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Abstract  
Since inception, artificial intelligence (AI) has evolved into more than just a tool, 
capable of not just performing tasks and providing responses, but also conversing with 
people in human-like language. Its versatility has resulted in widespread use across 
various industries, helping professionals from a diverse field. The acceptance and use of 
AI by employees served as the key motivator behind the development of this paper. 
Specially, this study examines the drivers that influences Gen Z part-time employees in 
Bangladesh to accept and use AI by using the unified theory of acceptance and usage of 
technology (UTAUT) model. Based on the quantitative research method, a total of 141 
survey data was collected from private universities to perform data analysis through 
structural equation modelling (SEM).  The results demonstrated that performance 
expectancy and facilitating conditions positively impact behavioral intention to use AI 
whereas behavioral intention and facilitating conditions positively impact actual use of 
AI by Gen Z part-time employees in Bangladesh. However, the study found that effort 
expectancy and social influence do not significantly impact behavioral intention to use 
AI. The findings of the study have significant implications for the managers of 
Bangladeshi companies, as they will help them better understand part-time employees’ 
behavior toward AI adoption and use. 
Keywords: Artificial Intelligence (AI), Gen Z, Part-time employees, Private 
universities, Bangladesh 

 
 
 
 

Introduction 
Artificial intelligence (AI), the primary driving force of the fourth technological revolution, 
has advanced by leaps and bounds in recent years (Li et al., 2023). According to Statista 
(2024), AI is the capacity of a computer or machine to simulate the functions of the human 
mind, which learns from experiences to comprehend and react to language, choices, and 
issues, whose main categories are machine learning and deep learning. However, basic 
interactions such as voice commands, apps, chat assistants, and other limited interactions fall 
into machine learning whereas deep learning is more in line with what one could anticipate 
from AI for example: ChatGPT, Bard. There are others in this list – Copilot, Gemini, Meta 
AI, Jasper AI, recent addition in this list would be deepseek. Elon Musk’s Grok 3 is claimed 
to be smartest AI on earth (Reuters, 2025). Menon and Shilpa (2023) stated advances in 
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language processing technology have created incredibly complex AI models that 
continuously learn from human interactions, enhancing their ability to produce language and 
responding with increasing accuracy over time. The market for AI is expected to reach over 
1.8 trillion dollars by the year 2030 (Statista, 2024).  
 With 83 percent of employees using generative AI not offered by their organization
s, the Asia-Pacific region ranked at the top as the top region in terms of using AI 
(Thormundsson, 2024). Bangladesh has already realized the wave of AI and formulated 
national strategy for AI for Bangladesh. That works as a policy to adopt AI in every facet of 
economics in this country. Despite the fact that AI advancements are mostly focused on the 
software services, electronics manufacturing, and telecommunications sectors, there are 
indications that practically every other industry is getting advantage of the automation that 
AI technologies have brought (Damioli et al., 2021). AI can be an effective tool that drives 
innovation in every facet of an economy as 80% of executive management worldwide think 
AI will bring about a change in team culture toward greater innovation (Shapero, 2025). 
According to Thormundsson (2024), almost 85% of Gen Z employees reported using 
generative AI at work that was not offered by their employers whereas, more than 70% of 
workers across all age groups including Boomers used AI in their jobs. 

Employees who have graduated recently face many challenges in their workplace 
(Terblanche and Tau, 2024). Students who are doing part time jobs along with pursuing 
studies at universities also face challenges in performing tasks assigned to them. Since 
students now-a-days are using AI in their studies, they are also using AI in their workplace. 
Significant research on AI acceptance and use by employees in Bangladesh is yet to be 
conducted. Thus, this study tries to identify and fill the gap in the literature. The outcome of 
this study will enhance existing AI literature and help the employers to develop strategies 
that will help to create better working environment in relation to AI in Bangladesh. 
The objectives of the study are to: 

1. evaluate the impact of four main variables of the UTAUT model that has influence 
on the behavioral intention to use AI which in turn influences the actual use of AI by 
Gen Z part-time employees in Bangladesh. 

2. identify the importance of four main variables of the UTAUT model on the 
acceptance and usage of AI by Gen Z part-time employees in Bangladesh. 

In this context, the primary research questions of this study are: 
RQ1: How do the four main variables of the UTAUT model influence behavioral 
intention to use AI which in turn influences the actual use of AI the actual use of AI 
by Gen Z part-time employees in Bangladesh? 
RQ2: What is the relative importance of the variables affecting AI acceptance and 
usage? 

The remaining paper has been structured with literature review of existing studies along with 
the relevance of the hypotheses, research methodology, results and the notable findings of 
the study. The implications of the study, limitations along with future direction, conclusion 
are stated at the end of the paper. 

 
Literature Review 

Artificial intelligence (AI) is expected to enter most industries over the next decade, causing 
a personal, industrial, and social shift toward this new technology, resulting in a surge in AI 
popularity, which is prompting a number of studies into the factors that lead to AI acceptance 
and the development of various acceptance frameworks (Kelly et al., 2022). 
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Choi (2021) examined into how employees embrace AI-enabled services in an effort to shed 
light on the AI's role and discovered that users' readiness to accept AI is influenced by their 
knowledge of AI as well as their level of motivation and ability. If employees know how to 
use AI, they feel more encouraged enough to use AI. Dabbous et al. (2021) in their study to 
identify the drivers that affect employees’ intention to use AI either directly or as mediators 
found that organizational culture and habit show a positive impact on employees’ intention 
to use AI, whereas job insecurity has a negative impact. Kelly et al. (2022) reviewed 60 
papers and discovered that performance expectancy and effort expectancy were significantly 
and positively predictive of behavioral intention for using AI across multiple industries. 

Venkatesh (2022) conducted research on the use and acceptance of AI tools by 
employees with UTAUT model. The model is used to suggest individual, technological, 
environmental features as possible study methods that could not only add to the repository 
of knowledge on adoption but also aid organizations in improving the adoption of AI tools.  
Soulami et al. (2024) in their research found that AI has the potential to improve worker 
well-being by reducing stress levels, increasing job satisfaction and improving overall well-
being. This indicates use of AI can bring positive changes in the workplace. 

Himmler et al. (2024) in their investigation used UTAUT model and identified that 
performance expectancy was positively related to intentions to use AI at work however, 
facilitating conditions moderated this relationship. The extended UTAUT model was used 
by Khanfar (2024) to determine employees' inclination to use artificial intelligence where it 
was found that performance expectancy, social influence of the UTAUT model significantly 
impact the intention of employees to use AI. By recognizing these varied implications, 
managers can more effectively align AI adoption tactics with their organizations and specific 
needs of employees. The UTAUT model was used by Kim et al. (2024) to survey 300 
employees from both large and small firms in South Korea. The authors found that effort 
expectancy and social influence have a considerable impact on employees' behavioral 
intentions to use generative AI whereas performance expectancy and facilitating conditions 
have no noticeable effect. 

Alzahrani and Sobaih (2025) studied the determinants of AI acceptance and use in 
the Saudi Arabian energy sector using UTAUT model developing an extended model of 
UTAUT. Of the UTAUT model, they discovered that effort expectancy and social influence 
on employees’ behavioral intention to adopt AI have positive relationship. The findings did 
not support significant impacts of performance expectancy on employees’ actual use of AI. 
Keeping the previous literature in consideration, this study is prepared to find the drivers that 
influence the actual use of AI by Gen Z part-time employees who are working in different 
industries to perform their job activities in Bangladesh. The topic has been taken into 
consideration, keeping two points in mind. First, this study is one of the first to apply the 
UTAUT model to the context of AI usage by employees in Bangladesh. Second, no extensive 
research has been conducted in Bangladesh to identify the level and extent of AI usage by 
Gen Z part-time employees who are studying in private universities in Bangladesh. 
Therefore, this study tries to identify and fill the gap in the literature. 

From the existing literature, hypothesis for this study has been developed with the 
UTAUT model. According to Venkatesh et al. (2003), UTAUT model provides a 
comprehensive framework for examining the factors that influence the acceptance and usage 
of technology. For this, the model has been used in widely research widely to find out the 
use in technology adoption research (Al-Sharafi et al., 2022; Alshehri et al., 2019; Isaac et 
al., 2019; Handayani, 2023; Wu et al. 2008; Menon and Shilpa, 2023; Chao, 2019; Kim et 
al., 2024; Khanfar, 2024).  Many researchers have used UTAUT model to identify the 
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acceptance and usage of AI by (Alzahrani and Sobaih, 2025; Kim et al., 2024; Khanfar, 
2024; Himmler et al.,2024).  

This study integrates four determinants of UTAUT model which are performance 
expectancy, efforts expectancy, and social influence and facilitating conditions that 
influences behavioral intention to use AI which in turn influences actual use of AI. The 
relevance of these determinants will be discussed here. 
 
Performance expectancy 
Performance expectancy is defined as the extent to which a person believes that using the 
system will help him or her to improve performance (Venkatesh et al. 2003). If a person 
thinks that learning a system is useful, the system will enable the person to perform activities 
better increasing productivity, then the person becomes more interested in learning and using 
the system. Lakhal et al. (2013) in their study found that performance expectancy was 
positively related to behavioral intentions to use systems.  
 
Effort Expectancy 
Effort expectancy is defined as the ease with which the system can be used despite having 
little previous experience with it. (Venkatesh et al, 2003). If a person thinks that the system 
is easy or it requires minimal effort to use the system, then the person will be more inclined 
to use the system. If the system is difficult, needs much learning to use it then people will 
less likely feel encouraged to use it. Kim et al. (2024) found that effort expectancy had a 
substantial effect on employees' behavioral intentions to use AI. 
 
Social Influence 
Social influence is the degree to which a person feels compelled to use the system because 
important people do (Venkatesh et al. 2003). The more a person observes that people around 
him or her are investing time in using a system he or she also feels the urge to use the system. 
It was found in the studies of many researchers that social influence significantly impacts 
the intention of employees to use AI (Khanfar, 2024; Kim et al., 2024; Alzahrani and Sobaih, 
2025).  
 
Facilitating Conditions 
Facilitating conditions can be described as an individual's belief in the organizational and 
technological information settings that make the essential resources available for usage when 
learning or using the system (Venkatesh et al. 2003). If technology is available, necessary 
resources are available, if it is easier to gather knowledge from platform such as lessons on 
YouTube or online trainings to learn about the system, it makes easier for people to use any 
new system. With these variables in consideration, the following six hypotheses were 
examined for this study:  

H1: Performance Expectancy of Gen Z part-time employees has significant influence 
on Behavioral Intention to use AI. 
H2: Effort Expectancy of Gen Z part-time employees has significant influence on 
Behavioral Intention to use AI. 
H3: Social Influence of Gen Z part-time employees has significant influence on 
Behavioral Intention to use AI. 
H4: Facilitating Conditions for Gen Z part-time employees has significant influence 
on Behavioral Intention to use AI. 
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H5: Facilitating Conditions for Gen Z part-time employees has significant influence 
on Actual Use of AI. 
H6: Behavioral Intention to use AI by Gen Z part-time employees has significant 
influence on Actual Use of AI. 

 
The study eliminated the effect of the control variables such as age, gender, experience, 
voluntariness of use of the actual UTAUT model. The UTAUT model for this study has been 
given in Figure 1. 
 

 
Figure 1: Conceptual research model of AI adoption by Gen Z part-time employees in 

Bangladesh 
 

Research Methodology 
 
Data Source 
This paper examines the use of AI by Gen Z part-time employees in Bangladesh using data 
from survey. Both primary and secondary data sources were considered to conduct this 
study. Secondary data was collected mainly from online sources such as articles, journals, 
conference papers, books and websites. This helped to strengthen the background of this 
research and discover the research gap. Primary data was gathered from five private 
universities through self-administered survey forms with structured questionnaire based on 
the measurement items on a five-point Likert scale, during the period September 2024 to 
January 2025. The questionnaire comprises of two sections: the first section is designed to 
gather demographic information, including sex group, age group, year of service and 
university, to provide a comprehensive understanding of the participants. The second section 
focuses on evaluating the factors influencing the use the AI by Gen Z part-time employees, 
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using a five-point Likert scale from 1to 5 (1=strongly agree to 5= strongly disagree) 
encompassing key constructs such as Performance expectancy (PE), Effort Expectancy (EE), 
Social Influence (SI), Facilitating Condition (FC), Behavioral intention (BI) and Actual Use 
(AU). A procedural method was used by including fun facts with the questionnaire to reduce 
common method variance. The questionnaire was provided to students only after consulting 
that they are working part-time in companies also they use AI to assist them to perform their 
tasks at workplace. Similar questionnaires have been extensively used for evaluating the 
technology adoption (Handayani, 2023; Sharma et al. 2022; Kumar & Bervell, 2019). The 
items used to measure the constructs are provided in the Appendix A.  
 
Sample  
According to the guidelines of Marcoulides & Saunders (2006), the sample size required for 
a study using SEM is often determined by the complexity of the model which is the number 
of arrows pointing at a predictor variable influencing the latent variable. Keeping the 
variables in consideration, the minimum sample size is 95 (5 times the number of variables).  
The number of the distributed questionnaires was 250, and the number of the returned sets 
is 181 resulting in a response rate of 72.4% of which 159 responses were considered suitable 
for final analysis.  
 
Data Analysis 
Microsoft excel, SPSS 25 were used to in data cleaning and demographic analysis. The 
partial least squares path modeling to structural equation modeling (PLS-SEM) is 
appropriate for understanding cause and effect relationships between variables (Hair et al., 
2011) in a hypothesized model (Ringle et al., 2015) for which Smart PLS 4 has been used to 
run the model. Minimum and maximum value of each answer was checked using descriptive 
statistics in SPSS. The frequencies in dataset showed no missing value. Then data cleaning 
was performed in order to identify and omit the responses of unengaged respondents. The 
data with SD of less than 0.25 were removed as per the guideline of Collier, J. E. (2020). 
The analysis found 11.3% data was less than 0.25 which was data of 18 respondents. After 
deleting the data, the study got 141 data for analysis. 

Table 1 shows the demographic analysis of the study. There are two categories within 
the sex groups: male and female. Of the respondents, 68 of the respondents are female, 73 
are male. Since the study aims to determine the use of AI by Gen Z part-time employees, the 
question separated Gen Z's age range from 13 to 28 years. Of them, 70.9% fall into the 20–
22 age group, 26.2% into the 23–25 age group, and the remaining 2.8% into the 26–28 age 
group.  

The study also included individuals who have been working as part-time employees 
for one year (38.3%), two years (38.3%), three years (17.7%), and four years (5.7%). Among 
the respondents, 65 (46.1%) were from Southeast University, 31 (22%) from East West 
University, 25 (17.7%) were from Independent University, Bangladesh, 11 (7.8%) were 
from Daffodil International University and 9 (6.4%) were from Green University of 
Bangladesh. Apart from frequency and percentage of the demographics, the skewness and 
kurtosis are also shown in Table 1. The skewness of the data ranged between 0.072 and 1.370 
and the kurtosis ranged between -2.024 and 0.940. The closer these numbers are to zero, the 
more normally distributed the data is, therefore, Table 1 provides normal distribution of data 
(Kline, 2015). 
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Table 1: Demographic Analysis 
Demographic 

Items Categories Frequency Percentage Skewness Kurtosis 

Gender 
Female 68 48.2 

0.072 -2.024 
Male 73 51.8 

Age 
20-22 100 70.9 

1.370 0.940 23-25 37 26.2 

26-28 4 2.8 

Year of 
Service 

1 Year 54 38.3 

0.683 -0.332 
2 Years 54 38.3 

3 Years 25 17.7 

4 Years 8 5.7 

Universities 

Southeast University 65 46.1 

0.955 -0.122 
East West University 31 22 

Independent University, Bangladesh 25 17.7 
Daffodil International University 11 7.8 
Green University of Bangladesh 9 6.4 

 
Results 

 
The measurement model  
Hair et al. (2014) suggested that researchers must test the outer model once the research 
model is designed. The measurement model in the PLS-SEM model helps to assess the 
reliability and validity of the constructs. Table 2 shows the outcomes including factor 
loadings, composite reliability (rho_a), cronbach's alpha and average variance extracted 
(AVE). These indicators demonstrate the validity and reliability of the measurements used 
in this research.   

It is recommended that factor loadings ideally exceed 0.7, with a minimum threshold 
of 0.5 considered acceptable (Hair et al., 2022). Items (EE3, SI1, FC4) with initial loading 
values below 0.70 were deleted from the final analysis, as they failed to capture the variance 
within the variable (Hair, 2011). According to Hilton (2004), excellent reliability is indicated 
by composite reliability and cronbach's alpha values of (≥ 0.90), high reliability is indicated 
by values (0.70 and 0.90), moderate reliability is indicated by values (0.50 and 0.70) and low 
reliability is indicated by values less than (< 0.50). Table 2 shows that the constructs have 
high reliability because their composite reliability and Cronbach's alpha and values are 
higher than the threshold value except for Social Influence with 0.638 composite reliability 
and 0.633 cronbach's alpha indicating moderate reliability. 

AVE for each variable should be equal to or greater than 0.5 (Hair, 2011) which 
suggests that the construct explains more than 50% of the variance of its items (Bhattacherjee 
and Premkumar, 2004). Table 2 shows that AVE of each construct is higher than the 
threshold value. 
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Table 2: Measurement Model 

Latent Variables Indicators   Factor 
Loadings 

Composite 
reliability (rho_a) 

Cronbach's 
Alpha 

Average 
Variance 
Extracted 

Actual Use 

AU1  0.77 

0.774 0.771 0.589 
AU2  0.767 
AU3  0.763 
AU4  0.773 

Behavioral Intention 
BI1  0.935 

0.886 0.875 0.888 
BI2 0.95 

Effort Expectancy 
EE1  0.791 

0.718 0.722 0.638 EE2  0.806 
EE4  0.799 

Facilitating Condition 
FC1  0.767 

0.74 0.729 0.649 FC2  0.857 
FC3  0.789 

Performance 
Expectancy 

PE1  0.875 

0.854 0.845 0.683 
PE2 0.8 
PE3 0.774 
PE4 0.853 

Social Influence 
SI2 0.795 

0.638 0.633 0.576 SI3 0.711 
SI4 0.769 

 
Discriminant validity: 
Discriminant validity checks that the constructs are significantly different from each other. 
Discriminant validity of the constructs was determined through heterotrait-monotrait ratio  
(HTMT) ratio, Fornell–Larcker criterion and Cross loadings. The measurements of 
discriminant validity are presented in Table 3-1, 3-2 and 3-3. Table 3-1 shows HTMT ratio 
which indicates that all values were below the threshold of 0.90 (Nitzl, 2016). The HTMT 
values below 0.90 confirm discriminant validity between two constructs (Henseler et al., 
2015).  

Table 3-1: HTMT Ratio 
  Actual Use Behavioral 

Intention 
Effort 

Expectancy 
Facilitating 
Condition 

Performance 
Expectancy 

Social 
Influence 

Actual Use             

Behavioral Intention 0.738           

Effort Expectancy 0.602 0.620         

Facilitating 
Condition 0.694 0.734 0.733       

Performance 
Expectancy 0.486 0.632 0.583 0.438     

Social Influence 0.507 0.508 0.546 0.476 0.418   

 
Fornell and Larcker (1981) criterion has been used to compare the correlations between 
constructs and the square root of the average variance extracted for that construct. Table 3-
2 shows all the values on the diagonals were greater than the corresponding row and column 
values, which indicates the model fulfills the requirements for discriminant validity. 
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Table 3-2: Fornell–Larcker criterion 
  Actual Use Behavioral 

Intention 
Effort 

Expectancy 
Facilitating 
Condition 

Performance 
Expectancy 

Social 
Influence 

Actual Use 0.768           
Behavioral 
Intention 0.615 0.943         

Effort 
Expectancy 0.454 0.497 0.799       

Facilitating 
Condition 0.532 0.593 0.532 0.805     

Performance 
Expectancy 0.391 0.547 0.455 0.343 0.826   

Social 
Influence 0.355 0.382 0.367 0.323 0.312 0.759 

 
The loading value of the construct should be greater than all the loadings in the other 
constructs (Hair et al., 2022). The results showed that the cross-loading value for an item in 
a given construct was greater than the loading value for another construct which provides 
evidence of validity for the measurement model construct. 
 
Table 3-1, 3-2 and 3-3 indicates that all the constructs satisfy the discriminant validity 
criteria and does not show any issue with discriminant validity.  

 
Table 3-3: Cross Loadings 

  Actual Use Behavioral 
Intention 

Effort 
Expectancy 

Facilitating 
Condition 

Performance 
Expectancy 

Social 
Influence 

AU1 0.77 0.457 0.333 0.434 0.263 0.271 

AU2 0.767 0.438 0.38 0.474 0.299 0.3 

AU3 0.763 0.547 0.361 0.443 0.325 0.231 

AU4 0.773 0.43 0.313 0.25 0.314 0.3 

BI1 0.544 0.935 0.388 0.516 0.493 0.321 

BI2 0.611 0.95 0.54 0.598 0.536 0.394 

EE1 0.303 0.383 0.791 0.388 0.347 0.318 

EE2 0.351 0.383 0.806 0.44 0.426 0.293 

EE4 0.428 0.422 0.799 0.444 0.321 0.272 

FC1 0.363 0.454 0.312 0.767 0.258 0.22 

FC2 0.435 0.573 0.428 0.857 0.275 0.231 

FC3 0.486 0.395 0.541 0.789 0.297 0.333 

PE1 0.312 0.518 0.426 0.301 0.875 0.318 

PE2 0.26 0.418 0.347 0.284 0.8 0.191 

PE3 0.391 0.418 0.322 0.29 0.774 0.196 

PE4 0.335 0.444 0.399 0.259 0.853 0.311 

SI2 0.288 0.294 0.245 0.226 0.195 0.795 

SI3 0.205 0.259 0.272 0.228 0.219 0.711 

SI4 0.307 0.313 0.317 0.278 0.291 0.769 
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Structural Model 
The structural model is used to measure the degree of relationships between endogenous and 
exogenous variables. In the structural model, collinearity (VIF), R² values, Effect size f² and 
Q² estimation, model fit, path coefficients (β), t-statistics are used to examine the 
hypothesized relationships. Table 4-1, 4-2 and 4-3 shows structural model, model fit and 
path coefficient. A VIF value of 5 and higher indicates a potential collinearity problem (Hair 
et al., 2022), a VIF value higher than 3.3 indicates common method bias (Mason & 
Perreault,1991) and VIF values less than 3.33 indicates the model can be considered free 
from common method bias (Kock, 2015). Table 4-1 shows VIF of inner model which has 
values less than 3.33 thus indicating the model is free from common method bias. Harman’s 
Single-factor test has been conducted as well which revealed that the first factor only 
captures 33.07% which is less than 50% threshold value of the variances (Podsakoff et al., 
2003) thus free of common method bias (CMB). Hence, collinearity or common method bias 
is not a serious issue in this structural model. 

Effect size f² measures the change in the R² value when an exogenous construct is 
deleted from the model. This is done in order to measure if the deleted construct has any 
significant effect on the endogenous constructs. f² values of 0.02, 0.15, and 0.35 represent 
small, medium, and large effects, respectively, while values of less than 0.02 indicate that 
there is no effect (Hair et al., 2022). Table 4-1 shows, Behavioral Intention has (0.24) 
medium effect on Actual Use, Facilitating Condition has (0.08) small effect on Actual Use, 
Effort Expectancy has (0.01) no effect on Behavioral Intention, Facilitating Condition has 
(0.21) medium effect on Behavioral Intention, Performance Expectancy has (0.17) medium 
effect on Behavioral Intention, Social Influence has (0.02) small effect on Behavioral 
Intention. 

Q² is crucial for accurately anticipating indicator data points in measurement model 
of the endogenous variables. When Q² estimation is above zero, significance is achieved 
(Geisser, 1974). From Table 4-1 it can be seen that the Q² values of the endogenous 
constructs Actual use (0.33) and Behavioral Intention (0.45) are considerably above zero. 
The findings validate the model's predictive relevance for endogenous latent variables. 
Coefficient of determination represented as R², is a significant measure of the structural 
model assessment which ranges from 0.25, 0.5, and 0.7 as cutoffs depict weak, adequate, 
and strong results (Hair et al., 2014). Table 4-1 shows that the R² values of Actual use (0.43) 
and Behavioral Intention (0.51) indicates adequate explanation power.  

Model Fit Indices such as Standardized Root Mean Square Residual (SRMR) and 
Normed Fit Index (NFI) were measured to find the model fit which indicates how well a 
hypothesized model structure fits into the data (Henseler et al., 2014). The SRMR values 
below 0.1 or 0.09 confirm the PLS model’s fit (Hair et al., 2022) and NFI values from 0 and 
1 are considered Good Fit (Ringle et al., 2015). The results of the model (saturated) as 
indicated in Table 4-2, show that SRMR value was 0.076 and the NFI value was 0.681. The 
results indicate that the model has acceptable level of model fit and satisfies all criteria. 
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Table 4-1: Structural Model 

 VIF Effect Size (f²) Q² R² 

Behavioral Intention -
> Actual Use  1.5 0.24 

0.33 0.43 
Facilitating Condition 

-> Actual Use  1.5 0.08 

Effort Expectancy -> 
Behavioral Intention  1.6 0.01 

0.45 0.51 

Facilitating Condition 
-> Behavioral 

Intention  
1.4 0.21 

Performance 
Expectancy -> 

Behavioral Intention  
1.3 0.17 

Social Influence -> 
Behavioral Intention  1.2 0.02 

 
Table 4-2: Model Fit 

 Saturated model Estimated model 

SRMR 0.076 0.079 
NFI 0.681 0.678 

 
Path Coefficient of Structural Model  
The structural model was investigated utilizing bootstrapping, with Smart PLS 4 (Ringle 
et al., 2015) in order to achieve the measurable outcomes for the confirmation of hypotheses 
formulated. To verify the hypotheses formulated for the study bootstrap with 5000 re-
samplings was conducted (Hair et al., 2014). The findings are presented in Figure 2. 

  
Figure 2: Research Model showing the β, t, and p values for each path 
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Path coefficient of structural model if indicates a t-value of more than 1.96 and a p-value of 
less than 0.05 represent the path coefficient's statistical significance at a 95% confidence 
level (Ringle et al, 2015; Hair et al., 2022; Chin, 1998). Table 4-3 shows that, out of the six 
hypotheses proposed, two hypotheses were rejected, particularly H2, H6. Behavioral 
Intention significantly influenced Actual Use (β, t, p=0.5, 5.0, 0.0) thus H1 was supported 
as the results were significant. Effort Expectancy did not find to have any statistically 
significant influence on Behavioral Intention (β, t, p=0.1, 1.0, 0.3). H2 was rejected as p-
value is higher than 0.05. Facilitating Condition significantly influenced Actual Use (β, t, 
p=0.3, 2.7, 0.0) thus H3 was supported as the results were significant. Facilitating Condition 
significantly influenced Behavioral Intention (β, t, p=0.4, 4.5, 0.0) thus H4 was supported as 
the results were significant. Performance Expectancy significantly influenced Behavioral 
Intention (β, t, p=0.3, 4.1, 0.0) thus H5 was supported as the results were significant. Social 
Influence did not find to have any statistically significant influence Behavioral Intention (β, 
t, p=0.1, 1.7, 0.1). H6 was rejected as the p-value is higher than 0.05.  

Table 4-3: Path Coefficient of Structural Model 

Hypothesis Relationship Path 
Coefficient 

Standard 
deviation  

T 
statistics  P values Decision 

H1 
Behavioral 
Intention -> 
Actual Use 

0.5 0.1 5.0 0.0 Accepted 

H2 
Effort Expectancy 

-> Behavioral 
Intention 

0.1 0.1 1.0 0.3 Rejected 

H3 
Facilitating 

Condition -> 
Actual Use 

0.3 0.1 2.7 0.0 Accepted 

H4 

Facilitating 
Condition -> 
Behavioral 
Intention 

0.4 0.1 4.5 0.0 Accepted 

H5 

Performance 
Expectancy -> 

Behavioral 
Intention 

0.3 0.1 4.1 0.0 Accepted 

H6 
Social Influence -

> Behavioral 
Intention 

0.1 0.1 1.7 0.1 Rejected 

 
Discussions 

Notable finding of the study reflects Behavioral Intention is the strongest (0.5) driver of 
Actual Use which indicates that Gen Z’s intention to use AI in their workplace to perform 
their work activities is significant for actual adoption and use of AI in Bangladesh. Alam et 
al. (2020) also found similar result in their study. Performance Expectancy has the highest 
impact (0.3) on Behavioral Intention which indicates Gen Z believes they will use AI as long 
as AI improves their performance at workplace. Previous studies on AI use by employees 
by researchers (Himmler et al., 2024; Khanfar, 2024; Jameel et al., 2023) found that 
performance expectancy was significantly related to behavioral intentions to use AI. 

Facilitating Condition impacts both Behavioral Intention (0.4) and Actual Use (0.3) 
which indicates Gen Z uses AI if they have necessary resources, support, IT infrastructure 
to use AI. Alam et al. (2020), Alshehri et al. (2019), Jameel et al. (2023) also found 
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significant impact of Facilitating Condition on both Behavioral Intention and Actual Use of 
AI. Contrary to previous studies' findings (Alam et al., 2020; Khanfar, 2024; Kim et al., 
2024; Alzahrani and Sobaih, 2025), this study found that Effort Expectancy and Social 
Influence have weaker impact on Behavioral Intention to use AI. It was found that Effort 
Expectancy (0.1) has insignificant impact on Behavioral Intention which is also supported 
by the work of Jameel et al. (2023). In case of Social Influence, the study found insignificant 
impact (0.1) on Behavioral Intention. This indicates ease of use and social pressure are less 
significant on the Behavioral Intention to use AI by Gen Z part-time employees in 
Bangladesh. 
 
 

Implications of the Study 
 

Considering there are limited research on this topic in Bangladesh, this study will contribute 
to the current literature by presenting the most recent situation of actual AI use by Gen Z 
part-time employees. This study can aid developers of AI to better understand employee’s 
specially Gen Z’s behavioral intention to use AI as well as their actual use of AI in 
performing job activities in the workplace. They can utilize the findings the study while 
developing AI tools focusing on employees’ need and usage pattern. The findings of the 
study may help companies in Bangladesh to better understand employee preferences and 
behaviors. Companies can measure their employee’s performance with and without using 
AI. If using AI by employees yields satisfactory results reflecting increased productivity and 
efficiency of the operations performed by the employees which also positively affects the 
performance of the company, the company can build strategies to unitize the blessings of 
this technology. They can fine tune technological advancements and employee behaviors in 
order to bring their full potential which in turn will help the companies being competitive 
and sustainable in the industry (Terblanche and Tau, 2024). However, if the results are not 
satisfactory the companies can set guidelines to reduce the application of AI in workplace 
(Li et al. 2023).  
 

Future Direction 
In future, researchers may work on taking more variables using UTAUT 2 model to see how 
they influence the actual use of AI at workplace by Gen Z employees who are working part 
time in different industries in Bangladesh. The researcher may scale up the sample size, 
including more respondents from private universities as well as public universities to get a 
more comprehensive picture. The model can include moderators as the original UTAUT 
model such as age, gender, experience, voluntariness of use to understand how they affect 
actual use of AI. Research can be done to find out the changes in AI usage pattern of 
employees comparing different time periods. Research can be conducted to examine the 
organizational performance of those employees.  
 

Conclusion 
This study was designed to explore the use of AI by Gen Z employees who are working part-
time in different industries in Bangladesh. A research model based on UTAUT and six 
research hypotheses were presented, and empirically tested with a sample of 141 from 
private university students in Bangladesh. The results indicate that Behavioral Intention is 
the strongest driver of Actual Use of AI by Gen Z part-time employees in Bangladesh. 
Performance Expectancy has the highest influence on Behavioral Intention, whereas Effort 
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Expectancy and Social Influence also contribute on Behavioral Intention to use AI though 
the impact is relatively weaker. Facilitating Condition impacts both Behavioral Intention and 
Actual Use which indicates it plays a significant role in determining uses of AI by Gen Z in 
their workplace. The findings of the study will aid academia as it enriches existing the 
literature on AI adoption using UTAUT model. Companies in Bangladesh can get benefitted 
as the results show their employee’s intention and actual use of AI in performing the 
activities assigned to them. The companies can limit or extend the use of AI as per their 
analysis of employees’ performance at work. 
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Appendix A: Measurement Items  
Constructs Measurement Items Reference 

Performance 
Expectancy (PE) 

PE1: I find AI useful in my job  

Venkatesh et al. 
(2003) 

 

PE2: Using AI enables me to accomplish job 
activities more quickly 
PE3: AI increases my productivity  
PE4: Using AI would improve my job 
performance in my company 

Effort Expectancy 
(EE) 

EE1: My interaction with AI is clear and 
understandable 

Venkatesh et al. 
(2003) 

 

EE2: It would be easy for me to become skilled at 
using AI  
EE3: I find the AI is easy to use 
EE4: It is easy to get AI to do what I want it to do 

Social Influence 
(SI) 

SI1: Those who influence my behavior think that 
I should use AI 

Venkatesh et al. 
(2003) 

 

SI2: My colleagues think that I should use AI 
SI3: My managers and seniors have been helpful 
in my use of AI 
SF4: In general, my company supports the use of 
AI 

Facilitating 
Condition (FC) 

FC1: I have the resources necessary to use AI Venkatesh et al. 
(2003) FC2: I have the knowledge necessary to use AI 

FC3: AI fits with the other technologies I use in 
my company Ikhsan and 

Prabowo (2021) FC4: I can ask help from others when I'm having 
trouble with AI 

Behavioral 
Intention (BI) 

BI1: I plan to use AI for my job activities in next 
1 year 

Venkatesh et al. 
(2003) 

 BI2: I predict I will use AI for my job activities in 
1 year 
BI3: I plan to use AI to improve job performance 
in the next 1 year 

Actual Usage 
(AU) 

AU1: I routinely use AI in performing my job 
activities 

Ikhsan and 
Prabowo (2021) 

 

AU2: Using AI is an enjoyable experience to me 
AU3: I am currently using AI as a supporting tool 
in my job  
AU4: I spend a lot of time using job in my job 
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