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The emergence and application of generative artificial intelligence (GAI), typified as ChatGPT 

and others have the potential for significant impact on the mental well-being. However, there is 

currently a lack of systematic research on GAI on mental well-being particularly among university 

students in Kenya. The purpose was to conduct an exploratory study on the relationship between 

generative artificial intelligence and mental well-being (MWB) among university students in 

Kenya. The study used convenience sampling technique. The data was collected from 458 

respondents using a structured, closed-ended, self-administered questionnaire. It was analyzed 

through partial least squares structural equation modeling (PLS-SEM), which is frequently used 

for prediction models. The model was further checked for goodness-of-fit using Amos. The 

findings of this study establishes that generative artificial intelligence has a positive and 

significant influence on mental well-being (β = 0.129, t = 1.997, p < 0.046) among university 

students. These revelations contribute to the discourse on technology-enhanced education, 

showing that embracing GAI can have a positive impact on student mental well-being. The study 

recommends the university administrators to prioritize investment in generative artificial 

intelligence technologies with the view of enhancing students’ mental wellbeing as they undergo 

their university education. 
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Introduction 

Artificial intelligence (AI) has significantly evolved in the over years and one of its 

groundbreaking advancements lies in the development of generative artificial intelligence 

(GAI) (Chakraborty et al., 2024), typified by ChatGPT (Shahzad et al., 2024) from Open AI, 

which is a large language model (LLMs). While early analytical AI applications (e.g., 

forecasting the Estimated Time of Arrival of your delivery or predicting which TikTok video 

to show next) were based on algorithms that mimic human intelligence and perform tasks that 

typically require human cognitive abilities (Zirar et al., 2023), generative artificial intelligence 

extends far much beyond these capabilities (Lim et al., 2023). Specifically, generative artificial 

intelligence which represents a natural extension of deep learning (Chang & Park, 2024) is able 

to create original (e.g., musical) content (Baidoo-Anu & Ansah, 2023), realistic creative work, 

human-like texts (Martinelli, 2022), lifelike characters in video-games, virtual assistant in 

education (Eysenbach, 2023) among others. Owing to these essential nature and capabilities, 

generative artificial intelligence has found applications across important fields such as 

healthcare (Liu et al., 2023), education ecosystems (Shahzad et al., 2024), art and entertainment 

(Kirk & Givi, 2025) among others.  

A recent report by Goldman Sachs (2023) reveals that, generative artificial intelligence has a 

potential to drive global GDP by 7% (or almost US $ 7 Trillion), and lift the productivity growth 

by nearly 2.5% by 2033 (EY, 2024). The market size is forecast expected to show an annual 

growth rate (CAGR 2025-2030) of 41.5%, resulting in a market volume of US$ 356.05 Billion 

by 2030 (Statista, 2024). Moreover, on 30th November, 2022, Open AI officially released 

ChatGPT version 1.0 to public and managed to hit a million users within 5 days and currently 

grown to over 250 million users weekly (Intelliarts, 2025), while it took Meta (formerly 

Facebook) 300 days, X (formerly Twitter) 720 days, and Instagram 75 days to reach the same 

milestones (Biswas, 2023). This made it the most rapidly growing, widely used, and industry-

spanning digital product in history, demonstrating the popularity and powerful influence of 

ChatGPT (Cao et al., 2023).    

Statement of the Problem 

In Greek mythology, Pandora opened a box that was left in the care of her husband, and 

whirlwind of dark forces surfed it and inadvertently released myriad troubles and curses upon 

the world (Redahan & Kelly, 2024). The advent of every new form of technology raises similar 

fears today, and the recent emergence, tremendous adoption and application of generative 

artificial intelligence has conformed firmly to this pattern and amplified concerns worldwide 

about its impact on individuals and society at large. The reactions towards the same ranges 

from quiet curiosity to outright panic. 

As already discussed in mass media (Economist, 2023), academic books (Suleyman & Bhaskar, 

2023; Kissinger et al., 2021) and scientific research papers (Sindermann et al., 2021; Schepman 

& Rodway, 2020; Zastudil et al., 2023), the impact of generative artificial intelligence is 

widespread and complex. And the integration of generative artificial intelligence into higher 

education is revolutionizing the way teaching and learning is conducted (Song et al., 2024), 

marking a shift towards a new generation of pedagogical tools, mirroring the arrival of 

milestones like the internet (Song et al., 2024). However, despite the rapid proliferation and 

adoption of generative artificial intelligence technologies in a variety of educational contexts 

and content (such as, generating personalized recommendation, creating educational content or 

assisting in instructional design) (Bolick & da Silva, 2024), pedagogical strategy execution to 

fully realize its potential is lacking (Al-Mamary et al., 2024) and its effectiveness within the 

education settings raises concerns (Su & Yang, 2023; Lim et al., 2023; Pedersen, 2023). The 
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Lack of academic research on the effect of GAI on pedagogical, learning outcomes and mental 

well-being exacerbate the gap (Al-Mamary et al., 2024).  

While extant literature and several previous studies such as (Alharbi, 2023; Barret & Pack, 

2023; Cooper, 2023; Dempere et al., 2023; Mahapatra, 2024; Ng, et al., 2024; Rice et al., 2024; 

Van Wyk, 2024) predominantly addresses the technical and pedagogical dimensions of 

generative artificial intelligence on education settings, a clear research lacuna exists on the 

impact of generative artificial intelligence technologies on mental well-being of university 

students' in modern digitized education era. Hence, this research aims to bridge this critical gap 

by exploring the significant relationships between generative artificial intelligence and mental 

well-being among university students in the Kenyan educational context.  

Research Question 

The aim of this study was to the research question: 

RQ1. How does generative artificial intelligence (GAI) influence mental well-being 

(MWB) of university students as shown in Figure 1:  

Literature Review 

 This section provides the theoretical, empirical and conceptual framework that guided the 

study. 

Theoretical Review 

This paper attempt to address the highlighted research gaps by leveraging the well-established 

uses and gratification (U & G) theory, which was first articulated by Elihu Katz in (Katz, 1959). 

The theory is an audience-centric approach that focuses on people’s behavior in 

communication media, rather than the media’s behavior toward people (Sutanto et al.., 2013). 

However, in recent times, U&G theory has played a more key role in comprehending how 

individuals embrace and interact with state-of-the-art technologies, such as generative artificial 

intelligence (Lee & Cho, 2020), virtual reality (Kim et al., 2020), and augmented reality 

(Rauschnable, 2018). The theory assumes that individuals’ hedonic and utilitarian needs 

motivate them to adopt a tool for information seeking (Luo et al., 2011). Hedonic needs can be 

referred to as one’s emotional desires while utilitarian needs are associated with one being 

rational, cognitive and task driven (Anderson et al., 2014).   

On the other hand, the theory asserts that users actively seek media sources that best fulfil their 

specific needs (Katz et al., 1973). This assertion is based on the principle that (i) media users 

actively choose the media they consume and (ii) they are fully conscious of their reasons for 

choosing one from many media options. U&G theory further postulates that media 

consumption by a user is typically intentional and purposive and that users energetically seek 

to satisfy their needs (Reychav & Wu, 2014). In this light, the theory is considered a suitable 

theoretical framework for this current research for two main reasons: (i) University students 

actively choose the GPTs technologies for their academic and social activities (ii) the students 

are fully conscious of why they choose GPTs platforms for such activities instead of other 

social media platforms such as Meta (Formerly Facebook), X (Formerly Twitter), YouTube, 

TikTok, Google, etc (Wang, 2023). Uses and gratification theory also provides a theoretical 

lens that helps discover users’ attitudes toward these technologies and the intentions to use 

(Ruggiero, 2000). 
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Empirical Review  

Mental well-being is a state reached when every individual realizes their own potential, can 

cope with the normal stresses of life, can work productively and fruitfully, and is able to make 

a contribution to their community (WHO, 2025). In the recent times, increased online 

connectivity and access to new emerging technologies and platforms such as GPTs have paved 

the way for digital media to become a prominent method for social interaction, access to 

information and content sharing (Gawrych, 2022; Cuello-Garcia, et al., 2020). Moreover, the 

phenomenon of shifting between platforms and emerging technologies has been noted in 

research with UK-based university students as ‘transferal between devices’ for its addictive 

potential (Conroy et al., 2023).  

The integration of generative artificial intelligence into higher educational ecosystems 

transcends mere scholastic achievements (Shahzad et al., 2024), since it holds the promise of 

significantly enhancing learning experiences but also challenges to learner social 

connectedness and mental well-being (Dawoodbhoy et al., 2021). Javaid, et al., (2023) 

unearthed the myriad ways in which generative artificial intelligence can act as a positive force 

in the mental well-being among individuals by providing emotional support, alleviating stress, 

facilitating self-reflection, and deploying personalized interventions. Therefore, navigating this 

new frontier, educators must strike a balance between leveraging generative artificial 

intelligence platforms advantages and safeguarding the emotional and mental well-being of the 

learning communities to ensure that GAI’s integration in higher education is beneficial, ethical, 

and truly transformative (Zewude et al., 2024). Taken collectively, these conflicting views and 

outcomes call for a nuanced evaluation of the intricate relationship between generative artificial 

intelligence media and mental well-being particularly in the universities in the Kenyan context.  

 

Conceptual Framework 

A conceptual framework is typically a visual representation (although it can also be written 

out) of the expected relationships and connections between various  constructs or variables. 

This study variables mapping is illustrated in Figure 1. 

 

Figure 1. Conceptual Model 

 

Research Methodology 

Measurement 

This current study focused on both undergraduate and graduate students in different schools in 

an international private university in Kenya. The study utilized purposive sampling technique 

to ensure that respondents fulfilled predetermined criteria and represented a range of 

demographics. Data was gathered through self-administered questionnaires with a well-

structured close-ended questions formulated to achieve the intended study’s objectives as 

recommended by Sekaran and Bougie (2016). The questionnaire was dissected into two  

Generative Artificial 

Intelligence (GAI) 

Mental Well-Being 

(MWB) 
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sections, i.e. sections A and B. Section A contained information regarding demographic 

characteristics. Similarly, section B consisted of items related to the main constructs of the 

study, which had been taken from different previous studies. All the constructs were tested 

using five-point Likert scale where the students were instructed to indicate their level of 

agreement with each statement ranging from 1=strongly disagree to 5=strongly agree. Potential 

respondents were briefed on research objectives and then requested to participate in the survey 

with assurance of anonymity and confidentiality to minimize social desirability   

Sample and Data Collection 

To realize a good response rate for the study, 500 questionnaires were distributed.  The 

respondents were selected from several different classes in different schools within the 

university which was done randomly. After classes were identified, the questionnaires were 

distributed during class time after approval from the instructors in charge of the classes. The 

respondents were on the research objectives and then requested to voluntarily participate in the 

survey with assurance of anonymity and confidentiality to minimize social desirability bias 

(Sun & Wang, 2020). Once agreed to participate, they were given between 5 and 10 minutes to 

fill the questionnaire. Out of the 500 questionnaires distributed, 475 were obtained and 458 

were valid for analysis after screening. As a result, the survey received 91.2% of the responses. 

The internal reliability was validated using Cronbach’s alpha. For the analysis of the data, 

descriptive statistics were performed using SSPS, and structural equation modelling (SEM) 

was done using AMOS v26.  

Results and Findings 

Respondent Profile 

The sample frame of the study consisted of the students from an international private university 

in Kenya. A total of 500 questionnaires were distributed to the students via face-t-face method. 

However, 475 respondents were documented, out of which 458 respondents were complete and 

usable. Overall, 41.92% (192) of the respondents were men, whereas 68.08% (266) were 

women. Concerning the education levels, 66.81% (306) were undergraduate students, while 

33.19% (152) were post graduate students. In terms of ages, 154 (33.77%) were within 17 to 

21 years age brackets, 192 (42.11%) ranged between 22 to 27 years, 65 (14.25%) at 28 to 35 

years range and 45 (9.87%) were above 35 years. Regarding daily internet usage, 120 (26.28%) 

reported using the internet for 1 to 4 hours, 219 (47.92%) for 4 to 8 hours and 118 (25.82%) 

for more than 8 hours.  

The respondents’ data is summarized by calculating the mean, standard deviation, skewness 

and kurtosis of generative artificial intelligence (GAI) and mental well-being (MWB). Table 1 

demonstrate the descriptive statistics of the study variables. Generative artificial intelligence 

has the highest mean value of 3.543 and mental well-being has a low mean value of 3.090. On 

the other hand, mental well-being has less variation which indicates a standard deviation of 

0.713, and generative artificial intelligence has more variations which is indicated by a standard 

deviation of 0.830. The construct normality test was confirmed via Skewness and Kurtosis. The 

values stayed within the permissible range of -2 to +2 (Tabachnick & Fidell, 2001) and -7 to 

+7 (Byrne, 2010), respectively. Furthermore, multicollinearity was evaluated using correlation 

coefficients and variance inflation factor (VIF). The VIF between the two constructs was 1.234, 

which was below the acceptable limit of 3.3 (Kock, 2015), denoting no multicollinearity.  
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Table 1 

Descriptive Statistics 

Construct  Mean  SD  Skewness Kurtosis 

Generative AI 3.543 0.850 -0.780 0.640 

Mental Well-Being  3.090 0.713 -0.447 0.425 

 

Sample Adequacy Test 

For sample adequacy test, the Kaiser-Meyer-Olkin (KMO) test is conducted. According to 

Kaiser and Rice (1974), if the KMO value is more than 0.6, the data is sufficient to conduct 

statistical analysis like EFA. As presented in Table 2, the value is 0.877 indicating the sample 

data was adequate to conduct EFA. To check the non-zero correlation among the study variables 

items, Barlett’s test of sphericity was considered appropriate. This study test result shows that 

the p-value is less than 0.000, indicating that the proposed items have a non-zero correlation 

and that data is suitable to conduct EFA. 

 

Measurement Model 

As presented in Table 4, the internal consistency of the variables in the applied model was 

assessed through Cronbach’s alpha value and composite reliability to confirm the reliability of 

the items. The Cronbach’s value was 0.903 for generative artificial intelligence and 0.856 for 

mental-well-being and composite reliability scores of 0.907 and 0.859 respectively. Each 

construct had a satisfactory level of internal consistency, with values exceeding the threshold 

of 0.60 as recommended by Hair et al., (1998) and Nunnally and Bernstein (1994). This 

exemplify a robust internal consistency. 

The convergent validity of the measurement model was depicted by standardized loading of 

each construct as well as the average variance extracted (AVE). The AVE values for generative 

artificial intelligence and mental-well-being were 0.613 and 0.505 respectively. All 

measurement items exceeded the minimum threshold of 0.5, thereby confirming convergent 

validity (Hair et al., 2018). Furthermore, CR of more than 0.6 for each construct would also be 

considered as good estimate of convergent validity (Bagozzi & Yi, 1988) as shown on Table 4.  
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Table 4 

Psychometric Properties of Measures 

Constructs 

Factor  

Loading 

Cronbach's 

 Alpha 

Composite  

Reliability  
AVE 

Generative AI  0.903 0.904 0.613 

GAI1 0.872    

GAI2 0.868    

GAI3 0.809    

GAI4 0.772    

GAI5 0.843    

GAI7 0.764    

Mental Well-Being  0.856 0.859 0.505 

MWB1 0.762    

MWB2 0.768    

MWB3 0.739    

MWB4 0.839    

MWB5 0.709    

MWB6 0.770    

 

Construct validity was assessed through convergent and discriminant validity. Discriminant 

validity was undertaken using Fornell-Larcker criterion, which ensures that each variable is 

distinctly separate from all others within the same constructs. The square roots of the AVE of 

the constructs were, generative artificial intelligence (0.783) and mental-well-being (0.711), 

which was greater than its correlation coefficients as shown in Table 5. The discriminant 

validity of each variable exceeded 0.7, thereby fulfilling the Fornell-Larcker criterion of every 

construct (Fornell & Larcker, 1981). 

Table 5 

Discriminant Validity-Fornell-Larcker Criterion 

Construct  GAI MWB  

Generative AI 0.783   

Mental Well-Being  0.155** 0.711  
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To verify the proposed measurement model, confirmatory factor analysis was conducted to 

assess the underlying structure of the constructs. The result of CFA indicates two factors along 

with the 12 items in the proposed model which is represented in Figure 2. 

 

Figure 2. Measurement Model 

The test statistics were as follows; χ2/df ratio was 2.485, the Root Mean Square Error of 

Approximation was 0.041, the Goodness of Fit Index was 0.933, the Normed Fit Index was 

0.929, the Tucker Lewis Index was 0.945, and the Confirmatory Fit Index was 0.956 as shown 

in Table 6. All these measured indices fulfilled the thresholds (CMIN/DF < 3; GFI, CFI, NFI, 

TLI > 0.9; RMSEA < 0.7) as recommended by Tabachnick, et al., (2007).  

Table 6.  

Summary Statistics for Measurement Model Fitness Indices 

Model Measures CMIN/DF RMSEA GFI CFI NFI TLI 

Model score 2.485 0.041 0.933 0.956 0.929 0.945 

 

Structural Equation Modeling and Hypotheses Testing 

The structural model was assessed for its adequacy before undertaking path analysis. The 

analysis indicated the model converged well with the data, as all fit indices met the cut-off 

values (Schreiber, 2008). Specifically, the χ2/df ratio was 2.15, the Root Mean Square Error of 

Approximation was 0.051, the Goodness of Fit Index was 0.925, the Normed Fit Index was 

0.918, the Tucker Lewis Index was 0.943, and the Confirmatory Fit Index was 0.954. All the 

values fulfilled the criteria recommended by Tabachnick, et al., (2007), with χ2/df below 3, 

Root Mean Square Error of Approximation below 0.7, and Goodness of fit Index, Normed Fit 

Index, Tucker Lewis Index, and Confirmatory Fit Index values exceeding 0.9. Additionally, 

the constructs were assessed for unidimensionality. All measurement items had standardized 

factor loadings within the range of 0.709–0.872 shown in Table 4. These loading are significant 

at p < 0.001, indicating the constructs’ unidimensional. 
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Figure 3. Structural model 

To assess the hypothesis of this research, SEM was used to analyze the association between 

exogenous and endogenous variables. The hypothesized overall structural relationships and 

path coefficients are demonstrated in Figure 3. The results revealed that students perceived a 

positive and significant relationship between generative artificial intelligence (GAI) and mental 

well-being (MWB) (β = 0.129, t = 1.997, p < 0.046). Thus, H1 is unequivocally supported, as 

shown in Table 7. 

Table 7 

SEM Results 

Hypothesis  β- value  T- value  P- value  Results  

GAI > MWB 0.129 1.997 0.046 Significant 

 

Discussions  

ChatGPT has led the revolutionary development and integration of generative artificial 

intelligence into the fabric of modern life and gradually shifted the paradigms of applications 

in different sectors such as education to interpersonal communications (Shahzad, et al., 2024) 

and healthcare (Liu, et al., 2023; Sallam, et al., 2023). The advancements have brought 

invaluable benefits but also raised critical questions about their impact of generative artificial 

intelligence on mental well-being. Recognizing the magnitude of these concern, the primary 

aim of this current study was to rigorously investigate students’ perceptions of the generative 

artificial intelligence and its influence on mental well-being among university students in 

Kenya context. The findings of the research reveal that generative artificial intelligence 

positively and significantly affects the mental well-being (β = 0.129, t = 1.997, p < 0.046) of 

university students, hence answering the research question (RQ1). This conforms with the prior 

results of Mousavi et al., (2023) and Shahzad et al., (2024), which revealed that generative 

artificial intelligence enhances mental well-being. Therefore, university administrators and 

policymakers need to pay more attention to generative artificial intelligence technologies to 

enhance emotional support and mental resilience, hence mitigating feelings of isolation and 

loneliness (Young et al., 2020).  
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Conclusions 

This current study sought to explore how generative artificial intelligence impact mental well-

being in Kenyan university students. The result reveals that, generative significantly affects 

students mental well-being. Therefore, the study offers a compelling, evidence-based 

framework to navigate the complex landscape of emerging technologies choices and adoption. 

The policy guide not only contributing to academic discourses but bolster the confidence of 

adopting emerging technologies to enhance learning outcomes. Despite skepticism, the 

promise of generative artificial intelligence in education sector and students mental-well being 

is becoming increasingly attractive, as it can address universal issues and increase engagement 

with learning activities. 

Limitations and Future Research 

Although this present study has numerous recommendations, the study also has some 

limitations that needs to be acknowledged in future studies. First, this study used a quantitative 

method for data analysis, but qualitative as well as mixed method can also be a very effective 

tool to understand a more in-depth individual experience of generative artificial intelligence 

and mental well-being. Second, the limited sample size may not be representative of the entire 

population of university students in Kenya. Third, this study used generative artificial 

intelligence in general. In the future, one can specify a particular type of generative artificial 

intelligence. Finally, the five-point Likert scale questionnaire was used to collect data, but for 

more accurate and reliable results, a seven-point Likert scale might be used.  

References 

Alharbi, W. (2023). AI in the foreign language classroom: A pedagogical overview of 

automated writing assistance tools. Education Research International, 3, 1–15. 

Al-Mamary, Y. H., Alfalah, A. A., Alshammari, M. M., & Abubakar, A.A. (2024). Exploring 

factors influencing university students’ intentions to use ChatGPT: analysing 

tasktechnology fit theory to enhance behavioural intentions in higher education. Future 

Business Journal 10 (1), https://doi.org/10.1186/s43093-024- 00406-5. 

Anderson, K.C., Knight, D.K., Pookulangara, S., & Josiam, B. (2014). Influence of hedonic 

and utilitarian motivations on retailer loyalty and purchase intention: a Facebook 

perspective. Journal of Retailing and Consumer Services, 21 (5), 773-779. 

Bagozzi, R. P., & Yi, Y.-J. (1988). On the Evaluation of Structural Equation Models. Journal 

of the Academy of Marketing Science, 16, 74-94. https://doi.org/10.1007/BF02723327. 

Baidoo-Anu, D., & Ansah, L. (2023). Education in the era of generative artificial intelligence 

(AI): Understanding the potential benefits of ChatGPT in promoting teaching and learning. 

Journal of AI, 7(1), 52–62. 

Barrett, A., & Pack, A. (2023). Not quite eye to AI: Student and teacher perspectives on the use 

of generative artificial intelligence in the writing process. International Journal of 

Educational Technology in Higher Education, 20, 59. 

Biswas, S. (2023). Role of ChatGPT in education. https://ssrn.com/abstract=4369981. 

Bolick, A.D. & da Silva, R.L. (2024). Exploring artificial intelligence tools and their potential 

impact to instructional design workflows and organizational systems. TechTrends, Linking 

Research and Practice to Improve Learning. A Publication of the Association for 

Educational Communications and Technology, 68 (1), 91-100, doi: 10.1007/s11528-023-

00894-2. 

https://ssrn.com/abstract=4369981.


African Journal of Business & Development studies Volume 1 Issue 2 2025    

355 

 

 

Byrne, B.M. (2010). Structural Equation Modeling with AMOS: Basic Concepts, Applications, 

and Programming, 2nd ed., Routledge, New York, NY. 

Cao, Y., Li, S., Yau, Z., Dai, Y., Yu, S.P., & Sun, L. (2023). A comprehensive survey of ai-

generated content (aigc): a history of generative ai from gan to chatgpt, arXiv 

preprintarXiv:2303.04226230304226, https://doi.org/10.48550/arXiv.2303.04226. 

Chakraborty, D., Kumar, A., Patre, S., & Gupta, S. (2024). Enhancing trust in online grocery 

shopping through generative AI chatbots. Journal of Business Research, 180, 114737. 

Chang, W., & Park, J. (2024). A comparative study on the effect of ChatGPT recommendation 

and AI recommender systems on the formation of a consideration set. Journal of Retailing 

and Consumer Services, 78, 103743. 

Conroy, D., Chadwick, D., Fullwood, C., & Lloyd, J. (2023). You have to know how to live 

with it without getting to the addiction part: British young adult experiences of 

smartphone overreliance and disconnectivity. Psychology of Popular Media, 12(4), 471–

480. https://doi.org/10.1037/ppm0000425. 

Cooper, G. (2023). Examining science education in chatgpt: An exploratory study of generative 

artificial intelligence. Journal of Science Education and Technology, 32, 444–452. 

Cuello-Garcia, C., P´erez-Gaxiola, G., & van Amelsvoort, L. (2020). Social media can have an 

impact on how we manage and investigate the COVID-19 pandemic. J Clin Epidemiol; 

127:198–201. https://doi.org/10.1016/j.jclinepi.2020.06.028. 

Dawoodbhoy, F.M., Delancy, J., Cecula, P., Yu, J., Peacock, J., Tan, J., & Cox, B. (2021). AI in 

patient flow: applications of artificial intelligence to improve patient flow in NHS acute 

mental health inpatient units, Heliyon 7 (5) (2021), 

https://doi.org/10.1016/j.heliyon.2021.e06993. 

Dempere, J., Modugu, K. P., Hesham, A., & Ramasamy, L. (2023). The impact of ChatGPT on 

higher education. Frontiers in Education, 8, Article 1206936. 

EY.com (2024). How GenAI will help shape the global economy, 

https://www.ey.com/en_gl/insights/ai/how-gen-ai-will-help-shape-global-conomy. 

Eysenbach, G. (2023). The role of chatgpt, generative language models, and artificial 

intelligence in medical education: A conversation with chatgpt and a call for papers. JMIR 

Medical Education, 9(1), e46885. 

Fornell, C., & Larcker, D.F. (1981). Evaluating structural equation models with unobservable 

variables and measurement error. Journal of Marketing Research, 18 (1), 39-50. 

Gawrych, M. (2022). Internet addiction in light of social connectedness and connectedness to 

nature. European Psychiatry, 65(S1), S596–S596. 

https://doi.org/10.1192/j.eurpsy.2022.1526. 

Goldman Sachs (2023). Generative AI could raise global GDP by 7%. Accessed (Dec 10, 2024) 

at: https://www.goldmansachs.com/intelligence/pages/generative-ai-could -raise-global-

gdp-by-7-percent.html. 

Hair, J.F., Black, W.C., Babin, B.J., Anderson, R.E., & Tatham, R.L. (1998). Multivariate data 

analysis. Multivariate Data Analysis, 5 (3), 207-219. 

Hair, J. F., Sarstedt, M., Ringle, C. M., & Gudergan, S. P. (2018). Advanced Issues in Partial 

Least Squares Structural Equation Modeling (PLS-SEM). Thousand Oaks, CA: Sage. 

https://doi.org/10.3926/oss.37. 

https://doi.org/10.48550/arXiv.2303.04226.
https://doi.org/10.1037/ppm0000425.
https://doi.org/10.1016/j.jclinepi.2020.06.028.
https://www.ey.com/en_gl/insights/ai/how-gen-ai-will-help-shape-global-conomy.
https://doi.org/10.1192/j.eurpsy.2022.1526.


African Journal of Business & Development studies Volume 1 Issue 2 2025    

356 

 

 

Intelliarts.com (2025. The Evolution of ChatGPT: Vital Statistics and Trends for 2025, 

https://intelliarts.com/blog/chatgpt-statistics/ 

Javaid, M., Haleem, A., & Pratap, R. (2023). ChatGPT for healthcare services: An emerging 

stage for an innovative perspective, BenchCouncil Trans. Benchmarks, Stand. Eval 3 (1), 

100105, https://doi.org/10.1016/j.tbench.2023.100105. 

Kaiser, H. F., & Rice, J. (1974). Little Jiffy, Mark IV. Educational and Psychological 

Measurement, 34(1), 111–117. https://doi.org/10.1177/001316447403400115 

Katz, E. (1959). Mass communications research and the study of popular culture: An editorial 

note on a possible future for this journal. In: Departmental Papers (ASC), 165. 

Katz, E., Blumler, J. G., & Gurevitch, M. (1973). Uses and gratifications research. Public 

Opinion Quarterly, 37(4), 509–523. https://doi.org/10.1086/268109. 

Kim, M.J., Lee, C.K., & Preis, M.W. (2020). The impact of innovation and gratification on 

authentic experience, subjective well-being, and behavioral intention in tourism virtual 

reality: The moderating role of technology readiness. Telematics Inform. 49, 101349. 

Kirk, C., & Givi, J. (2025). The AI-authorship effect: Understanding authenticity, moral 

disgust, and consumer responses to AI-generated marketing communications. Journal of 

Business Research, 186, 114984. 

Kissinger, H.A., Schmidt, E., Huttenlocher, D. (2021). The Age of AI. Hachette UK. 

Kock, N. (2015). Common method bias in PLS-SEM: A full collinearity assessment approach. 

International Journal of E-Collaboration, 11, 1–10. https://doi.org/ 

10.4018/ijec.2015100101. 

Lee, H., & Cho, C.H., (2020). Uses and gratifications of smart speakers: Modelling the 

effectiveness of smart speaker advertising. Int. J. Advert. 39 (7), 1150–1171. 

Lim, W.M., Gunasekara, A., Pallant, J.L., Pallant, J.I,. & Pechenkina, E. (2023). Generative AI 

and the future of education: Ragnarök or reformation? A paradoxical perspective from 

management educators. The International Journal of Management Education, 21 (2), 

100790, doi: 10. 1016/j.ijme.2023.100790. 

Liu, J., Wang, C., & Liu, S. (2023). Utility of ChatGPT in clinical practice. J. Med. Internet 

Res. 25 e48568, https://doi.org/10.2196/48568. 

Luo, M.M., Chea, S., & Chen, J.S. (2011). Web-based information service adoption: a 

comparison of the motivational model and the uses and gratifications theory. Decision 

Support Systems, 51 (1), 21-30. 

Mahapatra, S. (2024). Impact of chatgpt on esl students’ academic writing skills: A mixed 

methods intervention study. Smart Learning Environments, 11, 9. 

Martinelli, D. (2022). Generative machine learning for de novo drug discovery: A systematic 

review. Computers in Biology and Medicine, 145, 105403. 

Mousavi Baigi, S.F., Sarbaz, M., Ghaddaripouri, K., Ghaddaripouri, M., Mousavi, A.S., & 

Kimiafar, K. (2023). Attitudes, knowledge, and skills towards artificial intelligence 

among healthcare students: a systematic review, Heal. Sci. Reports 6 (3), 

https://doi.org/10.1002/hsr2.1138.  

 

 

https://intelliarts.com/blog/chatgpt-statistics/
https://doi.org/10.1016/j.tbench.2023.100105.
https://doi.org/10.1086/268109.
https://doi.org/
https://doi.org/10.2196/48568.


African Journal of Business & Development studies Volume 1 Issue 2 2025    

357 

 

 

Ng, D. T. K., Tan, C. W., & Leung, J. K. L. (2024). Empowering student self-regulated learning 

and science education through chatgpt: A pioneering pilot study. British Journal of 

Educational Technology. 

Nunnally, J.C., & Bernstein, I.H. (1994). Psychometric Theory, 3rd ed., McGraw-Hill, New 

York, NY. 

Pedersen, I. (2023). The rise of generative AI and enculturating AI writing in postsecondary 

education. Frontiers in Artificial Intelligence 6, 1259407, doi: 10.3389/frai.2023.1259407. 

Rauschnable, P.A. (2018). Virtually enhancing the real world with holograms: An exploration 

of expected gratifications of using augmented reality smart glasses. Psychol. Mark. 35 

(8), 557–572. 

Redahan, M., & Kelly, B.D. (2024). Artificial intelligence and mental capacity legislation: 

Opening Pandora’s modem. International Journal of Law and Psychiatry 94, 

https://doi.org/10.1016/j.ijlp.2024.101985. 

Reychav, I., & Wu, D. (2014). Exploring mobile tablet training for road safety: a uses and 

gratifications perspective. Computers and Education, 71, 43-55. 

Rice, S., Crouse, S. R., Winter, S. R., & Rice, C. (2024). The advantages and limitations of 

using chatgpt to enhance technological research. Technology in Society, 76, Article 

102426. 

Ruggiero, T. E. (2000). Uses and gratifications theory in the 21st century. Mass Communication 

and Society, 3 (1), 3–37. https://doi.org/10.1207/ s15327825mcs0301_02. 

Sallam, M., Salam, N. A., Barakat, M., & Al-Tammemi, A.B. (2023). ChatGPT applications in 

medical, dental, pharmacy, and public health education: A descriptive study highlighting 

the advantages and limitations, Narrative J 3 (1), e103, 

https://doi.org/10.52225/narra.v3i1.103. 

Schepman, A., Rodway, P. (2020). Initial validation of the general attitudes towards artificial 

intelligence scale. Comput. Hum. Behav. Rep. 1, 100014 https://doi.org/ 

10.1016/j.chbr.2020.100014. 

Schreiber, J. B. (2008). Core reporting practices in structural equation modeling. Research in 

Social and Administrative Pharmacy, 4, 83–97. https://doi.org/10.1016/j. 

sapharm.2007.04.003. 

Sekaran, U., & Bougie, R. (2016). Research Methods for Business A Skill-Building Approach. 

7th Edition, Wiley & Sons, West Sussex. 

Shahzad, M.F., Xu, S., Lim, W.M; Yang, X., & Khan, Q.R. (2024). Artificial intelligence and 

social media on academic performance and mental well-being: Student perceptions of 

positive impact in the age of smart learning. Research Journal of Textile and Apparel, 28 

(4), 2024. 

Sindermann, C., Sha, P., Zhou, M., Wernicke, J., Schmitt, H.S., Li, M., Sariysk, R., Stavron, 

M., Becker, B & Montage, C. (2021). Assessing the attitude towards Artificial Intelligence: 

Introduction of a short measure in German, Chinese, and English Language. Künstl Intell 

35, (1) 109–118, https://doi.org/10.1007/s13218-020-00689-0 

 

 

https://doi.org/10.1016/j.ijlp.2024.101985.
https://doi.org/10.1207/
https://doi.org/10.52225/narra.v3i1.103.
https://doi.org/
https://doi.org/10.1016/j.


African Journal of Business & Development studies Volume 1 Issue 2 2025    

358 

 

 

Song, X., Zhang, J., Yan, P., Hahn, J., Kruger, U., & Mohamed, H. (2024). Integrating AI in 

college education: Positive yet mixed experiences with ChatGPT. Meta-Radiology 2, 

https://doi.org/10.1016/j.metrad.2024.100113. 

Statista.com (2024). Generative artificial intelligence (AI) market size worldwide from 2020 

to 2030, https://www.statista.com/forecasts/1449838/generative-ai-market-size-

worldwide. 

Su, J., & Yang, W. (2023). Unlocking the power of ChatGPT: A framework for applying 

generative AI in education. ECNU Review of Education, 6 (3), 355-366, doi: 

10.1177/20965311231168423. 

Suleyman, M., & Bhaskar, M. (2023). The Coming Wave: Technology, Power, and the Twenty-

first Century’s Greatest Dilemma. Crown. 

Sun, Y., & Wang, S. (2020). Understanding consumers’ intentions to purchase green products 

in the social media marketing context. Asia Pacific Journal of Marketing Logistics, 32, 

860–878. https://doi.org/10.1108/APJML-03-2019-0178. 

Sutanto, J., Palme, E., Tan, C.H., & Phang, C.W. (2013). Addressing the personalization-

privacy paradox: an empirical assessment from a field experiment on smartphone users. 

MIS Quarterly, 37 (4), 1141-1164. 

Tabachnick, B.G., & Fidell, L.S. (2001). Using Multivariate Statistics, 4th ed., Allyn and 

Bacon, Needham Heights, MA. 

Tabachnick, B.G., Fidell, L.S., & Ullman, J.B. (2007). Using Multivariate Statistics, 5 Pearson, 

Boston, MA, 481-498. 

The Economist. (2023). The race of the AI labs heats up. The Economist. https://www. 

economist.com/business/2023/01/30/the-race-of-the-ai-labs-heats-up. 

Van Wyk, M. M. (2024). Is chatgpt an opportunity or a threat? Preventive strategies employed 

by academics related to a genAI-based LLM at a faculty of education. Journal of Applied 

Learning and Teaching, 7. 

Wang, J. (2023). The relationship between loneliness and consumer shopping channel: 

Evidence from China. Journal of retailing and consumer services, Elsevier 7 (C), DOI: 

10.1016/j.jretconser.2022.103125  

Young, L., Kolubinski, D.C., & Frings, D. (2020). Attachment style moderates the relationship 

between social media use and user mental health and wellbeing, Heliyon 6 (6) e04056, 

https://doi.org/10.1016/j.heliyon.2020.e04056. 

Zastudil, C., Rogalska, M., Kapp, C., Vaughn, J., & MacNeil, S. (2023). Generative AI in 

computing education: Perspectives of students and instructors. In 2023 IEEE frontiers in 

education conference (FIE). IEEE 1–9. 

Zewude, G. T., Bereded, D. G., Abera, E., Tegegne, G., Goraw, S., & Segon, T. (2024). The 

impact of internet addiction on mental health: Exploring the mediating effects of positive 

psychological capital in university students. Adolescents, 4(2), 200–221. 

https://doi.org/10.3390/adolescents4020014. 

Zirar, A., Ali, S. I., & Islam, N. (2023). Worker and workplace Artificial Intelligence (AI) 

coexistence: Emerging themes and research agenda. Technovation, 124, 102747. 

 

https://doi.org/10.1016/j.metrad.2024.100113.
https://www.statista.com/forecasts/1449838/generative-ai-market-size-worldwide.
https://www.statista.com/forecasts/1449838/generative-ai-market-size-worldwide.
https://doi.org/10.1108/APJML-03-2019-0178.
https://www./
https://doi.org/10.3390/adolescents4020014.

