
Wahpiyudin et al. Journal of Consumer Sciences (2025), 10(1), 27-58 
DOI: https://doi.org/10.29244/jcs.10.1.27-58 

 

27 

 

CONSUMER BEHAVIOR | RESEARCH ARTICLE 
 

Determining AI-Based Learning Adoption Model for Students 

in Entrepreneurship Education: A Design Thinking Approach 
 

Cep Abdul Baasith Wahpiyudin1*), Sabda Alam Muhammadan1, Riska Amalia1, Adelia 

Chrisanta1, Asep Taryana1  

 

Background: Student interest in entrepreneurial pursuits remains low, despite the significant 

contributions of entrepreneurship to economic growth. 

Purpose: This study investigates the factors influencing IPB students' interest in adopting AI-based 

entrepreneurship learning through the lens of design thinking, emphasizing the role of 

communication methods and their impact on motivation and attitudes. 

Methods: This study adopts a mixed-method design, combining quantitative and qualitative 

approaches. Quantitative data were collected via an online survey from 173 IPB students, with 

166 valid responses after data cleaning. Quantitative analysis was conducted using descriptive 

statistics (SPSS 25) and Partial Least Squares Structural Equation Modeling (PLS-SEM). The 

qualitative aspect involved a SCAMPER analysis within the design thinking framework to explore 

AI integration in entrepreneurship education. The PICOS framework was applied to explore the 

factors influencing AI adoption in higher education comprehensively. This mixed-method approach 

provides a holistic understanding of AI adoption in educational contexts. 

Findings: Results indicate that learning motivation significantly affects students' intentions to 

engage with AI-based systems, positively impacting attitudes toward AI. Perceived ease of use also 

positively influences learning motivation and perceived usefulness, although perceived usefulness 

does not directly impact learning motivation. Additionally, interpersonal interactions and mass 

media positively influence attitudes and perceived usefulness, while awareness does not have a 

significant effect. 

Conclusion: Expanding AI adoption in entrepreneurship education requires strategic 

communication, mainly focusing on Design Thinking’s empathize phase to understand student 

challenges. By iteratively proposing AI tools through the prototype phase, institutions can develop 

user-friendly, engaging solutions tailored to student needs, fostering higher adoption and 

engagement in entrepreneurship learning. 

Research implication: These insights suggest that targeted communication strategies, including 

design thinking principles, can support broader AI adoption, enhance students’ entrepreneurial 

learning experiences, and foster a new generation of tech-savvy entrepreneurs. 
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 PUBLIC INTEREST STATEMENT 

This research addresses the challenges associated with 

adopting AI-based learning in entrepreneurship education, 

specifically among students at IPB University. Despite AI’s 

potential to enhance entrepreneurial skills, adoption rates 

are hindered by issues such as a limited understanding of 

AI functionalities, perceived complexity, and the need for 

more accessible training resources.  

 

Additionally, a lack of awareness regarding AI's practical 

applications in business impacts students' motivation to 

engage with these tools. By examining these barriers and 

identifying effective communication channels, this study 

provides insights for educational institutions on supporting 

AI integration, ultimately fostering a more tech-savvy 

generation of entrepreneurs. 
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1. Introduction 

 

Entrepreneurship has long been recognized as a critical driver of economic growth and 

technological innovation, catalyzing efficiency, productivity, and competitiveness across 

industries (Sagar et al., 2023). It serves as a pivotal mechanism for sustainable 

development, fostering job creation, economic diversification, and the integration of 

advanced technologies into business operations. According to Crudu (2019), 

entrepreneurial activity, particularly the Total Early-stage Entrepreneurial Activity (TEA) 

innovation rate, is positively associated with higher economic development and income 

levels. In developed nations, entrepreneurship is typically driven by opportunities for 

enhancement and innovation rather than necessity, establishing it as a fundamental 

contributor to resilience and economic growth. However, merely increasing 

entrepreneurial endeavors does not automatically lead to economic growth; the quality 

and innovative potential of these ventures drive meaningful contributions (Crudu, 2019). 

 

University students hold a strategic role as emerging leaders with significant potential in 

the entrepreneurial landscape. As the future workforce, they possess the capacity to 

create jobs and leverage cutting-edge technologies for entrepreneurial growth and 

transformation. Research highlights their critical role in founding start-ups and 

strengthening entrepreneurial ecosystems. For instance, Galvão et al. (2020) underscore 

students’ ability to foster a culture of innovation, impacting communities and industries. 

Nabi et al. (2017) argued that students are well-positioned to drive sustainable economic 

change with their blend of knowledge, innovation, and resources. This reinforces the 

importance of entrepreneurship education in equipping students with competencies for 

a rapidly evolving global economy. Apostu et al. (2024), Blanco-González et al. (2024), 

Bardales-Cárdenas et al. (2024), and Syed et al. (2024) further assert that improving 

entrepreneurship education is crucial to bridging the gap between students’ potential 

and their actual contributions to economic development. 

 

Despite this potential, a significant gap exists between students’ entrepreneurial 

potential and engagement. Studies reveal that students' interest in entrepreneurship 

remains low despite efforts to improve teaching methods (Sari & Hairunisya, 2022). 

Entrepreneurship in Indonesia is relatively low compared to other countries, with high 

unemployment among educated individuals (Lestari, 2023). Students from accounting 

and management programs are only categorized as "Quite Potential" in terms of 

entrepreneurial character (Prasetiawan et al., 2021). Other studies emphasize the 

importance of social support and achievement drive in fostering entrepreneurial interest 

(Primandaru, 2017). While self-efficacy and technopreneurship literacy positively 

influence entrepreneurial interest, barriers such as limited skills (Saputra et al., 2021) 

and restricted financial access (Rusu et al., 2022) hinder students from pursuing 

entrepreneurship. Addressing these barriers requires a comprehensive approach to 

mitigate both practical and psychological challenges, empowering students to engage in 

entrepreneurial activities. 

 

Artificial intelligence (AI) has emerged as a transformative tool to reshape the 

entrepreneurial landscape by reducing traditional barriers to entry. Vocke et al. (2019) 

found that AI technologies enhance operational efficiency and provide sophisticated tools 

for market analysis, inventory management, and customer relationship management. 

Ahmed and Ganapathy (2021) argue that AI simplifies access to critical information and 

training, enabling aspiring entrepreneurs to develop business skills effectively. AI 

applications in financial technology extend funding opportunities through micro-loans 

and AI-powered credit assessments, democratizing access to business capital (Kshetri, 

2021). Additionally, AI-driven education introduces opportunities for personalized 

learning, aligning educational experiences with students' needs. 
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Despite extensive research on AI adoption, gaps remain in understanding how 

communication channels influence students’ interest in using AI for entrepreneurial 

learning (Chai et al., 2020; Chou et al., 2022; Sayaf et al., 2022; Labrague et al., 2023; 

Li, 2023). By integrating TAM, TPB, and Communication Channel Model, alongside design 

thinking and SEM, the research provides a framework for AI adoption, equipping students 

with tools to thrive as innovative entrepreneurs in a technology-driven economy. 

 

2.  Literature Review  

 

2.1  Theory of Planned Behavior (TPB) 

 

The Theory of Planned Behavior is a key framework for understanding individual 

intentions and behaviors, emphasizing three core factors: attitude toward the behavior, 

subjective norms, and perceived behavioral control (Ajzen, 1991). These components 

directly influence behavioral intentions, which, in turn, predict actual behavior (Ajzen, 

1985). Attitude reflects an individual’s evaluation of behavior, where positive attitudes 

generally lead to a stronger intent to perform the behavior, especially when new 

technology is involved. Subjective norms capture perceived social pressures, with 

research by Simamora and Djamaludin (2020) highlighting their significant impact on 

technology adoption. Perceived behavioral control refers to the ease or difficulty in 

performing the behavior, shaped by resources, knowledge, and experience (Hagger et 

al., 2022). Internal psychological factors, such as motivation and locus of control, also 

influence behavioral intentions. Putri and Simanjuntak (2020) found that individuals with 

strong motivation and a sense of control over their actions are more proactive in decision-

making, reinforcing the role of psychological readiness. In this study, TPB serves as the 

theoretical foundation for exploring IPB University students’ intentions to adopt AI-based 

learning tools in entrepreneurship. By examining students’ attitudes, subjective norms, 

and perceived behavioral control, TPB offers valuable insights into the factors motivating 

students to embrace AI in education. 

 

2.2  Technology Acceptance Model (TAM) 

 

The Technology Acceptance Model (TAM), developed by Davis (1989), is essential for 

understanding technology adoption in organizational, professional, and educational 

contexts. TAM emphasizes two key constructs: perceived usefulness and perceived ease 

of use, both critical in shaping users' intentions to engage with new technologies. 

Perceived usefulness refers to the belief that technology enhances performance or helps 

achieve goals, with its relevance being especially important in education (Davis et al., 

1989). In this study, it reflects students’ perceptions of AI tools’ ability to improve 

entrepreneurship education. Perceived ease of use, in turn, refers to how intuitive and 

user-friendly technology is. According to TAM, technologies perceived as easy to use face 

fewer barriers to adoption (Davis, 1989). In this context, it pertains to how students 

perceive the accessibility of AI tools in their learning environment. Thus, TAM provides a 

framework for understanding how perceptions of technology’s usefulness and ease of use 

influence students' motivations and intentions, particularly in adopting AI tools in 

entrepreneurship education. 

 

2.3  Design Thinking and Its Influence on AI-Based Learning Formulation Strategies 

 

Design Thinking has emerged as a leading user-centered framework for addressing 

complex problems in various fields, particularly in educational contexts where 

adaptability and personalization are critical (Mirra & Pugnale, 2022). Characterized by 

empathy, ideation, and iterative prototyping, design thinking strongly emphasizes 
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understanding and addressing user needs. This approach is highly relevant to AI 

integration in education, as it aligns well with AI technologies' adaptability and 

customization potential. Studies by Cautela et al. (2019) and Tang et al. (2022) 

demonstrate that incorporating Design Thinking into AI-based educational strategies 

enhances engagement and interaction, ultimately leading to more effective learning 

outcomes. 

 

In the context of this study, design thinking is applied to ensure that AI-based learning 

tools for entrepreneurship education are functional, intuitive, engaging, and responsive 

to students’ needs. The iterative design thinking process of understanding students’ 

preferences, generating ideas, and prototyping solutions is essential in fostering an AI 

learning environment aligned with students’ expectations, thereby promoting greater 

satisfaction, engagement, and motivation to use AI for educational purposes. 

 

2.4  Communication Channels 

 

Communication channels, such as interpersonal communication, mass media, and 

awareness campaigns, are vital in promoting technology adoption by disseminating 

information, building trust, and reinforcing positive attitudes (Tran & Corner, 2016; 

Madjdian et al., 2024). Interpersonal communication, including peer discussions, mentor-

mentee relationships, and collaborative interactions, fosters familiarity and relatability, 

shaping attitudes toward new technologies. Public health and educational campaigns 

have successfully used interpersonal communication to enhance understanding and 

encourage adoption (Shah & Wei, 2022; Karletsos et al., 2021). Meanwhile, mass media 

increases public awareness and familiarity with technologies, providing a broad 

foundation that can later be contextualized through interpersonal interactions, as seen 

in mobile banking or food safety campaigns (Cummings & Ingber, 2024; Horowitz et al., 

2024). 

 

Awareness campaigns integrate interpersonal and mass communication to communicate 

a technology’s benefits effectively. Integrated efforts, such as breast cancer awareness 

and domestic violence prevention, have proven successful by combining broad media 

outreach with personalized, targeted impact (Cardoso et al., 2023; Dzidzornu et al., 

2024). In digital marketing, structured communication strategies enhance brand 

engagement and loyalty (Bowden & Mirzaei, 2021). This study investigates how these 

communication channels influence students' attitudes and perceptions of AI-based 

learning tools in entrepreneurship education. By analyzing their individual and collective 

impact, the research provides valuable insights for designing effective communication 

strategies that promote adopting and sustained use of educational technologies to foster 

skill development and career readiness (Bowden & Mirzaei, 2021; Shah & Wei, 2022). 

 

2.5  Previous Research Supporting Hypotheses 

 

2.5.1  Effect of learning motivation on behavioral intention towards AI-Based systems 

 

Learning motivation significantly influences the adoption of AI-based systems in 

education. According to TPB, the drive to achieve academic goals and social pressures 

from peers and educators shape students' intention to use technology (Ajzen, 1985; 

Ajzen, 1991). Motivated learners value AI tools for skill enhancement and academic 

success (AlGerafi et al., 2023). This aligns with TAM, which highlights that intrinsically 

motivated individuals perceive technology as essential for learning (Davis, 1989; Hubert 

et al., 2019). 
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In entrepreneurial education, students actively utilize AI to develop competencies and 

remain competitive (Apostu et al., 2024; Blanco-González et al., 2024; Bardales-

Cárdenas et al., 2024; Syed et al., 2024). Learning motivation fosters engagement with 

AI systems, reinforcing their role as vital tools for academic and professional growth 

(Winkler et al., 2023). Based on these findings, the hypothesis is proposed as follows: 

 

H1:  Learning motivation has a significant positive effect on behavioral intention towards 

AI-based systems. 

 

2.5.2  The Effect of Attitude toward AI-Based Systems on Learning Motivation 

 

Attitudes toward technology play a crucial role in shaping students' motivation, 

particularly in educational settings, where the perceived relevance and utility of tools 

like AI significantly influence engagement. In line with the Technology Acceptance Model 

(TAM), positive attitudes serve as a primary driver of both motivation and behavioral 

intentions, with students who view AI favorably being more likely to integrate it into 

their academic practices (Davis, 1989). Studies by AlGerafi et al. (2023) support this 

view, showing that students with favorable attitudes toward AI-based systems exhibit 

higher motivation and engagement, viewing AI as a valuable tool for academic 

achievement and skill enhancement. This perception drives students to explore and 

adopt AI, aligning the technology with their academic and personal goals (Li, 2023). 

 

Favorable attitudes toward AI also create a learning environment where students feel 

confident navigating the technology, fostering intrinsic motivation. Roy et al. (2022) 

found that students who view AI positively are more motivated to interact with AI tools, 

seeing them as integral to success. This positive disposition encourages curiosity and 

reinforces motivation, as students perceive AI as essential to their academic progress. As 

students gain confidence in using AI and explore its advanced features (Ahmed & 

Ganapathy, 2021), their engagement deepens, reinforcing TAM’s assertion that positive 

attitudes lead to sustained use and satisfaction. Overall, a constructive attitude toward 

AI fosters lasting motivation, encouraging students to fully embrace AI systems as 

essential components of their educational journey. Based on these insights, the following 

hypothesis is proposed: 

 

H2: Attitude toward AI-based systems has a significant positive effect on learning 

motivation. 

 

2.5.3  The Effect of Perceived Usefulness on Learning Motivation 

 

Perceived usefulness, a key component of the Technology Acceptance Model (TAM), 

significantly influences technology adoption by shaping students' motivation to integrate 

tools that enhance performance and academic success (Davis, 1989). In educational 

contexts, students are more likely to adopt AI-based systems when they perceive these 

tools as valuable for improving efficiency and supporting skill acquisition. Research by 

Mohr and Kühl (2021) supports this, showing that students motivated by AI’s perceived 

academic and career benefits are more inclined to engage with these tools, integrating 

them into their routines to streamline workloads and enhance entrepreneurial skills. This 

aligns with TAM’s premise that perceived usefulness drives motivation and engagement 

(Davis et al., 1989; Rokhim et al., 2022). 

 

Perceived usefulness also fosters sustained technology use by enhancing students' 

motivation and attitudes toward continuous engagement. Studies by AlGerafi et al. 

(2023) reveal that students motivated by AI’s usefulness, such as personalized feedback 

and interactive learning, are more likely to explore and continuously use these tools. 
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This is especially crucial in entrepreneurial education, where AI tools offering business 

simulations and data-driven insights align with students’ goals, further driving deeper 

engagement (Deshpande et al., 2024). By demonstrating its value in achieving both 

immediate and long-term academic goals, perceived usefulness plays a central role in 

sustaining students’ motivation and ensuring ongoing technology adoption (Ahmed & 

Ganapathy, 2021; Nedeljković & Petrović, 2023; Almulla, 2024). Based on these insights, 

the following hypothesis is proposed: 

 

H3: Perceived Usefulness has a significant positive effect on Learning Motivation. 

 

2.5.4  The Effect of Perceived Ease of Use on Learning Motivation 

 

Perceived ease of use, as outlined by the Technology Acceptance Model (TAM), refers to 

the extent to which individuals believe a technology is effortless and user-friendly (Davis, 

1989). In educational contexts, this concept is crucial as students prioritize tools that 

are accessible and intuitive. Technologies perceived as easy to navigate reduce cognitive 

load, allowing students to focus on learning rather than dealing with technical 

challenges. This simplicity fosters confidence, positively influencing motivation to adopt 

and engage with the technology (Elkaseh et al., 2016; Deshpande et al., 2024). Research 

by AlGerafi et al. (2023) supports this, showing that students who find AI tools intuitive 

and user-friendly exhibit higher engagement levels, aligning with TAM’s assertion that 

straightforward technologies are more likely to be adopted and consistently used (Davis 

et al., 1989). 

 

Additionally, reducing cognitive demand by providing user-friendly technologies supports 

theories that emphasize cognitive load as a motivational factor. Students using AI tools 

with minimal obstacles feel more competent and effective, enhancing intrinsic 

motivation (Gupta, 2020; Nedeljković & Petrović, 2023; Almulla, 2024). This positive 

dynamic encourages long-term use as accessible AI tools become integral to students' 

educational experiences. By streamlining the adoption process, perceived ease of use 

fosters sustained motivation, supporting students in their academic success and 

reinforcing the role of technology in achieving educational goals. Based on these insights, 

the following hypothesis is proposed: 

 

H4: Perceived ease of use has a significant positive effect on learning motivation 

 

2.5.5 The Effect of Communication Channels (Interpersonal Communication, Mass 

Media, Awareness) on Attitude toward AI-Based Systems 

 

Communication channels, such as interpersonal communication, mass media, and 

awareness, play a crucial role in shaping students' attitudes toward adopting new 

technologies. Interpersonal communication, particularly with peers sharing similar 

academic or professional goals, helps students exchange relatable experiences, fostering 

a supportive environment that encourages favorable views toward AI. Research by 

Mannan et al. (2017) shows that interactions with experienced peers enhance positive 

attitudes by validating technology's utility, making adoption seem more approachable. 

This is supported by Deepa and Baral (2022), who highlight the importance of integrated 

communication in shaping internal attitudes and creating a coherent environment within 

educational institutions.  

 

Mass media also significantly influences attitudes by broadening exposure to AI and its 

benefits. Tran and Corner (2016) argue that mass media amplifies awareness, especially 

with informative campaigns, fostering a continuous stream of positive portrayals that 

reinforce favorable perceptions of AI. Studies by Chou et al. (2022) and Sicilia and 
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Palazón (2023) emphasize that consistent mass media messaging enhances engagement 

and positive attitudes, ensuring reliable information about complex innovations like AI. 

 

Awareness, cultivated through interpersonal communication and mass media, further 

strengthens students’ attitudes by clearly understanding AI’s potential. Increased 

awareness demystifies technology, reducing resistance and promoting a positive outlook. 

Lee and Chung (2023) highlight the importance of transparency and credibility in media 

communication, which applies to education by promoting trustworthy information about 

AI. Research by Uribe et al. (2022) also suggests that exposure to credible media and 

trusted influencers boosts positive attitudes toward technology. Together, these 

communication channels foster familiarity and clarity, helping students view AI as a 

valuable academic tool rather than a complication, thus reinforcing positive attitudes 

toward its adoption. Based on previous studies, the following hypotheses are proposed: 

 

H5:  Interpersonal communication significantly positively affects attitudes toward AI-

based systems. 

H6:  Mass media significantly positively affects attitudes toward AI-based systems. 

H7:  Awareness has a significant positive effect on attitudes toward AI-based systems. 

 

2.5.6 The Effect of Communication Channels (Interpersonal Communication, Mass 

Media, Awareness) on Perceived Usefulness 

 

Effective communication channels are essential in shaping students’ perceptions of a 

technology's usefulness, especially in academic settings where the relevance and 

practical utility of a technology are key factors in adoption. Interpersonal communication 

plays a critical role by allowing students to discuss the advantages of AI-based systems 

with peers and mentors, fostering a deeper understanding of how these tools can enhance 

academic performance. Hubert et al. (2019) found that students who engaged in 

discussions about AI's applications were more likely to perceive it as useful, as these 

conversations provided firsthand insights into the technology's capabilities and its 

relevance to educational goals. Deepa and Baral (2022) further emphasize that effective 

communication integration creates an environment of trust and attraction, reinforcing 

positive perceptions of new technology. Mass media also significantly influences 

perceived usefulness by exposing students to various applications and benefits of AI. 

Shang et al. (2021) highlight that media campaigns that present concrete examples of 

AI’s practical benefits enhance students’ perceptions, particularly in contexts where 

efficiency and academic success are prioritized. Hsieh and Lee (2021) argue that the 

social and informational richness of media communications influences perceptions of AI's 

usefulness, further supporting adoption. 

 

Through interpersonal communication and mass media, awareness amplifies perceived 

usefulness by helping students understand AI’s potential benefits. With greater 

awareness, students are better positioned to recognize the value AI adds to their learning 

processes. Yen (2023) found that increased awareness of integrated platform capabilities 

leads to stronger perceptions of usefulness and sustained engagement. This 

understanding encourages students to view AI as a tool that facilitates goal achievement 

and improves academic performance, motivating them to adopt and engage with AI-

based systems. Based on previous studies, the following hypotheses are proposed: 

 

H8:  Interpersonal communication has a significant positive effect on perceived 

usefulness. 

H9:  Mass media has a significant positive effect on perceived usefulness. 

H10: Awareness has a significant positive effect on perceived usefulness. 
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2.5.7 The Effect of Communication Channels (Interpersonal Communication, Mass 

Media, Awareness) on Perceived Ease of Use 

 

Communication channels also play a pivotal role in influencing students' perceptions of 

ease of use, particularly in shaping familiarity and reducing perceived complexity. 

Interpersonal communication with experienced users can make technology more 

accessible by providing hands-on insights and practical advice. For example, Mannan et 

al. (2017) found that students who discuss AI with knowledgeable peers better 

understand its functionalities, reducing apprehension and increasing perceived ease of 

use. 

 

Mass media and awareness initiatives also demystify AI by breaking down its complexity, 

enabling students to view it as a more user-friendly option for academic purposes. Kumar 

and Singh (2022) explain that exposure to simplified demonstrations and relatable 

content in media can alleviate concerns about technological challenges. By fostering 

familiarity, media channels help students perceive AI as intuitive and accessible, thus 

encouraging adoption. Awareness campaigns that educate students on the 

straightforward aspects of AI can further increase perceived ease of use, making the 

technology more approachable and encouraging positive engagement (Gonzalez & de la 

Torre, 2020; Miller & Hwang 2022; Alharbi & Alzahrani, 2023; Baker & Inventado, 2023). 

Based on previous studies, the following hypotheses are proposed: 

 

H11:  Interpersonal communication significantly positively affects perceived ease of use. 

H12:  Mass media significantly positively affects perceived ease of use. 

H13:  Awareness has a significant positive effect on perceived ease of use. 

 

2.5.8  The Effect of Perceived Ease of Use on Perceived Usefulness 

 

The relationship between perceived ease of use and perceived usefulness is central to 

the Technology Acceptance Model (TAM), as technologies that are easy to use are often 

seen as more valuable. When students find AI intuitive, they are more likely to perceive 

it as a helpful tool for achieving their learning goals (Roy et al., 2022). Research on IoT 

systems and mobile commerce confirms that easy-to-use technologies reduce cognitive 

strain and increase perceived usefulness (Dong et al., 2017; Pipitwanichakarn & 

Wongtada, 2021). Similarly, studies in online teaching demonstrate that accessible 

technologies are perceived as more valuable by instructors (Barua & Urme, 2023). 

 

This principle extends to various fields. Intuitive system design in hospitality reduces 

resistance to new technologies, enhancing their perceived value (Kim et al., 2023). 

Simple interfaces in mobile apps, mobile payments, and digital marketing also strengthen 

perceived usefulness, driving user engagement and loyalty (Stocchi et al., 2019; Kalinić 

et al., 2020; Mafe & Blas, 2010; Duffett & Maraule, 2023). Ease of use encourages initial 

adoption and sustains long-term engagement, aligning with TAM’s assertion that ease of 

use facilitates a seamless user experience, which, in turn, enhances the perceived value 

of the technology (Davis, 1989). Based on previous studies, the following hypothesis is 

proposed: 

 

H14:  Perceived ease of use has a significant positive effect on perceived usefulness. 
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3.  Conceptual Framework  

 

The conceptual framework in Figure 1 combines three foundational theories: TPB, TAM, 

and the Communication Channels Model. It explains the factors influencing students' 

behavioral intention to adopt AI-based learning systems. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Conceptual framework of behavioral intention towards AI-based systems in 

learning, influenced by communication channels, perceived usefulness, 

perceived ease of use, attitudes, and learning motivation 

 

The hypotheses of this study are as follows: 

H1:  Learning Motivation has a significant positive effect on behavioral intention toward 

AI-based systems. 

H2:  Attitude towards AI-based systems significantly positively affects learning 

motivation. 

H3:   Perceived usefulness has a significant positive effect on learning motivation. 

H4:   Perceived ease of use has a significant positive effect on learning motivation. 

H5:   Interpersonal communication significantly positively affects attitudes toward 

 AI-based systems. 

H6:   Mass media significantly positively affects attitudes toward AI-based systems. 

H7:   Awareness has a significant positive effect on attitude toward AI-based systems. 

H8: Interpersonal communication has a significant positive effect on perceived 

usefulness. 

H9:   Mass media has a significant positive effect on perceived usefulness. 

H10:  Awareness has a significant positive effect on perceived usefulness. 

H11:  Interpersonal communication significantly positively affects perceived ease of use. 

H12:  Mass media significantly positively affects perceived ease of use. 

H13:  Awareness has a significant positive effect on perceived ease of use. 

H14:  Perceived ease of use has a significant positive effect on perceived usefulness. 
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4.   Methods 

 

4.1  Research Design  

 

This study employs a mixed-methods design, combining quantitative and qualitative 

approaches to examine causal relationships among communication channels 

(interpersonal, mass media, awareness), perceived ease of use, perceived usefulness, 

attitude toward AI-based systems, learning motivation, and behavioral intention to adopt 

AI-based systems in education. Data collection primarily uses an online survey analyzed 

through Structural Equation Modeling (SEM) to measure variable relationships. 

The research is grounded in the Technology Acceptance Model (TAM), the Theory of 

Planned Behavior (TPB), and the Communication Channels Model, offering a robust 

framework for understanding technology adoption in higher education. 

Additionally, the SCAMPER framework supports qualitative analysis, exploring how AI can 

enhance entrepreneurship education by fostering innovative teaching methods. This 

complements quantitative findings and provides richer insights into AI integration. The 

study also adopts the PICOS framework to holistically examine factors influencing AI 

adoption, ensuring a comprehensive understanding of the research problem. 

 

4.2  Sampling  

 

The target population consists of university students in West Java who are enrolled in 

entrepreneurship programs. A purposive sampling method was used to ensure that 

participants met the criteria relevant to the study’s focus on entrepreneurial learning 

and AI adoption. This non-probability sampling technique allowed for selecting 

individuals with specific characteristics central to the research. 

 

The inclusion criteria were: (1) Indonesian citizenship, (2) active enrollment at IPB 

University (undergraduate, graduate, and doctoral levels), (3) current or past 

participation in entrepreneurship or business-related learning, and (4) a clear interest in 

pursuing entrepreneurship as a career. 

 

The sample size was determined based on the requirements for Structural Equation 

Modeling (SEM), which recommends a minimum of 100 respondents for reliable path 

analysis (Hair et al., 2017). Initially, 173 responses were gathered; after data cleaning to 

remove duplicates and incomplete responses, the final sample size was 166, resulting in 

a response rate of 95.9% ((166/173) x 100%). 

 

4.3  Measurement  

 

This study measured constructs using multi-item scales adapted from validated sources, 

with responses on a four-point Likert scale (1 = strongly disagree to 4 = strongly agree). 

Constructs included interpersonal communication, mass media, awareness, perceived 

ease of use, perceived usefulness, attitude toward AI-based systems, learning 

motivation, and behavioral intention. Table 1 summarizes each construct's definitions, 

indicators, and reliability metrics, including Cronbach’s Alpha, rho_A, CR, and AVE. 
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Table 1. Operational definitions, indicators, and reliability of study variables 

Variables & 

Operational 
Definition 

Indicators Sources 
Cronbach’s 

Alpha 
rho_A 

Composite 

Reliability 
AVE 

Interpersonal (IC) 

Information and 

recommendations 
from close contacts 

about AI-based 

systems. 
 

IC1: Information 

from close 

contacts 
(friends, family). 

Mannan 

et al., 

2017 

1.000 1.000 1.000 1.000 

Mass Media (MM) 

AI-based system 

information through 
mass media like TV, 

newspapers, or 

internet. 
 

MM1: AI 

information via 

mass media. 

Mannan 

et al., 

2017 

1.000 1.000 1.000 1.000 

Awareness (AW) 

General awareness 
of AI-based systems 

facilitated by 

educational 

outreach. 
 

AW1: Awareness 

fostered through 
institutional 

promotions. 

Mannan 

et al., 
2017 

1.000 1.000 1.000 1.000 

Perceived Ease of 

Use (PEOU) 
Perceived simplicity 

of using AI-based 

systems for learning 
purposes. 

 

PEOU1 - PEOU5: 

Statements on 
ease of learning 

and using AI 

tools. 

Li, 2023 0.936 0.937 0.951 0.796 

Perceived 

Usefulness (PU) 
The belief that AI-

based systems will 

enhance learning 
efficiency. 

PU1 - PU5: 

Statements on 
the utility of AI 

for educational 

purposes. 

Li, 2023 0.915 0.916 0.937 0.748 

Attitude toward AI 

(Att) 

Positive or negative 
evaluation of AI-

based systems for 

learning. 
 

ATT1 - ATT4: 

General 

attitudes toward 
AI in education. 

Li, 2023 0.858 0.866 0.903 0.698 

Learning Motivation 

(LM) 
Motivation based on 

interest, goal 

achievement, and 

subjective norms 
toward AI-based 

learning. 

 

MT1 - MT4 (Goal 

Achievement); 
Min3 - MinB4 

(Interest); NS1 - 

NS6 (Subjective 

Norms). 

Li, 2023 0.954 0.956 0.962 0.763 

Behavioral 

Intention (BI) 

Likelihood of 

adopting and 
recommending AI-

based learning 

systems. 

Beln1 - Beln4: 

Intention to use 

and recommend 

AI for learning. 

Li, 2023 0.932 0.945 0.952 0.833 

 

The measurement model's reliability and validity were rigorously evaluated. Reliability 

was confirmed with Cronbach’s Alpha, rho_A, and Composite Reliability (CR), all 

exceeding 0.7, indicating internal consistency, with Cronbach’s Alpha values above 0.8 

for strong reliability (Hair et al., 2017). Convergent validity was supported by Average 

Variance Extracted (AVE) values above 0.5, confirming that indicators accurately 

represent their constructs (Hair et al., 2019).  

 

The structural model’s predictive power was demonstrated by R-squared (R²) values: 

perceived usefulness (0.763), perceived ease of use (0.561), learning motivation 

(0.848), behavioral intention (0.492), and attitude toward AI-based systems (0.558), 
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reflecting moderate to high explanatory power. These metrics affirm the model's 

robustness, ensuring a strong foundation for hypothesis testing. 

 

4.4  Data Collection  

 

Primary data were collected via an online survey distributed through Google Forms, 

with links shared on WhatsApp Groups and Instagram to ensure accessibility among the 

target demographic. The survey was open for three weeks, from September 12 to 

October 4, 2024, allowing ample time for participant engagement. 

 

Participants received information about the study’s purpose, confidentiality 

assurances, and the voluntary nature of their participation. Secondary data were 

gathered from reputable sources, including academic journals and government reports, 

to provide contextual support and background for primary data interpretation. After 

data cleaning to remove duplicates and incomplete responses, the final sample 

comprised 166 valid entries. 

 

4.5 Data Analysis  

 

Data analysis combined descriptive and inferential statistics. Descriptive analysis using 

SPSS 25.0 summarized demographic data and response distributions, while hypothesis 

testing employed Structural Equation Modeling (SEM) with Partial Least Squares (PLS) 

in version 4.0, suited for exploratory studies and complex models (Sohaib & Han, 2023). 

The analysis included two stages: measurement model assessment, which evaluated 

reliability and validity through indicator loadings (≥ 0.7), Cronbach’s Alpha, Composite 

Reliability, and AVE values, and structural model assessment, which tested 

hypothesized relationships using path coefficients, t-values, and R-squared values. This 

comprehensive approach confirms the robustness of the conceptual model and provides 

insights into the influence of communication channels, perceptions, attitudes, 

motivation, and behavioral intentions on AI adoption in entrepreneurial education. 

 

5.  Findings  

 

5.1  Demographic Profile and Familiarity with AI in Entrepreneurship Education 

 

The analysis of respondents’ demographics and their familiarity with AI shows a 

predominantly young, tech-savvy group, with a significant portion (64.5%) aged 18-24. 

Most respondents (64.5%) are at least somewhat familiar with AI, with 55.4% already using 

AI tools in their education. While confidence in AI’s potential for entrepreneurship is 

moderate to high (54.2% moderate, 30.1% high), half of the participants indicated a need 

for more understanding before fully adopting AI, suggesting a gap in readiness despite 

general awareness and interest in its benefits (Table 2). 

 

5.2  Motivational Drivers, Barriers, and Learning Preferences for AI Adoption 

 

Motivations for AI adoption in entrepreneurship highlight creativity (18.9%) and efficiency 

(18.7%) as major drivers, with respondents also valuing AI’s ability to improve marketing 

(16%) and other operational aspects. Barriers include a lack of understanding (55.4%) and 

difficulty using AI (46.4%), signaling a need for clearer educational resources and user-

friendly tools. A significant portion of respondents (40.9%) also expressed the need for 

structured training.  
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In terms of learning preferences, interactive learning modules (63.3%) and practical video 

tutorials (48.2%) were most favored, suggesting a preference for hands-on, applied 

learning experiences. Key motivators for adoption include ease of use (66.3%) and 

relevance to business needs (57.2%), with institutional support also seen as important 

(45.2%) (Table 2). 

 

5.3  Insights from the Design Thinking Process and Future Recommendations 

 

The preferences for interactive, practical, and real-world project-based learning align 

with design thinking principles, emphasizing a human-centered, problem-solving 

approach. Future educational strategies should focus on providing accessible, relevant, 

and practical AI applications that directly address business needs. Integrating user-

friendly technology interfaces, structured mentorship, and applied learning experiences 

are recommended to enhance AI adoption and support students in realizing AI’s full 

potential in entrepreneurship (Table 2). 

 

Table 2. Distribution of respondents by gender, age range, and understanding of the 

concept of artificial intelligence (AI) in the context of entrepreneurship 

learning 

Variables Total Percentage 
Insights from the Design Thinking 

Process 

Gender n/a 

Male 65 39.2  
Female 101 60.8  

Age n/a 

18-24 years old 107 64.5  
25-34 years old 51 30.7  

35-44 years old 8 4.8  

Level of Familiarity with AI Concepts n/a 

Very unfamiliar  4 2.4  
Not familiar 55 33.1  

Familiar 64 38.6  

Very Familiar 43 25.9  
AI Usage Rate for Learning n/a 

entrepreneurship    

Never heard of or used AI 23 13.9  

Have heard of but have not used 51 30.7  
Already using and learning 92 55.4  

Level of confidence in the benefits of 

use  

  n/a 

Not Sure 26 15.7  

Sure 90 54.2  

Very confident 50 30.1  
Readiness to adopt the use of AI 

applications  

   

Not ready 8 4.8  

Need to learn first 83 50.0 Simple training is required before 
being ready 

Very ready 75 45.2  

Reasons for being interested in using 
AI 

   

Get creative ideas for product or 

service development 

85 18.9 AI supports creativity in idea 

development 
Improve efficiency and 

productivity in managing business 

84 18.7 AI improves business efficiency and 

productivity 

Improve marketing and branding 

strategies 

72 16.0 Facilitate marketing and branding 

strategies 
Manage projects and tasks more 

efficiently 

62 13.8  

Improve sales and customer 
service strategies 

58 12.9  

Improve content and writing 

quality 

37 8.3  

Improve visual communication and 
presentation 

33 7.4  

Strengthen the labor recruitment 

process 

18 4.0  
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Table 2. Distribution of respondents by gender, age range, and understanding of the 

concept of artificial intelligence (AI) in the context of entrepreneurship 

learning (Continue) 

Variables Total Percentage 
Insights from the Design Thinking 

Process 

Major barriers faced in using AI    
 Lack of understanding of how AI 

works 

92 55.4 AI is considered difficult to 

understand by students 

The perception that AI is difficult 

to use 

77 46.4 Perceived difficulty in using AI is still 

a major obstacle 
Lack of available training or 

guidance 

68 40.9 Simple guidance or training is 

required 

Uncertainty regarding the cost of 
AI implementation 

43 25.9 AI implementation cost concerns 

Concerns about data privacy and 

security 

39 23.5 Privacy and data security concerns 

are a concern for students 
The main problems faced by students 

related to AI 

   

Lack of understanding of 

technology 

92 55.4 The biggest barrier is a low 

understanding of AI 
Limited time to learn AI 64 38.6 Time constraints are also a common 

problem 

Cost and access to AI technology 43 25.9  AI implementation cost is a 
significant concern 

Factors that increase motivation to 

learn entrepreneurship through AI 

   

Ease of use of AI 110 66.3 The ease of use of AI motivates 
students to learn more 

Direct relevance to the business 95 57.2 If AI is perceived as relevant to 

business needs, motivation increases 
Support from institutions or 

mentors 

75 45.2 Support from mentors or institutions 

is important to increase motivation 

Clarity of direct benefits from AI 70 42.2 Students need to see the tangible 
benefits of AI to increase motivation 

Lack of understanding of how AI 

works 

92 55.4 AI is considered difficult to 

understand by students 

The perception that AI is difficult 
to use 

77 46.4 Perceived difficulty in using AI is still 
a major obstacle 

Lack of available training or 

guidance 

68 40.9 Simple guidance or training is 

required 
Uncertainty regarding the cost of 

AI implementation 

43 25.9 AI implementation cost concerns 

Concerns about data privacy and 

security 

39 23.5 Privacy and data security concerns 

are a concern for students 
Preferences for the Ideal Form of 

Entrepreneurship Learning through AI 

   

Interactive learning module 105 63.3 Learning modules should be the 
primary focus 

Practical video tutorials 80 48.2 Video tutorials as popular support 

Real project-based case studies 75 45.2 Case studies with real projects are in 
high demand 

Group discussion and question-and-

answer 

58 34.9 In-depth discussions and interactions 

are also required 

Simulation of AI usage 53 31.9 Practical simulation of the use of AI 
is also considered important 

Notes: n/a=not applicable 

 

5.4  Outer Model Test Results 

 

The outer model evaluation consists of three stages to ensure reliability and validity. 

First, model fit is assessed using indices from three categories: absolute (SRMR, RMSEA, 

GFI), incremental (AGFI, NFI, CFI, RFI), and parsimonious (PGFI). The model fit is deemed 

good, forming a solid foundation for further analysis. 

 

Second, the measurement model fit is evaluated by validating indicators. Invalid 

indicators were removed, particularly those for learning motivation (SN1-SN6). 

Convergent validity, assessed via Average Variance Extracted (AVE), exceeded the 

threshold (>0.50), and construct reliability (CR) confirmed internal consistency, with all 

constructs surpassing the reliability threshold (>0.7). 
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Third, the structural model fit is tested by examining hypotheses through path 

coefficients and t-values in the SEM. All t-values exceeded 1.96, confirming statistically 

significant relationships. These findings validate the model's structural integrity, 

confirming the hypothesized relationships within the data. A visual representation in 

Figure 2 further supports the model's robustness. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Measurement Model Test Results 

 

5.5  Structural Model Test Results (Inner Model) 

 
The structural model, also known as the inner model, was evaluated following the 

confirmation of an acceptable outer model. This inner model assessment was performed 

using key metrics within Smart-PLS, including the coefficient of determination (R²) and 

the path coefficient or t-value. The R² values indicate the degree of variance explained 

by the independent variables for each endogenous variable. Specifically, the R² values 

for each variable are as follows: behavioral intention (0.368), attitude (0.560), learning 

motivation (0.874), perceived ease of use (0.561), and perceived usefulness (0.763). 

These values suggest a substantial amount of variance explained, particularly in learning 

motivation and perceived usefulness, underscoring the strength of the model. 

 

The model’s Goodness of Fit (GOF) was calculated using the Q² value, which was 0.9964, 

indicating excellent predictive capability. The significant R² values and high Q² confirm 

the model’s robustness and relevance for research and practical applications. This study 

employed a one-tailed hypothesis approach, with a significance threshold t-value set at 

1.96. Analysis in Smart-PLS revealed the following results: the first hypothesis (H1), 

which postulated that learning motivation—encompassing interest, goal attainment, and 

subjective norms—positively influences behavioral intention toward AI-based systems, 

was confirmed. This is evidenced by a path coefficient of 0.607 and a t-value of 8.986, 

demonstrating a substantial positive impact of learning motivation on the sintention to 

use AI. Similarly, the second hypothesis (H2), asserting that a positive attitude towards 

AI significantly enhances learning motivation, was validated with a path coefficient of 

Interpersonal 

Mass Media 

Awareness 

Attitude 
Towards 

AI-
Based 

System 

Perceived 

Usefulness 

Perceived 

Ease of Use 

Learning 

Motivation 

Behavior
Intention 
Towards 
AI-based 

System 

10.664 

 

5.448 

 

1.037 

 

4.212 

 

5.448 

 

6.420 

5.631 

 

3.908 

 

0.451 

 

4.542 

 

0.002 

 

3.852 

8.288 0.440 
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0.723 and a t-value of 10.664, further emphasizing the influence of attitudes on 

motivation. 

 

In contrast, the third hypothesis (H3) was rejected, suggesting that perceived usefulness 

negatively impacts learning motivation. The data showed no significant effect, as 

indicated by a path coefficient of -0.076 and a t-value of 1.037. Conversely, hypothesis 

four (H4), relating to the positive effect of perceived ease of use on learning motivation, 

was accepted, with a path coefficient of 0.321 and a t-value of 4.212, underscoring that 

ease of use positively contributes to motivation. 

 

Subsequent hypotheses five (H5) and six (H6), which propose that interpersonal 

communication and mass media positively affect attitudes toward AI-based systems, 

were both accepted. Interpersonal communication showed a path coefficient of 0.384 

with a t-value of 4.542, while mass media demonstrated a path coefficient of 0.441 with 

a t-value of 5.448. These findings underscore the importance of communication channels 

in shaping attitudes toward AI. However, hypothesis seven (H7), which posited that 

awareness positively influences attitudes toward AI-based systems, was rejected (path 

coefficient = 0.000, t-value = 0.002), indicating no significant effect of awareness on 

attitudes. The results of the estimation of the direct effect of these variables on the 

Structural Equation Modeling (SEM) model are presented in detail in Table 3. 

 

Table 3. Estimation results of direct effects on the SEM model 

Pathway Variables 
Path 

Coefficient 

T-

values 

P-

values 
Conclusion 

Learning Motivation -> Behavioral 

Intention Towards AI-based System 

0.607 8.986 0.000* Significant 

Attitude Towards AI-based System -

> Learning Motivation 

0.723 10.664 0.000* Significant 

Perceived Usefulness -> Learning 

Motivation 

-0.076 1.037 0.300 Insignificant 

Perceived Ease of Use -> Learning 

Motivation 

0.321 4.212 0.000* Significant 

Interpersonal -> Attitude towards 

AI-based System 

0.384 4.542 0.000* Significant 

Mass Media -> Attitude towards AI-

based System 

0.441 5.448 0.000* Significant 

Awareness -> Attitude towards AI-

based System 

0.000 0.002 0.998 Insignificant 

Interpersonal -> Perceived 

Usefulness 

0.366 5.631 0.000* Significant 

Mass Media -> Perceived Usefulness 0.233 3.908 0.000* Significant 

Awareness -> Perceived Usefulness -0.038 0.451 0.652 Insignificant 

Interpersonal -> Perceived Ease of 

Use 

0.287 3.852 0.000* Significant 

Mass Media -> Perceived Ease of Use 0.574 8.288 0.000* Significant 

Awareness -> Perceived Ease of Use -0.053 0.440 0.660 Insignificant 

Perceived to Use -> Perceived 

Usefulness 

0.424 6.420 0.000* Significant 

Note: *significant at p<0.05 

 

Hypotheses eight (H8) and nine (H9), asserting that interpersonal communication and 

mass media positively impact perceived usefulness, were confirmed, with respective 

path coefficients of 0.366 (t-value = 5.631) and 0.233 (t-value = 3.908). However, 

hypothesis ten (H10) on the effect of awareness on perceived usefulness was not 
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supported (path coefficient = -0.038, t-value = 0.451). Similarly, hypotheses eleven (H11) 

and twelve (H12), which posit positive effects of interpersonal communication and mass 

media on perceived ease of use, were both accepted, as reflected in path coefficients of 

0.287 (t-value = 3.852) and 0.574 (t-value = 8.288), respectively. Hypothesis thirteen 

(H13), which suggests a positive effect of awareness on perceived ease of use, was 

rejected (path coefficient = -0.053, t-value = 0.440), indicating that awareness does not 

significantly impact ease of use perceptions. Finally, hypothesis fourteen (H14), asserting 

that perceived ease of use positively affects perceived usefulness, was confirmed, as 

evidenced by a path coefficient of 0.424 and a t-value of 6.420.  

 

5.6  SCAMPER Analysis Based on Design Thinking for AI Integration in 

Entrepreneurship Education 

 

The SCAMPER analysis offers a structured approach to enhancing AI integration in 

entrepreneurship education by focusing on practical, hands-on learning tailored to 

student needs. By substituting traditional methods with AI-driven, interactive e-learning 

modules, students engage with dynamic content that adapts based on their progress, 

increasing engagement and retention. A four-week pilot with a small group of students 

demonstrated the platform’s effectiveness in maintaining interest and ensuring 

comprehension. 

 

The "Combine" element integrates AI tutorials within business strategy modules, allowing 

students to use tools like predictive analytics in real-world case studies, enhancing their 

strategic decision-making skills. Success was measured by students' ability to apply AI 

insights in projects, which industry mentors assessed.  

 

Adaptation is achieved by offering modules at varying difficulty levels, ensuring that 

content matches students’ expertise. Post-module surveys track students' skill 

progression, ensuring content alignment with their needs. The "Modify" element 

incorporates project-based learning, where students tackle business challenges using AI, 

with their progress monitored through feedback. This approach prepares students to 

apply AI skills in real-world settings. 

 

The "Elimination" element streamlines theoretical content, prioritizing practical 

applications. Overly technical details are replaced with core principles and hands-on 

exercises, ensuring the curriculum remains accessible and relevant. Finally, the “Put to 

Another Use” element applies AI learning modules to simulate real-life startup 

challenges, allowing students to tackle sales forecasting and inventory management 

tasks. Performance is assessed by students' ability to complete these simulations 

successfully. 

 

The SCAMPER-based curriculum design provides a comprehensive, hands-on approach to 

AI integration in entrepreneurship education. This approach ensures students are well-

prepared for real-world challenges in AI-driven entrepreneurial environments by 

emphasizing practical applications and tailoring content to students' skill levels. 

 

6.    Discussion  

 

6.1  Demographic Profile and Familiarity with AI in Entrepreneurship Education 

 

This study provides key insights into the demographic distribution and engagement with 

AI in entrepreneurship education. The results highlight a predominance of female 

participants and a younger demographic, which suggests a favorable environment for AI 

adoption, as younger individuals tend to be more receptive to technological innovations 
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(Apostu et al., 2024; Blanco-González et al., 2024; Bardales-Cárdenas et al., 2024; Syed 

et al., 2024). Many respondents reported moderate to high familiarity with AI, reflecting 

growing interest in its use in business contexts. However, a knowledge gap remains, with 

many respondents expressing needing more education before fully adopting AI. This 

finding aligns with existing literature, which suggests that while awareness of AI’s 

benefits is increasing, practical implementation remains challenging (Radhakrishnan & 

Chattopadhyay, 2020). Educational institutions must focus on bridging this knowledge 

gap by developing interventions that improve students' understanding of AI technologies 

in entrepreneurship (AlGerafi et al., 2023). 

 

6.2  Motivational Drivers, Barriers, and Learning Preferences for AI Adoption 

 

The study identifies respondents' key motivations for AI adoption, focusing on fostering 

creativity in product development and enhancing business efficiency. This aligns with the 

findings by Wamba-Taguimdje et al. (2020) on AI’s role in innovation and operational 

excellence. Motivations also include improvements in marketing, project management, 

and customer service, underscoring the diverse applications of AI in entrepreneurship 

(Ahmed & Ganapathy, 2021). Despite this enthusiasm, barriers such as a lack of 

understanding of AI functionalities and perceiving AI as challenging to use highlight the 

need for simplified educational resources and user-friendly tools (Davis et al., 1989). 

Additionally, the absence of accessible training programs underscores the importance of 

structured support for effective AI adoption (Chai et al., 2020). Respondents strongly 

preferred interactive learning, practical video tutorials, and project-based case studies, 

indicating a demand for applied, engagement-driven educational formats to bridge the 

gap between theory and real-world business challenges (Hermann, 2022). 

 

6.3  Insights from the Design Thinking Process and Future Recommendations 

 

The findings highlight the relevance of the design thinking approach in creating AI-based 

learning solutions tailored to entrepreneurship students' needs. The empathize stage is 

crucial for understanding barriers such as limited AI knowledge, time constraints, and 

concerns about costs and data security (Fabri, 2015). In the define stage, key issues 

include enhancing students' motivation and acceptance of AI, with ease of use and real-

world relevance being central factors in encouraging engagement. Mentors and 

institutional support are also essential for building students' confidence in adopting AI. 

The ideate stage proposed interactive learning modules, video tutorials, and real-world 

project case studies as solutions to bridge the knowledge gap. In the prototype phase, 

the focus on user-friendly modules ensures accessibility for students from diverse 

backgrounds, with ongoing feedback allowing for continuous improvement. 

 

6.4  Structural Model Test Results 

 

The evaluation of the 14 hypotheses reveals intricate dynamics that impact students' 

intentions and attitudes toward AI technologies, emphasizing the multifaceted nature of 

these interactions. 

 

6.4.1 Learning Motivation and Behavioral Intention Towards AI-Based Systems 

 

The first hypothesis suggests that learning motivation significantly influences students' 

behavioral intentions toward AI adoption. Li (2023) affirms that students with higher 

intrinsic motivation, driven by personal interest and enjoyment, are likelier to engage 

with AI technologies. This motivation encourages exploration and enhances students' 

intentions to integrate AI into their learning practices. Rudhumbu (2022) supports this, 

showing that motivational factors, particularly learning motivation, are crucial in shaping 
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students' intentions to adopt educational technologies in blended learning contexts. This 

aligns with Ajzen's (1991) Theory of Planned Behavior, which emphasizes the importance 

of motivation in influencing behavioral intentions. 

 

6.4.2 Attitude towards AI-based and Learning Motivation 

 

Similarly, the second hypothesis examines the positive relationship between students' 

attitudes toward AI-based systems and their learning motivation. Acquah et al. (2024) 

prove that students with favorable perceptions of AI technologies are more motivated to 

engage with these systems. Li (2023) further elaborates that when students view AI as 

valuable and beneficial to their education, their motivation to learn increases. This is 

reinforced by Hariyono (2024), who highlights that students' positive attitudes, 

influenced by social factors and perceived value, enhance learning motivation. Lee et al. 

(2022) emphasize the reciprocal relationship between attitudes and motivation, 

suggesting that promoting positive perceptions of AI can significantly improve students' 

learning engagement and outcomes. 

 

6.4.3 Perceived Usefulness and Learning Motivation 

 

Conversely, the third hypothesis explored the anticipated effect between perceived 

usefulness and learning motivation. However, the findings indicate a lack of significant 

effect, suggesting that motivation may be influenced more by factors such as personal 

relevance and ease of integration into academic contexts. While previous studies 

emphasize that perceived usefulness typically drives motivation, such as Dabbous and 

Boustani (2023), who found that perceived usefulness fosters engagement by linking 

learning with tangible benefits, and Rokhim et al. (2022), who highlighted its role in 

learning management systems during the COVID-19 pandemic, the current study diverges. 

It suggests that while perceived usefulness is important in many contexts, its effect on 

motivation may vary depending on the students' perception of AI's relevance to their 

personal learning goals. This points to motivation's complex, multifaceted nature in 

educational AI integration. 

 

6.4.4 Perceived Ease and Learning Motivation 

 

The fourth hypothesis examined the effect of perceived ease of use on learning 

motivation, revealing a significant positive relationship. This suggests that when AI 

technologies are user-friendly, students are more motivated to engage with them. 

Previous studies support this, such as Elkaseh et al. (2016), who found that usability is 

essential for encouraging engagement with educational technologies by reducing 

cognitive effort. Deshpande et al. (2024) demonstrated that ease of use in e-learning 

platforms boosts motivation, particularly when aligned with career objectives. Similarly, 

Nedeljković and Petrović (2023) highlighted the importance of user-friendly systems for 

student motivation during the pandemic. In AI-based learning systems, Li (2023) 

confirmed that ease of use encourages positive behavioral intentions, making students 

more likely to engage confidently with AI tools. These findings collectively underscore 

the critical role of ease of use in supporting motivation, particularly in educational 

settings where user-friendly experiences align with students' learning goals. 

 

6.4.5 Interpersonal Communication on Attitude toward AI-based systems 

 

The fifth hypothesis explored the effect of interpersonal communication on attitudes 

toward AI-based systems, confirming a strong connection between positive peer 

interactions and favorable attitudes toward AI. Frequent, meaningful exchanges within 

trusted networks facilitate sharing of insights and clarifications, increasing comfort and 
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credibility regarding AI technologies (Byrd & Zhang, 2023). The data further reveal that 

network characteristics, such as tie strength and homophily, amplify this effect, as 

individuals are more receptive to favorable views on AI when conveyed by trusted peers 

(Chih et al., 2020). This aligns with the Cognitive-Affective-Behavioral (CAB) model, 

emphasizing how credible sources influence cognitive assessments, affective responses, 

and behavioral intentions. Additionally, shared cultural or academic contexts enhance 

the impact of interpersonal communication, reinforcing AI’s desirability within cohesive 

networks (Wang, 2022). These findings highlight the importance of interpersonal 

communication in fostering positive attitudes toward AI, particularly in supportive and 

culturally or academically aligned networks. 

 

6.4.6 Mass Media and Attitudes towards AI-based Systems 

 

The sixth hypothesis examined the effect of mass media on attitudes toward AI-based 

systems, confirming that favorable media representations significantly influence the 

acceptability of AI technology. Media, especially when portraying AI through relatable 

narratives and credible endorsements, makes the technology more accessible and 

relevant to daily life (Uribe et al., 2022). The findings also emphasize the role of digital 

media platforms, mainly social media, in fostering interactive engagement with AI 

content. Transparent portrayals of AI on these platforms enhance perceived 

trustworthiness and credibility, addressing concerns related to ethics and data security 

(Lee & Chung, 2023). Furthermore, traditional media sources like television and 

newspapers continue to shape public opinion by reinforcing AI’s safety and reliability. 

Together, these media forms contribute to a comprehensive public perception, 

highlighting the mass media’s crucial role in shaping attitudes toward AI adoption. 

  

6.4.7 Awareness and Attitude towards AI-based Systems 

 

In contrast, the seventh hypothesis suggested that awareness positively influences 

attitudes toward AI-based systems. However, the results reveal a more complex 

relationship, showing that while awareness contributes to familiarity with AI, it does not 

independently foster positive attitudes. Awareness, when not accompanied by 

engagement or more profound understanding, has limited influence on shaping favorable 

perceptions (Chou et al., 2022). The findings emphasize that experiential learning, which 

combines awareness with practical exposure, is crucial for developing positive attitudes. 

This aligns with Radhakrishnan and Chattopadhyay (2020), who highlight that experience-

based engagement enhances awareness and helps individuals grasp AI’s practical 

applications and ethical implications. Deepa and Baral (2022) also note that structured, 

hands-on experiences are more effective in shaping attitudes than passive information. 

Therefore, the results suggest that awareness alone is insufficient for fostering positive 

perceptions, with practical exposure playing a key role in transforming familiarity into a 

deeper, more informed understanding of AI's utility and ethical viability. 

 

6.4.8 Interpersonal Communication and Mass Media and Perceived Usefulness 

 

The eighth and ninth hypotheses explored the influence of interpersonal communication 

and mass media on perceived usefulness, with the findings confirming both hypotheses. 

Interpersonal communication facilitates personalized, context-specific discussions that 

enhance the relevance of AI by addressing individual concerns, reducing uncertainties, 

and increasing perceived applicability (Shang et al., 2021). Such peer-driven interactions 

resonate with students’ academic and professional goals, reinforcing the perceived 

usefulness of AI. In contrast, mass media provides a broader societal context for AI, 

amplifying its perceived utility through visual and narrative forms that reach a larger 

audience. Research suggests that media channels rich in content, such as video or 
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interactive formats, are particularly effective in illustrating AI’s complex functionalities, 

making the technology more accessible and relatable (Yen, 2023). This aligns with Hsieh 

and Lee (2021), who found that exposure to AI's capabilities through media can enhance 

perceived usefulness by showcasing its versatility across various domains. Interpersonal 

communication and mass media create a layered effect on perceived usefulness. While 

peer interactions offer tailored insights that make AI relevant within students' immediate 

environments, media exposure provides broader societal validation, illustrating AI’s 

practical applications in real-world contexts. This dual-channel influence strengthens 

students' perceptions of AI’s usefulness, reinforcing its value personally and within a 

wider societal framework. 

 

6.4.9 Awareness and Perceived Usefulness 

 

The tenth hypothesis examined the effect of awareness on perceived usefulness, 

revealing a non-significant effect, which suggests that increased awareness alone does 

not lead to strong perceptions of AI’s practical utility. This finding indicates that general 

awareness provides only an introductory understanding without connecting to specific 

practical applications. AlGerafi et al. (2023) note that while awareness offers a 

foundational overview, it often fails to translate into beliefs about usefulness without 

further engagement. Shin et al. (2024) emphasize that awareness is a broad knowledge 

framework, lacking the depth required to impact perceived usefulness. This distinction 

aligns with technology acceptance research, where perceived usefulness often develops 

when users engage with technology in ways that meet their personal needs and objectives 

(Deepa & Baral, 2022). Awareness alone does not provide the context to visualize how AI 

can serve specific roles in academic or professional settings. Yen (2023) supports this 

perspective, stating that perceived usefulness is strengthened when information is 

presented in real-life, applied contexts, making it easier for students to grasp AI’s 

practical implications.  

 

6.4.10 Interpersonal Communication and Mass Media and Perceived Ease of Use  

 

The eleventh and twelfth hypotheses examined the effect of interpersonal 

communication and mass media on perceived ease of use, with both hypotheses showing 

significant positive effects. The findings suggest that interpersonal communication and 

media exposure are pivotal in shaping students’ perceptions of AI’s usability. 

Interpersonal communication offers a direct, personalized approach, where interactions 

with peers or mentors allow students to gain context-specific insights, reducing 

ambiguity about AI tools. This fosters a sense of familiarity and approachability, as 

students can ask questions and receive tailored feedback (Deepa & Baral, 2022). The 

social learning also enables students to observe AI in use, demystifying the technology 

and enhancing perceptions of its ease of use (Shang et al., 2021).  

 

In contrast, mass media acts as a broad-reaching channel that complements interpersonal 

communication by presenting AI in diverse, relatable scenarios. Media representations, 

especially through visual and interactive content, help illustrate AI’s functionalities, 

reducing perceived complexity. Platforms such as video tutorials and interactive guides 

make AI appear more intuitive and accessible. Chou et al. (2022) highlight that media-

rich platforms increase perceived ease of use by offering practical, user-friendly 

narratives. This aligns with Hsieh and Lee’s (2021) finding that high-engagement media, 

such as video and interactive content, reduce cognitive load and simplify initial 

interactions with technology. Interpersonal communication and mass media together 

form a multi-dimensional framework, where interpersonal communication offers 

personalized support, while mass media reinforces AI's societal relevance, boosting 

students' confidence in using AI tools (Yen, 2023). 
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6.4.11 Awareness and Perceived Ease of Use 

 

The analysis indicates that awareness does not significantly affect perceived ease of use. 

Awareness provides only a basic understanding without the practical or experiential 

depth necessary to influence perceptions of ease of use (AlGerafi et al., 2023). This is 

supported by Mohr and Kühl (2021), who found that basic information about technology 

often leaves users with an abstract impression, failing to clarify how the technology can 

be applied in specific contexts. 

 

Research on technology acceptance highlights that perceived ease of use typically 

requires active engagement or contextual relevance, which awareness alone cannot 

provide (Madjdian et al., 2024). Awareness campaigns may broaden general 

understanding, but without practical elements demonstrating real-world applications, 

they do not foster familiarity or comfort with the technology. Thus, awareness remains 

an introductory stage that is insufficient to shape perceptions of ease of use without 

adding interactive experiences or context-specific applications. 

 

6.4.12 Perceived Ease of Use and Perceived Usefulness 

 

Lastly, the fourteenth hypothesis proposed that perceived ease of use positively impacts 

perceived usefulness, consistent with Davis's (1989) Technology Acceptance Model (TAM), 

which posits that usability reduces the cognitive effort required to adopt technology, 

thereby enhancing its perceived value (AlGerafi et al., 2023). Students who find AI 

technologies user-friendly are more likely to view them as beneficial for learning and 

entrepreneurial activities. 

 

Ease of use is a critical driver of perceived usefulness in technology adoption 

(Pipitwanichakarn & Wongtada, 2021). User-friendly designs lower both cognitive and 

practical barriers, enabling students to focus on exploring applications rather than 

overcoming operational difficulties (AlGerafi et al., 2023). This fosters positive 

perceptions of technology’s relevance and effectiveness (Deepa & Baral, 2022), while 

also reducing resistance and encouraging integration in contexts where initial hesitation 

may exist (Kim et al., 2023). 

 

The SEM analysis highlights the dynamic interplay between perceived ease of use, 

motivation, and attitudes, demonstrating that usability fosters intrinsic motivation and 

positive perceptions of usefulness, which is vital for sustained engagement with AI in 

entrepreneurship education (Duffett & Maraule, 2024). Intuitive designs that reduce 

cognitive load promote immediate appreciation of AI’s value, encouraging deeper 

integration into students' entrepreneurial activities (Kalinić et al., 2020). 

 

6.5  SCAMPER Analysis Based on Design Thinking for AI Integration in 

Entrepreneurship Education 

 

The SCAMPER framework—Substitute, Combine, Adapt, Modify, Eliminate, and Put to 

Another Use—offers a practical strategy to integrate AI into entrepreneurship education, 

fostering innovation and relevance. Substitute encourages replacing static lectures with 

AI-driven, adaptive e-learning platforms that personalize content to individual learning 

styles, enhancing engagement and retention (Ahmed & Ganapathy, 2021). Combining AI 

tools with business curricula enables students to apply AI in practical contexts like market 

analysis and customer segmentation, while mentorship enhances real-world relevance 

(Ahmed & Ganapathy, 2021). Adapt involves tailoring content to student expertise levels, 

from foundational AI concepts to advanced applications, ensuring inclusivity and 

confidence-building (Chai et al., 2020). Modify emphasizes project-based learning, 
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allowing students to design AI-driven solutions to business challenges and aligning 

education with industry demands (Dabbous & Boustani, 2023). Eliminate streamlines 

outdated content, prioritizing practical AI applications directly supporting 

entrepreneurial skills (Cautela et al., 2019). Finally, Put to Another Use employs AI tools 

in simulated startup scenarios, bridging theory and practice while preparing students for 

real-world challenges (Flavián et al., 2022). This structured approach ensures that AI 

integration remains student-centered, relevant, and aligned with modern 

entrepreneurial needs. 

 

6.6  Managerial Implications 

 

The findings of this study provide actionable insights for educational institutions, 

policymakers, and stakeholders in entrepreneurship education. As AI technologies 

become critical for innovation, curricula must integrate AI tools effectively while 

addressing identified barriers. Institutions should design practical, AI-focused learning 

experiences that align with entrepreneurial objectives, such as project-based activities 

to apply AI tools in real-world scenarios, fostering deeper engagement and retention 

(Ahmed & Ganapathy, 2021).  

 

To address barriers, institutions must provide structured training and workshops to 

enhance students’ confidence in using AI. Investments in user-friendly technologies can 

further promote accessibility, ensuring adoption across diverse technical backgrounds 

(Elkaseh et al., 2016). Supportive environments, including mentorship programs with 

industry experts, can bridge the gap between theoretical knowledge and practical 

application, positively influencing perceptions of AI (Chou et al., 2022). Peer 

collaboration through group projects and discussions can also improve attitudes toward 

AI, fostering a culture of shared learning and innovation (Kutter et al., 2011). 

 

Finally, providing practical exposure through internships, partnerships, and real-world 

projects will enhance students’ ability to utilize AI effectively in entrepreneurial 

contexts. This approach aligns with the importance of ease of use and perceived utility 

in technology adoption, ensuring students are well-prepared for AI-driven 

entrepreneurial challenges (Dabbous & Boustani, 2023). These strategies collectively 

emphasize the need for a holistic, hands-on approach to integrating AI into 

entrepreneurship education. 

 

6.7  Theoretical Contribution 

 

This research makes a substantial theoretical contribution to understanding AI adoption 

in education by integrating three frameworks: the Theory of Planned Behavior (TPB), the 

Technology Acceptance Model (TAM), and Design Thinking. These frameworks offer a 

holistic perspective on developing educational interventions to enhance AI adoption in 

entrepreneurship education. 

 

The TPB highlights the influence of intrinsic motivation on behavioral intentions, 

emphasizing that attitudes, subjective norms, and perceived behavioral control shape 

students’ intentions (Ajzen, 1991). This study reinforces TPB by demonstrating how 

positive attitudes toward AI, driven by engagement and practical relevance, significantly 

motivate students to adopt these technologies. Addressing motivational factors in 

curricula is essential for fostering successful AI adoption. 

 

The TAM framework complements this perspective by focusing on perceived ease of use 

and usefulness (Davis, 1989). Findings confirm that ease of use positively influences 

students’ motivation and intention to adopt AI. This research strengthens the theoretical 
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foundation for TAM’s application in fostering AI acceptance in entrepreneurship 

education by connecting these constructs to the educational context. 

 

Integrating Design Thinking further enriches this framework by emphasizing empathy, 

ideation, and prototyping in curriculum development. Through SCAMPER analysis, this 

study demonstrates how educators can iteratively adapt learning experiences to meet 

students’ needs, ensuring practical relevance and real-world problem-solving (Fabri, 

2015; Corrales-Estrada, 2020; Lee & Park, 2021). This user-centered approach aligns with 

the demand for dynamic, application-focused educational practices. 

 

6.8  Limitations 

 

Several limitations must be acknowledged. One significant limitation is the use of non-

probability sampling methods, which may impact the representativeness of the findings. 

As a result, the study's outcomes may not fully capture the diversity and variation within 

the broader population of students. This limitation constrains the generalizability of the 

findings and suggests that caution should be exercised when applying these results to 

different contexts or populations. Future research should consider employing probability 

sampling techniques to enhance the representativeness and robustness of the findings, 

thereby allowing for more comprehensive conclusions regarding AI adoption in 

educational settings. 

 

7. Conclusions  

 

This study investigates the adoption of artificial intelligence (AI) technologies in 

entrepreneurship education, uncovering key factors that shape students' engagement 

with AI. The analysis reveals that most respondents were female and aged between 18 

and 24, with a moderate to high understanding of AI concepts. A significant portion of 

the respondents had used or studied AI applications in business or entrepreneurship 

contexts. Despite recognizing the benefits of AI for entrepreneurship development, many 

students felt they needed a deeper understanding before fully adopting AI in their 

learning processes. 

 

The findings emphasize that intrinsic motivation, positive attitudes toward AI, and 

perceived ease of use are crucial drivers of students' intentions to adopt AI technologies. 

Students were primarily motivated to use AI for generating creative ideas in product or 

service development and improving efficiency and productivity in business management. 

They also viewed AI as beneficial for optimizing marketing strategies, managing tasks, 

improving sales, enhancing customer service, and refining content quality. 

 

Structural analysis reveals that learning motivation positively influences students' 

behavioral intentions to adopt AI-based systems. Students' attitudes toward AI also 

significantly impact their motivation. While perceived usefulness did not directly 

influence motivation, perceived ease of use had a strong positive effect. Interpersonal 

interactions and mass media played a significant role in shaping positive attitudes toward 

AI and perceived usefulness, although awareness alone did not significantly influence 

these variables. Additionally, perceived ease of use positively affected perceived 

usefulness. 

 

The SCAMPER analysis within the Design Thinking framework provides valuable strategies 

for integrating AI into entrepreneurship education. By leveraging the SCAMPER 

elements—Substitute, Combine, Adapt, Modify, Eliminate, and Put to Another Use—

educators can design innovative, engaging learning modules tailored to students' needs, 

facilitating a deeper understanding of AI applications. This iterative approach promotes 
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continuous improvement, allowing educators to refine teaching strategies based on 

student feedback and engagement. 

 

8.   Recommendation  

 

Based on these findings, several recommendations are made to guide future research. 

First, employing probability sampling techniques can improve the representativeness of 

results, offering a more accurate reflection of student diversity and their attitudes 

toward AI. Second, longitudinal studies should be conducted to capture changes in 

students' motivations and AI adoption over time, providing insights into the long-term 

impact of educational interventions. Third, exploring contextual factors across different 

educational settings through comparative studies can identify unique challenges and 

opportunities, informing curriculum design and policy development.  

 

Additionally, future research could expand by examining variables like cultural 

influences, prior technological exposure, and institutional support systems to gain a more 

comprehensive understanding of AI adoption. Investigating students' decision-making 

processes, preferences, and behavior patterns would offer valuable insights for 

developing targeted strategies. Lastly, evaluating the integration and usability of 

emerging AI tools in education will provide actionable recommendations for educators 

and policymakers. By addressing these areas, future research can deepen the 

understanding of AI adoption in education and support the development of strategies 

that prepare students for an AI-driven entrepreneurial landscape. 
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