generative AI tools. This interpretation is consistent with research indicating that perceptions of autonomy 
in AI interactions depend on whether systems are experienced as supportive rather than controlling (Supraja et al., 2021). 
 
Perceived control as a complementary construct 
 	While autonomy satisfaction provides a general measure of self-direction, the inclusion of perceived control allows for a better understanding of AI interaction. Perceived control in the context of generative AI refers to individuals’ beliefs about their ability to influence outcomes and effectively use a system , and is closely related to self-efficacy (Bandura, 1997). The findings indicated that participants reported relatively strong agreement with confidence in using generative AI tools, alongside responses centered around the midpoint for control over outputs and the extent to which their own ideas guide interaction. This pattern suggests that participants may experience AI systems as tools that can be directed through their own input. This interpretation is consistent with research on the sense of agency, which refers to the subjective experience of controlling one’s actions and their outcomes (Tapal et al., 2017). In the context of AI, maintaining a sense of agency may be important for preserving the experience of autonomy during interaction. 
 	 At the same time, participants reported responses centered around the midpoint for dependency and perceived limitations in their own thinking. This pattern suggests a more complex psychological experience, where AI may be perceived as both supportive and potentially constraining. This finding can be interpreted in relation to cognitive offloading, which refers to the use of external tools to reduce cognitive effort (Risko & Gilbert, 2016). The use of generative AI may be associated with reduced mental effort in task completion, particularly in cognitively demanding contexts. However, prior research has also shown that reliance on external tools may be associated with reduced independent cognitive engagement (Sparrow et al., 2011; Ward et al., 2017). More recent studies on generative AI report similar patterns, where AI use is associated with increased efficiency alongside potential reliance on automated outputs (Gerlich, 2025). 
Autonomy and perceived control 
 	In this study perceived autonomy and perceived control were viewed from different lenses. While these two constructs are related, they are not interchangeable. Control refers to the ability to influence outcomes, whereas autonomy reflects the experience of acting in accordance with one’s own values and choices (Gagne & Deci, 2005; Soenens & Vansteenkiste, 2010). The results in the present study show that individuals may experience high perceived control alongside only moderate autonomy, while also reporting elements of dependency. This means that control alone is not sufficient to guarantee autonomy. For example, individuals may feel confident in their ability to operate AI systems whiles also relying on them to complete tasks, which may reduce their sense of independence (Moore, 2016). This difference is particularly important in the context of generative AI, where systems actively contribute to the outcome of tasks rather than simply serving as passive tools. Because of this, there may be a change in the perspective of the user from sole decision-maker to collaborator with an intelligent system. With the constant evolution of generative AI tools, it is increasingly functioning as a cognitive partner instead of a traditional tool unlike previous digital tools (Jarrahi, 2018).  
 
[bookmark: _Toc56472]Objective 3: Use habits of Generative AI and Perceived Autonomy 
 	The third objective of this study was to examine the relationship between generative AI use habits and perceived autonomy. The findings indicated a statistically significant positive association between general daily generative AI use and autonomy satisfaction, whereas no statistically significant relationships were observed between autonomy satisfaction and specific forms of use (academic, creative, learning, or leisure). The observed association was small in magnitude, suggesting a limited relationship. 
 	One possible interpretation is that general daily use reflects a broader engagement with generative AI across multiple contexts. Individuals who interact with AI more frequently in everyday situations may develop greater familiarity with these systems, which may be associated with a stronger sense of self-directed behavior. This interpretation is consistent with research indicating that repeated engagement with digital technologies can become internalized over time, shaping perceptions of control and self-direction (Limayem et al., 2007; Oulasvirta et al., 2012). Also, generative AI tools may also function as a facilitative tool by helping users complete tasks more efficiently and effectively. In this sense, AI use may be linked with autonomy when users perceive that the tools support their goal-directed behavior rather than replace their autonomy. Dwivedi et al. (2023) discusses generative AI as a supportive technology that may enhance productivity and assist decision-making, while also noting important risks such as over-reliance and verification problems. Similarly, research on human-AI collaboration shows that AI systems can function as augmentative tools, supporting rather than replacing human cognition (Jarrahi, 2018; Dellermann et al., 2019). This association may reflect the extent to which users experience generative AI as supportive of their goal-directed activity. 
 	Another important finding of this study is that specific forms of AI use, like academic, creative, and leisure, were not significantly associated with perceived autonomy. This could mean that the context in which AI is used may be less important than the overall level of engagement. One possible explanation is that general AI use shows a broader pattern of integration. Individuals who use AI frequently across different areas may develop greater confidence and fluency in interacting with such systems, which could enhance their perceived sense of control and autonomy. Conversely, specific uses of AI may be more dependent on context and external demands. For example, academic use of AI may be driven by task requirements or performance expectations, which may limit the extent to which such use is experienced as autonomous. According to SDT, behaviors that are externally regulated are less likely to be associated with autonomy, even if they involve active engagement (Ryan & Deci, 2000).  
 	The findings of objective 3 can also be interpreted together with the results from objective 2, which found that participants reported both high perceived control and some degree of dependency when using generative AI. Perceived control does not necessarily equate to a full sense of agency (Tapal et al., 2017). In the context of generative AI, individuals may see a change toward a collaborative style of interaction, where control is shared between individual and the system. 
 
 	Overall, the present study examined the relationship between generative AI use habits and perceived autonomy. The findings indicated that general daily use of generative AI was positively associated with autonomy satisfaction, whereas no statistically significant relationships were observed for specific use contexts. In addition, participants reported autonomy satisfaction scores centered around the midpoint, alongside moderate levels of perceived control and some degree of dependency. Exploratory analyses suggested that patterns of association differed across gender. 
 
[bookmark: _Toc56473]Limitations  
 	Several limitations should be considered when interpreting the findings of the present study. First, cross-sectional design limits the ability to draw causal conclusions. While an association was observed between generative AI use and autonomy satisfaction, the direction of this relationship cannot be determined. Second, the study relied on self-report measures, which may be subject to biases such as social desirability and inaccurate self-perception. In addition, self-reported technology use may not fully reflect actual behavior, as participants may differ in how they interpret and report their usage patterns. Third, limitations related to measurement should be considered. The autonomy satisfaction subscale showed slightly below acceptable internal consistency, while the autonomy frustration subscale demonstrated low reliability and could not be analyzed as a composite measure. As a result, the study may not fully capture the complexity of autonomy-related experiences. Furthermore, the measure of generative AI use habits was researcher-developed and not formally validated, which limits its validity. Similarly, perceived control was assessed using individual items that were also researcher developed rather than a validated scale, restricting the ability to draw firm conclusions about this construct. Fourth, the use of a convenience sample limits the generalizability of the findings. Participants were recruited online, which may result in a sample that is more familiar with digital technologies than the general population. Finally, the study focused on general patterns of AI use and did not examine how individuals interact with these systems in depth. Future research could benefit from incorporating qualitative methods or more detailed behavioral measures to better capture differences in AI use 
. 
[bookmark: _Toc56474]5. Conclusion  
 	The present study examined the relationship between generative AI use habits and perceived autonomy in adults, with additional consideration of perceived control and demographic variables.  
Overall, the findings indicate that: 
1. Generative AI use was reported across all measured domains; however, general daily use showed a greater proportion of disagreement responses, whereas learning-related, creative, and academic uses showed more agreement.  
2. Autonomy satisfaction scores were generally centered around the midpoint of the scale, indicating that participants reported a maintained sense of self-direction.  
3. A small but statistically significant positive association was found between general daily generative AI use and perceived autonomy. No significant relationships were observed between perceived autonomy and other forms of generative AI use. Gender-specific analyses indicated that this relationship was present only among female participants with an additional positive association observed for learning-related use. 
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[bookmark: _Toc56476]Appendix A: Generative AI Use Habits Questionnaire 
 
Response Scale:  
1 = Strongly Disagree  2 = Disagree  3 = Neutral  4 = Agree  5 = Strongly Agree  
  
Section A: Generative AI use habits (Frequency and purpose of Use)  
1. I use generative AI tools regularly in my daily life.  
1 2  	3  	4  	5  
2. I often rely on generative AI to help me with professional or academic tasks.  
1 2  	3      	4  	5  
3. I use generative AI to create or edit written, visual, or creative work.  
1 2   	3  	4  	5  
4. I use generative AI to learn new information or explore ideas.  
1 2   	3  	4  	5  
5. I primarily use generative AI for personal or leisure purposes.  
1 2  	3  	4  	5  
Section B. Perceived Control and Confidence (in context of Generative AI) 
6. I feel confident in deciding when and how to use generative AI tools.  
1 2  	3  	4  	5  
7. I can easily control the outcomes or responses I get from generative AI.  
1 2  	3  	 4  	 5  
8. When using GenAI, I feel that my own ideas guide the process.  
1 2  	3  	4  	5  
9. I feel dependent on GenAI tools to complete some of my tasks.  
1 2  	3  	4   	5  
10. I sometimes feel that using GenAI limits my own thinking.  
1 2  	 3  	4  	5  

Perceived Autonomy Subscale  
Perceived Autonomy scale. autonomy satisfaction subscale of the Basic Psychological Need Satisfaction and Frustration Scale (BPNSFS; Chen et al., 2015).  
   
Response Scale:  
 1 = Strongly Disagree    2 = Disagree    3 = Neutral    4 = Agree    5 = Strongly Agree  
   
Autonomy satisfaction  
	1. 	I feel free to choose which activities I do.  
	 	1  	2  	3  	 4  	 5 
 
	2. 	I do the things I do because I really want to do them.  
 
 	 	 	1  	2  	3   	4   	5  
 
	3. 	I choose to do the things I do because I want to do them.  
 
 	 	 	1  	 2  	 3   	4  	5  
 
	4. 	I find the things I do really interesting.  
 	 	 	1  	 2  	3  	4  	5  
   
Autonomy frustration  
1. Most of the things I do, I do because I have to.  
 	 	1  	2  	3   	4   	5  
 
2. I feel forced to do many things that I actually do not want to do.  
 	 	1  	2  	3  	4  	5  
 
3. I feel pressured to do too many things.  
 	 	1  	2  	  3  	4   	5  
 
4. I do the things I do every day because I have to, not because I want to.  
 	 	1  	2   	3  	4  	5  
  
1 
 
1 
 
1 
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