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ABSTRACT 

     
Artificial intelligence (AI) has been widely used by companies in their quest for digital 

transformation. Numerous low-level jobs have been replaced by AI because of its strong ability to 
handle repetitive tasks; however, this replacement process has increased new graduates’ chance of 
unemployment. Based on the innovation resistance theory, we investigated new graduates’ attitudes 
toward competition with AI in the job market. The findings of this study might serve as a reference for 
human resources staff in organizations that have implemented AI to determine whether new graduates 
are a good fit for the company. 
 
Keywords: Artificial intelligence, Innovation resistance theory, Gadget lovers, Global innovativeness, 
Technological unemployment
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INTRODUCTION 
The maturing of artificial intelligence (AI) technology has increasingly widespread adoption and 

resulted in considerable changes in people’s lives. Nilsson (2009) proposed the following useful and 
widely accepted definition of AI: “Artificial intelligence is that activity devoted to making machines 
intelligent, and intelligence is that quality that enables an entity to function appropriately and with 
foresight in its environment.” However, the rapid development of AI and automation technology 
might seriously harm the labor market. 

 
Although the development of AI and automation might enhance worker productivity, AI might 

also replace some workers, thereby causing major changes in the workplace. Business leaders from 
diverse industries, including machinery, retail, and insurance, are concerned that AI might seriously 
harm their established lines of business and might lead to the loss of a considerable number of 
traditional jobs (Ulrich, 2018; Zhu et al., 2020). However, even strong proponents of AI admit that 
this technology has its limits. AI is unlikely to completely replace people’s jobs in the near future 
(Ulrich, 2018; Zhu et al., 2020). 

 
Two groups with strongly divergent views have thus emerged: One group is concerned that AI 

might replace humans, whereas the other group insists that human uniqueness cannot be replicated 
by AI. However, these perspectives are overly simplistic, with many additional factors requiring 
consideration. Consensus on this AI has remained elusive in academic research and general 
discussions. Some studies have indicated that even in creative jobs, AI might also do it better than 
humans. (Kolbjornsrud et al., 2016), whereas others believe that it is premature to make predictions 
regarding the scale of layoffs and the number of new jobs created by AI because of the relative 
immaturity of the technology (Winick, 2018). 

 
We argue that the development of AI is both a threat and an opportunity for new graduates. 

When looking for a job, new graduates must consider what positions are still available if basic 
operational processes are handled by AI. A young person with insufficient professional skills or 
special expertise might face unemployment immediately after graduation, which is a phenomenon 
referred to as technological unemployment. However, those with irreplaceable skills and expertise 
who can create value by using AI can take advantage of the trend of AI development and position 
themselves favorably in the labor market. In general, it was thought that young people who have 
grown up in an information society are always more interested in computer use than older people. 
However, there is a difference between "playing on a computer or mobile phone" and "acceptable 
and skilled use of AI that possible replace themself". Therefore, even though young people are digital 
natives and comfortable with the integration of technology in their daily lives, whether their attitude 
toward AI would be changed when they found AI has the possibility of replaceability in their job are 
at play is yet to be examined. 
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In this study, we empirically examined new graduates’ acceptance of AI on the basis of their 
degree of innovativeness and the affinity for information technology gadgets (so-called “gadget 
loving”) and considered the moderating effects of the four innovation resistance factors, namely usage 
barrier, value barrier, risk barrier, and traditional barrier.  
 

LITERATURE REVIEW 
Artificial Intelligence 

The concept of AI was proposed by John McCarthy, an emeritus professor at Stanford 
University, in 1955. He defined AI as “the science and engineering of making intelligent machines,” 
where intelligent can be defined as having the ability to learn and having adequate skills for 
implementation to solve problems and achieve goals. AI plays a key role in several technologies, 
notably expert systems, machine learning, natural language processing, and deep learning. 
Specifically, deep learning can assist humans in decision-making (Chids. 2011) 

The Internet and technologies with high data processing speeds have enabled the 
commercialization of AI (Grosz et al., 2016). AI has been applied in various fields, including 
manufacturing (Lu, 2017), agriculture (Patrício & Riedar, 2018), science (Li, Wang, Wang, Li., 2018; 
Lin, Wooder, Wang, Yang., 2018), education (Luo, 2018; Mcarthur, Lewis, Bishary., 2005), business 
(Bahrammirzaee, 2010; Fethi & Pasiouras, 2010), medicine (Lo & Tseng, 2017; Lo et al., 2021; Wu 
et al., 2020), government (Boyd & Holton, 2017; Viejo et al., 2018), retail (Grewal et al., 2017; Liu 
et al., 2018), and information security (Grzonka, Roggeveen, Nordfalt, 2018; Yan, Gong, Li., 2016). 
Self-deep-learning technologies based on AI have yielded excellent performance in various 
recognition systems. For example, AI has exhibited superior performance to conventional techniques 
in lesion tests and classification tasks. AI has the potential to generate revolutionary changes in 
medicine and health care. For example, it can assist doctors by increasing the accuracy and efficiency 
of various diagnoses and treatments (Lo & Tseng, 2017, Mao, et al., Wu, et al., 2020, Lo et al., 2021). 

 
AI is incorporated into diverse software programs, products, and services. Many theories can 

be used to explain this phenomenon. Knight (2015) argued that AI has reached the organizational 
level and thus affects labor productivity and increases the speed of decision-making. Some studies 
have investigated factors affecting organizations’ willingness to use AI (Zhu, et al., 2020); however, 
studies on information systems have not considered what types of people are willing to use AI. In the 
practical field, we also don’t know if the new recruits cannot adapt to work with AI, not to mention 
that high-efficiency AI can replace workers who have limited experience in specific tasks producing 
some Human resource management issues. Thus, in this study, we investigated factors that affect an 
individual’s viewpoint regarding AI adoption. 
 
Innovativeness 

Innovativeness is a key factor affecting the adoption of new products or services (Midglery, 
1978). Studies have revealed that innovativeness in user habits affects the purchasing behavior for 
or adoption of innovative technology (Citrin et al., 2000; Lassar, Manolis, Lassar, 2005). Thus, 
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users with a higher degree of innovativeness are more willing to accept new products and use the 
services that these products provide to achieve their goals (Bartels & Reinders, 2011). 

 
Users with innovative personality traits might hold an innovative attitude in general or only 

toward specific items or purposes. Midgley and Dowling (1978) divided user innovativeness into 
global innovativeness and innovative habits in specific fields. Hlrunyawipada and Paswan (2006) 
expanded this concept into a hierarchical innovative structure that is described in the following text. 
 
Global Innovativeness 

According to Goldsmith and Hofacker (1991), innovativeness refers to the newness of a product 
or service. Global innovativeness refers to consumer innovativeness that is related to personal traits. 
The most abstract concept in hierarchical consumer innovativeness is called innate innovativeness. 
Global innovativeness is an innate trait (Boateng et al., 2016) and represents an individual’s attitude 
toward innovativeness (Midgley & Dowling, 1978) and the tendency to be willing to accept new 
products. Those with the aforementioned trait are usually early adopters of new technologies. Thus, 
in studies addressing adaptation to technology, global innovativeness is considered an essential 
personality trait (Wu & Ke, 2016).  

 
In general, neighbors, relatives, coworkers, and friends are parts of a person’s social system, and 

they are potential critical sources of influence on the person’s purchase behaviors (King & Summers, 
1970). People regard information obtained from friends and relatives as more reliable and trustworthy 
than commercial information (Busch & Houston, 1985). In terms of exchanges in social systems, 
communication between communicators and acceptors is an effective factor for predicting consumer 
behaviors (Rogers & Cartano, 1962). Therefore, we adopted and modified the Revised Opinion 
Leadership Scale developed by King and Summers (1970) in this study. During exchanges in a social 
system, communicators who can understand crucial information are considered more innovative than 
those who do not.  
 
Technological Innovativeness 

Innovation acceptance in a given field represents people’s acceptance of innovation in a specific 
category of products and services (Chao et al., 2016), which affects their willingness to accept 
innovations and changes in the category (Gatignon & Roberson, 1985). Innovation acceptance is 
therefore defined as the tendency to learn about and adopt specific products or services. In this study, 
we measured the degree of acceptance of AI in a field in which participants were going to provide 
services. People inclined toward technological innovativeness adopt and accept new technologies 
earlier than do other people, and they are more motivated than others are to learn about and accept 
new technology. That is the concept of hierarchical innovation degree (Hur et al., 2017). 

 
Overall, the hierarchical innovation is based on the degree of abstraction in relation to innovative 

concepts. Innovativeness in specific fields refers to the innovativeness of people in fields that they 
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are interested in or in fields that they specialize in. In this study, we evaluated whether graduating 
students accepted the adoption of innovative AI applications in workplaces related to their fields. 
Thus, global innovativeness and innovativeness in specific fields were the two concepts included in 
the research framework of this study. 
 
Innovation Resistance 

Ram (1987) proposed the concept of innovation resistance, which refers to a user’s resistance 
toward the changes induced by innovation. Notably, innovation resistance is not the opposite of 
innovation adoption. Adoption occurs only when a user’s initial resistance is overcome. Thus, if the 
innovation resistance is high in the early stage of an innovation, the innovation might not be adopted. 
Furthermore, innovation adoption and innovation resistance can coexist. Sheth (1982) indicated that 
when users face barriers in using an innovation, they resist using or become unwilling to use the 
innovation. Ram and Sheth (1989) divided the barriers faced by users when using innovations into 
functional barriers and psychological barriers. Functional barriers are related to usage, value, and risk, 
whereas psychological barriers are related to tradition and image.  
 
Affinity for Information Technology Devices 
   McLuhan (1964) proposed the notion of information technology tendency. However, they only 
considered hardware products with relevant software, such as computers, tablets, and cellphones, as 
information technology. Bruner and Kumar (2007) defined information technology lovers (gadget 
lovers) as consumers with a high degree of willingness to use high-tech products and services 
autonomously. Gadget lovers are a unique user type: they are more willing than the general public to 
use advanced technology early, and compared with people with other personality traits, gadget lovers 
are more likely to affect others’ views on innovation. Studies have indicated that people with the 
aforementioned trait enjoy learning how to operate high-tech products and are highly willing to 
understand the operational theories of such products. 
 

Attitudes Toward AI 
New employees generally accumulate work skills by learning from their mentors under the 

mentor–apprentice system and through practical experience. Initially, new employees must spend 
some time to accumulate sufficient capabilities and work experience. If employees believe that they 
can use AI-based technologies to increase their work efficiency and productivity and reduce the need 
for daily repetitive tasks, they would hold a positive rational attitude toward the incorporation of AI 
in the workplace. By contrast, if employees believe that AI-based technologies would prevent them 
from fully understanding their work, prevent them from performing tasks appropriately, generate 
various risks, and affect their employment, they would hold a negative rational attitude toward the 
incorporation of AI in the workplace. If employees believe that AI is complex but can assist them in 
upgrading their skills, generating revolutionary innovations, and achieving rapid professional growth, 
they would have a positive emotional attitudes toward AI adoption in the workplace. However, if the 
incorporation of AI in the workplace induces negative emotions in employees and prompts concern 



 6 

about job security, they would have a negative emotional attitude toward AI adoption in the 
workplace (Zhu et al., 2020) 

 
In summary, employees’ attitudes toward AI can change in the rational and emotional dimensions. 

Rational attitudes are based on logical assessments of the function and potential of AI, whereas 
emotional attitudes are based on emotions, not deep and careful thinking. Typically, people with a 
rational attitude consider the incorporation of AI in the workplace as a means to create professional 
and commercial value, whereas those with an emotional attitude hold a humanistic concern regarding 
the replacement of human labor by AI. 

 
METHODS 

Conceptual Framework 
On the basis of our literature review and following the definition by Zue et al.(2020). we designated 

attitudes toward AI as the dependent variable and categorized this attitude from the definition by Zue 
et al.to simply concentrate on rationality and sensibility. The degree of global innovation and gadget 
loving served as the independent variables in this study, and the four innovation resistance barriers 
served as the moderating variables. We propose the following hypotheses: 

 
H1: Global innovativeness has a significant influence on gadget loving. 
H2: Gadget loving has a significant positive influence on attitudes toward AI. 
H3: Global innovativeness has a significant positive influence on attitudes toward AI. 
H4: Innovation resistance has a significant moderating effect on the relationship between 

gadget loving and attitudes toward AI. 
H5: Innovation resistance has a significant moderating effect on the relationship between 

global innovativeness and attitudes toward AI. 
 
Data Collection 

By conducting a survey, we collected data from a university with nearly 2000 fresh graduates a 
year in southern Taiwan. The surveyed individuals comprised graduates from 4-year undergraduate 
programs, 2-year undergraduate programs, and master programs. Before the survey, we conducted a 
pretest with 50 current students to verify the reliability and validity of the questionnaire. Based on 
the pretest results, some items were deleted to produce the final questionnaire. A link to the 
questionnaire on Google Forms was sent to the registered email addresses of new graduates in June 
2022 in batches. 

 
Because the research targets were new graduates who planned to find a job, those who were 

planning to pursue further study, delay graduation, or serve in the army were excluded from the 
mailing list. Before completing the questionnaire, the respondents watched a 3-min video on how the 
broad application of AI in various industries might cause technological unemployment. A total of 950 
emails with the survey link were sent, and 230 questionnaires were retrieved; thus, the response rate 
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was 24%. After item missing, incomplete and invalid questionnaires were excluded, 201 
questionnaires remained for analysis.  

 
Of the respondents, 66 were men and 135 were women. Most of the respondents were students 

from the 4-year undergraduate program of the School of Nursing. Most of the respondents spent over 
8 hr a day using computer, communication, and consumer electronics (3C) products. Most of the 
respondents obtained information on innovative technology from the news. Regarding the 
respondents’ willingness to use innovative gadgets, most of them based their decisions on other users’ 
comments.  
 
Questionnaire design 

We adopted a structured questionnaire for data collection. The reliability and validity of the 
questionnaire were reviewed by three experts in information management. The questionnaire 
contained two parts. The first part consisted of items measuring demographic information (sex, age, 
education, time spent using 3C products, source of technology information, and willingness to use 
innovative gadgets). The second part focused on the measurement of the main variables: the four 
types of innovation resistance—namely usage barrier, value barrier, risk barrier, and traditional 
barrier—as well as global innovativeness and gadget loving (comprising two constructs: gadget 
loving and technological innovation). Finally, the respondents’ attitudes toward AI were surveyed 
using two scales: the rationality scale and sensibility scale. The respondents used a 5-point Likert 
scale to rate each item, with 1 indicating strongly agree and 5 indicating strongly disagree.  

  
Research Tool 

The scales used in this study were based on relevant scales with favorable reliability and validity, 
which were modified according to the findings of our literature review and our research goals. The 
scales used to measure the main constructs in this study are described in the following sections.  

 
Innovation resistance 

The Innovation Resistance scale was based on the scales developed by Laukkanen and 
Kiviniemi (2010) and Rammile and Nel (2012). On the basis of the purpose of this study, the 
factor titled the resistance to mobile banks in these scales was changed to the resistance to AI. 
The Innovation Resistance scale consisted of four constructs, namely usage barrier, value barrier, 
risk barrier, and traditional barrier. A higher score on this scale represents stronger resistance 
and thus greater barriers.  

 
Global innovativeness 

The Global Innovativeness scale contained seven items and was based on the Revised 
Opinion Leadership Scale developed by King and Summers (1970). We changed the factor titled 
the understanding of TV to the grasp of information related to AI applications to determine 
whether the respondents could obtain more information on AI applications in the workplace than 
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from exchanges in social systems to express their degree of innovation of mindset. we also 
explore the respondents’ personal traits, being open to new things, and if the respondents can be 
early adopters of innovative technology.  

  
Gadget loving 

The Gadget Loving scale was based on the Gadget Lover scale developed by Bruner and Kumar 
(2007). The Gadget Loving scale was used to measure the respondents’ preference for 
technology through two constructs, namely gadget loving and technological innovation. 
Following the pretest and a consistency evaluation, we excluded two items that did not meet the 
reliability criterion. A higher score on this scale indicates a higher motivation to try new products 
or services. 
 

Attitudes toward AI 
The Attitudes Toward AI scale consisted of seven items based on the rationality–sensibility 
scales developed by Ratchford (1987) and expanded by Putrevu and Lord (1994). The 
Attitudes Toward AI scale was used to measure the respondents’ knowledge of AI through two 
constructs: rationality and sensibility. A lower score for rationality or sensibility suggests a 
more rational or sensible attitude towards AI, respectively. 

 
DATA ANALYSIS 

Results of Measurement Model Analysis 
To assess whether our questionnaire could accurately investigate the relationship between the 

considered constructs, we used three indicators, namely Cronbach’s α, construct reliability (CR), and 
average variance extracted (AVE). In this study, the CR and Cronbach’s α values for all constructs 
were greater than 0.7 (consistent with the criteria of Hair et al. [2010]), which indicated that all the 
latent variables met the consistency standard. AVE is used to identify the percentage of variation that 
is measurable for each latent variable. AVE represents not only the reliability of judgments but also 
the discriminant validity of latent variables. Regarding the criterion for discriminant validity, the AVE 
value should be greater than 0.5 (Fornell & Lacker, 1981), and all the construct loadings should be 
greater than 0.7. In this study, all the AVE values were between 0.712 and 0.893, and all the construct 
CR values were greater than 0.7. The analysis results indicated that the measurement model used in 
this study was acceptable because the convergent validity criterion was met. To avoid non-response 
bias and ensure the representation of samples to support the use of the samples, the non-response bias 
test are also implement in the study. The samples were tested for evidence of non-response bias by 
applying the technique proposed by Armstrong and Overton (1977). According to this method, the 
201 responses were dived into two groups: those received early (junior college program and 4-year 
undergraduate program) and those received late (2-year program and graduate program. The 
Chisquare test showed that there were no significant differences between two groups in terms of 
source of technology information and 3C product’s experience of respondents. 
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Measurement Results 
 Table 1 presents the relationships of attitudes toward AI with the other main factors. Age had 

a significant negative relationship only with global innovativeness, which indicated that the higher 
the age, the lower was the global innovativeness score. All four innovation resistance subconstructs 
were negatively related to global innovativeness, gadget loving, technological innovation, and 
attitudes toward AI, which indicated that the stronger the resistance, the more negative was the 
(rational and sensible) perception of innovation and attitudes toward AI. 
 
Table 1  
Results of Correlation Analysis Between the Constructs 

Variables age a b c d e f g 

Usage barrier(a) 0.037 1       

Value barrier(b) -0.004 .607** 1      

Risk barrier€ -0.032 .171* .231** 1     

Traditional 
barrier (d) 

0.035 .296** .492** -.204** 1    

Global 
innovativen€(e) 

-.210** -0.074 0.060 0.101 0.021 1   

Gadget loving(f) -0.040 -.494** -.516** -.197** -.304** .236** 1  

Technological 
innovation(g) 

0.011 -.314** -.186** -0.004 -0.100 .363** .477** 1 

Attitudes toward 
AI 

-0.090 -.447** -.463** -.280** -.243** 0.103 .632** .326** 

*p < .05, **p < .01 

Next, significant different were observed between the sexes in terms of their global 
innovativeness, gadget loving, and technological innovation scores. The male graduates had higher 
scores for global innovativeness, gadget loving, and technological innovation, whereas the female 
graduates had higher scores for value barrier. The scores of traditional barrier, global innovativeness, 
and gadget loving differed significantly by study program. The post hoc test results indicated that the 
traditional barrier scores of the students of the 2-year undergraduate program were higher than those 
of the students of the graduate program and 4-year undergraduate program. The gadget loving scores 
of the students of the 4-year undergraduate program were higher than those of the students of the 2-
year undergraduate program. The global innovativeness scores of the students of the junior college 
program, 4-year undergraduate program, and 2-year undergraduate program were higher than those 
of the students of the graduate program. Graduates of different ages, from different schools, and with 
different 3C habits did not exhibit significant differences in their independent variable scores  

 
We subsequently applied hierarchical regression for hypothesis testing.  the independent 

variable is global innovativeness, whereas the dependent variable is gadget loving (with two 
constructs, namely gadget loving and technological innovation). The only control variable in the 
aforementioned analysis information is sex because the dependent variable only differed significantly 
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by sex. Model 2 indicated that the differences in global innovativeness and gadget loving were 
significant (F = 5.971, p < .000); therefore, H1 is supported.  
 

The only control variable included is sex. The independent variable in this table is gadget loving, 
whereas the dependent variable is attitudes toward AI. Model 4 revealed that attitudes toward AI was 
significantly different among graduates with different degrees of gadget loving (F = 14.551, p < .000). 
We examined the moderating effect of innovation resistance (i.e., usage barrier, value barrier, risk 
barrier, and traditional barrier) on the relationship between gadget loving and attitudes toward AI. 
According to Model 5, this effect was significant (F = 20.075, p < .000). The aforementioned results 
support H2 and H4. 

 
 Finally, consistent with our procedure in the preceding two analyses, we performed another 

analysis with sex as the control variable, global innovativeness as the independent variable, attitudes 
toward AI as the dependent variable, and innovation resistance as the moderating variable. Model 7 
revealed that attitudes toward AI was not significantly different between different levels of global 
innovativeness. However, Model 8 indicated that if the moderating effect of innovation resistance 
was considered, the model and interaction term were statistically significant (F = 9.878, p < .000), 
which confirmed that innovation resistance had a significant moderating effect on the relationship 
between global innovativeness and attitudes toward AI. Therefore, H3 and H5 are supported. All of 
the hypothesis test results are summarized in Table 2. 
 
Table 2  
Results of Hypothesis Testing 

Research hypotheses Results 
H1 Global innovativeness has a significant influence on gadget loving Supported 
H2 Gadget love has a significant positive influence on attitudes toward 

AI 
Supported 

H3 Global innovativeness has a significant positive influence on 
attitudes toward AI 

Supported 

H4 Innovation resistance has a significant moderating effect on the 
relationship between gadget-loving and attitudes toward AI 

Supported 

H5 Innovation resistance has a significant moderating effect on the 
relationship between global innovativeness and attitudes toward AI 

Supported 

 
CONCLUSION AND IMPLICATIONS 

AI is a business application with considerable potential, and it has demonstrated its value in 
various industries. Through the analysis of big data and the use of dynamic self-improving algorithms, 
AI can handle numerous repetitive tasks rapidly and thus help organizations reduce costs and increase 
productivity. However, AI might also represent a threat to organizations because of passive employee 
resistance, thus negating the benefits of AI and reducing team cohesiveness. Because people are key 
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components of organizations, people’s differences and uniqueness of humans sets them apart from 
AI. Rationalizing the combination of AI and human characteristics is the key factor for industrial 
development in the future. 

 
Due to the training resources limited and the rising turnover rate of the employee, human 

resource managers often feel reluctant to spend more time developing employees, and instead, they 
hope can find "ready-to-play anytime" employees in each recruitment. Therefore, artificial 
intelligence is bound to become a trend in the occupation market, managers must understand 
candidates' attitudes toward artificial intelligence earlier, and listen carefully to whether they feel 
irrational concerns about artificial intelligence in order to find suitable employees.  

 
For existing employees, after understanding the mentality of employees, managers can also take 

the initiative to hold some discussion meetings to understand the concerns or joys of employees after 
the introduction of artificial intelligence into business processes, and to understand their future of 
artificial intelligence. Imagine that when employees respond to some questions from Bubukou, it can 
also reveal employees' rational or emotional attitudes towards artificial intelligence. With these data, 
managers can introduce different education and training according to different objects. 

 
To sum up, this study extent the scope of application of innovation resistance theory. Through 

the results of the study, we revealed that new graduates’ characteristics in terms of innovation and 
gadget loving can help them develop a positive and fearless attitude. However, new graduates’ 
resistance to innovation might also influence their attitudes toward AI because they might have doubts 
and thus oppose AI. Our findings have some management implications. Managers should pay 
attention to relevant AI applications, and how to make use of them to improve the business quality 
and raise income. Meanwhile, it is also very important to improve current employees’ understanding 
of AI and strengthen current employees’ ability to apply AI. 

 
New employees play can play crucial roles in organizations. Their positive attitudes can be a 

catalyst for the future development of the organization. Organizations that wish to excel in the present 
high-tech environment will have to apply AI broadly to replace repetitive and basic tasks. New 
employees in such organizations must know how to coexist with AI to increase their competitive 
advantage and survive in their workplaces. Thus, the present findings can also serve as a reference 
for human resources personnel to evaluate new employees.  

 
This study has some limitations that represent opportunities for future research. All the 

respondents of this study were new graduates from the same university, and the link to the online 
questionnaire was sent to their email addresses; however, their participation was voluntary. 
Consequently, the response rate was relatively low. Future research can explore differences among 
students of different backgrounds or differences caused by other factors. For example, urban schools 
might have more resources for AI applications than do rural schools. The influence of such resource 
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allocation on graduates’ attitudes toward AI merits examination. Moreover, studies can examine 
whether graduates with different majors have different perceptions of AI. Finally, by using the data 
of graduates from alumni employment surveys, researchers can compare graduates’ acceptance and 
knowledge of AI immediately following graduation with those 3–5 years after graduation. 
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