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Abstract. 
In opening up the black box of what entrepreneurship education (EE) should be about, this study focuses on the exploration of relationships between two constructs: opportunity identification (OI) and complex problem-solving (CPS). OI, as a domain-specific capability, is at the core of entrepreneurship research, whereas CPS is a more domain-general skill. On a conceptual level, there are reasons to believe that CPS skills can help individuals to identify potential opportunities in dynamic and nontransparent environments. Therefore, we empirically investigated whether CPS relates to OI among 113 masters students. Data is analyzed using multiple regressions. The results show that CPS predicts the number of concrete ideas that students generate, suggesting that having CPS skills supports the generation of detailed, potential business ideas of good quality. The results of the current study suggest that training CPS, as a more domain-general skill, could be a valuable part of what should be taught in EE.



1. Introduction
Acquiring entrepreneurial skills can help in preparing students for a working life characterized by uncertainty and complexity [1]. Accordingly, entrepreneurship education (EE) receives attention as a means to close the gap between the type of young talent required by the market and the talent that is actually being provided by higher education. EE is in this study broadly defined as the “[c]ontent, methods, and activities that support the development of motivation, skill and experience, which make it possible to be entrepreneurial, to manage and participate in value-creating processes” ([2], p. 14). In this definition, EE is not only about new start-up creation; it also includes other value-creation processes which are more and more present in daily (working) life. However, many empirical studies do not apply the broad definition of EE but solely focus on teaching skills that are required in independent entrepreneurship [3]. Rideout and Gray [4] in their review on EE conclude that research on EE is still in an early stage and that it is unclear whether and how EE works. The wide debate about EE results in a black box of what EE should be about.
In this manuscript, we aim to contribute to opening up this black box by explaining an important entrepreneurial capability of which the role in entrepreneurship is widely agreed upon, namely, opportunity identification (OI; [5]). OI is at the conceptual heart of the entrepreneurship literature, as opportunities and their identification are part of the defining start of the entrepreneurial process. Explaining variables behind OI are widely discussed. For instance, Gielnik et al. [6] found that divergent thinking explained the number and originality of generated business ideas. Wang et al. [7] found that self-efficacy, prior knowledge, social networks, and perceptions about opportunities in the industrial environment significantly explained OI of research and development managers. Although these and other studies have significantly improved our understanding of OI, research on OI is still in an early phase [8, 9].
Hsieh et al. [10] argue that in OI individuals search for or stumble upon problems to solve. Identifying opportunities involves decision-making processes and information-seeking activities to bring facts and relationships between facts to bear in problem-solving [10, 11]. Seeking information and making decisions in systematic ways result in more identified opportunities [12]. A set of skills that supports individuals to systematically seek information and make decisions in the complex world around them is complex problem-solving (CPS; [13]). CPS targets tasks that are characterized as dynamic, nonroutine, and interactive, as they are likely to occur in OI. These tasks require higher-order thinking skills of CPS that cover cognitive (e.g., fluid reasoning; [14, 15]) and noncognitive (e.g., self-management; [13, 16]) processes. Moreover, CPS aligns with the broad definition of EE because CPS can, as a more generic skill, help in managing to act entrepreneurial. Despite the linkages at the conceptual level, the relationship between OI and CPS has not been empirically investigated yet [11].
The importance of CPS for current and future generations of working individuals is best reflected by the decision made by the Organisation for Economic Co-Operation and Development (OECD) to incorporate CPS into the Programme for International Student Assessment (PISA; [17]) and to include the closely related skill of problem-solving in technology-rich environments in the Programme for the International Assessment of Adult Competencies (PIAAC; [18]). In general, these initiatives have assessed the CPS of tens of thousands of students and adults under controlled conditions using computer-based assessment [17, 18]. Using similar methodologies, several empirical studies have identified CPS as a relevant skill that has been found to be related to school and university success (e.g., [19–21]). A small number of studies suggest CPS to be relevant for success in work settings [22–24]. On a theoretical basis, Neubert et al. [25] discussed CPS as a promising skill for improving the prediction of workplace performance in complex and nontransparent tasks.
In short, when entrepreneurs identify opportunities, then they ideally solve complex problems in systematic ways on their journey to create new value. On the basis of this theoretical understanding, we investigate whether skills to solve complex problems are relevant to identify opportunities in the early stages of entrepreneurship. For this purpose, we present an empirical study that relates CPS to OI. We tested 113 masters students who took entrepreneurship or career development courses and mostly intended to start or get involved in a new venture. The objective of this study was to test whether CPS plays an empirical role in OI by using a standardized setting and established tasks from different research areas.
1.1. Complex Problem-Solving
In their essence, problems to solve are barriers to overcome between a given situation and an intended goal state. These barriers occur if the functioning of the underlying system is unknown to the individual [26, 27]. For example, an engineer who works on appliances for the rapidly developing Internet of Things faces barriers if the technical functioning develops too fast for the engineer to stay up to date without constant use and interaction. A lack of knowledge about the functioning of only one component can be considered a barrier that prevents a solution. Accordingly, Buchner (cited in Frensch and Funke [28], p. 14) defined CPS as follows.
Complex problem-solving (CPS) is the successful interaction with task environments that are dynamic (i.e., change as a function of the user’s intervention and/or as a function of time) and in which some, if not all, of the environment’s regularities can only be revealed by successful exploration and integration of the information gained in that process.
CPS targets tasks that are characterized as dynamic, nonroutine, and interactive and thus require more than domain-specific prior knowledge. These characteristics are what makes the barriers complex, or, in other words, that makes a task a complex problem requiring active exploration to find and apply a new solution. To overcome complex barriers requires generic skills for knowledge acquisition and application of this knowledge [16, 29–31]. Knowledge acquisition and knowledge application are domain-general processes of CPS that are distinct from domain-specific prior knowledge (i.e., expert knowledge or expertise; [32–34]).
If, for example, an engineer with vast experience in the Internet of Things faces a previously unknown problem with the dimming of light-emitting diodes (LEDs) in the home automation system that she manages, she is only then likely to solve this problem on the basis of her prior knowledge, once she has gathered new knowledge in order to model the problem in terms that she is familiar with, such as electric circuits. Solving could even mean for her to be entrepreneurial to the extent that she might identify a business opportunity, if her solution is genuinely new and advantageous. In contrast, solving a problem of a system she knows perfectly well, such as the dimming of traditional light bulbs in home automation systems, the electric engineer would very likely have previously known the procedure needed in order to arrive at the solution—she would solve the problem routinely, not entrepreneurially. However, to arrive at a solution for dimming a new technology, such as LEDs, engineers face a complex problem that surpasses their prior knowledge. Her complex problem is to tap into new grounds of successfully manipulating LEDs in ways she has never done before (i.e., dimming) without undesired side effects (e.g., flickering). She must learn how to properly dim LEDs in the first place. That is, arriving at the electric circuit model of her new problem is a complex issue that requires domain-general processes of knowledge acquisition and knowledge application about the functioning of LEDs.
In general, complex problems share the ambiguity of how to approach the task and a lack of transparency in the task environment; the task structure is complex and the environment is dynamic. Variables in the system are interconnected; they change over time and interaction; whether they are relevant or not is unclear at the beginning [13]. Hence, in order to arrive at her circuit model, domain-general processes enable her to explore, recombine, and utilize new knowledge about LEDs in electric circuitries. These processes are especially helpful when prior knowledge is not available or insufficient, as is usually the case with new technology, such as, for example, LEDs in home automation systems. In short, domain-general processes lead to knowledge structures about how a previously unknown system works (e.g., LEDs in home automation) and how to seize control (e.g., dimming) within such a system [31]. These processes constitute the core of the domain-general construct of CPS [21, 29].
1.2. Opportunity Identification
Suddaby et al. [8] recently published a special issue of the Journal of Business Venturing on OI, underlining the importance and relevance that OI has in the field of entrepreneurship. Scholars tend not to agree on what opportunities are and how the process underlying opportunities evolves (e.g., [35, 36]). For instance, some authors argue that opportunities emerge in the economic environment and can be discovered by alert individuals [37]. Yet, others argue that opportunities are created by individuals in interaction with their (social) environment [36]. Recently, authors tend to agree that the different views on opportunities and the process underlying opportunities can coexist [8, 9]: ideas can be “found” in the economic environment or be generated by individuals who are willing to become an entrepreneur.
In this manuscript, we follow Suddaby et al. [8] and Vogel [9] by acknowledging that different views towards opportunities and their underlying process can coexist. Still, the discussion around opportunities in this manuscript mostly hits (but is not limited to) the discovery perspective towards opportunities, having its roots in cognitive psychology [38]. This perspective is considered to have the most connections with CPS. In this article, the capability to identify opportunities is defined as “the ability of individuals to identify ideas for new products, processes, practices or services in response to a particular pain, problem, or new market need” ([11], p. 417).
From a discovery point of view, the market is seen as continuously changing, offering new information all the time, making it possible for individuals to continuously acquire new information that can help in identifying opportunities [36]. The role of information is a first determining factor explaining why some individuals identify an opportunity that others do not identify. It is assumed that information is not evenly distributed over individuals [39]. As a result, it is important (1) to have access to relevant information and (2) to have prior knowledge so that new information can be used adequately. In the example of the engineer who aims to dim LEDs, which is new to her, it helps if she knows experts in light dimming or when she is a digital native, who has the capability to systematically search for relevant information. Regarding the second, prior knowledge can support in interpreting new information. When the engineer already has prior knowledge on the dimming of traditional light bulbs, this helps her to connect new information to what she already knows and, as a result, to give meaning to the information on a deeper and richer level [40]. Consequently, being able to access relevant information and having prior knowledge in a certain domain explain why some individuals identify an opportunity while others do not, without actively searching for it: individuals value information or events differently, because of the prior knowledge they have [41].
Second, uncertainty plays a large role in OI [36]. Individuals have to collect information from relevant stakeholders. Those stakeholders value information in a certain way, may share some information but not all, or could even share wrong information. It is up to the individual to integrate and merge the, often unstable, collection of information into expectations about future events (i.e., the opportunity). It is only ex ante possible to determine the eventual value of an opportunity after an idea has been exploited and tested for its potential [40]. The degree of uncertainty has influence on the opportunity beliefs of the individual—individuals can be more or less certain about the opportunity potential of ideas. These beliefs have their impact on whether or not individuals act upon an opportunity [40]. In sum, individuals have to be able to deal with uncertainties about the potential of opportunities and are challenged to collect relevant information from stakeholders.
Third, in their empirical study, Costanzo et al. [39] explain OI based on structural alignment. Structural alignment is “a cognitive tool that people use to compare things—and to draw implications from the comparison” ([39], p. 416). Individuals make sense of new information by comparing it to what they already know and by detecting similarities that can help them to understand and give meaning to the situation at hand. They found that individuals consider alignment with both superficial features and higher-order structural relationships in order to identify opportunities. Superficial features are basics, such as the materials a new technology consists of. Higher-order structural relationships are more complex and abstract, such as cause-effect relationships contributing to understanding how and why consumers behave in a certain way [39, 40].
The study of Costanzo et al. [39] showed that particularly similarities in higher-order structural relationships helped to identify new opportunities.
1.3. Integrating Complex Problem-Solving and Opportunity Identification
The elaboration on CPS and OI reveals several potential connections between the field of cognitive psychology and entrepreneurship, namely, regarding (1) the usage and distribution of (prior) knowledge and information, (2) dealing with uncertainty, and (3) the role of CPS in structural alignment.
First, scholars tend to agree that domain-specific prior knowledge is necessary but not sufficient for identifying opportunities. In more complex situations, individuals need skills to apply and expand on their prior knowledge. An increase of knowledge makes it likelier that a person solves a complex problem that then can lead to OI [42]. For instance, the engineer from the example taps into a complex problem when she has the idea of dimming LEDs and realizes that this is not as simple as dimming traditional light bulbs. In this situation, being able to identify opportunities and having high level CPS are both valuable: dimming LEDs has the characteristics of a complex problem (i.e., being dynamic, nonroutine, and interactive; [16]) and, at the same time, has opportunity potential by exploring solutions for dimming in home automation. More specifically, LEDs start flickering when dimmed like conventional light bulbs, but their application in home automation is new, and appropriate dimming of LEDs might not have been taken care of in advance. Here, having prior knowledge on the dimming of traditional light bulbs is not enough to explore the potential of the opportunity; the engineer also needs the skills to deal with the complex problem situation that requires the domain-general processes of acquiring and applying new knowledge in order to seize control of the dimming of LEDs. Being able both to successfully acquire knowledge and to apply this knowledge to the problem situation at hand is needed to solve the complex problem and explore the opportunity potential of dimming LEDs. As stated, it is only ex ante possible to determine the value of an opportunity, when the engineer has used her CPS to develop dimming LEDs and succeeds (or not) in developing means so that LEDs do not flicker [40].
Eventually, differences in the resulting knowledge distinguish those who see opportunities in complex environments and those who do not [43–45]. Similar to entrepreneurs, successful complex problem solvers actively acquire knowledge by assuming that the information around them is incomplete or false [32]. In other words, entrepreneurs and successful complex problem solvers both reveal a great deal of willingness to challenge information. This willingness or tendency might be what facilitates the ability to access information, an ability that can lead to differences in knowledge between those who see opportunities in complex environments and those who do not.
Second, regarding uncertainty, in applying CPS [28], individuals generally overcome complex barriers between a given state and a desired goal state. In entrepreneurship, uncertainty of opportunity beliefs [40], for instance, about how technology, user needs, and whole markets develop, represents such a complex barrier [46]. In this sense, individuals who attempt to create new value need to overcome complex barriers between, on the one hand, a given state of yet-to-be-connected information about technology and user needs and, on the other hand, a desired future state that involves a product or service that does not yet exist. Processes of knowledge acquisition and knowledge application can lead to collecting relevant, correct information that can help (1) to overcome complex barriers, (2) to reduce the amount of uncertainty about the opportunity potential, and, as a result, (3) to increase the opportunity beliefs of the individual [40]. That is, as soon as the engineer of the previous example overcomes the complex barrier of how to dim LEDs in home automation systems in a way that prevents flickering, she succeeded in reducing uncertainty and, as a result, in identifying and exploring opportunities of dimming LEDs in new, efficient ways. To be able to overcome such barriers, the engineer needs to be able to deal with uncertainty and to deal with dynamic, nonroutine, and interactive tasks.
A process that can be applied to support such activities is to simplify the diverse amount of information in the environment so that it becomes manageable (cf. [5, 13]). One way to simplify is to first observe how a problem evolves without interference and next to explore the problem step-by-step by varying only one variable at a time. To vary only one variable at a time is a strategy to overcome complex barriers, gain control, and eventually solve a complex problem (VOTAT strategy; [47]). However, VOTAT is not sufficient to solve a complex problem that requires a whole set of strategies and their adaptive use (see [48]). The VOTAT strategy is therefore a specific one among many different exploration strategies that might help to simplify knowledge acquisition in the real world as well as in current CPS tests that have been applied in the present study [49, 50].
Third, the supportive role of CPS skills in identifying opportunities can also be argued for when considering the role of cognitive alignment in OI, as investigated by Costanzo et al. [39]. When individuals face a complex task in a dynamic situation, the process of structural alignment can be very demanding, especially when detecting similarities in higher-order relationships with the problem situation at hand. Costanzo et al. [39] argue that individuals need to detect and process relevant signals on a deeper level. Just as in dealing with (new) information and uncertainty, structural alignment could be traced back to the integral processes of CPS: knowledge acquisition and knowledge application [32]. These closely intertwined and equally important processes for solving complex problems [13] lead to knowledge structures about how a previously unknown system works on a deeper level and how to seize control within such a system [31]. Knowledge acquisition begins as a problem solver retrieves information in an environment, where it is yet unclear what is important and what not; it continues as the solver reduces the information in order to keep a set of relevant pieces, thus leading to an actionable problem representation (see above; [34]). Supporting the identification of an opportunity in a real market, an actionable representation ideally contains a sufficient number of pieces of the puzzle by which to identify customers’ needs and the ways in which such needs can be met. This actionable representation is the foundation for applying the acquired knowledge to a set goal and, thus, to gradually gain control over the variables of the problem in order to successfully solve the problem, or, in other words, to identify an opportunity.
2. The Present Study
The goal of the present study was to empirically evaluate whether CPS plays a significant role in OI. Investigating the linkages between CPS and OI has the potential of contributing to opening up the black box of what EE should be about. As stated in the Introduction, in this study, EE is broadly defined, having new-value creation as common core [3]. By comparing a more domain-specific capability, namely, OI, with a more generic skill, namely, CPS, we aim to contribute to a better understanding of what students should learn in EE that is directed towards preparing students on a career full of complexity and uncertainty [1]. From a conceptual point of view, the importance of CPS in OI seems reasonable. As discussed above, CPS (1) helps to adequately acquire and apply new relevant information in the OI process, (2) helps to deal with uncertainty, and (3) supports demanding structural alignment processes. Subsequently, the main research question of this manuscript is, To what degree does CPS relate to OI?
3. Method
3.1. Sample and Procedure
The sample consisted of 113 Dutch students who were doing their masters studies in the field of life sciences and were enrolled for two semesters in the weekly courses Entrepreneurial Skills and Career Development and Planning (this sample was also used for a different study with a different purpose, namely, to develop the measurement of OI; see [51]). Entrepreneurial Skills addressed important personal characteristics of entrepreneurial individuals, and the students created mind maps of their own entrepreneurial characteristics, goals, and intentions. As part of the course, the students pitched their own venture ideas. In Career Development and Planning, students reflected upon and described their career goals and created an action plan towards the realization of these goals. The students were between 21 and 31 years of age (M = 23.55 years, SD = 2.00), and 68.1% were female. When asked “What is the likelihood that you will be involved in an entrepreneurial venture sometime in your lifetime?,” almost all of the students (96.2%) stated that they had the intention, at least to some degree, of getting involved in an entrepreneurial venture (“maybe” [30.8%], “probably will” [38.5%], and “definitely will” [26.9%]); 70.2% of the students even stated the intention to get involved within the next 5 years (“maybe” [37.5%], “probably will” [26.0%], and “definitely will” [6.7%]); 7.7% of the sample were currently involved in an entrepreneurial venture, and 12.5% had undertaken an entrepreneurial venture in the past (questions adapted from DeTienne and Chandler [52]).
Split into four almost even groups, the participants rotated between a session in which OI and the control variables were assessed (Session A; see next paragraph), a session in which CPS was assessed in a computer-based format (Session B; see next paragraph), and a course with content that was unrelated to the assessments. Sessions A and B each lasted 45 minutes, whereas the course lasted 1.5 hours, so the first two groups switched between Sessions A and B for the first 1.5 hours while Groups 3 and 4 took the course. Then, Groups 3 and 4 switched between Sessions A and B while Groups 1 and 2 took the course. Switching the groups between separate seminar rooms for each different session resulted in two 10–15-minute breaks for each group.
3.2. Measures
3.2.1. Opportunity Identification
An earlier developed performance assessment on OI by Baggen et al. [51] was used. In the assessment, the participants were asked to generate business ideas related to sustainable development, as a case closely related to the background of the participants (who were students from a university in the life sciences domain). In the case, examples of problems in the area of sustainable development were given, such as education and climate change. The participants were asked, “Imagine that you are asked to give input for business ideas for new start-ups in the area of sustainable development. These business ideas can concern people, planet, and/or profit, and may lead to social, environmental and/or economic gains. What ideas for new start-ups come up in your mind?” Furthermore, it was stated that “You do not have to worry about whether the ideas have a high or low potential for success. Do not limit yourself; the more ideas you can list, the better.”
The generated ideas were scored on (1) comprehensibility, (2) concreteness, and (3) flexibility. The scoring criteria were derived and adopted from earlier work of Guilford [53], who developed criteria to score the results of creativity tasks. Comprehensibility refers to responses that actually correspond to the question (1 = comprehensible; 0 = incomprehensible). Concreteness encompasses the extent to which it was possible to visualize or apply the idea (1 = concrete; 0 = not concrete). Per participant, the percentage of comprehensible ideas that were also concrete was calculated. Flexibility refers to the amount of categories in which the participants could generate business ideas. Each idea was scored into one category, corresponding to the examples given in the case on sustainable development. In total, six categories were defined: food, decent housing, energy, climate change, education, and personal health and safety. The flexibility score was calculated by dividing the number of scored categories by the total number of categories (i.e., six).
In order to develop the codebook, two raters (from the team of authors) scored 10% of the ideas in three scoring rounds, which is an acceptable percentage when scoring such large dataset [54]. After each scoring round, they compared and discussed their results and refined the codebook until acceptable levels of interrater reliability were reached for the scoring procedure, Cohen’s Kappa  .78 (flexibility), and for the dichotomous variables agreement of 82.9% (concreteness) and 94.7% (comprehensibility). Please refer to Baggen et al. [51] for a more specific elaboration on the analysis of the business ideas.
3.2.2. Complex Problem-Solving
We employed one introduction task and a set of six complex task simulations from the fully computer-based CPS assessment test MicroFIN [49, 50]. MicroFIN features multiple, dynamic tasks that are based on a formal framework called “Finite State Automata” [55]. Based on this framework, MicroFIN aims to counter limitations in the breadth of problems included in previous CPS instruments (e.g., MicroDYN; [56]) and facilitate a greater heterogeneity in tasks [49, 50, 57]. MicroFIN was recently found to have convergent validity with an established CPS instrument and discriminant validity with different measures of general mental ability (GMA; [49, 58]). MicroFIN tasks share a general layout of input variables that influence output variables and are in accordance with the theoretical background as outlined in the Introduction (i.e., test items contain (a) values that change with the user’s interaction and (b) various nontransparent interactions between variables, such as threshold or equilibrium states in the input variables; [13]).
For instance, our participants faced the challenge of planning a city while considering the needs of very different interest groups (“Plan-o-Maton” task; see Figure 1). The goal in this nontransparent task was to balance the interests of various parties (e.g., families and industries) by improving their locations in the urban landscape. The parties’ interactions led to discrete states of well-being, also called equilibrium, which could be achieved through various ways of interacting. Similar but different tasks consisted of, for example, (a) the challenge of successfully managing a concert hall that varied according to the type of music (e.g., classical versus Rock’n’Roll), price level, and atmosphere (indoor versus outdoor) or (b) the challenge of successfully harvesting a new kind of pumpkin that varied according to the season and the amount of fertilizer.




	
	
		
			
		
	


Figure 1: Screenshot of the MicroFIN item “Plan-o-Maton” [49, 50]. Problem solvers have to balance the interests of various parties in a city by making alterations in the urban landscape. Along the bottom and the right side: the keys for altering the location of the interest groups. In principle, two stakeholders change places when triggered. On the right side: a city mall and a factory. On the left side: a family home and a playground. Between these parties, smiley faces indicate the atmosphere. The problem solver has to improve the atmosphere by finding one of several optimal setups.


Participants were to explore a previously unknown problem in order to derive knowledge about the causal structure of the task and the possibilities of interventions. Next, four items per task were used to assess the participant’s knowledge about the problem (i.e., knowledge acquisition). Subsequently, one more item per task asked participants to apply their knowledge to manipulate each task towards achieving a previously set goal to thereby gain control over the system or, in other words, to solve the complex problem (i.e., knowledge application). Overall, each MicroFIN task took approximately 5 minutes to complete (for a more detailed description of the different MicroFIN tasks and items, see [49, 50]).
In detail, to determine participants’ scores on knowledge acquisition, they received credit for a correct summary of the previously unknown relations within a task (e.g., the Plan-o-Maton) and no credit if they failed to do so. The score was an average of the four items for knowledge acquisition per task. To determine participants’ scores on the knowledge application item, they received credit for reaching the target state on each task (e.g., different states of well-being for families and industries in the Plan-o-Maton), and no credit was given when participants failed to do so. The scores for knowledge acquisition and knowledge application were further aggregated across all tasks and finally collapsed into one general CPS score according to a procedure used by Kretzschmar et al. [58]. Due to a software issue, the data for one MicroFIN task was not saved and, thus, our analyses were based on five tasks. Cronbach’s alpha was calculated as an indicator for the reliability and was based on the approach proposed by Rodriguez and Maeda [59]. Cronbach’s alpha of MicroFIN was  .57.
In sum, MicroFIN provided a measure of skills to solve complex problems that stemmed from theoretical considerations of CPS and has been empirically validated [49, 50, 58, 60].
3.2.3. Control Variables
In order to measure the unique relation between CPS and OI, we additionally assessed and controlled for two variables that might relate to either CPS or OI: problem-solving self-concept and prior knowledge. Problem-solving self-concept is one’s self-perceived ability to solve problems [61] in addition to the actual problem-solving performance covered by CPS. Self-concept measures should be associated with performance scales of a corresponding ability [61]. As CPS and problem-solving self-concept correspond, controlling for this area of self-concept allows us to show whether it is either the belief in one’s ability or one’s ability itself or both that potentially leverage OI. Prior knowledge about a market or topic has an impact on the development of new venture ideas (i.e., OI) in a specific domain (e.g., [62]). As argued in the section on OI, knowledge is not evenly distributed among people. Those who have prior knowledge in a specific domain are more likely to identify an opportunity [41].
Problem-Solving Self-Concept. We used six problem-solving items from the Self-Description Questionnaire III (SDQ III; [61]) to assess problem-solving self-concept. The SDQ III was designed to measure 13 self-concept factors, of which problem-solving is one factor. An example item is “I am good at problem solving,” which participants answered using a similar 5-point Likert scale. Cronbach’s alpha of the scale was  .75.
Prior Knowledge. The participants had to come up with as many business ideas as possible on the basis of a case that was related to sustainability. Therefore, we aimed to control for the sustainability-related prior knowledge of the participants. We asked the participants how much they knew about several sustainability-related topics such as climate change using a 5-point Likert scale (8 questions) before they took the main survey. Cronbach’s alpha was  .76.
3.3. Data Analysis
All statistics were calculated using the R software [63]. We applied multiple imputations using the mice package [64] in combination with the miceadds package [65]. In detail, we used 10 imputed datasets (100 iterations; method: predictive mean matching) to account for up to 28% of missing data for two MicroFIN tasks, which were the result of technical issues that occurred in the computer-based assessment at the end of the testing of the second group of participants. Although the technical issues were solved in a short amount of time, not all participants were able to work on all tasks due to external time restrictions. For all other tasks, the amount of missing data was less than 9%. Checking for patterns in missing data, Little’s test indicated that data were missing completely at random (MCAR;  = 633.5625, ). In the following, we report the results computed on the imputed data ().
In preliminary analyses, we calculated descriptive statistics for our variables as well as bivariate Pearson correlations to provide information about the basic data structure. To test whether CPS explained variance in (1) the number of comprehensible ideas, (2) the proportion of concrete ideas, and (3) flexibility beyond prior knowledge and problem-solving self-concept, we computed multiple regression analyses and compared different models. In Model 1a, we regressed the number of comprehensible ideas on our control variables, and in Model 1b, we included CPS as a statistical predictor in addition to our control variables. Simultaneously, in Models 2a and 3a, we, respectively, regressed the proportion of concrete ideas and flexibility on the control variables, and in Models 2b and 3b, we additionally included CPS.
4. Results
4.1. Preliminary Analyses
The participants revealed an average total number of 6.27 comprehensible ideas and 5.77 concrete ideas in the OI task. On average, the flexibility score of the participants was  .53, indicating that they generated ideas in about three of the six categories (see Table 1).
Table 1: Descriptive statistics for the assessment of OI, CPS, prior knowledge, and problem-solving self-concept.
	

	Variable	Minimum	Maximum	M	SD
	

	Opportunity identification	 
	    Number of comprehensible ideas	0	23	6.27	3.55
	     Number of concrete ideas	0	16	5.77	3.20
	    Flexibility	0.17	1	0.53	0.18
	CPS	0.75	5	3.3	0.87
	Prior knowledge	1.50	4.88	2.91	0.67
	Problem-solving self-concept	1.50	4.83	3.66	0.62
	


Note. Statistics are based on raw data (i.e., nonimputed). CPS: complex problem-solving; PS self-concept: problem-solving self-concept. The control variable ratings ranged from 1 (strongly disagree) to 5 (strongly agree).


CPS was not significantly correlated with the number of comprehensible ideas (, ) and was weakly but significantly correlated to the proportion of concrete ideas (, ) and the flexibility score (, ) The control variables showed correlations with OI that were very weak and nonsignificant (see Table 2). Problem-solving self-concept significantly correlated with the number of comprehensible ideas (, ) and CPS (, ). A correlation of  .71 () between the number of comprehensible ideas and flexibility indicated that they were substantially associated.
Table 2: Pearson’s correlations between variables.
	

	 Measure	1	2	3	4	5
	

	(1) Number of comprehensible ideas	 	 	 	 	 
	(2) Proportion concrete		 	 	 	 
	(3) Flexibility	.	 .03	 	 	 
	(4) CPS	 .18	  	  	 	 
	(5) Prior knowledge	 .05				 
	(6) PS self-concept	  	 .12	 .15	  	.09
	


Note.  (imputed data). Manifest correlations are reported. Proportion concrete: proportion of concrete ideas; CPS: complex problem-solving; PS self-concept: problem-solving self-concept. Two-tailed  values: , , and .


4.2. Tests of Hypotheses
In the basic Model 1a in which the control variables were used to predict the number of comprehensible ideas, only problem-solving self-concept (, ) was a significant predictor. Prior knowledge (, ) remained nonsignificant. Model 1b with CPS as an additional predictor (see Table 3) revealed that CPS (, ) and the control variables problem-solving self-concept (, ) and prior knowledge (, ) remained nonsignificant in predicting the number of comprehensible ideas. In comparison with Model 1, CPS explained an additional 1.7% (adjusted: 0.8%) of the variance in the number of comprehensible ideas.
Table 3: Regression analyses with (1) the number of comprehensible ideas, (2) the proportion of concrete ideas of comprehensible ideas, and (3) flexibility as dependent variables.
	

	Predictor	 Number of comprehensible ideas	Proportion concrete	Flexibility
	Model 1a	Model 1b	Model 2a	Model 2b	Model 3a	Model 3b
	

	Intercept	 	 	 	 	 	 
	PS self-concept		.17	.13	.08	.16	.12
	Prior knowledge	.01	.03				
	CPS	 	.12	 		 	.16
		0.042	0.059	0.041	0.101	0.044	0.072
		—	0.017	—	0.059	—	0.027
	


Note.  (imputed data). Standardized regression coefficients and  values are reported. PS: problem-solving; CPS: complex problem-solving.  represents the comparison between models (a) and (b) for each dependent variable. Two-tailed  values:  and .


The basic Model 2a, which included problem-solving self-concept (, ) and prior knowledge (, ), did not predict the proportion of concrete ideas. However, Model 2b (see Table 3) revealed that CPS (, ) significantly predicted the proportion of concrete ideas. Problem-solving self-concept (, ) and prior knowledge (, ) remained nonsignificant. CPS incrementally explained 5.9% (adjusted: 5.4%) of the variance in the proportion of concrete ideas in comparison with the basic Model 2a (see Table 3), which included only the control variables.
Finally, in the basic Model 3a, problem-solving self-concept (, ) and prior knowledge (, ) did not predict the flexibility score. In Model 3b, CPS was not a significant predictor of flexibility (, ); the control variables problem-solving self-concept (, ) and prior knowledge (, ) remained nonsignificant. Compared to Model 3a, the model including CPS (Model 3b) explained an additional 2.7% (adjusted: 1.9%) of the variance in the flexibility score. In summary, CPS only significantly predicted the proportion of concrete ideas in Model 2.
5. Discussion
With this study, we set out to examine the role of CPS in OI by administering standardized performance tasks of CPS and OI to a sample of 113 students, most of whom had an interest in independent entrepreneurship. We found that CPS incrementally predicted the proportion of concrete ideas beyond the control variables problem-solving self-concept and prior knowledge. These results can be interpreted as the first empirical evidence for a significant role of CPS in entrepreneurial activities and suggest that training CPS skills could be a valuable addition to defining “what” should be taught in EE. Below, we first elaborate on the findings, before we reflect on the (practical) meaning of our results for EE.
5.1. The Role of Complex Problem-Solving in Opportunity Identification
CPS solely contributed to statistically predicting the proportion of concrete ideas, whereas here all control variables remained irrelevant for this prediction. The correlations between CPS and the three indicators for OI ranged between  .18 and  .29, which can be considered small [66] to medium effects [67]. This means that CPS processes matter at least to some extent in the application of OI in a standardized entrepreneurial task context. By contrast, our results suggest that prior knowledge does not play any role in the application of such tasks, whereas one’s problem-solving self-concept matters in the number of comprehensible ideas. One may assume that, in a real market, individuals with high levels of CPS are more likely to perform the necessary steps of exploring, simplifying, and controlling complex tasks in order to eventually identify concrete and readily applicable opportunities better than others.
Regarding the sizes of the effects, (a) the overall small effect sizes for CPS actually confirm the pattern of results reported in previous studies with cognitive and noncognitive predictors of entrepreneurial outcomes (e.g., [68, 69]). For example, GMA and the Big Five (i.e., broad personality traits) are two well-researched predictors that both matter but nonetheless do not specifically match the context of entrepreneurship. Gielnik et al. [68] found no significant relation between GMA and OI and only a moderate relation between OI and divergent thinking. In their meta-analysis, Rauch and Frese [69] reported correlations that were close to 0 between domain-general predictors and entrepreneurial outcomes, particularly in studies using the Big Five. Conversely, other studies of their meta-analysis that matched traits with entrepreneurial outcomes reported relatively small to moderate and heterogeneous relations. Rather than resembling specifically entrepreneurial traits, these predictors remained domain-general. As it is not bound to a specific domain either, CPS also does not specifically match the context of entrepreneurship.
Furthermore, (b) as the applied computer-based CPS and paper-and-pencil-based assessments on OI were genuinely different methods, the relations between OI and CPS were invariably due to the particular constructs that were measured and could not be attributed to a common method in accordance with Podsakoff et al. [70]. Hence, in light of (a) previous findings and (b) the use of different measures of CPS and OI in the present study, the direct relations between CPS and OI were not exceptionally small but rather drew a picture of meaningful results that support CPS as a predictor of entrepreneurial activities.
The results suggest that CPS predicts the concreteness of the generated business ideas (i.e., OI). Furthermore, CPS and flexibility were correlated (). Although CPS was not a significant predictor of flexibility, the correlation between flexibility and CPS on the one hand and the relationship between CPS and concreteness on the other hand offer reasons to believe that CPS is of value for generating ideas of good quality. This result might be explained based on the process of knowledge acquisition and knowledge application. As stated, differences in (prior) knowledge distinguish those who identify certain opportunities and those who do not [43–45]. More specifically, those who have higher levels of CPS might be able to identify concrete opportunities, which are visualizable and applicable, in complex environments. Entrepreneurs and successful complex problem solvers both reveal a great deal of willingness to challenge information. This willingness or tendency might be what facilitates the ability to access information, an ability that can lead to differences in knowledge between those who see concrete opportunities in detail and those who do not. In sum, effective problem solvers and entrepreneurs arrive at a higher level of concreteness by (a) reducing uncertainty and recombining resources to solve relevant complex problems, (b) using a range of processes to simplify complex environments, and (c) sharing the tendency to question the relevance and completeness of information. This way, knowledge acquisition processes leverage the applicability of business ideas; when individuals engage more with the task, they give more concrete answers. On the side of knowledge application, someone high in CPS proved to be better than others in applying new knowledge. In OI, this advantage might translate into concrete ideas that are more ready to apply. Taken together, the results of the present study support the idea that CPS advances explanations for how entrepreneurs deal with uncertainty and recombine resources, why they differ from other people, and, eventually, how they identify concrete opportunities that are ready to apply.
Regarding problem-solving self-concept and prior knowledge, our results deviated from our expectations and previous research. Regarding problem-solving self-concept, we expect it to significantly correlate with CPS, such as what Marsh and O’Neill [61] have shown for other areas, where self-concept and ability corresponded. The problem-solving self-concept solely contributed to explaining the comprehensiveness of ideas, neither their concreteness nor flexibility. This pattern might suggest that the belief in one’s problem-solving ability supported—at least to a small extent—coming up with ideas at all but did not affect how concrete or flexible the ideas were. As we have shown for CPS, at least for the concreteness of ideas, it is rather one’s ability itself than one’s self-concept that makes a difference.
Regarding prior knowledge, Shane [41] distinguishes three types of prior knowledge: (1) prior knowledge on markets, (2) prior knowledge on how to serve markets, and (3) prior knowledge of customer problems. The results of his study show that many types of prior knowledge influence the process of identifying opportunities, which can be developed in different functions and roles. As Costanzo et al. [39] argue, the resulting idiosyncratic prior knowledge advantages individuals not only to recognize opportunities at hand, but also to draw parallels between markets by connecting the dots between relevant, complicated information from one market to another. The items measuring prior knowledge in this study only related to the content of the case from the OI task. The role of prior knowledge and, accordingly, its measurement might be way more complex and extended, which might explain the lack of relationships between prior knowledge and the three outcomes of OI as used in this study.
5.2. Strengths and Limitations
We administered computer-based simulations of complex and dynamic problems to obtain a performance measure of CPS in order to clarify the relation between OI and CPS. Conversely, previous quantitative research has employed self-assessment questionnaires instead of cognitive performance measures (for a recent review, see [71]) or has obtained performance measures from paper-and-pencil-based assessment tests (e.g., [68]). What these very different approaches have in common is that they cannot account for complex and dynamic tasks as they occur during entrepreneurial activities (e.g., [62, 72, 73]). Neither self-reports nor paper-and-pencil-based performance measures assess the interaction between a person and a dynamically changing task. However, if such complex interactions with dynamic tasks play a role in implementing entrepreneurial activities, as repeatedly proposed in this article, research cannot spare the advantage of computer-based assessments to simulate such problems under controlled conditions. In fact, our results support the application of computer-based assessments to examine and better understand entrepreneurial activities.
Simultaneously, this study revealed several limitations and the need to modify scales and procedures in future research. First of all, except for a measure of problem-solving self-concept and prior knowledge, cognitive covariates and moderators (e.g., GMA and divergent thinking) were not included in our empirical study, although these abilities influence how people process information in general [74] and have previously been examined in the context of entrepreneurship outcomes (cf. [68]), such as OI.
Second, deviating results could be due to the choice of (a) sample or (b) instruments. (a) The sample size was rather small, and, consequently, the power was small. Therefore, the significant results have to be interpreted with care. The age and experience ranges in our student sample were restricted, which may have disguised stronger empirical relations as the sample was composed of young would-be entrepreneurs between 21 and 31 years of age who, due to their lack of practical entrepreneurial experience, could not provide additional information on entrepreneurial success or number of innovations. (b) The independent variable (i.e., CPS) and the dependent variables (i.e., the number of comprehensible ideas, concreteness, and flexibility) were merely indicators for real-life performance in solving complex problems or in identifying opportunities. These constraints came along with detriments to external validity and generalizability and thus reduced the interpretability of the results. However, as the real-world performances of experts in CPS and entrepreneurial tasks are rare and are hardly observable events [39, 75], the observation of fictional task performance in students who are being prepared for entrepreneurial careers was a feasible means for obtaining the first empirical evidence of a relation between CPS and entrepreneurial activities.
5.3. Future Research
First of all, in terms of research design, other variables could be included in the research design of which earlier research has shown that they are related to either CPS or OI, such as GMA and divergent thinking [68, 74]. Furthermore, the relationship between CPS and OI could be investigated among different groups of people, such as independent entrepreneurs and entrepreneurial employees. Such research would provide insight into the relationship between OI and CPS in different settings.
Second, future study designs should use longitudinal data and intervention studies in order to enable the study of temporal dynamics or conclusions about causality and training effects on CPS and entrepreneurial activities (cf. [76, 77]). In their experimental study, DeTienne and Chandler [52] found that creativity training had a stronger effect on the innovativeness of generated ideas by students, compared to the number of generated ideas. Apparently, creativity influenced the quality of the generated ideas, which is in line with the results of the current study that carefully suggest that CPS also impacts the quality of ideas. In future research, the influence of training CPS on the OI capabilities of students could be tested in order to investigate whether CPS has a similar effect as creativity on OI capabilities.
5.4. Practical Implications
As stated, it is difficult to disentangle what should be taught in EE when following the broad definition [3]. As a response to critique of that kind, educators increasingly engage students in alternative ways of learning, such as experimentation and real-world start-up practices (for details, see [78]). If solving complex problems is part of what individuals do on their journey towards new-value creation, as the present study suggests, CPS could possibly contribute valuable skills to EE. Per definition, skills are modifiable through practice and training [79]. It follows that CPS skills are precisely what the name implies—a set of skills that can possibly be sharpened with instruction and practice. Previous empirical findings point to the possibility of increasing CPS and related skill with instruction and practice, at least in the research lab [80–85].
More specifically, educating CPS skills could be part of the so-called progression models. In a progression model, learners gradually learn to act entrepreneurially over levels and grades in the educational system [3]. Such progression model could start at primary education, where learners can develop their CPS skills by actively engaging in everyday problems and challenges of society and technology that are in particular dynamic and change over time and with interaction. Later, in secondary and higher education, teaching gets a stronger focus on learning curriculum knowledge. Accordingly, then, more domain-specific entrepreneurial capabilities, such as OI, could be taught.
However, dating back to the beginnings of institutionalized education, initiatives to enhance CPS are still in their infancy without a unified underlying conceptual framework and valid instructional methods [86]. A significant obstacle hindering more practical considerations of CPS in assessment and education has been the absence of valid, reliable measures of the underlying construct. This hindrance has recently been overcome as the application of CPS tests in PISA 2012 [17] and first validation studies on CPS in the educational sector reveal (e.g., [19–21, 58]). Accordingly, assessing CPS skills in EE could be a very first step towards weaving CPS into EE.
6. Conclusions
Our empirical research identified weak but significant statistical relations supporting that CPS plays a role in the application of OI in the early stages of entrepreneurship. With the study’s limitations in mind, the results pointed towards CPS as a domain-general predictor of entrepreneurial activities. Starting from the preliminary evidence we have, we suggest that whether an individual successfully identifies an entrepreneurial opportunity and thereby solves a complex problem in a dynamic and previously unknown task environment will depend in part on his or her CPS level. However, our findings also need to be replicated and substantiated in the future. For the time being, our contribution to entrepreneurship research is an empirical study in which we evaluated whether CPS plays a role in the application of OI of students who are presumably much affected by the complex and rapidly developing technological advancements of our times. Accordingly, integrating CPS skills in EE would be highly valuable as it is a generic skill that has potential linkages with a crucial entrepreneurial capability, namely, OI, and that fits the broad definition of EE with value creation at its core.
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