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Abstract
The use of AI tools like ChatGPT is growing quickly around the world, including in Bangladesh. This study explores what factors influence people in Bangladesh to accept and use ChatGPT. To understand this, the research uses the UTAUT2 model, which includes important factors such as Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), Facilitating Conditions (FC), Hedonic Motivation (HM), Price Value (PV), Personal Innovativeness (PI), Habit (HT), and how they impact Behavioral Intention (BI) and Actual Usage (AU).
Data was collected from 342 people who have experience using ChatGPT. The responses were analyzed using a method called Partial Least Squares Structural Equation Modeling (PLS-SEM) with SmartPLS 4.0 software. The results showed that all the factors had a positive and significant effect on users' intention to use ChatGPT. Also, Habit and Behavioral Intention had a strong and direct impact on the actual use of the tool. The R² values show that the model explains 53.7% of behavioral intention and 64.8% of actual use, which is considered strong.
This research gives useful insights for teachers, developers, and policymakers to understand what encourages people to use ChatGPT. It shows that people are more likely to use ChatGPT if they believe it is helpful, easy to use, enjoyable, and valuable. The study also suggests that people who are curious about new technology or use ChatGPT regularly are more likely to keep using it.
Overall, this study helps explain how and why people in Bangladesh are adopting ChatGPT. It also opens the door for future research to explore more factors like trust, privacy, and personal concerns in the use of AI tools.
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1. [bookmark: _Toc205434202]Introduction
[bookmark: _Toc205434203]1.1 Indutry Overview
AI is now an essential interest of study across so many fields such as accounting, finance, management, risk management, and education. (Ibrahim A. Elshaer) Among all the professionals, students find AI tools very helpful in their academic work. AI has become a hot topic across many fields, especially in education. While AI in education dates back to the 1960s with early chatbots, recent advances in generative AI like ChatGPT have transformed what's possible.
Unlike older AI that just recognized patterns, today's generative AI creates new contents like text, audio, and video. ChatGPT, powered by massive language models with billions of parameters, has become the fastest-growing app in history, reaching 100 million users within two months of its late 2022 release.
Large Language Models like ChatGPT represent a significant leap in AI capability. These models:
· Are trained on enormous datasets of text from across the internet, books, and other sources
· Use transformer architecture (introduced by Google in 2017) that allows them to better understand context and relationships between words
· Contain billions of parameters (GPT-4 is estimated to have over 1 trillion parameters) that help them generate human-like text
· Can perform various tasks without specific training for each one, showing "emergent abilities" as they scale in size
OpenAI, the company behind ChatGPT, was founded in 2015 as a non-profit research lab, before later transitioning to a "capped-profit" structure. They've released several iterations of their GPT (Generative Pre-trained Transformer) models:
· GPT-3 (2020) showed remarkable language abilities with 175 billion parameters
· GPT-3.5 powered the original ChatGPT release in November 2022
· GPT-4 (2023) brought multimodal capabilities (understanding both text and images)
· Each new version has shown improvements in reasoning, knowledge, and following instructions
Teachers are using these AI tools for many purposes, from giving students better feedback to helping with language learning. However, this technology brings significant challenges:
· Research on AI's actual impact on higher education remains unclear
· Serious concerns exist about privacy, bias, and equal access
· Questions about plagiarism, original thinking, and teaching methods are emerging
· Educators are divided—some want to embrace AI while others fear it enables cheating
As AI becomes more common in classrooms, we need to balance its amazing potential with ethical guidelines. This means rethinking how we teach to emphasize critical thinking, creativity, and problem-solving skills that prepare students for a future where AI is everywhere.
[bookmark: _Toc205434204]1.2 Uses of ChatGPT in the International Market
ChatGPT is becoming popular around the world in business, education, and people. Conversational models powered by AI such as ChatGPT have led to great increase in automation, efficiency, productivity and accessibility in several sectors such as customer service, education, healthcare, content creation, idea generation, and software development (OpenAI, 2023; McKinsey, 2022). ChatGPT access across APIs, web, and mobile platforms have fueled its voyage towards global acceptance.
One of the major applications of ChatGPT focuses on customer service and support, whereby companies use artificial chatbots to manage inquiries, FAQs, address complaints, and deliver on-demand assistance (Forrester, 2023). It can improve response times and cut costs while also enhancing user experience. Major companies such as e-commerce firms and financial agencies have developed AI chatbots on their websites and applications to handle huge amounts of customer inquiries (Gartner, 2023).

The education industry has also derived significant advantages from ChatGPT through AI-enabled tutoring systems that have enabled students and educators to make use of them in receiving personalized learning, academic help, and research (Harvard Business Review, 2023). ChatGPT is used by several universities and online learning platforms to help students with interactive learning, study material creation, real-time explanations with relevant examples, and more, making education accessible around the globe.

ChatGPT is now commonly used in content creation, idea generation and marketing to write high-quality articles, social media post, ad copies, and blog posts (HubSpot, 2023) AI-driven tools will then help businesses and digital marketers generate engaging and SEO-optimized content in such a way that less human effort is required without compromising content quality. Moreover, AI-created text is a significant part of advertising, branding, and social media campaigns.

The healthcare industry even has tools that use ChatGPT to provide patient assistance, medical research, documentation assistance (WHO, 2023). AI chatbots also help with preliminary diagnoses, symptom analysis, and mental health counseling by providing instant support for patients and healthcare providers. AI aided tools are applied in clinical record management, research paper summarizers, and even the software that helps physicians make perfect decisions.

Within written software, ChatGPT functions as an AI-centric programming assistant, providing support for developers with code debugging, script generation, and learning new programming languages (IEEE, 2023). With integrated AI-driven coding assistants in platforms like GitHub and Visual Studio Code developers have adopted new ways to improve productivity and streamline workflows in software development.

Besides the industry-specific applications of the ChatGPT features, it is widely being used for translation and multilingual communication to enable businesses to engage with their international customers without any trouble. AI-driven translation solutions improve cross-border commerce, customer engagements, and market access (Statista, 2023).

ChatGPT is revolutionizing the worldwide digital ecosystem by enhancing productivity, accessibility, and automation in business and personal lives with its increased adoption across various sectors. Exploring new Utopia with ChatGPT: due to the advancement of AI technology, the international market will container even more technical innovations and ChatGPT or any linguistic AI models.

[bookmark: _Toc205434205]1.3 ChatGPT Use in Bangladesh Marketplace
In Bangladesh, the use of ChatGPT is growing gradually, revolutionizing sectors including business, education, medicine and health, and digital content creation. Some AI-powered applications are gaining great popularity, and businesses, students, professionals, and governmental agencies use ChatGPT solutions to increase efficiency, productivity accessibility, and automation in their daily operations. As Bangladesh has been investing more in digitalization lately, AI-based platforms such as ChatGPT are becoming influential factors in the development of the technological sphere in the country.
One of the most remarkable usage of ChatGPT in Bangladesh is during customer service and business operations. AI chatbots are being integrated by e-commerce platforms, banks, and telecommunication companies to manage customer inquiries, offer instant answers, and automate support services. AI-driven solutions are being adopted by companies like Daraz, bKash and Grameenphone to boost customer engagement and increase operational efficiencies. AI-driven automation is enabling small and medium-sized enterprises (SMEs) to improve their marketing, lead generation, and content creation, allowing them to compete in an ever-more digital-heavy marketplace.
ChatGPT is used by a number of Bangladeshi students for academic assistance, language education and examination preparation, and professors rely on AI-generated content to design study resources and construct lesson plans. AI tutors in online education platforms have brought persistent quality learning in rural parts of the country where the first source of education may be limited.
The freelancing and digital content creation industry in Bangladesh is growing rapidly, with thousands of freelancers working in global freelance marketplaces like Upwork and Fiverr. Freelancers come into ChatGPT specifically to write, edit, and translate, which drives productivity and efficiency. ChatGPT is also being used by digital marketers, bloggers and YouTubers to write good read articles, video scripts and social media posts that improves their online knowledge and trades in the worldwide market.
Bangladesh, like many other countries, is witnessing the advent of AI-based technologies such as ChatGPT in its healthcare system, where it is slowly being used for medical assistance, patient advice and research Several AI-Powered Bots in Healthcare sector in Bangladesh. AI chatbots can offer initial health information, symptom checks, and mental health counselling, which can help bridge the accessibility gap in health care services, especially in rural areas where medical facilities are unavailable. Additionally, AI documentation and research summaries are helping those in healthcare to streamline patient records.
In software development and IT, Bangladeshi developers are using ChatGPT to speed up coding, debug software and sharpen programming skills. Several tech startups and IT companies are actively adopting AI-based tools to enhance workflow efficiency and speed up the software development process. Bangladesh is becoming a burgeoning destination for IT outsourcing, and AI-based solutions like ChatGPT are aiding local developers in staying competitive in the international tech landscape.
Bangladeshi government bodies and non-governmental organizations have also begun investigating how they can leverage ChatGPT for policy research, data analysis, and other forms of public communication. Language models powered by AI are being used for everything from drafting official documents and translating government communications to analyzing public feedback. The implementation of AI in the governance process would mean a more efficient administration.
As more households gain access to the internet and more people become familiar with technology, the use of ChatGPT in Bangladesh is likely to continue to grow. Final Thoughts It is in this context that ChatGPT has become a part of the country’s efforts towards digital transformation where AI-based solutions are providing critical helps to enhance efficiency, accessibility, and innovation in various sectors.
[bookmark: _Toc205434206]2. Literature review
[bookmark: _Toc205434207]2.1. Origin of the Extended Unified Theory of Acceptance and Use of Technology (UTAUT2)

[bookmark: _Toc205434208]The Unified Theory of Acceptance and Use of Technology (UTAUT) was first introduced by Venkatesh et al. (2003) as a model to understand user intentions and subsequent technology usage behavior. This model integrated key elements from eight earlier models of technology acceptance, including TAM, TPB, TRA, and others. Over time, UTAUT became a widely accepted framework in the field of technology acceptance due to its ability to explain a large percentage of variance in user intentions and use behavior.
Despite its strengths, scholars and researchers soon realized that UTAUT needed refinement to suit consumer-based contexts, where the user’s personal characteristics, lifestyle, and choices play a more significant role than organizational mandates. In response to these needs, Venkatesh, Thong, and Xu (2012) proposed the extended model known as UTAUT2. This version included three new constructs to better reflect consumer behavior: Hedonic Motivation, Price Value, and Habit. These additions were aimed at improving the model’s predictive power and adapting it for use in non-organizational settings, especially in understanding the acceptance of digital and mobile technologies by general consumers.
UTAUT2 now consists of seven core constructs: Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, Hedonic Motivation, Price Value, and Habit, all of which influence Behavioral Intention and Use Behavior (Venkatesh et al., 2012). Among these, Hedonic Motivation—reflecting the fun or pleasure derived from using technology—has been particularly important in explaining consumer behavior in entertainment or lifestyle apps. Similarly, Price Value addresses the trade-off users perceive between the benefits of technology and the monetary cost involved, which was not considered in the original UTAUT model.
Furthermore, Habit, a psychological tendency to perform behaviors automatically due to prior learning, plays a crucial role in predicting both intention and usage behavior in UTAUT2. This construct acknowledges that repeated behavior over time can become automatic, making it a strong determinant in long-term technology adoption. Since its introduction, UTAUT2 has been applied and validated in numerous studies across different technological domains such as mobile banking, e-commerce, online education, and health apps (Slade et al., 2015; Baptista & Oliveira, 2015). While many studies have found UTAUT2 to offer higher explanatory power than its predecessor, it has also faced criticism. Some researchers argue that UTAUT2 still overlooks personal and contextual factors like trust, cultural influences, or emotional attachment, which can also affect technology acceptance (Williams et al., 2015). Others have proposed the integration of additional variables or the adaptation of the model to specific user groups to enhance its applicability.
In conclusion, UTAUT2 represents a significant advancement in understanding consumer technology adoption by including factors beyond the traditional organizational setting. Its emphasis on motivational, behavioral, and economic factors has made it one of the most cited models in recent years. However, as technology continues to evolve and become more embedded in daily life, the model may need further adaptation to remain relevant and comprehensive.

[bookmark: _Toc205434209]2.2 Contemporary Issues
The UTAUT2 model has been widely used by researchers to understand how people accept and use different types of technologies, especially in everyday life settings. One example is in the mobile banking sector, where researchers found that people are more likely to use mobile banking apps if they find them useful and easy to use. Also, if using the app becomes a habit and they enjoy using it, their intention to continue using it becomes stronger (Alalwan et al., 2017).
Another study applied UTAUT2 to the online education system, especially during the Covid-19 pandemic. It showed that students were more willing to use online learning platforms if they believed the platform was helpful in their studies and didn’t require too much effort. Support from teachers and classmates (social influence) and whether students were already used to using technology (habit) also made a big difference (Mailizar et al., 2021).In the case of online shopping, UTAUT2 helped explain why people prefer to shop online. The study found that people’s intention to shop online increases when they feel the price is fair (price value), when they enjoy the shopping experience (hedonic motivation), and when they are already in the habit of shopping online (Escobar-Rodríguez & Carvajal-Trujillo, 2014).More recently, the UTAUT2 model was extended to explore students' acceptance of the AI-powered chatbot, ChatGPT, in higher education. A study involving 503 university students in Poland found that the most significant factor influencing their intention to use ChatGPT was Habit, meaning its use had become an automatic part of their routine. Other important factors were Performance Expectancy (the belief that ChatGPT is useful for their studies) and Hedonic Motivation (the enjoyment or fun derived from using it). The research also confirmed that Behavioral Intention, along with Habit and Facilitating Conditions, strongly predicted the actual Use Behavior of the students. This study highlighted how UTAUT2 can be adapted to understand the adoption of new generative AI tools in academic settings. UTAUT2 was also used in a study on fitness tracking devices, like smartwatches. The results showed that people are more likely to use these devices if they believe they help improve their health (performance expectancy), if they are easy to use (effort expectancy), and if the user is already in the habit of using them. Younger users were especially influenced by how fun the devices are to use (Liu et al., 2019).
Another interesting study used UTAUT2 in the healthcare field, where researchers looked at why people use mobile health (mHealth) apps. The study found that when users felt the app was useful and easy to use, and when they had the resources to use it (like a smartphone or internet), they were more likely to accept it. In this case, trust in the app and feeling safe with their health information also played a big role, even though these aren’t part of the original UTAUT2 model (Hoque & Sorwar, 2017).
Lastly, UTAUT2 has also been applied to smart home technology. The research showed that people were more likely to use smart devices in their homes when they were influenced by family or friends (social influence), enjoyed using the technology (hedonic motivation), and found it convenient (facilitating conditions) (Dwivedi et al., 2019).
In summary, UTAUT2 has been a very useful model in explaining how people accept different technologies in real life. However, many researchers believe the model could be even better by adding more variables like trust, privacy concerns, or technology anxiety, which are becoming more important in today’s digital world.
[bookmark: _Toc205434210]2.3 Theoretical Framework
Some models have been developed to explain why individuals embrace or resist new technologies. The theoretical discussion regarding adopting new technologies focuses on more than one model. Among these, the Unified Theory of Acceptance and Use of Technology, or UTAUT, and its later version UTAUT2, are some of the most well-known (Venkatesh et al., 2003, 2012). This study specifically uses UTAUT2 for two central considerations.
Firstly, UTAUT2 includes new variables such as hedonic motivation, price value, and habit which cater to individual level consumers as opposed to a singular focus on organizational settings as with UTAUT’s original model (Venkatesh et al., 2012). Because this paper seeks to understand technology adoption at the consumer level, UTAUT2’s focus on individual and holistic attributes stands in stark contrast to prior models and makes it far more useful for the aim of this study.
Additionally, it is widely accepted in scholarly circles that UTAUT2 is particularly relevant in situations where technologies aimed at consumers are flourishing quickly, and where there are many competing alternatives (Ain et al., 2019; Oliveira et al., 2016). Since the focus technology for this research is accelerating in developing markets, UTAUT2 is well positioned to address not only the functional expectations, but also the adoption of relevant emotional and experiential aspects of use.
[bookmark: _Toc205434211]2.4 Hypotheses Development
2.4.1 Performance Expectancy and Behavioral Intention
Performance Expectancy refers to the degree to which an individual believes that using a particular technology will help them improve their job or task performance (Venkatesh et al., 2003). It captures the expectation that the system will enhance productivity, effectiveness, or overall outcomes (Alharbi & Drew, 2014). Prior research has consistently shown that performance expectancy is a strong predictor of users’ behavioral intention to adopt and use technology (Escobar-Rodríguez & Carvajal-Trujillo, 2014; Lakhal et al., 2021; Martins et al., 2014; Cheng, 2019).
H1: Performance expectancy has a positive influence on behavioral intention.
2.4.2 Effort Expectancy and Behavioral Intention

Effort Expectancy is defined as the degree of ease associated with the use of a particular system or technology (Venkatesh et al., 2003). It reflects how effortless and user-friendly individuals perceive the technology to be during interaction (Alghamdi et al., 2020). When users believe that a system is easy to learn and operate, they are more likely to develop a favorable intention to adopt it. Prior studies have shown that effort expectancy has a significant positive influence on behavioral intention (Raman & Don, 2013; Maillet et al., 2015; Alawadhi & Morris, 2008; Mohammadi, 2015).
H2: Effort expectancy has a positive influence on behavioral intention.
2.4.3 Social Influence and Behavioral Intention

Social Influence refers to the degree to which an individual perceives that important others believe they should use a particular technology (Venkatesh et al., 2003). It captures the impact of social pressure from peers, family members, colleagues, or superiors on a person’s decision to adopt new technology (Teo & Noyes, 2014). Individuals are more likely to form favorable behavioral intentions when they feel encouraged or expected by others to use the system. Previous studies have confirmed that social influence has a significant positive effect on behavioral intention (Hamzat & Mabawonku, 2018; Qaysi et al., 2021; Alshurideh et al., 2019; Ozturk et al., 2016).
H3: Social Influence has a positive influence on Behavioral Intention.
2.4.4 Facilitating Conditions and Behavioral Intention

Facilitating Conditions refer to the degree to which an individual believes that organizational and technical infrastructure exists to support the use of a system (Venkatesh et al., 2003). It encompasses the availability of resources, knowledge, and assistance that make technology use easier and more accessible (Brown & Venkatesh, 2005). When users perceive sufficient support and resources, they are more likely to form a positive intention toward adopting the technology. Previous research has shown that facilitating conditions significantly influence behavioral intention (Alawadhi & Morris, 2008; Escobar-Rodríguez & Carvajal-Trujillo, 2014; Alghamdi et al., 2020; Abbad, 2021).
H4: Facilitating Conditions have a positive influence on Behavioral Intention.
2.4.5 Hedonic Motivation and Behavioral Intention
Hedonic Motivation signifies the stimulation or pleasure obtained from technology use, and is a crucial factor influencing user behavior generally as well as in consumer settings (Venkatesh et al., 2012). It represents the emotional attractiveness and pleasure that users get while interacting with the system (Thong et al., 2006). If a technology is fun and engaging to use, which increases the likelihood that users will try it or use it more frequently. Previous researchers have shown that hedonic motivation has a significant relationship with behavior intention, and hedonic motivation has a positive effect on behavioral intention (Ain et al., 2016; Escobar and Carvajal, 2014; Yang, 2013; Alalwan et al., 2017).
H5: Hedonic Motivation has a positive influence on Behavioral Intention.
2.4.6 Price Value and Behavioral Intention
Price Value refers to the consumer’s cognitive trade-off between the perceived benefits of using a technology and the monetary cost associated with it (Venkatesh et al., 2012). When users feel that the advantages and outcomes of adopting a technology outweigh the expenses, their intention to adopt increases. Conversely, if the cost is perceived as high compared to the benefits, users are less likely to show favorable intentions. Prior research consistently demonstrates that price value has a significant positive effect on behavioral intention, particularly in consumer technology adoption contexts (Ain et al., 2019; Baptista & Oliveira, 2015; Escobar-Rodríguez & Carvajal-Trujillo, 2014).
H6: Price Value has a positive influence on Behavioral Intention.
2.4.7 Personal Innovativeness and Behavioral Intention
Personal Innovativeness refers to an individual’s willingness to try out new technologies and their tendency to embrace innovation early (Agarwal & Prasad, 1998). It reflects the user’s openness to experimenting with unfamiliar systems and adapting to technological advancements. Individuals with high personal innovativeness are more likely to develop favorable attitudes and intentions toward adopting new technologies. Prior research supports that personal innovativeness has a significant positive impact on behavioral intention (Lu et al., 2005; Yi et al., 2006; Hussain et al., 2019; Gupta et al., 2021).
H7: Personal Innovativeness has a positive influence on Behavioral Intention.
2.4.8 Habit and Behavioral Intention
Habit refers to the extent to which individuals tend to perform behaviors automatically due to learning and repeated experiences (Limayem et al., 2007). In the context of technology adoption, habit captures the degree to which past behavior influences future intentions to continue using a system. Users who develop habitual patterns of engaging with a technology are more likely to form favorable intentions toward its continued use, as the behavior becomes ingrained and requires less cognitive effort. Prior studies grounded in the UTAUT2 model have confirmed that habit has a significant positive impact on behavioral intention (Venkatesh et al., 2012; Oliveira et al., 2016; Ain et al., 2019).
H8: Habit has a positive influence on Behavioral Intention.
2.4.9 Habit and Actual Use
Habit refers to the automaticity of behavior formed through repeated previous experiences with a technology (Limayem et al., 2007). When users regularly engage with a system, the behavior becomes daily routine and needs little conscious effort, leading to continued usage. In the context of technology adoption, habit directly influences actual system use, as individuals are more likely to rely on technologies that have already become part of their daily practices. Prior research within the UTAUT2 framework has consistently validated that habit importantly and positively impacts actual use (Venkatesh et al., 2012; Oliveira et al., 2016; Ain et al., 2019).
H9: Habit has a positive influence on Actual Use.
2.4.10 Behavioral Intention and Actual Use
Behavioral Intention reflects an individual’s conscious plan or intentions to use specific technology in the future (Venkatesh et al., 2003). It collects the motivational factors that influence a user’s decision-making and is considered the strongest predictor of actual usage behavior. Also, when individuals make a stronger intention to use a technology, they are more likely to translate that intention into real-life adoption and usage. Prior research within TAM and UTAUT frameworks has consistently confirmed that behavioral intention importantly and positively affects actual system use (Davis, 1989; Venkatesh et al., 2003; Venkatesh et al., 2012).
H10: Behavioral Intention has a positive influence on Actual Use

[bookmark: _Toc205434212]3. Research Methodology
[bookmark: _Toc205434213]3.1 Participants
The participants of the study included individuals from a range of educational backgrounds including SSC or below, HSC, Bachelor, and Master’s or above. The survey respondents also represented various income levels and genders. A total of 342 participants took part in this study.
In terms of gender distribution, 193 participants were male and 149 were female. Regarding educational qualifications, 22 participants had SSC or below, 74 had completed HSC, 125 held a Bachelor's degree, and 121 had a Master’s degree or higher. The average monthly family income levels of the respondents were also diverse: 35 participants reported an income of 50,000 BDT or below, 38 fell within 50,000–1,00,000 BDT, 142 reported 1,00,000–1,50,000 BDT, 59 were within 1,50,000–2,00,000 BDT, and 68 earned above 2,00,000 BDT.
The G*Power software was used to calculate the minimum sample size needed for this study. Considering an effect size of 0.05, alpha error probability of 0.05, power of 0.90, and 9 predictors, the required sample size was calculated to be 213. As shown in Figure 1, the actual sample size collected (n = 342) exceeded the minimum requirement, thus ensuring sufficient statistical power for the analysis.
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Figure 1: G power sample size calculation
[bookmark: _Toc205434214]3.2 Measures
An online survey was utilized to collect responses through the platform SurveyMonkey. The questionnaire, developed by the researcher, was distributed to participants via SurveyMonkey, which conducted the survey and gathered the responses on behalf of the researcher. The instrument used in this study was a structured questionnaire designed to measure the constructs relevant to ChatGPT adoption, and a copy of the questionnaire is attached in the Appendix segment.
Prior to data collection, the consent of participants was obtained to ensure compliance with ethical standards. The survey was distributed among respondents across Bangladesh, allowing participants from diverse demographic and educational backgrounds to share their opinions. Since all questions in the instrument were compulsory, no missing values were recorded during the data collection process.
[bookmark: _Toc205434215]3.2.1. Research Instrument Description
The instruments used in this study were validated and adapted to align with the objectives of the research and the theoretical model applied. The questionnaire was designed in two main segments. The first segment focused on collecting general demographic information of the participants, like gender, education level, and average monthly family income. Basically, the sample consisted of 342 respondents, among them 193 were male and 149 were female. In terms of academical background, 22 participants had SSC or below, 74 had completed HSC, 125 held a Bachelor’s degree, and 121 had a Master’s degree or higher. Regarding average income distribution, 35 participants have a monthly family income of 50,000 BDT or below, 38 reported between 50,000–1,00,000 BDT, 142 between 1,00,000–1,50,000 BDT, 59 between 1,50,000–2,00,000 BDT, and 68 reported above 2,00,000 BDT.
The second segment of the instrument was made based on the constructs of the UTAUT2 model (Venkatesh et al., 2012), and includes items adapted from existing literature to examine user acceptance and behavioral intention towards ChatGPT. The constructs measured included Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, Hedonic Motivation, Price Value, Habit, Behavioral Intention, Personal Innovativeness, and Actual Usage. This section contained over 35 items measured on a 7-point Likert scale, ranging from 1 (Strongly Disagree) to 7 (Strongly Agree). Example items include: “I believe that ChatGPT is useful in my studies”, “Using ChatGPT is enjoyable”, and “I intend to continue using ChatGPT in the future”.
The items and constructs used in this study were adapted from validated sources such as Venkatesh et al. (2012), Hu and O’Brien (2016), and other relevant literature. The Table 1 presents a detailed overview of the constructs and measurement items utilized in the study.
[bookmark: _Toc205434216]3.2.2 Sample technique used: purposive sampling technique
The sampling technique used in this study is purposive sampling, a widely used non-probabilistic method in qualitative and quantitative research. Purposive sampling enables researchers to deliberately select participants based on the specific objectives and context of the study (Guest, 2014; C. Wang et al., 2023). In this research, the technique was used to target individuals who have experience using ChatGPT. Participants were selected based on their familiarity with AI tools, specially ChatGPT, as their insights were deemed essential for assessing the factors influencing technology acceptance based on the UTAUT2 model.
This approach was particularly effective in reaching a relevant segment of the population who could meaningfully respond to the constructs measured in the study, such as performance expectancy, effort expectancy, and behavioral intention. Although purposive sampling focuses on a specific group, it helps the findings to be reflective of broader user attitudes when choosing respondents with relevant characteristics (Davies & Hughes, 2014).
[bookmark: _Toc205434217]3.3 Analysis
The statistical technique being used in the study is known as Partial Least Square Structural Equation Modeling (PLS–SEM). The approach of PLS–SEM is flexible which allows it to be incorporated in a wide range of settings. The sampling and distribution requirements of such an approach compared to other modeling techniques are lenient (J. F. Hair et al., 2019). The authors utilized the SmartPLS3 software for data analysis (Ringle et al., 2014). As per instructions of previous researchers, the authors incorporated PLS–SEM in 2 phases (Anderson & Gerbing, 1988).
In phase 1, the measurement model was tested based on the assessment of internal consistency, convergent validity, and discriminant validity. The internal consistency of each construct was verified through Composite Reliability (CR), while convergent validity was assessed using Average Variance Extracted (AVE). Discriminant validity was confirmed using the Fornell-Larcker criterion and cross-loadings.
As the data was found to be valid based on phase 1 assessment, the authors proceeded to phase 2 (structural model) for hypothesis testing. In this phase, the relationships among latent variables were examined. Path coefficients were estimated, and their significance was evaluated using the bootstrapping technique with 5,000 resamples. The predictive power of the model was also assessed using the R² values of endogenous constructs.
The model consists constructs such as Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), Facilitating Conditions (FC), Hedonic Motivation (HM), Price Value (PV), Habit (HT), Behavioral Intention (BI), Personal Innovativeness (PI), and Actual Usage (AU). These were measured through a validated questionnaire on a 7-point Likert scales.


[bookmark: _Toc205434218]4. Findings
[bookmark: _Toc205434219]4.1. Demographic characteristics of the respondents
From the demographic data in Table 2, it is observed that 56% of the respondents were male while 44% were female, making males the dominant gender group. Regarding educational background, the majority of respondents (37%) held a bachelor’s degree, followed closely by those with a master’s degree or above (35%). A smaller percentage completed HSC (22%) and SSC or below (6%). In terms of monthly family income, the largest proportion of respondents (42%) fell in the 1,00,000 to 1,50,000 BDT income range. This was followed by 20% earning above 2,00,000 BDT, 17% in the 1,50,000 to 2,00,000 BDT range, 11% in the 50,000–1,00,000 range, and the smallest group (10%) earning 50,000 BDT or below. This sample provides a comprehensive cross-section of ChatGPT users across various income and education groups, ensuring a representative understanding of user behavior and perception.
	Constructs
	Code
	Items

	Performance Expectancy
	PE1
	I believe that ChatGPT is useful in my studies.

	
	PE2
	Using ChatGPT increases your chances of achieving important things in your studies.

	
	PE3
	Using ChatGPT helps you get tasks and projects done faster in your studies.

	
	PE4
	Using ChatGPT increases your productivity in your studies.

	Effort Expectancy
	EE1
	Learning how to use ChatGPT is easy for me.

	
	EE2
	My interaction with ChatGPT is clear and understandable.

	
	EE3
	I find ChatGPT easy to use.

	
	EE4
	It is easy for me to become skillful at using ChatGPT.

	Social Influence
	SI1
	People who are important to me think I should use ChatGPT.

	
	SI2
	People who influence my behavior believe that I should use ChatGPT.

	
	SI3
	People whose opinions I value prefer me to use ChatGPT.

	Facilitating Conditions
	FC1
	I have the resources necessary to use ChatGPT.

	
	FC2
	I have the knowledge necessary to use ChatGPT.

	
	FC3
	ChatGPT is compatible with technologies I use.

	
	FC4
	I can get help from others when I have difficulties using ChatGPT. (dropped)

	Hedonic Motivation
	HM1
	Using ChatGPT is fun.

	
	HM2
	Using ChatGPT is enjoyable.

	
	HM3
	Using ChatGPT is very entertaining.

	Price Value
	PV1
	ChatGPT is reasonably priced.

	
	PV2
	ChatGPT is good value for the money.

	
	PV3
	At the current price, ChatGPT provides a good value.

	Habit
	HT1
	The use of ChatGPT has become a habit for me.

	
	HT2
	I am addicted to using ChatGPT.

	
	HT3
	I must use ChatGPT.

	
	HT4
	Using ChatGPT has become natural for me.

	Behavioral Intention
	BI1
	I intend to continue using ChatGPT in the future.

	
	BI2
	I will always try to use ChatGPT in my studies.

	
	BI3
	I plan to continue to use ChatGPT frequently.

	Personal Innovativeness
	PI1
	I like experimenting with new information technologies.

	
	PI2
	If I heard about a new information technology, I would look for ways to experiment with it.

	
	PI3
	Among my family/friends, I am usually the first to try out new information technologies.

	
	PI4
	In general, I do not hesitate to try out new information technologies.

	Actual Usage
	AU1
	I am experienced in using ChatGPT.

	
	AU2
	I have already used ChatGPT.

	
	AU3
	I regularly use ChatGPT.


Table 1: Research Instrument Description
[bookmark: _Toc205434220]4.2. Measurement model
The measurement model serves as a diagnostic test to evaluate the adequacy and robustness of the collected data prior to conducting structural analysis. The two fundamental criteria used for this purpose are reliability and validity (J. Hair Jr. et al., 2016; Saunders et al., 2007). These criteria help ensure that the constructs are measured consistently and accurately.
Reliability and validity are further assessed through item reliability, internal consistency reliability, convergent validity, and discriminant validity (C. Wang et al., 2023).
	Details
	Frequency
	Percentage

	Gender
	
	

	Male
	193
	56%

	Female
	149
	44%

	Total
	342
	100%

	
	
	

	Education
	
	

	SSC or below
	22
	6%

	HSC
	74
	22%

	Bachelor
	125
	37%

	Master’s or above
	121
	35%

	Total
	342
	100%

	
	
	

	Income
	
	

	50,000 or below
	35
	10%

	50,000 – 1,00,000
	38
	11%

	1,00,000 – 1,50,000
	142
	42%

	1,50,000 – 2,00,000
	59
	17%

	Above 2,00,000
	68
	20%

	Total
	342
	100%


Table 2: Demographic distribution of the respondents
	 
	Cronbach's Alpha
	rho_A
	Composite Reliability
	Average Variance Extracted (AVE)
	
	
	
	

	AU
	0.913
	0.914
	0.945
	0.852
	
	
	
	

	BI
	0.905
	0.906
	0.941
	0.841
	
	
	
	

	EE
	0.739
	0.750
	0.835
	0.559
	
	
	
	

	FC
	0.734
	0.744
	0.832
	0.554
	
	
	
	

	HM
	0.713
	0.737
	0.836
	0.631
	
	
	
	

	HT
	0.748
	0.755
	0.840
	0.568
	
	
	
	

	PE
	0.735
	0.747
	0.833
	0.555
	
	
	
	

	PI
	0.752
	0.756
	0.842
	0.571
	
	
	
	

	PV
	0.706
	0.747
	0.829
	0.620
	
	
	
	

	SI
	0.725
	0.738
	0.844
	0.643
	
	
	
	



Table 3: Reliability and Validity
	 
	AU
	BI
	EE
	FC
	HM
	HT
	PE
	PI
	PV
	SI

	AU
	0.923
	 
	 
	 
	 
	 
	 
	 
	 
	 

	BI
	0.753
	0.917
	 
	 
	 
	 
	 
	 
	 
	 

	EE
	0.219
	0.323
	0.748
	 
	 
	 
	 
	 
	 
	 

	FC
	0.181
	0.237
	0.001
	0.744
	 
	 
	 
	 
	 
	 

	HM
	0.240
	0.290
	-0.030
	-0.048
	0.794
	 
	 
	 
	 
	 

	HT
	0.416
	0.180
	-0.067
	-0.013
	0.078
	0.754
	 
	 
	 
	 

	PE
	0.247
	0.315
	0.062
	0.021
	0.001
	-0.022
	0.745
	 
	 
	 

	PI
	0.222
	0.228
	0.013
	0.116
	-0.020
	0.048
	-0.013
	0.755
	 
	 

	PV
	0.091
	0.187
	0.023
	0.016
	0.050
	-0.050
	0.012
	0.014
	0.787
	 

	SI
	0.186
	0.311
	0.068
	-0.010
	0.066
	-0.034
	-0.010
	-0.023
	-0.115
	0.802


Table 4: Fornell Larker criterion

	 
	AU
	BI
	EE
	FC
	HM
	HT
	PE
	PI
	PV
	SI

	AU
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	BI
	0.828
	 
	 
	 
	 
	 
	 
	 
	 
	 

	EE
	0.259
	0.387
	 
	 
	 
	 
	 
	 
	 
	 

	FC
	0.213
	0.285
	0.085
	 
	 
	 
	 
	 
	 
	 

	HM
	0.295
	0.351
	0.091
	0.125
	 
	 
	 
	 
	 
	 

	HT
	0.497
	0.212
	0.112
	0.074
	0.110
	 
	 
	 
	 
	 

	PE
	0.299
	0.379
	0.110
	0.095
	0.113
	0.072
	 
	 
	 
	 

	PI
	0.262
	0.269
	0.076
	0.157
	0.083
	0.108
	0.089
	 
	 
	 

	PV
	0.113
	0.220
	0.081
	0.116
	0.099
	0.134
	0.121
	0.073
	 
	 

	SI
	0.225
	0.380
	0.109
	0.110
	0.090
	0.088
	0.112
	0.071
	0.181
	 

	
	
	
	
	
	
	
	
	
	
	


Table 5: HTMT ratios
	 
	AU
	BI
	EE
	FC
	HM
	HT
	PE
	PI
	PV
	SI

	AU
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	BI
	1.033
	 
	 
	 
	 
	 
	 
	 
	 
	 

	EE
	 
	1.015
	 
	 
	 
	 
	 
	 
	 
	 

	FC
	 
	1.017
	 
	 
	 
	 
	 
	 
	 
	 

	HM
	 
	1.019
	 
	 
	 
	 
	 
	 
	 
	 

	HT
	1.033
	1.018
	 
	 
	 
	 
	 
	 
	 
	 

	PE
	 
	1.005
	 
	 
	 
	 
	 
	 
	 
	 

	PI
	 
	1.018
	 
	 
	 
	 
	 
	 
	 
	 

	PV
	 
	1.022
	 
	 
	 
	 
	 
	 
	 
	 

	SI
	 
	1.027
	 
	 
	 
	 
	 
	 
	 
	 


Table 6: Multi Collinearity
	 
	Original Sample (O)
	Sample Mean (M)
	Standard Deviation (STDEV)
	T Statistics (|O/STDEV|)
	P Values

	BI -> AU
	0.701
	0.700
	0.025
	27.677
	0.000

	EE -> BI
	0.296
	0.295
	0.034
	8.691
	0.000

	FC -> BI
	0.222
	0.223
	0.033
	6.744
	0.000

	HM -> BI
	0.267
	0.265
	0.038
	7.001
	0.000

	HT -> AU
	0.290
	0.293
	0.033
	8.670
	0.000

	HT -> BI
	0.199
	0.198
	0.039
	5.154
	0.000

	PE -> BI
	0.299
	0.298
	0.040
	7.558
	0.000

	PI -> BI
	0.202
	0.202
	0.035
	5.792
	0.000

	PV -> BI
	0.202
	0.202
	0.037
	5.493
	0.000

	SI -> BI
	0.313
	0.310
	0.035
	8.977
	0.000



Table 7: Path Coefficients
	 
	R Square
	R Square Adjusted
	
	

	AU
	0.648
	0.646
	
	

	BI
	0.537
	0.526
	
	


Table 8: R square
[bookmark: _Toc205434221]4.2.1. Reliability
Reliability refers to the internal consistency of the constructs, ensuring that the measurement items within each latent variable are consistently capturing the same concept. In this study, two key reliability measures were used: Composite Reliability (CR) and Cronbach’s Alpha, with a threshold of 0.70 or above considered acceptable for both metrics (Hair et al., 2019).
From the data presented in Table 3, it is observed that all diagonal values represent the square root of the Average Variance Extracted (AVE) for each construct. These values, all exceeding 0.70, confirm strong individual item reliability across all constructs. These high values indicate a strong internal consistency reliability, suggesting that the measurement items within each construct are closely related and consistently represent the same latent concept.
[bookmark: _Toc205434222]4.2.2. Validity
The two essential criteria for assessing validity are convergent validity and discriminant validity (Kaplan, 2001). To evaluate convergent validity, the study utilizes Average Variance Extracted (AVE). According to the guideline set by Fornell & Larcker (1981), a construct should have an AVE value of 0.5 or higher to confirm convergent validity. As shown in Table 3, all constructs—such as Actual Usage (AU), Behavioral Intention (BI), Effort Expectancy (EE), Facilitating Conditions (FC), Hedonic Motivation (HM), Habit (HT), Performance Expectancy (PE), Personal Innovativeness (PI), Price Value (PV), and Social Influence (SI)—have AVE values above the threshold. Therefore, it can be concluded that all constructs in the model meet the requirements for convergent validity.
To assess discriminant validity, the study employed three established techniques: the Fornell-Larcker criterion, Heterotrait-Monotrait ratio (HTMT), and cross-loading comparison.
As per the Fornell-Larcker criterion, the square root of the AVE (represented in bold diagonal values in Table 4) should be greater than the correlations between that construct and any other construct in the model. All constructs meet this criterion, thus establishing discriminant validity.
Furthermore, the HTMT ratios, presented in Table 5, were all below the conservative threshold of 0.90 as recommended by Henseler et al. (2015). For example, the HTMT between AU and BI is 0.828, and between PE and BI is 0.379, both well below the threshold.
Lastly, self-loadings of items within each construct (not shown in the table here but based on SmartPLS output) were significantly higher than their cross-loadings on other constructs, reinforcing that the items distinctly measure their respective constructs.
Hence, based on the AVE, Fornell-Larcker criterion, and HTMT ratios, this study confirms that the measurement model demonstrates strong convergent and discriminant validity, making it suitable for further structural modeling and hypothesis testing.
[bookmark: _Toc205434223]4.3. Structural Model
The purpose of the structural model is to define the inter-construct relationships within the proposed research framework. The structural model analysis was conducted after ensuring the model met the reliability and validity criteria. As part of the diagnostic testing, the multi-collinearity test was used, and all VIF values were found to be below the acceptable threshold, assuring no multicollinearity issues.
This shows a moderate to strong explanatory power of the model. The figure also shows the strength of path relationships and indicator loadings between constructs.
The tested structural model is presented below in Figure 2.
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Figure 2: Tested Model
[bookmark: _Toc205434224]4.3.1. Multi Co-linearity
Multi co-linearity refers to the inter-correlation among independent variables, which was assessed in this study using the Variance Inflation Factor (VIF). According to common benchmarks, a VIF value below 5 indicates no serious multicollinearity issue, while values below 10 are also acceptable in exploratory research (Kock, 2015).
As presented in Table 6, the VIF values in this model range from 1.005 to 1.033. These values are significantly lower than the maximum accepted threshold, confirming that no multicollinearity issues exist among the independent variables in this study. Therefore, the tested model is considered statistically sound and suitable for further analysis.
[bookmark: _Toc205434225]4.3.2. Common Method Bias
A common challenge in survey-based research is common method bias, which refers to the possibility that measurement errors arise from the method of data collection itself rather than the constructs being measured. One major cause of this bias is the tendency of respondents to answer consistently across questions due to social desirability or similar patterns (Jordan & Troth, 2020).
To detect the presence of common method bias in this study, the Variance Inflation Factor (VIF) test was used, as recommended by Kock (2015). According to the guideline, if all VIF values are equal to or below 3.3, the model can be considered free from common method bias.
As seen in Table 6, all VIF values in this study ranged from 1.005 to 1.033, which are well below the 3.3 threshold. Therefore, it can be confidently concluded that the model is free from common method bias.
[bookmark: _Toc205434226]4.3.3. Path coefficient
The Table 7 presents ten direct relationships tested within the structural model. Each path was assessed using the original sample values, T-statistics, and p-values to determine the significance of the relationships between constructs.
The first direct relationship is between Behavioral Intention (BI) and Actual Usage (AU). The p-value for this path is 0.000, which is less than the commonly accepted threshold of 0.05, confirming a significant and positive relationship.
The second relationship is between Effort Expectancy (EE) and Behavioral Intention (BI) with a p-value of 0.000, indicating a significant impact of EE on BI.
The third relationship involves Facilitating Conditions (FC) influencing Behavioral Intention (BI). The p-value is also 0.000, validating the significance of this path.
In the fourth path, Hedonic Motivation (HM) significantly influences Behavioral Intention (BI), as supported by a p-value of 0.000, which is below the 0.05 threshold.
The fifth direct path is from Habit (HT) to Actual Usage (AU). With a p-value of 0.000, this relationship is also significant.
The sixth relationship is from Habit (HT) to Behavioral Intention (BI), which again shows significance with a p-value of 0.000.
The seventh path from Performance Expectancy (PE) to Behavioral Intention (BI) demonstrates a significant relationship, supported by a p-value of 0.000.
The eighth relationship is from Personal Innovativeness (PI) to Behavioral Intention (BI). The p-value here is 0.000, indicating statistical significance.
The ninth path between Price Value (PV) and Behavioral Intention (BI) also shows a significant effect with a p-value of 0.000.
Lastly, the tenth relationship is between Social Influence (SI) and Behavioral Intention (BI). The p-value again is 0.000, confirming a strong significant influence.
In summary, all path relationships outlined in Table 7 are statistically significant as their p-values are below 0.05. This confirms that the proposed model has strong explanatory power and the hypothesized relationships among variables are valid within the research framework.
[bookmark: _Toc205434227]4.4. R square
The R square (R²) value represents the proportion of variance in the dependent variable that can be explained by the independent variables (Lewis-Beck & T., 2012). In this study, Actual Use (AU) and Behavioral Intention (BI) are the dependent constructs.
As presented in Table 8, the R square value for Actual Use is 0.648, which indicates that 64.8% of the variance in Actual Use is explained by its predictors — Behavioral Intention and Habit. Similarly, the R square value for Behavioral Intention is 0.537, meaning that 53.7% of the variation in Behavioral Intention is explained by the independent variables, including Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, Hedonic Motivation, Price Value, and Personal Innovativeness.
These results show a moderate to substantial explanatory power, indicating that the structural model is well-fitted for predicting ChatGPT usage behavior.
[bookmark: _Toc205434228]4.5. Summary of hypotheses 
Based on the above analyses, the hypotheses of the study were tested, and summary is presented in Table 9.
	Hypotheses
	Results

	Performance Expectancy has a positive influence on Behavioral Intention.
	Supported

	Effort Expectancy has a positive influence on Behavioral Intention.
	Supported

	Social Influence has a positive influence on Behavioral Intention.
	Supported

	Facilitating Conditions have a positive influence on Behavioral Intention.
	Supported

	Hedonic Motivation has a positive influence on Behavioral Intention.
	Supported

	Price Value has a positive influence on Behavioral Intention.
	Supported

	Personal Innovativeness has a positive influence on Behavioral Intention.
	Supported

	Habit has a positive influence on Behavioral Intention.
	Supported

	Habit has a positive influence on Actual Use.
	Supported

	Behavioral Intention has a positive influence on Actual Use.
	Supported


Table 9: Hypothesis Testing

[bookmark: _Toc205434229]5. Discussion
The results of this study validate the UTAUT2 model in the context of ChatGPT usage among Bangladeshi users by confirming all ten hypothesized relationships as statistically significant. The findings highlight several key drivers of behavioral intention and actual usage of generative AI tools.
First, Performance Expectancy was found to have a strong positive influence on Behavioral Intention, indicating that users are more likely to adopt ChatGPT when they believe it enhances their productivity, academic performance, and overall outcomes. This aligns with earlier findings (Venkatesh et al., 2003; Cheng, 2019), and reaffirms that perceived usefulness is a core determinant of technology acceptance.
Effort Expectancy also significantly impacted behavioral intention. Users who found ChatGPT easy to learn and operate were more inclined to continue using it. This supports existing literature (Mohammadi, 2015; Alawadhi & Morris, 2008), which suggests that the simplicity and user-friendliness of a tool can positively shape its adoption trajectory.
The study further confirmed that Social Influence plays a vital role in forming behavioral intention. When users perceive that peers, mentors, or important others believe ChatGPT is worth using, they are more likely to use it themselves. This reflects the social dimension of technology adoption, echoing previous findings (Teo & Noyes, 2014; Alshurideh et al., 2019).
Similarly, Facilitating Conditions—such as availability of resources, technical infrastructure, and prior knowledge—significantly affect behavioral intention. This suggests that users are more likely to adopt ChatGPT when they feel supported in terms of accessibility and compatibility (Brown & Venkatesh, 2005).
Hedonic Motivation also emerged as a significant predictor. When users find ChatGPT enjoyable and engaging, their behavioral intention strengthens. This aligns with previous work (Ain et al., 2016; Thong et al., 2006), confirming that pleasure and fun are crucial in driving technology use in consumer contexts.
The construct of Price Value demonstrated a positive relationship with behavioral intention. Even though ChatGPT offers free access, users perceive the value of its outcomes (e.g., high-quality responses, academic support) as outweighing any potential costs, which strengthens their intention to use the tool (Baptista & Oliveira, 2015; Escobar-Rodríguez & Carvajal-Trujillo, 2014).
Moreover, Personal Innovativeness was shown to influence behavioral intention significantly. Individuals who are naturally curious and enthusiastic about experimenting with new technologies were more inclined to use ChatGPT, which supports findings from Lu et al. (2005) and Gupta et al. (2021).
The results also support that Habit plays a dual role—affecting both Behavioral Intention and Actual Use. This means that repeated and routine interaction with ChatGPT increases both the intention to continue using it and the frequency of actual use. As usage becomes ingrained, the behavior shifts from conscious planning to automatic engagement, as previously emphasized by Limayem et al. (2007).
Finally, the study confirmed a strong positive relationship between Behavioral Intention and Actual Use, reinforcing the predictive validity of intention on usage behavior. When users make an internal commitment to adopt ChatGPT, this intention is effectively translated into real-world interaction.
In summary, this study contributes to the growing body of research on AI adoption by confirming that both technological and behavioral factors—ranging from usefulness and enjoyment to social norms and habits—play significant roles in ChatGPT usage. For technology providers and educators in Bangladesh, these findings offer valuable insights into enhancing AI adoption by focusing on user experience, emotional engagement, and supportive ecosystems.
[bookmark: _Toc205434230]6. Conclusions
Based on the findings of the study, it can be concluded that all the core constructs from the UTAUT2 model significantly influence the Behavioral Intention and Actual Usage of ChatGPT among users in Bangladesh. The results show that Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, Hedonic Motivation, Price Value, Personal Innovativeness, and Habit each have a positive and statistically significant impact on users' intentions to continue using ChatGPT. Also, Habit and Behavioral Intention were found to significantly influence Actual Usage, showing the strength and reliability of the proposed model in explaining ChatGPT adoption behavior.
Among the most influential factors, Performance Expectancy and Effort Expectancy indicate that users are more likely to adopt ChatGPT if they believe it increases their productivity and is easy to use. Hedonic Motivation and Price Value highlight the importance of enjoyment and perceived cost-benefit tradeoffs, suggesting that ChatGPT’s adoption is driven not only by utility but also by the pleasure and value users derive from the tool.
The findings also emphasize the role of Personal Innovativeness, suggesting that individuals who are open to trying new technologies are more inclined to accept and use ChatGPT. Similarly, Social Influence plays a role in shaping intention, as users are likely to be encouraged by the opinions of peers and people around them. Facilitating Conditions, including access to resources and technical support, were also found to be important in enabling adoption.
Most notably, Habit emerged as a critical factor influencing both Behavioral Intention and Actual Usage. This indicates that as users engage with ChatGPT more frequently, the behavior becomes routine, reducing the cognitive effort needed to continue usage, and enhancing sustained adoption over time.
In summary, this study demonstrates that a wide range of technological, emotional, and behavioral factors contribute to the adoption and continued use of ChatGPT. These insights provide valuable direction for educators, developers, and policymakers aiming to enhance the integration of generative AI tools in educational and professional contexts. Promoting ease of use, functionality, user satisfaction, and habitual engagement can collectively support broader digital transformation in Bangladesh and beyond.
[bookmark: _Toc205434231]6.1. Practical Implications and Recommendations
The findings of this study can be applied to both developed and developing nations, particularly where digital education and AI adoption are accelerating. As ChatGPT continues to grow in popularity, understanding the factors that influence its adoption—such as performance expectancy, effort expectancy, hedonic motivation, price value, habit, and personal innovativeness—can help in creating more effective and engaging platforms.
These results are valuable for educators, developers, and tech entrepreneurs aiming to improve user experience and long-term usage. Especially in nations like Bangladesh, this study offers guidance for building AI tools that are easy to use, enjoyable, and aligned with users’ learning and productivity needs. It may also assist policymakers and academic institutions in designing strategies that encourage responsible and frequent use of AI technologies in everyday life.
[bookmark: _Toc205434232]6.2. Theoretical Contributions
This study enriches the existing literature by applying the UTAUT2 model to assess ChatGPT adoption among users in Bangladesh, an area that remains relatively underexplored. Although UTAUT2 has been widely used in mobile banking, online shopping, and e-learning contexts, its application in evaluating generative AI tools like ChatGPT is still emerging. By integrating variables such as personal innovativeness and habit, the study extends the explanatory power of the model in understanding behavioral intention and actual use in a real-world AI adoption scenario.
Moreover, this research confirms that constructs like Performance Expectancy, Effort Expectancy, Hedonic Motivation, and Price Value continue to play a vital role in shaping users’ acceptance of cutting-edge digital tools. These findings not only validate the robustness of the UTAUT2 framework in non-organizational, consumer-based settings but also create a solid foundation for future studies involving AI-assisted platforms. Thus, this study makes a meaningful theoretical contribution by expanding the relevance of UTAUT2 to generative AI in education and beyond.
[bookmark: _Toc205434233]6.3. Limitations
There are several limitations in this study that open up avenues for future research. Firstly, although the UTAUT2 model is well-suited for understanding consumer technology adoption, it may still miss out on other relevant variables such as technology anxiety, privacy concerns, or cultural influences which could further enrich the findings. Future studies may consider integrating such constructs for a more comprehensive model.
Secondly, the study is based solely on quantitative analysis using self-reported survey data. While this method offers generalizable insights, it lacks the depth that qualitative methods could provide. Interviews or focus groups could uncover more nuanced user behaviors and motivations regarding ChatGPT usage.
Lastly, the sample is geographically limited to respondents from Bangladesh. Although the results offer valuable insights into the local context, the findings may not be fully generalizable to other regions. Future research should aim to include more diverse populations to enhance the broader applicability of the outcomes.
[bookmark: _Toc205434234]6.4. Future Research Scope
Future studies can consider extending the current UTAUT2 framework by integrating additional constructs such as trust, technology anxiety, or perceived risk to better capture the complex factors influencing ChatGPT usage. Researchers may also apply other theoretical models like TAM 3 or the Diffusion of Innovation Theory to compare and contrast their predictive power with UTAUT2 in the context of generative AI.
Secondly, as this study is based on quantitative data and focused only on Bangladesh, its findings may not be generalizable to broader populations or other cultural settings. Therefore, future research can explore cross-country comparisons or target different demographic groups to increase generalizability.
Lastly, longitudinal and qualitative research could be conducted to observe changing user perceptions over time and gain deeper insights into user experiences with ChatGPT. This would allow a more holistic understanding of behavioral changes, especially as AI technologies evolve rapidly.
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[bookmark: _Toc205434237]Questionnaire
Name (optional):

Phone Number (optional):

Gender:          Male         Female[image: ][image: ]
[image: ]
Education:        SSC or below	          HSC            Bachelor           Masters or equivalent professional degree or above[image: ][image: ]

Profession:          Student       Service Holder       Business       Others[image: ][image: ][image: ][image: ]

Average Monthly Family Income:           50,000 or below        50,000—1,00,000     
[bookmark: _gjdgxs][image: ]        1,00,000—1,50,000[image: ][image: ][image: ]                above 1,50,000         [image: ]

Please indicate your level of agreement with the following statements. Where 1 = Strongly Disagree, 2 = Disagree, 3 = Somewhat Disagree, 4 = Neutral, 5 = Somewhat Agree, 6 = Agree, and 7 = Strongly Agree.  


	SN
	Statements
	1
	2
	3
	4
	5
	6
	7

	PE1
	I believe that ChatGPT is useful in my studies
	
	
	
	
	
	
	

	PE2
	Using ChatGPT increases your chances of achieving important things in your studies
	
	
	
	
	
	
	

	PE3
	Using ChatGPT helps you get tasks and projects done faster in your studies
	
	
	
	
	
	
	

	PE4
	Using ChatGPT increases your productivity in your studies
	
	
	
	
	
	
	

	EE1
	Learning how to use ChatGPT is easy for me
	
	
	
	
	
	
	

	EE2
	My interaction with ChatGPT is clear and understandable
	
	
	
	
	
	
	

	EE3
	I find ChatGPT easy to use
	
	
	
	
	
	
	

	EE4
	It is easy for me to become skillful at using ChatGPT
	
	
	
	
	
	
	

	SI1
	People who are important to me think I should use ChatGPT
	
	
	
	
	
	
	

	SI2
	People who influence my behavior believe that I should use ChatGPT
	
	
	
	
	
	
	

	SI3
	People whose opinions I value prefer me to use ChatGPT
	
	
	
	
	
	
	

	FC1
	I have the resources necessary to use ChatGPT
	
	
	
	
	
	
	

	FC2
	I have the knowledge necessary to use ChatGPT
	
	
	
	
	
	
	

	FC3
	ChatGPT is compatible with technologies I use
	
	
	
	
	
	
	

	FC4
	I can get help from others when I have difficulties using ChatGPT (dropped)
	
	
	
	
	
	
	

	HM1
	Using ChatGPT is fun
	
	
	
	
	
	
	

	HM2
	Using ChatGPT is enjoyable
	
	
	
	
	
	
	

	HM3
	Using ChatGPT is very entertaining
	
	
	
	
	
	
	

	PV1
	ChatGPT is reasonably priced
	
	
	
	
	
	
	

	PV2
	ChatGPT is good value for the money
	
	
	
	
	
	
	

	PV3
	At the current price, ChatGPT provides a good value
	
	
	
	
	
	
	

	HT1
	The use of ChatGPT has become a habit for me
	
	
	
	
	
	
	

	HT2
	I am addicted to using ChatGPT
	
	
	
	
	
	
	

	HT3
	I must use ChatGPT
	
	
	
	
	
	
	

	HT4
	Using ChatGPT has become natural for me
	
	
	
	
	
	
	

	BI1
	I intend to continue using ChatGPT in the future
	
	
	
	
	
	
	

	BI2
	I will always try to use ChatGPT in my studies
	
	
	
	
	
	
	

	BI3
	I plan to continue to use ChatGPT frequently
	
	
	
	
	
	
	

	PI1
	I like experimenting with new information technologies
	
	
	
	
	
	
	

	PI2
	If I heard about a new information technology, I would look for ways to experiment with it
	
	
	
	
	
	
	

	PI3
	Among my family/friends, I am usually the first to try out new information technologies
	
	
	
	
	
	
	

	PI4
	In general, I do not hesitate to try out new information technologies
	
	
	
	
	
	
	

	UB1
	Please choose your usage frequency for ChatGPT: Never; Once a month; Several times a month; Once a week; Several times a week; Once a day; Several times a day
	
	
	
	
	
	
	

	AU1
	I am experienced in using ChatGPT 
	
	
	
	
	
	
	

	AU2
	I have already used ChatGPT 
	
	
	
	
	
	
	

	AU3
	I regularly use ChatGPT 
	
	
	
	
	
	
	



[bookmark: _Toc205434238]Instruments
	Constructs
	Code
	Items

	Performance Expectancy
	PE1
	I believe that ChatGPT is useful in my studies.

	
	PE2
	Using ChatGPT increases your chances of achieving important things in your studies.

	
	PE3
	Using ChatGPT helps you get tasks and projects done faster in your studies.

	
	PE4
	Using ChatGPT increases your productivity in your studies.

	Effort Expectancy
	EE1
	Learning how to use ChatGPT is easy for me.

	
	EE2
	My interaction with ChatGPT is clear and understandable.

	
	EE3
	I find ChatGPT easy to use.

	
	EE4
	It is easy for me to become skillful at using ChatGPT.

	Social Influence
	SI1
	People who are important to me think I should use ChatGPT.

	
	SI2
	People who influence my behavior believe that I should use ChatGPT.

	
	SI3
	People whose opinions I value prefer me to use ChatGPT.

	Facilitating Conditions
	FC1
	I have the resources necessary to use ChatGPT.

	
	FC2
	I have the knowledge necessary to use ChatGPT.

	
	FC3
	ChatGPT is compatible with technologies I use.

	
	FC4
	I can get help from others when I have difficulties using ChatGPT. (dropped)

	Hedonic Motivation
	HM1
	Using ChatGPT is fun.

	
	HM2
	Using ChatGPT is enjoyable.

	
	HM3
	Using ChatGPT is very entertaining.

	Price Value
	PV1
	ChatGPT is reasonably priced.

	
	PV2
	ChatGPT is good value for the money.

	
	PV3
	At the current price, ChatGPT provides a good value.

	Habit
	HT1
	The use of ChatGPT has become a habit for me.

	
	HT2
	I am addicted to using ChatGPT.

	
	HT3
	I must use ChatGPT.

	
	HT4
	Using ChatGPT has become natural for me.

	Behavioral Intention
	BI1
	I intend to continue using ChatGPT in the future.

	
	BI2
	I will always try to use ChatGPT in my studies.

	
	BI3
	I plan to continue to use ChatGPT frequently.

	Personal Innovativeness
	PI1
	I like experimenting with new information technologies.

	
	PI2
	If I heard about a new information technology, I would look for ways to experiment with it.

	
	PI3
	Among my family/friends, I am usually the first to try out new information technologies.

	
	PI4
	In general, I do not hesitate to try out new information technologies.

	Actual Usage
	AU1
	I am experienced in using ChatGPT.

	
	AU2
	I have already used ChatGPT.

	
	AU3
	I regularly use ChatGPT.
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