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Abstract 

Motivation represents a key determinant of athletes’ performance, persistence, and overall well-being. 

Yet, in many sports contexts, athletes lack access to continuous, personalized coaching that fosters 

long-term motivation and engagement. While recent advances in artificial intelligence (AI) have led to 

the emergence of digital sports systems, most existing solutions focus primarily on technical training 

support or performance tracking rather than addressing the psychological and relational aspects of 

coaching. Against this background, this thesis investigates how conversational human-like AI trainers 

can emulate the motivational and relational qualities of effective human coaches. The study focuses on 

the design of an AI-based trainer that integrates autonomy-supportive coaching behaviors and anthro-

pomorphic social cues to strengthen the coach-athlete relationship and enhance athletes’ motivation.  

Building on Self-Determination Theory (SDT) and Social Presence Theory (SPT) as kernel theories, this 

research explores how AI-driven communication can satisfy athletes’ basic psychological needs for au-

tonomy, competence, and relatedness. SDT provides the theoretical foundation for understanding mo-

tivation through needs satisfaction, while SPT explains how human-like cues and perceived social pres-

ence can evoke authentic, empathic experiences in human-AI interaction. The central research question 

addresses which design principles are appropriate for creating conversational AI trainers that promote 

autonomy-supportive coaching and foster athlete motivation.  

Following the Design Science Research methodology, this thesis develops and evaluates a set of meta-

requirements and design principles that translate theoretical insights into actionable design knowledge. 

The resulting design artifact is instantiated as a text-based chatbot capable of natural and adaptive 

conversation. The AI trainer demonstrates autonomy-supportive behaviors by offering meaningful 

choices, providing constructive and non-controlling feedback, and expressing empathy and trust. To 

create a human-like and socially intelligent impression, the AI trainer employs verbal, mental, and iden-

tity cues such as personalized addressing, emotional expressions, contextual memory, and adaptive 

dialogue strategies.  

The prototype is evaluated in a real-world sports context with adult amateur handball athletes through 

an empirical study employing a mixed-methods approach. The findings show that, while the AI trainer 

succeeds in creating socially engaging, empathetic, and human-like interactions, its impact on athletes’ 

motivational orientation and relationship quality remains limited. No significant behavioral changes 

emerged among the athletes’ over the study period, and motivational outcomes did not show substantial 

improvements. These nuanced patterns suggest that, although the current AI trainer does not yet 

achieve the desired motivational effects, it demonstrates promising potential as a complementary digital 

coaching tool. Improvements in contextual adaptation, memory capabilities, and sport-specific expertise 

may enhance its effectiveness in future iterations.  

The study contributes to Information Systems and Sports Informatics research by integrating motiva-

tional psychology and social presence into AI-based coaching design. It advances theoretical under-

standing of how autonomy-supportive and human-like communication can enhance athletes’ motivation 

and relational engagement, while offering practical guidance for designing AI systems that act as socially 

competent and motivationally effective digital coaches. 

 

Keywords: conversational agents, social presence, self-determination theory, coach-athlete relation-

ship, design science research  
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1 Introduction 

Understanding and fostering motivation has long been a central concern in sport psychology and applied 

coaching research, as motivation determines both athletes’ engagement and their sustained participa-

tion in physical activity (Weiss and Amorose 2008). Regular exercise contributes substantially to indi-

viduals’ physical and psychological well-being (Teixeira et al. 2012). Nevertheless, many athletes strug-

gle to initiate and sustain physical activity over time. A lack of motivation can be explained by low interest 

in exercise or the low perceived competence at physical activities (Ryan et al. 2009). Although behav-

ioral change in sport could prevent or relieve various health conditions, maintaining such change over 

the long term has proven to be particularly difficult (Bouton 2014). In the sports context, motivation plays 

a crucial role in shaping athletes’ development, persistence, and overall well-being. Research consist-

ently emphasizes the pivotal role of the coach as a primary socializing agent, whose behavior, feedback, 

and leadership style significantly affect athletes’ motivation, performance and satisfaction (Amorose and 

Anderson-Butcher 2007; Horn 1985; Mageau and Vallerand 2003; Smith et al. 2010; Smoll and Smith 

1989). The way coaches structure practice, make decisions, provide feedback, and build relationships 

influences athletes’ cognitive, emotional, and behavioral outcomes (Weiss and Amorose 2008). A suc-

cessful team environment therefore requires coaches who can both foster high performance and main-

tain supportive interpersonal relationships (Jowett 2017). However, access to such effective coaching 

is often limited. Many athletes do not have a personal trainer who continuously monitors their training 

progress, analyzes the results, and provides motivated feedback, as professional coaching is very costly 

and not always available (Strunk et al. 2024).  

At the same time, the increasing digitalization of everyday life has also transformed the sports domain 

(ACSM 2024). A wide range of fitness applications, wearable devices, and digital training platforms now 

aim to provide accessible and data-driven support for athletes (Xiao et al. 2017). While these technolo-

gies democratize access to training support, they often focus primarily on performance data rather than 

the motivational and relational aspects of coaching (Helmefalk et al. 2020). As digital transformation 

continues to advance, the trend of integrating artificial intelligence (AI) into the sport domain could further 

redefine how athletes train, learn, and interact with technology (Hammes et al. 2022; Silacci et al. 2021). 

AI has become a defining technology of the digital era, revolutionizing how people live, work, and interact 

with intelligent systems (Gregory et al. 2021). Advances in AI capabilities, particularly in machine learn-

ing (ML) and natural language processing (NLP) have enabled the development of increasingly adaptive 

and human-like systems (Li and Suh 2022; Schöbel et al. 2024). Their capacity to perceive and adapt 

to human behavior has reshaped our perception of what technology can accomplish (Kim and Im 2023). 

Today, generative AI such as OpenAI’s ChatGPT (OpenAI 2025a) mark a paradigm shift toward general 

conversational systems capable of supporting a wide range of complex tasks and offering personalized, 

human-like communication (Maedche et al. 2019).  

One recent rapidly growing field of these advancements in research and practice is the rise of conver-

sational agents (CAs), computer-based systems designed to communicate with humans through natural 

language (Schöbel et al. 2024). Initially, CAs were employed mainly for task automation and simple 

customer interaction; however, their potential has since expanded to context-sensitive and adaptive 

personalized dialogues with users, where they can act as non-human teammates, facilitators, or digital 

experts (Seeger et al. 2018). Today, CAs have been implemented in diverse application areas, including 

customer service (Adam et al. 2021; Gnewuch et al. 2017), marketing (Araujo 2018; Qiu and Benbasat 

2009), healthcare (Beinema et al. 2021; Falala-Séchet et al. 2019), and education (Elshan and Ebel 

2020; Hobert 2019; Lembcke et al. 2020; Smutný and Schreiberova 2020).  
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Increasingly, CAs are being explored not only for task efficiency but also for their potential to generate 

social value by enhancing autonomy, competence, and relatedness in users (Følstad et al. 2018). These 

new opportunities for user-centered interactions also raise new challenges in the field of human-com-

puter interaction (HCI) concerning trust, user acceptance, and the social impact of such CAs. Therefore, 

research should intensively engage in the design and impact of such intelligent systems on users 

(Schöbel et al. 2024).   

A particular area of growing interest within HCI research that addresses these emerging design chal-

lenges is the concept of anthropomorphism (Kim and Im 2023), which refers to the attribution of human-

like characteristics to non-human entities (Epley et al. 2007). The anthropomorphic design of CAs, 

through the use of natural language and social cues, can enhance the feeling of human contact in tech-

nology-enabled communication and facilitate more engaging interactions (Feine et al. 2019). By embed-

ding such human-like qualities, CAs can evoke the feeling of interacting with a social partner rather than 

a machine, thereby increasing trust, emotional connection, and motivation (Nass and Moon 2000). How-

ever, despite the growing interest in anthropomorphic design, researchers and practitioners still lack 

clear, theory-driven guidance on how to effectively integrate these human-like features into conversa-

tional systems (Konya-Baumbach et al. 2023; Li and Suh 2022). Empirical evidence on the effects of 

such anthropomorphic CAs remains fragmented and inconclusive (Seeger et al. 2018), resulting in a 

lack of design knowledge necessary to create successful CAs from a social point of view (Araujo 2018; 

McTear 2017).  

Despite the widespread adoption of AI capabilities and conversational systems in business and more 

recently in education, the sports domain remains nearly unexplored within information systems (IS) re-

search (Hammes et al. 2022; Rapp and Tirabeni 2018). Yet sports present unique computational and 

social challenges for AI, as for example effective coaching involves not only data analysis and perfor-

mance optimization but also empathy, personalized communication, and interpersonal motivation (Beal 

et al. 2019). To date, most existing studies on AI in sports have approached the topic from a technical 

or performance-oriented perspective (Bunker and Thabtah 2019; Claudino et al. 2019; Silacci et al. 

2021; Wang et al. 2019), rather than from a socio-behavioral one (Birnstiel et al. 2024; Strunk et al. 

2024). Within this context, CAs offer new opportunities to move beyond purely analytical applications 

toward interactive and socially intelligent coaching systems. AI-based trainers could simulate key ele-

ments of coaching behavior, providing continuous, scalable, and cost-efficient support. However, current 

literature provides only little insights into how such systems should be designed to reproduce the moti-

vational and relational qualities of effective human coaches (Hammes et al. 2022; Helmefalk et al. 2020). 

In particular, to the best of current knowledge, no scientific research has yet examined the role of an-

thropomorphic design in conversational AI trainers within the sports training context. Addressing this 

gap requires integrating insights from HCI and motivational sports psychology into the design of anthro-

pomorphic AI coaching systems. Developing theory-driven, empirically validated design knowledge in 

this emerging area is crucial for transforming AI from a tool for performance optimization into a relational 

and motivational coach that supports athletes.  

Building upon the identified research gap, it becomes evident that although AI technologies, especially 

CAs, are rapidly advancing across various domains, their application in sports coaching remains unclear 

within IS research. Existing digital solutions largely focus on data-driven performance analysis, yet little 

is known about how human-like and socially intelligent AI trainers could address the motivational and 

relational aspects of coaching. To date, research has not examined how anthropomorphic CAs influence 

athletes’ motivation or their perceived relationship with an AI-based trainer.  
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Consequently, this study seeks to address this research gap by proposing design principles that estab-

lish a theoretical and empirical foundation for developing supportive and human-like AI trainers. There-

fore, this study is guided by the following research question:  

RQ: To what extent do conversational, human-like AI trainers influence the motivation of athletes in 

training settings?  

The objective of this study is to develop and evaluate an effective AI design artifact that integrates 

supportive coaching behaviors with anthropomorphic cues to strengthen coach-athlete relationships and 

enhance athletes’ motivation in sport training contexts. To address the research question, this study 

follows a design science research (DSR) approach (Hevner et al. 2004; Peffers et al. 2007). DSR is 

particularly suited to explore the design and evaluation of innovative artifacts that solve relevant prob-

lems while contributing to the theoretical knowledge base of IS research. In the context of this work, the 

DSR approach is used to design, implement, and evaluate a conversational AI trainer that aims to foster 

athletes’ motivation through autonomy-supportive and human-like interaction. The goal of this research 

is to understand how different design choices, especially those related to anthropomorphic and social 

features, affect athletes’ perceptions, relational experiences, and motivational outcomes when interact-

ing with AI-based trainers. To achieve this goal, the study builds upon two kernel theories: Self-Deter-

mination Theory (SDT; Deci and Ryan 2000) and Social Presence Theory (SPT; Short et al. 1976). 

Combining these theoretical lenses offers a new perspective on how CAs may create supportive and 

motivating digital environments for athletes.  

This study contributes to the fields of IS and HCI research by extending existing design knowledge on 

how conversational, human-like AI systems can foster motivation in sports contexts. From a theoretical 

perspective, the research advances the understanding of how autonomy-supportive and anthropo-

morphic design features influence the quality of interaction between athletes and AI trainers. By inte-

grating SDT and SPT as kernel theories, this work develops a theory-informed set of design principles 

that explain how social cues can support athletes’ psychological needs and therefore enhance their 

motivation. In doing so, it contributes to the growing body of knowledge on motivational interaction de-

sign and the application of social and psychological theories in digital sport environments. From a prac-

tical perspective, the study offers actionable insights for designers and practitioners seeking to develop 

intelligent training systems. The proposed design principles provide concrete guidance on how to ad-

dress athletes’ needs through autonomy-supportive feedback, empathetic communication, and person-

alized interaction. Moreover, the implementation and evaluation of the AI trainer artifact exemplify how 

these principles can be operationalized in practice, offering a foundation for future systems that aim to 

combine adaptive coaching with human-like interaction.  

To answer the research question, this thesis is structured as follows. The next section provides the 

theoretical background by reviewing related research on motivation, autonomy-supportive coaching, 

and CAs, and by introducing SDT and SPT as the kernel theories guiding this study. Following this, the 

subsequent chapter describes the research design and methodology to derive and specify design prin-

ciples for the AI trainer. The study then describes the instantiation and empirical evaluation of the pro-

posed design artifact in a real-world sports training context. Finally, the results are discussed with regard 

to their theoretical and practical implications, followed by the study’s limitations and suggestions for 

future research directions. 
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2 Background 

2.1 Motivation 

Motivation plays a crucial role in the context of physical activity and sports, as it directly influences an 

individual’s decision to start, maintain, and invest effort in training and competition. Generally defined, 

motivation refers to an internal process that energizes and directs behavior toward a specific goal (Weiss 

and Ferrer-Caja 2002). In sports psychology, motivation is often conceptualized through a series of 

“why” questions (Weiss and Amorose 2008; Weiss and Williams 2004): Why do athletes engage in 

sports or physical activity? Why do some athletes start participating in sports for enjoyment, while others 

are driven by external or social factors? Why do certain people demonstrate persistence and sustained 

effort, while others lose interest quickly? Addressing these questions requires a deeper understanding 

of the underlying antecedents of motivation and the psychological, physical, and social consequences 

it produces.  

According to Ryan and Deci (2000a) motivation is not a singular construct. Instead, individuals are 

moved to act by different types of motivational forces, each associated with distinct psychological 

experiences and behavioral outcomes. Motivation encompasses various dimensions including energy, 

direction, persistence, and intention, which are all essential components of goal-directed behavior. This 

complexity underscores why motivation has remained a central focus in psychology, as the core of 

biological, cognitive and social regulation. The underlying reasons for why individuals engage in, invest 

effort toward, and persist in a particular activity can be conceptualized along a continuum of self-

determination (see Figure 1). This continuum reflects the differences in motivational regulation, which 

range from more externally regulated to more autonomous forms of motivation. All motivated behavior 

differs in terms of the perceived locus of causality, meaning whether the behavior is driven by internal 

intentions or external influences. Additionally, motivation varies in the degree to which actions are self-

regulated. The more behavior originates from within the individual, the higher the level of autonomy 

involved (Deci and Ryan 1985; Ryan and Deci 2000b). 

 

 

 

 

 

 

 

Figure 1: Self-Determination Continuum (based on: Ryan & Deci 2000b, p. 72; Weiss & Amorose 2008, p. 
133 ) 
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At one end of the continuum lies amotivation, which is characterized by a perceived absence of control 

or purpose. Individuals experiencing amotivation may lack the intention or motivation to act because 

they do not value the activity, feel incompetent, or fail to perceive a connection between their actions 

and expected outcomes (Ryan and Deci 2000b). Moving toward greater self-determination, extrinsic 

motivation refers to actions driven by outcomes that are separable from the activity itself. In such cases, 

the behavior is driven by instrumental purposes. For example, individuals act in order to gain external 

rewards or to avoid negative consequences (Teixeira et al. 2012). Ryan and Deci (2000a, 2000b) dis-

tinguish four distinct forms of extrinsic motivation, each varying in its level of autonomy: external regu-

lation, introjected regulation, identified regulation, and integrated regulation. External regulation repre-

sents the most controlled form, in which behavior is guided by external rewards or punishments. Intro-

jected regulation is internally controlled but still pressured, therefore behavior is driven by internalized 

contingencies such as guilt, shame, or ego enhancement. Though the motivation originates within the 

individual, it is not fully integrated with the self. Identified regulation reflects a more autonomous form, 

where individuals engage in an activity because they value its benefits or personal relevance. The most 

self-determined form of extrinsic motivation is integrated regulation. Here, the regulation is fully assimi-

lated with one’s values, goals, and identity, even though the activity itself is performed for instrumental 

reasons. At the far end of the self-determination continuum is intrinsic motivation, which involves en-

gaging in an activity for the inherent satisfaction it provides. Ryan and Deci (2000b, p. 70) define intrinsic 

motivation as “the inherent tendency to seek out novelty and challenges, to extend and exercise one’s 

capacities, to explore, and to learn”. People experience feelings of curiosity, enjoyment, and a desire to 

explore and master new challenges (Teixeira et al. 2012). Therefore, intrinsic motivation is considered 

the most autonomous and self-sustaining form of motivation.  

Research on motivation in sport and physical activity emphasizes the interaction of personal character-

istics and social-environmental influences in shaping motivated behavior (Weiss and Ferrer-Caja 2002). 

Athletes’ choices to participate, persist and invest effort in sports are rarely driven by a single reason. 

Rather, they are typically influenced by a complex combination of internal desires and external factors. 

Three common themes have been identified by Weiss and Williams (2004) as central motives for sport 

participation: the pursuit of physical competence, the desire for social acceptance, and the experience 

of enjoyment. Many athletes are motivated to develop or demonstrate physical skills, achieve fitness 

goals, and experience challenge. Others seek opportunities to build friendships and receive approval 

from peers, coaches or family members. Enjoyment, through fun, stimulation, and meaningful engage-

ment, also plays a fundamental role. These motivated behaviors are not mutually exclusive and often 

involve both intrinsic and extrinsic regulatory elements. The central reasons individuals engage in vol-

untary physical activities such as sport is defined as one’s motivational orientation (Amorose and 

Anderson-Butcher 2007). When athletes are driven primarily by enjoyment or personal values, such as 

growth or health (i.e., intrinsic motivation or identified regulation), their behavior is more self-determined. 

In contrast, when athletes participate due to internal pressures, such as guilt or self-worth, or external 

demands, like rewards or punishments, this reflects a more controlled, less autonomous form of moti-

vational orientation (i.e., introjected or external regulation).  

In the context of this study, the primary focus lies on intrinsic motivation as the most self-determined 

form of behavioral regulation within the SDT continuum. Nevertheless, it is important to acknowledge 

that athletes engage in training for a variety of reasons and may respond differently to external influ-

ences, such as an AI-based trainer. Measuring the entire motivation continuum allows the study to ac-

count for these variations while mainly focusing on intrinsic motivation, which is considered the most 

robust and sustainable form of motivation in sport.   
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2.2 Autonomy-Supportive Coaching  

Coaching has evolved into a multifaceted discipline that draws on diverse theoretical and practical foun-

dations. “Coaching is essentially about helping individuals regulate and direct their interpersonal and 

intrapersonal resources to better attain their goals” (Grant 2006, p. 153). As Ives (2008) outlines, coach-

ing can take many different forms. These range from humanistic approaches that emphasize personal 

growth to behaviorist approaches that focus on changing behavior. Moreover, coaching can feature 

cognitive approaches aimed at developing more adaptive thinking as well as goal-oriented approaches 

that help individuals achieve specific outcomes. In the domain of sport, coaches play a pivotal role in 

shaping athletes’ experiences and development. They act not only as instructors and strategists but also 

as leaders, mentors, and motivational figures (Jowett 2017). The sport environment provides a highly 

influential context in which coaching behaviors can affect athletes’ enjoyment, long-term engagement in 

competitive sport (Smoll and Smith 1989), and goal-setting strategies (Smith et al. 2010). Given their 

central role, coaches are uniquely positioned to impact athletes’ psychological needs and motivational 

orientations.  

Previous research has examined a variety of coach-related variables, including leadership styles 

(Gagné et al. 2003; Pelletier et al. 2001), behavioral strategies (Amorose and Anderson-Butcher 2015), 

motivational climates (Weiss and Ferrer-Caja 2002), and coach-athlete relationships (Choi et al. 2020; 

Jowett and Poczwardowski 2007; Kim et al. 2019), to understand their effects on athletes. Several stud-

ies conducted by Amorose and colleagues (Amorose and Anderson-Butcher 2007, 2015; Amorose and 

Horn 2000; Hollembeak and Amorose 2005) have investigated how athletes’ perceptions of their 

coaches’ leadership behavior and feedback style relate to their levels of motivation. Among these, the 

interpersonal style adopted by the coach is a particularly influential dimension and an effective motiva-

tional technique. Two predominant styles have been identified: an autonomy-supportive style, which 

fosters athlete self-initiation and engagement, and a controlling style, which relies on external pressure 

and directive behavior (Deci and Ryan 2000; Mageau and Vallerand 2003). Thus, while various aspects 

of coaching behavior can influence athletes’ motivation, a key predictor is the extent to which athletes 

perceive their coach as autonomy-supportive rather than controlling.  

Autonomy-supportive coaching is characterized by interpersonal behaviors that support athletes’ 

thoughts, self-initiation, and psychological growth. Coaches who adopt an autonomy-supportive style 

acknowledge athletes’ perspectives, offer meaningful choices, and provide opportunities for self-regu-

lation and independent decision-making (Deci and Ryan 1985; Mageau and Vallerand 2003). Rather 

than relying on authority, pressure, or external control, these coaches create environments that encour-

age internal motivation and personal ownership of actions (Kim et al. 2019). On the other hand, a con-

trolling coaching style is defined by behaviors that pressure athletes to think, feel, and act according to 

the coach’s expectations, often through manipulative means. Controlling coaches may ignore the ath-

letes’ input, overemphasize external rewards or punishments, or rely on conditional approval to influence 

behavior (Mageau and Vallerand 2003). Mageau and Vallerand (2003, p. 887) outlined several key be-

haviors that together form an autonomy-supportive coaching style:   

• Offering athletes choices within structured guidelines and limits 

• Providing athletes with a meaningful rationale for the activities and rules 

• Asking about and acknowledge athletes’ feelings and emotions  

• Providing the opportunity for athletes to take initiative and act independently 

• Providing non-controlling performance feedback 
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• Avoiding overt control, guilt-induced criticism, and controlling statements, and limiting the use 

of tangible rewards 

• Minimizing behaviors which promote ego-involvement  

Empirical research has consistently demonstrated that coaches’ interpersonal styles, particularly the 

degree to which they are autonomy-supportive or controlling, play a crucial role in shaping athletes’ 

psychological functioning and motivational outcomes (Amorose and Anderson-Butcher 2007; Mageau 

and Vallerand 2003). Autonomy-supportive behaviors are repeatedly linked to a range of positive effects, 

including more adaptive motivational patterns (Amorose and Anderson-Butcher 2015; Gagné et al. 

2003), greater self-esteem (Carpentier and Mageau 2016), stronger persistence in sport (Pelletier et al. 

2001), and enhanced overall well-being (Choi et al. 2020; Kipp and Weiss 2013). For instance, Gagné 

et al. (2003) observed that gymnasts who perceived their coaches as autonomy-supportive and actively 

engaged in their development reported significantly higher levels of self-determined motivation. 

Similarly, Pelletier et al. (2001) demonstrated in a longitudinal study with swimmers that autonomy-

supportive coaching was positively associated with intrinsic and identified regulation, while controlling 

behaviors correlated with more external and amotivated forms of regulation. Over time, ahtletes who 

experienced autonomy-supportive relationships showed greater persistence, whereas those with less 

self-determined motivation were more likely to drop out. Amorose and Anderson-Butcher (2015) further 

extended this line of research by analyzing the interaction of supportive and controlling behaviors. Their 

results indicated that the most favorable motivational profiles occurred when athletes perceived high 

autonomy support combined with low levels of controlling behavior. This interaction emphasizes the 

importance of not only promoting autonomy but also actively avoiding controlling or pressuring 

leadership styles. Moreover, Amorose and Horn (2000) highlighted that specific leadership behaviors, 

such as democratic decision-making, frequent instructional feedback, and minimal reliance on 

punishments, were associated with higher intrinsic motivation among collegiate athletes. These findings 

underscore that motivationally effective coaching is not solely about fostering choice but also about 

providing positive and informationally based feedback in a respectful manner.  

Building on these insights, the present study explores how the principles of autonomy-supportive 

coaching can be translated into the design of an AI-based trainer. By incorporating key characterisics 

of autonomy-supportive coaching, such as providing meaningful choices, offering non-controlling 

feedback, acknowledging athletes’ perspectives and emotions, and fostering self-initiation, the AI trainer 

should simulate this interpersonal style of a human coach.  

2.3 Conversational Agents 

Traditionally, coaching in sports has been carried out by human professionals, such as personal trainers 

or team coaches (Deelen et al. 2018). However, the rise of digital technologies has introduced new 

forms of coaching support, with digital coaching systems emerging as a complementary or even alter-

native tool in training settings (Strunk et al. 2024). As Helmefalk et al. (2020, p. 1266) note, digital 

coaching refers to “software solutions that supply the user with insight and advice based on the user’s 

individual data”. Digital coaches differ from human counterparts in several ways. While they lack emo-

tional intelligence or interpersonal sensitivity, they offer distinct advantages in terms of precise data 

collection, real-time tracking, and consistent feedback delivery. Furthermore, digital coaches can serve 

as meaningful complements to face-to-face coaching by helping athletes adhere to training plans and 

reminding athletes of their goals (Helmefalk et al. 2020).  
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The terminology surrounding CAs is diverse and often used inconsistently. Terms such as chatbot, vir-

tual or digital assistant, interface agent, avatar, or autonomous agent are frequently used interchange-

ably, despite referring to systems with varying degrees of complexity and functionality (Luger and Sellen 

2016; von der Pütten et al. 2010). This inconsistency makes it difficult to compare results across studies 

and hinders the development of shared understanding of these technologies (Dale 2016; Feine et al. 

2019).  

Lieberman (1997) describes an agent as a computer program that functions as an assistant to the user, 

ideally demonstrating traits associated with human intelligence, such as learning, inference, adaptability, 

and autonomy. Unlike conventional tools, agents act with a degree of independence and are often 

designed to operate in the user interface without constant supervision. Over time, the term agent, once 

used to describe human guides, has evolved into an established label for computer-based interfaces 

that exhibit human-like characteristics (Qiu and Benbasat 2009). Following this understanding, various 

definitions of CAs, a subset of such agent systems, capable of natural language interaction, are outlined 

in Table 1. 

References Definition 

Weizenbaum (1966, p. 36) “A program which makes natural language conversation with 

a computer possible” 

Tegos et al. (2012, p. 162) “Conversational agents which converse with humans by using 

natural language” 

Griol et al. (2013, p. 760) “A conversational agent is a software that accepts natural lan-

guage as input and generates natural language as output, en-

gaging in a conversation with the user” 

Schuetzler et al. (2018, p. 283) “CAs [are] user interfaces that emulate human-to-human 

communication using natural language processing, machine 

learning, and artificial intelligence” 

Feine et al. (2019, p. 139) “CA as a software-based system designed to interact with hu-

mans using natural language” 

Table 1: Definitions of Conversational Agents 

CAs are software-based systems designed to communicate with humans using natural language (Dale 

2016). At their core, CAs operate as technological artifacts that enable interaction through dialog, typi-

cally to support users in completing tasks or accessing information (Araujo 2018). This core functionality 

positions them as communication interfaces between humans and digital systems. While the founda-

tional idea behind CAs is not new (Dale 2016), recent advantages in AI, particularly in NLP and ML, 

have significantly enhanced their performance and expanded their application areas (Gregory et al. 

2021). Today, modern CAs rely on LLMs like ChatGPT (OpenAI 2025b), which allow for more fluent, 

context-aware, and human-like communication (Schöbel et al. 2024). These technological develop-

ments have shifted CAs from simple rule-based question-answer systems to more intelligent and auton-

omous CAs (Feine et al. 2019). This evolution has enabled users to engage with digital systems more 

naturally and intuitively, improving the accessibility and usability of digital services (Behera et al. 2024). 

As a result, CAs are increasingly being deployed across various domains to facilitate user interactions, 

provide assistance, and personalize services based on user data.  
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Over the decades, CAs have evolved from simple rule-based systems, such as ELIZA (Weizenbaum 

1966), to AI-driven tools deployed across various disciplines in the fields of computer science, IS and 

HCI. In recent years, CAs have gained increasing attention in both research and practice, primarily due 

to their potential to simulate human-like interactions and personalized communication experiences 

(Feine et al. 2019). Despite the growing relevance of CAs across diverse domains, there remains a 

notable gap in understanding the behavioral dimensions of human-agent interaction. The majority of 

existing studies on CAs have primarily focused on technical challenges in the domain of computer sci-

ence, while neglecting the social and psychological aspects of user interaction (Schuetzler et al. 2020). 

Addressing this gap, recent contributions emphasize the necessity of adopting interdisciplinary perspec-

tives that encompass not only technical but also behavioral and socio-psychological dimensions. There 

is a broad consensus among researchers that effective CA design requires the integration of both tech-

nical and social design considerations (Araujo 2018; Feine et al. 2019; Go and Sundar 2019). Although 

most CAs share similar underlying AI-based technologies, such as NLP, they vary significantly in terms 

of their design and intended application purposes (Dale 2016). To foster meaningful and engaging in-

teractions, CAs should be capable of displaying expressive, authentic, and socially appropriate behav-

iors. Scholars argue that integrating social behaviors and human-like characteristics into agents can 

lead to interactions that feel more natural and emotionally resonant (Go and Sundar 2019). In response 

to the diverse functions CAs can serve, Bittner et al. (2019) propose that agents may assume various 

interactional roles, each with distinct behavioral profiles. As experts, CAs should respond to user input 

based on domain-specific knowledge. On the other hand, as facilitators, they take initiative to guide the 

interaction toward a goal, and as peers, they engage in emotional or social exchanges that emphasize 

group belonging over task efficiency. These roles offer a useful framework for future research on de-

signing agents that align with different user expectations and interaction contexts.  

Among various forms of CAs, chatbots represent one of the earliest and most widely recognized imple-

mentations. Over time, the term “chatbot” has become almost synonymous with CAs, although it more 

accurately refers to a specific subclass of CAs built for dialogic exchanges based on natural language 

input and output (Pfeuffer et al. 2019). According to Dale (2016, p. 813), a chatbot describes “any soft-

ware application that engages in a dialog with a human using natural language”. These agents typically 

operate via text-based chat interfaces and leverage NLP techniques to interpret user inputs and gener-

ate semantically appropriate responses. Most modern chatbots are AI-powered and rely on predefined 

intent models to identify user goals and deliver tailored replies (Luger and Sellen 2016; Schöbel et al. 

2024). While early chatbots followed rigid decision trees, today’s systems often build on ML architec-

tures, enabling more nuanced, context-aware communication. This evolution aligns with the broader 

ambition of chatbot development: to create systems that can convincingly emulate human conversa-

tional behavior, thereby blurring the line between human and machine (Pfeuffer et al. 2019). Techno-

logical advancements have significantly expanded the capabilities of chatbots, allowing for the integra-

tion of additional interactional features. However, as Schuetzler et al. (2014) argue, introducing new 

features without fully understanding their communicative consequences may negatively affect user per-

ceptions. From a user-centric design perspective, the role of chatbots extends beyond information de-

livery. Maedche et al. (2016) emphasize that chatbots should not only provide answers but offer proac-

tive, adaptive, and context-sensitive support. They argue that merely enabling intelligent or interactive 

functionality is insufficient. For chatbots to fulfill the vision of truly intelligent assistance, they must align 

with user needs and context to deliver a goal-oriented and personalized experience.   
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CAs can be categorized into embodied and disembodied forms, depending on whether they are 

equipped with a virtual or physical representation. Embodied CAs typically feature human-like appear-

ance, such as a face, body, or gestures, and are capable of engaging users through both verbal and 

non-verbal channels (Araujo 2018; Tegos et al. 2012). These agents may display dynamic social be-

haviors such as facial expressions, eye contact or body language during real-time interactions, which 

can enhance perceptions of social competence and presence (Schuetzler et al. 2018; Sebastian and 

Richards 2017). In contrast, disembodied CAs lack any visual or physical form and communicate pri-

marily through textual or auditory channels. They typically appear as chat-based interfaces and do not 

possess the capability to exhibit facial behaviors (Araujo 2018). Chatbots, as disembodied agents, en-

gage users via text-based dialogs and are commonly deployed in messaging applications or on web-

sites. These disembodied agents interact with their users through verbal (e.g. language style) and non-

verbal (e.g. blinking dots) design cues (Adam et al. 2021). While prior research has examined verbal 

human-like cues, such as expressing gratitude, using casual speech, or engaging in self-disclosure, 

these were often implemented in static or non-adaptive ways (Adam et al. 2021; Reeves and Nass 

1996). Todays AI-driven chatbots are more capable of adapting these cues in real time based on user 

input, allowing for more flexible, content-sensitive, and emotionally resonant interactions (Schöbel et al. 

2024).  

This research focuses on an AI trainer conceptualized as a digital coaching system implemented through 

a disembodied, AI-based chatbot. As a specific type of conversational agent, the chatbot provides a 

text-based interface that enables natural language interaction with athletes. The focus of this study lies 

on the design of such AI trainers to address the behavioral and psychological dimensions of HCI. Draw-

ing on the role typology by Bittner et al. (2019), the AI trainer combines elements of an expert, by provid-

ing sport-specific knowledge, and a facilitator, by supporting athletes in pursuing their training goals.  

2.4 Applications of AI in Sports 

Over the past decade, digitalization has affected various domains beyond its traditional application ar-

eas, including the world of sports. Although its influence in this field is still emerging, AI technologies are 

increasingly being integrated into athletic training, performance analysis, and strategic decision-making 

(Beal et al. 2019; Claudino et al. 2019). However, within the sport science research, the term AI is often 

used metaphorically to describe advanced, data-driven technologies, rather than being grounded in a 

consistent technical or theoretical framework (Hammes et al. 2022). To provide conceptual clarity, Ham-

mes et al. (2022, p. 2) define AI in the sports context as “a loop that perceives and acts upon the world 

by modeling its perception, creating a deliberate plan based on that model and formulating an action, 

which is then exerted on the world”. This, of course, is behavior that is typically associated with intelligent 

agents. For the purpose of this paper, AI in terms of AI-based trainers is more broadly defined as “the 

ability of a machine to perform cognitive functions that we associate with human minds, such as per-

ceiving, reasoning, learning, interacting with the environment, problem solving, decision-making, and 

even demonstrating creativity” (Rai et al. 2019, p. iii). Despite the transformative potential of AI, IS re-

search on its application in sports still remains limited. As Xiao et al. (2017) highlight, the digital trans-

formation of sports presents a unique and underexplored empirical context within the IS discipline. The 

authors call for a unified research agenda for sports digitalization to answer questions like: what are 

unique design requirements for digital technologies in the sports context? Or, how can we use AI tech-

niques to design and develop digital personal trainers/coaches for athletes? In recent years, the sports 

domain has increasingly integrated technologies capable of capturing extensive data from training ses-

sions and competitive matches. These systems gather information such as player movement, health 

indicators, and real-time performance metrics (Beal et al. 2019).  
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Such data-driven insights enable both coaches and athletes to tailor training more effectively and en-

hance overall performance outcomes. Given the rapid progress in the field, the potential for AI applica-

tions in sports is expected to grow further, especially as evaluation research begins to inform real-world 

implementation and adoption in practice (Claudino et al. 2019).  

Researchers have identified a wide range of application areas where AI contributes to more 

personalized, data-driven, and efficient management (Beal et al. 2019; Strunk et al. 2024). Various AI 

technologies have been successfully implemented to enhance training processes, support injury 

prevention, and optimize performance across multiple sports domains. Table 2 provides an overview of 

key AI application areas in sports.  

Concept Description References 

Match Outcome 

Prediction 

AI models use historical performance data, team 

statistics, and game information to predict the  

outcome of future matches. 

Bunker and Thabtah (2019) 

Strategic & Tactical 

Decision Making 

AI analyzes in-game situations and player  

behaviors to support coaches in planning tactics 

and making real-time strategic adjustments. 

Bialkowski et al. (2014); 

Hassan et al. (2016); Shah et 

al. (2015) 

Fantasy Sport Games 

 

AI is used to simulate player performance and  

outcomes, enhancing game realism. 

Goebeler et al. (2021) 

Training Adaption 

 

AI tailors training programs to the individual  

athletes’ needs by analyzing biometric and  

performance data to optimize workload and  

recovery. 

Fister jr et al. (2015); Silacci et 

al. (2021); Strunk et al. (2024); 

This Study 

Movement Analysis & 

Optimization 

AI captures and evaluates movement through 

video, image, or sensor input to detect  

patterns, assess technique, and correct  

posture in real-time. 

Bialkowski et al. (2014); 

Mazurova et al. (2022); Wang 

et al. (2019) 

Injury Prediction & 

Prevention 

AI systems identify potential injury risks by  

processing biometric data and movement  

patterns, recommending preventive actions. 

Claudino et al. (2019); Li and 

Xu (2021) 

Table 2: AI Application Areas in Sports 

A recent shift in the digitalization of sports areas has been the emergence of artificial agents that function 

as virtual trainers (Kettunen et al. 2024; Silacci et al. 2021). These AI-based trainers are designed to 

address the limitations of traditional systems by offering automated, personalized training plans derived 

from athletes’ individual data (Beinema et al. 2021; Strunk et al. 2024). Unlike rule-based systems or 

conventional fitness applications, which often lack meaningful explanations and reduce feedback to 

basic statistics and key performance indicators (e.g., Garmin Connect or Apple Fitness), AI trainers 

leverage continuous data input and adaptive algorithms to tailor training in real-time (Strunk et al. 2024). 

Recent studies emphasize the importance of social presence and personalized interaction in these sys-

tems, showing that such features can significantly enhance athlete motivation and engagement 

(Beinema et al. 2021; Kettunen et al. 2024). Defined as an “artificial agent that creates personal training 

plans and adapts these towards a particular goal” (Strunk et al. 2024, p. 2), an AI trainer demonstrates 

the growing potential of intelligent agents in supporting athletic performance. In this context, early stud-

ies already underline the value of integrating motivational, interactive, and explainable design features 

(Fister jr et al. 2015).  
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The following section outlines a selection of recent AI applications in sports that illustrate these advance-

ments and provide insights into their practical relevance and implications for this study. One of the most 

recent contributions in the field of AI-based trainers is the study by Strunk et al. (2024), who introduce a 

trust-centered design approach for AI trainers. Their research emphasized the importance of personal-

ization, human-like interaction, explainability, and data control as central design requirements. Human-

like design cues can foster trusting beliefs in athletes, while advanced NLP capabilities can improve the 

naturalness of coaching interaction. Beyond technological features, the authors underline the societal 

relevance of such systems, arguing that AI trainers offer a low-cost and highly flexible alternative for 

athletes with limited access to human coaching.  

Wang et al. (2019) present an AI coach system that uses video-based pose estimation to provide per-

sonalized feedback on movement execution. By automatically detecting and classifying athletes’ perfor-

mances, the system enables athletes to refine their skills based on concrete visual feedback. A similar 

approach is applied by Silacci et al. (2021), who developed an AI-based virtual cycling coach. This 

system automatically schedules training sessions based on athletes’ past performance data and pro-

vides adaptive feedback. Their findings demonstrate that such AI systems can offer training guidance 

that comes close to human coaching in terms of relevance and helpfulness.  

From a motivational and psychological perspective, Helmefalk et al. (2020) examine how digital coach-

ing systems impact exercise motivation. Contrary to the common assumption that gamification mecha-

nisms drive athletes’ engagement, their study finds that athletes derive more intrinsic motivation from 

interacting with their own training data. The study also points to the importance of satisfying basic psy-

chological needs, which can be supported through AI-driven personalization and adaptive interfaces.  

On the tactical level, AI also supports performance improvement through advanced data analytics. Has-

san et al. (2016) combine game analysis software with neural networks to identify offensive tactical 

patterns in handball. This enables the transfer of competition-derived tactical knowledge into training 

practice, helping coaches design more evidence-based exercises. Similarly, Shah et al. (2015) propose 

an analytical platform for professional teams that enables video- and data-based analysis of individual 

players, groups, and entire teams. Their system supports real-time strategic decision-making and con-

tributes to more informed coaching processes.  

While recent studies have demonstrated the potential of AI systems to enhance training efficiency and 

personalization in sports, there remains a significant gap in understanding how design elements that 

emulate human social interaction affect athletes’ motivation and behaviors. Most existing AI applications 

have focused primarily on functional aspects such as performance tracking, movement analysis, or 

adaptive training scheduling. However, only limited attention has been given to how human-like design 

elements, such as natural language use, empathy, or social responsiveness, might influence athletes’ 

perceptions of an AI trainer and related effects. This study addresses that gap by focusing on the de-

velopment of design recommendation for AI-based trainers that combine the benefits of training adap-

tation with the social and motivational impact of human-like design features.   
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3 Justification 

3.1 Computers are Social Actors  

The increasing use of intelligent systems in everyday life has led to a growing research interest in how 

users interact with these systems on a social level. A foundational theoretical framework that explains 

such behavior is the “Computers Are Social Actors” (CASA) paradigm developed by Reeves and Nass 

(1996), which has a significant impact on the field of HCI. CASA posits that people tend to respond to 

computers and other digital media in fundamentally social ways, even when they consciously know they 

are interacting with a machine. According to this theory, users mindlessly apply social norms and rules, 

interpersonal expectations, and behavioral scripts originally developed for human-human interaction to 

computer-mediated communication (Nass et al. 1994). Therefore humans will view computers as social 

agents and treat them as real people. This phenomenon is rooted in the automatic activation of mental 

models and social scripts (Nass and Moon 2000). According to Nass and colleagues (2000; 1994), the 

human brain evolved during a period in which only other humans exhibited social behavior. To manage 

social interactions, the brain developed automatic mechanisms for responding to social stimuli. When 

certain cues, such as interactivity, responsiveness, or verbal feedback are present, the human brain 

tends to interpret the interaction as social, often without conscious reflection. Thus, even minimal social 

stimuli from machines (e.g., polite phrasing, human-like language, conversational interface) can elicit 

behaviors such as politeness, reciprocity, or trust.  

3.1.1 Social Presence Theory  

The concept of social presence was first introduced by Short et al. (1976) in the context of communica-

tion theory. Short et al. (1976, p. 65) define social presence as the “degree of salience of the other 

person in the interaction and the consequent salience of the interpersonal relationships”. Originally, 

social presence referred to the perceived sense of human contact, such as warmth, empathy, or socia-

bility, in technology-mediated interpersonal communication. It describes how “present” a communication 

partner feels through a given medium and how this affects the relational quality of the interaction (Qiu 

and Benbasat 2009). Over time, the understanding of social presence has evolved beyond human-to-

human communication. While traditional research focused on human interactions facilitated by digital 

media (Biocca et al. 2003), more recent studies have extended the scope of social presence to include 

interactions with technological artifacts as part of the HCI research (Nass and Moon 2000; Qiu and 

Benbasat 2009). In this context, social presence reflects the degree to which users experience social 

connection (e.g., warmth, sensitivity, personality, intimacy) during interactions with non-human agents.  

SPT builds on the understanding that the psychological perception of another’s presence during an 

interaction shapes how individuals behave and relate to each other. The theory conceptualizes the sa-

lience of an interpersonal relationship as a direct function of how salient the other person appears in the 

interaction (Short et al. 1976). This salience is influenced by the communication medium’s capacity to 

convey, for example, verbal or nonverbal cues. While SPT was originally applied to human-to-human 

communication, its relevance has extended to interactions with artificial agents, especially in light of the 

CASA paradigm (Nass et al. 1994). Within this context, SPT is used to explain how users relate to non-

human systems, such as CAs, by focusing on the perceived immediacy and interactivity of the system. 

According to Schuetzler et al. (2014), the theory predicts that as a communication partner becomes 

more salient, users will increasingly shift their attention to managing the social relationship with that 

partner. In the context of HCI, this means that the systems’ ability to project social presence can affect 

users’ perception of the agent as socially competent or even human-like.  
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Social presence is shaped by a variety of communication cues that contribute to the perceived sociability 

and immediacy of an interaction. According to Short et al. (1976), the degree of social presence a me-

dium can convey is directly linked to its capacity to transmit verbal and non-verbal cues, such as tone 

of voice, gestures, facial expressions, and physical appearance. They originally emphasized that social 

presence is a “quality of the medium itself” (Short et al. 1976, p. 65), meaning some media naturally 

afford richer social interactions than others. Building upon this, Gunawardena and Zittle (1997) identified 

specific cues, such as friendliness, expertise, and expressiveness, that enhance the perception of 

warmth and interpersonal connection. In digital contexts, the range of available cues may be limited, 

particularly in text-based interfaces like chatbots. Nevertheless, certain design elements can evoke so-

cial presence even in these constrained environments. For example, cues such as human names, profile 

pictures, emoticons, informal language, or personalized forms of address have been shown to enhance 

the users’ subjective feeling of being socially connected to the system (Konya-Baumbach et al. 2023). 

While these human-like cues refer to the design strategy of digital systems, social presence reflects the 

users’ subjective perception of these agents as socially engaging partners (Short et al. 1976). Recent 

research suggests that social presence is not solely determined by the technological capabilities of a 

medium but also influenced by contextual factors and user strategies. Oh et al. (2018) point out that 

immersive system qualities can increase social presence, but its perception is equally shaped by indi-

vidual communication patterns and the nature of the interaction task. Their systematic review highlights 

that contextual (e.g., social cues, identity markers) and psychological features significantly affect the 

perceived level of social presence. Consequently, both design decisions and situational factors play a 

crucial role in shaping how socially “present” a conversational agent appears to its users.  

Research on social presence has increasingly explored not only its determinants but also its effects on 

user perceptions and behaviors (Janson 2023; Qiu and Benbasat 2009; Schuetzler et al. 2020; von der 

Pütten et al. 2010). Given its association with positive communication outcomes, scholars and practi-

tioners have shown considerable interest in identifying factors that enhance social presence (Oh et al. 

2018). Within the context of HCI, studies suggest that the design of CAs should incorporate character-

istics of human-to-human communication in order to foster a sense of social presence. The perception 

of social presence has been shown to significantly affect users’ emotions, trust, and their evaluation of 

the interaction quality. For example, Qiu and Benbasat (2009) demonstrated that a high level of per-

ceived social presence leads to greater enjoyment and increased trust in the system. Their experimental 

findings further revealed that embodiment and human voice-based communication positively influenced 

perceptions of social presence, which subsequently enhanced users’ intention to rely on the agent as a 

decision aid. Similarly, Schuetzler et al. (2020) found that the conversational skill of a chatbot, particu-

larly its ability to produce contextually appropriate and varied responses, enhanced perceived social 

presence. Janson et al. (2023) further emphasize the mediating role of social presence in the relation-

ship between human-like design elements and user satisfaction. Their findings suggest that social pres-

ence fosters trust, empathy, and overall satisfaction with the agent, which highlights its critical role in 

CA design. Von der Pütten et al. (2010) argue that the social influence of artificial agents is strongly 

linked to the degree of behavioral realism they exhibit. Their study supports the notion that users re-

spond socially not necessarily because of the agents’ technical nature, but because of the perceived 

realism of its behavior.  
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3.1.2 Anthropomorphism 

Anthropomorphism refers to the attribution of human-like characteristics, behaviors, emotions, or inten-

tions to non-human agents or inanimate objects (Epley et al. 2007). The term originated from the Greek 

words “anthropos” (human) and “morphe” (form), and traditionally describes the human tendency to 

ascribe social or psychological attributes to non-human artifacts (Reeves and Nass 1996). In digital 

contexts, Adam et al. (2021, p. 429) define anthropomorphism as “the attribution of human-like charac-

teristics, behaviors, and emotions to non-human agents”. This phenomenon reflects a fundamental hu-

man tendency to simplify the interpretation of unfamiliar agents by relying on human-centered 

knowledge structures. Individuals, either consciously or unconsciously, perceive and respond to anthro-

pomorphic cues, assigning human traits to non-human entities (Epley et al. 2007; Pfeuffer et al. 2019).  

Humans have a natural inclination to anthropomorphize non-human entities, a tendency that is shaped 

by both cognitive and motivational mechanisms. Epley et al. (2007) propose a three-factor model to 

explain why people anthropomorphize: elicited agent knowledge, effective motivation, and sociality mo-

tivation. When individuals lack knowledge about an unfamiliar agent, they are more likely to draw on 

anthropocentric structures to make sense of its behavior. This tendency is amplified when people are 

motivated to understand and predict the agents’ actions or when they experience a need for social 

connection. In such cases, attributing human-like characteristics, emotions, or intention to the agent 

serves as a cognitive shortcut to reduce uncertainty and establish a sense of familiarity (Epley et al. 

2007; Janson 2023). Nass and colleagues (2000; 1994), in their work on the CASA paradigm, provided 

compelling experimental evidence that individuals often apply social heuristics to computers, especially 

when these systems exhibit social cues. For instance, users tend to respond to computers with polite-

ness, reciprocity, or gender-based stereotypes, even when they are fully aware of the non-human nature 

of the system. These mindless responses emerge from overlearned social scripts that are automatically 

triggered when computers imitate certain human behaviors. Anthropomorphism extends beyond mere 

visual or auditory aspects of the interaction. It also encompasses content-level features of the interaction 

(Pfeuffer et al. 2019). Anthropomorphic cues, such as human-like dialogue capabilities or personalized 

communication can foster a sense of connection, helping users relate more naturally to technological 

systems.  

The application of anthropomorphism has recently gained attention in the design of chatbots (Adam et 

al. 2021; Araujo 2018; Go and Sundar 2019; Janson 2023). Advancement in NLP and ML have signifi-

cantly improved these systems’ ability to generate context-sensitive and human-like responses, thereby 

fostering more trustworthy and natural interactions. By incorporating anthropomorphic cues (e.g. hu-

man-like appearance, facial expression, language style, personality traits, see Chapter 3.1.3 Social 

Cues), chatbots are perceived as more relatable, emotionally expressive, and socially competent, which 

can positively influence user experience and interaction quality (Schuetzler et al. 2018). While research 

on branding and product design has long demonstrated that anthropomorphism can positively affect 

consumer attitudes and behaviors (Konya-Baumbach et al. 2023), investigations into the effectiveness 

of anthropomorphic features in CAs is relatively new and fragmented (Araujo 2018; Li and Suh 2022; 

Lu et al. 2022). Studies suggest that users’ perception of anthropomorphism is closely tied to the feeling 

of social presence during the interaction with a system (Schuetzler et al. 2020). Human-like character-

istics can influence peoples’ judgements, increase trust and enjoyment, and lead to more favorable 

behavioral outcomes (Roy and Naidoo 2021). Anthropomorphism in chatbot design is particularly rele-

vant, as people tend to seek out human-like features when engaging with systems in the absence of a 

real human (Epley et al. 2007). In response, IS researchers should acknowledge the impact of anthro-

pomorphic cues on how users communicate and form relationships with non-human agents.  
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3.1.3 Social Cues  

In recent years, the increasing prevalence of CAs in various digital applications has sparked growing 

interest in the design features that shape user perceptions and interactions. One particularly influential 

aspect of CA design is the integration of social cues that can trigger social responses in users and 

facilitate more natural, engaging interactions (Gnewuch et al. 2017). The terminology for such features 

varies across disciplines. Terms like human-like characteristics, anthropomorphic features, or human-

like behaviors are used interchangeably, but many studies consistently demonstrate their strong influ-

ence on how users perceive and interact with CAs (Araujo 2018; Bickmore and Picard 2005; Li and Suh 

2022). In the context of this study, the term social cues is used as the central design concept to describe 

human-like features that elicit social reactions from users during interactions with CAs. Feine et al. 

(2019, p. 141) define a cue of a CA as “any design feature of a CA salient to the user that presents a 

source of information” and a social cue as “a cue that triggers a social reaction of the user towards the 

emitter of the cue”. Similarly, Fogg (2002, p. 89) considers social cues as cues of computers “that elicit 

social responses from their human users”. These cues collectively contribute to users’ perceptions of 

anthropomorphism and social presence (Nass and Moon 2000).  

Given that CAs are capable of using natural language and simulating human-like behavior, interactions 

with them often resemble interpersonal communication (Gnewuch et al. 2017). This resemblance 

prompts users to apply familiar social norms, such as politeness or reciprocity, even though they are 

aware they are interacting with a non-human entity (Nass et al. 1994). In particular, chatbots exemplify 

how social cues can be effectively integrated to mimic human-like interaction patterns. Studies have 

shown that the presence of even minimal social cues, such as informal language or self-disclosure, can 

be sufficient to activate users’ social cognition and evoke anthropomorphic perceptions (Adam et al. 

2021; Epley et al. 2007). The goal of social cues is to create interactions that feel personal and human-

like, thereby fostering emotional connection and trust between users and agents (Go and Sundar 2019). 

Consequently, social cues are no longer viewed as mere aesthetic enhancements but as essential com-

ponents of CA design that influence user experience and behavioral outcomes (Seeger et al. 2018).  

In order to systematically integrate human-like characteristics into CAs, prior research has categorized 

social cues according to their perceptual and functional properties. While individual studies have 

examined isolated features, such as facial expressions, language style, or response time, recent 

frameworks emphasize the importance of organizing these cues into coherent dimensions to better 

guide design decisions. Seeger et al. (2018) distinguish between human-identity cues, verbal cues, and 

nonverbal cues, while Feine et al. (2019) propose a more granular taxonomy, grouping cues into 

functional categories such as verbal, visual, auditory, and invisible cues. Pfeuffer et al. (2019) add a 

complementary dimension by highlighting mental or cognitive cues, which convey signs of intelligence 

such as context awareness, personalization, and dialog capability. These categories reflect different 

sensory channels and interaction strategies through which anthropomorphic qualities can be 

communicated, ranging from static appearance cues to dynamic conversational behaviors. Building on 

these prior conceptualizations of social cues in CA design, this study consolidates the different 

dimensions proposed in IS and HCI literature into an integrated framework, as listed in Table 3. 
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Category Description Exemplary Cues  References 

Human Identity Cues Human-like identity markers that convey 

a sense of personality in the agent.  

Avatar, Name, Age, Gender Seeger et al. 

(2018) 

Verbal Content and stylistic elements in written 

or spoken language that influence the 

tone and social intent of communication.  

Content, Style, Emotional 

Expressions (Excuse, 

Thanking), Small Talk,  

Informal Language 

Feine et al. 

(2019); Seeger 

et al. (2018) 

Nonverbal (Visual) Non-spoken behaviors and visual  

indicators that mimic human behavior  

or expression.  

Gestures, Movements,  

Mimics, Emoticons, Typing 

Indicators, Response Time 

Feine et al. 

(2019); Pfeuffer 

et al. (2019); 

Seeger et al. 

(2018) 

Auditory Sound-based signals that imitate human 

speech or vocal patterns.  

Voice Qualities (Gender, 

Range, Tempo, Volume),  

Vocalizations (Laughing, 

Grunts, Yawn)  

Feine et al. 

(2019); Pfeuffer 

et al. (2019) 

Mental Cues  

(Cognitive, Behavioral, 

Emotional) 

Indicators of cognitive processing and 

emotional intelligence that reflect the 

agents’ ability to understand, adapt, and 

personalize interactions.   

Context, Content Under-

standing, Emotional  

Intelligence, Personality,  

Dialogue Ability 

Pfeuffer et al. 

(2019) 

Table 3: Categories of Social Cues 

Human identity cues represent anthropomorphic design features that convey a CA’s identity through 

visual representation and demographic attributes. These include elements such as an avatar, name, 

age, gender, or ethnicity, which serve to project a recognizable human identity (Seeger et al. 2018). In 

line with this, Janson (2023, p. 4) conceptualize personification as the “provision of human-like cues that 

relate for example to a name or physical appearance”. They argue that additional identifying information, 

such as a name or picture, enables users to better asses their interaction partner and form closer rela-

tionships (Go and Sundar 2019). Empirical evidence suggests that even minimal identity cues can influ-

ence anthropomorphic perceptions. Araujo (2018) shows that assigning a human name, such as 

“Emma” can enhance the perceived human-likeness of a chatbot, while Adam et al. (2021) demonstrate 

that using a gender-neutral name (e.g., “Alex”) avoids stereotypical associations yet still signals individ-

uality. Furthermore, the use of first-person pronouns (“I”, “me”, “my”) communicates a self-referential 

identity, which has been linked to higher likability and stronger anthropomorphic attributions (Konya-

Baumbach et al. 2023). Collectively, these design features convey the impression of a distinct social 

entity rather than a purely functional system, thereby fostering perceptions of social presence.  

Verbal cues refer to all social signals expressed through written or spoken words in interactions with 

CAs (Feine et al. 2019). They are central to creating the impression of natural, human-like communica-

tion, especially in a text-based or voice-based interface where visual or physical embodiment is absent. 

Feine et al. (2019) distinguish between content cues, which relate to the primary intent expressed in a 

message, and style cues, which reflect the manner in which the intent is communicated. The strategic 

use of verbal cues can serve multiple functions. As Seeger et al. (2018) point out, word choice, sentence 

structure, and the way an agent refers to itself and the user all influence the “how” of a conversation. 

This includes relational dialogue such as small talk, greeting rituals, non-task-related questions, and 

personal anecdotes (Cassell and Bickmore 2003). Emotional expressions, such as congratulations, 

apologies, or concerns, further reinforce the agents’ social presence and perceived empathy (Bickmore 

and Picard 2005).  
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In addition, verbal cues can be characterized by the use of active and direct language as well as the 

variability in syntax and word choice, which help maintain conversational naturalness and prevent me-

chanical dialogue patterns (Schuetzler et al. 2014; Seeger et al. 2018). Janson (2023) describes this as 

a social orientation of communication style, encompassing informal strategies and relational dialogues 

that convey sensitivity and warmth, including the use of acronyms to add a sensitive and extensive 

nuance to written communication. Empirical studies demonstrate that seemingly simple verbal elements 

can shape perceptions of anthropomorphism. For example Araujo (2018) shows that human-like greet-

ings and farewells, especially when combined with a human name, can increase perceived humanness. 

Adam et al. (2021) highlight that small talk, such as inquiring about the users’ well-being or prior chatbot 

experience, can reduce social distance and foster rapport. In summary, verbal cues are a critical com-

ponent of anthropomorphic design, enabling CAs to transcend functional task execution and engage 

users on a socioemotional level. With stylistic variations designers can create interactions that feel more 

natural, attentive, and socially rewarding.  

Nonverbal or visual cues refer to all human-like signals in CA interactions that can be perceived visually, 

excluding the textual content itself (Feine et al. 2019). These cues encompass observable movements, 

gestures, facial expressions, or other visual elements that convey emotional or cognitive states without 

the use of words. In the context of CAs, Seeger et al. (2018) distinguish between embodied and disem-

bodied agents when implementing such features. Embodied CAs can employ anthropomorphic behav-

iors including hand gestures, gaze behavior, or facial expressions to enhance human-likeness and so-

cial presence. Disembodied CAs, by contrast, rely on alternative strategies to simulate nonverbal com-

munication. For instance, minimalistic animations such as “typing indicators” can function as digital prox-

ies for turn-taking behavior, signaling that the agent is formulating a response (Gnewuch et al. 2018). 

Similarly, the use of emoticons can convey affective expressions in text-based communication, thereby 

compensating for the absence of physical embodiment (Seeger et al. 2018). Pfeuffer et al. (2019) em-

phasize that visual anthropomorphic features, whether through software-based expressions like a smil-

ing avatar or through hardware embodiments, can strengthen social bonding between users and agents, 

particularly in socially oriented interaction contexts. Consequently, nonverbal or visual cues serve as an 

important design dimension to simulate human-like interaction patterns even in text-only CA environ-

ments.  

Auditory cues refer to design features of CAs that can be perceived through hearing, excluding the 

verbal content of spoken words (Feine et al. 2019). These cues include elements such as voice pitch, 

tone, rhythm, speed, and other paralinguistic characteristics that shape how the agents’ speech is ex-

perienced by users. Beyond simple transmitting information, auditory cues contribute to the social and 

emotional quality of interactions by influencing perceptions of warmth, competence, and human-like-

ness. Auditory cues often work in combination with other modalities to create a coherent and believable 

representation of the agent. For instance, speech syntheses can be paired with gender-specific vocal 

characteristics to align with the agents’ visual appearance, thereby reinforcing identity consistency 

(Pfeuffer et al. 2019).  

Mental cues refer to the cognitive, emotional and behavioral capabilities of a CA that convey signs of 

intelligence, contextual awareness, and adaptive interaction. Pfeuffer et al. (2019) describe mental fea-

tures as indicators that an agent can understand context, interpret content, and engage in coherent 

dialog. Such capabilities can be conveyed even in text-based interactions, for example, through contex-

tually appropriate and personalized responses that give the impression of thoughtful processing. Chaves 

and Gerosa (2020) further categorize mental cues into three dimensions: conversational intelligence, 

social intelligence, and personification.  
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Conversational intelligence captures a CA’s ability to proactively manage interaction flow, provide rele-

vant and timely information, and maintain flexibility and consistency. Social intelligence reflects the CA’s 

adherence to social norms, including conflict management, emotional regulation, and personalized com-

munication. Personification, in turn, relates to the agents’ perceived identity and consistent personality 

traits that align with user expectations and the CA’s role. Empathy and adaptive feedback are also cen-

tral to mental cues. For example, Adam et al. (2021) demonstrate that chatbots can enhance anthropo-

morphic perception by asking for self-improvement feedback and tailoring responses to a user’s well-

being and prior experiences. Such empathetic reactions strengthen the sense that the CA understands 

and cares about the user’s situation. Similarly, Bickmore et al. (2010) emphasizes that engagement is 

a prerequisite for any system’s long-term impact. Once a personal bond and goal agreement are estab-

lished, users are more likely to remain engaged in ongoing interactions. Conversational skill also plays 

a crucial role in conveying mental cues. Schuetzler et al. (2020) highlight two important indicators: tai-

lored responses, which provide on-topic follow-ups based on prior user statements, and response vari-

ety, which avoids repetitive phrasing. Both contribute to perceptions of attentiveness, understanding, 

and social presence, making users feel heard and valued. Over time, these capabilities support sus-

tained engagement and foster stronger user-agent relationships. In sum, mental cues go beyond sur-

face-level anthropomorphism by signaling that the CA can reason, adapt, and respond in a socially and 

contextually appropriate manner.  

In the specific context of coaching, social cues play a pivotal role in fostering an ongoing, personalized, 

and trust-based interaction between the system and the user. Kamphorst (2017, p. 6) emphasized that 

effective e-coaching systems must be designed with a set of core functional and relational capabilities 

that enable them to engage in meaningful, goal-oriented exchanges. The requirements can be outlined 

as follows:  

1. Social ability:  the system must be able to engage in sustained, two-way conversation 

2. Credibility: the system should be perceived as knowledgeable and trustworthy, signaling ex-

pertise that supports users’ confidence in its guidance 

3. Context awareness: the system needs an understanding of contextual factors influencing 

coaching 

4. Tailored interaction: the ability to ask questions, provide feedback, and offer advice that is 

customized to the individuals’ needs is essential 

5. Access to relevant data: the system must integrate and process information from various data 

sources  

6. Proactiveness: the system should initiate interactions to prompt reflection, encourage action, 

or prevent lapses in goal pursuit 

7. Behavior change modeling: the system should operate on a structured model of behavior 

change that informs its strategy and interventions 

8. Support for planning: the system needs to facilitate the formation of concrete, future-oriented 

intentions, helping the user set and commit to achievable goals 

Social cues can positively influence a variety of CA-related outcomes, including perceptions of social 

presence (Adam et al. 2021; Araujo 2018; Janson 2023), trust in the CA (Cassell and Bickmore 2003; 

Konya-Baumbach et al. 2023), user satisfaction and empathy (Adam et al. 2021; Janson 2023), as well 

as long-term relationship success between a CA and a human (Araujo 2018) and user engagement 

(Bickmore et al. 2010; Schuetzler et al. 2020).  
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Janson (2023) found a significant influence of anthropomorphic design elements on social presence. 

Both personification and a socially oriented communication style positively affected social presence, 

while only communication style had a direct effect on user satisfaction. Social presence acted as a 

central mediator, influencing trusting beliefs, empathy perceptions, and satisfaction with the chatbot. 

Similarly, Adam et al. (2021) demonstrated a positive effect of verbal social cues on compliance with 

chatbot requests, with social presence mediating this influence. These cues increased the likelihood 

that users would follow a CA’s request. Furthermore, Araujo (2018) showed that even minimal social 

cues, such as using a human name or adopting an informal language style, were sufficient to increase 

perceived anthropomorphism. Such cues were also relevant for disembodied agents, indicating that 

embodiment is not a prerequisite for human-likeness. The study further showed that these elements can 

strengthen emotional connection and contribute to relationship building. Moreover, Roy and Naidoo 

(2021) found that chatbots can be endowed with human qualities such as warmth and competence to 

enhance positive user experiences. Konya-Baumbach et al. (2023) confirmed that chatbot anthropo-

morphism has a significant positive effect on trust, purchase intention, and satisfaction, with social pres-

ence as the mediating mechanism. The research of Schuetzler et al. (2020) emphasized that higher 

conversational skills, characterized by variety in responses and contextually appropriate, skilled replies, 

make chatbots appear more human-like, socially present, and engaging. Supporting this, Bickmore et 

al. (2010) underlined that engagement is a prerequisite for achieving long-term interaction goals, as 

users must remain engaged to reach mutual objectives. Finally, Kim and Im (2023) observed that users 

perceive more humanness in highly intelligent but disembodied agents compared to highly intelligent 

agents with poorly designed appearances, suggesting that well-executed cognitive and conversational 

abilities can outweigh the absence of embodiment in shaping anthropomorphic perceptions.   

3.2 Self-Determination Theory 

Self-determination theory (SDT) is a broad and evolving macro-theory of human motivation and person-

ality that seeks to explain the initiation, persistence, and quality of human behavior by focusing on the 

fulfillment of fundamental psychological needs (Deci and Ryan 1985, 2000; Ryan and Deci 2000b; Ryan 

et al. 2009). Rooted in a humanistic perspective, SDT emphasizes self-actualization, personal growth, 

and the realization of human potential as central drivers of behavior. Distinct from other motivational 

frameworks, SDT integrates an organismic metatheory that highlights individuals’ inherent growth 

tendencies and their evolved inner resources for personality development, behavioral self-regulation, 

and social functioning. The central proposition of SDT is that human motivation and well-being are pro-

foundly shaped by the extent to which three basic psychological needs, namely autonomy, competence, 

and relatedness, are satisfied within a given context. These needs are considered essential and univer-

sal, functioning as psychological “nutrients” for optimal motivation, psychological health, and social de-

velopment. Events or social environments that support these needs tend to foster more self-determined 

forms of motivation, whereas those that thwart them can undermine motivation and well-being.   

SDT seeks to explain human motivation and behavior by considering individual differences in motiva-

tional orientations, the influence of social and environmental contexts, and interpersonal perceptions 

(Deci and Ryan 2000). In the field of sports and physical activity, SDT has become an increasingly 

influential framework for understanding the antecedents and processes that shape motivation (Hagger 

and Chatzisarantis 2008; Teixeira et al. 2012). It offers a valuable lens for investigating the environmen-

tal conditions that either foster or hinder the satisfaction of basic psychological needs. Central to SDT is 

the idea that the quality of motivation, as well as the mechanisms that facilitate its development, are 

critical for explaining why individuals initiate, persist in, and eventually disengage from various physical 

activities (Hagger and Chatzisarantis 2007).  
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Within the framework of SDT, the satisfaction of three basic psychological needs (autonomy, compe-

tence and relatedness) is considered essential for fostering high-quality, self-determined motivation and 

for promoting optimal functioning, well-being, and personal growth (Deci and Ryan 2000). In the sports 

context, engagement in training or competition can either support or hinder the realization of these 

needs, depending on the environment created by coaches, peers, and organizational structures 

(Teixeira et al. 2012).  

The need for autonomy refers to the perception of being the origin of one’s own behavior and making 

decisions in accordance with personal values and interests (Ryan and Deci 2000b). In sport settings, 

autonomy is supported when athletes are granted input into training decisions or strategies, and it is 

undermined when they feel pressured or overly controlled (Teixeira et al. 2012). The need for compe-

tence reflects the desire to interact effectively with one’s environment and to experience a sense of 

mastery (Deci and Ryan 2000). In physical activity, experiences of competence often depend on suc-

cess in challenging tasks, as well as on the quality of feedback provided by coaches. Competence is 

reinforced through appropriate challenges, positive and constructive information, and clear structure 

(Helmefalk et al. 2020). It represents a foundational driver of engagement, as it enables individuals to 

feel capable of managing demands and improving performance over time. The need for relatedness 

concerns the feeling of being connected to others, experiencing care, and having a sense of belonging 

within a group (Deci and Ryan 2000). In sports, this can be fostered through supportive team interac-

tions, trust, and shared goals. Perceptions of relatedness vary with the interpersonal climate. Strong, 

genuine relationships strengthen this need, while isolation or exclusion can undermine it (Teixeira et al. 

2012). Like any other domain, sport and exercise can be more or less conducive to satisfying these 

basic psychological needs. When athletes’ environments actively support autonomy, competence, and 

relatedness, they are more likely to experience greater self-determined motivation and positive devel-

opmental outcomes. Conversely, when these needs are thwarted, motivation and well-being can be 

compromised.  

SDT has proven to be an effective framework for explaining motivation and behavior in sports and ex-

ercise across three key domains (Hagger and Chatzisarantis 2008). First, it identifies environmental and 

personal antecedents, such as reward structures, feedback quality and instructional styles, that influ-

ence the satisfaction of basic psychological needs and the regulation of behavior in exercise contexts. 

Second, it outlines the mechanism through which these antecedents affect motivation, intentions, and 

perceived competence. Finally, SDT offers clear guidance for practitioners, specifying which constructs 

should be targeted to promote behavior change and foster long-term engagement in physical activity. A 

substantial body of research demonstrated how social-contextual factors, such as rewards, feedback, 

competitive structures, and interpersonal styles, directly influence needs satisfaction and, consequently, 

motivational orientation (Amorose and Anderson-Butcher 2007; Mageau and Vallerand 2003; Ryan et 

al. 2009). Within this framework, coaches hold a particularly influential position because they can shape 

many of these contextual factors. They provide performance-related feedback, administer rewards, 

structure training sessions, and determine the degree of athlete involvement in decision-making. 

Mageau and Vallerand (2003) emphasize that coaches’ behaviors are among the most critical motiva-

tional influences in sport. Autonomy-supportive coaching behaviors are positively associated with the 

satisfaction of the three basic psychological needs and with more self-determined forms of motivation. 

Conversely, controlling coaching styles are linked to need thwarting and to less self-determined motives 

(Amorose and Horn 2000; Ryan et al. 2009). Hollembeak and Amorose (2005) found that athletes’ per-

ceptions of their coaches’ leadership style influenced their sense of autonomy, competence, and relat-

edness, which in turn predicted their intrinsic motivation. Specifically, athletes who viewed their coaches 

as democratic reported higher autonomy and intrinsic motivation, where those perceiving autocratic de-

cision-making reported lower autonomy, relatedness, and intrinsic motivation.  
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Autonomy-supportive coaching has been operationalized through behaviors such as offering meaningful 

choices, explaining the rationale behind rules, acknowledging athletes’ feelings, and providing opportu-

nities for initiative and independent decision-making (Mageau and Vallerand 2003). Such practices not 

only fulfill the need for autonomy but also enhance competence, by providing constructive, non-control-

ling feedback, and relatedness, and by fostering a sense of care and connection. Amorose and Ander-

son-Butcher (2007) provided direct empirical evidence to support SDT’s prediction that perceived au-

tonomy support affects athletes’ motivation through need satisfaction. In a sample of 518 athletes aged 

13-25 from various sports, structural equation modeling revealed that perceived autonomy-supportive 

coaching positively predicted each of the three needs, which in turn positively predicted athletes’ moti-

vational orientation. In sum, the satisfaction of athletes’ basic psychological needs is a central mecha-

nism linking coaching behaviors to motivation. By adopting an autonomy-supportive interpersonal style, 

coaches can foster environments that enhance autonomy, competence, and relatedness. Such environ-

ments are more likely to produce adaptive motivational patterns, sustained engagement, and improved 

performance in sport.  

3.3 Coach-Athlete Relationship 

Athletes form interpersonal relationships with a variety of individuals in sport, including teammates, par-

ents, support staff, and coaches. Among these, the relationship with the coach holds particular signifi-

cance, as it directly influences both skill development and competitive performance (Lafrenière et al. 

2011). Coaches occupy a socially influential role, shaping athletes’ behaviors not only through technical 

instruction but also through the quality of their interpersonal interactions (Choi et al. 2020). Effective 

coaching extends beyond the transmission of technical knowledge. Coaches are responsible for design-

ing and delivering training sessions, providing feedback, ensuring athletes’ comprehension of tasks, and 

fostering an environment that promotes both skill acquisition and personal growth (Mohd Kassim et al. 

2020). Over the past decades, the interpersonal dynamics between coaches and athletes have attracted 

considerable attention in sports and exercise psychology, generating both theoretical models and em-

pirical studies (Lafrenière et al. 2011; Smith et al. 2010; Smoll and Smith 1989). The coach-athlete 

relationship is now widely regarded as a central element of effective coaching, with research indicating 

its relevance across both individual and team sport contexts (Jowett 2017). Scholars emphasize that 

understanding this relationship requires examining its behavioral, affective, and cognitive dimensions, 

all of which contribute to the quality of interaction between coaches and athletes (Jowett and Ntoumanis 

2004). Moreover, investigating its dynamic nature is essential for enhancing coaching effectiveness and 

for promoting athletes’ physical performance, psychological well-being, and long-term engagement in 

sport.  

A team of researchers led by Jowett (Jowett 2017; Jowett and Ntoumanis 2004; Jowett and 

Poczwardowski 2007) developed an integrated model of the coach-athlete relationship, drawing on prin-

ciples from social psychology to conceptualize and measure its quality. Jowett and Poczwardowski 

(2007, p. 4) define the coach-athlete relationship as “a situation in which a coach’s and an athlete’s 

cognitions, feelings, and behaviors are mutually and causally interrelated”. This definition underscores 

the relationship’s dynamic nature, emphasizing that it is shaped over time by ongoing interpersonal 

exchanges, changes in emotions, thoughts, and behaviors, and the evolving demands of the sports 

context. Central to this model are three interpersonal dimensions: closeness, commitment, and comple-

mentarity. Closeness captures the affective bonds between coach and athlete, reflected in mutual trust, 

respect, liking, and appreciation. Commitment refers to the cognitive intention of both parties to maintain 

a close and constructive relationship over time, pursuing shared goals, values, and beliefs through open 

communication.  
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Complementarity represents the cooperative and reciprocal nature of their interactions, particularly in 

training and competition, encompassing behaviors such as friendliness, responsiveness, and the mutual 

enactment of leadership and followership roles. Together, these dimensions provide an operational 

framework for assessing the quality of the coach-athlete relationship. The model has become a central 

theoretical tool in sport psychology for understanding the interpersonal processes that underpin coach-

ing effectiveness.  

Recent research underscores the critical role of autonomy-supportive coaching in fostering high-quality 

coach-athlete relationships. Kim et al. (2019) found that coaches’ perceptions of relationship quality, 

particularly in terms of closeness, commitment, and complementarity, were positively associated with 

autonomy-supportive behaviors and negatively associated with controlling behaviors. When coaches 

perceived their relationship with athletes as strong and mutually respectful, they tended to adopt more 

autonomy-supportive styles, while reliance on controlling strategies decreased. Similarly, Choi et al. 

(2020) demonstrated that autonomy-supportive coaching behaviors were significantly and positively re-

lated to the quality of the coach-athlete relationship. Such behaviors help cultivate positive emotions in 

athletes, which in turn strengthen emotional bonds with coaches from a future-oriented perspective. 

Their findings further suggested that a supportive relational climate could mitigate athlete burnout, high-

lighting the dual implication on performance and well-being of autonomy-supportive coaching and a high 

quality of coach-athlete relationship. Lafrenière et al. (2011) extended these insights by identifying au-

tonomy-supportive behaviors as a key predictor of high-quality coach-athlete relationships as perceived 

by athletes. When athletes felt understood, respected, and that their perspectives were valued, they 

developed stronger emotional bonds and greater connectedness with their coach. Importantly, the study 

revealed a positive association between high-quality coach-athlete relationships and athletes’ general 

happiness, underscoring the broader psychological benefits of such relationships beyond sport-specific 

outcomes. Supporting this finding, Jin et al. (2022) linked the quality of coach-athlete relationships di-

rectly to athlete satisfaction. Their results confirmed that relational quality, rooted in trust, respect, and 

collaborative interaction, was a strong determinant of athletes’ subjective satisfaction with their sporting 

experience. The importance of relational quality is further supported by Mohd et al. (2020), who exam-

ined coach-athlete relationships and coaching effectiveness in team sports. They found that higher-

quality relationships, characterized by commitment, closeness, and complementarity, were associated 

with better perceptions of coaching effectiveness. This link was evident across multiple dimensions, 

including motivation, technical instruction, game strategy, and character building. The study also high-

lighted that such relationships are essential for optimizing athlete learning, development, and perfor-

mance, regardless of gender or sport type.   
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4 Methodology 

4.1 Design Science Research  

To address the research question and develop an effective conversational AI trainer, this study adopts 

the DSR approach. DSR is particularly well suited for this research as it aims not only to understand a 

problem but to rigorously design and evaluate innovative IT artifacts that provide practical solutions in 

real-world contexts (Hevner et al. 2004). As such, DSR combines scientific rigor with practical relevance, 

making it an appropriate method for solving complex challenges that researchers and practitioners ex-

perience in their practice. According to Hevner et al. (2004), DSR focuses on the creation and evaluation 

of artifacts that address identified business needs and contribute to the knowledge base for the IS re-

search discipline. Therefore, this study aims to derive generalized design implications according to 

Gregor and Jones (2007) and Walls et al. (1992). DSR projects typically begin with identifying a relevant 

business problem and theorizing the attributes of the future system. These attributes are commonly 

referred to as meta-requirements (Walls et al. 1992), as they capture the generic requirements that the 

future system should meet. Once meta-requirements have been established, researchers propose de-

sign principles (Gregor and Jones 2007) that specify how a system should be constructed to satisfy 

those requirements. Design principles represent an effective way to communicate such findings, as they 

address both technology-oriented and management-oriented audiences, as important in the context of 

DSR (Hevner et al. 2004). Finally, these design principles are implemented and refined through iterative 

cycles of development and evaluation (Hevner 2007). To support the rigorous evaluation of the artifact, 

this study additionally derives testable hypotheses from the underlying kernel theories. These hypothe-

ses serve to examine whether the instantiated design principles produce the theoretically expected ef-

fects in practice (Walls et al. 1992).  

To structure the research process and ensure both relevance and rigor, this study adopts the three cycle 

view of DSR as proposed by Hevner (2007) and applies six research steps according to Peffers et al. 

(2007) as displayed in Figure 2. This framework distinguishes between three interrelated research cy-

cles: the relevance cycle, the rigor cycle, and the design cycle. The relevance cycle connects the re-

search with the application environment and ensures practical relevance. In this study, the relevance 

cycle is reflected in the identification of a real-world problem, namely the lack of motivational and rela-

tional coaching support in athletic training contexts. Many athletes train without continuous access to 

human coaches, resulting in limited opportunities for personalized feedback, emotional support, and 

motivational guidance during training routines. The application domain of this research lies within the 

field of motivational and interpersonal coaching in sports. The environment is defined by an amateur 

handball club and the requirements are derived from the needs and challenges of active adult handball 

players who present the main stakeholder group. Moreover, the artifact is evaluated through an empiri-

cal study in a ten-day application phase with handball athletes in a real training environment, which 

provides feedback for further refinement.  

The rigor cycle anchors the research in the existing knowledge base by drawing on scientific theories, 

validated design methods, and domain-specific expertise. In this project, the development of the AI 

trainer is informed by two established theoretical foundations: SDT and SPT. These theories guide the 

identification of meta-requirements and the derivation of design principles that form the conceptual basis 

of the artifact. In addition to these two theories, the coach-athlete relationship model (Jowett and 

Poczwardowski 2007) serves as a further theoretical lens, emphasizing the relational dynamics between 

athletes and coaches. Furthermore, methodological rigor is ensured through the use of validated 

measurement instruments and systematic evaluation procedures.  



 

25 

 

Finally, the design cycle represents the core iterative process of building and evaluating the artifact. This 

cycle encompasses the construction of a conversational AI trainer prototype. The design cycle integrates 

knowledge and requirements from the other two cycles and translates them into a functional artifact 

aimed at supporting athletes’ psychological needs through autonomy-supportive interaction and human-

like behavior. In this study, the design cycle included the systematic derivation of theory-grounded 

design principles, their translation into concrete dialogue structures and interaction patterns, and the 

technical implementation of a first functional prototype. In addition, testable hypotheses were derived 

from the underlying kernel theories to evaluate whether the instantiated design principles led to the 

expected motivational and relational effects in practice.  

To structure the DSR project, this study adopts the process model proposed by Peffers et al. (2007), 

which outlines six sequential research steps. These steps provide a systematic framework to guide the 

development, evaluation, and communication of the AI-based coaching artifact. The following section 

describes each step and how it was applied in the context of this study.  

The study first (1) identified and outlined the problem in the introductory section (Chapter 1). This re-

search is motivated by a lack of effective digital solutions that support and motivate athletes in sports 

training contexts. Current sports technologies primarily focus on data collection, performance tracking, 

and analytical feedback, while neglecting the motivational and relational dimensions of coaching that 

are crucial for sustained athlete engagement. Existing coaching technologies often fail to incorporate 

evidence-based strategies for autonomy-supportive communication and to build meaningful coach-ath-

lete relationships (Strunk et al. 2024; Xiao et al. 2017). This study addresses this gap by developing an 

AI-based trainer that emulates human-like coaching behavior to foster athlete motivation. As a next step, 

this research defined the aim (2) to design a conversational AI system that supports athletes’ psycho-

logical needs through personalized, autonomy-supportive interactions. The artifact is intended to simu-

late social presence and establish trustful relationships that align with motivational theory (Deci and 

Ryan 2000). In step (3), a functional prototype of the AI trainer was developed, which will be discussed 

in detail in Chapter 6 Design Instantiation. The design is guided by design principles derived from theo-

retical and empirical insights and aims to deliver anthropomorphic coaching dialogues tailored to ath-

letes’ training situations.  

Figure 2: Adapted DSR Process (based on: Hevner 2007, p. 88; Peffers et al. 2007, p. 54) 
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The artifact was demonstrated (4) in a real-world sport context, where handball athletes interacted with 

the system over a defined training period. This demonstration showed the system’s ability to simulate 

autonomy-supportive coaching behavior in a digital environment. The evaluation (5) combined quanti-

tative and qualitative methods to assess the artifact’s effectiveness. A survey-based empirical study was 

conducted to examine changes in athletes’ perceptions of motivation, psychological need satisfaction,  

and coach-athlete relationship quality. The results (6) of this DSR project are communicated through 

this scientific thesis.  

4.2 Research Method 

To address the research objectives and evaluate the effectiveness of the AI trainer, this research follows 

an empirical study embedded within the paradigm of DSR (Hevner et al. 2004). In line with the iterative 

and problem-oriented nature of DSR, the study supports the development and the evaluation of a novel 

IT artifact aimed at enhancing athlete motivation through autonomy-supportive and human-like interac-

tion. Therefore, a mixed-method approach is adopted. This methodological strategy enables the inte-

gration of both quantitative and qualitative research techniques, allowing for a more comprehensive 

investigation of the artifact’s functionality and its perceived impact (Recker 2021). The combination of 

standardized measurements and contextual insights ensures that hypothesis testing and in-depth un-

derstanding are achieved.  

The quantitative component of the research design includes the use of structured surveys to assess the 

main constructs. These surveys form the basis for evaluating the theoretical model and testing prede-

fined hypotheses regarding the relationship between perceived autonomy-supportive coaching, coach-

athlete relationship quality, basic psychological needs satisfaction, social presence, and motivational 

outcomes. Complementing this, the qualitative component involves follow-up semi-structured interviews 

with selected participants. These interviews aim to explore how athletes experienced their interactions 

with the AI trainer, how they perceived its human-like features, and how it influenced their motivation 

during training. This qualitative layer enables a deeper exploration of underlying mechanisms and con-

tributes to the refinement of theoretical and practical insights.  

To empirically evaluate the proposed IT artifact, athletes completed three surveys during the ten-day 

evaluation phase of this study. Each survey consisted of developmentally appropriate and validated 

instruments to measure the main constructs. The questionnaire was divided into five sections assessing 

motivational orientation, psychological need satisfaction, perceived autonomy-supportive coaching be-

havior, coach-athlete relationship, and social presence. All constructs were assessed on a 7-point Likert 

scale ranging from do not agree at all (1) to very strongly agree (7), with three measurement items per 

construct selected for standardization and consistency. The complete list of the used measurement 

items is provided in Appendix A.  

Athletes’ motivational orientation was assessed using an adapted version of the Sport Motivation Scale 

II (SMS-II) by Pelletier et al. (2013), which operationalizes six distinct types of motivation along the self-

determination continuum. In this study, twelve items were selected to represent intrinsic motivation, 

integrated regulation, identified regulation, introjected regulation, external regulation, and amotivation. 

Each item reflects a specific reason for engaging in sport, ranging from self-determined to controlled 

forms of regulation (e.g., “Because it is very interesting to learn how I can improve”; “Because people I 

care about would be upset with me if I didn’t”). Higher scores indicate greater self-determined motivation. 
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Aligned with SDT (Deci and Ryan 2000), athletes’ satisfaction of their three basic psychological needs, 

autonomy, competence, and relatedness, was measured using established sport-specific adaptations. 

Perceived autonomy was assessed using three items adapted from Hollembeak and Amorose (2005), 

which evaluate the perceived level of volition and choice in sport participation (e.g., “I have a say in what 

I do when participating in my sport”). Perceived competence was captured through three items by 

Amorose (2003), assessing athletes’ self-perceptions of ability and effectiveness (e.g., “How good do 

you think you are at your sport?”). Finally, perceived relatedness was measured using three adjectives 

from the sport-oriented version of the Feelings of Relatedness Scale ((Hollembeak and Amorose 2005; 

Richer and Vallerand 1998), reflecting feelings of closeness and support from teammates and the coach 

(e.g., “supported”, “understood”, “bonded to them”). Each subscale demonstrated satisfactory reliability 

and validity in previous SDT-based studies on coaching behaviors and athlete motivation (Amorose and 

Anderson-Butcher 2007, 2015; Kipp and Weiss 2013).  

Athletes’ perceptions of autonomy-supportive behavior exhibited by the AI trainer were measured using 

a short version of the Sport Climate Questionnaire (Amorose and Anderson-Butcher 2007). This meas-

ure evaluates the degree to which the coach provides opportunities for choice, listens to athletes’ per-

spectives, and acknowledges their feelings. Example items include: “I feel that my coach provides me 

choices and options” or “I feel understood by my coach”. Responses were recorded on a 7-point Likert 

scale, with higher mean scores indicating stronger perceptions of autonomy support. Research by 

Amorose and Anderson-Butcher (2007) has demonstrated that the Sport Climate Questionnaire is reli-

able and valid in assessing autonomy-supportive coaching styles among high school and college ath-

letes.  

The perceived quality of the coach-athlete relationship was assessed using an adapted version of the 

Coach-Athlete Relationship Questionnaire (CART-Q) developed by Jowett and Ntoumanis (2004). The 

instrument captures the three relational components: closeness, commitment, and complementarity. 

Each dimension was measured with three items, such as “I feel close to my coach”, “I trust my coach”, 

and “When I am coached, I feel at ease”. Higher scores indicate a stronger relationship quality. Prior 

research has confirmed the CART-Q’s consistency, validity, and applicability across individual and team 

sport contexts (Choi et al. 2020; Jin et al. 2022; Kim et al. 2019).  

To assess the extent to which the AI trainer was perceived as a socially engaging and human-like part-

ner, social presence was measured using three items adapted from Gefen and Straub (2003). The items 

capture the perceived human warmth, sensitivity, and personalness of the interaction (e.g., “There is a 

sense of human contact with the AI trainer”). Higher scores reflect a greater sense of perceived human-

ness and interpersonal connection in athlete-coach communication.  

All scales and measurement items were slightly adapted to the study context by, for example, substitut-

ing “coach” with “AI trainer” where appropriate. The survey was administrated via LimeSurvey, and all 

instruments were pretested with a small sample of athletes to ensure linguistic clarity and contextual 

appropriateness. As the study was conducted in a German handball sport club, all measurement items 

and construct explanations were translated into German (see Appendix A).  
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5 Design Specification 

5.1 Kernel Theories 

An essential principle of DSR is that existing theories should be leveraged within the design process in 

order to justify why a design is expected to work (Gregor and Jones 2007; Hevner et al. 2004). In IS 

design theory, kernel theories provide the theoretical foundations that govern meta-requirements and 

guide the formulation of designs and testable hypotheses (Walls et al. 1992). For this study, the devel-

opment of an AI trainer builds upon two primary kernel theories, SDT and SPT, as well as the conceptual 

model of the coach-athlete relationship. Together, these theories explain the mechanisms through which 

autonomy-supportive AI coaching can influence athletes’ motivation.  

SDT (Deci and Ryan 1985, 2000) posits that human motivation is driven by the satisfaction of three 

basic psychological needs: autonomy (e.g. the experience of choice and volition), competence (e.g. the 

perception of effectiveness and mastery), and relatedness (e.g. the sense of belonging and connected-

ness). When these needs are fulfilled, individuals tend to display more self-determined forms of motiva-

tion, ranging from intrinsic motivation to identified regulation. Conversely, when needs are thwarted, 

controlled forms of motivation or amotivation prevail. In the sports context, SDT has been extensively 

applied to explain athletes’ adherence, performance, and well-being (Ryan et al. 2009). Research has 

consistently shown that coaches who engage in autonomy-supportive behaviors, such as offering mean-

ingful choices, providing rationales, encouraging initiative, and acknowledging athletes’ perspectives, 

are more likely to satisfy athletes’ psychological needs (Amorose and Horn 2000; Mageau and Vallerand 

2003). For example, Amorose (2007) demonstrated that high school and college athletes who perceived 

their coaches as more autonomy-supportive reported higher satisfaction of their needs and more self-

determined motivational orientations. Their findings demonstrated that perceived autonomy-support 

from coaches positively predicted athletes’ perceptions of autonomy, relatedness, and competence. In 

turn, all three needs significantly predicted motivational orientation. Crucially, the direct path from per-

ceived autonomy-support to motivational orientation was not significant, indicating a fully mediated re-

lationship. This means that the effect of autonomy-supportive coaching on athletes’ motivation was en-

tirely explained by the extent to which athletes’ basic psychological needs were satisfied. While these 

findings provide strong evidence for the role of SDT in human coaching contexts, they have yet to be 

extended to the domain of AI-based coaching systems. Building on Amorose’s model (2007), the pre-

sent study investigates whether an AI trainer, designed to interact in an autonomy-supportive manner, 

can similarly influence athletes’ perceptions of autonomy, competence, and relatedness, and thereby 

foster more self-determined forms of motivation. By transferring this well-established mechanism from 

human coaches to an AI trainer, this research seeks to advance the application of SDT in digital sport 

environments and provide insights into the potential of conversational AI to act as a motivational coach. 

SDT as a kernel theory therefore justifies why an AI trainer should be designed to act in an autonomy-

supportive manner.  

As a complementary conceptual lens, the coach-athlete relationship model (Jowett and Ntoumanis 

2004) emphasized the quality of the interpersonal bond between coach and athlete, which is character-

ized by three dimensions: closeness (e.g., mutual trust, respect, and emotional connection), commit-

ment (e.g., dedication to maintain the relationship over time), and complementarity (e.g., cooperative 

and responsive interaction). Together, these three dimensions capture the affective, cognitive, and be-

havioral facets of a high-quality coach-athlete relationship.  
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While SDT-based studies such as Amorose and Anderson-Butcher (2007) have demonstrated that au-

tonomy-supportive coaching influences athletes’ need satisfaction and motivational orientation, they did 

not consider the quality of the coach-athlete relationship as a mediating mechanism. In contrast, Jowett’s 

framework (Jowett and Ntoumanis 2004; Jowett and Poczwardowski 2007) highlights that athletes’ ex-

periences in sport are not only shaped by the satisfaction of psychological needs but also by the per-

ceived quality of their interpersonal bond with the coach. Thus, the coach-athlete relationship model 

introduces an additional relational layer that may explain how autonomy-supportive behaviors translate 

into positive psychological and motivational outcomes. To date, empirical studies on the coach-athlete 

relationship have been conducted exclusively with human coaches (Choi et al. 2020; Jin et al. 2022; 

Mohd Kassim et al. 2020). It remains an open question whether athletes are able to perceive dimensions 

such as closeness, commitment, and complementarity in interactions with an AI trainer, which this study 

aims to explore. The present study addresses this gap by integrating the coach-athlete relationship 

model into the SDT framework. Specifically, it proposes that autonomy-supportive coaching behaviors 

by an AI trainer will enhance athletes’ perceptions of closeness, commitment, and complementarity, 

thereby strengthening the coach-athlete relationship. This relational quality, in turn, is expected to me-

diate the effects of autonomy-supportive coaching on the satisfaction of basic psychological needs, 

which ultimately shape athletes’ motivational orientation.  

While SDT addresses what drives motivation, SPT explains how digital communication media can influ-

ence relational and motivational outcomes. SPT (Short et al. 1976) defines social presence as the de-

gree to which a person perceives another as a “real” social entity during mediated interactions. Media 

with high social presence are more capable of fostering trust, empathy, and relational closeness than 

media with low social presence (Oh et al. 2018). In the context of AI-driven conversational systems, 

SPT has been widely adopted to explain why users often respond socially to artificial agents 

(Gunawardena and Zittle 1997; Konya-Baumbach et al. 2023; Nass and Moon 2000). Social cues such 

as natural language, empathetic responses, personalization, and memory of past interactions increase 

perceived social presence, which in turn strengthens relational bonds between user and system (Feine 

et al. 2019; Go and Sundar 2019; Janson 2023). In this study, SPT serves as a kernel theory by ex-

plaining why athletes may experience an AI trainer as a socially present coach. Through the deliberate 

integration of social design elements, the AI trainer is expected to elicit stronger perceptions of social 

presence. In this study, it is assumed that higher perceived social presence of the AI trainer will influence 

the quality of the coach-athlete relationship, thereby strengthening athletes’ perceptions of closeness, 

commitment, and complementarity.  

In summary, the kernel theories applied in this study establish the theoretical foundation for the design 

and expected functioning of the AI trainer. SDT explains why autonomy-supportive coaching behaviors 

should foster motivation by satisfying athletes’ basic psychological needs for autonomy, competence, 

and relatedness. The coach-athlete relationship model complements this perspective by highlighting the 

mediating mechanisms through which autonomy-supportive behaviors are likely to unfold their effects. 

Finally, SPT provides the rationale for why athletes may perceive an AI trainer as a socially meaningful 

partner, and why such perceptions are expected to strengthen the quality of the coach-athlete relation-

ship. By integrating these theoretical perspectives, the study extends prior research from human coach-

ing contexts to AI-based systems.  
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5.2 Meta-Requirements 

In DSR, the derivation of meta-requirements (MRs) represents a central step in building design 

knowledge (Hevner et al. 2004). Meta-requirements define the general conditions that an information 

system should fulfill in order to address the identified problem and achieve the intended goals (Walls et 

al. 1992). They are formulated at a conceptual level, describing what a system should do rather than 

how it should be implemented. According to Hevner (2007), this step corresponds to theorizing the 

essential attributes of a future system, grounded in the problem context and in relevant kernel theories. 

In this study, the meta-requirements are derived from the interplay of SDT, SPT and the coach-athlete 

relationship model, each representing a crucial mechanism for fostering motivation, relational quality, 

and perceived humanness in digital coaching.  

Motivation is one of the most decisive factors for participation and persistence in sport. Research shows 

that athletes commonly engage in physical activity to pursue competence, build social acceptance, and 

experience enjoyment (Weiss and Williams 2004). These motives align with the three basic psycholog-

ical needs defined by SDT: autonomy, competence, and relatedness (Deci and Ryan 2000; Ryan et al. 

2009). When these needs are satisfied, athletes are more likely to display self-determined motivational 

orientations, which are associated with higher persistence, performance, and engagement (Hollembeak 

and Amorose 2005; Teixeira et al. 2012). In contrast, environments that frustrate these needs foster 

amotivation or controlled forms of regulation, undermining athletes’ intrinsic engagement. An AI trainer 

that aims to increase motivation must be designed to actively support the satisfaction of these three 

psychological needs during training. Therefore, the first requirement is defined as:  

MR1: The AI trainer should foster athletes’ motivation by supporting the satisfaction of the three basic 

psychological needs (autonomy, competence, and relatedness) in the context of physical activity.  

Autonomy-supportive coaching is a central mechanism through which athletes’ motivation can be en-

hanced (Amorose and Horn 2000). Research shows that this interpersonal style adopted by a coach 

fosters athletes’ self-initiation, engagement, and psychological growth, whereas a controlling style often 

undermines motivation and well-being (Deci and Ryan 2000; Mageau and Vallerand 2003). By promot-

ing self-determined forms of motivation, autonomy-supportive coaching has been identified as an effec-

tive motivational technique that contributes to greater self-esteem, stronger persistence, and overall 

well-being (Amorose and Anderson-Butcher 2007). As a result, the following requirement is formulated:  

MR2: The AI trainer should demonstrate autonomy-supportive behaviors.  

The quality of the coach-athlete relationship plays a crucial role in shaping athletes’ experiences in sport 

(Lafrenière et al. 2011). Studies have shown that strong relationships between coaches and athletes 

are associated with higher satisfaction, greater engagement, and more positive motivational outcomes 

(Kim et al. 2019; Smith et al. 2010). The relational bond does not only affect how athletes perform but 

also how they feel supported, connected, and committed within their sporting environment. As such, the 

interpersonal dynamic between coach and athlete represents a powerful determinant of long-term par-

ticipation and well-being (Jowett and Poczwardowski 2007). The relational qualities of closeness, com-

mitment, and complementarity provide the basis for trust and cooperation and strengthen the impact of 

motivational support (Jowett and Ntoumanis 2004). Hence, the third requirement is derived as follows:  

MR3: The AI trainer should foster a high quality coach-athlete relationship by enabling athletes to 

perceive closeness, commitment, and complementarity in their interactions.   
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Social presence has been identified as a critical factor in shaping how users perceive and interact with 

CAs (Janson 2023; Nass et al. 1994). Prior research shows that when a system conveys human-like 

qualities through social cues, users are more likely to experience the agent as a socially present and 

relatable partner (Kim and Im 2023; Qiu and Benbasat 2009). Such perceptions influence the depth of 

engagement, the level of trust established, and the extent to which users respond socially to the system 

(Go and Sundar 2019; Konya-Baumbach et al. 2023). Therefore, the requirement is defined as:  

MR4: The AI trainer should employ social cues to increase perceived social presence and human-

ness.  

Together, these four meta-requirements specify the foundational attributes that an AI trainer must fulfill 

to act as a motivationally effective, autonomy-supportive, and human-like coach. MR1 and MR2 draw 

primarily on SDT to ensure that the system promotes psychological need satisfaction and self-deter-

mined motivation, while MR3 and MR4 build upon the coach-athlete relationship model and SPT to 

translate relational and social mechanisms into digital interaction. Collectively, they provide the concep-

tual link between the underlying kernel theories and the practical design objectives of the AI trainer, 

establishing the theoretical foundation for the subsequent formulation of design principles.   

5.3 Design Principles 

Design principles (DPs) represent prescriptive knowledge that guides how an artifact should be con-

structed to fulfill previously defined meta-requirements. While meta-requirements specify what a system 

must achieve, design principles provide actionable recommendations on how these requirements can 

be implemented (Gregor and Jones 2007; Walls et al. 1992). In line with DSR, design principles can be 

understood as statements that guide or constrain design actions to ensure that the artifact contributes 

to the intended outcomes. They serve both researchers and practitioners by providing knowledge about 

how the new system should be built in order to fulfill the identified meta-requirements (Hevner et al. 

2004).  

Allowing athletes to actively participate in training-related decisions has been shown to be a powerful 

factor in fostering motivation (Mageau and Vallerand 2003). Research demonstrates that when athletes 

are given meaningful opportunities to contribute to the direction of their training, they are more likely to 

experience a sense of volition, self-initiation, and personal growth (Ryan and Deci 2000b). In sport con-

texts, such participation supports athletes in aligning their activities with personal values and interests, 

which in turn strengthens their engagement and persistence over time (Teixeira et al. 2012). Athletes 

who perceive independent decision making report greater self-determined motivation (Amorose and 

Anderson-Butcher 2007). These results suggest that providing choice within structured boundaries is 

essential for creating an empowering motivational climate. For an AI trainer, enabling athletes to influ-

ence training decisions is therefore critical. Through tailored options, adaptive interaction, and recogni-

tion of individual preferences, the system can promote a perception of autonomy. Thus, this study pro-

poses:  

DP1: Provide athletes with opportunities to contribute to training decisions so that they experience a 

sense of autonomy in their physical activity.  

The way feedback is provided plays a central role in athletes’ motivation and learning. Studies consist-

ently show that athletes who receive positive, respectful, and informationally based feedback are more 

likely to feel competent and motivated to improve their performance (Amorose and Horn 2000; Mageau 

and Vallerand 2003). In contrast, controlling statements, guilt-inducing criticism, or excessive use of 

external rewards can undermine intrinsic motivation and foster ego-involvement, leading to lower per-

sistence and well-being (Amorose and Anderson-Butcher 2007; Deci and Ryan 2000).  
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Effective feedback therefore requires a balance between providing clear structure and avoiding behav-

iors that signal external control. Perceptions of competence are reinforced when athletes experience 

success in appropriately challenging tasks and when progress is recognized in a constructive way. Re-

search highlights that competence thrives on specific, non-controlling performance feedback that em-

phasizes progress and mastery rather than comparison or punishment (Weiss and Williams 2004). Ath-

letes are more likely to accept feedback from systems they perceive as knowledgeable and reliable, 

which strengthens their confidence in the guidance provided (Bittner et al. 2019; Kamphorst 2017). For 

an AI trainer, this implies that feedback must go beyond simple performance tracking. It should deliver 

constructive, non-controlling guidance that reinforces competence and mastery while avoiding judgmen-

tal or demotivating language. By combining domain-specific knowledge with adaptive communication, 

the AI trainer can establish credibility and provide athletes with feedback that is both trustworthy and 

motivating. Thus, this study proposes:  

DP2: Provide clear and constructive feedback on athletes’ progress and performance while avoiding 

controlling statements so that they perceive increased competence and mastery.  

Feeling connected and socially accepted is a fundamental source of motivation in sport. Athletes often 

strive not only for physical competence but also for belonging, recognition, and trust within their team 

and with their coach (Ryan et al. 2009; Weiss and Williams 2004). Empirical evidence highlights that 

shared goals, mutual trust, and cooperative responsiveness are essential conditions for fostering per-

sistence, well-being, and long-term adherence in physical activity (Teixeira et al. 2012). When such 

interaction patterns are present, athletes are more likely to feel socially integrated and valued, which 

strengthens both their commitment and their performance. Trust-centered design approaches, sup-

ported by social cues, can significantly enhance athletes’ willingness to engage with AI trainers (Strunk 

et al. 2024). An AI trainer should act as a facilitator that guides interactions, builds cooperation, and 

fosters a sense of joint responsibility (Bittner et al. 2019). Such facilitation translates into establishing 

transparent communication, reinforcing shared objectives, and responding cooperatively to athletes’ in-

puts. This combination creates a relational foundation that not only increases social acceptance but also 

enhances motivation through the perception of being connected and supported. Thus, this study pro-

poses:  

DP3: Provide interaction patterns that emphasize trust, shared goals, and cooperative responsive-

ness so that athletes feel socially connected and accepted.  

Athletes’ motivation and relational quality are strongly influenced by whether their feelings and perspec-

tives are acknowledged during interactions. Research in sport psychology highlights that coaches who 

actively recognize athletes’ emotions and viewpoints foster greater trust, understanding, and motiva-

tional commitment (Amorose and Anderson-Butcher 2007; Mageau and Vallerand 2003). Such acknowl-

edgment signals respect and care, which helps athletes feel supported rather than controlled (Deci and 

Ryan 1985). By contrast, neglecting or dismissing athletes’ perspectives can weaken the relational bond 

and undermine intrinsic motivation. Perceived support during digital interactions is strengthened when 

agents respond in ways that validate users’ input and emotions (Qiu and Benbasat 2009). These rela-

tional cues enhance trust and positively influence how users evaluate the quality of the interaction. For 

an AI trainer, this means that responses cannot remain purely functional or task-oriented but must also 

reflect a sensitivity to the athletes’ emotional state and perspectives. Providing responses that validate 

athletes’ feelings allows the AI trainer to create an experience of being understood and supported. Thus, 

this study proposes:  

DP4: Provide responses that acknowledge and validate athletes’ feelings and perspectives so that 

they feel understood and supported.  
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Perceptions of humanness in digital interactions often emerge from minimal but salient cues. Research 

shows that even subtle social cues, such as a name or demographic attributes, can trigger users to 

apply social scripts and treat computers as if they were human partners (Nass and Moon 2000). These 

cues foster trust, politeness, and engagement, despite the awareness that the interaction is with a ma-

chine. For AI trainers, such human identity cues are therefore essential to reduce the impression of an 

impersonal tool and instead create the perception of a socially meaningful partner. Empirical findings 

confirm that visual representation and demographic attributes strengthen perceptions of authenticity and 

relational closeness. Personification elements, such as name, age, or gender, can increase the per-

ceived anthropomorphism of a system (Seeger et al. 2018). Users who interact with CAs that display 

human identity cues feel more connected and satisfied with the exchange (Go and Sundar 2019). Social 

design elements like personification directly increase social presence and support the formation of trust 

and empathy in conversational systems (Janson 2023). Therefore, these human identity cues can help 

users to better asses their interaction partner, develop expectations, and form closer relationships. For 

an AI trainer in a sports context, providing human identity cues can thus make the interaction more 

personal and credible. AI trainers can become more relatable and human-like, which in turn strengthens 

the athletes’ willingness to accept guidance and build a relationship with the system. Thus, this study 

proposes:  

DP5: Provide human identity cues such as a personal name or demographic attributes so that ath-

letes perceive the AI trainer as a real and human-like interaction partner.  

Verbal cues are central to creating the impression of natural, human-like communication. Research on 

CAs demonstrates that the use of small talk, informal language, and emotional expressions fosters in-

teractions that feel warmer, more engaging, and socially resonant (Feine et al. 2019; Gnewuch et al. 

2017). Without such cues, conversations often remain mechanical and detached, limiting users’ willing-

ness to connect with the system. The integration of socially appropriate verbal behaviors, such as greet-

ings, humor, or concerns can significantly enhance perceptions of warmth and interpersonal connection 

(Schuetzler et al. 2014). Conversational cues strongly contribute to perceptions of humanness and so-

cial presence, making interactions feel more like authentic dialogue (Go and Sundar 2019). The AI 

trainer should integrate verbal behaviors that convey sensitivity, responsiveness, and emotional expres-

siveness. By including informal language, conversational variability, and supportive remarks, the AI 

trainer can foster trust, reduce social distance, and create a sense of companionship during interactions. 

Thus, this study proposes:  

DP6: Provide verbal cues such as small talk, informal language, and emotional expressions so that 

athletes perceive the interaction as emotionally warm and conversationally natural.   

Beyond identity and verbal cues, athletes’ perceptions of the AI trainer as a socially intelligent partner 

depend heavily on its ability to demonstrate mental cues such as contextual understanding, adaptive 

dialogue ability, and empathy. Research emphasizes that true intelligent support requires proactivity, 

adaptability, and context awareness, allowing the system to align with users’ goals and situations rather 

than delivering static responses (Maedche et al. 2016). Digital coaching systems are most effective 

when they are able to adjust recommendations dynamically and take contextual factors into account, 

signaling to athletes that the system understands their specific circumstances (Kamphorst 2017). Con-

versational skills, particularly the ability to generate contextually appropriate and varied responses, sig-

nificantly enhances perceived social presence and engagement (Schuetzler et al. 2020). When athletes 

sense that the trainer adapts its dialogue based on prior input, they are more likely to interpret it as an 

intelligent and attentive partner. Adaptive dialogue ability not only improves interaction quality but also 

triggers relational behaviors typically reserved for human coaches (Nass and Moon 2000).  
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Moreover, empathy plays a central role in fostering trust and relational closeness. Design elements, 

such as socially oriented communication styles, can increase perceptions of empathy and trust (Janson 

2023). Without socially sensitive behaviors, CAs risk being perceived as purely mechanical, limiting their 

motivational impact (Chaves and Gerosa 2020). For AI trainers, this translates into the need to integrate 

mechanisms that display understanding of athletes’ training progress, adjust communication flexibly, 

and respond empathetically to expressed feelings. By consistently demonstrating contextual awareness 

and adaptive dialogue, the AI trainer can create the impression of social intelligence and strengthen the 

relational bond with athletes. Thus, this study proposes:  

DP7: Provide mental cues such as context understanding, adaptive dialogue ability, and expressions 

of empathy so that athletes perceive the AI trainer as socially intelligent.  

Overall, this study proposes seven design principles to address the four identified meta-requirements. 

The principles are grounded in prior research on motivation and SDT, autonomy-supportive coaching, 

the coach-athlete relationship, and social presence, and they are tailored to the context of AI-based 

coaching in sports. Together, they provide prescriptive guidance for how the AI trainer should be 

designed to foster motivation, enhance relational quality, and create socially meaningful interactions. 

Each design principle may address multiple meta-requirements, underlining the interdependencies 

between motivation, psychological needs, relational quality, and social presence. Table 4 summarizes 

all seven design principles and the corresponding meta-requirements they address.  

DP DP Description 
MRs addressed 

by DP 

1 Provide athletes with opportunities to contribute to training decisions so that they  

experience a sense of autonomy in their physical activity.  

MR1, MR2 

2 Provide clear and constructive feedback on athletes’ progress and performance while 

avoiding controlling statements so that they perceive increased competence and  

mastery.  

MR1, MR2 

3 Provide interaction patterns that emphasize trust, shared goals, and cooperative  

responsiveness so that athletes feel socially connected and accepted.  

MR1, MR3 

4 Provide responses that acknowledge and validate athletes’ feelings and perspectives 

so that they feel understood and supported.  

MR2, MR3 

5 Provide human identity cues such as a personal name or demographic attributes so 

that athletes perceive the AI trainer as a real and human-like interaction partner.  

MR4 

6 Provide verbal cues such as small talk, informal language, and emotional expressions 

so that athletes perceive the interactions as emotionally warm and conversationally 

natural.  

MR4 

7 Provide mental cues such as context understanding, adaptive dialogue ability, and  

expressions of empathy so that athletes perceive the AI trainer as socially intelligent.  

MR4, MR3 

Table 4: Design Principles - Overview 
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5.4 Hypotheses  

Testable hypotheses are an integral component of IS design theory (Walls et al. 1992). They empirically 

examine whether the proposed design is effective in fulfilling the identified meta-requirements and thus 

provide a critical link between justificatory theory and evaluation. In line with Hevner et al. (2004), hy-

potheses are essential for rigorous DSR, as they allow the evaluation of an artifact in a manner that 

contributes to both theoretical understanding and practical relevance.  

Through hypothesis testing, the effectiveness of the designed artifact can be systematically evaluated, 

allowing researchers to assess whether the system operates as predicted by the underlying kernel the-

ories. In the context of this study, hypotheses are derived from the theoretical model established in 

Chapter 5, linking autonomy-supportive coaching, social presence, and the coach-athlete relationship 

to athletes’ motivational outcomes.  

First, autonomy-supportive coaching has been shown to play a decisive role in shaping athletes’ moti-

vational orientation. Previous studies with human coaches demonstrated that autonomy-supportive be-

haviors foster more self-determined forms of motivation (Amorose and Anderson-Butcher 2007). There-

fore, this study hypothesizes that an AI trainer designed to act in an autonomy-supportive manner will 

exert similar effects on athletes’ motivation.  

H1: Perceived autonomy-supportive coaching by the AI trainer positively affects athletes’ self-de-

termined motivational orientation.  

Second, prior research highlights that the degree to which an agent is experienced as a socially “real” 

partner shapes the quality of the interaction and the relational bond (Nass and Moon 2000; Short et al. 

1976). In human coaching, the strength of the coach-athlete relationship is a decisive factor for athletes’ 

satisfaction, trust, and long-term commitment (Jowett and Ntoumanis 2004). Translating these findings 

into a digital context, the perceived social presence of an AI trainer can be expected to influence how 

athletes experience dimensions such as closeness, commitment, and complementarity. Studies have 

shown that social cues and conversational naturalness enhance trust and emotional connection with 

CAs (Janson 2023; Qiu and Benbasat 2009). Therefore, if athletes perceive an AI trainer as socially 

present, the likelihood of forming a high-quality coach-athlete relationship should increase.  

H2: A higher level of perceived social presence of the AI trainer positively influences the quality of 

the coach-athlete relationship.  

Third, beyond its impact on relational quality, social presence also directly shapes motivational out-

comes. When users experience CAs as socially engaging, they are more likely to feel connected, sup-

ported, and motivated in their interactions (Go and Sundar 2019; Oh et al. 2018). In sports contexts, 

such perceptions can translate into higher levels of enjoyment, engagement, and persistence in training. 

By simulating human-like presence through social cues, an AI trainer may evoke motivational effects 

comparable to those of a human coach. Thus, the degree of perceived social presence is not only rele-

vant for the coach-athlete relationship but also directly for athletes’ motivation.  

H3: A higher level of perceived social presence of the AI trainer positively affects athletes’ motiva-

tional orientation.  
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6 Design Instantiation 

Recent advances in CA research indicate a clear trend toward systems that are capable of engaging in 

increasingly human-like communication. Schöbel et al. (2024) emphasize that the future of CAs lies in 

the integration of natural human language and even elements of human thinking, including the use of 

social features such as humor or empathy. As conversational systems continue to evolve toward socially 

intelligent agents, it becomes essential to explore how these technologies can be applied in motivational 

and relational contexts such as sports coaching. Building upon this development, the artifact designed 

in this study, referred to as AI trainer, represents the practical implementation of the design principles 

developed in Chapter 5 Design Specification. The purpose of the AI trainer is to translate autonomy-

supportive coaching behaviors and social interaction cues into a digital training environment. The sys-

tem aims to simulate a coach who not only delivers training-related advice but also establishes support-

ive and motivating relationships with athletes. Specifically, the AI trainer is designed to (1) demonstrate 

autonomy-supportive behaviors, (2) employ social cues that convey humanness and social presence, 

and (3) foster a high-quality coach-athlete relationship over time. By combining these core functions, 

the AI trainer seeks to satisfy athletes’ basic psychological needs and thereby enhance their motivation 

for physical activity.  

The autonomy-supportive component is reflected in the AI trainers’ ability to offer athletes meaningful 

choices, provide non-controlling feedback, and acknowledge their thoughts and feelings in a supportive 

way. Through these features, the system operationalizes the autonomy-supportive coaching behaviors 

described by Mageau and Vallerand (2003). The second core element, the integration of social cues, 

builds upon research in social presence and anthropomorphism. The AI trainer employs human-like 

verbal and mental cues, such as informal conversational language, expressions of empathy, and context 

awareness, to evoke a sense of warmth and social connectedness during the interaction. Finally, the 

third functional dimension relates to the quality of the coach-athlete relationship. Drawing on the 3Cs 

framework by Jowett and Ntoumanis (2004), the AI trainer is designed to strengthen the athletes’ per-

ceptions of closeness, commitment, and complementarity within the digital coaching interaction.  

The following sections describe the concrete implementation of these design goals in the AI trainer 

artifact, following the design and development cycles of the DSR framework (Hevner et al. 2004; Peffers 

et al. 2007) The system has been developed as a text-based, disembodied chatbot, enabling natural 

language interaction between the athlete and the AI. Its architecture allows the integration of conversa-

tional and adaptive dialogue features while remaining suitable for use in a real-world sports environment. 

The chatbot operates in the German language, as the prototype will be deployed with German handball 

athletes for the evaluation phase. To ensure consistency between the designed artifact and its later 

assessment, the chatbot environment is connected to the measurement surveys used in the evaluation 

study. However, all details concerning the empirical study and evaluation are described in Chapter 7 

Design Evaluation. This section focuses on the instantiation and implementation of the AI trainer as a 

technical IT artifact. It illustrates how the theoretical design principles have been transformed into system 

components, interaction mechanism, and functionalities that together form the foundation of a conver-

sational human-like AI trainer.  
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6.1 System Architecture 

The AI trainer artifact was implemented as a chatbot, representing a specific form of CAs. Chatbots are 

software tools designed to interact with users in a natural, conversational way through text or voice 

interfaces (Bittner et al. 2019). According to Smutný and Schreiberova (2020), chatbots can be classified 

either by their input mode or by the messaging channel through which they operate. Following this tax-

onomy, the AI trainer developed in this study can be categorized as both contextual and integrated/web-

based. A contextual chatbot utilizes ML and AI to self-improve based on what users are asking for and 

how they are asking it, allowing for adaptive dialogue and individualized responses. At the same time, 

the AI trainer qualifies as an integrated or web-based service, as it connects with an instant messaging 

application (WhatsApp) for the initial athlete contact, while the main conversational interface is imple-

mented as a web-based service accessible through a dedicated website. This hybrid design enables a 

seamless transition between platforms and offers a consistent user experience.  

The overall system architecture of the AI trainer consists of four main components: backend, frontend, 

middleware, and database. The backend of the AI trainer was developed on the platform VectorShift 

(VectorShift 2025), a no-code conversational agent development environment. VectorShift was chosen 

for its ability to integrate multiple technologies into one coherent pipeline, including Twilio for messaging, 

OpenAI’s GPT model for natural language generation, and Google Drive for data storage. A section of 

the AI trainer pipeline in VectorShift is provided in Figure 3. The platform supports the creation of 

autonomous agents through modular nodes, enabling the definition of contextual variables and 

conversational logic without extensive programming. This design offers flexibility for fast prototyping and 

easy adaptation of the AI trainer for different conditions. Furthermore, VectorShift provides built-in 

analytical tools that allow the monitoring and evaluation of the chatbots’ performance, conversation logs, 

and user interactions. The AI trainer was deployed via a secure URL link, allowing athletes to access 

the web-based interface directly after the first registration.  

 

Figure 3: AI Trainer Pipeline in VectorShift 
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The frontend represents the user-facing interface where athletes interact with the AI trainer. The first 

contact is initiated via WhatsApp immediately after participants complete the online pre-survey. Due to 

Meta’s strict policies and limitations on AI integration within WhatsApp Business, a complete 

implementation within the messenger app was not possible. Therefore, after a first welcome message 

on WhatsApp (see Figure 4), the AI trainer continues the main conversation via a web-based chat 

interface accessible through an automatically generated URL link. The same link remains valid 

throughout the entire evaluation period and can be accessed by athletes at any time to interact with the 

AI trainer. Athletes can freely decide when and how often they wish to engage with the AI trainer. 

Although no automated reminder messages are sent, the existing WhatsApp chat remains visible to 

participants during the study and may serve as a subtle reminder of their participation.  

The AI trainer operates through two deterministic pipeline runs, both of which begin with the identification 

of the athlete via a personal survey-ID to ensure consistent linkage between the surveys, the chatbot 

and the stored athlete data. The two flows differ depending on whether the athlete interacts with the AI 

trainer for the first time or has already participated in previous sessions:  

(1) Initial Interaction: a static sequence that collects the athletes’ name and main training goal 

before initiating the dialogue with the central conversational agent.  

(2) Ongoing Interaction: a personalized version that retrieves stored athlete information from the 

database, greets the athlete by name, and resumes the conversation with the updated training 

goal.  

The agent itself is defined as a separate node within the VectorShift pipeline. It contains a set of prompt 

instructions, context variables, and access to the knowledge base used to generate context-aware re-

sponses. Unlike rule-based chatbots, the agent handles ambiguous user inputs through natural lan-

guage understanding and generates varied responses rather than predefined ones.  

Figure 4: First Contact of AI Trainer on WhatsApp 
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The middleware connects the backend logic with external communication channels. In this system, 

Twilio (Twilio 2025) acts as the middleware, linking VectorShift with WhatsApp and the Meta Business 

Account. Twilio manages message delivery for the initial contact on WhatsApp after finishing the online 

pre-survey. Athlete-related data (e.g. survey-ID, name, main athletic goal) are stored in a Google Sheet, 

which acts as a lightweight but efficient database solution. This storage structure allows the AI trainer 

to associate each athlete with a unique identification number and maintain basic personalization param-

eters such as the athlete’s main training goal. During each new session, the chatbot queries this identi-

fication number to recall the corresponding context information and personalize the dialogue accord-

ingly. In summary, the AI trainer system architecture integrates several modern tools and platforms to 

deliver a seamless, adaptive, and human-like conversational experience. The technical design supports 

the principles of DSR by translating theoretical design knowledge into a functional, implementable, and 

evaluable IT artifact that embodies autonomy-supportive coaching and social presence in a real-world 

sports context.  

6.2 Implementation of Design Principles 

This section describes how the theoretical meta-requirements and design principles outlined in Chapter 

5 were implemented in the AI trainer artifact. The implementation follows the logic of DSR, translating 

abstract theoretical concepts into concrete system behavior and functions. The goal of this stage is to 

demonstrate how the design knowledge derived from SDT and SPT has been instantiated in the arti-

fact’s dialogue patterns, behavioral logic, and interaction structures. The AI trainer serves as a design 

artifact of an autonomy-supportive, socially present, and human-like digital coach capable of supporting 

athletes’ motivation through meaningful conversation.  

The implementation of the AI trainer’s behavioral logic centers around the agent node, which constitutes 

the core functional unit of the VectorShift pipeline. Within this component, the AI trainer operates as a 

conversational coach capable of processing athlete inputs, maintaining short-term contextual memory, 

and generating adaptive, autonomy-supportive responses. While the overall pipeline architecture 

connects several external components (e.g. Google Sheets, Twilio), the primary realization of the design 

principles occurs within this agent node (see Figure 5), where decision rules, communication styles, and 

psychological strategies are defined.  

Figure 5: Agent Dashboard 
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The agent node integrates multiple input variables that together allow personalized and context-sensi-

tive dialogues. This configuration enables the system to maintain coherence within a 24-hour interaction 

window while also ensuring continuity between sessions. Rather than relying on a persistent memory of 

all prior messages, the AI trainer temporarily stores the most recent athlete message and its own previ-

ous reply as contextual variables, which are then used to generate follow-up responses that feel contin-

uous and personally attuned. The conversational logic is defined through structured agent instructions 

that specify the communication style and behavioral patterns of the AI trainer.  

Human identity cues were implemented to ensure that athletes immediately perceive the AI trainer as a 

socially present and human-like counterpart rather than as an impersonal system. In the implemented 

prototype, this principle (DP5) was realized through several visible and behavioral elements that 

together establish a coherent human identity for the coach, as displayed in Figure 6.  

 

 

 

 

 

 

 

 

In both communication channels (e.g. WhatsApp and web-based interface) the AI trainer appears under 

the personal name “Alex”. A profile picture representing the trainer is displayed on both interfaces, 

providing a visual anchor that reinforces continuity across sessions. The first welcome message includes 

a brief self-introduction in which Alex represents himself as a personal and motivating coach who sup-

ports athletes throughout their training period. Within the agent node configuration, the persona descrip-

tion defines Alex as “an empathetic, motivating, and competent sports coach” and that communication 

should always occur in the first person singular (“I”). These instructions ensure that responses generated 

by the agent maintain a consistent identity and tone across different dialogue contexts. Together, these 

human identity cues establish the foundation for subsequent interactions, enabling athletes to perceive 

the AI trainer as a trustworthy, relatable, and continuous interaction partner throughout the entire coach-

ing period.  

The AI trainer displays autonomy-supportive coaching behavior by giving athletes meaningful opportu-

nities to participate in training decisions (DP1) and by providing constructive, competence-enhancing 

feedback (DP2). These principles form the behavioral foundation of the AI trainer’s motivational coach-

ing style and are directly observable in the agent’s responses during training-related interactions (see 

Figure 7). Within the implemented prototype, the AI trainer encourages athletes to actively contribute to 

the training process by offering several exercise options aligned with their personal goals. Furthermore, 

the chatbot asks open-ended questions about the athlete’s endurance goal and presents several alter-

natives for structuring an effective training session. Exercise options should be provided with short ex-

planations that allow the athlete to make an informed decision based on personal preferences. This 

interaction pattern operationalizes autonomy-supportive coaching by granting athletes meaningful 

choice within structured limits and by inviting them to reflect on what fits best with their abilities and 

goals. The exemplary dialogue also demonstrates how the AI trainer provides constructive, informational 

feedback rather than evaluation or controlling statements.  

Figure 6: AI Trainer - Human Identity Cues 

Name 
Profile 

Picture 
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The agent reinforces competence by explaining why certain exercises might be effective and by 

formulating advice in a motivating and non-judgmental tone. The phrasing avoids pressure or obligation 

words such as “you must” or “you should” instead using collaborative and encouraging language that 

promotes self-determined engagement. This aligns with the autonomy-supportive principles embedded 

in the agent instructions, which specify that the AI trainer must use open questions, avoid controlling 

phrasing, and act as a knowledgeable yet supportive sports expert. Alex combines professional 

expertise in training science (e.g. athletics, mobilization, nutrition in sports, sports psychology or 

regeneration) with empathetic communication. Each message concludes with an open follow-up 

question that invites further reflection or choice. This conversational structure reinforces both autonomy 

through self-directed decisions and competence through clear, confidence-building guidance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

The AI trainer is designed to display interaction patterns that emphasize relatedness and shared goals 

(DP3), validate athletes’ feelings and perspectives (DP4), and use verbal cues such as informal lan-

guage and emotional expressions to enhance social presence (DP6). These behavioral patterns were 

implemented to create a socially meaningful and emotionally supportive communication style that 

strengthens the perceived coach-athlete relationship (see Figure 8). In the implemented prototype, the 

AI trainer acts as an empathetic, motivating, and socially responsive coach who remembers each ath-

lete’s main athletic goal across sessions. This individual goal retrieved from the database is actively 

placed into the dialogue to establish continuity and demonstrate shared commitment. Such goal-related 

references convey consistency and relational care, thereby supporting the athlete’s perception of close-

ness and commitment in the coaching relationship. The agent’s conversational behavior also demon-

strates emotional attunement and validation. When athletes express doubts, fatigue or frustration, Alex 

responds with empathy (“It’s never too late to get active today!”) before suggesting supportive next 

steps. By first acknowledging the athlete’s perspectives and then guiding the conversation toward con-

structive reflection or action, the AI trainer validates emotions and ensures that athletes feel understood 

and supported. Furthermore, verbal cues are intentionally integrated to enhance the conversational nat-

uralness and perceived social presence of the AI trainer. Alex uses short, friendly sentences, personal-

ized conversational openings (“Hi Franzi         Welcome back!”), and emojis to express warmth and hu-

manness.  

Figure 7: AI Trainer - Autonomy-Supportive Coaching and Feedback 
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These stylistic elements convey empathy and friendliness, bridge the gap between human and artificial 

communication, and help athletes experience the AI trainer as emotionally intelligent. The combination 

of emotional responsiveness and natural verbal cues strengthens the trust and relatedness, creating a 

communication experience that feels authentic, supportive, and socially engaging.  

 

 

 

 

 

 

 

 

 

 

 

 

 

The AI trainer is designed to display mental cues (DP7) such as context understanding, adaptive dia-

logue ability, empathetic situational adjustment, and memory to enhance the perception of social intelli-

gence. These features allow the agent to react coherently to prior messages, interpret athletes’ inten-

tions, and adapt its communication style dynamically to the situation (see Figure 9). In the implemented 

prototype, the AI trainer demonstrates context understanding by recognizing the meaning and emotional 

tone behind an athlete’s message rather than responding literally. When the athlete expresses tiredness 

and lack of motivation, Alex interprets this as a temporary motivational decline and shifts the focus of 

the conversation toward recovery and light activity instead of encouraging high-intensity training. This 

flexible interpretation shows that the AI trainer can maintain the relevance of dialogue by inferring the 

athlete’s needs from context rather than keywords.  

The agent also exhibits adaptive dialogue ability by changing its conversational mode according to the 

athlete’s response. Instead of continuing the previous topic or repeating advice, Alex switches from goal-

oriented coaching to supportive guidance. The agent therefore provides step-by-step instructions for 

simple exercises and concludes with a follow-up question, encouraging the athlete to stay engaged 

while maintaining autonomy. Empathy and situational adaptation are conveyed through emotionally at-

tuned responses and appropriate tone modulation. Alex acknowledges the athlete’s low energy level 

with reassuring phrases (“It’s absolutely fine to feel worn out sometimes, Franzi”) and provides alterna-

tives that help the athlete feel successful without pressure. This style of communication signals under-

standing and compassion, fostering trust and perceived human-like sensitivity.  
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Figure 8: AI Trainer - Cooperative and Supportive Coaching 
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Finally, the AI trainer uses short-term memory to maintain conversational coherence and continuity. By 

integrating the contextual information of previous responses, the AI trainer preserves a sense of ongoing 

relationship and psychological presence throughout the communication. The system interface also 

displays a short “Coach Alex is typing…” indicator whenever the agent generates a message. This 

deliberate pause imitates natural conversational timing and reinforces the impression of cognitive 

processing and human-like reflection before responding. Together, these mental cues enable the AI 

trainer to display cognitive flexibility, contextual awareness, and emotional intelligence. The combination 

of reasoning, adaptation, empathy, and memory creates the impression of a socially intelligent digital 

coach capable of understanding and responding to athletes in a natural, contextually appropriate, and 

human-like manner.  
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Figure 9: AI Trainer - Mental Cues 
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7 Design Evaluation 

Within the DSR paradigm, evaluation plays a pivotal role in determining whether an artifact effectively 

fulfills its intended purpose and contributes to both theory and practice. As outlined by Hevner et al. 

(2004) and further elaborated in the three-cycle view of DSR (Hevner 2007), the evaluation phase links 

the design cycle, the iterative process of building artifacts, with the relevance cycle, which connects the 

artifact to its application environment, and the rigor cycle, which grounds it in established scientific 

knowledge. The primary objective of evaluation is to demonstrate that the designed artifact, in this study 

the AI trainer, meets the previously defined meta-requirements and design principles, thereby confirming 

its utility, quality, and efficacy within the target context.  

According to Peffers et al. (2007), evaluation constitutes a core activity within the DSR methodology, 

following the stages of problem identification, objective definition, design and development, and demon-

stration. It serves to assess the artifact’s performance in addressing the identified problem and to provide 

empirical evidence that supports the formulated design knowledge. Through structured testing and ob-

servation in real-world settings, it provides feedback on the artifact’s capability to achieve the intended 

behavioral and functional effects. Following the framework of Walls et al. (1992), evaluation also repre-

sents the phase in which testable hypotheses are empirically examined. In the context of this research, 

the evaluation thus seeks to examine the effects of the AI trainer on autonomy-supportive coaching 

behavior, the perceived coach-athlete relationship, and the resulting motivational orientation of athletes.  

Therefore, this chapter focuses on describing the empirical study that evaluates the AI trainer artifact. It 

outlines the research setup, data collection, and analytical procedures used to examine the extent to 

which the artifact fulfills its intended design objectives. The chapter presents both quantitative and qual-

itative results obtained during the evaluation phase. However, the interpretation and implications of 

these results are discussed in Chapter 8 Discussion.  

7.1 Empirical Study 

The empirical evaluation aimed to assess the implemented AI trainer artifact under real-world conditions 

and to examine how athletes experienced and interacted with the system over time. The study was 

designed as a ten-day trial period conducted between September 13 and October 31, 2025, in which 

participants engaged voluntarily with the AI trainer during their individual training sessions. The evalua-

tion followed a mixed-methods approach, combining quantitative surveys with qualitative follow-up in-

terviews to obtain both measurable and experiential insights into the effects of the designed AI trainer.  

This study was conducted in a real-world sports environment with adult athletes from the local, amateur 

handball club “SC Lehr”. The choice of this setting was guided by my existing coaching involvement 

within the club, which ensured direct access to athletes and a stable training context for implementing 

the evaluation. All four active teams of the club (two women’s and two men’s teams) were informed 

about the study and invited to participate. Athletes who participated used the AI trainer as an additional, 

supportive tool during their personal training routines. By embedding the evaluation in their everyday 

practice, the study aimed to capture authentic interaction patterns and reflect the natural conditions of 

athletes’ regular training contexts.  

Quantitative data collection consisted of three structured online surveys administered via LimeSurvey 

at three points during the evaluation period: (1) at the beginning of the trial, (2) after five days of inter-

action, and (3) at the end of the ten-day period. Immediately after completing the first survey, participants 

established their first contact with the AI trainer via WhatsApp and could freely begin the conversation. 
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Throughout the trial, athletes were fully autonomous in deciding when and how often they interact with 

the AI trainer. No restrictions were imposed regarding the number, frequency, or content of messages, 

allowing for a natural usage pattern according to each participant’s preferences and training routines. 

The content and direction of each conversation were entirely open, without any predefined or standard-

ized dialogue paths. Athletes could freely decide which topics to address and were encouraged to inter-

act with the AI trainer on subjects relevant to their personal interests or training focuses. This included 

areas such as sport-specific exercises and athletic concepts, sport psychology, mental strength, nutri-

tion or general training knowledge, enabling a highly individualized conversational experience for each 

participant. Due to technical constraints related to WhatsApp’s messaging architecture (see Chapter 6.1 

System Architecture), the AI trainer did not send proactive messages. Instead, all interactions were 

initiated by the participants themselves via the chatbot interface in the browser.  

The questionnaires were designed to measure changes in the key theoretical constructs over time and 

to evaluate the effects of the AI trainer on athletes’ motivation and perceived relationship quality. The 

measurement instruments and item selections followed the operationalization outlined in Chapter 4.2 

Research Method. The first questionnaire collected demographic data (age, gender, education, sports 

background, and the use of digital tools during trainings) and assessed baseline levels of motivation and 

psychological needs. The second and third questionnaires repeated these measurements and addition-

ally included items capturing perceived autonomy-supportive coaching behavior, coach-athlete relation-

ship quality, and social presence of the AI trainer. This setup enabled the observation of potential de-

velopments across the study period and provided a structured comparison of motivational and relational 

changes.  

In total, 20 athletes participated in the study and completed the first survey (n = 20). The second survey 

was completed by 11 participants, and the third by 9 participants. Key demographics included an age 

range from 17 to 52 with a mean age of 28.2 years. The gender distribution was 80% female and 20% 

male. Regarding technology use, 75% of participants reported regularly using digital technologies or 

applications to support their sport training, while 25% did no use such tools.  

Following the survey phase, a subset of three participants was invited to a follow-up interview to gain 

deeper insights into their subjective experiences and perceptions of the AI trainer. These semi-struc-

tured interviews aimed to complement the quantitative data by exploring qualitative aspects such as 

perceived interaction quality, conversational dynamics, and individual expectations toward the AI trainer. 

While the survey data provided structured measurements of motivational and relational changes over 

time, the interviews offered an opportunity to capture nuances that cannot be fully expressed through 

standardized questionnaire items. In particular, the qualitative component was included to better under-

stand how athletes evaluated the usefulness, human-likeness, and conversational behavior of the sys-

tem in the context of their everyday training routines. By combining both data sources, the evaluation 

sought to obtain a more comprehensive assessment of the artifact, ensuring that not only measurable 

outcomes but also user-experienced perceptions and practical challenges were represented in the over-

all analysis.  

7.2 Results 

7.2.1 Quantitative Evaluation 

To evaluate the designed AI trainer, three quantitative surveys were conducted at different points in 

time: prior to the intervention (Pre-Survey), after five days of interaction (Mid-Survey), and at the end of 

the ten-day training period (End-Survey).  
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Each survey aimed to capture the athletes’ perceptions of key constructs derived from the underlying 

kernel theories and meta-requirements, including motivation, psychological needs, autonomy-support-

ive coaching, coach-athlete relationship, and social presence. Each construct was measured through 

established and validated measurement instruments adapted to the context of the AI trainer (for details 

see Chapter 4.2 Research Method). All constructs were measured using three items per subdimension 

on a 7-point Likert-scale ranging from 1 = do not agree at all to 7 = very strongly agree. For interpretation, 

scale values of 1-3 were categorized as low agreement, 4 as neutral, and 5-7 as high agreement levels. 

For each construct and subdimensions, mean values (M) were calculated across all participants and 

measurement items. Descriptive quantitative results are presented in the following section, while all 

translated measurement items are provided in Appendix A.  

The construct motivation was measured across all three surveys using six subdimensions derived from 

the Sport Motivation Scale II (Pelletier et al. 2013). These subdimensions capture the full continuum of 

motivational regulation proposed by SDT, ranging from amotivation (e.g. lack of intention to act), via 

external, introjected, identified, and integrated regulation, to intrinsic motivation. Higher scores indicate 

a stronger presence of the respective motivational regulation type. Across all measurement points, 

athletes’ motivation profiles revealed generally high levels of self-determined motivation (see Figure 10). 

Amotivation showed consistently low values, with mean scores increasing slightly over time (M = 2.10, 

2.45, 2.61), indicating that participants rarely experienced a lack of motivation during the study period. 

External regulation, reflecting motivation driven by external rewards or pressures, decreased slightly 

from M = 3.60 at the pre-survey to M = 3 at the end-survey. Introjected regulation and identified 

regulation remained stable across all surveys, with mean values in the upper mid-range (M ≈ 4.7 - 5.5). 

This pattern indicates that athletes maintained an internal sense of obligation and continued to perceive 

their training as personally meaningful. Integrated regulation, representing a deep integration of physical 

activity into one’s self-concept, remained consistently high throughout the study (M = 5.48, 5.32, 5.5) 

across the time points. Similarly, intrinsic motivation, which reflects participation driven by enjoyment 

and interest, showed stable and the highest mean values (M = 5.8, 5.55, 5.83). Overall, these results 

illustrate a predominantly self-determined motivational profile, characterized by high intrinsic and 

integrated motivation and low amotivation.  

 

 

 

 

 

 

 

 

 

 

The construct psychological needs was measured across all three surveys and included the three basic 

needs proposed by SDT (Deci and Ryan 2000): autonomy, competence, and relatedness. Each subdi-

mension consisted of three measurement items. Higher mean scores indicate a stronger perceived sat-

isfaction of the respective psychological need.  

Figure 10: Mean Scores of Motivation 
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Across the three measurement points, all subdimensions showed mean values in the middle to upper 

range, indicating a generally positive perception of need fulfillment during the training period (see Figure 

11). Autonomy showed mean scores of M = 5.12 at pre-survey, M = 4.36 at mid-survey, and M = 4.44 

at end-survey, reflecting a slight decrease over time. Competence followed a similar pattern, with scores 

of M = 5.10, M = 4.82, and M = 4.70 across the three surveys. Relatedness also declined marginally 

from M = 5.45 at pre-survey to M = 4.91 at mid-survey and M = 4.74 at end-survey. Although all three 

needs showed small decreases between the beginning and end of the intervention, the values 

consistently remained above the scale midpoint (M = 4). This suggests that, overall, athletes continued 

to experience relatively high levels of autonomy, competence, and social relatedness throughout their 

interaction with the AI trainer.  

 

 

 

 

 

 

 

 

 

The construct of perceived autonomy-supportive coaching was measured in the mid- and end-survey 

using three items adapted from the short version of the Sport Climate Questionnaire. The items 

assessed the extent to which athletes perceived the AI trainer as supporting their sense of autonomy, 

for example by providing choice, showing understanding, or listening to their preferences. Overall, the 

results indicated a moderate perception of autonomy-supportive behavior by the AI trainer. The mean 

values in the mid-survey (M = 4.40) and end-survey (M = 4.11) suggested a slightly declining trend over 

time. Among the individual items, the statement “Coach Alex listens to how I would like to do things” 

received the highest ratings (see Figure 12).  

 

 

Figure 11: Mean Scores of Psychological Needs 

Figure 12: Frequency Distribution for Autonomy-Supportive Coaching Items 



 

48 

 

In the mid-survey, 7 of 11 participants (64%) rated this item with values ≥ 5, corresponding to “more or 

less agree” to “very strongly agree”. In the end-survey, 6 of 9 participants (67%) gave a similarly high 

rating (M ≥ 5), indicating that the majority of athletes perceived the AI trainer as receptive to their indi-

vidual preferences. In comparison, perceptions of choice and understanding were lower but remained 

close to the scale midpoint, reflecting a neutral to moderately positive evaluation. Across all items, no 

pronounced changes occurred between the two measurement points, but a general pattern of moderate 

and stable autonomy support was observed.  

The construct coach-athlete relationship was assessed at the mid- and end-survey using the short 

version of the CART-Q (Jowett and Ntoumanis 2004). The questionnaire captures three core 

subdimensions that define the quality of the relationship between coach and athlete: commitment, 

closeness, and complementarity. Commitment reflects the athlete’s level of support, involvement, and 

willingness to maintain the relationship. Closeness describes emotional connection, trust, and respect. 

Complementarity captures the behavioral coordination and cooperation between both interaction 

partners. Across both measurement points, the results showed low to moderate mean values for all 

three subdimensions, ranging between M ≈ 3.5 - 4.2 (see Figure 13). This suggests that the athletes’ 

perception of the relationship with the AI trainer was overall neutral. Commitment and closeness showed 

a small decline over time (Commitment: M = 3.72 → 3.59; Closeness: M = 4.09 → 4.03), whereas 

complementarity increased marginally from M = 4.15 to M = 4.22. The overall relationship quality 

remained stable across the study period, with no pronounced changes or significant fluctuations. Among 

the three dimensions, complementarity received the highest ratings, indicating that athletes perceived 

the interaction with the AI trainer as generally cooperative and well-structured. In contrast, commitment 

and closeness were rated slightly lower, reflecting a more reserved emotional connection to the AI 

trainer.  

 

 

 

 

 

 

 

 

 

 

The construct social presence was assessed in the mid- and end-survey using three items adapted from 

Gefen and Straub (2003), capturing the perceived human-likeness, personalness, and social quality of 

the interaction with the AI trainer. Higher values indicate a stronger perception of the AI trainer as a 

socially present and personally engaging communication partner. Across both measurement points, 

mean values remained in the middle range of the scale, with M = 4.15 in the mid-survey and M = 4.00 

in the end-survey. This reflects a moderate but consistent level of perceived social presence, without a 

noticeable increase or decrease over time. The results suggest that athletes experienced the AI trainer 

as socially responsive and engaging to a certain extent, yet not comparable to a fully human interaction 

partner.  

Figure 13: Mean Scores of Coach-Athlete Relationship 
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Among the three items, the statement “The Interaction with Coach Alex feels social” received the highest 

agreement. In the mid-survey, 7 of 11 athletes (64%) rated this item with values ≥ 5 indicating that a 

majority of participants experienced the interaction as socially meaningful (M = 4.45; see Figure 14). 

Similar agreement levels were maintained at the end of the study, reinforcing the overall stability of 

social presence perceptions (M = 4). The other items, addressing the human-likeness of the interaction 

and the perceived personalness of communication, received slightly lower ratings, remaining around the 

scale midpoint.  

 

 

 

 

 

 

 

 

 

 

7.2.2 Qualitative Evaluation 

In addition to the quantitative survey data, a qualitative follow-up evaluation was conducted to obtain 

deeper insights into how athletes experienced the interaction with the AI trainer. Therefore, semi-

structured interviews were carried out after the ten-day interaction period to explore athletes’ perceptions 

in greater depth and to understand how they interpreted and evaluated the prototype’s behavior in 

relation to the main theoretical constructs. To ensure experienced-based perspectives, three 

participants were selected for the interviews. All three athletes had completed each of the three surveys 

and showed consistent engagement with the AI trainer “Alex” throughout the study. Table 5 summarizes 

their key demographic and contextual characteristics. The interviews followed a semi-structured format 

that was directly aligned with the key constructs of the evaluation framework. Based on the interview 

guideline, the protocol covered several thematic areas, including athletes’ general experience with AI 

tools, their interaction patterns with the AI trainer, and their perceptions of autonomy-supportive 

coaching behaviors, social presence, and relationship development. The interview also included 

questions addressing system handling, conversation quality, perceived intelligence, and the AI trainer’s 

impact on motivation and training engagement. The following section presents a consolidated summary 

of the key themes and insights derived from the three interviews. To maintain clarity and traceability, 

participants are referenced using their identifying survey-IDs throughout the qualitative results.   

Survey-ID Age Gender Sports Interview  

CS06F2 24 Female Handball 11.11.2025 

AR68F2 34 Female Handball 12.11.2025 

KP08F2 35 Female Handball  12.11.2025 

Table 5: Overview Participants Interviews 

Figure 14: Distribution of Responses for Social Presence Items 
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All interview participants consistently emphasized that the athletic exercise suggestions provided by the 

AI trainer were generally understandable and thematically appropriate but lacked the depth and variation 

expected from a sports coach. Participants reported that the recommended exercises were mostly fa-

miliar and not particularly challenging or new. In several cases, athletes experienced repeated variations 

of the same exercise category across multiple sessions over time. One participant described: “I asked 

for another different exercise, but it was just a slightly modified version of the same one” (CS06F2). 

Similarly, another athlete noted that the system repeatedly referenced her main training goal but failed 

to introduce meaningful variety over the whole trial period (AR68F2). While the exercises were generally 

suitable for the topics discussed, participants agreed that the AI trainer did not convey the impression 

of a knowledgeable sports expert. Instead, they described him more as a motivational assistant rather 

than a source of new or advanced training knowledge.  

Athletes also gave feedback on the AI trainer’s responsiveness and conversational adaptivity. One par-

ticipant reported that the system sometimes required multiple prompts or clarifications before fully un-

derstanding the intended meaning (AR68F2). Another athlete experienced noticeably long loading times 

before receiving replies from the AI trainer (CS06F2). The most common limitation, however, concerned 

the system’s lack of long-term memory across sessions. Athletes described that conversations repeat-

edly “started from scratch”, as the AI trainer could not refer back to previous interactions or continue 

defined training plans. As one participant summarized: “We often went in circles – I had to start over 

again almost every day” (KP08F2). This absence of continuity and memory led to recurring interaction 

patterns and reduced perceived dialogical ability over time.  

Across all three interviews, athletes highlighted positively that the AI trainer communicated in a friendly, 

personal, and socially responsive manner. Participants described the language as polite, empathetic, 

and emotionally attuned. One athlete stated that “the way he responded felt very friendly and personal” 

and emphasized that the system appeared socially and emotionally intelligent (CS06F2). Another par-

ticipant explained that Alex’s messages were “quite human-like” and conveyed warmth, even through 

she remained aware throughout the interaction that the AI trainer was ultimately an artificial system 

(AR68F2). In some cases, the perceived human-likeness was strong enough to create the impression 

of interacting with a real person. One athlete explicitly noted: “I had the feeling I was talking to a human” 

(CS06F2). Overall, the emotional tone and politeness of the AI trainer were consistently appreciated 

and contributed to a positive interaction experience.  

Participants differed in how their relationship with the AI trainer evolved during the study period. One 

athlete described a slight sense of resignation at the end of the trial, particularly when the AI trainer did 

not fully respond to her later questions. However, she emphasized that her emotional connection did 

not decline despite this frustration (CS06F2). Another participant reported that the human-like tone ini-

tially felt natural but became less convincing as repetitive conversational patterns emerged (AR68F2). 

The third participant described that the mechanical qualities of the system, especially repetitive phrasing 

and missing contextual memory, made it clear that “it behaves like a machine and not a person” 

(KP08F2). Nevertheless, across interviews, participants agreed that the relational tone was supportive, 

non-controlling, and motivating.  

When asked how they would classify the AI trainer, athletes generally did not perceive him as a knowl-

edgeable sports expert but rather as a motivational companion. They characterized the system as a 

friendly coach-like assistant that could encourage and accompany training but not provide advanced or 

individualized athletic training plans. Despite noticing system limitations, all participants acknowledged 

that the AI trainer demonstrated appropriate interpersonal behavior and successfully adopted a support-

ive and non-demanding communication style.  
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8 Discussion 

8.1 Key Findings 

Building on the results presented in the previous chapter, the following discussion interprets the empir-

ical findings of the AI trainer evaluation and situates them within the theoretical and design-oriented 

foundations of this study. Whereas Chapter 7 provided a descriptive account of quantitative patterns 

and qualitative experiences, Chapter 8 examines the underlying mechanisms that may explain why the 

observed outcomes occurred. By integrating insights from the survey data, interview feedback, and the 

design principles guiding the AI trainer’s development, this chapter highlights key implications for athlete 

motivation, psychological need satisfaction, autonomy-supportive coaching, coach-athlete relationship 

quality and perceptions of social presence. 

The results indicate that athletes maintained a predominantly self-determined motivational profile 

throughout the entire evaluation period, characterized by high levels of intrinsic and integrated regula-

tion. Across all three surveys, the motivational orientation of the athletes remained stable with no signif-

icant changes. The participants had already entered the study with a strong autonomous motivational 

orientation, leaving limited room for further improvement through the AI trainer during the ten-day trial. 

The qualitative interviews reinforce this interpretation. Several athletes described themselves as inher-

ently motivated and committed to their sport, independent of external support or technological tools. 

One participant explained that she did not feel “extra motivated to do more beyond [her] already full 

training program” (KP08F2), highlighting that her engagement was primarily driven by long-standing 

personal and sport-specific goals rather than by the AI trainer’s influence. This baseline condition aligns 

with research indicating that highly self-determined athletes show relatively stable motivational patterns 

and are less susceptible to short-term changes induced by external interventions.  

From a design perspective, these findings imply that DP1 and DP2, providing autonomy-supportive 

choice structures and competence-enhancing feedback, were not sufficient to further elevate motivation 

among athletes who were already highly intrinsically driven. While the AI trainer offered autonomy-sup-

portive behaviors and personalized conversational cues, these features primarily reinforced, rather than 

increased, participants’ already strong internal motivation. Moreover, the limited sport-specific expertise 

of the AI trainer, as reported in the interviews, may have constrained its ability to provide the kind of 

high-quality, performance-relevant guidance that could meaningfully enhance competence satisfaction. 

Across the ten-day interaction period, the quantitative results revealed a slight decline in the satisfaction 

of all three basic psychological needs: autonomy, competence, and relatedness. Although the values 

remained consistently above the scale midpoint, this suggests that certain structural and functional char-

acteristics of the AI trainer limited its ability to sustainably support athletes’ psychological needs over 

time. A central factor underlying this development appears to be the restricted variability and adaptivity 

of the system’s responses. Interview data indicated that athletes repeatedly encountered similar options, 

routines, and conversational patterns across different sessions. Participants described that the AI trainer 

did not recall previous conversations in a meaningful way and often restarted discussions without ac-

knowledging earlier topics. As one athlete noted: “He didn’t know what we talked about a few days ago” 

(KP08F2). This lack of continuity reduced the perceived personalization of the interactions and made 

the system’s support feel predictable rather than progressively tailored to individual training objectives.  
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The absence of long-term conversational memory was particularly relevant for need satisfaction. With-

out persistent knowledge about athletes’ past inputs or evolving preferences, the AI trainer was unable 

to create a sense of increasing autonomy (e.g., by building on earlier choices), competence (e.g., by 

offering progressively refined or advanced content), or relatedness (e.g., by demonstrating personal 

understanding). Instead, participants reported recurring answers, limited situational empathy, and a con-

sistent interaction structure that did not reflect individual learning progress. Furthermore, due to tech-

nical constraints in WhatsApp’s messaging logic (see Chapter 6.1 System Architecture), the AI trainer 

was unable to send proactive reminders or messages. This reliance on user-driven engagement may 

have influenced participation patterns and contributed to inconsistent exposure to autonomy-supportive 

behaviors across the sample. In summary, the slight decrease in need satisfaction for autonomy, com-

petence, and relatedness reflects the system’s limited ability to provide evolving, personalized, and con-

text-sensitive coaching. Although overall perceptions remained positive, the constrained adaptivity and 

repetitive conversational patterns indicate that future versions of the AI trainer should incorporate more 

robust memory mechanisms and greater variation in dialogue structure to better support athletes’ psy-

chological needs over extended periods.  

The quantitative results indicate a moderate level of perceived autonomy-supportive coaching behavior 

throughout the interaction period with a slight decline between the mid and end-survey. The system 

showed limitations in providing meaningful choice, adaptive guidance, and nuanced emotional support. 

A central limitation concerned the restricted variability and contextual sensitivity of the AI trainer’s sug-

gestions. Several participants reported that the AI trainer frequently repeated similar exercise recom-

mendations, even when confronted with different questions or requests. One athlete explained: “If he 

could remember what we did last time, it would be better” (KP08F2). Rather than building on previous 

choices or adjusting its guidance to new inputs, the trainer often remained fixed on a single exercise 

category or repeatedly returned to the same type of suggestion. This reduced the perceived breadth of 

choice and undermined DP1, which aims to provide athletes with autonomy-supportive decision oppor-

tunities.  

Empathy and emotional attunement were also experienced as inconsistent. Although athletes described 

the AI trainer as polite and friendly, they noted that the system did not reliably inquire about their current 

feelings or emotional state, nor did it adjust its recommendations accordingly. As a result, the empathetic 

component of autonomy-supportive coaching was perceived as less pronounced. One participant de-

scribed the system’s limited interpretive flexibility by stating: “Sometimes he was a bit slow on the up-

take. It took him three tries to understand what I really wanted” (AR68F2). Such difficulties in grasping 

context-specific meaning reduced the perceived adaptive dialogue ability, an essential aspect of DP7.  

In addition to conversational constraints, the limited domain expertise of the AI trainer further influenced 

autonomy-supportive perceptions. Athletes noted that the system rarely demonstrated advanced sport-

specific knowledge and instead relied on general database-like information. Despite attempts to extend 

the AI trainer’s knowledge base with sport scientific documents, technical restrictions such as token 

limits per minute prevented the incorporation of deeper expertise. This limitation affected the AI trainer’s 

perceived competence and credibility, as repeated or overly generic recommendations reduced athletes’ 

confidence in the system’s coaching abilities. Overall, the findings suggest that while the AI trainer suc-

ceeded in offering responsive and respectful interactions, it provided only partial support for autonomy-

related mechanisms due to its limited adaptivity, insufficient variety in coaching strategies, and restricted 

domain expertise. These constraints highlight the need for enhanced memory structures, more dynamic 

dialogue models, and richer sport-specific knowledge to fully realize the intent of DP1, DP2, and espe-

cially DP7.  
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The findings regarding the perceived coach-athlete relationship showed generally low to moderate lev-

els across the ten-day interaction period, with mean values slightly below the scale midpoint. These 

results suggest that while athletes experienced the AI trainer as cooperative and respectful, the rela-

tional depth needed to establish a strong, trust-based relationship did not fully materialize. This aligns 

with interview statements indicating that athletes did not view the AI trainer as a true sport expert or as 

a relational counterpart similar to a human coach. Participants frequently emphasized that exercise sug-

gestions were often too simple or repetitive, and therefore did not reflect advanced expertise or individ-

ualized progression. One athlete articulates this by stating: “Questions were answered correctly in terms 

of subject matter, but the depth of content was the problem” (CS06F2).  

A key factor influencing relational perceptions was the absence of proactive communication. Due to 

WhatsApp’s system architecture, the AI trainer was unable to initiate conversations, resulting in a fully 

athlete-driven interaction dynamic. This limited the development of perceived commitment, a core di-

mension of the 3Cs model (Jowett and Ntoumanis 2004), because athletes did not experience the AI 

trainer as an actively involved or invested agent. Instead, commitment remained low and even declined 

slightly over time, reflecting the absence of reciprocal engagement or shared responsibility for the train-

ing process.  

Perceived closeness followed a similar pattern. While athletes characterized the AI trainer as friendly, 

polite, and emotionally safe, with one stating that “I never felt uncomfortable” (AR68F2), these interper-

sonal qualities did not translate into stronger affective bonds. Emotional closeness requires continuity, 

shared experiences, and personalized responses, all of which were constrained by the AI trainer’s lim-

ited memory and repetitive conversational structure. As a result, although the AI trainer fulfilled basic 

interpersonal expectations (DP6), the system remained at a functional rather than relational level.  

Complementarity, however, emerged as the strongest relational dimension. Athletes consistently de-

scribed the AI trainer as cooperative, supportive, and responsive in tone and behavior, indicating that 

DP3 and DP4, fostering cooperation and acknowledging athletes’ perspectives, were partially success-

ful. Nevertheless, the lack of individualized expertise and long-term adaptation hindered the develop-

ment of trust. Without credible, progressively refined sport-specific input, athletes were hesitant to rely 

on the trainer for training decisions or performance guiding. Moreover, the short intervention period 

limited opportunities for relational growth, as building commitment and closeness typically requires ex-

tended and varied interactions.  

The results regarding perceived social presence show a moderate yet stable pattern across the trial 

period. Athletes generally experienced the AI trainer as socially engaging and human-like to a certain 

degree, but not to the extent that it could be mistaken for a human counterpart. This aligns with interview 

statements describing a sense of partial human-likeness, while also clearly recognizing machine-like 

limitations. Social presence was likely moderated by athletes’ prior experience with LLMs. As LLM-

based systems such as ChatGPT have rapidly become a part of our daily lives, participants entered the 

study with elevated expectations and were already familiar with conversational AI conventions. Conse-

quently, the “novelty bonus” was diminished. As one athlete noted, she did not perceive the AI trainer 

as particularly intelligent because “he didn’t even remember what we talked about a few days ago” 

(KP08F2).  

Technically, the text-based format also restricted key components of social presence. Without nonverbal 

cues such as tone of voice, facial expressions, or gestures, the AI trainer relied exclusively on linguistic 

strategies (DP5 - DP7) to convey humanness and warmth. While human identity cues (e.g., name, per-

sonal address) and polite, friendly language contributed to positive impressions, they were insufficient 

to elicit stronger forms of social presence. Athletes consistently framed the interaction as helpful but not 

deeply immersive or emotionally rich.  
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To complement the construct-based interpretations of the evaluation results, the design principles (DP1 

- DP7) are systematically assessed to determine the extent to which they were perceived in the 

implemented AI trainer, as described in Table 6. This reflexive analysis links the empirical findings 

directly to the intended design logic of the artifact and highlights where the prototype successfully fulfilled 

the design principles, where only partial implementation occurred, and where technical or conceptual 

constraints hindered full realization.  

Design Principles Fulfillment Explanation Based on Evaluation 

DP1: Autonomy-supportive 

through meaningful choice 

Partially fulfilled Athletes reported some choice options, but the system often 

repeated similar exercise suggestions and did not adapt 

choices across sessions. Missing long-term memory and 

demonstrating limited exercise variation reduced perceived 

autonomy and prevented more personalized decision path-

ways. 

DP2: Competence-enhancing 

and non-controlling feedback 

Partially fulfilled Feedback was perceived as friendly and non-controlling but 

lacked depth and individualized progression. Limited sport-

specific expertise and generic explanations restricted  

competence enhancement. 

DP3: Cooperative, trust- 

building interaction patterns 

Partially fulfilled Athletes described the AI trainer as respectful, safe, and  

cooperative. However, trust and shared-goal alignment  

remained low due to limited expertise and repetitive 

suggestions. Lack of proactive engagement weakened  

commitment and long-term relational development. 

DP4: Acknowledging and  

validating athletes’ feelings 

Partially fulfilled The trainer demonstrated a polite and supportive tone, but 

emotional attunement was inconsistent. The system rarely 

asked about athletes’ feelings or contextual states, leading to 

insufficient emotional validation. 

DP5: Human identity cues  

for perceived humanness 

Fully fulfilled The use of a personal name (“Coach Alex”), conversational 

framing, and human-like language established a basic sense 

of humanness. Participants recognized the trainer as a social 

agent.  

DP6: Verbal, informal, and 

emotional cues for warmth 

Mostly fulfilled Athletes consistently described the interaction as friendly, 

polite, and emotionally safe. However, the purely text-based 

format limited the richness of affective expression. 

DP7: Adaptive dialogue  

ability and social intelligence 

Not fulfilled  The AI trainer lacked long-term context understanding,  

repeated responses across sessions, misunderstood  

queries, and did not exhibit sustained empathy. Limited 

memory, a restricted knowledge base, repetitive patterns, 

and no personalized adaptation prevented meaningful social  

intelligence. 

Table 6: Design Principles - Assessment 

8.2 Hypotheses Testing  

In addition to the construct-based interpretation of results presented in the previous section, this study 

also evaluated the three theory-driven hypotheses defined in Chapter 5.4 Hypotheses. Within the DSR 

paradigm, hypothesis testing serves as a mechanism to assess whether the designed artifact produces 

the theoretically expected effects in its intended context of use (Walls et al. 1992).  
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While DSR does not primarily aim at statistical generalization, it emphasizes the empirical grounding of 

design theory by examining whether kernel-theoretical assumptions manifest in observable system be-

havior (Hevner et al. 2004). To enable a consistent and comparable assessment of change patterns, 

hypothesis testing was based exclusively on the subset of 8 participants who completed all three surveys 

(pre-, mid-, and end-survey). This ensured that longitudinal developments could be evaluated within 

individuals rather than across incomplete samples. As in previous analyses, participants are referred to 

by their survey-IDs.  

H1 proposed that higher levels of perceived autonomy-supportive coaching by the AI trainer would 

positively influence athletes’ motivational orientation. The individual change trajectories displayed in 

Figure 15 show that autonomy-supportive coaching values remained in the moderate range across mid 

and end measurements, with several athletes demonstrating slight declines rather than improvements. 

At the same time, intrinsic motivation remained consistently high and stable among all participants, with 

no substantial fluctuations between the two survey points. A comparison of autonomy-supportive 

coaching behaviors and intrinsic motivation patterns reveals no clear or systematic relationship between 

the development of perceived autonomy support and changes in intrinsic motivation. For example, 

athletes such as CS06F2, JH26F2 or RR08F2 showed increases in intrinsic motivation despite declining 

or stable autonomy supportive coaching perceptions, whereas others (SG03F2) exhibited simultaneous 

declines in both constructs. Overall, the data do not support H1, as no measurable positive effect of 

autonomy-supportive coaching on intrinsic motivation was observed in this short-term intervention.  

A central reason for the absence of this effect lies in the athletes’ pre-existing motivational profile. All 

participants entered the study with already high levels of intrinsic and integrated regulation, leaving little 

room for additional motivational enhancement. This ceiling effect aligns with SDT, which emphasizes 

that improvements in autonomous motivation typically emerge when individuals experience a meaning-

ful increase in autonomy, competence, and relatedness, conditions that are more influential among less 

self-determined athletes. Furthermore, although the AI trainer was experienced as moderately auton-

omy-supportive, the level of autonomy support was insufficient to trigger additional motivational gains. 

As identified in the results, athletes perceived the AI trainer’s support as friendly but limited in variation, 

contextual sensitivity, and depth.  

Figure 15: Hypothesis 1 - Evaluation 
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These characteristics may have contributed to a relatively stable but not motivationally transformative 

experience. According to SDT, sustained and authentic autonomy-supportive interactions, typically un-

folding over longer periods, are required to meaningfully strengthen intrinsic motivation. A ten-day inter-

action window with a moderately autonomy-supportive AI agent was therefore unlikely to yield substan-

tial motivational changes. In sum, the data do not confirm H1. While the AI trainer succeeded in main-

taining a generally positive motivational climate, the combination of already highly self-determined ath-

letes and moderate, but not deeply personalized autonomy support did not lead to measurable increases 

in intrinsic motivation.  

H2 proposed that higher levels of perceived social presence would positively influence the quality of the 

coach-athlete relationship. On average, social presence increased slightly (M = 3.96 → 4.17), while the 

coach-athlete relationship remained essentially stable (M = 4.03 → 4.00). Both constructs can be 

categorized into a moderate perception level. The individual trajectories illustrated in Figure 16 reveal 

substantial variability across athletes. Three participants showed parallel increases in both social 

presence and relationship quality (namely CS06F2, JH26F2, RR08F2), suggesting a potential positive 

association. One athlete (MR11F2) experienced an increase in social presence while the relationship 

with the AI trainer remained constant. Two athletes (JK17F2, SG03F2) showed slight declines in both 

variables, and two displayed opposite development patterns (AR68F2, KP08F2). This indicated that the 

relationship between social presence and coach-athlete relationship is not uniform across individuals 

and does not manifest in a consistent linear trend.  

Despite this variability, the data show a weak tendency in line with H2: athletes who reported higher or 

increasing social presence also displayed slightly higher relationship scores. Conversely, those with 

decreasing social presence exhibited small reductions in relationship quality. These patterns suggest 

that social presence may serve as a facilitating factor for relational perceptions, but it does not appear 

to be sufficient on its own to meaningfully enhance relationship quality. The qualitative findings support 

this interpretation. Although athletes described the AI trainer as polite, friendly, and socially engaging, 

they also emphasized that deeper relational qualities, such as trust, emotional closeness, and shared 

goals, are strongly association with human coaching expertise and emotional authenticity.  

Figure 16: Hypothesis 2 - Evaluation 
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From a design perspective, these findings indicate partial support for H2. Social presence is a relevant 

contributor to relational perceptions, but its impact is constrained when other relational foundations re-

main limited. Enhancements to social cues and adaptive communication strategies may strengthen so-

cial presence and thereby provide a stronger relational basis.  

H3 proposed that higher levels of perceived social presence would positively affect athletes’ motivational 

orientation, with a particular focus on intrinsic motivation. The descriptive data show a slight increase in 

the mean values of both constructs, although at different baseline levels. Social presence remained 

within a moderate range, while intrinsic motivation reflected an already highly self-determined 

motivation. The individual change trajectories displayed in Figure 17 indicate a nuanced but directionally 

consistent pattern. Three athletes (namely CS06F2, JH26F2, RR08F2) showed parallel increases in 

both social presence and intrinsic motivation. Two additional athletes reported a small increase in social 

presence while their intrinsic motivation remained stably high (KP08F2, MR11F2). Another two 

participants showed slight decreases in social presence but stable motivation levels (AR68F2, JK17F2), 

and only one athlete exhibited a simultaneous decline in both constructs (SG03F2). Importantly, none 

of the athletes showed a contradictory pattern in which increasing social presence was associated with 

a decrease in intrinsic motivation.  

This finding is further supported by the qualitative data. Several athletes reported that the AI trainer 

prompted them to think more about training or occasionally perform suggested exercise, even if the 

system did not fundamentally alter their motivational levels. One athlete stated: “I didn’t exercise more 

because of Alex, but I did think more about training” (CS06F2). Another participant explained that she 

performed some of the exercises recommended by the AI trainer, although her engagement was driven 

partly by curiosity about how the system would respond (AR68F2). These statements indicate that social 

presence may act as a supportive motivational cue, but not as a primary driver of behavioral change. 

Motivation in sport is influenced by numerous contextual factors, including training schedules, team 

dynamics, and personal well-being, which likely overshadow the impact of short-term-digital interactions. 

The ten-day duration of the study, combined with moderate levels of social presence and the absence 

of deeper emotional bonding, may also have been insufficient to generate substantial motivational gains.  

Figure 17: Hypothesis 3 - Evaluation 
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Overall, the findings partially support H3. While social presence appears to be a relevant and direction-

ally positive factor for motivational processes, its effect remains modest in this context. Higher levels of 

social presence did not lead to decreases in intrinsic motivation and were often associated with stable 

or slightly increasing motivation. However, without more sustained interaction, stronger relational cues, 

and deeper emotional engagement, social presence alone is insufficient to meaningfully elevate already 

high levels of intrinsic motivation.  

The overarching research question guiding this study was to examine the extent to which conversational, 

human-like AI trainers influence the motivation of athletes in training settings. Based on the combined 

quantitative and qualitative findings, the influence of the AI trainer on athletes’ motivation can be char-

acterized as stabilizing rather than enhancing. Across all participants, intrinsic and integrated motivation 

remained consistently high throughout the ten-day evaluation period. No substantial increases in moti-

vational orientation were observed, and the hypothesis-driven analyses confirmed that neither auton-

omy-supportive coaching nor perceived social presence exerted a strong or systematic effect on intrinsic 

motivation.  

The qualitative findings suggest several reasons for this outcome. First, athletes entered the study with 

an already pronounced self-determined motivational profile, leaving limited potential for further enhance-

ment. In this context, the AI trainer served primarily as a supportive companion rather than a transform-

ative motivational agent. Second, while the system displayed human-like characteristics such as friend-

liness, politeness, and conversational warmth, its limited adaptivity, lack of long-term memory, and re-

petitive response patterns constrained its ability to deliver the type of deep, personalized, and evolving 

interaction known to foster motivational gains over time. Third, participants emphasized that their moti-

vation in sport is shaped by long-term personal goals, team commitments, and embodied training expe-

riences, dimensions that cannot be fully replicated by a short-term, text-based conversational agent. 

Taken together, conversational, human-like AI trainers can support and maintain athletes’ motivation 

but exert only limited influence on increasing motivation. With more advanced adaptivity, richer sport-

specific knowledge, proactive engagement, and longer-term use, future versions of such AI trainers may 

hold greater potential to actively enhance motivational processes in athletic settings.  

8.3 Implications for Theory and Practice 

This study provides several implications for theory and practice by advancing scientific knowledge on 

human-AI interaction in sports contexts and by offering concrete guidance for the design of future AI-

based training systems. From a theoretical perspective, the research contributes to current discussions 

in IS research, particularly those examining how AI-based systems can be designed to support complex 

social and motivational processes (Schöbel et al. 2024; Strunk et al. 2024). Positioned at the intersection 

of sport science and HCI, the study extends existing knowledge on conversational AI by demonstrating 

how autonomy-supportive communication and social cues can be meaningfully integrated into a text-

based coaching system. In doing so, it responds to recent calls for research that emphasizes the need 

to better understand the integration of anthropomorphism in HCI (Konya-Baumbach et al. 2023; Li and 

Suh 2022). Moreover, the findings address an existing research gap in IS literature by illustrating how 

human-like interaction features can be operationalized in sports-specific scenarios, a context that has 

been largely unexplored so far. The study thus contributes to the scientific knowledge base by offering 

theory-inspired, empirically informed design knowledge for a new class of AI-based coaching systems.  
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This study offers several theoretical implications by examining how established motivational and rela-

tional theories translate into the design and functioning of conversational AI trainers in sport. First, the 

findings contribute to SDT by demonstrating that autonomy-supportive communication can be simulated 

by an AI system and is perceived by athletes to some extent. Participants acknowledged elements such 

as empathetic responses, acknowledgement of feelings, and the provision of choices, features that align 

with human autonomy-supportive coaching behaviors described in SDT-based sport research (Amorose 

and Anderson-Butcher 2007; Hollembeak and Amorose 2005). However, the effects predicted by SDT, 

namely increased psychological need satisfaction and more self-determined motivational orientations 

(Deci and Ryan 2000), were only marginal or absent. Despite slight positive trends, neither autonomy, 

competence, relatedness need satisfaction nor intrinsic motivation showed substantial improvement. 

This divergence suggest that while an AI system can reproduce surface-level autonomy-supportive 

cues, the full SDT mechanisms observed with human coaches may require deeper personalization, 

sport-specific expertise, and consistency. Thus, the results nuance existing assumptions in SDT by 

showing that autonomy-supportive communication alone does not automatically elicit the motivational 

effects described in traditional sport coaching contexts.   

Second, the study advances SPT by demonstrating that anthropomorphic features in sports AI-systems, 

such as an informal and natural language conversation style, can evoke moderate feelings of social 

presence and interpersonal closeness. This confirms theoretical expectations that human-like cues fos-

ter warmth and relational engagement (Araujo 2018; Feine et al. 2019; Nass and Moon 2000). Several 

athletes described the interaction as “human-like” or “as if talking to a person”, supporting the idea that 

social presence can arise even in text-based sport coaching. However, social presence did not uniformly 

increase across all participants, and its effects did not translate into substantial motivational changes. 

In addition, the absence of contextual continuity, limited memory, and repeated dialogue patterns dis-

rupted the relational flow. This highlights that social presence is not merely a function of anthropo-

morphic cues but depends on the AI’s ability to sustain coherent, context-sensitive interactions.  

Third, the results contribute to the theoretical understanding of the coach-athlete relationship by exam-

ining whether the 3Cs model (Jowett and Ntoumanis 2004) can emerge in interactions with an AI coach. 

The findings suggest partial support for this assumption. Elements of closeness appeared through warm, 

respectful, and validating communication. Complementarity emerged when exercises or recommenda-

tions aligned with athletes’ preferences or needs. Commitment, a dimension typically built through long-

term memory and shared history, remained weak due to technical limitations such as missing long-term 

memory and repetitive interaction loops. These results indicate that AI systems may be capable of initi-

ating relational dynamics but struggle to maintain them in ways comparable to human coaches. This 

challenges conventional assumptions in sports psychology that relationship quality fundamentally re-

quires physical presence and offers a new perspective on how relational processes might unfold in 

human-AI coaching dyads.  

Finally, the study contributes to the emerging field of sports informatics by empirically illustrating that 

athletes value motivational and social qualities in digital systems, not just performance analytics. Prior 

research has criticized existing technologies for being only data-driven and lacking social presence or 

interpersonal support (Rapp and Tirabeni 2018; Strunk et al. 2024). The findings align with this critique: 

participants appreciated empathetic communication and conversational warmth but consistently noted 

limitations in sport-specific expertise and adaptivity. As such, the study expands the theoretical dis-

course by highlighting that effective AI coaching requires an integrated approach that combined motiva-

tional communication with advanced domain knowledge and adaptive, memory-driven dialogue capa-

bilities.  
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From a practical perspective, the results provide valuable insights for the development and deployment 

of AI trainers in real-world sports settings. The evaluation demonstrates that state-of-the-art conversa-

tional AI technology is capable of supporting athletes through motivating, personalized, and socially 

engaging interactions. The prototypical implementation illustrates how autonomy-supportive coaching 

behaviors and human-like cues can be translated into a functional system. These insights are relevant 

for practitioners, developers, and sports organizations seeking to implement AI trainers, as the evalua-

tion offers concrete evidence regarding which design features are perceived as supportive and which 

areas require further advancement.  

In line with the goals of DSR, the artifact itself forms an additional practical contribution. It provides a 

working example of how design principles can be realized in practice and yields actionable insights for 

developers of comparable applications (Peffers et al. 2007). Practitioners benefit from the evaluated 

prescriptive knowledge embedded in the design principles, which can help to guide the development of 

more adaptive, socially intelligent, and motivationally effective AI systems. Furthermore, the findings 

show that athletes are generally open to using AI tools as part of their training routines, highlighting the 

potential of such systems to complement human coaches. Rather than replacing human expertise, AI 

trainers can serve as a scalable form of additional support that reinforces daily training habits and pro-

vides motivational input between regular coaching sessions.  

8.4 Limitations 

Despite its contributions, this study has some limitations that should be acknowledged. These limitations 

inform the interpretation of the findings and highlight important avenues for future research. The empir-

ical evaluation was conducted with a relatively small and homogeneous sample. All participants were 

adult handball athletes competing at an amateur performance level, with the majority being female. This 

narrow participant group creates a specific interaction environment that does not reflect the diversity of 

the broader sports population. Athletes from other disciplines, particularly non-team sports, or individu-

als without structured sports backgrounds may experience AI-based coaching differently. The limited 

sample size also restricted the capacity to detect meaningful variations in motivational responses or 

interaction patterns, making it difficult to generalize the findings beyond the immediate study context.  

Furthermore, the study did not employ a control group, such as athletes interacting with a human coach 

or with a less anthropomorphic version of the conversational system. As a result, it remains unclear 

whether the observed effects can be attributed to the AI trainer itself, to the novelty of the technology, 

or to the specific social cues embedded in the system. Comparative study designs would allow for 

stronger conclusions regarding the added value of human-like design elements and autonomy-support-

ive communication relative to existing coaching practices.  

Another limitation concerns the short duration of the intervention. The evaluation period of ten days 

provides only a snapshot of how athletes respond to an AI-based coaching system in the early stages 

of interaction. Short-term impressions may be strongly influenced by novelty effects, curiosity, or initial 

engagement that may not persist over time. Because coaching relationships and motivational patterns 

develop gradually, longitudinal research is needed to understand whether AI trainers can sustain per-

ceived autonomy support, social presence, and relational closeness over extended periods.  

In addition, the study relied entirely on self-report instruments to assess motivational outcomes, psycho-

logical needs, relationship quality, and social presence. Although standardized questionnaires provide 

validated measurement approaches, they remain susceptible to distortions such as social desirability, 

response biases, fluctuating mood states, or inaccurate self-assessment.  
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Behavioral or physiological indicators, interaction logs, or performance-related measures could comple-

ment self-reported data to offer a more comprehensive assessment of athletes’ experiences. This further 

limits the ability to draw firm conclusions about the hypothesized links between autonomy-supportive AI 

coaching, psychological need satisfaction, and motivational orientation.  

Beyond methodological issues, the artifact itself exhibits several technical limitations that influenced the 

user experience. The AI trainer lacked robust context awareness and long-term memory, which resulted 

in fragmented dialogue continuity. Athletes frequently experienced the system as “starting over” in new 

sessions, which weakened perceptions of relational commitment and personalization. The system also 

had limited adaptive dialogue capabilities, making it difficult to respond meaningfully to complex or nu-

anced input. This restricted its ability to behave like a socially intelligent coach who integrates previous 

interactions into further recommendations. Additionally, the AI trainer displayed only basic sport-scien-

tific knowledge, which reduced athletes’ confidence in its expertise. Participants noted that the exercise 

suggestions lacked depth, variation, and progressive structure. This limitation hindered the full imple-

mentation of several design principles, particularly those requiring meaningful feedback, tailored skill 

development, and collaborative goal-setting. The system was also purely reactive, initiating no proactive 

check-ins or reminders, an important aspect of authentic coaching behavior. These technical constraints 

were partly due to limitations of the underlying platforms (WhatsApp and VectorShift), which do not 

support persistent states, user profiling, or advanced multimodal interaction.  

Finally, the study did not examine potential negative consequences of using AI-based trainers, such as 

overreliance on technology, potential misinterpretation of advice, reduced human contact, or data pri-

vacy concerns. These risks must be considered carefully before AI trainers are implemented at scale in 

sports environments. In summary, the concept of an AI-athlete relationship, inspired by traditional coach-

athlete relationship research, is still theoretically underdeveloped and lacks a validated framework for 

digital contexts.  

8.5 Further Research 

Building on the findings and limitations of this study, several promising avenues for further research 

emerge. As sports informatics is still a comparatively young and rapidly evolving field within IS research, 

ongoing technological advancements continuously introduce new opportunities for applying AI in sports 

contexts. Consequently, future research is encouraged to expand and refine the design knowledge gen-

erated in this study and to explore the broader potential of AI-based coaching systems.  

A first direction concerns the empirical testing and validation of the proposed design principles in more 

diverse settings. Since the evaluation was conducted mainly within a single sport and with a relatively 

homogeneous sample, future studies should examine the applicability of the design principles across 

contrasting sport environments, including individual sports, team sports with different tactical demands, 

and varying performance levels such as youth, amateur and elite athletes. Validating the effectiveness 

of autonomy-supportive and human-like AI coaching in different populations would strengthen the gen-

eralizability of the results and help identify context-specific adaptations of the design principles. Relat-

edly, future research should draw on larger samples and extend the duration of intervention period. 

Longitudinal studies would allow researchers to investigate whether the motivational and relational ef-

fects observed in this study persist over time or transform into more stable patterns of human-AI inter-

action. Such designs could also examine whether AI trainers meaningfully influence athletes’ training 

adherence or performance development, further dependent variables that were not assessed within this 

study.  
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Another research direction involves systematically varying anthropomorphism and social presence. Ex-

perimental research comparing low-, medium-, and high-anthropomorphic AI trainers could provide 

more precise insights into which human-like cues are most effective for which user groups and sport 

contexts. Similarly, contrasting AI coaching with human coaching or hybrid human-AI coaching formats 

would help to determine whether and under which conditions AI trainers supplement, complement, or 

approximate the motivational and social qualities of human coaches. This is particularly relevant for 

addressing the overarching question of whether AI trainers could partially replace certain coaching func-

tions or whether their role remains primarily supportive.  

From a design science perspective, the meta-requirements and design principles identified in this study 

should be further refined through additional DSR iterations. Future cycles of design, demonstration, and 

evaluation could incorporate more extensive feedback from athletes and coaches to sharpen the align-

ment of the design principles with practical coaching processes. Larger-scale DSR studies would allow 

a more systematic investigation of how adaptive dialogue models, richer sport-scientific knowledge ba-

ses, long-term conversational memory, and proactive communication capabilities influence athletes’ 

perceptions and outcomes. Technical advancements such as integrating wearables data, contextual 

sensor inputs, or multimodal communication (e.g. audio, video analysis) could unlock new forms of per-

sonalized coaching and further improve the validity of AI training systems.  

Finally, the design knowledge generate in this study offers opportunities for transfer to adjacent sport-

related application domains. AI systems could support human coaches by analyzing match data, gen-

erating training plans, or evaluating player performance. Similarly, real-time AI coaching applications 

using video-based technique analysis, motion tracking, or automated feedback could extend the concept 

of AI trainers beyond text-based interactions. Exploring these emerging use cases not only broadens 

the relevance of conversational and anthropomorphic AI in sport but also opens new interdisciplinary 

research opportunities at the intersection of IS, sport science, and HCI.  
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9 Conclusion 

This thesis aimed to explore how conversational, human-like AI trainers can be designed to foster ath-

letes’ motivation in training settings. Building on SDT and SPT as kernel theories, the study developed 

theory-informed meta-requirements and a concise set of seven design principles that guided the crea-

tion of autonomy-supportive and human-like AI trainers. Based on these theoretical foundations and 

insights from sports psychology and IS research, this study presented the first steps toward designing 

a conversational AI trainer that interacts in a socially meaningful, supportive, and motivationally informed 

way. The design principles were instantiated in the development of Coach “Alex”, a text-based conver-

sational agent, which operationalizes human-like interaction patterns and autonomy-supportive behav-

iors. The artifact was evaluated in a real-world setting with handball athletes using a mixed-method 

approach, combining quantitative measures of autonomy support, psychological needs, motivation, 

coach-athlete relationship, and social presence with qualitative insights from interviews.  

The evaluation revealed several important insights. The AI trainer was able to convey a moderate sense 

of social presence and to provide interactions that athletes perceived as friendly, respectful, and non-

controlling. While the AI trainer implemented parts of autonomy-supportive coaching, its overall coach-

ing behavior remained limited by technical constraints such as missing long-term memory, restricted 

adaptivity, and shallow sport-specific expertise. Although some athletes experienced moments of social 

connectedness with the AI trainer, the overall quality of the coach-athlete relationship remained modest 

and did not systematically improve over time. Athletes’ motivational orientation, initially already highly 

self-determined, remained largely stable throughout the study. Hypotheses linking social presence to 

relationship quality and motivation received partial support, indicating that human-like cues can contrib-

ute to positive perceptions but are not sufficient to produce strong motivational or relational effects on 

their own yet.  

Despite the valuable insights gained through this study, the findings must be interpreted within the 

boundaries of its methodological scope. The evaluation was limited to a short interaction period, a small 

athlete sample, and an early-stage prototype. These constraints may limit the strength and generaliza-

bility of the observed effects and prevent definitive conclusions about long-term motivational outcomes.  

In summary, the findings suggest that conversational AI trainers can play a supportive, stabilizing role 

in athletes’ motivational experience, but in their current form cannot replicate the depth, adaptivity, or 

long-term influence of human coaches. Nevertheless, this study provides a first step toward establishing 

design guidelines for AI trainers that integrate psychological theory with social interaction design in 

sports contexts. By systematically deriving theory-informed design principles and evaluating an initial 

software artifact, the thesis contributes to the emerging research on AI-based systems in sports infor-

matics.  
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Appendix A: Measurement Items of Constructs 

Construct Items Scale and Source 

Amotivation ▪ Ich hatte früher gute Gründe, Sport zu treiben, aber  

inzwischen frage ich mich, ob ich weitermachen soll. 

▪ Ich weiß nicht mehr weiter, ich habe das Gefühl, dass 

ich in diesem Sport nicht erfolgreich sein kann.  

7-point Likert-Scale: 

Adapted version of the Sport 

Motivation Scale II by Pelle-

tier et al. (2013) 

External Regulation ▪ Menschen, die mir wichtig sind, wären enttäuscht, 

wenn ich keinen Sport machen würde.  

▪ Andere loben oder belohnen mich, wenn ich Sport  

mache.  

Introjected Regulation ▪ Ich würde mich schlecht fühlen, wenn ich mir für Sport 

keine Zeit nehme.  

▪ Ich würde mich wertlos fühlen, wenn ich keinen Sport 

machen würde.  

Identified Regulation ▪ Ich habe festgestellt, dass ich durch Sport Seiten an 

mir entwickeln kann, die mir wichtig sind.  

▪ Ich habe diesen Sport gewählt, um mich persönlich 

weiterzuentwickeln.  

Integrated Regulation ▪ Sport zu treiben gehört einfach zu mir dazu. 

▪ Durch den Sport lebe ich nach meinen wichtigsten 

Überzeugungen.  

Intrinsic Motivation ▪ Es interessiert mich sehr, wie ich mich verbessern 

kann. 

▪ Es macht mir Spaß, neue Wege zu entdecken, wie ich 

meine Leistung verbessern kann.  

Autonomy ▪ Ich kann mitentscheiden, was ich beim Sport mache. 

▪ Ich fühle mich gezwungen, Übungen in meinem Sport 

zu machen, auch wenn ich sie eigentlich nicht machen 

will.  

▪ Ich kann beim Sport die Dinge tun, die ich selbst  

machen möchte.  

7-point Likert-Scale: 

Adapted from Hollembeak 

and Amorose (2005) 

Competence ▪ Ich finde, dass ich in meinem Sport gut bin.  

▪ Ich habe das Gefühl, über viele sportliche Fähigkeiten 

zu verfügen.  

▪ Ich halte mich für qualifiziert für meinen Sport.  

7-point Likert-Scale: 

Adapted from Amorose 

(2003) 

Relatedness ▪ Ich fühle mich von meinem Team unterstützt.  

▪ Ich habe das Gefühl, dass ich mit meinem Team eng 

verbunden bin.  

▪ Ich fühle mich von meinem Team verstanden.  

7-point Likert-Scale: Sport-

oriented version of the  

Feelings of Relatedness 

Scale from Hollembeak & 

Amorose (2005) and Richer 

& Vallerand (1998) 

Autonomy-Supportive 

Coaching Behavior 

▪ Ich habe das Gefühl, dass mir Coach Alex  

Wahlmöglichkeiten und Optionen gibt.  

▪ Ich habe das Gefühl, dass mich Coach Alex versteht.  

▪ Coach Alex hört zu, wie ich die Dinge gerne machen 

möchte.  

7-point Likert-Scale: 

Adapted short version of the 

Sport Climate Questionnaire 

from Amorose & Anderson-

Butcher (2007) 
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Construct Items Scale and Source 

Commitment ▪ Ich fühle mich von Coach Alex unterstützt. 

▪ Ich fühle mich mit Coach Alex verbunden.  

▪ Ich habe das Gefühl, dass meine sportliche  

Entwicklung mit Coach Alex vielversprechend ist.  
7-point Likert-Scale: 

Adapted version of the 

Coach-Athlete Relationship 

Questionnaire (CART-Q) 

from Jowett and Ntoumanis 

(2004) 

Closeness ▪ Ich mag Coach Alex.  

▪ Ich vertraue Coach Alex.  

▪ Ich respektiere Coach Alex.  

Complementarity ▪ Wenn ich mit Coach Alex arbeite, fühle ich mich wohl.  

▪ Wenn ich von Coach Alex angeleitet werde, gehe ich 

auf seine Bemühungen ein.  

▪ Wenn ich von Coach Alex betreut werde, bin ich bereit, 

mein Bestes zu geben.  

Social Presence ▪ Bei den Interaktionen mit Coach Alex habe ich das  

Gefühl mit einem Menschen zu interagieren.  

▪ Die Kommunikation mit Coach Alex empfinde ich als 

persönlich.  

▪ Die Interaktion mit Coach Alex fühlt sich sozial an.  

7-point Likert-Scale: 

Adapted from Gefen and 

Straub (2003) 

Table 7: Operationalization of Constructs 
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Appendix B: Declaration on the Use of GenAI Tools 

In the preparation of this paper, I have used following tools based on generative artificial intelligence 

(GenAI): 

1. ChatGPT 

2. DeepL Write 

3. DeepL Translate 

 

I further declare that 

- I have labeled the content taken from the GenAI tools listed above with my details in the table be-

low, 

- I have verified that the content generated by the above-mentioned GenAI tools and adapted by me 

is factually correct, 

- I am aware that, as the author of this work, I am responsible for the information and the state-

ments made in it, and 

- I am aware that violating the disclosure of the use of generative AI in my work is a deception and 

leads to an evaluation with an insufficient grade. 

 

I have used the above-mentioned AI systems as indicated below. 

Areas of contribution 

AI tool(s) 

used 

Description of the manner of use 

and compliance with good sci-

entific practice (if applicable, 

please indicate the section of 

the thesis) 

Development and conception of the research 

project 

None  

Identification of literature None  

Synthesizing of literature 1 Concise summary of the selected 

articles to get a first overview (key 

findings & results) 

Structuring the text None  

Formulation of text 1, 3 Support with the re-formulation of 

the text (improvements for sen-

tence structure, grammar, aca-

demic style) 

Revision of text 1, 2 Content review, correct citations, 

sentence structure, orthography 

Creation of visualizations None  

Further contributions 1 Coding, Data Analysis 

 


