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Abstract: The growing interest in artificial intelligence tools like ChatGPT has led to numerous studies 

examining its role in enhancing information access, decision-making, and task efficiency across various 

domains. This study investigates the key factors influencing the adoption of ChatGPT as a tool for engaging 

with and learning about sports events, which encompass diverse content, formats, and objectives. Specifically, 

the research explores the effects of perceived ease of use, perceived usefulness, attitude, and subjective norms 

on behavioral intention and word-of-mouth (WOM) as mechanisms for technology dissemination. Adopting a 

quantitative approach, the study employs survey research to test a conceptual framework linking these six 

variables. The findings reveal that perceived ease of use and perceived usefulness positively influence users' 

attitudes toward ChatGPT, which in turn shape their behavioral intention to use the technology for learning 

about sports events. Additionally, subjective norms significantly impact behavioral intention and directly 

contribute to word-of-mouth sharing. Behavioral intention further emerges as a crucial factor, strongly driving 

word-of-mouth recommendations. These results offer valuable insights for future research on ChatGPT, 

specifically within the context of sports events. Practical implications suggest that event organizers and 

technology developers should prioritize improving ChatGPT's usability and perceived benefits to enhance 

adoption and encourage positive dissemination through user recommendations. 
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SPOR ETKİNLİKLERİ İÇİN CHATGPT KULLANIM NİYETLERİNİ 

ETKİLEYEN FAKTÖRLERİN İNCELENMESİ 
Öz: Yapay zeka araçlarına, özellikle ChatGPT’ye yönelik artan ilgi, bilgiye erişimi kolaylaştırma, karar alma 

süreçlerini destekleme ve çeşitli alanlarda görev verimliliğini artırma bağlamında birçok araştırmayı 

beraberinde getirmiştir. Bu çalışma, ChatGPT’nin spor etkinlikleri hakkında bilgi edinme ve etkileşim sağlama 

aracı olarak benimsenmesini etkileyen temel faktörleri incelemektedir. Spor etkinlikleri, farklı içerikler, 

formatlar ve hedefleri kapsadığı için, bu bağlamda ChatGPT’nin benimsenme dinamiklerinin anlaşılması 

önemli bir araştırma alanı olarak öne çıkmaktadır. Araştırma, algılanan kullanım kolaylığı, algılanan fayda, 

tutum, öznel normlar, davranışsal niyet ve ağızdan ağıza iletişim (WOM) gibi değişkenlerin birbirleriyle 

ilişkisini inceleyen kavramsal bir çerçeveye dayanmaktadır. Çalışmada nicel bir yöntem benimsenmiş ve bu 

çerçeve, anket tekniği kullanılarak test edilmiştir. Elde edilen bulgular, algılanan kullanım kolaylığı ve algılanan 

faydanın, kullanıcıların ChatGPT’ye yönelik tutumlarını olumlu yönde etkilediğini ve bu tutumların, teknolojiyi 

spor etkinlikleri hakkında bilgi edinme amacıyla kullanma niyetlerini şekillendirdiğini ortaya koymaktadır. 

Ayrıca, öznel normların davranışsal niyet üzerinde anlamlı bir etkisi olduğu ve doğrudan ağızdan ağıza iletişim 

yoluyla yayılımı desteklediği görülmüştür. Bunun yanı sıra, davranışsal niyet, ağızdan ağıza önerileri güçlü bir 

şekilde yönlendiren kritik bir faktör olarak öne çıkmıştır. Bu bulgular, spor etkinlikleri bağlamında 

ChatGPT’nin benimsenmesine ilişkin gelecekteki çalışmalara değerli içgörüler sunmaktadır. Uygulamalı 

açıdan, etkinlik organizatörleri ve teknoloji geliştiricileri, ChatGPT’nin kullanım kolaylığını ve algılanan 

faydasını artırarak, kullanıcıların bu teknolojiyi benimsemelerini ve olumlu öneriler yoluyla 

yaygınlaştırmalarını teşvik etmelidir. 

Anahtar Kelimeler: Spor etkinlikleri, teknoloji kabul modeli, planlı davranış teorisi, ağızdan ağıza iletişim, 

ChatGPT. 

 

 
* This study was presented as an oral presentation at the International Conference on Sport Management and Marketing (ICOSMM-24), 

held on 21st–22nd November 2024 in Helsinki, Finland. 
† Corressponding Author: Halime Dinç, PhD. E-mail: halimedinc@yandex.com 
 

https://orcid.org/0000-0002-9570-0469
https://orcid.org/0000-0002-2391-5508


Spormetre The Journal of Physical Education and Sport Sciences, 23(2), 2025, 77-97 

78 
 

INTRODUCTION  

The rise of ChatGPT represents one of the most significant milestones in artificial intelligence, 

capturing the attention of millions worldwide with its unmatched ability to process and generate 

human-like language. Beyond its widespread applications in education and tourism, ChatGPT 

is now being explored for its potential to transform user experiences in sports event engagement, 

offering new ways to access information and make decisions (Forbes, 2023; Strzelecki, 2023). 

This rapid adoption has highlighted ChatGPT's potential to transform various industries, 

including education, tourism, and events (Dinç et al., 2024; Strzelecki, 2023). ChatGPT’s 

ability to generate functional, fluent, and high-quality responses to human inquiries (Zhou et 

al., 2024) has positioned it as a valuable tool for event participants and organizers, particularly 

in areas such as decision-making, content personalization, and information retrieval (Zhong et 

al., 2023). In the sports industry, AI tools like ChatGPT are increasingly recognized for their 

potential to enhance user experiences and facilitate event engagement (N3XT Sports, 2023). 

Despite its growing adoption in fields like education and tourism (Saif et al., 2023; Carvalho 

and Ivanov, 2024), limited research has focused on ChatGPT’s application in sports event 

contexts, particularly in aiding users to navigate and participate in such events effectively. 

The reception and assimilation of technology are intrinsically linked to the cultural framework 

of the consuming group, substantially influencing their comprehension, assimilation and 

ultimate success in adopting these innovations (Jolly, 2024). The adoption of ChatGPT and 

similar AI technologies is often explained through theoretical frameworks such as the 

Technology Acceptance Model (TAM) (Davis, 1989) and the Theory of Planned Behavior 

(TPB) (Ajzen, 2002). These models have been widely used to analyze factors influencing the 

intention to adopt technological innovations, such as perceived ease of use, perceived 

usefulness, attitudes, and subjective norms (Ahadzadeh et al., 2024; Mohr and Kühl, 2021).  

Similarly, knowledge-sharing behaviors and social influences have emerged as critical 

mediators in AI adoption (Lu et al., 2009). However, limited studies have examined the 

combined integration of TAM, TPB (Koul and Eydgahi, 2017), and word-of-mouth (WOM) as 

a framework for understanding ChatGPT adoption, particularly within the sports industry. In 

response to the identified research gap, this study aims to examine the acceptance of Chat GPT 

in sports event planning through the integration of TAM, TPB, and WOM frameworks. The 

research seeks to understand the factors influencing user intentions to utilize ChatGPT for 

discovering and engaging with sports events. By investigating dimensions such as the perceived 

usefulness and ease of use of ChatGPT in accessing sports event-related information, as well 

as social and motivational influences on adoption, the study aims to shed light on the underlying 

mechanisms driving ChatGPT usage intentions. Furthermore, the research explores how these 

intentions contribute to WOM as a key factor in the dissemination of this technology within the 

sports event context. 

University students represent a crucial demographic for exploring ChatGPT usage, as they 

frequently integrate technology into both their academic and recreational lives. Recent studies 

highlight that research on university students’ attitudes toward ChatGPT is still in its early 

stages, particularly concerning its use for recreational and sports activities (Zhang et al., 2024). 

Addressing this gap, the current study investigates the factors influencing ChatGPT adoption 

for learning about and engaging with sports events. By employing an integrated model that 

combines TAM, TPB, and WOM, this research seeks to uncover the dimensions shaping user 

intentions and their subsequent impact on WOM as a mechanism for technology dissemination. 

https://www.emerald.com/insight/content/doi/10.1108/gkmc-01-2024-0017/full/html#ref016
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The findings of this study have significant theoretical and practical implications. Theoretically, 

it expands existing literature by integrating TAM, TPB, and WOM into a unified framework, 

applying it to the underexplored context of sports events. This comprehensive approach bridges 

existing gaps and offers a pioneering model for understanding ChatGPT adoption in this domain. 

Practically, the results will assist event organizers and technology developers in designing 

strategies to enhance ChatGPT’s usability, user satisfaction, and dissemination through WOM 

(Lucey, 2023). These findings provide actionable insights for leveraging AI tools in sports event 

ecosystems and lay a foundation for future research into AI-driven engagement strategies. 

LITERATURE REVIEW 
 

ChatGPT and Sport Events 

ChatGPT, a conversational user interface powered by advanced large language models (LLMs) 

such as Generative Pre-trained Transformer (GPT), represents a groundbreaking evolution in 

artificial intelligence (AI). Developed initially with GPT-3 and now leveraging more advanced 

iterations like GPT-4, ChatGPT is pre-trained on extensive datasets and fine-tuned using 

supervised and reinforcement learning methods (Skjuve et al., 2023). With the transition to 

GPT-4, ChatGPT demonstrates significant advancements in understanding, fluency, and 

contextual relevance, further establishing its role as a state-of-the-art conversational AI system 

(Bubeck et al., 2023). These enhancements allow the tool to perform diverse tasks, including 

answering questions, generating and improving text, and even producing code (Adiwardana et 

al., 2020; Roller et al., 2020). Its ability to deliver specific, contextually relevant responses 

across a wide array of topics distinguishes ChatGPT from earlier conversational interfaces 

(Skjuve et al., 2023). 

The application of ChatGPT transcends basic conversational AI, offering profound implications 

for various domains. In the realm of online information retrieval, tools like ChatGPT have 

introduced a paradigm shift from keyword-based searches to dialogue-driven, conversational 

approaches. This evolution enables users to engage in natural language interactions, bypassing 

rigid syntax requirements typical of traditional search engines (Tibau et al., 2024). However, 

this flexibility introduces challenges in structuring effective prompts and validating AI-

generated responses, requiring users to adapt to new strategies for obtaining reliable 

information (Kasneci et al., 2023; Tibau et al., 2024). Despite these challenges, conversational 

AI's iterative nature facilitates personalized and intuitive information-seeking experiences 

(Brown, 2020; Silver et al., 2016). 

In the context of sports, ChatGPT serves as a versatile tool for accessing information and 

planning events, offering users the ability to efficiently explore both local and international 

activities with detailed insights into event schedules, trends, and participation requirements. For 

local events, ChatGPT provides quick access to essential details such as dates, times, and 

locations, enabling users to discover community activities like running events, cycling tours, or 

football tournaments, which foster social connections and highlight its value as a community 

resource (Ferine et al., 2024). On a global scale, ChatGPT could enhance accessibility to major 

events such as the Olympic Games, FIFA World Cup, and Wimbledon by delivering 

comprehensive information on schedules, participant details, and live broadcast options, 

empowering users to stay informed and engage actively. 
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Generative AI tools like ChatGPT are also reshaping how sports enthusiasts interact with 

information. The integration of conversational AI into daily routines allows users to move 

beyond static, pre-defined queries, facilitating a more dynamic exploration of sports activities. 

This approach not only democratizes access to sports-related information but also promotes 

user-generated content (UGC), enriching the knowledge base used to train LLMs for future 

improvements (Bubeck et al., 2023; Salah et al., 2024). 

While ChatGPT’s influence is evident across various sectors, including education, healthcare, 

and entertainment (Cascella et al., 2023; Dowling and Lucey, 2023; Zhang et al., 2023), its role 

in the sports domain exemplifies how conversational AI can transform traditional interactions. 

By simplifying access to sports event information and enabling personalized planning, 

ChatGPT could help individuals save time and access sports events more easily and effectively. 

Integration of Technology Acceptance Model (TAM) and Theory of Planned Behavior 

(TPB) for ChatGPT Adoption 

The Technology Acceptance Model (TAM) and the Theory of Planned Behavior (TPB) are 

widely recognized frameworks employed to examine technology adoption behaviors, 

particularly within emerging contexts such as the utilization of ChatGPT. TAM, initially 

developed by Davis (1985, 1989), emphasizes two primary constructs: perceived usefulness 

(PU) and perceived ease of use (PEU). PU denotes the extent to which an individual believes 

that using a system will enhance their performance, whereas PEU reflects the degree to which 

the system is perceived as straightforward and user-friendly (Davis & Venkatesh, 1996). These 

constructs directly influence attitude (AT), which subsequently shapes behavioral intention (BI) 

to adopt and utilize the technology (Davis, 1989). TAM posits that technologies perceived as 

both useful and easy to use are more likely to be adopted (Del Giudice et al., 2023; Sabah, 

2016). 

The Theory of Planned Behavior (TPB), introduced by Ajzen (1985, 1991), extends the Theory 

of Reasoned Action (TRA) by encompassing behaviors that are not entirely under an 

individual's volitional control. According to TPB, an individual's behavioral intention (BI) is 

influenced by three factors: attitude (AT) toward the behavior, subjective norms (SN), and 

perceived behavioral control (PBC). Attitude pertains to the individual's evaluation of the 

behavior (e.g., the perceived benefits of using ChatGPT for sports event planning), while 

subjective norms denote the influence of significant referents, such as peers or family, on their 

intention to adopt the technology (Ajzen, 1991). Perceived behavioral control encapsulates 

users’ confidence in their ability to effectively use the technology, contingent on available 

resources and opportunities (Ajzen, 1991; Ajzen & Fishbein, 1980). 

Previous research underscores the significance of integrating TAM and TPB to establish a more 

comprehensive framework for analyzing technology adoption (Argan et al., 2024; Bano & 

Siddiqui, 2024). This integration provides a robust theoretical foundation for the current study. 

The combined model synthesizes TAM’s emphasis on cognitive constructs (PU and PEU) with 

TPB’s focus on social and motivational determinants (SN and PBC). This framework posits 

that perceived ease of use and perceived usefulness influence users' attitudes toward the 

technology, while subjective norms and perceived behavioral control further impact their 

behavioral intentions to adopt it (Lu et al., 2009; Mathieson, 1991). 

Existing literature highlights the application of TAM and TPB across diverse contexts, 

illustrating their utility in understanding technology adoption behaviors. For example, Koul and 

Eydgahi (2018) examined the adoption of autonomous vehicle technology, reporting that 
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perceived usefulness and perceived ease of use positively influenced the intention to use such 

vehicles. This finding highlight TAM’s utility in understanding individual technology adoption 

behaviors. Similarly, Irawan et al. (2021) investigated the acceptance of e-sports platforms, 

identifying that factor such as perceived usefulness, perceived ease of use, and trust 

significantly influenced users' intentions to engage with these platforms. This research 

demonstrates the multidimensional analytical capacity of an integrated TAM-TPB framework. 

Moreover, Hidayat et al. (2021) analyzed the acceptance of e-toll card technology, concluding 

that while perceived usefulness strongly shaped attitudes toward adoption, perceived ease of 

use exerted a less pronounced effect on behavioral intentions. Collectively, these findings 

affirm the value of integrating TAM and TPB to elucidate the multifaceted factors influencing 

technology adoption. 

In the context of sports event planning, TAM and TPB provide a solid theoretical basis for 

examining how individual perceptions, social influences, and control factors shape technology 

adoption. For instance, users who perceive ChatGPT as an accessible and effective tool for 

generating accurate sports schedules and recommendations are more likely to integrate it into 

their sports event planning processes. Additionally, subjective norms -such as endorsements 

from friends or sports communities- can significantly enhance behavioral intentions and 

facilitate word-of-mouth dissemination of the tool. 

By refining TAM and TPB to align with advancements in AI technologies, this integrated model 

presents a robust approach to investigating user adoption of ChatGPT in sports event 

engagement. This model bridges the gap between individual cognitive evaluations and broader 

social influences, offering a comprehensive framework to examine the interplay of cognitive, 

social, and motivational factors in technology adoption, particularly within the rapidly evolving 

domain of AI-driven tools. 

Word of Mouth (WOM)  

Word of Mouth (WOM) is defined as the intercommunication behavior between consumers 

regarding a product, service, or brand (Kozinets et al., 2010). WOM typically relates to 

marketing activities that can enhance public awareness of products and services. It effectively 

drives sales because the information is exchanged between people who trust and know each 

other, leading to a stronger impact on purchasing decisions (Kozinets et al., 2010). WOM is not 

limited to direct interpersonal communication; it also encompasses electronic word of mouth 

(eWOM), such as online reviews, forums, and social media posts on platforms like Instagram 

and Facebook. This form of digital communication has become increasingly significant for 

spreading products and innovations, as eWOM is often perceived as more reliable than 

company-driven marketing materials (Ahmad et al., 2022; Rynarzewska, 2019).  

WOM plays a particularly significant role in the diffusion and adoption of technological 

innovations. It helps reduce perceived risks associated with adopting new technologies by 

providing informal evaluations and experiences from other users (Nguyen and Chaudhuri, 

2019). This is especially true in the context of AI tools and emerging technologies, where 

positive WOM encourages new adopters by alleviating uncertainty and increasing trust in the 

technology (Kim et al., 2018). For instance, AI-based tools benefit greatly from user satisfaction 

and shared experiences, which act as key drivers for global adoption and diffusion. Recent 

studies have demonstrated that user-generated recommendations and feedback accelerate the 

acceptance of technologies by creating a foundation of trust and reducing perceived complexity 

(Jo and Park, 2024).  



Spormetre The Journal of Physical Education and Sport Sciences, 23(2), 2025, 77-97 

82 
 

Furthermore, WOM contributes to both dissemination and trust, which are essential for 

widespread adoption. Unlike traditional advertising, WOM leverages social influence and 

behavioral imitation to encourage technology adoption Ahmad et al., 2022; Kim et al., 2018). 

This process aligns with the notion that adoption is inherently a social mechanism, where trust, 

shared communication, and personal connections play central roles in shaping user behavior. 

By acting as a reflection of user satisfaction and a mechanism for spreading innovations through 

informal recommendations, WOM emerges as a powerful driver in both consumer decisions 

and technology diffusion (Rynarzewska, 2019; Nguyen and Chaudhuri, 2019). 

Theoretical Model and Hypothesis Development 

The Technology Acceptance Model (TAM) suggests that users are more likely to adopt a 

technology if it is perceived as both easy to use and beneficial, supporting the idea that 

perceived ease of use (PEU) positively influences perceived usefulness (PU) (Davis and 

Venkatesh, 1996). In the context of sports events, PU refers to the degree to which users believe 

the technology -such as ChatGPT- enhances their ability to efficiently discover, plan, and 

engage with sports-related activities. PEU, on the other hand, reflects users’ perception of how 

easy it is to utilize ChatGPT for navigating sports events, accessing schedules, or obtaining 

tailored event recommendations. 

The relationship between PEU and PU has been supported by recent studies across various 

domains.  This interpretation is grounded in the Technology Acceptance Model (Davis, 1989), 

which posits that perceived usefulness and perceived ease of use are key determinants of 

technology adoption. For example, Li et al. (2024) demonstrated that perceived ease of use 

significantly and positively impacts perceived usefulness in AI-supported planning tasks. 

Similarly, previous studies (e.g., Argan et al., 2024; Ma et al., 2023) have reinforced this 

connection, emphasizing that user-friendly technologies tend to enhance perceived benefits. 

Based on TAM’s underlying principles and the findings in the existing literature, we propose 

that the ease of using ChatGPT for sports event planning positively influences users' perceptions 

of its usefulness in streamlining their event-related activities. 

H1: Perceived ease of use (PEU) positively influences the perceived usefulness (PU)  

Perceived usefulness (PU) from technology is related to behavioral intention (BI) and is viewed 

as a strong predictor of adoption (Davis et al., 1989). When a prospective user perceives high-

level benefits from a new technology and low-level difficulty in using it, the likelihood of 

forming a strong behavioral intention to adopt is high (Davis and Venkatesh, 1996). The 

perceived usefulness of the relevant technology directly affects the intention to adopt and utilize 

it. Similarly, the perceived ease of using technology to seek information through ChatGPT is 

generally considered an important variable influencing behavioral intention to use it (Silva et 

al., 2024). 

The influence of PU and PEU on behavioral intention toward new technologies has long been 

recognized. For example, additionally, Hu (2022) conducted a study on Taiwanese university 

students in the context of AI-supported smart learning environments and confirmed that both 

perceived ease of use and perceived usefulness directly impacted students' behavioural intention 

to use the smart learning environment. Similarly, recent research conducted by Ma et al. (2024) 

found that PEU has a positive and significant effect on BI. Building upon this foundation, the 

following hypotheses were developed. 

H2. Perceived usefulness (PU) positively influences behavioral Intention (BI) 
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H3. Perceived ease of use (PEU) positively influences behavioral Intention (BI)  

Attitude (AT) is a key determinant of behavioral intention, as outlined in the Theory of Planned 

Behavior (TPB). It refers to an individual’s positive or negative psychological evaluation of a 

specific object or behavior (Ajzen, 1991; Koverola et al., 2022). In the context of technology 

adoption, attitude plays a crucial role in shaping users’ behavioral intentions and decisions to 

adopt new technologies. Research consistently shows that a positive attitude toward technology 

significantly influences behavioral intention. For example, Zhang et al. (2024) found that 

attitudes toward ChatGPT are directly linked to behavioral intentions. Additionally, Choung et 

al. (2023) and Li (2023) highlighted that individuals with high performance expectations tend 

to exhibit stronger behavioral intentions toward AI technologies. Based on this evidence, we 

propose the following hypothesis: 

H4: Attitude (AT) positively influences behavioral intention (BI) 

Subjective norm (SN) is another critical determinant of behavioral intention within TPB. SN 

refers to the perceived social pressure to engage or not engage in a specific behavior, reflecting 

the influence of important individuals or groups in one’s social environment (Ajzen and 

Fishbein, 1980). This construct incorporates elements such as social learning, facilitation, and 

imitation, all of which significantly affect behavioral intentions. Strzelecki (2023) emphasized 

that subjective norms arise from the expectations and opinions of influential individuals, 

strongly affecting decisions to adopt new technologies. Empirical studies further validate this 

relationship. For instance, Jo and Bang (2023) found that social influence positively impacts 

users’ intentions to adopt ChatGPT. Similarly, Budhathoki et al. (2024) demonstrated that 

subjective norms significantly influence adoption intentions across different cultural contexts, 

such as the United Kingdom and Nepal. Building on these insights, we propose: 

H5: Subjective norm (SN) positively influences behavioral intention (BI) 

In addition to its effect on behavioral intention, subjective norm also plays a pivotal role in 

shaping word-of-mouth (WOM). WOM is a critical construct in the dissemination and adoption 

of technologies like ChatGPT and is often driven by user satisfaction and positive experiences 

(Jo and Park, 2024). SN captures the degree of social approval or disapproval regarding a 

behavior, which directly influences users’ willingness to share recommendations. Md Husin et 

al. (2016) and Aziz et al. (2020) confirmed a positive relationship between SN and WOM, 

highlighting that social influence can motivate individuals to recommend technologies to others. 

Based on these findings, the following hypothesis was developed: 

H6: Subjective norm (SN) positively influences word-of-mouth (WOM). 

Finally, behavioral intention (BI) is expected to have a direct effect on word-of-mouth (WOM) 

and play a significant role in its formation Positive behavioral intentions, particularly those 

shaped by satisfactory user experiences, not only foster a willingness to recommend but also 

amplify the frequency and reach of WOM, as individuals actively share their insights and 

endorsements with others (Kim et al., 2018) WOM, in turn, functions as a vital mechanism for 

accelerating the dissemination of information and fostering widespread adoption, particularly 

in the context of AI technologies like ChatGPT (Jo and Park, 2024). Grounded in these 

theoretical and empirical foundations, we propose the following hypothesis: 

H7: Behavioral intention (BI) significantly and positively influences word-of-mouth (WOM). 
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The proposed model, which integrates the Technology Acceptance Model (TAM), the Theory 

of Planned Behavior (TPB), and Word of Mouth (WOM), is presented in Figure 1. 

 

 

 

 

 

 

 

 

 

Figure 1. Proposed research model  

METHODOLOGY  

Sample and Data Collection 

Research indicates that younger generations, particularly university students, are more inclined 

to adopt advanced artificial intelligence technologies like ChatGPT (Chan, 2023; Malynov and 

Prokhorov, 2023; Kobiella et al., 2024). University students, characterized by their 

technological literacy and accessibility, often utilize ChatGPT for various purposes, including 

language learning (Baskara, 2023), event selection (Malynov and Prokhorov, 2023), marketing 

tasks (Saputra et al., 2023), and academic assignments (Umirov, 2024). This makes them an 

ideal demographic for studies exploring ChatGPT usage. 

For this study, data was collected from university students, who represent a significant social 

group actively participating in diverse activities, including sports events. These individuals use 

ChatGPT to make decisions, such as determining which sports events to attend. For example, 

as shown in a ChatGPT interaction (Figure 2), the tool can provide personalized suggestions 

for sports events, showcasing its usefulness in event planning. The research targeted 344 

participants, a sample size deemed sufficient for a heterogeneous population distribution with 

a 95% confidence level (Hair et al., 2013). Data collection occurred between April and June 

2024 through online surveys distributed via convenience sampling. The survey excluded 

incomplete or invalid responses, ensuring the integrity of the dataset. 
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Figure 2. Example of ChatGPT providing sports event suggestions 

Respondents were encouraged to share the online survey (Google docs) within their networks 

using the message, “Please share this survey with your environment for those who use ChatGPT 

for events,” thereby employing a snowball sampling technique to extend the reach of the survey 

and gather diverse responses (Goodman, 1961). This approach allowed the study to leverage 

existing social connections among users to identify additional participants, enhancing the 

sample size and diversity within the target demographic. 

Measurement 

In this study, scales previously validated and tested for reliability in relation to WOM were 

utilized, incorporating the constructs of the TAM and TPB models. These items assessed 

participants’ attitudes, behavioral intentions, subjective norms, and WOM in the context of 

using ChatGPT for sports events. Specific scales employed in the survey were adapted from 

established research. The three-item scale for perceived usefulness was based on the work of 

Lu et al. (2009). Measures for perceived ease of use and subjective norms were derived from 

Beh et al. (2021). The attitude scale, consisting of three items, was adapted from Abbas Naqvi 

et al. (2020), while the constructs for behavioral intention and WOM were modified from 

Zeithaml et al. (1996). To ensure relevance to the research context, additional questions were 

included to capture demographic variables participants’ age, gender, academic department, and 

level of education, as well as their use of ChatGPT for planning sports events. The questionnaire 

incorporated items measured on a 5-point Likert scale (ranging from 1 = strongly agree to 5 = 

strongly disagree). 
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Data Analyses 

In the current study, IBM SPSS software was utilized for preliminary analyses and descriptive 

statistics. Additionally, the structural model was tested using Lisrel 8.80, a software tool 

designed for Confirmatory Factor Analysis (CFA) and Structural Equation Modeling (SEM). 

Prior to conducting the CFA and SEM analyses, normality tests were performed, and common 

method bias (CMB) was assessed, as different scales were collected from the same sample 

within the same time frame. As recommended by Tabachnick and Fidell (2012), the dataset was 

evaluated for normality using statistical measures including skewness, kurtosis, and z-scores 

(<3.0) to detect outliers. Consistent with Cain et al. (2017), all scale items were assessed to 

ensure skewness values were below 3 and kurtosis values fell within the acceptable range of -2 

to +2 before proceeding with the measurement model analysis. The skewness values ranged 

from -1.221 (lowest) to -0.33 (highest), and kurtosis values were between -0.016 (lowest) and 

1.173 (highest), indicating that all items adhered to the normality thresholds. Construct 

reliability and validity were examined using Cronbach’s alpha (α) and corrected item-total 

correlations. The reliability analysis confirmed that all variables demonstrated high internal 

consistency, and no items were excluded, as corrected item-total correlations verified the 

necessity of each item (Zijlmans et al., 2019). To account for potential common method bias 

(CMB), Harman’s single-factor test was performed via exploratory factor analysis, where all 

items were loaded onto a single factor (Harman, 1976). The results indicated that the first factor 

explained 24.63% of the total variance, significantly below the threshold of 50%, thereby 

confirming the absence of substantial common method bias (Podsakoff et al., 2003). These 

findings underscore the reliability and validity of the data and support the robustness of the 

study's measures. 

 

RESULTS 

The characteristics of the study participants are listed in Table 1 below. The majority of 

participants are male (58.4%), In their fourth year of university (29.4%), between the ages of 

21 and 22 (32.0%) and show an undergraduate degree (56.7%).  
 

Table 1. Demographic profile of participants (n= 344) 

 F % 

Age 

18 to 20 90 26.2 

21 to 22 110 32.0 

23 to 24  74 21.5 

25 years and above 70 20.3 

Gender  
Female 143 41.6 

Male  241 58.4 

Academic level 

Vocational school 48 14.0 

High school 59 17.2 

Undergraduate 195 56.7 

Postgraduate 42 12.1 

Degree 

Prep school  33 9.6 

First year  39 11.3 

Second year  56 16.3 

Third year  62 18.0 

Forth year 101 29.4 

Fifth year and > 53 15.4 
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Evaluation of the Measurement Model 

Prior to conducting confirmatory factor analysis (CFA), the means and standard deviations of 

the items across the six scales were analyzed. As shown in Table 2, the thresholds for all scales 

met the required standards. None of the scale items were excluded from the analysis, as all 

factor loadings exceeded the minimum threshold of 0.40. The fit indices [χ²/df=1.62, 

RMSEA=0.043, SRMR=0.043, IFI=0.99, CFI=0.99, GFI=0.93, AGFI=0.90, NFI=0.99, 

NNFI=0.99] indicated a good model fit (Hair et al., 2006), validating the six-dimensional 

structure comprising perceived ease of use, perceived usefulness, attitude, subjective norms, 

behavioral intention, and word-of-mouth (WOM). To assess validity and reliability, Cronbach's 

alpha (α), composite reliability (CR), and average variance extracted (AVE) were calculated. 

Following established thresholds, a value of 0.7 or higher was considered acceptable for both 

Cronbach’s alpha and CR, while an AVE value of 0.5 or higher was deemed satisfactory 

(Harrington, 2009; Brown, 2015). The results demonstrated that the study met all validity and 

reliability criteria, indicating that the measurement scales were both reliable and highly accurate. 

Table 2. Findings of the measurement models 

Constructs Items Mean Sd λ 

Perceived Usefulness (PU) 

PU1 4.06 1.05 0.83 

PU2 3.82 1.14 0.86 

PU3 4.08 1.01 0.91 

Perceived Ease of Use 

(PEU) 

PEU1 3.49 1.15 0.90 

PEU2 3.41 1.19 0.79 

PEU3 3.67 1.05 0.69 

Attitude  

(AT) 

AT1 4.08 1.00 0.86 

AT2 4.03 1.02 0.92 

AT3 3.99 1.03 0.92 

AT4 3.85 1.07 0.81 

Behavioural Intention (BI) 

INT1 4.01 1.02 0.80 

INT2 3.99 1.08 0.89 

INT3 4.01 1.03 0.92 

Subjective Norms  

(SN) 

SN1 4.01 1.04 0.86 

SN2 3.99 .99 0.89 

SN3 3.99 1.02 0.87 

Word of Mouth 

(WOM) 

WOM1 4.03 1.03 0.92 

WOM2 3.92 1.12 0.91 

WOM3 3.99 1.08 0.90 

   Note: λ: factor loading, Sd: standard deviation 

Cronbach's alpha (α) values ranged between 0.85 and 0.94, and composite reliability (CR) 

scores were between 0.84 and 0.94, both exceeding the minimum required threshold of 0.70, as 

established by the validity and reliability assessment of the model (Hair et al., 2013). These 

results indicate that the items included in the study reliably quantify the intended constructs. 

Convergent validity was confirmed, with all item loadings ranging from 0.69 to 0.92, surpassing 

the acceptable threshold of 0.50. According to Hair et al. (2017), the average variance extracted 

(AVE) should exceed 0.50 to meet the validity criteria proposed by Fornell and Larcker (1981). 

Furthermore, the CR values were greater than the corresponding AVE values, as recommended 

by Fornell and Larcker (1981). The findings collectively suggest that the items sufficiently 

converge to measure the research variables effectively. Discriminant validity was also assessed 

by examining correlations between variables. The correlation coefficients were significant at a 

level less than 0.01, indicating no strong correlation or overlap between constructs. The results 

in Table 3 confirm that all values fall within the required threshold levels, illustrating the 

relationships between the constructs within the data collection instrument. For discriminant 

validity to be satisfied, the square roots of AVE must exceed the correlations between the 

related constructs. As shown in Table 3, the bolded diagonal values meet this requirement, as 
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highlighted by Hulland (1999). These findings demonstrate that discriminant validity is not a 

concern in this study. 

Table 3. Findings descriptive statistics, reliability and discriminant validity 

Notes: Correlations of variables (below the diagonal), the square roots of the AVE (diagonal), composite reliability (CR), and 

average variance extracted (AVE). 

* p < 0.05; ** p < 0.0.1 

 

Evaluation of the structural model 
Lisrel software was employed to conduct the measurement model analysis. The results for the 

hypothetical model demonstrated a good level of fit. The goodness-of-fit indices for the proposed model 

were as follows: [χ²/df = 3.16, RMSEA = 0.079, SRMR = 0.073, CFI = 0.97, GFI = 0.88, AGFI = 0.84, 

NFI = 0.97]. These values align well with the recommended thresholds for acceptable model fit, as 

outlined by Hair et al. (2017). The conceptual model is illustrated in Figure 3. 

 

 

 

 

 

 

 

Notes: ns: not significant, * p < 0.05; ** p < 0.0.1 

 

Figure 3. Results of the research model 

The structural model provides an adequate fit to the data, and the hypotheses were evaluated 

based on the standardized coefficients (β) derived from the path analysis (Table 4). The 

findings reveal that perceived ease of use does not have a significant positive impact on 

perceived usefulness (β = 0.09, p > .05) or behavioral intention (β = 0.04, p > .05), resulting in 

Constructs PU PEU AT INT SN WOM 

PU 0.86      

PEU 0.09 0.80     

AT 0.87** 0.05 0.88    

IN 0.83** 0.08 0.79** 0.87   

SN 0.80** 0.03 0.82** 0.76** 0.87  

WOM 0.83** 0.12* 0.80** 0.90** 0.77** 0.91 

Alpha 0.89 0.85 0.93 0.91 0.90 0.94 

CR 0.90 0.84 0.93 0.90 0.91 0.94 

AVE 0.75 0.64 0.77 0.76 0.76 0.83 

Mean 3.97 3.52 3.99 4.00 4.00 3.98 

Standard Deviation 0.93 0.98 0.93 0.96 0.92 1.01 

Perceived Ease 

of Use (PEU) 

Perceived 

Usefulness 

(PU) 

Attitudes  

 (AT) 

Behavioral 

Intention (BI) 

Subjective 

Norms (SN) 

 (AT) 

Word of 

Mouth 

 (WOM) 

TAM 

TPB 

0.09ns 

0.66** 

0.09ns 

0.34** 

0.21* 

0.07* 

0.93** 
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the rejection of H1 and H2. However, perceived usefulness was found to have a positive and 

significant effect on behavioral intention (β = 0.66, p < .01), providing strong support for H3. 

Furthermore, attitude (β = 0.34, p < .05) and subjective norms (β = 0.21, p < .05) were also 

found to positively influence behavioral intention, supporting H4 and H5. Subjective norms 

significantly impact word of mouth (WOM) (β = 0.07, T = 1.98, p < .05), supporting H6. 

Similarly, behavioral intention (BI) has a very strong and significant influence on word of 

mouth (β = 0.93, T = 14.97, p < .01), providing support for H7. 

Table 4. Results of the Structural Model Hypotheses 

Hypothesis β T 

values 

Results 

H1. Perceived Ease of Use (PEU) → Perceived Usefulness (PU) 0.09 1.47 Rejected 

H2. Perceived Ease of Use (PEU) → Behavioural Intention (BI) 0.04 1.16 Rejected 

H3. Perceived Usefulness (PU) → Behavioural Intention (BI) 0.66** 12.27 Supported 

H4. Attitude (AT) → Behavioural Intention (BI) 0.34** 3.56 Supported 

H5. Subjective Norms (SN) → Behavioural Intention (BI) 0.21* 2.19 Supported 

H6. Subjective Norms (SN) → Word of Mouth (WOM) 0.07* 1.98 Supported 

H7. Behavioural Intention (BI)→ Word of Mouth (WOM) 0.93** 14.97 Supported 

* < 0.05; ** < 0.01 

DISCUSSION AND CONCLUSION 

The primary objective of this study was to evaluate the acceptance of ChatGPT technology 

within the event industry, with a particular emphasis on its application in sports event planning 

among Turkish university students—a demographic known for their high propensity to adopt 

new technologies. To the best of the authors’ knowledge, this research represents one of the 

first attempts to explore the acceptance of ChatGPT in sports event planning by leveraging the 

integrated frameworks of TAM, TPB, and WOM. "The study's findings largely support the 

proposed comprehensive model through the application of confirmatory factor analysis (CFA) 

and structural equation modeling (SEM), highlighting the applicability of these theoretical 

approaches while acknowledging that not all hypotheses were confirmed." 

Consistent with prior research on technology adoption and acceptance (e.g., Lu et al., 2009; 

Lucey, 2023), the results highlight the significant role of integrating multiple theoretical models 

to comprehensively understand user adoption behaviors. This study underscores the necessity 

of adopting a multidimensional perspective on technology acceptance, particularly in the 

context of recreational sports events. Such a perspective provides critical insights into how AI-

powered tools like ChatGPT can enhance event planning and engagement, improve user 

satisfaction, and foster widespread dissemination through word-of-mouth communication. 

The findings provide valuable insights into the factors influencing the adoption of ChatGPT for 

sports event planning. Perceived ease of use was not found to have a significant impact on either 

perceived usefulness or behavioral intention. While ease of use is often considered a 

foundational element of technology acceptance (Lu et al., 2009), its role may be less decisive 

in contexts where other factors, such as perceived benefits, dominate user decision-making. 

University students, the primary demographic in this study, are likely familiar with similar tools, 

which might reduce the importance of ease of use. They may already expect modern 

applications like ChatGPT to meet basic usability standards. In sports event planning, users 

might prioritize practical benefits, such as accessing information or making decisions 
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efficiently, suggesting that perceived usefulness may hold greater weight than ease of use in 

this context. 

On the other hand, perceived usefulness emerged as a critical determinant of behavioral 

intention, underscoring that users are more likely to adopt ChatGPT when they perceive it as 

an effective tool for planning and engaging with sports events. Previous research demonstrates 

how perceived usefulness significantly influences behavioral intention, particularly in contexts 

requiring efficiency and functionality, such as planning and engagement activities (Venkatesh 

and Davis, 2000; Gursoy et al., 2023). Attitude toward ChatGPT also emerged as a significant 

factor shaping behavioral intention, consistent with the Theory of Planned Behavior, which 

highlights the importance of attitudes in driving user intentions (Ajzen, 1991). Favorable 

perceptions of ChatGPT's capabilities encourage adoption, emphasizing the need to foster 

positive user experiences and highlight its utility (Ali et al., 2023). Subjective norms, reflecting 

the influence of social expectations, were found to positively affect both behavioral intention 

and word of mouth, aligning with prior research that emphasizes the role of peer influence in 

technology acceptance (Strzelecki, 2023). In the context of ChatGPT, users may perceive a 

sense of validation or pressure to conform to social trends, particularly when the technology is 

seen as innovative or widely endorsed. This combination of individual attitudes and social 

reinforcement suggests a meaningful motivational framework that can support adoption and 

promotion. 

Behavioral intention was the strongest predictor of word-of-mouth communication, suggesting 

that individuals with a strong intention to adopt ChatGPT are likely to share their experiences 

and recommendations, further amplifying its adoption within their social circles (Lucey, 2023; 

Jo and Park, 2024). This aligns with previous studies showing that positive user experiences 

and behavioral intentions drive word-of-mouth dissemination in technology adoption 

(Podsakoff et al., 2003; Henseler et al., 2015). Social expectations and peer approval can create 

a sense of obligation or a desire to conform. If individuals perceive that their peers find 

ChatGPT valuable or are using it, they may feel motivated not only to adopt it themselves but 

also to share it with others to align with group norms (Masur et al., 2023). 

Overall, the findings demonstrate that perceived usefulness, attitude, and subjective norms play 

significant roles in shaping behavioral intention and promoting word-of-mouth communication. 

These insights suggest that enhancing perceived usefulness, leveraging social influence, and 

fostering positive user attitudes are critical strategies. 

Theoretical and practical implications 

This study provides significant theoretical and practical contributions, particularly in 

understanding the adoption of ChatGPT in the context of sports events. On a theoretical level, 

it is one of the first to employ an integrative framework that combines the Technology 

Acceptance Model (TAM), Theory of Planned Behavior (TPB), and Word-of-Mouth (WOM) 

models. This comprehensive approach bridges gaps in the existing literature by offering a 

holistic perspective on the mechanisms that influence user adoption and technology diffusion. 

Additionally, the research highlights the crucial role of subjective norms and behavioral 

intentions in driving WOM, offering valuable insights into how AI technologies like ChatGPT 

spread within specific user communities. By focusing on sports event planning, this study 

contributes to the limited body of knowledge regarding AI applications in leisure and recreation, 

affirming that perceived usefulness and positive attitudes are important for technology 

acceptance.  
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This study also provides practical implications for practitioners utilizing ChatGPT in the 

context of sports events and leisure. On a practical level, ChatGPT offers a wide range of 

benefits for both participants and organizers. Its ability to drive word-of-mouth (WOM) 

promotion is particularly noteworthy, as positive user experiences can encourage participants 

to share recommendations and attract broader audiences to future events. This organic 

dissemination of feedback amplifies the reach and impact of sports events, contributing to their 

long-term success. Furthermore, ChatGPT can provide multilingual support to facilitate ticket 

purchasing or reservation processes for participants from diverse linguistic backgrounds, 

thereby enhancing international accessibility. It can also deliver detailed information about 

competing athletes or teams, strengthening participant engagement with the event. For event 

organizers, ChatGPT serves as an effective tool for content creation, offering personalized event 

recommendations tailored to participants' interests and addressing specific inquiries to enhance 

the user-focused experience. Its capability to function as a virtual assistant during events allows 

it to respond promptly to participant needs, thereby improving overall satisfaction with the 

event. 

Limitations and future studies 

This study acknowledges certain limitations that open new avenues for future research, 

particularly in the context of sports events. First, the generalizability of the findings is limited 

due to the non-probability sampling method and the study’s focus on a single developing 

country, Turkey. Future research should replicate this study in similar cultural contexts and 

developed countries to achieve more universal insights. Such an approach would allow for 

broader comparisons and more generalizable outcomes, particularly in understanding the 

adoption of ChatGPT in different socio-economic settings.  

Second, although this study included a relatively large sample of participants, the findings are 

influenced by the socio-cultural characteristics of Turkey. Future studies should consider cross-

cultural research to capture more diverse perspectives on ChatGPT adoption for sports event 

planning. Such comparative research could uncover cultural differences and commonalities in 

how users perceive and utilize AI technologies like ChatGPT. 

Third, this study primarily focused on university students in Turkey, a demographic that is 

technologically adept but not representative of the broader population attending sports events. 

Future research should expand its scope to include participants from a wider range of age groups 

as the adoption of ChatGPT and mobile applications becomes more prevalent. Examining 

varied demographics would provide richer insights into how different user groups interact with 

AI in the context of sports events. 

Fourth, while this study focused on the antecedents of adoption intentions, future research 

should explore related factors such as perceived quality, satisfaction, and loyalty in using 

ChatGPT for sports events. These elements are critical for understanding long-term engagement 

and the sustainability of AI-driven technologies in the event industry. Furthermore, studies 

incorporating user feedback after ChatGPT experiences could help refine its features and 

improve its applicability in event-specific scenarios. 

Fifth, this study investigated the use of ChatGPT in the general context of sports events. Future 

research should investigate the application of ChatGPT in distinct sports event scenarios, such 

as marathons, tournaments, or community-based sports activities. This focus would offer 

actionable insights into how AI technologies can be tailored to meet the unique demands of 

various event types, further enhancing their effectiveness and user satisfaction. 
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Finally, the finding that "Perceived Ease of Use" does not have a significant impact on 

Perceived Usefulness and Behavioral Intention suggests the need to test these relationships in 

groups with lower levels of technological proficiency or in regions with limited access to 

technology. Users' familiarity with technology may influence the effect of perceived ease of 

use, potentially altering its significance in these contexts. By addressing these limitations, future 

studies can build on the findings of this research and provide a deeper, more nuanced 

understanding of ChatGPT’s role in transforming the planning and execution of sports events. 
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