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Abstract 

Many studies tried to explain what entrepreneurs should do in order to succeed but 

failure rate of startup is still very high. What if the how is just as important? The 

dissertation want to investigate whether decision making of entrepreneurs can be 

ameliorated by instilling a scientist-like mindset. The work seeks to answer the 

question: to what degree industry experience and prior humanities studies may impact 

the learning path of the scientific method for entrepreneurship? 

The main idea behind this research is to identify some variables that affect decision 

making ability. In the first section of the text, the author describes the importance of 

entrepreneurship as a catalyst for economic growth and attention is devoted to 

previous researches that have been made on the impact of industry experience and 

prior knowledge in entrepreneurship to identify pros and cons of those works. 

Subsequently, tailored entrepreneurship methods are explained in detail with a focus 

on scientific entrepreneurship which is considered the most fitting method by the author 

for the purpose of this research. 

By using the scientific approach to entrepreneurship as the backbone of the text, the 

methodology and the research design are constructed. The author uses panel 

regression to assess the impact of industry experience and prior knowledge in 

humanities studies in dealing with a scientific method for entrepreneurs.  

The paper continues with tests of panel data previously collected in a randomized-

control trial sample of 266 startups from various Italian cities.  The results confirm that 

there exists a positive and significant correlation between industry experience and 

scientific entrepreneurship while it cannot draw out the same conclusion for prior 

knowledge. 

It is hoped this study will inform managers, practitioners and potential entrepreneurs 

about startups’ practices for better understanding the effect of background knowledge 

and experience while learning and/or teaching a new scientific method for 

entrepreneurs. It is critical to enhance decision making ability otherwise artificial 

intelligence and automation will eventually substitute managers. In addition, another 

potential field of enquiry is to improve screening activity of candidates in human 

resource management with the implementation of a more scientific approach. 
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1. Introduction 

Growth is the building block of the market economy and it is mainly driven by innovation 

and entrepreneurs (Business Week, 1993). Growth rates of innovation are increasing 

their speed at an unprecedented pace leaving the world with tremendous opportunities 

and challenges (Carbonell and Rodriguez, 2006).  

Entrepreneurs find themselves in a fast-changing world where 84.8% of new business 

ideas do not succeed (Fairlie, Miranda, 2017). What are the reasons behind the poor 

performance of startups? Narrowing down the research in technology 

entrepreneurship, it is interesting to identify the main reasons for poor performances, 

while trying to relate them to possible new strategies in this field, i.e. the product market 

strategy (developing downstream capabilities) and the market for ideas strategy 

(cooperate with incumbents).  

Moreover, new ideas are even harder to find, and they are more expensive mainly 

because the amount of knowledge is increasing, and it takes longer and longer to catch 

up with the prior art in a specific sector (Relihan, 2018). An empirical study made by 

Bloom et al. (2017) shows that research productivity has plumbed while the number of 

researchers has increased. What is the result? To keep the pace of Moore’s Law in 

the semiconductor industry, the US needs to double the number of researchers every 

13 years (Bloom et al., 2017). This is strictly related to new idea generation: it is more 

difficult to find new ideas to implement in the market. 

Furthermore, what if the industry experience and prior knowledge might also block 

innovation and idea generation? Studying entrepreneurship has shown that 

background knowledge traps the marketers in a knowledge corridor rather than open 

one’s mind (Gruber et al., 2013). Besides, Gruber et al. (2013, p.193) add that 

“technological experience by itself does not have a significant relation to the number 

of opportunities identified and that founders' aspirations provoke a search for more 

opportunities but not a greater variety of opportunity.” In other words, being an expert 

in a specific field seems to prevent having a big picture consciousness.  

Other studies consistently find that being able to learn through absorptive and dynamic 

capabilities is a competitive advantage for a firm (Cohen and Levinthal, 1990; Teece 

et al., 1997; Tsai, 2001; Zahra and George 2002), but it is unclear what role the industry 

experience and prior knowledge play in creating and shaping new successful firms. 
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Indeed, there is a paucity of works as regards the exploration of links between the 

performance of entrepreneurs and prior knowledge. 

A different line of research in the psychological field made by Kahneman (2012) 

highlights that an initial judgment made by the human mind might contain shortcomings 

because it is based on intuition and experience. Kahneman (2012) spots two different 

types of reasoning of the human brain: System 1 and System 2. System 1 which uses 

heuristic, intuition and stereotypical judgment is more prone to biases. What 

Kahneman is trying to convey with his studies is that the human brain is a complex 

mechanism that operates differently according to stimuli. Hence, it is difficult to predict 

whether rationality or intuitions is used while taking business decisions.  

Recent methods like the Lean Startup (or hypothesis-driven entrepreneurship) are 

trying to fix the main errors and fallacies of human heuristics by introducing the 

construct of testing ideas and pivoting accordingly to results (Eisenmann et al., 2012). 

According to the authors, the ability of a founder stands in recognizing the feasibility of 

the idea and abandon it in case it is not feasible or economically viable. 

Going even further, a new scientific method emerged from the literature. This method 

includes practices similar to the Lean Startup method such as creating a business 

model canvas, doing customer interviews, designing minimum valuable product (MVP) 

and creating and testing prototype (Camuffo et al., 2018). However, the authors 

underline that extensive review and learning activities must be done after testing the 

initial clear-cut hypotheses to fully understand the results. According to the research, 

a scientific method should be applied in order to refine and assess the goodness of the 

business idea. Lastly, both works suggest pivoting the idea according to received 

feedback from the customer. To do that properly, a rigorous and previously designed 

threshold should be set on the hypotheses. Otherwise, testing becomes only a 

challenging but unhelpful practice. So, should entrepreneurs avoid intuition or ‘gut 

feeling’ in judging ideas? The scientific training stresses the importance of testing and 

prototyping, but it also includes a preliminary part where the falsifiable hypotheses are 

constructed based on prior probabilities estimate. These estimates are created with 

the help of intuition.  

This research will move inside the theory of the scientific method proposed by Camuffo 

et al. (2018), leveraging that the authors demonstrated the goodness of the method by 
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showing that entrepreneurs improve their ability in recognizing ideas’ potential. In 

particular, the research aims to assess the previously explained dilemma, i.e. how 

experience, in the form of industry experience, and prior knowledge might impact the 

absorption of a scientific approach to decision making for entrepreneurs. If the scientific 

method is a rigorous approach to test ideas, it is compelling to understand how existing 

beliefs and knowledge will influence the learning path.  

1.1 Added value of the work 

Being conscious on the limitation of the study of Fairlie and Miranda (2017) on how 

they end-up estimating the percentage of failure of startups in the USA, it is 

undoubtedly that performances of new venture are poor even if more and more training 

has been done. The idea of this work that will move inside the experiment of Camuffo 

et al. (2018) is to understand how internal factors such as prior knowledge and 

experience might affect the learning experience of the above mentioned approach that 

in turn might increase success rate of startups. The author hopes to shed a light on 

some aspect that influence decision making but are often neglected or underestimated 

in their importance. It is quite different from other works because it is a sort of meta-

analysis of an entrepreneurial method that want to check if performances can be 

changed according to different background of groups of entrepreneurs. Being aware 

of potential limitation of such methodology, it is critical to highlight that through this 

method is possible to understand how some factors are actually influencing the actual 

decision of the entrepreneur, irrespective of what the entrepreneur thinks of what 

influence her decision. The goal is to have a method that horizontally intersect the 

current literature. 

1.2 Structure overview 

The paper starts with an introduction in chapter 1. Later, the research question follows 

in chapter 2. Following that, a deep analysis of the literature is made, ranging from 

entrepreneurship and growth to the role of entrepreneurship education in chapter 3. 

After the landscape of the research has been set, the author talks about the 

methodology in chapter 4, highlighting the reason of this choice. Related to the 

methodology there is the research design in chapter 5 which includes data collection 

and analysis techniques. It is useful to highlight the main point of the research in order 

to understand how the author arrived to discuss this topic. Later, the results are 
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analyzed in chapter 6 in order to understand possible patterns and trends and whether 

the hypotheses have been corroborated or not. After the results are deeply showed 

and commented, they are discussed in chapter 7. To sum up, conclusion are drawn 

out in chapter 8 along with possible implication regarding education and corporation 

and further lines of research. Chapter 9 and 10 are dedicated to the bibliography and 

the appendix, respectively. 

2. Research question 

Following the discussion from the above paragraphs, the work will try to answer the 

later displayed research question on how industry experience and prior knowledge, in 

particular in humanities studies, will affect a scientific approach to entrepreneurship. 

The end goal is trying to understand how decision making is affected in daily activities 

while having a scientist-like mind. The importance of studying decision making of 

entrepreneurs is strictly related to the future society that will develop in the near future. 

What can we do to improve decision quality? Be aware: better decisions do not cause 

automatic success because randomness/luck plays a role. The research question is 

quite specific in terms of investigation variables but if the methodology proves to be 

good, the experiment can be repeated multiple times to enquire different internal 

aspects that influence decision making. 

RQ: What is the role of industry experience and prior knowledge 

in entrepreneurs if a scientific approach to entrepreneurial 

decision-making is being implemented? 

3. Literature review 

The author analyses the literature around this work to understand the state of art in 

this field. As previously mentioned, the work will try to be as open as possible in terms 

of positioning in the literature. Hence, different area of the entrepreneurship literature 

are explored, from economics to psychological literature, from studies in university 

landscapes to scientific methods proposed by practitioners. 
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3.1 Entrepreneurship, innovation and growth 

Entrepreneurship is a term that is increasing in its frequency and importance in 

economic researches. For this work, starting with an economic perspective can help to 

grasp the broad impact innovative entrepreneurs have in modern economies. Several 

works will be discussed in order to understand how the concept of growth changed. 

The papers discussed below will be mainly taken from the framework of paradigm shifts 

by Audrescht et al. (2006) in which exogenous and endogenous growth are compared. 

As highlighted by Lazear (2002, p.1) “The entrepreneur is the single most important 

player in a modern economy” because she is a driver of growth. Growth is brought by 

new firms that employ labour and capital and by technological innovation, as it has 

been studied by Solow (1957) and Swan (1956) in their economic growth model. They 

theorize the exogenous growth model: 𝑌 =  𝐴(𝑡)𝐾∝𝐿𝛽 (Solow, 1957). 𝐴(𝑡) stands for 

technical change as a function of time but it includes whatever type of exogenous shift 

that occurs.  

Afterward, Romer (1986) postulates that growth is now an endogenous variable:  𝑌 =

 𝐴(𝑅)𝐹(𝑅𝑗, 𝐾𝑗, 𝐿𝑗). It depends on Rj, “the stock of results from expenditure on research 

and development by firm j” (Romer, 1986, p.15). In other word, a firm can manipulate 

the level of research in order to increase the function. He suggests that this argument 

should be based on three premises (Romer, 1990): 

1. Technological change is the building block of economic growth 

2. Technological change is caused by intentional activities taken by firms which 

react to market incentives 

3. New technology creates new “instruction for working with raw material” (Romer, 

1990, p.72). Those instructions are a different type of economic good compared 

to labor and capital. They are nonrival and partially excludable, depending on 

the appropriability regime of the intellectual property system. 

New instructions let the company work better and in a new way. Changing the 

instructions is equivalent to incur in fixed costs, moving the Cobb-Douglas production 

function upwards. Further research has been done while trying to ameliorate this 

model. Audretsch et al. (2006) demonstrate why new firms are a mean for knowledge 

transmission. In fact, new ventures create knowledge and while transmitting it, they 

transform knowledge in economic knowledge, a solid base for creating innovation and 
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valuable inter-firms spillovers. In turn, inter-firm spillovers can create new knowledge 

and the cycle of knowledge creation can self-sustain itself. 

Moreover, previous findings by Jovanovic (1982) suggest a theory of ‘noisy’ selection 

which means creating a model that tries to disentangle and explain the causes of entry 

and exit of firms. The author explains that firms differs in size because of efficiency 

differences and correlations show that firm size and market concentration are positively 

related. Over time rates of return are higher for larger firms in concentrated industries. 

Also, a higher concentration is positively related to higher profits for bigger firms but 

not for small firms, i.e. small firms might find themselves better in a fragmented market.  

Another related model (Ericson and Akes, 1995) underlines how the success of a firm 

is dependent on the stochastic outcome of investments, success/unsuccess of other 

firms and competitive pressure. The authors suggest that there exists a Markov-perfect 

Nash equilibrium (an equilibrium present in a mixed strategy game) in entry and exit 

decisions which can be found by maximizing the present discounted value of a new 

firm (Ericson and Akes, 1995). In other words, growth is obtained by maximizing the 

payoffs functions of a firm. 

However, an economics perspective does not put its focus on the small and numerous 

facets of the decision making of managers. In fact, Bennet and Chatterji (2017) explain 

that the literature has been much focused on who entrepreneurs are and where do 

they come from and less focused on what they do or should do in order to pursue a 

successful entrepreneurship career. According to the result of their survey, the authors 

show that early failure/abandon is due to execution problems. In addition, struggling to 

find basic routines and opportunity cost problem might be better explained with 

psychological theories rather than maximizing utility functions. The point of view of this 

paper will be in between those concepts: draw out theories from both the economic 

field and the psychological field to have a big-picture view on the matter. 

3.2 The role of industry experience and prior knowledge in 

entrepreneurship 

As technology advances, it takes longer and longer to catch up with a certain 

technological prior art to understand new possible inventions (Relihan, 2018). If greater 

economic growth is a goal, since researchers’ productivity in some sectors is falling 

around 7% per year for 40 years, firms need to employ more and more people to obtain 
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the same level of output (Bloom et al., 2017). Hence, if the idea generation process 

takes longer and more people, it is increasingly expensive to find an idea from which 

developing a business opportunity that eventually could succeed. In response to that, 

firms have started to organize processes in new ways by dividing labor of innovative 

activity (Arora and Gambardella, 1994), given the fact that complexity can be better 

tackled by subdividing it into less complex tasks. But what if more prior knowledge is 

necessary for creating innovations but at the same time counterproductive for 

creativity? The risk is to have an overload of information while keeping the same 

paradigm for reasoning. Gurteen (1998, p.8) makes us aware of that: “Paradigms block 

our creativity”. They are beneficial in contrasting dangerous ideas but at the same time, 

they block creativity because of their innate function of filter information. 

Another related study on the effect of prior knowledge suggests that it can be a double-

edged sword. On one hand, more radical innovation is positively associated with prior 

knowledge of technology and formal education. On the other, there is a negative 

correlation between prior knowledge and the ability to understand the potential of the 

product (Lumpkin and Marvel, 2007). It is true that the authors are analyzing a specific 

landscape which is the one of radical innovation so their result might be different when 

investigating effects on incremental innovations to be launched. 

Nevertheless, according to a research of Gruber et al. (2013, p.295) founders' pre-

existing knowledge attributes can have “a first-degree effect on opportunity 

identification (i.e., the founders' existing knowledge of market opportunities) as well as 

a second-degree effect (i.e., the founders' existing ability to assimilate external 

knowledge on market opportunities)”. In other words, knowledge serves as an enabler 

in recognizing something related to the “known” world and it operates as a transformer 

that “burns” new knowledge taken from the external world and convert it into new 

opportunities for the startup. If prior knowledge is an enabler and multiplier for seeking 

opportunity, there must be a plateau of the power of prior knowledge in identifying 

target markets and in turn to diversification. In fact, the relationship between the variety 

of pre-entry opportunity set and the possibility follows an inverted U-Shaped 

relationship (Gruber et al., 2013). Still, as previously mentioned, more in-depth 

knowledge in a specific sector might also cause the opposite effect in recognizing the 

potential broad applicability of technology (Lumpkin and Marvel, 2007). 
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Some other works tried to investigate the impact of knowledge on entrepreneurs’ ability 

to forecast their future performance. Cassar (2014) uses a sample of 2304 of new 

ventures to investigate whether and how much they were right about themselves. 

Sample data were collected through the Kauffman Firm Survey which labels and 

follows startups via longitudinal data. Information was collected for industry 

experience, startup experience, and specific industry startup experience. The study 

shows that entrepreneurs with greater industry experience have more realistic 

expectations, especially in a sector with higher uncertainty. Even though these results 

came as expected by a general consensus of learning by doing abilities (Baron and 

Ensley, 2006; Corbett, 2005; McGrath and MacMillan, 2000; Parker, 2006; Ronstadt, 

1988; Shane, 2000; Wiklund and Shepherd, 2003) and improving forecasting abilities 

(Clement, 1999; Mikhail et al., 1997), no evidence is found on the influence of other 

types of experience like startup experience. In addition, if it is true that industry 

experience increases forecasting ability, how can researchers be sure that this ability 

will not, in turn, boost overconfidence biases and create a self-fulfilling prophecy of 

failure in more expert entrepreneurs? In fact, the author suggests that “it is not sufficient 

that a business survives to infer that the business has met the entrepreneurs' 

expectations for success, or in the cross-section, that new business growth is 

synonymous with entrepreneurs meeting their expected growth” (Cassar, 2014, p.149). 

The majority of the above studies suggest that industry experience might be valuable 

for identifying various business opportunities in some cases and ameliorate business 

forecasts. Venture capitalists are the ones who benefit the most from this type of 

activity, thanks to the exposure of different areas, even if they tend to specialize and 

cluster in one specific sector. Nonetheless, the impact of industry experience seems 

to be far from being clear. Kahneman et al. (1982) highlight that biases in predictions, 

especially overconfidence, are easier to be spotted in high uncertainty settings where 

in turn industry experience matters the most. Then, how do entrepreneurs measure 

their degree of success based on their decisions influenced by the variables as 

mentioned earlier? 

A specific explanation of  the perceived degree of success made by the entrepreneurs 

has been shown by the study of Cooper et al. (1997) that collect opinions from them 

via a survey. Several findings can be outlined based on that work: 
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1. Entrepreneurs with sunk costs or whatever type of commitment display a 

remarkable degree of overconfidence. Odds for success are extremely high, 

far greater than reality. Around 72%, on average, of 2994 interviewed said 

that they will be successful with a rate greater or equal to 8 times out of 10 

(Cooper et al., 1997).  

If it is true in negotiations that “a player’s bargaining power is higher the 

larger is her cost of backing from her initial demand” (Muthoo, 2000, p.165), 

the risk of escalation of commitment is very dangerous. In fact, if reputation 

in the eyes of potential investors is the predominant objective, there is a 

huge risk of having a short-term period horizon which in turn ask even 

greater performance to the firm to overcome greater expectation. An 

example in today economy is the founder and CEO of Tesla, Elon Musk who 

might be forced to leave his chief executive chair because of his increasing 

promises that see\m to be unattended (Lee, 2018). 

2. Entrepreneurs felt they were better than average in succeeding (Cooper, et 

al., 1997). 

This type of bias has been studied by Kahneman (2012, p.212-216): “the 

illusion of stock-picking skill”. It tells us that on average we tend to 

overestimate the impact of our perceived skills even if past data tends to 

consistently disconfirm our hypothesis. Clearly, these results do not take into 

consideration past macro statistics as regards as real success rate.  

Besides, another problem that can arise when overestimating one’s ability is 

the misinterpretation of causality. Factors that in the past seemed to have a 

greater impact on their chances for success are disregarded. Coherent 

constructions of the story of success are far more important than factual data 

(Kahneman, 2012). Still, overconfidence is just one possible bias: the 

entrepreneur might be emotionally attached to her idea that might prevent 

her to objectively analyze it. Cognitive dissonance tends to exaggerate the 

allurement of an option after it has been picked (Abelson and Levi, 1985). 

Given these contrasting results in the literature, the goal of this paper is to better 

understand the impact of experience on the adoption of a scientific approach to 

decision making. This approach helps identify causes that prevent startups to increase 

success-rate, being aware of the complexity, the hidden causes and the unpredictable 
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shocks that might influence the performance of new ventures. In particular, it helps 

entrepreneurs being more precise in the choices that they make and reach a more 

realistic assessment of the feasibility of their business idea. If prior knowledge and 

experience could only help forecast the success of the venture, a rigorous method for 

testing the identified idea can cover the gap between forecasts and actual 

performances. 

 

 

3.3 Entrepreneurship education (EE) 

Before looking at any specific entrepreneurship method proposed by the emergent 

literature, coherent with the branch of the study of this research, it is important to 

understand if exposure to entrepreneurship training can change intentions to venturing 

and/or foster idea generation. The first part will regard some methods that are a sort 

of “meta-analysis” of EE in which the studies try to analyze the effect of entrepreneurial 

education in general. The second part will deal with two emergent innovative theories 

that are made and tailored for entrepreneurs. 

3.3.1 Meta-analysis of entrepreneurship education 

The role of entrepreneurship education in university students 

One of the most recent work that analyses the patterns and behaviors of students 

exposed to EE are one of  Zhang et al. (2014). It addresses the void of studies 

regarding the impact of entrepreneurial education in entrepreneurial intention by 

surveying 494 university students in China. According to the authors, entrepreneurial 

education can have a direct and an indirect effect on intentions to venturing. The study 

tries to individuate any possible direct effect, differently from studying attitude changing 

after the education treatment (Ajzen, 1991) or indirect influences on the intention to 

create startups (Wu and Wu, 2008). The intention to venturing might, in turn, have a 

direct effect on entrepreneurship along with some possible moderating factors such as 

gender, field of studies and university majors (Zhang et al., 2014). Data were tested 

with probit regressions and it turns out that EE has a significant negative effect on EI 

(entrepreneurial intentions), especially in males. 
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Another relevant study on university students suggests that entrepreneurial education 

should focus more on actions rather than notions after comparing different Swedish 

universities programs (Rasmussen and Sørheim, 2006). Results show that programs 

varied greatly both in terms of “educators” employed and financial resources used 

because goals and methods are different depending on the programs (see Image 1). 

A measure used for testing the effectiveness of the program is looking at students who 

then eventually would start their own businesses (Rasmussen and Sørheim, 2006). 

 

Image 1: University strategies for entrepreneurship education 

Source: Rasmussen, E.A. & Sørheim, R. 2006, "Action-based entrepreneurship education", 

Technovation, vol. 26, no. 2, pp. 185-194. 

 

EE effects on skills and motivation in younger education 

Since entrepreneurship educational programs tend to gather entrepreneurs, 

Oosterbeek et al. (2010) decide to focus on a different target audience: young 

educational programs like the Junior Achievement Young Enterprise student mini-

company (SMC) that is held both in Europe (Junior Achievement Young Enterprise 

Europe annual report, 2006) and in the USA. Having a different sample compared to 

the entrepreneurial program might change the results of the analysis. The SMC 
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consists of giving profit and loss responsibilities to students as a team for small-sized 

businesses, and for a short period various tasks from the development to the exit 

strategy of the venture.  

All things being equal, the effect of the entrepreneurial education program is non-

significant while the point estimates are negatives, according to the analysis run. The 

authors add that even an effect on EI is negative but that might be something difficult 

to interpret. Over-optimism which has been measured by many of the previous studies 

might be affected by the program in a way that students immerse themselves in a 

reality check. In brief, the authors say that the negative effect might be a 

counterbalancing result of wrong expectations about what would it means to become 

an entrepreneur. 

Innovative psychological entrepreneurship training vs traditional methods on 

self-employed people 

Studies and analysis on entrepreneurship do not cover only universities and younger 

generations but also self-employed workers and micro-entrepreneurs. This is the case 

of the research conducted in Togo where Campos et al. (2017) compare traditional 

business training with psychological-based training. The idea came to mind after poor 

statistical results have been found with standard training, mainly for two reasons: 

traditional trainings do not change how entrepreneurs do business and they do not 

teach the right set of skills. The authors, borrowing from the psychology literature, 

highly emphasize the importance of a proactive mindset as a key characteristic for 

success, according to results. In fact, specific knowledge can be taught later, or it can 

be learned by doing during the different phases of a startup.  

The authors run a randomized control trial experiment where 1500 entrepreneurs were 

divided into triplets of different training to test the efficacy of the various methods. A 

triplet consists of dividing entrepreneurs in three different groups of 500 entrepreneurs 

each: one control group, one traditional business training group and one personal 

initiative training group (i.e. a training based on proactive mindset and future-oriented 

thinking). The main hypotheses made by Campos et al. (2017) have been 

corroborated: personal initiative training is more successful than traditional business 

training in all economic terms: survivability, size growth and profit increase at every 
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percentile. However, groups that followed traditional business training still had an 

increase in every economic variable measured but to a lower extent. 

Therefore, a psychological-based training with a strong emphasis on a future-oriented, 

proactive mindset is twice positively better than traditional business training. A key 

takeaway from the study is that the better method encouraged entrepreneurs to 

innovate and develop multiple products by helping the entrepreneurs to become more 

proactive and constantly searching for new opportunities, and more innovation-

oriented while trying to differentiate from competitors. Still, the traditional method is a 

positive way to enhance performances compared to non-training, according to the 

study. 

Marketing and finance training to micro/small entrepreneurs and self-employed 

Methods and theories are usually thought for startups that will eventually grow and 

establish themselves as new incumbents in developed economies. What if a study will 

focus on micro-entrepreneurship and self-employed in developing countries that 

account for many jobs in the world? What if these subjects are trained with a simple 

set of tools that will focus only on marketing or finance skills?  

Anderson-Macdonald et al. (2014) investigate whether a full marketing intensive 

course or a full finance one can greatly increase relevant metrics in young firms such 

as survival rate, increase in employees, in monthly sales, and monthly profits in South 

Africa. According to the model, marketing and finance skills shape different views on 

how to achieve these objectives: the former with a growth focus, the latter with an 

efficiency focus. In addition, the researchers assume that these two treatments are 

more effective if entrepreneurs are narrowly exposed to different businesses and they 

are running established businesses, respectively. To asses causality, a randomized 

control trial field experiment was designed by assigning entrepreneurs in the marketing 

class, finance class and to a non-treatment class. The hypotheses were corroborated 

hence both methods are able to increase all the metrics while the non-treated saw a 

decrease in all of them. Both methods are effective, and they are further enhanced 

with narrow prior exposure entrepreneurs in marketing and established companies in 

finance. Moreover, the bigger the company, the greater the positive impact on the 

metrics are (Anderson-Macdonald et al., 2014). 

Relevant implications can be drawn from the study: 
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• The self-selection that was made at the beginning of the research helped in 

having less noise in data and a higher signal for statistical power. In fact, some 

self-employed were not interesting in pursuing the career they thought thus, it 

would have been counterproductive to include them in the study. Even though 

all the researches are trying to check if it is possible to ameliorate the success 

rate of entrepreneurs, the difficulty is innate in the job: motivation and resilience 

are a necessary condition to pursuit success. Still, the authors used a 

randomized control trial to address possible selection biases. 

• A clear separation between two dimensions of managerial capital is novel: most 

piece of training, like the one in universities, try to teach a set of basic skills in 

different fields such as accounting, finance, marketing, strategy. An intensive 

solo-marketing/finance course seems to perform better, at least in a South 

Africa-like landscape. However, it might be so because of the higher lag of the 

economy and inequality in education: a simple course in marketing can highly 

enhance odds of survival because of the poor competitive environment whereas 

in a more competitive economy that would not be enough. 

To sum up, the main takeaway is that a greater concentration in a specific field seems 

to be very effective in training. Since we experience a greater division of labor in an 

innovative landscape, it is important that some studies confirm the power of specialized 

intensive treatment. 

3.3.2 Innovative approach for entrepreneurship 

Lean entrepreneurship: prototyping and pivoting 

The main idea behind the hypothesis-driven entrepreneurship is that uncertainty needs 

to be addressed multiple times during the life of the entrepreneurs and with that, a 

fitting method ought to be implemented (Eisenmann et al., 2012). The goal of testing 

falsifiable hypotheses is simple but tremendously important: the future manager will be 

able to understand if the tested idea should be persevered, pivoted or perished 

(Eisenmann et al., 2012). But how can an idea be tested? The answer is to create a 

Minimum-Viable-Product (MVP) in a quick and cheap manner to maximize scarce 

resources and avoid waste (Eisenmann et al., 2012). 
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The paragraph now proceeds with the illustration of the seven bullet points list which 

condenses the building blocks of the method (most of the following information are 

taken from Eisenmann et al., 2012): 

1. Develop a Vision. This step includes idea generation that can be fostered 

through various means, e.g. brainstorming between team members, common 

knowledge. 

2. Translate the Vision into Hypotheses. The idea(s) needs to be translated in a 

“testable way”. A way to fit all the hypotheses in a unique venue is to create a 

business plan. As previously mentioned, falsifiability is a fundamental 

characteristic of the hypotheses: they can be rejected or corroborated. Analysis 

can be made through A/B testing and cohort analysis in which a treatment and 

control group are employed. Hypotheses need to be informative and 

comprehensive. Otherwise, the test is a mere application of a method. 

3. Specify MVP Tests. Entrepreneurs should not feel ashamed to test with buggy 

MVP. Through a technique called smoke testing, they can avoid the demon of 

an initial bad brand image. The goal is to test rapidly and frequently even if 

product functionalities are not completely refined. However, the minimum 

functional requirements must be present. The authors suggest looking for early 

adopters and lead users who are keener to try innovations. Beware of false 

positive/negatives results: a simple confirmation/disconfirmation of the 

hypothesis cannot be inferred at the population level. 

4. Prioritize Tests. Deciding the sequence and the importance of the test is 

fundamental. If it is true that several tests need to be done, it is also true that a 

hierarchy must be set. Still, it might be possible to run parallel tests without 

overreaching the hierarchy. 

5. Learn from MVP Tests. To collect insights from testing, feedback from a 

potential customer must be incorporated throughout the process. Still, look out 

for false positive or negative. The idea is to understand the needs of the 

customers because they might not be the best individuals to find a solution to 

the problem. In order to get valuable insights from feedback, entrepreneurs 

should be open-minded, less anchored on their ideas and be ready to expect 

counterintuitive results.  
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6. Persevere, Pivot, or Perish. Testing the ideas will not bring the idea to success. 

Testing the idea means understanding reality. It can be that the idea is viable 

and correct so that the business can be persevered, or it might be that partial 

rejection of the hypothesis occurred. In the latter case, ideas need to pivot by 

leave out non-corroborated hypotheses and keep the confirmed ones. Or else, 

if tests bring rejections of most of the hypotheses, the business should be 

closed, and the idea perished. 

7. Scaling and Ongoing Optimization. After all the key tests had brought 

confirmative results, the business can scale because it has reached the product-

market-fit. Still, ideas can be further refined and tested in the following phases 

of the venture. 

Eisenmann et al. (2012) recognized that there are intrinsic limitations to this method. 

By relying on testing and learning through trial and error, the time variable can be 

underestimated, and the entrepreneurs might get lost in testing without being ever 

confident about the final result. In fact, in industries where mistakes must be limited, 

the method cannot be easily implemented.  Even when demand uncertainty is low, it 

might be a waste of time testing hypotheses (Eisenmann et al., 2012). Or, if the 

uncertainty of demand is high but the development cycles are long, the case of some 

radical innovation, it is difficult to test with a lean approach. Still, the authors suggest 

that the method they propose is better than a traditional approach to product 

development like “Build It And They Will Come” or “Waterfall Planning” or even “Just 

Do It” where importance to feedback is limited leaving the floor to potential biases. The 

iterative process (Image 2) want to unchain idea with high potential that might be 

blocked by linear bureaucratic procedures. 

Despite its novelty and simplicity, the method lacks an explanation on how to create 

and test hypotheses, given the fact that most entrepreneurs are not familiar with this 

method. Even if the method is not cryptic, it takes many things for granted, for example, 

no specific technique for evaluating prototyping is explained. At what point a prototype 

can be considered fully tested? How can the entrepreneur recognize the product-

market-fit moment? In addition, some refinement might be needed to adapt it to 

different cohorts of potential entrepreneurs. 
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Surprisingly, even if the method is quite popular among practitioners, it has received 

limited attention from the academic community. Thus, no scientific evidence has been 

found on the validity and goodness of the method.  

 

Image 2: The lean startup method path. 

Source: Eisenmann, T.R., Ries, E. & Dillard, S. 2012, "Hypothesis-Driven Entrepreneurship: The Lean 

Startup", Harvard Business School Entrepreneurial Management, Case 812-095.  

 

A Scientific approach to entrepreneurship 

An attentive reader might ask himself what is missing, if anything, from the Lean 

Startup method to make it a proper scientific approach to entrepreneurship. Starting 

from the limitations of the model, a group of scholars decided to further investigate the 
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method to prove or disprove its power with empirical shreds of evidence. The main 

differentiation between the scientific method and the Lean Startup method can be 

found in the first sentence of the authors: “A classical approach to collecting and 

elaborating information to make entrepreneurial decisions combines search heuristics 

such as trial and error, effectuation, and confirmatory search” (Camuffo et al. 2018, 

p.1). Heuristics and biases move decision making to a suboptimal solution. Rather than 

building one method for everyone, the authors outlined some best practices to follow, 

including rigorous hypotheses testing, in order to “develop frameworks for predicting 

the performance of their idea” (Camuffo et al., 2018, p.1), underlining the fact that the 

academic literature stands still on identifying new method for data collection and 

elaboration to enhance decision making of management. In their study, performances 

of startups are checked with a randomized control trial in which 116 Italian startup 

founders were involved and divided into two cohorts: a treatment group and a control 

group. The control group attended the exact amount of training of the treated, but the 

difference lies in how the managerial practices where thought: on one hand, rigor and 

discipline of testing was highly emphasized, on the other, general practices were 

shown. In short, the control group does not have a specific set of tools to directly use 

during the process of developing their venture.  The developed framework follows in 

part the Lean Startup method because it still has an MVP and a business model 

(canvas) but it also introduces customer interviews and real prototypes. 

The following remarks mainly derived from Camuffo et al. (2018): 

• The value of the business idea is formalized with v = v̅ + ε. V is the real value of 

the idea which cannot be observed a priori, v̅ is the expected value while ε is 

the error term with zero-mean and possibly uncorrelated with the value. 

• All the testing mechanism is used for reducing the spread between the two Vs, 

being aware of possible false positive/negative results. Regressions are run to 

test hypotheses. 

• Empirical results show that the probability of exit can increase thanks to 

abandoning or failed pivoting actions. Most importantly, the scientific approach 

increases the odds that a startup pivot to a new business idea, disconfirming 

the initial idea. To sum up, the main focus of the research is the decision-making 

path followed by the entrepreneurs.  
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The goal of this paper is strictly related to the research presented above: test the 

internal factors of decision making, such as prior knowledge and experience, and see 

whether they are helpful or detrimental during the process. 

4. Methodology 

To address the research question and the related hypotheses that will be formulated, 

the researcher thinks that a good way to understand relationships between the 

variables of interest is to run regressions. Given the nature of the data, i.e. longitudinal, 

panel regressions will be run. It has been decided to create a different methodology 

because of the nature of the research. Nonetheless, major parts of this methodology 

take inspiration from other works. 

Since the research will move inside the scientific approach to entrepreneurship 

theorized by Camuffo et al. (2018), the work will try to condense the method itself in 

one dependent variable to be tested. The treatment variable, which is a dummy 

variable measuring whether the startup was treated or not, will be used as an 

independent variable. Other independent variables will be related to prior knowledge 

and industry experience. Besides, interactions between dependent variables related to 

prior knowledge, industry experience and the treatment variable will be analyzed to 

understand any specific behaviors. 

Considering that the scientific entrepreneurship approach is at the backbone of this 

research, it is necessary to underline in detail what the approach is trying to accomplish 

and what are the key assumption beyond it. The scientific approach aims to drastically 

reduce errors from the controllable factors in both direction: reduce overestimation, 

increase the underestimation. The spread between the two values of a selected 

variable (real and estimated) is affected both by controllable and non-controllable 

factors. Of course, the focus is on controllable factors. A virtuous entrepreneur knows 

that testing helps to narrow the gap between the real value of a variable of interest and 

the perceived one. It is reasonable to assume that the initial judgment with lack of data 

is more prone to biases because it usually relies on ‘gut feeling’ or heuristics. Errorless 

assumptions do not exist, though, perfectible ones do.  

The model and the corresponding notation are taken from Camuffo et al. (2018): 
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In order to characterize the relationship between the predicted level of the idea and the 

actual level of it, the equation is built as v = v̅ + ε, where v is the actual value, v̅ is the 

expected value and ε is a stochastic term with zero mean. ε can be competition, 

external factors, policy-making changes, etc. 

However, the real value cannot be observed until the entrepreneurs develop the 

business idea. What she can do is to assume a value v̂, the a priori estimate.  It follows 

that: v̂= v̂0 + ω, where v̂0 is the signal observed by her at the initial stage while ω is an 

unobserved stochastic factor with zero-mean, finite variance. As pointed out by the 

authors, v̂ differs from v because both ε and ω might differ and they have zero-mean, 

hence they are systematically different. Moreover, ε and ω might have a different 

distribution, i.e. F and G defined in (-∞, A] and (-∞, a], respectively. 

The implications of using such a model are twofold: on one hand the ability to correctly 

model the reality and the expectations on the business idea helps entrepreneurs 

develop a mindset of a scientist, on the other, it helps reduce overconfidence and 

anchoring biases which are typical when there is an emotional bond between the idea 

and his/her creator. 

The explained methodology is at the backbone of the research that follows. Hence, the 

expected value of v will not be directly tested. Therefore, this research takes for granted 

the assumptions behind the explained model and it moves forward to understand what 

impact prior knowledge and experience can have on scientific entrepreneurship.  

5. Research Design 

The following section aims to discuss the research design of the dissertation. It is 

critical to highlight few key points in order to structure properly the work. In fact, 

research design clarity helps in interpreting results and in discovering unseen 

limitations. 

As far as the research design, the framework applied to this dissertation is the one of 

Sekaran and Bougie (2016): 
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1. The purpose of the study is to identify any type of influence of experience and 

prior knowledge on scientific entrepreneurship. A series of hypotheses will be 

delineated. Hence, the model will be predictive. 

2. The type of investigation is quantitative. Empirical methods such as panel 

regressions will be used. Longitudinal data are collected. Thus, more 

comprehensive and inferential results are expected. 

3. The extent of researcher interference will be low-to-moderate. Manipulation 

consists mainly of the experiment (training). The sample includes mainly Italian 

entrepreneurs coming from all over Italy.  

4. The study setting is non-contrived, and a field experiment is set up. The 

practitioners acted as trainers and mentors for the training. In management is 

pretty difficult to recreate lab experiment and sometimes the trade-off between 

minimizing costs and external validity hangs in favor of the former hence a field 

experiment, which is between a field study and a lab experiment. 

5. The unit of analysis is the decision making of an individual/group of 

entrepreneurs in the throes of a scientific approach. The goal is to verify how 

prior knowledge and experience affect scientific entrepreneurship. 

6. The time horizon is one year which is reasonable considering that startups have 

an average age of 2.5 years in the European Union (Kensbock et al., 2015) and 

84.4% of US startup fail in 7 years (Fairlie and Miranda, 2017).  

5.1 Data collection 

Data were obtained from a research university lab that collected information from 

Italian entrepreneurs’ over time to understand the potential effect of the scientific 

treatment in a short-medium horizon. The panel dataset includes 266 startups and 18 

data points for about one year. The setup of the experiment was a randomized control 

trial which helps in dividing randomly the pool of startups in control and trial to reduce 

potential selection bias. In this way, the researcher is able to understand the treatment 

effect, if any.  

The main idea was to teach the entrepreneurs how to develop frameworks that enable 

rigorous control performance of their business ideas in the form of hypotheses testing 

and refining. According to previous studies made by Camuffo et al. (2018), the outcome 

of the training is to see a better performance of the venture, more pivoting and dropout 

rate similar to the control group. This is due to more informed and data-driven decision 
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making. Once the entrepreneur tested out numerous hypotheses regarding the 

service/product, she/he knows with a high degree of confidence whether to persevere 

the idea, pivot it radically or abandon it. 

Data were collected through online questionnaires, face-to-face interviews, telephone 

interviews and information collected during the training program. Of course, 

longitudinal data might cause the experiment to be long and people in the experiment 

might feel a fatigue effect. However, a field experiment has the advantage of letting the 

subject of the experiment interact in their natural environment hence, it reduces the 

fatigue effect. 

It is important to highlight that during data collection, especially in interviews, a 

standard protocol was followed by the interviewers and questions were usually open 

and not leading. Leading questions mean subtly prompting the respondent to answer 

in a particular way, biasing the interview. The researcher needs to be at least as 

rigorous as an entrepreneur who is following the scientific method. As Eisenmann et 

al. (2012) suggest the customer has to express his needs more than his wants. Only 

in this situation unexpected results can be accepted and utilized. In the same way, the 

researcher has to understand from his customer (the team of entrepreneurs) what has 

been done to develop the product/service. 

Even more importantly, since interviews were conducted with both treated and 

untreated entrepreneurs, there must not be a different behavior during the interview by 

the interviewers. In fact, any change among experimental subjects might be due to the 

experimenter staff who can be over-enthusiast rather than the treatment itself 

(Chambliss and Schutt, 2018). Motivation and emotions can cause that shift in 

performance rather than the treatment itself and, in turn, a self-fulfilling prophecy can 

arise. A solution to that is a double-blind procedure in which none of the subjects 

involved in the interview is aware of the treatment. 

One might argue that the initial screening done to accept or refuse a candidate might 

cause a randomization problem in the sample. However, selection and self-selection 

are not bad per se. On the contrary, if an entrepreneur thinks that it is not worth to 

spend time on training, it might be a sign of a low determination that in any case will 

prevent him to succeed. In any case, a pre-test (for example an application) can itself 
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influence post-test scores. Hence, it is very difficult to completely remove entry 

barriers. 

5.2 Data preparation 

Before starting to analyze data, they were cleaned and startups that did not participate 

were removed from the sample. Interaction variables were created, mainly by mixing 

experience/knowledge variables with the treatment variable.  Why are we interested in 

interactions? The experiment from which data are taken from was run for assessing 

the potential goodness of scientific entrepreneurship treatment hence, it is interesting 

to investigate the behavior of education and prior knowledge with the treatment itself. 

A simultaneous effect of different variables can change the final effect, both in intensity 

and in direction. 

So, to accurately detect the extent to which entrepreneurs adopted the scientific 

approach, 5 different variables were created. Four of them are an average of different 

aspects of scientific entrepreneurship regarding hypotheses, theories, tests, 

valuations, whereas one is the average of the average (scientific_experimentation). It 

will be investigated whether major or minor differences in the accuracy of hypotheses 

definition, in theories or testing, might make a statistically significant difference.  

The other variables of interest were related to prior knowledge and education, divided 

in educ_econ, educ_tech, educ_other, sectorexp_mean, startupexp_mean and 

mgmtexp_mean. They count the number of members in a team with a background in 

business studies, technical studies, humanities studies, the average years in a team 

of industry experience, the average years in venturing experience and the average 

years in management experience, respectively. 

However, only educ_other and sectorexp_mean were selected for the analysis.  

Analysis of other type of education, i.e. humanities and the like, was more interesting 

and appealing because it is quite likely that the so-called STEM will be more and more 

important in developing innovation with new technology while it is not clear the future 

for humanities studies. Data shows that there is a growing number of students enrolled 

in STEM programs even if enrollment in college is declining (Cortez, 2018). Still, the 

goal of the treatment is to develop or enhance the abilities of an entrepreneur when 

dealing with innovation even if their background is different. More so, an investigation 

in non-technical backgrounds it is even more useful to run. 



27 
 

Startup experience was not selected because it had generally very low value. Many 

founders had no previous experience. Moreover, both startup experience and 

management experience were very heterogeneous variables by construction. It would 

be interesting to split up different type of management/startup experience by type (in 

which sector it was achieved, what was the size of the firms in which he managed 

people/the size and the life span of the previously founded startup) other than having 

the number of years of managing people.  Other than methodological choices, other 

types of experience (mgmtexp_mean, startupexp_mean) and prior 

knowledge/education (educ_tech, educ_econ) were excluded because of the very poor 

performance in statistical significance and intensity of the impact.  

Even if it is an experiment, control variables were created by encoding the mentor 

variable (the practitioners following the startups) to check whether results would remain 

stable. Results are reported in the appendix. 

5.3 Main Hypotheses 

Previous theories on prior knowledge influence gave mixed results. If prior knowledge 

can help with a better understanding of market opportunities, it may also block the 

manager in a knowledge corridor (Gruber et al., 2013). The expectation of the 

researcher is a positive effect of prior knowledge in humanities on scientific 

entrepreneurship because of its potential ability to foster creativity. In fact, an economic 

background might block innovation by thinking with excessive mental scheming typical 

of business school education. A popular 18-minutes long experiment which consists of 

putting a Marshmallow at the top of a building constructed only with spaghetti and tape 

showed that the worst performers are usually business students (Anthony, 2014). The 

reasons are related to how they spent time: a consistent part is dedicated to the 

emergence of a leader and division of labor, a relevant part to planning and less than 

50% of the time to the actual building. The innate creativity that children have seems 

to be lost in business students.  

HP1: Prior knowledge in humanities studies has a positive influence on scientific 

entrepreneurship. 

As aforementioned, mixed results emerged from the analysis of industry experience. 

On one hand it can increase founders’ forecasts accuracy (Cassar, 2014) but on the 

other findings suggest that industry experience, which can be brought by advisors on 
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the board if the young firm lack, can only fix reputation and credibility in the eye of 

potential investors: they can enhance trust in relationships, enhance credibility and 

grant easier access to critical information and networks in the industry (Kor and 

Misangyi, 2008). Or, under other circumstances, Lumpkin and Marvel (2007) found out 

that specific sectorial knowledge can block the ability to recognize the potential of an 

innovation. 

Furthermore, Hamori and Koyuncu (2015) found that “CEO experience is negatively 

related to post-succession firm performance”. The rationale of this finding relates 

strictly with the “knowledge corridor” trap (Gruber et al., 2013) because past job-

specific experience enhances overconfidence and it might hinder innovation which is 

critical both for a big corporation and for new firms. For all those reasons, industry 

experience impact is expected to be negative on scientific entrepreneurship. 

HP2: Industry experience has a negative influence on scientific entrepreneurship 

5.4 Data analysis 

As previously mentioned, longitudinal data will be analyzed with panel regressions. 

Data testing will regard the generated hypotheses. Having such structure, it lets 

researchers corroborate or falsify the conjectures. 

Independent variables will be related to education and experience other than the 

treatment itself. Education analysis will focus on the variable called educ_other which 

comprises mainly humanities studies (art, communication, languages, law). Since 

technology is growing its importance in the startup landscape, it is interesting to identify 

how studies unrelated to a business-related degree or engineer programs can impact 

founders’ ability. 

With regards to experience, the focus will be on industry experience because it had 

mixed effects on the previous study: Cassar (2014) found that industry experience 

enhances forecast performance, especially in the high tech industries while Gruber et 

al. (2013) showed that marketers might get trapped in their cumulated knowledge and 

experience. Even angel investors, when dealing with entrepreneurs, might benefit 

positively from their industry operating experience and industry investing experience 

but industry startup experience represents a negative ‘influencer’ on their decision-

making ability (Baucus et al., 2012). 
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6. Analysis of the results 

The analysis of the results will follow this path: first, results related to prior knowledge 

in the form of humanities studies will be shown and second, results related to the 

impact of industry experience will be presented. Both analyses will start by considering 

scientific entrepreneurship as a comprehensive variable (scientific_experimentation). 

Then, the component of this variable will be split up in hypotheses, theories, tests, 

valuations (ipo_tot, teoria_tot, test_tot, val_tot). 

6.1 Prior knowledge impact 

Table 1: Education Regression (Panel), Dependent Variable = Scientific 

Experimentation 

 (1) 

VARIABLES scientific_experimentation 

  

educ_other 0.249** 

 (0.117) 

1.treatment 0.314* 

 (0.164) 

educ_other_treatment -0.224 

 (0.139) 

Constant 1.298*** 

 (0.108) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

The output clearly shows that educ_other is positively related to the dependent variable 

with a coefficient of around 0.25 and it is statistically significant at 95%. A background 

in humanities or non-technical areas seems to increase the ability in generating a 

scientific method on a new venture. The treatment is also a variable of interest for the 

experiment and we can see that it is significant and positive in its influence. However, 

the interaction between the two regressors changes the direction and the strength of 
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the impact. A possible explanation is that the two factors are substitutes for each other. 

Further, the different beneficial approaches might be so conflicting that together they 

can have a detrimental effect on the outcome. 

Table 2: Education Regression (Panel), Dependent Variable = Hypotheses Generation 

 (1) 

VARIABLES ipo_tot 

  

educ_other 0.324* 

 (0.173) 

1.treatment 0.432** 

 (0.186) 

educ_other_treatment -0.241 

 (0.190) 

Constant 1.232*** 

 (0.134) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

In the above table is possible to see very similar results compared to the 

comprehensive variable (scientific_experimentation). The main difference is that the 

positive impact of the first two regressors is even stronger. Evidence shows that this 

type of knowledge is certainly helpful in synthesizing ideas into clear and falsifiable 

hypotheses. Significance is a bit lower compared to the previous test, but it is important 

to highlight two aspects: 

1. The nature of the data 

2. The importance of p-values 

Data were collected from a field experiment, hence a researcher should not expect to 

apply a traditional threshold of validity (90%, 95%, 99%). 

P-values are certainly an important measure of the value of the test. However, it is 

wrong to over-emphasize their importance since the primary goal of this research is 
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not the external validity and also p-value critiques underline that they are an indicator 

of correlations and not causality. Thus, looking at the p-value should not induce the 

research to take a binary decision when dealing with results’ analysis (Hubbard, 

Lindsay, 2008; Bang and Kim, 2016). A binary decision should be made by 

entrepreneurs after they set a threshold on a specific hypothesis to discard or 

corroborate it. Counterintuitive or unexpected results should be accepted and not 

avoided. 

Table 3: Education Regression (Panel), Dependent Variable = Theories Generation 

 (1) 

VARIABLES teoria_tot 

  

educ_other 0.345** 

 (0.173) 

1.treatment 0.259 

 (0.201) 

educ_other_treatment -0.164 

 (0.184) 

Constant 1.673*** 

 (0.149) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

Theories formulation is the most positively impacted independent variable by 

educ_other. The theories underpinning the hypotheses are somewhat coherent to the 

hypotheses themselves. Again, there might be a confirmation on the common belief of 

the ability of humanities studies to creating theories since many courses involve 

studying and analyzing theories. In any case, staying in close contact with theories 

might hinder creative thinking since pre-established concepts are difficult to remove. It 

can be thought as a sort of anchoring bias where the manager finds it difficult to deviate 

from his initial estimate on the value. The positive influence of education reaches a 

new high whereas the interaction effect reaches a very low absolute value. 
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Table 4: Education Regression (Panel), Dependent Variable = Testing Ability 

 (1) 

VARIABLES test_tot 

  

educ_other 0.0946 

 (0.163) 

1.treatment 0.198 

 (0.199) 

educ_other_treatment -0.157 

 (0.208) 

Constant 1.425*** 

 (0.134) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

This test has very poor statistical significance, but it keeps on the trend of contrasting 

approaches that eventually collide in a negative effect. Moreover, a careful reader can 

see that the coefficient of educ_other is very little hence a possible explanation is that 

a person with this type of background is not used to apply a scientific method to test 

phenomena. Even if the impact is little, it is still non-negative. Thus, a common belief 

of the counterproductive effect of humanities studies in scientific tasks seems to be 

partially unattended. 
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Table 5: Education Regression (Panel), Dependent Variable = Evaluation Ability 

 (1) 

VARIABLES val_tot 

  

educ_other 0.255* 

 (0.142) 

1.treatment 0.364** 

 (0.170) 

educ_other_treatment -0.331* 

 (0.189) 

Constant 0.849*** 

 (0.109) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

The ability to critically evaluate tests and theories is fundamental for entrepreneurs. 

Val_tot measures if the results are evaluated and how systematic and valuable are the 

metrics used to do so. Results are significant at least at a 90% value. The trend of the 

positive effect of the individual regressors and negative effect together is confirmed 

again.  

It is correct to say that the treatment and the background knowledge of this type are 

positively correlated with scientific entrepreneurship, according to this experiment. 

Causality is not demonstrated but trends clearly show a conflicting effect between the 

two regressors which punishes the efficacy of the single benefits and even making it 

unwanted, given the fact that a positive influence from the two variables is desirable 

and expected in the experiment. 
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6.2 Experience effect 

Table 6: Prior Knowledge Regression (Panel), Dependent Variable = Scientific 

Experimentation 

 (1) 

VARIABLES scientific_experimentation 

  

sectorexp_mean -0.0418*** 

 (0.0141) 

1.treatment 0.0806 

 (0.175) 

sectorexp_treatment 0.0445 

 (0.0304) 

Constant 1.534*** 

 (0.104) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

The above output displays an interesting result: industry experience is negatively 

correlated with scientific entrepreneurship at a 99% level. As written in the previous 

paragraph, the risk of overconfidence and knowledge corridor is something to be aware 

of when using experience. The analysis is not demonstrating a causal relationship, but 

it uncovers a negative influence of sectorexp_mean. However, the interaction with 

treatment, almost significant at 90% if standard thresholds are adopted, becomes 

positive, increasing also in its intensity. On the other hand, the treatment effect is 

positive but non-significant. 
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Table 7: Prior Knowledge Regression (Panel), Dependent Variable = Hypotheses 

Generation 

 (1) 

VARIABLES ipo_tot 

  

sectorexp_mean 0.00296 

 (0.0293) 

1.treatment 0.244 

 (0.188) 

sectorexp_treatment 0.0178 

 (0.0390) 

Constant 1.398*** 

 (0.121) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

The situation changes if the dependent variable is the hypothesis generation ability. 

The entrepreneur seems more comfortable in formulating hypotheses having an 

industry experience behind his back because the impact is positive even if is very small 

and largely non-significant. The interaction variable sectorexp_treatment is now 

positive because of the shift in the sign of sectorexp_mean. The treatment itself is not 

very significant according to the p-value. Moreover, when the p-value is very high and 

coefficients very small, very few pertinent considerations can be done. 
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Table 8: Prior Knowledge Regression (Panel), Dependent Variable = Theories 

Generation 

 (1) 

VARIABLES teoria_tot 

  

sectorexp_mean 0.00862 

 (0.0218) 

1.treatment 0.167 

 (0.203) 

sectorexp_treatment -0.00410 

 (0.0372) 

Constant 1.844*** 

 (0.128) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0. 

 

Albeit the poor performance of the test, highlighted by out of scale p-values, it is 

interesting to see that the effect is different from both previous regressions. The 

industry experience has a negligible positive impact and so the treatment has. Still, the 

interaction variable becomes negative when the two other regressors are positive. 

From this output, it seems that the experience has almost no impact. Moreover, 

industry experience seems to be conflicting with treatment. A clash between the two 

ways of thinking is absorbing potential impact. To enable the positive effect of 

sectorexp_mean, the treatment positive effects need to be far higher. The logic behind 

the results might be related to how the entrepreneurs are dealing with treatment: in 

fact, when a scientific method is asking the Type 2 part of the brain to start working, 

the Type 1 system represented by the experience is trying to model and simplify reality 

to find coherency (Kahneman, 2012). Heurisms and shortcomings might prevail. 
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Table 9: Prior Knowledge Regression (Panel), Dependent Variable = Testing Ability 

 (1) 

VARIABLES test_tot 

  

sectorexp_mean -0.0838** 

 (0.0425) 

1.treatment -0.0972 

 (0.218) 

sectorexp_treatment 0.0856 

 (0.0548) 

Constant 1.681*** 

 (0.145) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

If we focus on the testing ability, results are even more counterintuitive. When both the 

experience and the treatment are negative indicators of the testing ability (treatment 

not statistically significant), one could expect a negative interaction between the two 

variables. On the contrary, with a significance level close to 90%, sectorexp_treatment 

is positively related to test_tot. How is that possible? A plausible explanation could be 

that a correct mix and match is fundamental to take the best possible effect out of both 

variables. Still, it is very difficult to think about a situation in which both variables have 

a negative impact unless they are combined. 
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Table 10: Prior Knowledge Regression (Panel), Dependent Variable = Evaluation 

Ability 

 (1) 

VARIABLES val_tot 

  

sectorexp_mean -0.0707*** 

 (0.0265) 

1.treatment 0.00983 

 (0.183) 

sectorexp_treatment 0.0716* 

 (0.0398) 

Constant 1.159*** 

 (0.119) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 

Although a very small non-negative, non-significant effect is attributed to the treatment, 

the other two regressors are statistically significant. The interaction is able once again 

to revert the negative effect of sectorexp_mean without changing the intensity of the 

effect. Moreover, confirmation of the path of the interaction variable seems to emerge. 

The larger the treatment effect, the larger the absolute value of the interaction. It is not 

a trivial result. Being able to augment the effect of the treatment seems to benefit more 

than augmenting the effect of industry experience, which in turn is very difficult to 

manipulate. 

Industry experience can be heterogeneous but is certainly a variable of interest when 

dealing with entrepreneurial education. In fact, it is something that for sure will be 

challenged with a scientific approach to entrepreneurship since the experience with 

the help of the memory will try to help the reasoning of the entrepreneur by mixing and 

matching past and present situations to find possible similarities. 
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7. Discussion 

Multiple panel regressions have been run and interesting results have been 

discovered. Starting from the analysis of prior knowledge, with a focus on the non-

technical and non-business-related background of entrepreneurs, a pattern seems to 

emerge. The model is stable, and the independent variables are properly constructed 

since scientific_experimentation and the four sub-variable related to it (hypothesis 

formulation, theories formulation, testing ability, evaluation ability) gave very similar 

results in terms of direction and intensity of correlations. The impact of educ_other on 

scientific entrepreneurship is positive according to the panel regressions run. 

Furthermore, the situation in which humanities education seems to be more beneficial 

is during the phase of theories generation. The outcome seems to be coherent to the 

general thinking which says that critical and creative thinking is something that can be 

improved with humanities studies. Moreover, a stereotype on humanities graduates 

would say that mainly a scientific-trained mind is more prone to testing and trial and 

error method. However, even if the coefficient is smaller for test_tot, the impact of 

educ_other is still positive, with a significance level lower than standard thresholds. 

Thus, it partially reverts the common belief. 

The treatment effect is also bigger and positive compared to educ_other (apart from 

the test with theory generation). The positive effect of treatment is present in 9 out of 

10 regressions, hence it seems that a benefit is present, even if small sometimes. 

Again, it is not a trivial result. Being able to absorb and implement a new methodology 

in the right way in the entrepreneurial world is something to be proud of given the fact 

that 5 out of 6 startups fail within 7 years from the year of foundation (Fairlie and 

Miranda, 2017). Still, if we let interact the two variables the effect becomes negative 

and significant in one case, negative and non-significant in the reaming cases. The 

clash is absorbing the dual beneficial effect of the regressors. The variables seem to 

cancel themselves. 

Nonetheless, the first hypothesis: Prior knowledge in humanities studies has a positive 

influence on scientific entrepreneurship can be considered corroborated. However, the 

positive effect becomes negative when it interacts with the treatment. A corollary can 

be derived from the previously tested hypothesis: 
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Corollary 1: A greater treatment positive effect has a negative effect on scientific 

entrepreneurship. 

Shifting the attention to industry experience analysis, it is challenging to define a 

precise pattern followed by the regressors. Starting from the macro-variable analysis 

(scientific_experimentation), it is possible to see a negative effect of industry 

experience on the dependent variable. However, when the interaction with the 

treatment is calculated, there is an overall positive effect. Nonetheless, the effect of 

the three regressors varies greatly in the regressions. A wide range of explanations 

are plausible: 

1. Industry experience is a learning blocker that can be reshaped with a scientific 

approach to entrepreneurship. Experienced CEOs that have gain job-specific 

knowledge are more expose to underperformances in the market, according to 

Hamori and Koyuncu (2015). It is silly to input underperformance to a single 

factor, but it is undoubtedly that in a fast-paced environment innovation is a 

critical component and the CEO should be able to govern technological changes 

in his favor. 

2. What can we say when all three regressors have positive little influence on the 

regressand variable, even if with very low statistical significance? Well, in the 

case of hypotheses generation ability, as we saw previously with prior 

knowledge, the impact is very small. Hence, the direction of the forces involved 

in the regression is not that important. Still, it might be interesting to split up the 

ipo_tot variable and check whether the performance of the regression can 

improve when looking to falsifiability, accuracy, coherence, and structure of 

hypotheses. The same reasoning can be done with the result of Table 8 

3. What if the interaction effect is positive when the other two regressors have a 

negative effect on test_tot? If it is true that the treatment effect is almost non-

significant, the opposite is true for sectorexp_mean and sectorexp_treatment. 

In this specific case, there might be a third omitted variable that changes 

completely the scenario. An omitted variable is a serious problem when dealing 

with regressions, especially when dealing with a subject that can be influenced 

by many external factors like the decision making of entrepreneurs.  
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To sum up, HP2: Industry experience has a negative influence on scientific 

entrepreneurship cannot be corroborated. Few thoughts can be condensed in the 

following corollary: 

Corollary 2: A negative correlation between industry experience and scientific 

entrepreneurship is usually mediated and redirected into a positive effect by the 

treatment, irrespective of the type of correlation between treatment and scientific 

entrepreneurship. 

Tests had also been done with mentors as control, but no significant differences were 

found in statistical significance, intensity, and direction of effects (see Appendix 1). 

8. Conclusion 

The journey of this research started with an analysis of the economic perspective of 

entrepreneurship and its importance in modern economies. Solow (1957) theorized the 

total factor productivity in which labor and capital where the only variable which could 

be manipulated. The technology was seen as an exogenous variable. However, Romer 

(1986) recognized that the technology is an integral part of the growing mechanism. 

As a consequence, the figure of the entrepreneur is critical to create new paradigms. 

Entrepreneurs can create jobs, increase competition, disrupt the existing markets and 

outpower bigger incumbents. Or at least they try since numbers show that a startup 

has little probability to survive, around 1/6 (Fairlie and Miranda, 2017). 

Entrepreneurs might be influenced by prior knowledge in the form of education and 

experience. Gruber et al. (2013) identified that prior knowledge help in discovering 

potential opportunity and Cassar (2014) pointed out that it helps forecasting ability and 

realistic expectation. At the same time, Lumpkin and Marvel (2007) found out that more 

specific knowledge is negatively correlated with abilities on how to serve the market.  

Studies on the psychology of humans (Kahneman, 2012) showed how easily people 

are trapped in biases like overconfidence or self-fulfilling prophecies. Overconfidence, 

as highlighted by Cooper et al. (1997), increases as sunk costs and commitment 

increase. There is a risk of overcommitment that can only exacerbate the position of 

the entrepreneur in delivering results, as it has happened to the famous entrepreneur 

Elon Musk (Lee, 2018). 
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A recent field of study called entrepreneurship education has been investigated for this 

research to understand what the state of art of methods and theories in the education 

of a new generation of venturers is. The focus of the theorists was mainly in young 

university students, generally with little experience in startups. Results from Wu and 

Wu (2008) and Zhang et al. (2014) researches showed that training can strongly 

influence the intentions of venturing. In particular, there was a significant negative 

effect on entrepreneurial intentions. As the authors suggested, a negative effect could 

be due to students understanding what is needed to be an entrepreneur and suddenly 

realizing that it was not their path.   

The leitmotif of the paper was the focus on approaches that preferred actions rather 

than notions. In fact, to check the goodness of the training, some studies looked at 

students who then started their businesses (Rasmussen and Sørheim, 2006). 

Following that, education for self-employed people could pursue a similar path: insist 

on developing a proactive mindset rather than economic/accounting technique is a 

better predictor of success (Campos et al., 2017). A psychological-based training 

delivered positive results, better than traditional business training. Still, no evidence is 

showing that the traditional methods are useless or counterproductive. Marketing and 

finance training could still ameliorate metrics relate to success (Anderson-Macdonald 

et al. 2014). 

A consistent challenge of researchers in the field of entrepreneurship and innovation 

management is to identify and disentangle the effects of selected variables of interest 

to develop tailored and empirically proved methods. However, researchers and 

entrepreneurs need to keep in mind that the spaces in which new ventures move are 

very narrow and luck or randomness plays a relevant role in outcomes (Kahneman, 

2012). Nevertheless, emergent theories in the field of entrepreneurship understood 

that a more rigorous approach, scientist-like, can bring relevant gain in terms of 

decision-making ability.  

What does it mean to learn a method that can test ideas quickly and cheaply? Ideas 

are getting harder to find because of the cumulated knowledge behind every single 

product and service (Relihan, 2018), hence it is fundamental to test potential innovative 

ideas differently. The  Lean Startup method (Eisenmann et al., 2012) embodies many 

of these characteristics: it asks to create a Minimum Valuable Product, to test 
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frequently and to pivot ideas according to feedbacks of the tested population.  Yet, at 

the backbone of testing clear-cut and falsifiable hypotheses, there should be 

underlying well-built theories. Therefore, the model and the theories of Camuffo et al. 

(2018) has been explained and used in this research. 

The research design of the analysis was simple: running panel regressions with 

longitudinal data to foresee the potential effects of specific variables of interest on 

scientific entrepreneurship. Having selected that model as the backbone for the inquiry, 

the researcher moved on to analyze closely two aspects that could influence a team 

of entrepreneurs while undergoing a scientific entrepreneurship treatment. The focus 

of the analysis was to understand if variable controllable by the entrepreneur, i.e. under 

his sphere of influence, can boost or block the treatment effect. Camuffo et al. (2018) 

already demonstrated the efficacy of the scientific approach with various metrics, 

including firm performance.  

Hence, prior knowledge in the form of education in humanities topic and experience in 

the form of industry experience were analyzed. The reasons behind the choices of the 

variable were deeply explained in the methodology section. 

Concerning scientific entrepreneurship, five variables were used. 

Scientific_experimentation was the macro variable that condensed four specific 

aspects of scientific entrepreneurship. Later, these specific aspects were split up to 

see any possible contrasting or coherent effects. Also, interactions variable between 

the regressors were created to understand specific effects. 

It turned out that the first hypothesis could be considered corroborated. Outputs 

showed that humanities studies background has a significant positive influence on 

scientific entrepreneurship, reaching their strongest level when considering only 

theories testing. 

The second hypothesis could not be corroborated because the results were very 

contrasting. What can be derived as a certain result thanks to the interactions variable 

was the ‘mediating’ effect of treatment on scientific entrepreneurship: when 

sectorexp_mean was having a negative effect on scientific entrepreneurship, the 

interaction variable was able to revert the direction of the correlation. 
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8.1 Limitations 

The researcher is aware of potential limitations. 

First and foremost, indicators of the performance of firms were not addressed with the 

analysis, hence it is difficult to compare this work with other existing researches that 

were trying to find a method for increased startup performance and survival rates. 

Performance measures were a conscious exclusion of the analysis for various reasons 

(there is no order of importance): 

1. The model behind the research has already demonstrated its effectiveness in 

improving firms’ performance. Founders can recognize if their ideas offer low or 

high returns, pivot if the idea is not at focus or perish if the core value proposition 

is unfeasible (Camuffo et al., 2018). Once again, the success of improving 

decision making does not imply beating the market. Being able to perish the 

idea and cut the losses is as important as pursuing validated ideas. The goal is 

to minimize I-type and II-type error, being aware of the trade-off that exists 

between the two. 

2. When dealing with startups, it is important to be aware of the heterogeneous 

characteristics of capital markets, sectors and different phases in which the 

firms can be. For example, a mature venture capital system is present only in 

specific areas and it tends to cluster, hence it is difficult to have a spread benefit 

in the market. Even if the gap is narrowing, the USA accounts for more than half 

of the entire venture capital market in the world, with highly concentrated 

regions such as the Bay area and the New York City area (Marovac, 2017).  

By looking to a specific country like Germany, we can see that the most 

innovative startups are in very different areas: IoT, Logistics, FinTech, Robotics, 

Wood industry, etc. (Angelovska, 2018). Thus, different sector cycles and 

competition forces uniquely shape the market, and it is unrealistic to try a direct 

comparison between them. 

3. Success is trickier than expected to measure, especially in a very difficult 

environment when failure is the standard, not the exception. Investors reward 

bets based on future revenues and perspectives, other than quarterly earnings. 

So, how it is possible that more and more ‘unicorn’ (startups with evaluation 

greater than $1 billion) can be listed in the financial market and be considered 

successful without reaching the financial break-even point? The transportation 
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company Uber just achieved another quarter of loss of $1,1 billion (Nuttall, 

2019). Still, it had one of the biggest IPO of technology companies at around 

$82 billion (Fiegerman, 2019). It is unquestionable that experiments need to be 

longer in their span if they want to understand this type of phenomena but a 

trade-off between costs and validity is always present. 

Second, by excluding other types of education in prior knowledge analysis, external 

validity can suffer. It is true that the analysis focused only on humanities education, 

which anyway comprises many different fields of studies, and it is also true that 

regressions were run for other type of education, but they were not presented because 

of poor results. It is impossible to rule out any possible impact of technical education 

or economic/financial background. This limitation is difficult to overcome in one work 

because education is broad, and it extends itself much more than university degrees. 

Further analyses are needed. Other works were trying to assess a broader effect of 

education and prior knowledge in entrepreneurship while trying to overcome this 

limitation. Still, the overall impact of prior knowledge remains unclear. Other works 

were checking if diversity in backgrounds could help decision making. According to 

Harrison and Klein (2007), there are different types of diversity and knowledge 

background can be categorized in the variety-type of diversity which is a booster of 

creativity, innovation, higher decision quality but also more task conflict. A research 

with a focus on diversity of backgrounds is welcome. 

Third, industry experience is just one type of experience and it is usually lacking when 

taking into consideration young entrepreneurs that are trying to self-employ 

themselves with little experience in the job market. However, on average, 

entrepreneurs are 42 years old (Bernard, 2018). It is a myth that entrepreneurs are 

generally young. It is, of course, probable that a university lab will attract more young 

entrepreneurs that incubators unrelated to colleges. One of the reasons why the 

average age is higher than expected is that the odds for succeeding for young 

entrepreneurs are 1 in 1000 (Bernard, 2018).  

With regards to the effect of specific experience, our analysis was not able to confirm 

that is has a negative effect, it only showed that when the effect is negative, the 

treatment effect is mediating this effect and transforming it into positive. Furthermore, 

on-the-job specific experience for CEOs seems to be detrimental for leading a 
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company (Hamori and Koyuncu, 2015). Causes can be different, but overconfidence 

and knowledge corridor can be two of them. Doubtless, further studies should be done 

on experience effect by looking at roles where managing other people is a critical task. 

Fourth, it can be problematic to disentangle the effect of prior knowledge with 

experience. The human mind continuously absorbs and reshapes new concepts and 

it uses a mixture of experience and knowledge. The mechanisms and synergies that 

happen in the human mind can be compared to what happen between highly skilled 

human capital and assets. As Bowman et al. (2007) theorized in their research, there 

exists embedded capital, which is in a fluid form, i.e. it is difficult to disentangle the 

asset from the individual. Eventually, it can become separable capital in which the 

borders are clearly defined, or it can become embodied capital, i.e. a unique entity 

between an asset and an individual thanks to great synergies. Thus, prior knowledge 

and experience can be imagined in a perpetual state of embedded nature in which 

causal ambiguity plays a major role. Was it the experience that let the entrepreneur 

develop the new idea or was it the prior knowledge? Posterity will judge. 

Apart from philosophical questions, if the average age of the entrepreneur is around 

42 it might be even more difficult to split up the effect if that is the goal of the research. 

Further investigation is needed. 

8.2 Entrepreneurial education applications 

So, what is next? How can university and business school, in particular, enhance the 

efficacy of their entrepreneurial program? Or is it even possible to think of introducing 

specific programs earlier in schools? 

The analysis carried out in this work is not able to corroborate both hypotheses. Still, 

non-corroborated hypotheses can bring relevant results. As a matter of fact, the goal 

was to understand how concepts learned before starting a venture can impact a 

scientific method taught to an entrepreneur. The study was able to demonstrate that 

humanities education has still its value. Creative thinking and proactive mind is 

something that can empower decision makers, past work showed (Campos et al., 

2017). The importance of these two aspects is cross-sectoral. Once again, it seems to 

be confirmed the idea that actions are more important than specific notions, as pointed 

out by (Rasmussen and Sørheim, 2006). Being able to reshape the mindset to better 

formulate theories, concepts, hypotheses is an ability that is tremendously increasing 
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in importance since technology, businesses and markets in developed countries are 

getting more and more difficult to beat and to compete in (OECD, 2018).  

Moreover, institutions dedicated to education must increasingly teach people soft skills 

like how to work effectively in group with increasing diversity, whether the difference is 

the gender or the background because results show how performance is positively 

affected (Horwitz and Horwitz, 2007; Reagans and Zuckerman, 2001). Diversity in 

teams was not part of the research, anyway, team members should be able to work 

with different people since innovative businesses will certainly involve a software 

engineer, a web designer, a business developer, and many other different 

professionals. 

A further important aspect that education needs to tackle is teaching the new language 

that is connecting millions of people: coding. If coding is becoming a widespread 

language, how are coding abilities affected by prior knowledge and experience? 

Even if there exist many different programming languages, and many of them are 

English-based, coding might become a universal language. In fact, it helps people to 

communicate differently: by creating a website, implementing software or training 

computers with machine learning. The claim might sound more exaggerate than bold 

but when dealing with innovation in whatever sector, coding is something that is always 

required. The most requested jobs on the job platform LinkedIn involve coding 

(Pattabiraman, 2019) whether it is used by data scientists when analyzing data, by 

customer success managers when dealing with web coding and SEO or by cloud 

architects when working with server infrastructure. 

Some universities are starting to offer coding courses as curricular and mandatory 

courses (Soldavini, 2017) but more importantly, kids are getting exposed to coding 

(National Business Daily, 2019). But how can you reach newer generation to teach 

them coding if primary schools are not offering those programs? Tech companies like 

Microsoft are aware that younger generations spend a relevant part of the day on an 

electronic device by playing games. Minecraft is a popular Microsoft game that gathers 

very young gamers. Hence, Microsoft is exploiting its blog by posting a tutorial on how 

to familiarize with coding while playing (Price, 2016). Gamification can gather the 

attention of new generations by promising fun while learning.  
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This is a fundamental takeaway that educational institutions should learn: to stimulate 

learning and fostering creativity, the learning system should be incorporated into a 

bundle that includes rewards. Rewards do not need to be monetary. In the Microsoft 

case, the reward was receiving the ability to personalize the game in which kids were 

involved in.  

Other personalities enounce the importance of coding. According to Tim Cook, CEO 

of Apple, coding can indeed teach a new way of thinking (Adamczyk, 2019) and in turn, 

it can help by viewing problems from a different perspective to solve them which in turn 

helps stimulate out-of-the-box thinking. 

Hence, when coding will be a widespread skills, it will be interesting to analyze how 

this ability interacts with prior knowledge and education. In other words, how can 

previously learned information affect the coding ability? 

8.3 Managerial opportunities 

Learning is a never-ending practice even inside firms. Colleagues and managers are 

the repositories of knowledge inside a company. Since this research was unable to 

identify a precise pattern of industry experience effect on scientific entrepreneurship, 

will it be possible to enhance the mechanism of knowledge/experience transfer inside 

a firm to eventually have a clearer understanding of how that experience influences 

decision-making ability? If the management can set up a system in which experience 

can be exploited and shared, decision making will benefit, at least in terms of speed. 

Still, the experience might be difficult to transfer since its nature is a non-codified type 

of information that can only be accessed by the individual who possesses it. A possible 

way to increase fruitfully the transfer of information is by establishing a mentoring 

program. If a correct context is present, mentoring is important at every stage of the 

career (Kram, 1988). Mentoring is a way of empowering employees and it is doable if 

a trust is constructed (Aytemur and Erdem, 2008).    

Therefore, if managers want to run simple but rigorous experiments to understand the 

impact of experience in the company, a system inside the corporation must be set up. 

It is certainly easier to start a company by having a testing mindset rather than 

constructing a new function inside an established firm. Still, it is possible to develop a 

structure with a bottom-up push inside a company that can be used for running an 

experiment.  
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However, if experience and education can impact decision-making ability inside a firm 

during the day-to-day decision, flawless metrics need to be constructed in order to 

checking their impact. Schrage (2014) underlines that if the metrics are flawed it can 

undermine the useful meaning of the experience. Since cost-effective innovation in a 

firm is possible, managers and entrepreneurs are called to a quest to continuously 

examining a new way to improve their decision-making ability by testing them with 

experiments. But, as highlighted by Gruber et al. (2013) a big obstacle to overcome is 

the knowledge corridor, whereas “organizational recalcitrance is one of the key hurdles 

companies encounter when trying to create a culture of experimentation” (Anderson, 

2011, p.4). 

8.4 Further lines of research 

Researchers can explore, with a stronger focus, experiments on unexperienced 

entrepreneurs vs established entrepreneurs in order to understand different effects on 

scientific entrepreneurship or on whatever type of method is tested. In fact, by offering 

treatment to both types of individuals, interesting results might be found. It might be 

that established entrepreneurs that proven to be successful in the market are very 

reluctant in learning a new method but at the same time, they can leverage their 

experience or prior knowledge to take the best out of the method. It is difficult to 

compare entrepreneurs at a different stage of development. Understanding the impact 

of such effects can be potentially relevant in the field of the human resources research.  

Another line of inquiry can be in human resource management. If screening curricula 

is not the best way to understand the abilities of candidates or, in other words, when 

screening curricula, some aspects are overlooked while others are neglected, HR 

managers might not hire the best candidate. Moreover, researchers could potentially 

test whether an experienced manager in top positions is the best person to lead 

innovation changes inside a company. A huge potential field of inquiry can be joined 

by research on organizational structure and culture.  

Another potential field of inquiry is the analysis of how promotions are run inside a 

company. Researchers can test whether a long experience inside the same company 

is a better predictor of performance rather than a diverse experience.  

Study the decision-making ability of managers is challenging but at the same time is 

something that should keep them observant. Technology and automation with artificial 
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intelligence might substitute existing managers even in apical positions. Therefore, if 

managers want to outpower artificial intelligence, they need to combine effective, 

replicable and scalable methods for better evaluating ideas with critical thinking. 
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10. Appendix 

10.1 Regressions with mentor as controls 

Table 11: Education Regression (Panel) with Controls, Dependent Variable = Scientific 

Experimentation 

 (1) 

VARIABLES scientific_experimentation 

  

educ_other 0.252** 

 (0.119) 

1.treatment 0.299* 

 (0.160) 

educ_other_treatment -0.227 

 (0.142) 

2.instructor 0.767*** 

 (0.282) 

3.instructor 0.570** 

 (0.252) 

4.instructor 0.949*** 

 (0.280) 

5.instructor 0.418*** 

 (0.00790) 

6.instructor 0.714** 

 (0.281) 

7.instructor 0.501* 

 (0.268) 

8.instructor 0.292 

 (0.243) 

Constant 0.689*** 

 (0.207) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 12: Education Regression (Panel) with Controls, Dependent Variable = 

Hypotheses Generation 

 (1) 

VARIABLES ipo_tot 

  

educ_other 0.324* 

 (0.175) 

1.treatment 0.424** 

 (0.183) 

educ_other_treatment -0.253 

 (0.191) 

2.instructor 0.733** 

 (0.299) 

3.instructor 0.723*** 

 (0.275) 

4.instructor 0.851*** 

 (0.283) 

5.instructor 0.392*** 

 (0.00898) 

6.instructor 0.782*** 

 (0.288) 

7.instructor 0.253 

 (0.260) 

8.instructor 0.471* 

 (0.260) 

Constant 0.616*** 

 (0.218) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 13: Education Regression (Panel) with Controls, Dependent Variable = Theories 

Generation 

 (1) 

VARIABLES teoria_tot 

  

educ_other 0.342* 

 (0.175) 

1.treatment 0.251 

 (0.198) 

educ_other_treatment -0.167 

 (0.186) 

2.instructor 1.068*** 

 (0.349) 

3.instructor 0.858*** 

 (0.313) 

4.instructor 0.962*** 

 (0.316) 

5.instructor 0.499*** 

 (0.00851) 

6.instructor 0.960*** 

 (0.331) 

7.instructor 0.597* 

 (0.315) 

8.instructor 0.668** 

 (0.306) 

Constant 0.864*** 

 (0.255) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 14: Education Regression (Panel) with Controls, Dependent Variable = Testing 

Ability 

 (1) 

VARIABLES test_tot 

  

educ_other 0.101 

 (0.164) 

1.treatment 0.179 

 (0.193) 

educ_other_treatment -0.154 

 (0.210) 

2.instructor 0.812*** 

 (0.304) 

3.instructor 0.611** 

 (0.282) 

4.instructor 1.178*** 

 (0.312) 

5.instructor 0.562*** 

 (0.0122) 

6.instructor 0.807** 

 (0.320) 

7.instructor 0.799** 

 (0.312) 

8.instructor 0.346 

 (0.303) 

Constant 0.692*** 

 (0.230) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 15: Education Regression (Panel) with Controls, Dependent Variable = 

Evaluation Ability 

 (1) 

VARIABLES val_tot 

  

educ_other 0.270* 

 (0.146) 

1.treatment 0.343** 

 (0.161) 

educ_other_treatment -0.331* 

 (0.192) 

2.instructor 0.442* 

 (0.266) 

3.instructor 0.0637 

 (0.238) 

4.instructor 0.793*** 

 (0.274) 

5.instructor 0.210*** 

 (0.0108) 

6.instructor 0.293 

 (0.262) 

7.instructor 0.344 

 (0.261) 

8.instructor -0.332 

 (0.216) 

Constant 0.581*** 

 (0.198) 

  

Observations 4,606 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 16: Prior Knowledge Regression with Controls(Panel), Dependent Variable = 

Scientific Experimentation 

 (1) 

VARIABLES scientific_experimentation 

  

sectorexp_mean -0.0400*** 

 (0.0140) 

1.treatment 0.0800 

 (0.174) 

sectorexp_treatment 0.0394 

 (0.0300) 

2.instructor 0.790*** 

 (0.285) 

3.instructor 0.617** 

 (0.254) 

4.instructor 0.941*** 

 (0.280) 

5.instructor 0.426*** 

 (0.00822) 

6.instructor 0.726** 

 (0.289) 

7.instructor 0.536** 

 (0.272) 

8.instructor 0.333 

 (0.262) 

Constant 0.900*** 

 (0.216) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 17: Prior Knowledge Regression with Controls (Panel), Dependent Variable = 

Hypotheses Generation 

 (1) 

VARIABLES ipo_tot 

  

sectorexp_mean 0.00432 

 (0.0295) 

1.treatment 0.246 

 (0.186) 

sectorexp_treatment 0.0127 

 (0.0390) 

2.instructor 0.770*** 

 (0.293) 

3.instructor 0.794*** 

 (0.268) 

4.instructor 0.860*** 

 (0.278) 

5.instructor 0.397*** 

 (0.00907) 

6.instructor 0.848*** 

 (0.294) 

7.instructor 0.299 

 (0.255) 

8.instructor 0.517* 

 (0.265) 

Constant 0.738*** 

 (0.217) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 18: Prior Knowledge Regression with Controls(Panel), Dependent Variable = 

Theories Generation 

 (1) 

VARIABLES teoria_tot 

  

sectorexp_mean 0.0104 

 (0.0218) 

1.treatment 0.173 

 (0.202) 

sectorexp_treatment -0.00956 

 (0.0367) 

2.instructor 1.124*** 

 (0.343) 

3.instructor 0.974*** 

 (0.310) 

4.instructor 0.988*** 

 (0.307) 

5.instructor 0.502*** 

 (0.00846) 

6.instructor 1.033*** 

 (0.336) 

7.instructor 0.668** 

 (0.318) 

8.instructor 0.741** 

 (0.315) 

Constant 0.968*** 

 (0.250) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 19: Prior Knowledge Regression with Controls (Panel), Dependent Variable = 

Testing Ability 

 (1) 

VARIABLES test_tot 

  

sectorexp_mean -0.0811* 

 (0.0434) 

1.treatment -0.0994 

 (0.218) 

sectorexp_treatment 0.0801 

 (0.0549) 

2.instructor 0.805*** 

 (0.312) 

3.instructor 0.604** 

 (0.282) 

4.instructor 1.140*** 

 (0.318) 

5.instructor 0.577*** 

 (0.0138) 

6.instructor 0.757** 

 (0.333) 

7.instructor 0.814*** 

 (0.315) 

8.instructor 0.364 

 (0.328) 

Constant 0.954*** 

 (0.265) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 
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Table 20: Prior Knowledge Regression with Controls(Panel), Dependent Variable = 

Evaluation Ability 

 (1) 

VARIABLES val_tot 

  

sectorexp_mean -0.0669** 

 (0.0276) 

1.treatment 0.00537 

 (0.180) 

sectorexp_treatment 0.0658* 

 (0.0392) 

2.instructor 0.459* 

 (0.272) 

3.instructor 0.0879 

 (0.242) 

4.instructor 0.773*** 

 (0.278) 

5.instructor 0.225*** 

 (0.0119) 

6.instructor 0.290 

 (0.275) 

7.instructor 0.380 

 (0.264) 

8.instructor -0.291 

 (0.237) 

Constant 0.875*** 

 (0.224) 

  

Observations 4,576 

Number of id 258 

Robust standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1 

 


