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Abstract 
 

Innovation has become essential for every company to remain competitive. However, organizations can 

apply several types of innovation, and startups are those which are usually able to succeed in the most 

disruptive ones. It has been proved that the differences between managers and entrepreneurs plays a 

key role in the choice of an innovation strategy due to different mindsets: while entrepreneurs are fed 

by experimentation, managers are usually affected by inertia. 

This research aims at studying whether managers can learn to approach innovation in a more 

experimenting and scientific manner, by attending a course that teaches a theory-experiment-review 

approach. In particular, the analysis focuses on whether the scientific approach to decision making 

increases the probability that a risk averse individual will undertake a disruptive innovation rather than 

an incremental one and the probability that people are ready to accept feedbacks and change their 

decisions accordingly, even in the presence of sunk costs. 

The hypotheses are answered through an experiment that entails distributing a survey to business 

students, where they have to identify themselves with managers in large organizations and decide the 

innovation strategy of their company. In the questionnaire, information is also gathered about the type 

of degree and previous professional experiences of respondents. The analysis based on responses shows 

that the hypotheses are corrected only partially: the scientific approach neither increases nor decreases 

the probability that managers are able to fight against inertia in large organizations, helps managers to 

recognize when it is time to change plan by assimilating signals from objective data, leads managers to 

be more cautious when undertaking very risky projects and affects differently people participating in 

different types of projects. 

On this basis, it is recommended that companies start to create educational paths for their managers and 

employees where they can learn what it means to behave scientifically. However, further research is 

recommended on the topic through an experiment with real managers to be able to give a strong 

recommendation. 

  



 

 

 



 

 
1 

Index 

INTRODUCTION .................................................................................................................................................... 3 

LITERATURE REVIEW ............................................................................................................................................. 7 

THE INNOVATOR’S DILEMMA IN LARGE COMPANIES ........................................................................................................ 7 
HEURISTICS AND BIASES IN DECISION-MAKING UNDER UNCERTAINTY.................................................................................. 11 

Risk aversion ............................................................................................................................................... 14 
Strategic inertia .......................................................................................................................................... 15 

SCIENTIFIC APPROACH: A FIGHT AGAINST HEURISTICS AND BIASES ..................................................................................... 17 

RESEARCH DESIGN AND METHOD ....................................................................................................................... 21 

DATA COLLECTION: SAMPLE SELECTION AND SURVEY ..................................................................................................... 21 
Sample selection, tools and distribution ....................................................................................................... 21 
How the survey was built ............................................................................................................................. 22 

DATA ANALYSIS PROCESS ....................................................................................................................................... 27 
Data Collection............................................................................................................................................ 27 
Data Preparation ........................................................................................................................................ 27 
Data Analysis .............................................................................................................................................. 30 

DATA AND RESULTS ............................................................................................................................................ 33 

DATASET DESCRIPTION .......................................................................................................................................... 33 
Dependent variables ................................................................................................................................... 34 
Independent and other variables ................................................................................................................. 35 
Dataset Limitations ..................................................................................................................................... 39 

RESULTS ............................................................................................................................................................ 39 
Combined Frequency Analysis ...................................................................................................................... 39 
Correlation Analysis..................................................................................................................................... 44 
Models: the role of learning the scientific approach ..................................................................................... 45 

DISCUSSION ........................................................................................................................................................ 53 

Innovation Decision ..................................................................................................................................... 53 
Pivot ........................................................................................................................................................... 55 
Putting all together: Meaningful Facts ......................................................................................................... 58 

CONCLUSION ...................................................................................................................................................... 61 

Limitations of the study ............................................................................................................................... 63 
Implications for research ............................................................................................................................. 63 
Implications for practice .............................................................................................................................. 64 

BIBLIOGRAPHY .................................................................................................................................................... 65 

 

 
  



 

 
2 

  



 

 
3 

 

 

 

We cannot solve our problems with the same thinking we used when we created them 

(Albert Einstein) 

 

 

 

Introduction 

We live in a world which moves increasingly fast: every day we are bombarded with new products, 

services and possibilities to buy things differently. Innovation has become a necessary concept to know 

and to use in every business context: if in the past it was a rare competitive advantage which 

distinguished just a small number of companies, today its lack is a competitive disadvantage that leads 

organizations to lose their market position. Moreover, it is not just important to innovate anymore, the 

relevance shifted to how and what type of innovation companies are able to bring to their customers: 

the new value the innovation is able to create for customers and organizations. There are several factors 

which can contribute to increase this perceived value: new target customers, new technology, new 

business models are only some examples. 

However, the very fundamental factor that enables to create new value is the way of thinking and culture 

of the organization: there has been an increasing trend to value exploration over exploitation, to always 

try something never tried before in order to be ahead of others. This is exactly the context that allowed 

so many startups to be founded in the last years: people come up with what they think is an innovative 

and successful idea, build a product and then try to sell it in the market. Sometimes this process works, 

but some other times, actually the great majority of times, it does not, and startups fail. But at least they 

knew they tried and maybe, through the process of failure, they also find another strategy which is 

connected to their initial one and lead those same startups to succeed. Then, large organizations are 

destined to follow and to catch up if they want to survive. 
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The real question is: does it really have to be that the most surprising innovations only come from 

startups? Are large and established companies really unable to incorporate this way of thinking in their 

culture and to be proactive in the market? Are they destined to be followers and never leaders? By 

looking at history, also large companies were able to bring to the market some radical innovations. 

However, in the longer term, they were all defeated by smaller businesses with greater ability to disrupt 

the current market. This phenomenon is unexpected for some aspects: large companies have resources, 

technical competences and in-depth market understanding. On the other hand, these same advantages 

can become binding when shifts in directions are requested: it is not easy to make a giant move, while it 

is much simpler for startups to try new strategies and, in case, shift thanks to their lean structure. It is 

also true that this problem can be solved in large companies by creating ambidextrous organizations, 

with separate divisions or even companies to manage the most innovative projects. 

So, there must be something else that is lacking inside large companies, and this is strictly connected to 

the explorative way of thinking mentioned before. Indeed, large companies have managers, while 

startups are led by entrepreneurs: literature supports the idea that there are differences in the ways 

these two persons approach decision making, especially in the case of risky and innovative ideas. When 

taking their decisions, the two categories are affected by different tendencies. Managers are keener to 

remain on their path, stick to the status quo and thus “do things as they always did”, leading to act by 

inertia. On the opposite, entrepreneurs are always seeking for new ideas and when they find the one 

they really believe in, they become so optimistic that they risk becoming overconfident, and are pushed 

to act even in the face of some negative feedbacks. The entrepreneurial way of thinking is a good 

approach to innovation only up to a certain extent because in the end customers are the ones who really 

decide the rules, but some of these aspects would also really help managers to move in similar directions. 

The real problem is: how can managers learn to behave more like entrepreneurs? 

It is not easy, if even completely possible, for managers to acquire those characteristics typical of 

entrepreneurs. However, what managers can do is to employ a decision-making process that is based on 

some theories, as entrepreneurs have in their minds, and use data coming from the market to understand 

if a risky idea makes sense, without closing the doors to new strategies just because they are affected by 

risk aversion. This approach to decision-making is not new to the market, but it has been revitalized 

thanks to the advent of the data trend: if managed correctly, with the right set of intuitions before and 

after their collection, data become an essential element to improve decision-making and reach 

competitive advantage. 
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This approach is consistent with the idea that, when making decisions, individuals can act through two 

systems: they can either follow their perceptions and guesses, or employ a more reasoned process, in 

which evidence and critical thinking take the lead. The characteristics seen before as affecting managers 

and entrepreneurs are those that are activated when the first system takes the lead. Researchers are 

trying to understand if it is possible to increase the probability that the second system leads decisions in 

the occasions when they should do it, as for example in managerial contexts. 

It has already been studied that learning to use theories and data have a positive effect on the startup 

environment. What the literature is lacking is whether this type of approach can really help also to solve 

the opposite characteristics, that is those connected to managerial environment in large and established 

companies: this is exactly the aim of this research. 

The main research question of the study is indeed the following: 

MRQ: How does a scientific approach to decision making affect innovation-related decisions in 

large organizations? 

In particular, this study wants to verify if learning the scientific approach to decision making helps risk-

averse individuals, such as managers in large organizations, to select a riskier and more innovative project 

if data suggests doing so. 

RQ1: Can the scientific approach to decision making increase the probability that a risk averse 

individual will undertake a disruptive innovation rather than an incremental one? 

Moreover, it tries to prove that individuals learning this method are more responsive to change course 

of action if negative feedbacks over the current strategy are received through objective data, thus leading 

to exit the status quo and the situation of path dependence.  

RQ2: Can the scientific approach to decision making increase the probability that people are ready 

to accept feedbacks and change their decisions accordingly, even in the presence of sunk costs? 

In order to test these hypotheses, a study on 116 business students was undertaken and the analysis was 

performed on responses to a scenario survey where students were asked to identify themselves with a 

manager in a given situation and tell how they would act. The analysis emphasized four main results: the 

scientific approach neither increases nor decreases the probability that managers are able to fight against 
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inertia in large organizations, helps managers to recognize when it is time to change plan by assimilating 

signals from objective data, leads managers to be more cautious when undertaking very risky projects 

and affects differently people participating in different types of projects. 

The research develops as follows. In the first chapter, an analysis of the literature which led to the 

definition of the research questions is presented. The second chapter shows the methodology applied to 

perform the analysis, from data collection to the actual regression analysis. The third chapter presents 

data gathered in the survey and results of the analysis performed on those data. Then, in the fourth 

chapter, the models are interpreted in light of initial hypotheses and existing theories. Finally, limitations 

and implications for research and practice are laid down for future works.  
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Literature Review 

In this chapter, a review of the literature is presented, starting from previous researches about the 

Innovator’s Dilemma with a focus on large companies, moving to studies concerning heuristics and biases 

under decision making and how they differently affect entrepreneurs and managers, and finally 

describing the scientific approach to decision-making and presenting the research questions of this study. 

The diagram below summarizes the logical path that led to the individuation of the two research 

questions of this study and an indication of the paragraphs that follow. 

 

Figure 1 Logical path which led to the identification of the research questions 

 

The Innovator’s Dilemma in large companies 

It is of common knowledge that innovation is nowadays an essential factor for companies to survive, 

grow and keep competitive in the long run, so firms have been trying to understand, especially in the last 

years, how to include innovation in their strategy. According to “The 2017 Global Innovation 1000 study” 

by PwC, worldwide R&D spending among the world’s 1000 largest corporate R&D spenders increased 3.2 
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percent in 2017 to $702 billion. Innovation ranges from enhancement of existing products to completely 

new approaches to the market that challenged the entire value chain. 

At the same time, scholars have tried to define innovation, identifying three main components (Assink, 

2006): 

• Newness: the act of generating, developing and adapting an idea which is new to the company; 

• Success: the first successful application of a product or process; 

• Change: the mean by which the organization is changed, as a response to external shocks or as a 

preventive action to anticipate and lead the change in the market. 

Moreover, innovation has been classified around different characteristics. The first relevant factor to 

consider is the object of the innovation: it can involve products or services, processes, markets, business 

models and management styles. Secondly, the aggregation level distinguishes among individual as an 

improvement, functional as a process adaptation, company level as a change at the entire value chain or 

industry level as systems of innovation (Assink, 2006). Thirdly, innovation takes the entire spectrum 

between incremental, or sustaining, to radical, or disruptive, innovation. The latter is the aspect that has 

recently attracted the greatest attention among both scholars and managers, especially the area close to 

the extremity of “disruption”. 

The term “disruptive” is nowadays used as a synonym of radical or breakthrough, meaning a “large, 

discrete step change in performance, technology and value provided to users” (Nielson, 2013). However, 

the original definition of the term is actually another one: coined by Christensen in 1997, “disruption” 

did not refer to a major change in the characteristics of products or processes, but to an entirely different 

innovation model. Indeed, the term defines an entire process by which a small company with few 

resources is able to challenge incumbents by focusing on the segment of customers which is usually 

overlooked by large companies (Christensen, Raynor, & McDonald, 2015). 

This happens because, while incumbents focus on the needs of their most demanding and profitable 

customers, they actually forget to consider the remaining consumers. Thus, disruptive entrants focus on 

the overlooked markets, constituted by either low end customers who are satisfied also by a lower-

quality product at a cheaper price (low-end footholds) or nonconsumers who become customers thanks 

to the creation of the new market (new-market footholds). Given the different target, at the beginning 

incumbents do not perceive entrants as a threat, until the moment it is usually too late, that is when the 

entrants’ products move upmarket and conquer the incumbents’ previous customers. 
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Other researchers have tried to examine in depth the phenomenon of disruption, by focusing on all the 

cases that were not included in the original definition. One of this is the shift of large companies from 

actors disrupted by innovation to creators of disruption themselves. Indeed, as also theorized by 

Christensen (1997), companies face themselves the Innovator’s Dilemma when they need to decide 

between an exploitation strategy, which mainly focuses on sustaining or incremental changes, 

improvements of the products and efficiency, and an exploration strategy, which is instead a riskier 

investment in something new and more disruptive for the market. If history is considered, while most 

times the transformation of markets was led by new ventures due to the inability of large companies to 

spot new opportunities, there are several cases when it actually came thanks to incumbents, which were 

able to anticipate change. 

Sometimes these innovations respected the traditional definition of disruption, such as Intel developing 

the low-priced Celeron microprocessor (low-end footholds) or Sony’s Walkman audio player targeting 

teenagers who could not afford high-performance radios (new-market footholds). However, there are 

also several cases when a new product disrupted existing markets without following the rules of those 

market segments: the most well-known example is Apple inventing the iPod, which was not intended to 

target either low-end customers or nonconsumers (Koen, Bertels, & Elsum, 2011). 

In this particular setting, the category of innovation opposed to the sustaining one has become “business 

model innovation”, which can be analyzed through three main factors. The first dimension is technology: 

companies can choose among incremental, architectural and radical technological innovation. Secondly, 

the value network describes how a company interacts with customers, suppliers and competitors: firms 

can choose to focus on the existing value network or on a value network new to the incumbent with 

either existing consumers not yet customers or new nonconsumers. Finally, the financial hurdle is the 

aspect that is most in common with the traditional view of disruptive innovation: companies can decide 

to pursue a low-cost strategy rather than an ordinary one. Business model innovation happens when 

either financial hurdle or value network move from the existing one to new strategies (Koen, Bertels, & 

Elsum, 2011). 

Thus, at least theoretically, large companies have the possibility to change the market themselves, but 

the real question is if they are actually capable of doing it. Several scholars tried to answer this question. 

On one hand, it is reasonable to assume that large companies should be able to invest into riskier projects 

because they have more resources and financial freedom than new ventures (Schumpeter, 1942). Indeed, 
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there is evidence that some organizations were able to survive for more than 200 years, by adapting to 

changing needs and moving from their original industry. One of the most famous examples is IBM, which 

began as a maker of mechanical office equipment and later became a service and consulting company 

(O'Reilly & Tushman, 2008). On the other hand, data also show that the great majority of companies is 

not able to survive for more than 15 years and that there is a constant evolutionary process of variation-

selection-retention of companies. Indeed, there is a long list of companies which were in the past very 

famous and then failed because they could not adapt to the changing environment: among the other, 

examples are Polaroid and PanAm (O'Reilly & Tushman, 2008). 

So, why do incumbents very often fail to change even though they have the resources and capabilities to 

do this? Is there any factor that distinguishes those who survive from those who do not? The first reason 

why some companies fail relates to the blinding focus they put on their existing customers and the 

satisfaction of this segment’s needs. Researchers also realized that this focus becomes “institutionalized 

in internal processes that makes it difficult for senior managers to shift investments to disruptive 

innovation” (Christensen, Raynor, & McDonald, 2015). Moreover, March (2003) theorized that this 

permeated focus on current customer demand leads to short term bias, which in turn induces companies 

to specialize in exploitation, especially on efficiency improvement. On the other hand, exploration is seen 

as more uncertain, more distant in time and, sometimes, as a threat to the existing activities: since firms 

do not invest in innovative paths, they become vulnerable to external changes and eventually lose their 

competitive advantage in the long run. 

This tendency to focus on the short term is only one of the factors that inhibit disruptive innovative 

strategies in large companies resulting in inertia and path dependence. Assink (2006) identified several 

key inhibitors, grouping them into five clusters that are interrelated and negatively affect the company’s 

innovation capabilities. The first is strictly correlated to path dependence and stifling to the status quo 

(Adoption Barrier). Other clusters group inhibitors connected to the infrastructure of the company 

(Infrastructural Barrier) and to the lack of creativity and innovation process mismanagement (Nascent 

Barrier). Finally, the last two relate more to inhibitors that directly affect the people working in the 

organizations. On one hand, people tend to be risk averse due to the external uncertain environment and 

risk of cannibalisation in case of changes, leading to a risk averse climate shared by the entire organization 

(Risk Barrier). On the other hand, people tend to suffer from the inabilty to unlearn and change their by 

now obsolete mental models (Mindset barrier). 
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Thus, it is evident that people play an essential role in the ability of a company to undertake innovation 

strategies, especially senior leaders who need cognitive and behavioral flexibility to take these decisions 

and develop dynamic capabilities (O'Reilly & Tushman, 2008). In particular, they should change the way 

they think, by learning to sense, seize and reconfigure their organization. This means that they need to 

overcome the perception of threats when faced with new business models, by learning to recognize the 

actual opportunities. This translates also into being ready to challenge the status quo, accepting potential 

failure and learning from past mistakes. Thanks to this learning process, managers will continuously 

design and realign their business with the market, avoiding the inertial dynamics related to the so called 

“success syndrome”. 

In short, in order to become more prone to innovative strategies, they need to learn to think more like 

entrepreneurs by fighting heuristics and biases connected to inertia that mostly affect managers. The key 

is to understand how they can reach this goal: maybe a more scientific approach to decision making can 

help in this sense. 

 

Heuristics and biases in decision-making under uncertainty 

In the context of Behavioral Economics, there are two dominant perspectives which compete in the 

“Great Rationality Debate”: the heuristics-and-biases paradigm and the fast-and-frugal paradigm (Loock 

& Hinnen, 2015). The latter provides a positive view of heuristics, according to which heuristics can be 

considered as “ecologically rational” (Goldstein & Gigerenzer, 2002), that is strategically rational in 

certain situations when simple rules help to understand which cues to search, when to stop and what 

decisions can be derived. On the other hand, the heuristics-and-biases paradigm, which will be applied 

here, associates a not-always-positive connotation to heuristics and biases: it relates to the notion of 

bounded rationality of decision makers, which claims that they systematically make choices violating 

rationality because their cognitive ecology is, indeed, bounded (March, 1994). Moreover, organizational 

scholars have identified other factors that prevent rational decision-making, including the high costs of 

these decision-making efforts, limits of decision-makers in their information processing capabilities, 

differences in decision-making procedures and differences in the values of decision-makers (Busenitz & 

Barney, 1997). 
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According to Kahneman (2011), the brain is divided into two systems. System 1 is fast and operates 

automatically, effortlessly and intuitively. System 2 is slow and involves reasoning, concentrating and 

considering other data before jumping to conclusions. The two systems are often in conflict with one 

another: System 1 employs heuristics and cognitive biases when making decisions, whereas System 2 

puts effort into evaluating those heuristics in depth and trying to avoid errors. 

Heuristics are described as “simplifying shortcuts or principles that people use for problem solving and 

information processing” (Zhang & Cueto, 2017) whereas cognitive biases can be defined as “systematic 

tendencies to deviate from rational calculations” (Lovallo & Sibony, 2010). They are a product of human 

nature and do not entail a negative connotation per se: System 1 enables to avoid excessive cognitive 

load, but it is essential that laziness does not affect the decision-making in each decision people take. 

Indeed, it is fundamental that people distinguish situations when they can use the lazy system without 

incurring into negative consequences from those when it is instead preferable to put more effort through 

the slow system. In general terms, it is advised to use System 1 when accomplishing routine tasks and 

Systems 2 when complicated tasks have to be managed (Kahneman, Thinking Fast and Slow, 2011). 

Several studies revised previous researches on the different typologies of cognitive biases and attempted 

to categorize them (Kahneman, 2011; Zhang & Cueto, 2017). The apporach considered here is the 

classification proposed by Lovallo & Sibony (2010), who divided the most common biases into five simple-

to-apply categories: 

• Action-oriented biases: biases that drive to take actions less thoughtfully than what is actually 

needed. Examples are excessive optimism, overconfidence and competitor neglect. 

• Interest biases: biases that arise if conflicting incentives arise. Examples are misaligned 

individual incentives, inappropriate attachments and misaligned perception of corporate goals. 

• Pattern-recognition biases: biases that lead to recognize patterns that do not actually exist. 

Examples are confirmation biases, management by example, false analogies, power of 

storytelling and champion bias. 

• Stability biases: biases that create a tendency towards inertia in situations of uncertainty. 

Examples are anchoring and insufficient adjustments, loss aversion, sunk-cost fallacy and status 

quo bias. 

• Social biases: biases that arise from the preference for harmony over conflict. 
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At the same time, researchers tried to understand whether it is possible to relate biases to specific 

categories of people. One of the most common streams of research concerns the study of biases that 

mostly affect entrepreneurs, comparing them to managers of large companies. In this context, 

entrepreneurs are usually defined as above average in their willingness to take risks, personal optimism, 

desire to excel and individualism. On the other hand, managers are described as more risk averse, 

adhering to accepted norms of behavior and more professional and predictable in their decision making 

(Busenitz & Barney, 1997; Baron, 1998). However, the distinction based on personality traits lacks 

empirical evidence of real success and is still being studied. 

Researchers found some statistically relevant differences in the ways entrepreneurs and managers think, 

verifying that entrepreneurs are overall more prone to be affected by heuristics and biases, and 

particularly action-oriented biases, than managers do. Indeed, they think and behave differently when 

faced with business situations: entrepreneurs are in general more optimistic and overconfident about 

business opportunities and categorize situations for their streghts, opportunities and potential to gain at 

a greater extent than nonentrepreneurs do (Baron, 1998; Zhang & Cueto, 2017). This is linked to the 

difference between the “outside-view” and “inside-view” proposed by Kahneman & Lovallo (1993): 

entrepreneurs make more optimistic forecasts about future business results because they only focus on 

the specific situation and ignore outcomes of previous and related situations that could affect negatively 

their current judgement (inside-view). On the other hand, managers in large companies are more used 

to compare the current situation to past situations and results, leading to a more statistical view of the 

business opportunity (outside-view) (Baron, 1998). 

Other than the way they usually approach business opportunities, it was proved that the situations 

entrepreneurs and managers are used to face influence the way they are affected by biases. Indeed, 

there are several factors that increase the probability that biases influence cognitive processes, such as 

when individuals are overloaded by the quantity of information they have to ingest and process, face 

situations that are new and involve a high degree of uncertainty, face intense emotions and face high 

time pressures in a not optimal physical state. These are all situations entrepreneurs are used to face 

much more often than managers in large organizations: this challenges severly the limits of their cognitive 

capacities, leading them to employ biases and heuristics (Baron, 1998). 

Moreover, managers have access to historical data and trends at a rather low cost and can rely on 

decision-making policies to simplify their decision-making and convince the top management to pursue 
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higher-priority projects. On the other hand, entrepreneurs have a hard time to find information on new 

products or services without incurring in too many expenses and have not yet developed decision-making 

routines, so they rely on other simplyfing methods (heuristics and biases) to proceed with the idea even 

before it makes complete sense and to convince potential stakeholders (Busenitz & Barney, 1997). 

On the other hand, managers are not free from biases: their extreme focus on efficiency and exploitation 

leads large organizations to suffer from structural inertia, as seen in the previous paragraphs. Indeed, 

managers are faced with routines which enable the stable success of their organizations, but which also 

obstruct change, adaptation and innovation in a situation of uncertainty. But what happens when 

managers in large organizations are faced with the Innovator’s Dilemma and the need to explore new 

business situations which require them to think and behave like entrepreneurs, as in the case of 

corporate entrepreneurship or ambidexterity? They are forced to fight against stability biases, and in 

particular those related to risk aversion and strategic inertia. 

 

Risk aversion 

Even though there is no significant evidence that entrepreneurs are different than non-entrepreneurs 

regarding personality traits, studies suggest that there are some personal characteristics that make some 

individuals more prone to becoming entrepreneurs, including risk tolerance (Fairlie & Holleran, 2011). 

This gap is then reinforced due to the different situations managers and entrepreneurs challenge daily: 

the higher stakes, uncertainty and rhythms entrepreneurs face lead them to increase their ability to 

tolerate risk more than managers working in large organizations (Astebro, Herz, Nanda, & Weber, 2014). 

Moreover, the latter are usually characterized by a risk averse culture, which induces them to pursue 

risky actions only in two particular cases: when the decision delivers high expected return and when the 

organization is performing very poorly (Singh, 1986). 

Indeed, the dominant view affirms that the most successful companies are less innovative, and it is only 

situations of crises that create the opportunity for growth, innovation and risk-taking strategies (Singh, 

1986). This hypothesis is also supported by the Prospect Theory developed by Kahneman & Tversky 

(1979): individuals tend to be risk averse in the case of sure gains (successful periods) and risk seeking in 

choices involving sure losses (crisis periods). 
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Moreover, this S-shaped value function is emphasized when System 1 leads the choices through its fast 

decision-making and simplifying biases (Kirchler, et al., 2017): the way the problem is framed leads 

individuals to perceive risk differently and both the problem framing and the perception of risk have a 

direct effect on the risky decision-making behavior. 

Another important factor identified as affecting the risky decision-making behavior comes from history 

of the company and individuals: outcomes obtained in the past influence the risk propensity, which in 

turn has an effect on the riskiness of decision-making. This implies that in a company where previous 

incremental changes or static situations were successful and radical changes were not, managers would 

probably tend to stick to less risky decisions. 

Zhang & Cueto (2017) analysed also the effect that other types of biases have on risk perception and risk 

taking behaviour: following previous literature, they highlighted that overconfidence and optimism lead 

individuals to overlook uncertainty and the potentially negative outcomes and, in turn, to decrease risk 

perception and increase risk-taking behavior. Moreover, the biases of illusion of control and 

representativeness have the same effect: they decrease the perception of uncertainty and increase risk-

taking behavior. These factors are more common among entrepreneurs, meaning that overall 

nonentrepreneurs usually show the opposite tendency. 

The last factor analyzed by Zhang & Cueto (2017) is the availability of new information: they found out 

that, the more information individuals are able to collect, the lower is their perception of risk, increasing 

also the probability of risk-taking behavior. 

Thus, if they follow System 1 decisions, managers become even more risk averse and entrepreneurs tend 

to become even more risk seekers. On the other hand, it is reasonable to think that, by teaching 

nonentrepreneurs a new method to gather the correct data and analyze it through a structured approach, 

that is enabling System 2 to take control, they will also be able to move to a less risk-averse decision-

making. 

 

Strategic inertia 

As already mentioned, strategic inertia is a phenomenon often affecting established companies which 

fail to respond to environmental stresses. Theorists suggest that it arises when companies are “locked-

in” and dependent to current paths and strategies and are unable to recognize and react to changes in 
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the market (Mason & Harris, 2005). This is linked to executives’ inclination towards either a commitment 

to the status quo and avoidance of disruptive changes or escalation of commitment and persistence to 

failing courses of action. In both cases, executives’ past strategic choices play a key role into influencing 

strategic decision-making in long term. 

Focusing on escalation of commitment, it arises when an individual makes a choice under a condition of 

uncertainty, later receives negative feedbacks on the current course of action and discovers that there 

exists another more advantageous and, in front of the choice between the two alternatives, decides to 

escalate the original losing course of action rather than altering the strategy (Chulkov, 2007; Wong, 

Kwong, & Ng, 2008). Several studies tried to identify how and when this type of behavior arises. 

According to Staw (1976), self-justification over sunk costs plays a crucial role: through his empirical study 

on a set of business school students, he proved that, when faced with negative feedback on prior 

decisions for which they were personally responsible, individuals tended to invest greater amount of 

resources to justify their previous choice. A related concept is that of the gambler’s fallacy according to 

which “things are bound to get better” (Staw, 1976): assuming long-run equality of investment 

alternatives and nonindipendence of outcomes over time, decision-makers keep investing in losing 

strategies convinced that the situation will improve. Moon (2001) supports sunk costs as a major factor 

in escalating commitment and considered also the completion level of the project, demonstrating that it 

also plays an important role. Additionally, there are other factors related to the project and the 

organizations that increase the escalation tendency: the project’s salvage value and closing costs and 

organizational administrative inertia in its rules, procedures and routines (Staw & Ross, 1987). 

In these situations, it would seem more rational for decision-makers to take actions to reduce negative 

consequences for which they are responsible or at least those aspects that are not dependent on external 

forces. However, several studies support the idea that escalation of commitment is actually a rational 

behavior and propose models to reinforce this theory. 

According to Chulkov (2007), decision-makers are rational if escalation of commitment is considered in a 

reputation protection, real option or game-theoretic context. Wong, Kwong, & Ng (2008) also support 

this rational view, proving that high rationality scorers have a stronger escalation tendency due to 

stronger cognitive dissonance between past and present choices. 

Although these studies suggest a rational approach to escalation of commitment, the line of reasoning in 

this work follows the relationship with the Prospect Theory: the more sunk costs, the more individuals 
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will be risk taking and keep escalating. This approach is also supported by the fact that there are some 

biases, other than the sunk-cost fallacy (Horn, Lovallo, & Viguerie, 2006; Astebro, Herz, Nanda, & Weber, 

2014), which increase the tendency to escalate. Following their past experience, managers often are 

unable to see that the current situations are actually different and are blinded by hope (Staw & Ross, 

1987). Moreover, managers are often affected by confirmation bias since they have a tendency to see 

only what support their beliefs (Staw & Ross, 1987; Horn, Lovallo, & Viguerie, 2006). Persistence is usually 

identified with leadership and withdrawal with weakness, so social pressures also increase the tendency 

to commit to current courses of action (Staw & Ross, 1987; Chulkov, 2007). Finally, Astebro et al (2014) 

studied the more common characteristics of inventors and their effect on decisions to change course of 

action (i.e. pivot): overconfidence has no effect, but optimism increases the tendency to escalate. 

In the context of strategic inertia and connected biases, there is no evidence that managers in large 

organizations are more or less affected than entrepreneurs. However, a connection is possible with risky 

decisions: people who are more propense to risk taking show a greater tendency to escalate and, at the 

same time, individuals become more risk takers when faced with sunk costs (Astebro, Herz, Nanda, & 

Weber, 2014). However, connecting to the Prospect Theory, Zeelenberg & Dijk (1997) proved that, if 

behaviorial sunk costs are also considered, the propensity to risk averse choices increases. 

Following the analysis of factors and biases increasing the tendency of escalation, it is reasonable to think 

that teaching a scientific approach to decision-makers may encourage to base their decisions on evidence 

and data rather than on self-justification principles and other biases. But what is meant by scientific 

approach to decision-making? 

 

Scientific Approach: a fight against heuristics and biases 

The idea to apply a scientific method of thinking to decision-making in a business context is not new: 

researchers talked about management as a discipline since the second half of the twentieth century, but 

it was then lost until quite recently (Camuffo, Cordova, & Gambardella, 2017). Indeed, both researchers 

and practitioners realized that a crisis in decision making was happening and started to look at new 

methods to take decisions. There is evidence that business decisions have been often based on ideologies 

and beliefs of senior leaders, on repetition of what worked in the past for the organization or on the 
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actions of competitors by benchmarking. However, it is time that companies root their decisions on solid 

evidence, using deeper logic and basing on hard facts rather than guesses (Pfeffer & Sutton, 2006). 

This approach is named Evidence-Based Management (EBMgt) and encompasses four elements: 

evaluated external evidence; stakeholders’ preferences or values; practitioner experience and 

judgement; context, organizational actors, circumstances (Briner, Denyer, & Rousseau, 2009). Following 

this approach, decisions are taken after considering all these four sources of information. For this aim, 

growing attention has been given to Data-Driven Decision-Making (DDD), which enables decisions based 

on hard data and is becoming always more diffused among companies. However, this diffusion is uneven: 

economies of scale, complementarities between DDD and both IT and worker education, and firm 

learning explain the majority of the variation between organizations adopting this approach and not 

(Brynjoflsson & McElheran, 2016). 

Other researchers focused more on a different component of the scientific attitude, which instead can 

more easily be adopted by every type of company: the way mangers and entrepreneurs formulate and 

test their assumptions. In this context, Felin and Zenger (2009) see entrepreneurs as theory developers, 

following several steps in the entrepreneurial theorizing process: beliefs are first originated through both 

experience and perception, creativity then takes the lead to imagine possibilities and finally reasoning 

and justification enable to evaluate, cognitively test and refine the hypothesis to test. Afterwards, the 

final crucial step is hypothesis testing through experiments, in order to receive feedbacks from the 

environment and revise theories and underlying strategies accordingly (Sull, 2004; Felin & Zenger, 2009; 

Ries, 2011). 

This latter approach to decision-making based on hypothesis, testing and adaptation has been given 

several names (scientific method, lean startup, design thinking, business design) and has been 

increasingly taught to entrepreneurs, business school students and even managers in large companies. 

There is evidence that this approach is effective in eliminating some types of biases usually affecting 

decision-making, especially in the entrepreneurial environment and cognitive biases typical of 

entrepreneurs: Camuffo, Cordova and Gambardella (2017) empirically tested that a scientific approach 

to decision making enables entrepreneurs to improve their performance and make more precise 

decisions, by avoiding projects with false positive and false negative returns. Moreover, Lovallo and 

Sibony (2010) studied the effect of similar approaches on large companies: they collected data about the 

financial benefits of processes that “debias” strategic decisions. They proved that these types of 
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“superior” processes increased the company’s ROI by almost 7% if comparing companies positioning in 

the bottom- and top-quartile of this decision-making process. 

The aim of this study is to deepen the knowledge in this field, by investigating the effects that the 

scientific approach can have on the decision-making process of managers in large organizations. In 

particular, it is researched whether this method can help managers to solve innovation dilemmas and 

develop dynamic capabilities to overcome those factors preventing them to be innovative, which are 

assumed to be risk aversion and strategic inertia. So, the main question this research wants to answer is 

the following: 

MRQ: How does a scientific approach to decision making affect innovation-related decisions in 

large organizations? 

Some studies already tried to understand the effects of some typologies of learning on risk propensity. 

Fairlie and Holleran (2011) already investigated the effects of entrepreneurship training on a group of 

entrepreneurs, proving that risk tolerant individuals benefited more than the others. However, even if in 

the very different field of crop innovation, there is some empirical evidence that learning can actually 

increase the probability of crop adoption and improve decision-making by reducing risk aversion and 

perceived uncertainty (Knight, Weir, & Woldehanna, 2003; Ghadim, Pannell, & Burton, 2005). Moving 

back to this study, as the literature suggested, managers are in general less risk seeking than 

entrepreneurs and this leads them to leave a lot of business opportunities to startups because they are 

afraid of losses. 

Since it is not easy, if even possible, to change risk propensity of individuals, this research wants to see if 

the scientific method can act on the mindset of risk averse decision-makers by reducing the perception 

of risk associated to disruptive innovation if the latter is supported by data. This means that the scientific 

approach should increase the probability that risk-averse decision-makers choose a disruptive innovation 

over the incremental alternative suggested by stability biases, thanks to their acquired ability to collect 

and analyze the right data in the right structured manner. 

RQ1: Can the scientific approach to decision making increase the probability that a risk averse 

individual will undertake a disruptive innovation rather than an incremental one? 

The second hypothesis this research aims at proving regards the ability of managers in large companies 

to identify and react by changing plans in situations of strategic inertia. While there is already some 
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evidence that the scientific approach increases the ability of entrepreneurs to pivot to a new business 

model if signals from the market suggest doing so (Camuffo, Cordova, & Gambardella, 2017), there is no 

evidence that the same applies in large companies when escalation of commitment is about to arise. 

As seen in the analysis of the literature, individuals often decide not to change their organization’s course 

of action because they are affected by self-justification principles and other cognitive biases, especially 

in the presence of sunk costs. It is here hypothesized that, if taught the scientific method, individuals 

would be able to isolate the biases and be more open to external feedbacks and changes in the course of 

action, even if investments have already been undertaken. 

RQ2: Can the scientific approach to decision making increase the probability that people are ready 

to accept feedbacks and change their decisions accordingly, even in the presence of sunk costs? 
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Research design and method 

Data collection: sample selection and survey 

Sample selection, tools and distribution 

Participants of this study are not current managers, but master’s degree students enrolled in business 

schools who will in the near future probably become managers. The sample is divided into two groups: 

treatment and control group. 

The treatment group includes students who voluntarily decided to attend the elective course Innovation 

and Management Strategies at Università Bocconi taught by prof. Alfonso Gambardella and Simone 

Santamaria. During the course, students were taught how to apply the scientific approach to decision-

making. This includes, but is not limited to, developing frameworks and theories to understand the 

implications and outcomes of their actions, designing tests and experiments to corroborate the theories, 

and then using data to test whether these theories really lead to the expected implications and outcomes. 

The course lasted an entire semester and was composed of theoretical sessions, practical sessions using 

STATA and a project work in teams. 

On the other hand, the control group was a sample of students who did not attend the course mentioned 

above and was similar to the treatment group. Indeed, in order to maintain consistency between the two 

groups, attempts were made to find a control group as more similar as possible to the treatment group 

on visible characteristics (age range, type of studies, etc). Moreover, in order to reduce contamination, 

responses were collected for the majority of cases from other similar universities, mainly Copenhagen 

Business School and Università Ca’ Foscari Venezia.  

Data were collected through an online survey on Qualtrics during April and May 2018. As for the 

distribution, a distinction was made between the two groups of the sample: 

• Treatment group: data was mostly collected thanks to in-class call-to-actions by prof. 

Gambardella during the last classes of the course and later some reminders on the Facebook 

group of the course. In total, 51 complete responses from this group were collected. 
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• Control group: data was collected entirely through personal connections and posts on Facebook 

groups of students in the Universities mentioned above. In total, 65 complete responses were 

gathered from this group. 

 

How the survey was built 

In order to build the survey, several factors were considered. 

First of all, it was decided to focus on a quantitative rather than a qualitative approach: although it would 

have been very interesting to understand both the final answer and the reasoning of individuals in the 

sample, it would have also decreased the probability that individuals would complete the entire survey. 

Secondly, it was decided that both groups should have received the same questionnaire, with no 

distinctions in the way questions were posed: since the difference between the two groups is given by 

participation to a course or not, all other factors were kept equal in order to analyze if individuals 

presented different reactions to the same problem framing. 

Thirdly, the components of the survey were established. At the beginning of the survey, an explanation 

of the survey’s object and some instructions to the questions were presented. Then, participants were 

shown 7 questions, divided as follows: 

• Measure of risk propensity 

• Adoption decision scenario 

• Progress decision scenario (depending on the answer at the previous question) 

• 4 questions on general information, such as type of University studies and professional 

experience 

A last step was taken before distributing the survey: a small sample was selected to complete it as a pilot, 

in order to verify that the questions were clear and able to capture the correct variables. Feedbacks from 

these individuals enabled to identify a necessary alteration in the scenarios and potentially improve the 

results. It was also useful to understand the time needed to complete the entire survey, estimated around 

5/10 minutes, which was also verified after actual completion: participants took on average 6 minutes to 

conclude the questionnaire. 
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The graph below shows visually the elements of the survey. Then, an explanation follows on the purpose 

of each question, eventual supporting literature and a brief description of each question. 

 

Figure 2 Structure of the survey distributed among the sample 

 

Measure of Risk Propensity 

In order to be able to prove or disprove the first hypothesis of this study, it was essential to measure 

participants’ risk propensity. Thus, a question was included at the beginning of the survey, before 

presenting the main scenarios. The question did not ask directly the risk propensity to individuals but 

tried, instead, to capture the measurement by putting participants in the context of a real-world situation 

where their choice enabled to infer their propensity towards risk. The literature suggests several methods 

to do this. Some researchers support a stochastic dominance approach based on the future gain or losses 

coming from two stocks, one riskier than the other (Levy & Levy, 2001). Another group of scholars suggest 

the identification in lottery situations by asking individuals to state their reservation price (Hartog, Ferrer-

i-Carbonell, & Jonker, 2002), by selecting between different lottery probabilities and sure gains (Wölbert 

& Riedl, 2013), and by choosing between different sure amounts or a lottery (Caliendo, Fossen, & Kritikos, 
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2007). Finally, Ioannou & Sadeh (2016) suggest to present five different gambles, for which it is equally 

probable to win or lose certain amounts of money. 

The latter was chosen as inspiration for the measurement of risk propensity in this study, since it was the 

most straightforward and thus could potentially reduce the number of individuals giving up the survey. 

Small changes in the situation were produced to avoid that individuals in the sample recognized the test: 

participants were asked to select among five types of financial investments, all giving two equally 

probable gains. The five options were ordered from indications of more risk averse to more risk seeking, 

so that it was also easy to interpret the results. 

 

Experimental Scenarios 

The two scenarios constitute the central part of the survey: the purpose was to assess implicit decision-

making processes of individuals in the sample, by making them immerse in a business scenario and take 

decisions (Aguinis & Bradley, 2014). In order to do this, literature suggests using experimental design, 

that is presenting participants with “carefully constructed and realistic scenarios” to assess decisions 

made in response to those problem-solving scenarios (Aiman-Smith, Scullen, & Barr, 2002; Aguinis & 

Bradley, 2014). This means that individuals in the sample are presented some hypothetical decision 

scenarios including realistic data and cues and are asked to make decisions that should resemble real-life 

decisions. The main benefit of using Experimental Vignette Methodology is that it allows to enhance 

experimental realism and also allows scholars to manipulate variables at the same time: this means that 

is enhances both internal and external validity (Aguinis & Bradley, 2014). When constructing scenarios, 

two very important concepts were considered. Firstly, scenarios should not be too long to read to avoid 

fatigue and boredom of participants and to reduce the probability they leave the survey incomplete 

(Aiman-Smith, Scullen, & Barr, 2002). Secondly, situations presented to participants should be familiar to 

them to avoid artificial responses (Aguinis & Bradley, 2014). Keeping these suggestions and the 

hypotheses of this study in mind, the two scenarios were constructed. 

The first scenario, connected to Hypothesis 1, immersed participants in an adoption decision, where they 

had to choose between an incremental and a business model innovation for a city public transportation 

company. The incremental decision was supported by sensations and heuristics, whereas the business 

model innovation, even if riskier, was supported by objective data. Due to budget constraints, 
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participants were asked to select one strategy over the other. Since data clearly supported the disruptive 

innovation, it was expected that even risk averse individuals would be able to choose the riskier 

alternative if they attended the treatment course. 

The second part of the experiment, that is the second scenario, was built in order to understand how 

participants reacted to negative feedbacks coming from objective data. It was presented in two variants, 

depending on the choice given at the first one: in both cases, the company decided to invest in the 

solution that was suggested by the participant, started the project and was faced with the first feedbacks. 

The feedback was built so that there were some facts and hearings coming from friends and a very small 

sample which seemed to give positive feedbacks. On the other hand, objective and clear data were also 

presented showing a negative feedback on the previous decision. 

As in the previous scenario, heuristics and biases should lead participants to choose to continue with the 

project even in the face of negative feedbacks coming from data: as supported by the literature, 

responsibility increases the probability that individuals escalate on projects showing negative signals. 

However, the scientific method was expected to reverse the way of thinking of the treatment group: 

treated individuals should be able to fight heuristics by valuing objective data more than hearings. 

Participants had to choose between continuing with the project and moving to another strategy option. 

The new plan was different depending on the previous decision: 

• Participants who selected the incremental innovation were presented with the possibility of 

moving to a more disruptive option; 

• Participants who selected the disruptive option were presented with the possibility of moving 

to a less risky option. 

 

Other variables 

In the last page of the survey, four general information questions were included concerning attended 

University, attended Degree Course, participation to the treatment course, previous professional 

experience. No questions on gender or age were asked, since they were not found to be relevant for the 

type of analysis. 
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University 

The aim of including this question was twofold. Firstly, it served as a control to be sure that all participants 

to the survey were actually business students and, in case, exclude those observations which were not 

adequate to the study. Secondly, it was an essential step to understand if individuals were participating 

to the treatment course: since it is only taught at Università Bocconi, only those indicating the latter could 

see the question on the treatment course participation. For this question, a multiple-choice option was 

selected indicating the expected most common answers (Università L. Bocconi, Copenhagen Business 

School, Università Ca’ Foscari Venezia) and the possibility to complete an “other” plain text. 

Degree Course 

The purpose of this question was to understand the type of studies individuals were following at 

University. In particular, it was important to understand if they studied some Degrees connected to 

innovation, because it could be a sign that they were interested in innovation in general. This could lead 

them to behave differently than other individuals when asked whether to pursue a more or less 

innovative strategy. This question allowed respondents to type everything in an open answer.  

Participation in the treatment group 

The aim of this question was to divide the sample by distinguishing between those who attended the 

treatment course held at Università Bocconi (treatment group) and those who did not (control group). 

This question was displayed only if Università Bocconi was selected as attending University and allowed 

a multiple-choice answer. 

Professional Experience 

This question was included to be able to understand if previous professional experience of any type could 

either increase or decrease the effects of the treatment course or even substitute it. As a multiple-choice 

question, participants could indicate as many as they wanted among the ones expected to be more 

common or add anything else in an “other” plain text. 
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Data Analysis Process 

Several steps were needed to analyze data: from data collection, to data preparation to the final data 

analysis. A summary of these steps can be seen in the data flow chart that follows together with an 

indication of the software used and actions taken at each step. 

 

Figure 3 Data flow chart indicating the main steps of the analysis 

 

Data Collection 

As already seen, for the first step of data collection the online platform Qualtrics was used to distribute 

the questionnaire. Qualtrics was chosen over other software because it allows to register also incomplete 

answers and to complete the survey in separate moments. From Qualtrics, data were downloaded in csv 

format to start the following step, data preparation. 

 

Data Preparation 

A manipulation of data was essential to transform raw data coming from responses in the survey to the 

variables needed to perform both Visual Analytics on Tableau and the final analysis of correlations and 

regressions on SAS. In particular, two separate datasets were created since the objective and requisites 
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of the two types of analyses were different. All the manipulations were conducted on Excel, through the 

use of “if” and “vlookup” formulas. 

Starting from the dataset useful for Visual Analytics, the 7 original responses were transformed into 12 

variables which could be more representative and clearer for the visualization. In this context, the 

variables kept their categorical origins expressed in words: responses were only adapted to be more 

easily interpreted. The list of the variables created for this step of the analysis is presented in the table 

below. 

Variables Description 

Risk Measure 

It measures the level of risk propensity divided into 3 categories: 
• Risk Averse: if individuals choose either “get 50€ anyway” or “get either 35€ or 87,50€” 
• Risk Neutral: if individuals choose “get either 25€ or 112,50€” 
• Risk Propense: if individuals choose either “get either 15€ or 137,50€” “get either 5€ or 180€” 

Risk Aversion 
It is a categorical variable that considers two levels of risk aversion: 

• Risk Averse: “Risk Averse” of the variable Risk Measure 
• Not Risk Averse: “Risk Neutral” and “Risk Propense” of the variable Risk Measure 

Risk Propension 
It is a categorical variable that considers two levels of risk propensity: 

• Risk Propense: “Risk Propense” of the variable Risk Measure 
• Not Risk Propense: “Risk Neutral” and “Risk Averse” of the variable Risk Measure 

Innovation Decision 
It is a categorical variable that indicates the type of decision taken: 

• Disruptive: if individuals choose the CIO idea in the survey 
• Incremental: if individuals choose the Board idea in the survey 

Pivot 
It is a categorical variable that indicates whether individuals decided to pivot or not after new data was provided: 

• Pivot: if individuals choose either “Go back to the Board idea” or “Partner with the startup” 
• Wait and see: if individuals choose “Wait and see” 

Scientific Approach 
It is a categorical variable that indicates whether individuals applied a scientific approach in their decisions: 

• Scientific: if Innovation Decision = Disruptive and Pivot = Pivot 
• Not Scientific: if at least one between Innovation Decision = Incremental and Pivot = Wait and see 

Innovation Studies 
It is a categorical variable indicating whether individuals indicated attend a Degree connected to Innovation: 

• Innovation: if a degree concerning Innovation is indicated as the attended course 
• Other Studies: if a degree not concerning Innovation is indicated as the attended course 

Group Type 

It is a categorical variable stating whether individuals are part of the treatment or control group: 
• Treated: if individuals indicated that they attended the treatment course (Innovation management and 

strategy) 
• Control: if individuals indicated that they did not attend the treatment course  

Experience in Consulting 

It is a categorical variable stating whether individuals had a professional experience in consulting: 
• Consulting Experience: if individuals choose the option “Internship/work in a consulting company” 
• No Consulting Experience: if individuals do not choose the option “Internship/work in a consulting 

company” 

Experience in Student 

Association 

It is a categorical variable stating whether individuals had a professional experience in a student association: 
• Student Association Experience: if individuals choose the option “Active role in Student Association” 
• No Student Association Experience: if individuals do not choose the option “Active role in Student 

Association” 

Experience in Company 
It is a categorical variable stating whether individuals had a professional experience in a company: 

• Company Experience: if individuals choose the option “Internship/work in a company” 
• No Company Experience: if individuals do not choose the option “Internship/work in a company” 

Experience in Startup 
It is a categorical variable stating whether individuals had a professional experience in a startup: 

• Startup Experience: if individuals choose the option “Internship/work in a startup” 
• No Startup Experience: if individuals do not choose the option “Internship/work in a startup” 
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On the other hand, the dataset used in SAS was really different from the other two. It was built starting 

from the dataset used for Visual Analytics and transforming the variables into dummies, except for the 

variable determining risk measure. This change was necessary to be able to perform correlations and 

regressions on SAS: the new dataset thus included 12 variables, of which 11 were dummies and 1 was an 

ordinal indicator. In the table below, the variables are presented, together with the description of the 

meaning of taken values. 

Variables Description 

Risk_Measure 
It measures the level of risk propensity as a scale from 1 (Risk Averse = get 50€ anyway) to 5 (Risk Taker = get 
either 180€ or 5€). 

Risk_Aversion 
It is a dummy that considers two levels of risk aversion: 

• 1 = Risk Averse (1, 2 of the variable Risk_Measure) 
• 0 = Not Risk Averse (3, 4, 5 of the variable Risk_Measure) 

Risk_Seeking 
It is a dummy that considers two levels of risk aversion: 

• 1 = Risk Taker (4, 5 of the variable Risk_Measure) 
• 0 = Not Risk Taker (1, 2, 3 of the variable Risk_Measure) 

Disruptive_Innovation 
It is a dummy that indicates the type of decision taken: 

• 1 = Disruptive Innovation (CIO idea in the survey) 
• 0 = Incremental Innovation (Board idea in the survey) 

Pivot 

It is a dummy that indicates whether individuals decided to pivot or not after new data (external shock) was 
provided. It takes value: 

• 1 = Pivot (“Go back to the Board idea” or “Partner with the startup”) 
• 0 = Continue with the strategy (“Wait and Wee”) 

Scientific_Approach 
It is a dummy that indicates whether individuals applied a scientific approach in their decisions. It takes value: 

• 1 = Scientific approach (both Disruptive_Innovation and Pivot are equal to 1) 
• 0 = No scientific approach (either one or both Disruptive_Innovation and Pivot are equal to 0) 

Innovation_Studies 
It is a dummy indicating whether the individuals indicated an Innovation Degree. It takes values: 

• 1 = Innovation Degree (i.e. EMIT, MIB, Innovation and Marketing) 
• 0 = Other degree 

Treated_Group 
It is a dummy stating whether individuals are part of the treatment or control group: 

• 1 = Treatment group (Innovation Management and Strategy) 
• 0 = Control group 

Exp_Consulting 
It is a dummy stating whether individuals had a professional experience in consulting: 

• 1 = if “Internship/work in a consulting company” is selected 
• 0 = otherwise 

Exp_StudAss 
It is a dummy stating whether individuals had an active role in a student association: 

• 1 = if “Active role in Student Association” is selected 
• 0 = otherwise 

Exp_Company 
It is a dummy stating whether individuals had a professional experience in a company: 

• 1 = if “Internship/work in a company” is selected 
• 0 = otherwise 

Exp_Startup 
It is a dummy stating whether individuals had a professional experience in a startup: 

• 1 = if “Internship/work in a startup” is selected 
• 0 = otherwise 
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Data Analysis 

As already seen in the summary diagram, the analysis of data was performed following two main steps. 

Firstly, Visual Analytics was executed to have an idea of data composition and identify possible 

relationships among variables. Secondly, correlation and regression analysis were completed to test 

whether the relationships identified at the previous step were actually underlying a correlation or 

causality connection. 

 

Visual Analytics 

Visual Analytics was performed on Tableau, since this software allows to create nice and interactive 

dashboards. As a first step, single graphs were designed to understand the distribution of the sample on 

every variable presented in the previous paragraph. Due to the dichotomous nature of data, there were 

not so many alternatives for the representation of data: histograms were identified as the preferred 

graph type, except for a couple of cases where pie charts and a bubble chart were chosen. 

Then, more complex graphs were designed to try and put together different variables on the same graph. 

However, since graphs became too complicated to interpret, this strategy was later abandoned following 

the principle that “simpler is better”. Thus, it was decided that it was more appropriate to create a 

dashboard where only the basic representation of variables was shown, and combinations could be made 

directly on the dashboard. Indeed, Tableau enables to include an interactive filter in the dashboard: by 

selecting only one of the values a variable can take, the entire dashboard adapts and shows distributions 

with the applied filters. 

After the dashboard was created, several combinations of filters were attempted to identify significant 

patterns in the data. At first, filtering resembling the two hypotheses were applied, then it moved also to 

other combinations.  

 

Correlation and Regression Analysis 

After creating the new dataset including numbers rather than words, the analysis was moved to SAS 

software. The first step was to continue the exploratory analysis by evaluating the main descriptive 

statistics: since the most relevant for categorical variables is the frequency of taken values, frequency 
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tables were created, both simple and with combinations of variables. The results, of course, are 

comparable with those coming from the analysis on Tableau, but here the focus is on the tables. 

The second step was to investigate correlations: a Pearson correlation was performed putting together 

all the variables in the dataset. Due to the dichotomous nature of variables, values were not expected to 

be very high. So, the approach was to compare correlation values among the ones that arose in this 

analysis and identify those relationships which were stronger than the other. 

Finally, the analysis moved to the final step: regressions. Since the dependent variables were dummies, 

linear regressions could not be performed. Instead, logistic regression is the appropriate regression 

analysis to conduct when the dependent variable is dichotomous: thanks to this regression type, it is 

possible to identify causality relationships between one dependent binary variable and any type of 

independent variables. In SAS, the “proc logistic” function was thus applied to different combinations of 

independent variables. 

At first, the models underlying the two research questions were performed. The significance and 

representativeness of the models were tested by looking at two significance tests, one for the overall 

model and one for single variables. The global significance is checked by looking at the maximum 

likelihood estimation: the lower the p-value of the Chi-Square, the better it is for model, since it indicates 

that at least one of the predictors is significant. The individual test of each variable is based on the same 

principle of the global test: the p-value of the Wald Chi-Square must be very low in order to consider 

significant the relationship identified by the regression. In this study, models and variables are considered 

to be significant if the p-value is at least lower than 0.10, but preferably lower than 0.05. This means that 

only models significant at 10%, and preferably 5%, were considered. 

Then, the models were interpreted considering the operating principle of logistic regression: coefficients 

do not coincide with the final effect that having or not a certain characteristic implies on the dependent 

variable. Instead, the logit transformation of the outcome variable has a linear relationship with the 

predictor variables. 

Moreover, the logit transformation is expressed as the natural logarithm of the odds ratio, that is the 

ratio between the probability that an event happens (dummy is equal to 1) over the probability that it 

does not happen (dummy equal to 0). 
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In formula, the logistic regression is represented as: 

!"#$%(') = 	+, +	+. ∗ 0. +	+1 ∗ 01 +	+2 ∗ 02 + ⋯+ +4 ∗ 04 

where: 

• !"#$%(') = ln(
;

.<;
)	is	the	logit	function	

• '	is	the	probability	of	the	event	y	

This means that, in order to understand the actual increase (or decrease) in the probability of the 

dependent variable to get value 1 after a change in one of the independent variables, some calculations 

have to be performed. However, what remains unchanged is the relationship between the sign of the 

coefficient and the effect on the probability of the dependent variable, which enabled to make some 

considerations even just after getting the model.  



 

 
33 

Data and Results 

Dataset Description 

There was a total of 116 respondents who completed the survey until the end and whose answers 

contribute to the analysis. A static version of the summarizing dashboard is shown below, but it is possible 

to consult the complete interactive version by visiting http://bit.ly/Dashboard_Thesis. The dashboard 

shows the most relevant descriptive statistics of each variable, by presenting the frequency of the 

responses. A brief description follows for each variable. 

 

Figure 4 Static version of the dashboard summarizing data frequencies 
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Dependent variables 

Innovation Decision 

 

Figure 5 Frequency of the variable Innovation Decision 

Innovation Decision is the first dependent variable that this study tries to predict, connecting to 

Hypothesis 1. As the graph shows, the great majority of respondents selected to pursue disruptive 

innovation: 84 individuals (72,4%) chose to try the new business model, while only 32 individuals (27,8%) 

selected the incremental type of innovation. In general terms, this frequency is more skewed towards 

disruptive innovation than expected: further investigations are needed to understand which of the other 

variables gathered in the survey can explain this skewness. According to the hypothesis of the study, it 

should be related to the group type, but this large variance does not resemble the distribution of the two 

groups. 

 

Pivot 

 

Figure 6 Frequency of the variable Pivot 



 

 
35 

The ability of respondents to pivot is the second dependent variable which is object of this analysis, as 

connected to Hypothesis 2. This variable shows a more balanced distribution of reactions to the second 

scenario presented to individuals: it separates the sample in two almost equal groups. Individuals 

deciding to change course of action after receiving negative feedbacks were 57 (49,1%), while the ones 

selecting to escalate their commitment to their previous decision were 59 (50,9%). This frequency is more 

aligned with expectations than the previous variable, even if more investigations are needed anyway to 

be sure about which variables contribute to the distribution. 

 

Independent and other variables 

Group Type 

 

Figure 7 Frequency of the variable Group Type 

The most relevant independent variable for this study is the one identifying the belonging to the 

treatment or control group, since it allows to understand if learning the scientific method through this 

course leads to the predicted outcomes. As it is evident from the graph, 51 respondents indicated to be 

part of the treatment group (44%) and 51 did not (56%). This result was expected, as the potential 

population of the control group is much larger than the one of the treatment group.  
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Risk Measure 

 

Figure 8 Frequency of the variable Risk Measure 

The measure of risk propensity is an essential independent variable for this study. As the graph shows, 

there is no evident skewness in the data: 37 respondents were categorized as risk averse (31,9%), 27 as 

risk neutral (23,3%) and 52 as risk propense (44,8%). However, the number of individuals seeking risk is 

higher than what is usually expected following the literature, according to which the majority of people 

is averse to risk. This could be due to the fact that either the sample was very risk seeking and not 

representative of the population or that the question in the sample led respondents not to reveal their 

true propensity. 

 

Innovation Studies 

 

Figure 9 Frequency of the variable Innovation Studies 

This variable indicates whether individuals in the sample are attending a University Degree which is 

related to Innovation. The graph shows that 59 respondents (50,9%) are studying in courses related to 

Innovation, while 57 (49,1%) are pursuing other types of studies. It was introduced as a measure of 
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interest towards innovation in general terms: it can be expected that someone who studies innovation is 

more prone to invest in more innovative ideas and probably to be less rational about it (as it was seen 

for entrepreneurs). So, this measure can be useful to eventually isolate or study more deeply the effects 

that interest in innovation can have on the two choices presented in the scenario. 

 

Scientific Approach 

 

Figure 10 Frequency of the variable Scientific Approach 

This variable measures the extent to which individuals really behaved scientifically, independently from 

them being in the treatment or control group. It is here assumed that individuals behave scientifically 

when the options supported by data are selected in the two scenarios (Disruptive Innovation and Pivot). 

Overall, the chart evidently highlights that only 31 individuals (26,7%) behaved scientifically, while the 

remaining 85 respondents (73,3%) did not. This distribution highlights that, among those who attended 

the course, some responded as expected by the research questions and some did not. It would be 

interesting to discover if the discrepancies among those who attended the course and those who acted 

scientifically is related to the acceptance or rejection of the hypothesis at the basis of the work, or to the 

fact that some were responsive to the teachings and some were not. 
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Professional Experience 

 

Figure 11 Frequency of the variables indicating professional experiences 

The last variables are all connected to the professional experience individuals indicated in the last 

question of the survey. Four variables were extracted to isolate the effect of each single type of 

experience. Results are the following: 

• Company. 55 respondents (47,4%) specified that they did internships or worked in a company; 

• Student Association. 50 respondents (43,1%) specified that they had an active role in a student 

association; 

• Consulting. 27 respondents (23,3%) specified that they did internships or worked in a consulting 

company; 

• Startup. 22 respondents (19%) specified that they did internships or worked in a startup; 

• No experience at all. 21 respondents (18,1%) specified that they did not have any type of 

experience. 

Since it was possible to indicate more than one experience per individual, combinations were also taken 

into consideration. The three most common were: 

• Only company: 23 respondents (19,8%) 

• Company and Student Association: 17 respondents (14,7%) 

• Only Student Association: 17 respondents (14,7%) 

The effects of these experiences need further attention to understand if they can enhance, reduce or 

even substitute somehow the learning of the scientific method. 
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Dataset Limitations 

As it can already be deduced by a first look at the data, the dataset presents some limitations for the aim 

of this study. 

Firstly, the fact that the study is built on scenarios brings some limitations: as far as it can be realistic, it 

is not 100% real, implying that for example the risk propensity and risk perception is different, since there 

are no real investments. 

Secondly, participants being business students instead of real managers lead to three fundamental biases 

for the study: they are used to think like students and do not know fully how it works in the “real” world 

when it is time to take business decisions and they are, on average, much younger than the real managers 

that take decisions in large companies and so can be more skewed towards experimentation and 

innovation than actual managers. 

Thirdly, the fact that a large part of individuals in the sample is interested in innovation does not make it 

so significant for the aim of at least the first hypothesis of this study: the effect of interest in innovation 

will probably offset the ones coming from learning the scientific method. 

Finally, there is no random selection to separate individuals in the two groups, meaning that individuals 

voluntarily chose to attend the treatment course, so some self-selection could also affect the behavior 

of individuals and, thus, the results of this study. 

 

Results 

In this paragraph, results of the analysis will be presented, by looking firstly at combined frequency 

analysis and correlation analysis and then at the models identified to predict the dependent variables 

object of the study. 

 

Combined Frequency Analysis 

In order to deepen the analysis on variables before moving to the regression, it is useful to look at data 

by comparing the distribution of observations on some combinations of variables. The aim is to 
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investigate some of the doubts which were presented in the previous paragraphs. For this step of the 

analysis, some tables divided into four quadrants plus the totals will be used to show the distribution of 

observations on at least two variables. In particular, in each of the four quadrants: 

• The first row, in bold, shows the number of individuals indicating that combination of choices; 

• The second row, in italics, shows the frequency of individuals indicating the combination over 

the total number of respondents; 

• The third row shows the percentage of those indicating that combination over the total of those 

who chose the value on that row; 

• The fourth row shows the percentage of those indicating that combination over the total of those 

who chose the value on that column. 

 

Innovation Decision 

 

Figure 12 Combined frequency table of the variables Innovation Decision and Group Type 

The first combined frequency analyses the relationship between the variable Innovation Decision and 

Group Type. The table above clearly shows that the distribution between incremental and disruptive 

innovation is almost identical in the two groups: 72,3% of respondents in the control group chose the 

disruptive innovation in the control group, against 72,5% in the treatment group. This almost invisible 

difference shows that learning the scientific method had no direct effect on the innovation choice. 

However, the first hypothesis of this research also considered risk aversion as the assumed mechanism 

allowing to enhance the effect of the scientific method. So, the three variables should be considered 

together to infer results on this hypothesis. 
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Figure 13 Combined frequency table of the variables Innovation Decision, Group Type and Risk Aversion 

The three variables are compared in the two tables above: two variables can be seen inside the tables 

(Risk Aversion and Innovation Decision), while the third one is highlighted through the use of two 

separates tables. The table on the left shows data concerning the control group, while the one on the 

right shows data about the treatment group: comparison is possible by contrasting quadrants of the two 

tables. 

It is evident that the distribution of risk averse and not risk-averse individuals is similar in the two groups: 

32,3% of respondents is categorized as risk averse in the control group, and 31,4% in the treatment group. 

Moreover, from these tables it is possible to have a first idea on the effect of the scientific method on 

risk averse individuals. By focusing on the row regarding risk aversion, it can be seen that the percentage 

of those selecting disruptive innovation in the treatment group is 75%, whereas in the control group is 

66,7%. Moreover, of the ones who chose disruptive innovation, 29,8% were risk averse in the control 

group, against 32,4% in the treatment group. This means that risk averse individuals in the treatment 

group demonstrate a higher probability to choose disruptive innovation than in the control group. 

This result is in line with Hypothesis 1, even if only the regression will be able to indicate if it is a real 

causal relationship or not. This result was not evident from the previous table because the distribution 

of innovation choice on not risk-averse individuals moves in the opposite direction: the percentage of 

those selecting disruptive innovation in the treatment group is 71,4%, whereas in the control group is 

75%. 
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Pivot 

 

Figure 14 Combined frequency table of the variables Pivot and Group type 

The table analyses the combined distribution of the variables Group Type and Pivot. The aim is to 

understand if the distribution of data resembles the behavior supported by Hypothesis 2, assuming that 

the scientific method increases the probability that individuals change course of action when given 

negative feedbacks. The table shows that this tendency is present in the data: respondents in the 

treatment group pivot 64,7% of times, while those in the control group only 36,9%. Moreover, if the total 

pivoting answers are considered, 57,9% of individuals belong to the treatment group. 

These data give a first positive impression for Hypothesis 2, but the control on causality can only be 

captured in the regressions. 

 

Figure 15 Combined frequency table of the variables Pivot, Group Type and Innovation Decision 

It is also interesting to undertake a further investigation by putting together the responses given in the 

two scenarios and the belonging to either the treated and control group. This is exactly what the two 

tables above aim at investigating: two variables are shown inside the tables (Pivot and Innovation 

Decision), while the belonging to the groups is highlighted through the two separate tables. 

As it was already seen in the previous table, the distribution of those who decided to pivot or not inverts 

if treatment and control group are considered. What this table adds with respect to the previous one is 
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the difference in the pivoting behavior between those who in the first scenario indicated incremental 

and disruptive innovation. 

It is evident that, if respondents selected incremental innovation in the first scenario, the distribution of 

pivoting or not is quite similar in the two groups: 83,3% of those in the control group and 78,6% of those 

in the treatment group decided to pivot. The situation is really different if respondents who indicated the 

disruptive innovation path are considered: the decision to change course of action is taken 19,1% in the 

control group and 59,5% in the treatment group. Moreover, among the ones who selected to pivot, in 

the control group 62,5% previously selected the incremental strategy over the disruptive one, while in 

the treatment group 33,3% did the same starting choice. 

This result suggests that the positive effect of the treatment which was identified in the previous table is 

mainly given by the responsiveness to negative feedbacks of those who previously pursued the disruptive 

innovation. On the other hand, the treatment does not seem to have the same effect on those who were 

more cautious and selected the less risky innovation option. Obviously, this relationship can only be 

proved by means of a regression. 

 

Scientific Approach 

 

Finally, some considerations are made on the extent to which individuals act scientifically. The table 

above shows the combined distribution of the belonging to the groups and the scientific behavior. It is 

evident that, according to the hypotheses of the study, 43,1% of those who attended the course actually 

behaved completely scientifically and that 13,8% of individuals in the control group acted scientifically 

even if they did not attend the course. This means that, of those individuals who acted scientifically, 71% 

actually attended the course. This result suggests that, if the two hypotheses if the study are confirmed, 

Figure 16 Combined frequency table of the variables Scientific Approach and Group Type 
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there must be some factors affecting the behavior of people other than the scientific approach and some 

others reducing the effects of the scientific method. Further theories should be developed to discover 

these factors and further experiments should be performed, also to a qualitative extent. 

 

Correlation Analysis 

After the analysis of combined frequencies, the correlation analysis was conducted to identify 

relationships and tendencies among the variables. The table above was created by highlighting the 

strongest relationships with the use of conditional formatting: the darker the color, the stronger the 

correlation. Two different colors were employed for positive and negative relationships, respectively 

green and blue. 

 

Figure 17 Correlation analysis among the entire set of variables 

The strongest relationships involve risk measure, risk aversion and risk seeking. In particular, risk measure 

is negatively related to risk aversion (-0,83) and positively related to risk seeking (0,9), and risk aversion 

is negatively related to risk seeking (-0,61). All these relationships were expected both in strength and 

direction, since risk aversion and risk seeking are variables originating from risk measure with the 

principles explained in previous chapters. 

The second set of relationships in order of strength can be seen among the ability to pivot, the innovation 

decision and the scientific behavior. The strongest relationship among these variables is that between 

pivot and scientific approach which is positive and equal to 0,61. The scientific approach is also positively 
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related to the innovation decision even if to a smaller extent (0,37). Again, these relationships were 

expected since the variable measuring the ability to behave scientifically is based on the presence of both 

the other two. The relationship between the ability to pivot and the innovative decision is more 

surprising: there is a negative correlation between the two variables (-0,39), meaning that those who 

select disruptive innovation then decide to escalate and those who choose the incremental option then 

pivot. 

The variable describing the group type of respondents also presents some interesting correlations: it is 

positively related to innovative studies (0,38), to the scientific behavior (0,33) and to the ability to pivot 

(0,27). Additionally, it is curious that a correlation of similar strength is found between two types of 

professional experiences: experience in a startup and in consulting show a positive relationship equal to 

0,31. 

Some considerations can also be made on the relationship between different types of professional 

experiences and the other variables. The strongest relationships are identified, even if they are actually 

not very strong: positive between scientific behavior and experience in consulting (0,22); positive 

between innovation decision and experience in student association (0,19); positive between pivot and 

experience in startup (0,18). Finally, for the variable innovation decision, also the area of studies is related 

to the same extent (0,17). 

 

Models: the role of learning the scientific approach 

In this paragraph, the regression models are shown: for each of the two hypotheses, a first model putting 

together the dependent variable and the treatment is shown; then a model combining the treatment 

with an additional variable is presented. The models will be shown and some indications of their global 

and individual significant will be highlighted through the use of asterisks as indicated in the legend below.  

 

Figure 18 Legend of model significance 
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Predicting the innovation decision 

As a first step, a simple model was built to study whether the treatment directly has some effects on the 

probability that respondents selected the disruptive innovation over the incremental one, without 

interaction with any other factor object of the analysis. If it is represented by a formula, this model 

becomes: 

!"#$%('J) = 	+, + +. ∗ K	 

where:	

• D	=	Disruptive	Innovation	
• T	=	Treated	Group	

There is no expectation on the coefficients of this model which, after being built on SAS, gives the 

following result. 

 

Figure 19 Results of the simple logistic model identified to predict Innovation Decision 

It is evident that this regression is not able to give any conclusive result, since it is not significant neither 

at a global nor at individual level (p-value equal to 0,98). This table clearly shows that the treatment does 

not have a relevant effect on the choice between disruptive and incremental innovation in this sample. 

Moreover, even if the model would have been significant, the coefficient of the treatment is almost equal 

to 0, highlighting that no clear causal relationship can be inferred in this context. 

This result is consistent with the previous analysis on the frequency table, which showed that there was 

no difference in the distribution of the innovation decision if the control and treatment group were 

compared. It is now interesting to see if the model putting together the variables of the combined 

frequency tables, those related to the first research question, gives some more significant results.  
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Recalling the first research question, it was asked whether the scientific approach to decision making 

increases the probability that a risk averse individual will undertake a disruptive innovation rather than 

an incremental one. The model was built by first transforming this relationship into a formula: 

!"#$%('J) = 	+, + +. ∗ R +	+1 ∗ K +	+2 ∗ (R ∗ K)	 

where:	

• D	=	Disruptive	Innovation	
• T	=	Treated	Group	
• A	=	Risk	Averse	Individual	

And then by converting the expected direction of the relationships into hypothesis for the coefficients of 

the model. It is thus assumed that: 

V.:		+2 > 0 

V,:		+2 < 0 

This means that when both the variable of group type and risk aversion are equal to 1, that is when 

individuals are treated by the scientific method and are risk averse, the coefficient is expected to be 

positive. In other words, risk aversion is assumed to be the mechanism through which the scientific 

method acts to increase the probability that individuals pursue the more innovative option of innovation. 

The relationship entailed in this coefficient can also be seen as a difference-in-difference: 

Pr(D	|	T, A) − Pr(D	|	T, NA) > Pr(D	|	NT, A) − Pr	(D	|	NT, NA) 

This formula literally means that there is a positive difference between: 

• the difference between the probability that treated (T) and risk averse (A) individuals and treated 

(T) but not risk averse (NA) choose the disruptive decision (D), and 

• the difference between the probability that control (NT) and risk averse (A) individuals and 

control (NT) but not risk averse (NA) choose the disruptive decision. 

To simplify, it means that the treatment increases the probability that a risk averse individual selects the 

disruptive innovation, which is exactly the assumption presented in the first hypothesis. 

After building this model on SAS, some tables are extracted which show that this model does not support 

the hypothesis. 
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Figure 20 Results of the combined logistic model identified to predict Innovation Decision 

Indeed, both the global and individual indicators are clearly not significant, as the exclamation point 

suggests. The p-value of the global indicator is very high (0,91), as the individual indicators of the 

independent variables, ranging from 0,48 to 0,72. It is interesting to notice the signs of the independent 

variables: if they were significant, risk aversion would reduce the probability of selecting the disruptive 

innovation, as also the belonging to the treatment group. On the opposite, if the two conditions were 

active together, the treatment would act on risk aversion to increase the probability of selecting the 

disruptive strategy. However, the fact that the coefficients are not significant implies that no such 

inference can actually be made. 

Finally, an attempt was made to add the control variables regarding professional experiences to the latter 

model, to see if some relevant results could be obtained. The only significant variable which was found 

in this analysis is the active experience in a student association, as it was expected from the analysis of 

correlation, since it was the experience which resulted as most related to the disruptive innovation. In 

the model, the active role in a student association increases the probability to choose disruptive 

innovation rather than an incremental one. 

From these models it is evident that the first hypothesis cannot be either confirmed nor rejected, since 

they lead to inconclusive and not significant results. The experiment is not able to prove that the 

treatment acts on risk aversion to increase the probability that respondents select a riskier project. This 

implies that there should be other factors which are able to predict the probability of individuals to 

choose the disruptive innovation in this sample, external to the scope of the analysis. For example, one 

suitable theory could be that the decision on the type of innovation depends on individual preferences 
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towards innovation, which could be affected by a different type of course than the one teaching the 

scientific approach. 

 

Predicting the ability to change course of action 

The second research question inquires whether the scientific approach to decision making increases the 

probability that people are ready to accept feedbacks and change their decisions accordingly, even in the 

presence of sunk costs. By transforming this relationship into a formula: 

!"#$%('^) = 	+, +	+. ∗ K	 

where:	

• P	=	Pivot	
• T	=	Treated	Group	

And then by converting the assumed relationship into a hypothesis for the coefficient, it is expected that: 

V.:		+. > 0 

V,:		+. < 0 

This implies that the scientific treatment is expected to increase the probability that individuals are able 

to fight heuristics and change course of action (pivot) if they are given a negative feedback through 

objective data. The model built on SAS gives some very positive results for this hypothesis. 

 

Figure 21 Results of the simple logistic model identified to predict the ability to Pivot 

As it can be seen in the two tables above, the model is globally significant at 1%, as the variable indicating 

the belonging to the treatment group, both showing p-values around 0,003. The intercept is significant 

at 5%, but it is still accepted according to the principles of this analysis. Looking at the estimates of the 
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coefficients, the treatment clearly increases the probability that individuals decide to change course of 

action, since +. is equal to 1,14. 

By conducting the calculations to identify the actual change in the probability to pivot depending on the 

group type, it is found that: 

• the control group shows 36,9% probability to invest in a strategic change; 

• the treatment group shows a 64,7% probability to invest in a strategic change. 

This means that the treatment has an effect of 27,8% on the probability to pivot of the individuals in the 

sample. 

Even if this model is already good, it is possible to build a new model which is able to identify the 

mechanism behind the choice to pivot. By adding the response to the previous question (innovation 

decision) to the prediction of pivoting, it is indeed possible to study whether the treatment shows more 

responsiveness among people who previously decided to pursue an incremental or disruptive innovation 

strategy. Indeed, since the previous model did not show a clear relationship between the treatment and 

the innovation decision, it can be assumed that the choice depends on individual preferences of 

participants and can be introduced in the pivot prediction as an exogenous factor. 

Thus, a model was built to understand if the answer to the first question regarding the choice of 

innovation could lead to different effects of the treatment on the decision to change course of action. 

Transforming this relationship into formula, it becomes: 

!"#$%('^) = 	+, + +. ∗ _ +	+1 ∗ K +	+2 ∗ (_ ∗ K)	 

where:	

• P	=	Pivot	
• T	=	Treated	Group	
• D	=	Disruptive	Innovation	

In particular, it would be interesting to see if: 

• Respondents who previously selected the incremental innovation move to the more disruptive 

innovation alternative after receiving a nudge from negative and objective data on the previous 

choice; 
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• Respondents who previously selected the disruptive innovation move to the alternative in case 

of negative feedbacks on the riskier innovation, showing that they are not too enthusiast about 

their selected innovation; 

• The initial choice of innovation changes the degree to which the treatment affects the decision 

to pivot, that is for example a stronger effect on a previous disruptive rather than incremental 

innovation.   

The two points would translate into the following hypothesis for the model: 

V.:		+1 > 0;	+2 > 0;	+2 > +1 

V,:		+1 < 0;	+2 < 0;	+2 < +1 

This means that when respondents attended the course and either previously selected the incremental 

or disruptive innovation, the coefficient is expected to be positive (+1 and +2 respectively). Moreover, 

the model studies whether the treatment affects those who selected disruptive innovation more than 

those who selected the incremental one +2 > 	+1. The latter enables to understand if the choice of 

innovation is a mechanism which predicts if the probability of pivoting given the treatment increases or 

decreases. 

After building the model on SAS, the result on the following table was obtained, which shows that the 

hypothesis can be accepted only partially. 

 

Figure 22 Results of the combined logistic model identified to predict the ability to Pivot 

This model shows a better global performance than the previous one, highlighted by a higher Chi-Square 

and a lower p-value (<0,0001). Looking at individual indicators, the variable Disruptive Innovation is 
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significant at 1%, the combined variable and the intercept are significant at 5%, while the Treated Group 

variable is not significant showing a very high p-value (0,73). 

The first coefficient (+.) highlights that the selection of disruptive innovation in the first question and 

belonging to the control group have a strong negative effect on the probability to pivot in the case of 

subsequent negative feedbacks from data: control individuals who invested in the more radical option 

are less prone to pivot in a second stage (19,1% pivot) with respect to those who selected the incremental 

strategy (83,3% pivot). 

The second coefficient (+1) would suggest that the selection of incremental innovation and belonging to 

the treatment group has a slightly negative effect on the probability to pivot but, since it is not significant, 

it actually leads to inconclusive results with respect to this part of the hypothesis. The model is not able 

to prove that additional and negative data on a previous choice helps respondents to move to a more 

disruptive strategy. 

Finally, the third coefficient (+2) shows that individuals selecting the disruptive innovation responded 

very well to the treatment, realizing that their previous decision was wrong and moving to a different 

strategy: of those choosing the most radical innovation, 59,5% individuals pivoted in the treatment 

group, while only 19,1% did the same in the control group. 

Thus, putting together data coming from the two models, it is possible to state that learning the scientific 

approach increases the probability to pivot (simple model), especially if the original choice involved a 

risky and disruptive innovation strategy (combined model). On the other hand, it is not possible to state 

that objective data can help the cautious decision makers to move to a more radical type of innovation. 

A further step was undertaken by adding the control variables of previous professional experiences, but 

none appeared to be significantly predicting the ability of respondents to change course action. 

 

This chapter analyzed data and results obtained through the survey and subsequent analysis: how the 

logistic models relate with the research questions and the existing literature is explained in the following 

chapter.  
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Discussion 

This chapter presents an interpretation of the models, by making some considerations with respect to 

the initial two specific research questions and existing literature. The last paragraph summarizes the main 

contribution of this study, that is the answer to the main research question, by putting together results 

from the different predictions. 

In the two images that follow, the significance and direction of the relationships between the predicted 

and predicting variables are represented. While the direction is indicated in the box with a positive or 

negative sign, the significance is captured by the color of the boxes: a grey box indicates that the 

relationship is not significant, a black one that it is at least 5% significant. 

 

Innovation Decision 

 

Figure 23 Summary of the simple and combined model predicting the innovation decision 

The first set of relationships this study aimed at verifying concerns the extent to which the scientific 

treatment is able to affect the type of innovation decision taken by respondents. In particular, it was 

researched whether the treatment can increase the probability that individuals select a disruptive 

innovation rather than an incremental one: in the experiment, the choice of incremental innovation was 

enclosed in heuristics and cognitive biases, while there were some objective data supporting the 

disruptive strategy.  

The first relationship analyzed the effect of the treatment directly on the innovation choice without any 

other mechanism: there was no expectation regarding the direction and the significance of this 
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relationship. As the image shows, the effect would be slightly positive, but the fact that the relationship 

is not significant leads to inconclusive results. This means that there is no evidence that the treatment 

has a significant effect, either positive or negative, on the type of innovation decision. 

This result could be connected to the fact that there are several other factors and individual preferences 

or characteristics which change the choice of innovation strategy. An example is the risk propensity of 

individuals. Indeed, recalling the first research question, this study wanted to verify whether learning the 

scientific approach to decision making increased the probability that risk-averse individuals could 

undertake a disruptive innovation over an incremental one. This means that the treatment was expected 

to enhance the probability that individuals chose the riskier alternative if supported by data, by acting 

directly on risk aversion. In other words, this study asked whether risk aversion could be the mechanism 

through which the scientific approach could increase the probability of taking a disruptive decision. 

However, data collected in this study again do not lead to any significant result, meaning that no 

inference ca be made on the effect the treatment has on risk aversion for the sake of predicting the type 

of innovation chosen. Anyway, it is interesting to give a quick look at the coefficient of the variable risk 

aversion: the slightly negative coefficient is in line with the literature, supporting that a low propensity 

to risk reduces the probability that risky decisions are undertaken (Kirchler et al., 2017). Moreover, the 

coefficient of the combination between treatment and risk aversion is slightly positive, so underlying the 

expected direction of relationship. This means that further investigations should be made to understand 

whether this theory always gives inconclusive results, underlying that no actual relationship exists, or if 

it is related to the limitations of the dataset.  

Regarding the last point, indeed, data showed some unexpected results in the frequency of risk-averse 

and risk-takers individuals: literature suggests that the majority of individuals and organizations is risk 

averse, while only one third of this sample categorized as having a very low tolerance to risk. Moreover, 

there was also a strong tendency towards the choice of the disruptive innovation, which was again 

unforeseen. Finally, a great number of individuals in the study attended a course related to innovation: 

it is thus assumed that they are in general keener to select more radical innovation based on their own 

individual preferences and, knowing more concepts on innovation, become less averse to strategies 

connected to trying something new. Indeed, as supported by Zhang & Cueto (2017), the more 

information held by individuals, the lower their perception of risk, which leads to enhance a risk tolerant 
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behavior, a phenomenon that the literature finds also in the field of crop innovation (Knight, Weir, & 

Woldehanna, 2003; Ghadim, Pannell, & Burton, 2005). 

Finally, a brief note is reserved to the relationship with the control variable of professional experience in 

a student association, since it was the only variable which significantly related with the probability of the 

disruptive innovation decision. This trend can be explained by two factors. On one hand, taking part in a 

student association is not mandatory, and it shows an inclination towards “learning by doing” and a 

desire to take a challenge even at young age. On the other hand, while in the student association, 

individuals are induced to explore new ideas in a “safe” context, which leads them to train their creative 

and critical senses, and to feel responsible for their choices by taking decisions with almost no 

supervision, which implies that they should become better at decision-making and learn by mistakes 

(Petkova, 2008). 

 

Overall, this study was not able to either prove or disprove the relationship between the treatment and 

the type of selected innovation decision, since no significant result came out from the models. Given the 

inconclusiveness of these relationships, it can be assumed that in this study the choice between 

disruptive and incremental innovation depends on external factors, such as individual preferences (for 

example, interest for innovation), not considered in the selected theory. 

 

Pivot 

 

Figure 24 Summary of the simple and combined model predicting the ability to pivot 
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Moving to the second research question of this study, the aim was understanding the extent to which 

the treatment is able to affect the probability that individuals decided to pivot after receiving negative 

feedbacks coming from objective data on the previously selected strategy. 

Remembering the second research question, it asked whether the treatment could increase the 

probability that individuals decided to change course of action if they received negative feedbacks from 

the market. In particular, individuals were faced with the choice to continue with the current strategy by 

following the heuristics and biases (representativeness and sunk costs) or to change plan by fighting these 

biases and basing the decision on real evidence (data and theories). Data collected in the survey support 

and confirm this proposition, empirically showing that the treatment is significantly able to predict 

whether individuals decide to pivot or not. This result is consistent with literature demonstrating that the 

probability of pivoting increases after learning the scientific method (Camuffo, Cordova, & Gambardella, 

2017). 

In order to try to clarify the mechanism enabling individuals to respond to the treatment by deciding to 

pivot, a second model was analyzed combining the effect of the treatment with the innovation decision 

taken in the previous step. Indeed, since it was proved that the first decision was independent from the 

treatment, the variable was added to understand whether the treatment had a positive and similar effect 

on those who selected incremental or disruptive innovation. 

Firstly, it was discovered that a relationship exists between the type of innovation previously chosen and 

the ability to pivot among those individuals who did not participate in the treatment: the selection of 

disruptive innovation in the previous scenario severely reduces the probability that individuals catch the 

signals coming from data and change course of action. 

This reluctance to change plans could be linked to risk propensity: literature suggests that the more risk-

taking individuals, who are thus keener to select disruptive innovation, the less the probability that they 

will pivot (Astebro, Herz, Nanda, & Weber, 2014). However, the relationship with risk propensity did not 

come out to be significant within these data. Other factors that could lie behind this relationship are 

overconfidence and optimism: respondents who selected the riskier innovation are assumed to show 

characteristics usually belonging to entrepreneurs, leading them to be more confident and optimistic 

about their innovative idea. 

Moreover, self-justification plays a crucial role: when individuals receive negative feedbacks on prior 

decisions for which they were personally responsible (as in this case), they tend to keep investing 
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resources to justify their previous choice (Staw, 1976). In these moments, they may suffer from the sunk 

cost fallacy (Moon, 2001), the confirmation bias (Staw & Ross, 1987; Horn, Lovallo, & Viguerie, 2006) and 

be afraid about social pressures (Staw & Ross, 1987; Chulkov, 2007). 

If the focus is moved towards the effects of the treatment combined with the previous choice, this study 

proves that individuals who previously selected the disruptive innovation strategy respond very well. On 

the other hand, those who previously selected incremental innovation do not respond, even after 

receiving further signals indicating that it would be better to move to a more radical innovation. 

This means that the treatment is able to balance the effect of a previously selected disruptive innovation: 

it is verified that the scientific approach is able to fight the biases coming from having made an innovative 

and risky decision and figuring out that it was not working even in the presence of sunk costs. This 

discovery implies that the treatment can help managers to focus on actual data and evidence rather than 

biases when managing disruptive projects: it enables individuals to avoid self-justifying after large 

investments by finding evidence for their previous decision and, when they realize they were wrong, to 

avoid hiding behind other investments. They, instead, learn that failure just helps to discover the wrong 

path and focus on finding the next best innovative strategy for their companies. Individuals become able 

to act rationally in the best interests of both themselves and their organization, even when they are 

responsible for the previous decision. 

On the opposite, there is no evidence that the treatment leads those who selected the incremental 

innovation to move to a more radical one, even after receiving additional feedbacks suggesting that it 

would be better to change plan and move to a riskier and more innovative strategy. Indeed, the model 

shows that the effect of the treatment on these individuals would be almost null and, anyway, not 

significant. 

Thus, this study finds clear evidence that the scientific approach helps those individuals who are eager to 

undertake riskier and more innovative projects to limit their will to try new and disruptive strategies if 

data from the market suggest that it is not a good idea. This means that the treatment makes people 

more cautious, by teaching them to identify clear hypothesis and find evidence in the market that an idea 

could work before throwing themselves headlong in very risky projects, as it is also supported by 

literature (Camuffo, Cordova, & Gambardella, 2017). On the other hand, this study is not able to prove 

that the scientific method can also do the opposite, that is leading those who are more cautious and risk-

averse to undertake a risky project when data clearly suggest that it is a good idea to try something new. 
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Indeed, no evidence is found that objective signals affect risk aversion, not even when individuals receive 

them twice on the same strategy. 

 

Putting all together: Meaningful Facts 

Until now, the focus was on understanding and explaining the factors expected to predict the dependent 

variables separately. However, it is also possible to highlight some meaningful facts which bring together 

the results of this study. 

These four facts are shown in the image that follows and, after the image, explained in more details. 

 

Figure 25 Meaningful facts identified by doing a cross-analysis of the models 

Meaningful Fact #1: There is no clear evidence that the scientific method can help to fight inertia 

(risk aversion and path dependency) in large organizations 

This study is unable to find evidence that the treatment can help managers in large organizations, usually 

affected by risk aversion and desire to stick to the status quo, to become more similar to entrepreneurs, 

usually eager to start companies around new and risky ideas. Thus, it is neither proved nor disproved that 

learning the scientific approach is effective to fight inertia usually found in large organizations. 

Indeed, inconclusive results were obtained by analyzing the effect that the treatment has on both risk 

aversion and additional negative objective feedbacks towards the previously chosen low-risk innovation. 

This implies that the decision related to the type of innovation strategy is taken based on some external 

factors other than the treatment, at least in the sample used for this experiment. A possible factor to 

study could be the behavior and interest towards innovation in general. 
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Meaningful Fact #2: The scientific method is effective in making people realize their previous 

decision was wrong and change plan accordingly 

This study finds evidence that a scientific approach to decision-making is substantial to enable individuals 

to learn how to use evidence coming from data to correct some previous decisions, rather than following 

biases related to sunk costs, self-justification and overconfidence. What the scientific method allows is 

to change their approach towards theorizing and, eventually, failure. 

It is essential that managers are trained to think that failure does not negatively impact their reputation 

and should not be hidden or justified: failure should instead be seen as positive, since it allows to learn 

something about the market and the customers and to start again with a new theory, more intelligently 

than before. In other words, the scientific approach helps managers to realize that building a theory, 

testing it in the real world, and in case receiving negative feedbacks is the best way to create additional 

knowledge. 

Meaningful Fact #3: The scientific method enables individuals to become more cautious and 

responsive to objective data in case of very risky projects 

An interesting result of this study concerns the effects of the scientific method on the ability to pivot, if 

only people pursuing disruptive projects are considered. Indeed, it is found that, if individuals are not 

taught the scientific behavior, they have very low probabilities to be responsive to external negative 

signals and decide to change course of action. This behavior is possibly linked to the fact that they are 

blinded by the eagerness to innovate, overconfidence, need of self-justification or other connected 

biases. In this context, this study verifies that the treatment is able to invert their decisions: individuals 

become receptive to external negative feedbacks and decide to pivot. 

This result implies that the scientific method enables individuals to become more cautious and base their 

decisions on theories and data, by fighting all those biases usually connected to entrepreneurial behavior. 

It is thus essential that business people undertaking risky projects are trained to understand when they 

have to follow their intuition and invest in those projects, and when they instead have to change plan. In 

other words, the scientific approach helps managers to avoid biting off more than they can actually chew. 

Meaningful Fact #4: Responsiveness to the scientific method depends on the characteristics of 

the project pursued by individuals 
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As a last result, this study shows that the degree to which individuals are responsive to the scientific 

approach and apply what they have learnt also depends on the characteristics of the project for which 

they have to take a decision. Indeed, results highlight that the probability of choosing to pivot changes if 

different types of projects are considered: those who take a decision in the context of a disruptive project 

apply the concepts learnt during the treatment more than those who have to decide in an incremental 

innovation project. 

This means that there must be some factors preventing those in less risky projects from reacting to the 

scientific method. As it was already seen, there is no evidence that this factor is risk aversion. Moreover, 

connecting to the previous point, it was found that the scientific approach helps individuals to become 

more cautious and avoid being too enthusiastic about risky projects. This implies that this method should 

be combined with some other teaching which can increase the willingness to explore and to risk, that is 

to innovate. The assumption is that, by knowing innovation better, managers would also be more 

confident about the opportunities and challenges and become less afraid of pursuing riskier ideas. Then, 

the scientific method would be there to keep their feet on the ground. 
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I have not failed. I've just found 10,000 ways that won't work. 

(Thomas A. Edison) 

 

 

 

Conclusion 

This study aimed at verifying whether learning a scientific approach to decision-making could improve 

the latter, by acting on the aversion to risk and increasing the probability of choosing riskier projects, and 

by fighting biases connected to escalation of commitment and enabling pivoting. In order to do so, 

business students were distributed a survey, where they had to identify with managers in a large 

organization and make decisions as if they were in real life. 116 responses were gathered, and the 

quantitative analysis was performed through the following steps. At first, data were analyzed visually, 

through the creation of a dashboard. Then, the descriptive analysis continued through the combined 

frequency and correlations analyses. Finally, building on the discoveries on the previous step, logistic 

regressions were performed, and some models were identified which try to predict the probability of 

selecting disruptive innovation and deciding to pivot. 

Through the analysis, the two specific research questions were tested through the models and interesting 

results were obtained. 

RQ1: Can the scientific approach to decision making increase the probability that a risk averse 

individual will undertake a disruptive innovation rather than an incremental one? 

This study was actually unable to answer to this question. Indeed, the models built to test this hypothesis 

led to inconclusive results, since no significant relationships were found between the treatment and the 

probability that risk adverse individuals chose a more disruptive innovation. The same happened also 
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when additional data were given to those who selected the incremental innovation: even if objective 

signals suggested to change plan and move to the more radical innovation, the treatment did not help 

individuals to follow the data. Thus, it was assumed that the decision to select a disruptive innovation 

rather than an incremental one cannot be affected by treatment and there must be some other factors, 

such as individual preferences, which lead this choice. 

RQ2: Can the scientific approach to decision making increase the probability that people are ready 

to accept feedbacks and change their decisions accordingly, even in the presence of sunk costs? 

Regarding this second question, it was proved that learning the scientific approach improves the 

responsiveness to negative feedbacks coming from data and the probability that individuals change 

course of action. Moreover, it was discovered that the degree to which individuals are responsive to the 

scientific method depends on the type of project in which they are involved: those people who had to 

take the decision in a risky project responded much more to the treatment by becoming more cautious 

than those who identified themselves in an incremental innovation project. 

So, overall, it is now possible to answer the main research question underlying the entire study: 

MRQ: How does a scientific approach to decision making affect innovation-related decisions in 

large organizations? 

The study shows that the scientific approach affects innovation-related decisions in large organizations 

only up to some extent. Indeed, it was not possible to prove that this method is able to make managers 

more similar to entrepreneurs, since the treatment showed no clear effect on risk aversion and on the 

probability to choose a more radical innovation. On the other hand, it is clear that this approach is very 

useful, also for managers, when they already decided to undertake an innovative project and have to 

capture information from the market of probable success and possible alternative strategies or 

competitors. Indeed, it can help them to understand if data support their plan and, in case the opposite 

happens, pivot to a new plan. 

Moreover, some very interesting findings are related to the degree to which individuals respond to the 

scientific method: in case of very risky projects, the scientific method is really effective in helping 

managers to fight against the biases which would lead them to keep that path, even after receiving 

negative feedbacks. Managers would, indeed, learn to overcome overconfidence, self-justification and 
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other social pressures, accept failure and make the best decision for the company, by looking for another 

idea, with more information about customers and the market than before. 

 

Limitations of the study 

This study shows also some important limitations which prevent to generalize results at a global level. 

The first limitations regard the dataset: since data were collected from students in a protected and 

artificial environment, it should be proved that reactions are similar also in the real world. Moreover, 

also the age and the mentality of people is not exactly equal with that of real managers, and some 

problems of self-selection could arise since the belonging to the two groups was not randomized. 

Another important limitation is that this research only focuses on the final decision and does not 

investigate the reasoning lying behind: in order to be 100% sure that it was the scientific method leading 

respondents to select the options reflecting a scientific behavior, qualitative investigations should be 

performed on the decision process of individuals participating to the experiment. 

A third essential limitation is that this study does not consider all the possible factors that could affect 

the way people react to the scientific method: there could be some other mechanisms that enhance or 

decrease the effect of the treatment, or that are able to substitute and allow individuals to reproduce 

the same type of reasoning. 

 

Implications for research 

This study is relevant for research, since it gives a proof that biases affect decision-making and that a 

method exists to reduce this effect, at least in the context of reacting to negative feedbacks. Moreover, 

until now these types of studies were only performed on the effect that the method could have on 

startups and entrepreneurs, so this study opens research on the context of larger and more structured 

organizations. 

This implies that future research could try to overcome the limitations of this study, by testing a similar 

hypothesis with true managers in real situations and by understanding the entire reasoning that leads to 

the final decision. 
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Moreover, it would be interesting to discover which are the individual preferences or other factors which 

lead people to choose between riskier and safer projects, and if there is some type of treatment which 

could affect this choice. At the same time, since risk aversion is difficult to affect in the short term, it 

could be studied if the method has an effect after a longer period of experimentation. 

Finally, future research could try to identify the other factors which affect the ability to assimilate the 

method and, by interacting with it, enhance or reduce its effects. 

 

Implications for practice 

Moving to the relevance for practice, it is evident from the study that this type of course should be taught 

even in more universities and other educational paths, since it can shape the way future managers and 

entrepreneurs reason and take decision, and potentially help in reducing the crisis in decision-making 

companies are facing today. Moreover, it should be tried if the same effects are reached among those 

managers who are more eager to learn and to keep up with development, such as those who decide to 

participate in executive degrees. 

It is also suggested that organizations would benefit from investing in the education of their managers 

and employees towards a scientific method to make decisions: this learning, together with the on-the-

job experience, should enable an improvement in the decision-making. Moreover, if the concepts of the 

scientific method are able to permeate the organizations, it is hopefully possible to transform the 

organizational culture to be more “exploratory”: even if this teaching is not able to affect the risk aversion 

of managers, it is probable that the fact of knowing that they lie on a “safe net” of data and evidence, 

they will also in the long term start to hazard more. 

  



 

 
65 

Bibliography 
Aguinis, H., & Bradley, K. J. (2014). Best Practice Recommendations for Designing and Implementing 

Experimental Vignette Methodology Studies. Organizational Research Methods, Vol. 17, 351-

371. 

Aiman-Smith, L., Scullen, S. E., & Barr, S. H. (2002). Conducting Studies of Decision Making in 

Organizational Contexts: A Tutorial for Policy-Capturing and Other Regression-Based Techniques. 

Organizational Research Methods, Vol 4, No 4, 388-414. 

Assink, M. (2006). Inhibitors of disruptive innovation capability: a conceptual model. European Journal of 

Innovation Management, Vol. 9 Issue 2, 215-233. 

Astebro, T., Herz, H., Nanda, R., & Weber, R. A. (2014). Seeking the Roots of Entrepreneurship: Insights 

from Behavioral Economics. The Journal of Economic Perspectives, Vol. 28, No. 3, 49-46. 

Baron, R. A. (1998). Cognitive Mechanisms in Entrepreneurship: why and when entrepreneurs think 

differently than other people. Journal of Business Venturing 13, 275-294. 

Briner, R. B., Denyer, D., & Rousseau, D. M. (2009). Evidence-Based Management: Concept Cleanup Time? 

Academy of Management, 19-30. 

Brynjoflsson, E., & McElheran, K. (2016). The Rapid Adoption of Data-Driven Decision-Making. American 

Economic Review, 133-139. 

Busenitz, L. W., & Barney, J. B. (1997). Differences between Entrepreneurs and Managers in Large 

Organization: Biases and Heuristics in Strategic Decision-Making. Journal of Business Venturing 

12, 9-30. 

Caliendo, M., Fossen, F. M., & Kritikos, A. S. (2007). Risk attitudes of nascent entrepreneurs–new evidence 

from an experimentally validated survey. Springer Science+Business Media, 153–167. 

Camuffo, A., Cordova, A., & Gambardella, A. (2017). A Scientific Approach to Entrepreneurial Decision-

Making: Evidence from a Randomize Control Trial. CEPR Discussion Paper. 

Christensen, C. M. (1997). The Innovator's Dilemma - When New Technologies Cause Great Firms to Fail. 

Harvard Business School Press. 

Christensen, C. M., Raynor, M., & McDonald, R. (2015). What is Disruptive Innovation? Harvard Business 

Review. 



 

 
66 

Chulkov, D. V. (2007). Economics of escalation: when is escalation of commitment rational for managers 

and for firms? International Journal of Business Research. 

Cope, J., & Watts, G. (2018). Learning by doing: An exploration of experience, critical incidents and 

reflection in entrepreneurial learning. International Journal of Entrepreneurial Behavior & 

Research , 104-124. 

Fairlie, R. W., & Holleran, W. (2011). Entrepreneurship training, risk aversion and other personality traits: 

Evidence from a random experiment. Journal of Economic Psychology, 366-378. 

Felin, T., & Zenger, T. R. (2009). Entrepreneurs as Theorists: on the Origins of Connective Beliefs and Novel 

Strategies. Strategic Entrepreneurship Journal, 127-146. 

Ghadim, A. K., Pannell, D. J., & Burton, M. P. (2005). Risk, uncertainty, and learning in adoption of a crop 

innovation. Agricultural Economics, 1-9. 

Goldstein, D. G., & Gigerenzer, G. (2002). Models of Ecological Rationality: The Recognition Heuristic. 

Psychological Review, Vol. 109, No. 1, 75-90. 

Hartog, J., Ferrer-i-Carbonell, A., & Jonker, N. (2002). Linking Measured Risk Aversion to Individual 

Characteristics. KYKLOS, Vol. 55, Fasc. 1, 3–26. 

Horn, J. T., Lovallo, D. P., & Viguerie, S. P. (2006). Learning to let go: Making better exit decisions. 

McKinsey Quarterly. 

Howell, S. T. (2017). Learning from Feedback: Evidence from New Ventures. National Bureau of Economic 

Research. 

Ioannou, C. A., & Sadeh, J. (2016). Time preferences and risk aversion: Tests on domain differences . 

Journal of Risk and Uncertainty, Vol 53, Issue 1, 29–54. 

Kahneman, D. (2011). Thinking Fast and Slow. New York: Farrar, Straus and Giroux. 

Kahneman, D., & Lovallo, D. (1993). Timid Choices and Bold Forecasts: A cognitive Perspective on Risk 

Taking. Management Science, Vol. 39, No.1, 17-31. 

Kahneman, D., & Tversky, A. (1979). Prospect Theory: An Anaysis of Decision under Risk. Econometrica, 

Vol. 47, No. 2, 263-292. 

Kirchler, M., Andersson, D., Bonn, C., Johanesson, M., Sorensen, E., Stefan, M., . . . Vastfjall, D. (2017). 

The effect of fast and slow decisions on risk taking. J Risk Uncertain, 37-59. 



 

 
67 

Knight, J., Weir, S., & Woldehanna, T. (2003). The Role of Education in Facilitating Risk-Taking and 

Innovation in Agriculture. The Journal of Development Studies, 1-22. 

Koen, P. A., Bertels, H. M., & Elsum, I. R. (2011). The Three Faces of Business Model Innovation: Challenges 

for Established Firms. Research-Technology Management, 52-59. 

Levy, M., & Levy, H. (2001). Testing for risk aversion: a stochastic dominance approach. Economics Letters, 

233-240. 

Loock, M., & Hinnen, G. (2015). Heuristics in organizations: A review and a research agenda. Journal of 

Business Research, 2027-2036. 

Lovallo, D., & Sibony, O. (2010). The case for behavioral strategy. McKinsey Quarterly. 

March, J. G. (1994). Primer on decision making: How decisions happen. New York: Simon and Schuster. 

March, J. G. (2003). Understanding organizational adaptation. In Paper presented at the Budapest 

University of Economics and Public Administration. 

Mason, K., & Harris, L. C. (2005). Pitfalls in Evaluating Market Orientation: An Exploration of Executives' 

Interpretations. Long Range Planning, 373-391. 

Moon, H. (2001). Looking Forward and Looking Back: Integrating Completion and Sunk-Cost Effects 

Within Escalation-of-Commitment Progress Decision. Journal of Applied Psychology, 104-113. 

Nielson, J. (2013). The Four Types of Innovation and The Strategic Choices Each One Represents. Retrieved 

from The Innovative Manager. 

O'Reilly, C. A., & Tushman, M. L. (2008). Ambidexterity as a dynamic capability: Resolving the innovator's 

dilemma. Research in Organizational Behavior, 185-206. 

Petkova, A. P. (2008). A theory of entrepreneurial learning from performance errors. International 

Entrepreneurship and Management Journal. 

Pfeffer, J., & Sutton, R. I. (2006). Hard Facts, Dangerous Half-Thruts and Total Nonsense: Profiting from 

Evidence-Based Management. Harvard Business School Press. 

Ries, E. (2011). The Lean Startup: How Today's Entrepreneurs Use Continuous Innovation to Create 

Radically Successful Businesses. Crown Publishing Group. 

Schumpeter, J. A. (1942). Capitalism, Socialism and Democracy. New York: Harper & Row. 



 

 
68 

Singh, J. V. (1986). Performance, Slack, and Risk Taking in Organizational Decision Making. The Academy 

of Management Journal, Vol. 29, No. 3, 562-585. 

Staw, B. M. (1976). Knee-Deep in the Big Muddy: A Study of Escalating Commitment to a Chosen Course 

of Action. Organizational Behavior and Human Performance, 27-44. 

Staw, B. M., & Ross, J. (1987). Knowing When to Pull the Plug. Harvard Business Review. 

Sull, D. N. (2004). Disciplined Entrepreneurship. MIT Sloan Management Review. 

Wölbert, E., & Riedl, A. (2013). Measuring Time and Risk Preferences: Reliability, Stability, Domain 

Specificity. Netspar Discussion Papers. 

Wong, K. F., Kwong, J. Y., & Ng, C. K. (2008). When Thinking Rationally Increases Biases: The Role of 

Rational Thinking Style in Escalation of Commitment. APPLIED PSYCHOLOGY: AN INTERNATIONAL 

REVIEW, 246-271. 

Zeelenberg, M., & Dijk, E. V. (1997). A reverse sunk cost effect in risky decision making: Sometimes we 

have too much invested to gamble. Journal of Economic Psychology, 677-691. 

Zhang, S. X., & Cueto, J. (2017, May). The Study of Bias in Entrepreneurship. Entrepreneurship Theory and 

Practice, Vol. 41, Issue 3, 419-454. 

 
 

 


