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Abstract
[bookmark: _heading=h.gjdgxs]Purpose - This paper investigates the role exposure to digital fabrication technology plays in the development of students' entrepreneurial self-efficacy and intentions.

Design/Methodology/Approach - Data was collected from 131 students enrolled in a business administration undergraduate program at a large Midwestern university in the United States. Data was analyzed using confirmatory factor analysis and structural equation modeling.

Findings - Results provide evidence on how exposure to and hands on experience with digital manufacturing technology in universities can have a positive impact on students’ entrepreneurial self-efficacy and intentions to become entrepreneurs.

Practical Implications - Results support initiatives by business schools and entrepreneurship programs to invest in digital manufacturing technology as they help increase students’ confidence in their technological and entrepreneurial abilities.

Originality/Value - This is the first study that directly looks at the role that exposure to digital technology in a business and entrepreneurship education program has on students’ entrepreneurial self-efficacy and intentions.

Introduction
Digital technology and infrastructure (e.g., advanced manufacturing; additive manufacturing; augmented reality; simulation; cloud computing; industrial IoT; cyber security; and Big Data analytics and customer profiling) has been heralded in the popular press as a potentially transformative technology that will “change the world” (Economist, 2011) and integrate firm processes both vertically and horizontally (Ardito et al., 2019). 3-D printing, a method for creating physical objects from digital designs, building them out of many very thin layers of material (Hoy, 2013); IoT, a world-wide network of interconnected objects and Big Data, any set of data that, would require large capabilities in terms of storage space and time to be analyzed with traditional systems; are three digital technologies that many anticipate will accelerate innovation (Del Vecchio et al., 2018) boost new business opportunities (Ardito et al., 2018) and radically change how local manufacturing activities are organized (Petrick and Simpson, 2013; Despeisse et al., 2017). Digital technologies could also become a dominant source for innovation in academic entrepreneurship (Rippa and Secundo, 2018). Their infusion into various aspects of entrepreneurship has transformed the nature and how we deal with the uncertainty inherent in entrepreneurial processes, calling for careful consideration on how they shape entrepreneurial pursuits (Nambisan, 2017). This has created a host of important research questions at the intersection of digital technology and entrepreneurship that published work has yet to address.

In recent times, there has been a marked increase in calls for research on the objective, actor-independent factors that enable entrepreneurial activity (Davidsson, 2015; Nambisan, 2017; Ramoglou and Tsang, 2016; Shane, 2012). Digital technology is one such factor that serves as an external enabler and forms an inherent part of the entrepreneurial opportunity in terms of both the outcome as well as the process. For example, prior research has highlighted the entrepreneur–opportunity nexus, suggesting that the type and nature of a technology opportunity can be a determining element in the activation of the entrepreneurial process (Giones and Brem, 2017). von Briel et al. (2018), in a study of how and when digital technologies enable new venture creation processes, theorized that if a digital technology enables “broad, low-cost exploration of markets and technologies to detect potential demand, and development of ideas about serving such demand” (Bakker and Shepherd, 2017), those whose focused attention includes new technology and/or the possibility of engaging in start-ups will see immediate benefits. This is likely to trigger a particularly strong response in the number of independent attempts at venture creation. Digital artifacts may also lead to wider and socially accepted practices that in turn create broader market opportunities awaiting exploitation. Digitally empowered users engender future shaping practices to envision new entrepreneurial opportunities. From mundane and embedded exercises of everyday life, users build on their own experiences in the digital world to identify market needs (Kelestyn and Henfridsson, 2014).

Digital infrastructure technology tools and systems (e.g., cloud computing, online communities, digital makerspaces) that offer communication, collaboration, and/or computing capabilities to support innovation and entrepreneurship also lead to the democratization of entrepreneurship (Aldrich, 2014) and facilitate the breakdown of boundaries between its different phases. This impacts all stages of the entrepreneurial process, from opportunity exploration to concept testing to venture funding and launch (Nambisan, 2017). Entrepreneurial actions cease to be bounded by a set of activities and timeframes. Rather, entrepreneurs are called upon to chart more dynamic paths or trajectories facilitated by digital technologies, introducing greater levels of unpredictability and nonlinearity into the process (Huang et al., 2017). This new reality, the product of digital technology, means that existing studies that utilize traditional models and frameworks with relatively stable and fixed boundaries hold limited insights on entrepreneurial actions, behaviors and success (Nambisan, 2017). An increasingly digital world demands novel theorizing of how entrepreneurial opportunities are formed and enacted.

One context where digital technology has been quickly adopted is higher education. Universities, hoping to encourage the creation of technology focused startups that will boost economic growth, are investing heavily in new digital manufacturing technology that makes it easier for students, faculty and staff to bring their ideas to life and design and create prototypes rapidly with minimal resources (Mortara and Parisot, 2016). These investments are not restricted to engineering schools; digital technology is being purchased by research centers, business and design schools, laboratories and even academic libraries (Birtchnell et al., 2017) and made available to all students, staff and researchers (Pryor, 2014). In the case of business schools, the implicit assumption is that digital technologies enable product ideas and business models to be quickly formed and modified in repeated cycles of experimentation and implementation (Aldrich, 2014; Nambisan, 2017; Ries, 2011) and spur students to become entrepreneurs. Considerable studies have looked at the role entrepreneurship programs play in influencing entrepreneurial self-efficacy and intentions (Souitaris et al., 2007; Wu and Wu., 2008; Hassan et al., 2012; Solesvik, 2013; Zhang et al., 2014; Maresch et al. 2016; Barba-Sánchez et al., 2018), but very few (Kraus et al., 2018) address the effects of digital technology (Ghezzi and Cavallo, 2018; von Briel et al., 2018) and the role it plays in entrepreneurial pursuits. Those that have, have so far treated digital technology as a context for empirical work only (Nambisan, 2017). This means that even though digital technology impacts all stages of the entrepreneurial process we know very little on how it fits into and benefits business or entrepreneurship programs, if at all.

The goal of this study is to help fill this gap in the literature by studying how business and entrepreneurship education programs that embrace digital technologies shape entrepreneurial decisions and actions. Specifically, we hope to contribute by shedding some light on how access and exposure to digital infrastructure technology in higher education serves as an external enabler of opportunities that support the entrepreneurial process (Davidsson, 2015). Our study makes some valuable contributions to entrepreneurship and entrepreneurship education theory. First, it provides theoretical support, grounded in social-learning theory (Bandura, 1986), to the investments and resources being poured by business schools on the acquisition of digital infrastructure technology and the construction of “maker spaces” to house them. According to Nambisan (2017), “the adoption of appropriate theoretical perspectives that allow for the joint consideration of entrepreneur constructs and digital technology related constructs could help decipher the intermingling of human/social/institutional and material agency in entrepreneurial pursuits”. Second, a considerable number of studies that have looked at how entrepreneurship education programs influence entrepreneurial attitudes and intentions, but to our knowledge, this is the first that looks at whether entrepreneurship programs that insert a digital technology component have any positive benefits to entrepreneurial intentions. We thus heed the call made by Ghulam et al., (2017) and others to include greater pedagogical detail (Martin et al., 2013) in their studies to help us understand the impact of pedagogical design and method and broaden our understanding. In the case of this study, we look at how specific features of current entrepreneurial education programs impact student levels of entrepreneurial self-efficacy and under which conditions they exert positive effects (Gielnik et al., 2017).

This paper is organized as follows. Initially we present our theoretical framework and hypotheses are put forward (see Figure 1 for our conceptual model). Subsequently, we summarize our sample, the variables and results of our structural equation model analysis. Finally, in the discussion section, we link the findings with the wider entrepreneurship literature and highlight theoretical contributions and practical implications.

Insert Figure 1 Here

Theoretical background and hypotheses
Self-efficacy, a key element of Bandura’s (1977; 1978; 1986) social learning theory, refers to one’s belief in one’s capability to perform a specific task. Based on an individual’s self-perception of his skills and abilities, the concept reflects an individual’s innermost thoughts on whether he has the ability, as well as the belief, that he will be able to effectively convert his skills into a chosen outcome (Bandura, 1989; 1997). One especially relevant aspect of self-efficacy is that its task and domain specific (Bandura, 1989; 1992; 1997), meaning a person can have high self-efficacy in one area, but low self-efficacy in another. Accordingly, the concept of self-efficacy has been extensively employed to explain perceived career options, stated career preferences, and ultimately, career-oriented behaviors including entrepreneurship (Betz and Hackett, 1981, 1983; Hackett and Betz, 1981; Eccles, 1994). In this latter case, self-efficacy is related to perceived capabilities to manage innovation, risk, leadership, etc. Entrepreneurial self-efficacy (ESE) is defined as “the strength of a person’ belief that he or she is capable of successfully performing the various roles and tasks of entrepreneurship.” (Chen et al., 1998) and past studies (Boyd and Vozikis, 1994; Segal et al., 2002) have established that it influences entrepreneurial intentions (EI) and that those with higher levels of ESE have higher levels of entrepreneurial intentions (EI) (Krueger et al., 2000).

Since Rousseau (1961), progressive education theorists have been questioning the prevalent assumptions regarding the project of education, prescribing more experiential, student-centered approaches. This idea, that education should be more experiential and connected to real-world objects, was originally attributed to Dewey (1902) but has also been addressed by many other scholars and innovators (Freudenthal, 2012; Fröbel and Hailmann, 1901; Montessori, 1964; 1965; Von Glasersfeld, 1984; Blikstein, 2013). Bandura (1992) continues along these lines and suggests that self-confidence in our abilities to successfully perform specific tasks comes from four key sources: mastery experiences, modeling, social persuasion, and judgments of our own physiological states, or as Cox et al. (2002) put simply “learning by doing”. In students, different forms of learning by doing, such as providing opportunities in class to conduct feasibility studies, develop business plans, and participate in running a simulated or real business can potentially play an important role in developing ESE. In a study on the role teaching at universities plays in maximizing ESE, Koenig (2016) concludes that acknowledging informal learning is important for the development of entrepreneurial behavior, as well as employing communities of practice as a supplement to traditional teaching practices. Based on his results he suggests three points for integrating ESE into university education: the acknowledgment of the role of firsthand experience, the employment of experience-based learning and the introduction of practicing as a supplement for conventional teaching methods.

University “maker spaces”, where students, staff and faculty have free access to digital manufacturing software and equipment (eg. 3D printers, laser cutters & CNC routers) open up the opportunity to quickly develop, prototype and test ideas and provide access to all four of Bandura’s (1982) self-efficacy development mechanisms. For example, designing virtual models of product ideas and creating physical prototypes provides enactive mastery experiences. Working directly with programmers and product and industrial designers is an opportunity for vicarious learning. The feedback, evaluations and mentoring mentors provide serve as a form of social persuasion. Finally, their example and collaborations with others who also frequent the space, help expose students to the lifestyle and work experience of technology entrepreneurs, developing judgements of the students’ physiological state. The issue of concern is that these experiences are tailored to developing technological self-efficacy (TSE) and whether they have any impact on the development of ESE has not been considered. Particularly, contemporary research has not tested whether there exists a direct relationship between TSE and EI. If it doesn’t, it could mean that including a digital technology component in an entrepreneurship education program does little to encourage business students to head down the entrepreneurial path and those resources would be better spent elsewhere. Some indirect evidence exists to the benefits that technology-based education provides EI. Wu and Wu (2008) found that engineering students have higher EI than students from other majors. Similar results were observed in science students when compared to business or art students (Hassan and Wafer, 2012), and in computer engineering students when compared to industrial engineering students (Barba-Sanchez and Atienza-Sahuquillo, 2018). Souitaris et al. (2007) looked at the effect entrepreneurship education has on science and engineering students and found that it was inspiration and not the added learning and resources of the program that correlated with an increase in EI. They posit that science and engineering students must first face an attitude-intention challenge (“do I want to become an entrepreneur?”) before considering the challenges presented they’ll face during the implementation process (acquiring knowledge, finding and evaluating an opportunity and assembling resources). Any obstacles to successful completion of the process are temporally distant and, therefore, cognitively undervalued (von Briel et al., 2018). Participating in an entrepreneurship program resolves this initial attitude-intention challenge by inspiring the students to head down the entrepreneurial path. In other words, science and engineering students already possess the TSE necessary to develop a business, but lack the ESE needed to resolve the attitude-intention challenge. This situation would be reversed in business and entrepreneurship students. These students already possess the ESE necessary to resolve the attitude-intention challenge but lack the technical knowledge and TSE required during the implementation phase. Even though an individual might possess the necessary skills to perform entrepreneurial activities, Chen et al. (1998) found that a lack of ESE can be used to identify reasons for entrepreneurial avoidance and keep individuals from pursuing an entrepreneurial path. The same could be true of TSE and any shortage in technology knowledge and TSE can operate as a barrier in pursuing any EI. 

Attitudes are open to change and entrepreneurial attitudes may be influenced by educators and practitioners. By cultivating an attitude of innovation, educators can change student’s perception and feelings toward entrepreneurship (Wu and Wu, 2008). Exposure and access to digital manufacturing technology and the self-efficacy development mechanisms it provides could cultivate an attitude of innovation and serve to strengthen business and entrepreneurship students’ EI, removing TSE as a reason for entrepreneurial avoidance. Schelly et al., (2015) conducted a study in the application of 3D printing and found that learners are most engaged when they are able to actually do something, rather than just reading about it. Self-directed active participation fosters student empowerment. The production and testing of prototype models allow students to test their ideas with potential future customers and create minimum viable products. Programmers and designers that work with the students might also be entrepreneurs themselves and have years of entrepreneurial experience. By working directly with these mentors, students are exposed to the technology entrepreneurial lifestyle and receive mentoring and feedback, not only in the use of digital manufacturing, but also on entrepreneurship. All of these mechanisms provide experiences that students will ascribe to their skills and abilities, leading to increased technology self-efficacy. We thus hypothesize: 

Hypothesis 1: Technology self-efficacy (TSE) is positively related to entrepreneurial intentions (EI).

If, as viewed by Kerr et al. (2014), entrepreneurship is experimentation, then any constraints on the ability to experiment will shape when entrepreneurial initiatives are likely to occur and how they will unfold. Digital technology and artifacts facilitate greater degrees of trial and experimentation in how entrepreneurs go about building their business models, developing and testing solutions and more broadly addressing new opportunities (Nambisan, 2017). This is why many strongly advocate for an increase in the use of these type of mastery experiences, to encourage entrepreneurship behavior (Aronsson, 2004). In the case of technology entrepreneurs, a formal education and prior knowledge of technology are vital to innovation outcomes (Marvel and Lumpkin, 2007), capabilities, and attitudes (Chen, 2014). However, in their study on education programs in technology entrepreneurship, Militaru et al. (2015) found that an engineering education by itself had no influence on the venturing rate of engineering students. It was the interaction between engineering and technology entrepreneurship education programs that lead to a significant improvement in the engineering students’ potential to launch a new venture. Learning about organizations outside their educational environment, at work for example, has also been shown to enhance venturing self-confidence in engineering students. Lucas et al. (2009) therefore propose that engineering education programs teach general entrepreneurship to students without needing to attend to technology venturing skills development. The authors posit that since their survey respondents where are all engineering students, an engineering education also develops some business venturing skills. One possible explanation is that acquisition and possession of technical skills leads to a higher sense of self-efficacy and this in turn leads to seeing more opportunities and to take more risks (Zhang et al., 2014). 

As mentioned previously, past studies (Boyd and Vozikis, 1994; Segal et al., 2002; Krueger et al., 2000) have validated the connection between ESE and EI and scholars have developed and tested theoretical models where ESE plays a mediating role between perceptions of formal learning and EI. Malebana and Zindiye (2017), working with a sample of South African university students, found that entrepreneurship education alone and in combination with different forms of prior entrepreneurial exposure were significantly related to ESE. Zhao et al. (2005) tested such a model, using structural equations, and found that the effects of perceived learning from entrepreneurship-related courses, previous entrepreneurial experience, and risk propensity on entrepreneurial intentions were fully mediated by ESE. Barba-Sanchez and Atienza-Sahuquillo (2018) looked at the role that entrepreneurship education plays on engineering students and found that computer engineering students have greater entrepreneurial intentions than industrial engineering students. They believe that entrepreneurship education has the strongest positive effect on intentions through the mediation of ESE. In a study of Brazilian university students, De Moraes et al. (2018) further investigated the claim by Fayolle and Liñán (2014) that it was necessary to investigate entrepreneurial education and its relationship with EI. They found that when university environments provide for the development of attitudinal characteristics, EI increases. Finally, Chen (2014) conducted a study in the information technology (IT) entrepreneurial context, to examine whether ESE mediated the connection between computer self-efficacy (CSE) and EI. His results demonstrate that CSE does influence EI, albeit indirectly, through ESE, revealing that technology skills play an important role in entrepreneurial behavior. Based on these results, we posit the following hypothesis:

	Hypothesis 2: Entrepreneurial self-efficacy (ESE) partially mediates the relationship between technology self-efficacy (TSE) and entrepreneurial intentions (EI).

Finally, social cognitive theory also tells us that self-efficacy not only influences our choice of activities and behavioral settings, but also our level of effort and persistence on a specific task. High self-efficacy expectations regarding performance in a specific behavioral setting lead us to approach that setting (Wood and Bandura, 1989). This signifies that individuals with higher levels of ESE would choose to join a university entrepreneurship program, take an entrepreneurship class and participate in activities that would help them get closer to their entrepreneurial goals. One possibility we’re interested in considering is that an individual’s EI could potentially decrease after being exposed to digital manufacturing technology. When presented with digital technology in their education program, students could encounter difficulties in their attempts to learn how to use the technology or could be made aware of its current limitations. This could cause a drop in their TSE and their confidence in their abilities to bring their ideas to life (ESE) and their interest to start a new venture (EI). Low levels of TSE would therefore serve to identify reasons for entrepreneurial avoidance (Chen et al., 1998). In a previous study, Zhao et al., (2005) tested the relationship between students’ EI at the beginning and end of their participation in an MBA program and found that this relationship was positive and significant. Based on this study, we hypothesize that exposure to digital manufacturing technology further increases and not decreases EI.

Hypothesis 3: Entrepreneurial intentions (EI-1) at the beginning of the program is positively related to entrepreneurial intentions (EI-2) at the end of the program.

Sample
Data was collected from 131 students enrolled in a business administration undergraduate program at a large Midwestern university in the United States. The university’s management department had recently purchased and introduced new digital manufacturing technology and made it available to all students and faculty, at no costs. This setting provided a unique opportunity to test our hypotheses, as many business schools’ students would potentially be introduced to, taught about and experiment with the technology as part of their courses. Our data reveals that the students had little to no prior experience with computer-aided design (65.7 %), rapid prototyping (89.7 %), 3D printing (89.7 %), laser cutting (95.3 %), web design (55.1 %), wire framing (89.6 %) and product design (72.0 %), further justifying the sample choice. Liñan and Chen (2009) defend the use of student populations in the study of entrepreneurial intentions. They argue that students are individuals currently involved in real career-choice processes and facilitate examination of the psychological processes prior to new venture creation. The use of student populations has also been adopted in a number of papers studying the impact that education programs have on entrepreneurial intentions (Souitaris et al., 2007; Wu and Wu, 2008; Lucas et al., 2009; Hassan and Wafa, 2012; Chen, 2014; Zhang et al., 2014; Solesvik, 2013; Maresch et al., 2016; Barba-Sánchez and Atienza-Sahuquillo, 2018). The mean age of participants was 22 with a range between 20 and 37 years. 36.4 % of them were female and 63.6 % male. They were mostly White (61.5 %), with Hispanics and Asians making up the remaining 27.5 %. Their main areas of study consisted of Finance (15.3 %), Marketing (15.3 %), Business (14.5 %) and Management (10.0 %). Individuals’ work experience was about 4.6 years and 18.7 % of them had started a business (52.4 % and 33.3 % of them once or twice, respectively) and almost a half of students’ parents (47.5 %) were entrepreneurs.

Faculty and students were asked to participate on a voluntary basis by completing a survey consisting of Likert scale items that measured their TSE, ESE, and EI before and after taking the course. These measures were developed and validated in previous research studies (Zhao et al., 2005; Moberg, 2013; Gibcus et al., 2012). An additional set of questions measured general demographic data such as education, gender, race, age and work experience. 

Variables
Technology Self-Efficacy. For this study, technology self-efficacy represents the user’s personal confidence toward successfully and purposefully using the technology itself. Our TSE construct is based on the items proposed by Holden and Rada (2011) where the researchers evaluated general computer self-efficacy and technology-specific self-efficacy to identify the influential differences of both. For this paper, the wording of the measures was slightly modified so they would assess the confidence of using a 3D printer, a specific digital manufacturing technology that is usually available in universities and maker spaces worldwide.

Entrepreneurial Self-Efficacy. Our measure of ESE is based on Moberg’s (2013) five ESE-constructs, which consists of a multidimensional scale, built on three priorly established scales. Moberg’s scale was tested in a large survey that included 445 students from twelve different programs at three universities and provides improved reliability from prior scales.

Entrepreneurial Intention. To measure EI, we adopted a four-item scale that was developed and tested by Zhao et al., (2005). The questions asked students how interested they were in engaging in prototypical entrepreneurial activities such as starting a business, acquiring a small business, starting and building a high-growth business, and acquiring and building a company into a high-growth business in the next 5 to 10 years. A 5-point Likert scale was used, ranging from 1 (very little) to 5 (a great deal). Data was collected before students were exposed to the digital manufacturing technology (Time 1) as part of their class and at the end of the class (Time 2). This measure at Time 1 was included as a control variable in the model.

Analysis
We conducted a confirmatory factor analysis (CFA) and a structural equation modeling (SEM) using Stata 15. Measurement models for each construct in the model were first estimated separately step by step, and then the whole structural model was tested (Anderson and Gerbing, 1988; Jöroskog and Sörbom, 1993). We also compared our model with alternative models to assess whether ESE is a partial instead of a full mediator of the relationship between TSE and EI (Kelloway, 1998).  We conducted the CFA to establish the discriminant validity among our perceptual variables. CFA is frequently used as a first step to assess a proposed measurement model in SEM and verify that the relations in observed variables are caused by the presence of an unmeasured variable thus ensuring the plausibility of the theoretical model (McNeish, 2017). Regarding the use of SEM, four main reasons support our decision for its use. First, SEM enables the analysis of causal patterns among unobserved variables or latent constructs represented by multiple measures (Fassinger, 1987). Second, the chance of Type I errors is reduced (Claessens et al., 2004). Third, SEM is a well-established statistical method for mediation analysis (MacKinnon et al., 2007), allowing for the simultaneous evaluation of a system of regression equations that are essential for this type of hypothesized models. In this sense, even though multiple regression analysis is a common method to demonstrate mediation (Baron and Kenny, 1986), structural equation modeling facilitates testing the whole model at once, with the benefit of including all the variables simultaneously and accounting for all other effects of the variables. Finally, SEM is a well-established methodology that has been widely used in education research. For example, Sánchez et al. (2014) applied SEM to identify the factors that may motivate students to adopt and use social network tools for educational purposes; Celik and Yesilyurt (2013) analyzed the correlation between computer supported education, perceived computer self-efficacy, computer anxiety and attitude to technology; Merchant et al. (2014) have studied the effectiveness of virtual reality-based instruction while Makransky and Lilleholt (2018) and Makransky and Petersen (2019) studied its emotional value and the affective and cognitive factors that play a role in learning with a desktop virtual reality simulation respectively; and Schmid and Petko (2019) investigated the in-school use of digital technologies for personalized learning in connection with students’ self-assessed digital skills and beliefs about the usefulness of information and communication technologies in learning.

All assumptions required for SEM were analysed before testing the hypothesized model. Although determination of appropriate sample size is a critical issue in SEM, there is no consensus in the literature regarding what would be the appropriate sample size. Some evidence exists that simple SEM models could be meaningfully tested even if sample size is quite small (Hoyle, 1999; Hoyle and Kenny, 1999; Marsh and Hau, 1999), but usually N = 100 – 150 is considered the minimum sample size (Tinsley and Tinsley, 1987; Anderson and Gerbing, 1988; Ding et al., 1995). Smaller samples are also common in general education and entrepreneurial intentions research (McNeish, 2017; Wu and Wu, 2008; Chen, 2014), therefore we consider the sample size of our study as satisfactory to conduct reliable SEM analysis considering thresholds suggested by Tabachnick and Fidell (2001), Barrett (2007), Schreiber et al., (2006), Stevens (2002), and Weston and Gore (2006).

Results 
Our results of the structural equation modeling analysis, provided in Table 1, display a good fit of our hypothesized model: Comparative Fit Index (CFI) = 0.924, Root Mean Square Error of approximation = 0.065 and Coefficient of Determination = 0.993, meeting the goodness of fit criteria suggested by Hu and Bentler (1999). The Comparative Fit Index (Bentler 1990) considers sample size (Byrne 1998) and performs well even when it is small (Tabachnick and Fidell, 2001).

Insert Table 1 Here

Our model (see Figure 2) shows the existence of a direct, positive effect of TSE on EI at Time 2 (β = 0.21, p < 0.1), in support of Hypothesis 1. Moreover, an individual’s perceived TSE is positively related to ESE (β = 0.34, p < 0.01), and a statistically significant relation (β = 0.32, p < 0.05) was found between ESE and EI at Time 2. Since the value of the regression coefficients is greater than 0.30, the effect size for these relations is moderate (Kline 1998), where approximately 12% (square of 0.34) of the variance of ESE is explained by TSE, and 10% of the variance of EI at Time 2 (square of β, which is 0.32) is explained by ESE. Thus, these findings provide support for Hypothesis 2, and ESE serves as a partial mediator between TSE and EI at Time 2. Additionally, we found a significant but small (Kline, 1998) indirect effect of TSE on EI at Time 2 (β = 0.11, p = 0.07), leading to a significant total effect of TSE on EI at Time 2 (β = 0.32, p < 0.05).

Finally, we also included the construct of EI at Time 1 as a control variable. A significant positive relationship (β = 0.86, p < 0.001) was also observed between students’ intentions at Time 1 and those at Time 2, in support of Hypothesis 3. Since the value of the regression coefficient is greater than 0.50, the effect size for this relation can be considered large according to Kline (1998). Thus, EI at Time 1 explains 73% of the variance (square of β, which is 0.86) of EI at Time 2. We let the error terms for Entrepreneurial Intention (EI) at Time 1 and Time 2 correlate in the model since the same variable is measured in two waves. In this sense, non-observed variables influencing EI at Time 1 would be related to non-observed variables influencing EI at Time 2 (e.g., feelings, emotions, attitudes toward risk). 

Insert Table 2 Here

We also tested two (2) additional models to ascertain that our model provided the best fit. Fit statistics are shown in Table 3. In Model 2 (See Figure 3 in the Appendix), we eliminated the direct effect of TSE to EI at Time 2, thus ESE serves as a full mediator variable. In Model 3 (see Figure 4 in the Appendix), we consider only direct effects of both TSE and ESE on EI at Time 2. In contrast to our hypothesized model, the total effect of TSE on EI at Time 2 when we consider the full mediation of ESE is smaller (β = 0.13, p < 0.05), resulting in a worse model fit (CFI = 0.923). The same occurs if we only consider a direct effect of TSE on EI at Time 2, without the mediation effect of ESE (CFI = 0.917).

Insert Table 3 Here



Discussion and Conclusion
Existing research in entrepreneurship has largely neglected the role digital technology plays in entrepreneurial pursuits. This situation prompted Nambisan (2017) to challenge the field to start “theorizing the role of specific aspects of digital technologies in shaping entrepreneurial opportunities, decisions, actions, and outcomes” (p. 2). Our model, grounded in social-learning theory (Bandura, 1986), heeds this call and places a fine-grained focus on specific aspects and characteristics of entrepreneurial education that may offer a promising path toward developing more accurate theoretical explanations of the phenomenon. Results from our analysis provide preliminary evidence that exposure to and hands on experience with digital technology in entrepreneurship education programs has a positive impact on students’ intentions to become entrepreneurs. Prior studies of entrepreneurial education in engineering and science programs (Wu and Wu, 2008; Hassan and Wafer, 2012; Barba-Sanchez and Atienza-Sahuquillo, 2018; Souitaris et al., 2007) hinted at the fact that technology education influenced entrepreneurial attitudes and behaviors, but unlike these studies, this paper peers inside the black box that obscured this relationship. We find that exposure to digital technology in an entrepreneurship program, through its effect on TSE, has a direct impact on EI and this relationship is partially mediated by ESE. Students with high levels of TSE or that acquire it through any of Bandura’s (1986) four mechanisms (mastery experiences, role modeling, social persuasion, and physiological states) benefit by increases to their ESE, leading to higher EI. These results are compatible with the conditions for mediation analysis proposed by Baron and Kenny (1986).

Results of our structural equation model analysis make an additional important theoretical contribution by helping unravel the causal relationships between TSE, ESE and EI. By comparing various differing conceptual models, we help determine whether ESE mediates the relationship between TSE and EI or whether TSE mediates the relationship between ESE and EI. In other words, do students make use of maker spaces because they have confidence in their ability to use digital technology and want to raise their confidence in performing as entrepreneurs? Or do they make use of the space because they have confidence in their ability to perform as entrepreneurs, but need to learn about and raise their confidence in their ability to utilize digital technology? Unlike engineering students, who might already possess the skills and knowledge to exploit the benefits of digital manufacturing technology (Souitaris et al., 2007), business students lack or might believe they lack these skills and knowledge and the confidence to even attempt learning and using it. Our sample validates this statement, as most respondents indicated they had little to no previous experience with computer-aided design (65.7 %), rapid prototyping (89.7 %), 3D printing (89.7 %), laser cutting (95.3 %), web design (55.1 %), wire framing (89.6 %) and product design (72.0 %). Chen et al. (1998) posit that ESE can be used to identify reasons for entrepreneurial avoidance. Individuals might actually eschew partaking in entrepreneurial activities not because they lack the necessary skills to do so, but because they simply believe they do. We argue that this would be especially true for business students who perceived they lack the technological skills to contribute in today’s technologically driven enterprises startups. Future research could focus on whether low levels of TSE is a source of entrepreneurial avoidance which would further support the inclusion and availability of these technologies to students.

Practical implications stem from this research. While prior studies have demonstrated the benefits of entrepreneurial education in students to influence entrepreneurial attitudes and behavior, our work expands on this research and looks at how digital and technology education also benefits business students and entrepreneurship programs in general. Our study provides greater detail of pedagogical design and methods (Ghulam et al., 2017; Martin et al, 2013) and broadens our understanding of how specific features of current education programs impact student entrepreneurial self-efficacy and intentions and exert positive effects (Gielnik et al., 2017).  In this sense, results provide insights into the effectiveness of adding a digital technology component by universities in their entrepreneurship education, hoping to incite entrepreneurship (Drnovšek et al., 2010).

University administrators need an evidence base to guide their resource allocation decisions to promote enterprise (Solesvik, 2013). Our results support current initiatives by business schools and entrepreneurship programs to invest in digital technology and establish maker spaces in their campuses. By doing so, students not only benefit from increased confidence in their technological abilities (TSE), but also from an increase in their entrepreneurial abilities (ESE), opening the door to a potential future as entrepreneurs (EI). Schools should also pay greater attention on how they can incorporate these technologies and spaces into their entrepreneurial education curricula, with particular attention to the mechanisms identified by social cognitive theory. As recommended by Zhao et al., (2005): “entrepreneurship education programs do well to incorporate as many diverse types of learning experiences related to the promotion of greater entrepreneurial self-efficacy.” Practitioners can use these results to tailor their curriculum to meet student’s needs and behavior intentions. For example, in order to enhance EI, university business incubators can include digital technology and education programs so that participants can have enough technical skills and self-encouragement to handle various risks and situations in business future practices (Chen, 2014).

Limitations and Future Research
A limitation of our study is the sample size and its implications for our model’s goodness of fit indexes. While financial limitations and logistical challenges make smaller samples common in general education (McNeish, 2017) and entrepreneurial intentions (Wu and Wu, 2008; Chen, 2014) research, future studies that utilize larger samples would be fruitful. This would help avoid any potential effects on the normal distribution of the observed variables, which are not frequently satisfied in Likert scales. This is due to a certain degree of skewness, which can often be found in the distribution of observed variables and can lead to non-normal multivariate distribution (Newsom, 2018).

Another limitation lies in the use of EI as a dependent variable. While the connection between behavioral intentions and action has been established in the past and is supported by empirical research (Ajzen, 1991), other factors may exist that prevent turning intentions to action. Future research could include longitudinal data that follows students and observes which of them actually become entrepreneurs. This data could also compare their levels of success to further validate and enhance our results.

Moreover, while our data was collected from students participating in entrepreneurship classes in a university that provided them with access to digital manufacturing technology, the specific details of the content, design and delivery of the program was not considered in our study. This information could be potentially valuable in determining specific differences in content and the tools utilized that would further increase TSE, ESE and EI. The use of experimental designs to completely capture the impact of these differences is a potential avenue to be considered. Finally, because our instruments were only based on perceptual measures, our study is only able to capture perceived learning of the technology by the students. Future studies could be conducted where the model tests whether there’s a relationship between higher levels of actual learning in using digital manufacturing technology and EI and whether this relationship is also mediated by ESE.
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Appendix
Table 1. Goodness-of-Fit Indexes - Hypothesized Model
	Fit statistic
	Value
	Description

	Likelihood ratio
chi2_ms(212)
p > chi2
chi2_bs(253)
p > chi2
Population error
RMSEA
90% CI, lower bound
upper bound
pclose
Information criteria
AIC
BIC
Baseline comparison
CFI
TLI
Size of residuals
CD
	
336.575
0.000
1834.466
0.000

0.065
0.051
0.078
0.040

5510.847
5746.613

0.924
0.912

0.993 
	
Model vs. saturated

Baseline vs. saturated


Root mean squared error of approximation


Probability RMSEA <= 0.05

Akaike’s information criterion
Bayesian information criterion

Comparative fit index
Tucker-Lewis index

Coefficient of determination


           Note: SRMR is not reported because of missing values.



[bookmark: _heading=h.gjdgxs]Table 2. Hypothesized Model Direct and Indirect Effects.

	
	Coef.
	Std. Err.
	z
	P > z

	Direct effects
Structural
EntInt2
SelfEff2
TechSE
EntInt1
SelfEff2
         TechSE
	


.3152273
.2112179
.8552559

.3426862
	


.1443633
.1180414
.11807

.1180056
	


2.18
1.79
7.24

2.90
	


0.029
0.074
0.000

0.004

	Indirect effects
Structural
EntInt2
TechSE
	


.108024
	


.0613019
	


1.76
	


0.078

	Total effects
Structural
EntInt2
SelfEff2
TechSE
EntInt1
SelfEff2
         TechSE
	


3152273
.3192419
.8552559

.3426862
	


.1443633
.1289702
.11807

.1180056
	


2.18
2.48
7.24

2.90
	


0.029
0.013
0.000

0.004



Table 3. Goodness-of-Fit Indexes for Structural Equation Models

	Model
	χ² (df)
	Δχ²(Δdf)
	CFI
	RMSEA
	CD

	1. Hypothesized Model (ESE as a partial mediating variable)

2. ESE as a full mediating variable

3. Direct effect of TSE and ESE on dependent variable (No mediation)
	336.575 
(212)


340.216
(218)


349.407
(218)
	1834.466 (253)


1834.466 (253)


1834.466 (253)
	.924



.923



.917
	.065



.065



.068
	0.993



0.993



0.999




Figure 1. Theoretical Framework
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Figure 2. Hypothesized Model (Model 1)
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Figure 3. Comparative Model 2
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Figure 4. Comparative Models 3
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