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Abstract

Recent developments in the fields of machine learning and data management are dras-
tically changing the way companies and individuals consume information necessary for
decision-making. However, the effects that exposure to these new techniques has on
the human decision-making process is still unclear, in spite of the benefits that wider
knowledge on the topic could bring to businesses.
The aim of this thesis is to advance the current state of research on the matter, by
investigating the effects that taking courses on Big Data or Artificial Intelligence has
on students enrolled in master’s degrees at Bocconi University or Copenhagen Business
School. A review of the current literature led to the identification of three tendencies
part of the students’ decision-making process worth considering: their reliance on data
rather than opinions, their preference for internal rather than external innovation, that
is to say Not-Invented-Here Syndrome, and their propensity for delegating a task to a
machine rather than doing it in person.
The students were surveyed before and after half of them took part in courses concern-
ing Big Data or Artificial Intelligence, testing their attitudes with vignette scenarios.
Their responses were then analysed with a differences-in-difference approach.
The results show that exposure to Big Data and Artificial Intelligence increases data
literacy and causes the development of a unique framework for approaching different
decision-making situations. On the other hand, there seem to be no significant effects
on Not-Invented-Here Syndrome and on the tendency to delegate to machines, as these
phenomena are not altered by the attendance of courses on Big Data and Artificial
Intelligence.
The implications of these outcomes are then discussed, showing how they can provide
useful information and outlining the positive effects of the courses considered for stu-
dents and companies alike. In particular, the courses are shown to increase students’
ability to use data without creating a bias for automation or a blind trust in machines
and software, as respondents remain aware of the importance of human work.
The final part of the thesis presents the findings’ implications for business and academia,
along with interesting related topics that future research may consider worth investi-
gating.
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1 Introduction

This work will deal with the effects that the exposition to and use of new technologies, such
as Big Data and advanced analytics powered by AI, have on the human mind.
These effects are probably too various and complex to be investigated in their entirety in the
present research, as they often involve changes that concern not only the individual, but also
organisations and society (Brynjolfsson & McAfee, 2014).
As a matter of fact, while Artificial Intelligence and Big Data have been the subject of much
research in recent times, the current state of research tends to focus on the technical aspects
and the effects that these new technologies can have on society along with the way data
analysis is conducted.
On the other hand, few articles concerning the consequences that AI and Big Data may be
having on the human mind can be found, and most of the published works are the results of
theoretical, rather than experimental, analysis.
The issue is especially relevant in the field of management, where it could be caused by the
novelty of these technologies, so that it is merely too soon for a comprehensive body of re-
search to have developed, or by the complexity of the topic, that makes them hard to identify
and experiment with.
This thesis aims to reduce this gap, by using experimental data to explore the validity of
hypotheses generated on the basis of the current body of literature.

The aspects of the human mind that could be analysed are vast. Here, the focus will be
on the decision-making process, more specifically on three tendencies that decision makers
may exhibit in their thought process while making a choice and how likely they are to be
changed.
The reduced scope of this research derives from the need to increase the feasibility of an
experimental study that could be performed on a sample of students, who could have been
overwhelmed by a research testing dozens of different personal features and tendencies.
Additional considerations affected the final judgement on which topics were the most promis-
ing to explore, here described more in detail.
First of all, a better understanding of how the decision-making process is affected by the
technologies that are being developed and implemented in thousands of companies could
help businesses make better choices and harness the benefits these technologies can offer.
Secondly, knowing whether there are any potential pitfalls in the way decisions are taken
with these technologies could help companies to prevent them from doing any harm. Sub-
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sequently, not only more informed decisions could be taken by decision-makers, but also
nefarious choices could be more easily avoided.
Thirdly, this thesis can contribute to the present state of the research by providing an exper-
imental corroboration or confutation of different theories, whence a deeper understanding of
the relationship between new technologies and decision-making processes could stem.
Lastly, this research can be helpful for universities offering courses concerning Big Data and
AI, that expose students to these kind of technologies. By being aware of the effects these
courses can have, institutions can improve their curricula and verify the validity of their
learning objectives, along with the ability of the courses to achieve them.

The three potentially affected tendencies examined in this thesis emerge mostly from the
work of Brynjolfsson and McAfee (McAfee & Brynjolfsson, 2012), and in minor part from
the work of Migliore (Migliore, 2017), who describe the features required by companies and
individuals to fully harness the latest analytics technologies.
Jointly testing these features and how they change after exposure to Big Data and AI is akin
to testing an overarching research question that can be defined as follows:

Does exposure to advanced analytical tools and topics relying on Big Data and Artificial
Intelligence modify human decision-making tendencies other than increasing data literacy?

This can be further declined in 3 sub-questions, that reflect the tendencies tested:

Sub-Question 1 Does exposure to advanced analytical tools and topics relying on Big Data
and Artificial Intelligence increase a person’s tendency to rely on data rather than opinions,
or their data literacy?

The fact that courses on how to use data increase data literacy has been repeatedly observed
in prior research. Therefore, the main objective of this sub-hypothesis is the confirmation of
previous works as a part of the overall study. Nonetheless, the treatment in this study includes
more advanced courses than the ones considered in previous research (Kippers, Poortman,
Schildkamp, & Visscher, 2018; Dunlap & Piro, 2016), and besides focusing on the latest data
trends it spans an entire semester instead of a couple days. Therefore, the contribution that
the present thesis can give to the debate on this topic is not negligible.
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Sub-Question 2 Does exposure to advanced analytical tools and topics relying on Big Data
and Artificial Intelligence increase a person’s tendency to incorporate external innovation
rather than developing technology in-house?

Sub-Question 3 Does exposure to advanced analytical tools and topics relying on Big Data
and Artificial Intelligence increase a person’s tendency to delegate tasks to a machine rather
than doing them in person?

Starting from the analysis of the work by Brynjolfsson, McAfee and Migliore (McAfee &
Brynjolfsson, 2012; Migliore, 2017), the aforementioned hypotheses were formulated. Each
of them was tested through two surveys with a scenario, for a total of three scenarios per
survey. The responses were then analysed through the analysis of the differences in the an-
swers provided by the survey respondents in the two questionnaires. A brief overview of the
three features embedded in the scenarios, as first described by the authors, follows.

The first feature is the ability to rely on data rather than opinions, especially if the latter
are used systematically, a phenomenon known as HiPPO, or Highest Paid Person Opinion.
This work tests the tendency to rely on data rather than previously held opinions, that may
be affected by external actors.
The second characteristic is the capacity to integrate outside innovations within the company,
thus avoiding the development of a bias for in-house innovation, also known as Not-Invented-
Here Syndrome. This work tests the tendency to rely on external, rather than internal,
innovation.
The third tendency is not directly described by the authors, but is an original development
of a previous work by Hitt and Brynjolfsson (Hitt & Brynjolfsson, 1997) about the effect of
IT on the degree of delegation within companies. This work tests the tendency to delegate
complex tasks to a software rather than doing it in person.

To explore how the exposition to AI and Big Data technologies affects the aforementioned
tendencies, the aptitudes of a sample of business students were tested before and after some
of them attended courses on these technologies. The changes in the tendencies of the students
were then examined, comparing the differences between the group of students who attended
AI or Big Data courses against the group of students who did not, similarly to what is done
in difference-in-differences studies.
This method permitted to determine whether the behavioural changes exhibited by the stu-
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dents who attended AI and Big Data courses were the results of their enrollment in these
courses or were merely due to chance.
As exposure to data through teaching has already been proved to increase data literacy
(Dunlap & Piro, 2016; Kippers et al., 2018), that is to say the ability to rely effectively
on data when available, the primary aim of this research is not that of proving the same
phenomenon again. The objective of this work is instead to test whether exposure to new
technologies concerning algorithms and data does affect people’s mindset in other ways other
than increasing their ability to correctly analyse data.

This thesis is thus organized as follows:
In Chapter 1, an introduction to the research is provided.
In Chapter 2, a thorough review of the literature concerning the topics needed for a proper
understanding of the present work is given, and the theoretical basis of this research, along
with the current state of research on the phenomena that are the subjects of this analysis,
are presented.
In Chapter 3, the methods adopted for this research are illustrated, including the research
design and the techniques used to gather experimental data.
In Chapter 4, the methods used for the analysis of the collected data are briefly exposed,
along with a model used for the analysis of the data.
In Chapter 5, the results of the analysis are presented and commented on their more imme-
diate and technical aspects.
In Chapter 6, the results are discussed, taking into consideration the relevant literature and
exposing the likely causes and implications of the findings.
In Chapter 7, conclusions are drawn, and implications for business and research, along with
the limitations of this study, are presented.
Appendix A presents additional information obtained from data analysis which is only briefly
referred to in this thesis due to its lower relevance to the discussion.
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2 Literature Review

The framework of this thesis is based on 3 main concepts: Artificial Intelligence, Big Data,
and Decision-Making Process.
While the third concept is easily given a definition and a clear description (Provost & Fawcett,
2013), the first two elements are harder to define, either because their form is new and con-
stantly changing, or because they are labels attached to a heterogeneous set of new technolo-
gies (Provost & Fawcett, 2013).
Moreover, Artificial Intelligence and Big Data are often co-dependent, as recent machine
algorithms need vast amounts of data to be trained (Kelly, 2017), and Big Data are cele-
brated because they allow advanced analysis previously not feasible (Boncea, Ionut, Smada,
& Zamfiroiu, 2017; Chen & Storey, 2012).
Hence, the need to provide a clear outlook on the main features of these ideas and the way
their development has taken place.
In the following sections, these 3 concepts will be examined more in depth and presented
through an analysis of the relevant literature.
In regard to the Decision-Making Process, this review will be focused on Data-Driven Decision-
Making, as it is more closely related to Big Data and Artificial Intelligence, which are means
to provide data and information whence decisions can be taken.

2.1 Artificial Intelligence

The exact characteristics of Artificial Intelligence have been hard to pin down consistently,
as due to the fast progress in the field what was considered the most appropriate expression
of AI twenty years ago is different to what it is today.
In the 1990s, the most famous expressions of AI were chess-playing computers like DeepBlue
(Barrat, 2015). Today machine learning, a branch of statistics, is the field that most rep-
resents AI (Dickson, 2017). Its applications power cars that can drive themselves, provide
advanced speech recognition, and are able to autonomously create music and art, although
under human supervision (Galeon, 2017; Pogue, 2018). Moreover, Artificial Intelligence tools
are used for more mundane but more impactful tasks like fraud detection and medical diag-
nosis (Baesens, Bapna, Marsden, Vanthienen, & Zhao, 2016) and are even starting to replace
accountants (Issa, Ting, & Vasarhelyi, 2016).
On the other hand, many of the tools that were once regarded as the bleeding edge of Arti-
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ficial Intelligence have now become commonplace and are not even considered AI anymore,
because they have lost their novelty and the ability to elicit a feeling of wonder, like spam
filters. As a matter of fact, when we think of AI, the first examples that come to mind are
futuristic robot designs and the promises of machines that can act and think on par with
humans (Kurzweil, 2006).
Despite the apparent science-fiction character of this vision, many technologies are already ca-
pable of performing certain tasks in specific fields better than humans can. In many strategic
games, computers can beat top humans, as DeepBlue (Roberts, 2016) and AlphaGo (Silver
et al., 2017) have showed in chess and go respectively.
Despite this progress, in other fields more similar to the popular conception of Artificial Intel-
ligence, computers are still lagging far behind the best humans, although their performances
have recently greatly improved.
Speech recognition and translation, in particular, are now routinely and reliably used in the
form of personal assistants like Apple’s Siri or services like Google Translate (Boudreau,
2017). What was once the wondrous state of the art is now part of everyday life, and AI is
already, in one form or another, in many of the tools that are used for work and leisure alike,
being entrusted with high-level tasks like texting on one’s behalf.
The enormous variety of tasks that machines are able to accomplish derives from the original
idea of “universal machine” that Alan Turing envisioned in the time between the two world
wars (Turing, 1936), a machine capable of executing any conceivable set of instructions.
Turing was also one of the pioneers of the concept of "thinking machines" that could execute
tasks as well as human beings, becoming indistinguishable from them and thus reaching Ar-
tificial General Intelligence, the definition of machine intelligence on par to that of humans.
He most notably conceived the Imitation Game, later developed into the Turing Test, to
evaluate the similarity between machine and human behaviour (Turing, 1950). Although the
test has been heavily criticized for not correctly evaluating or representing the advancements
in AI technology (Norvig & Russell, 2009), it provided one of the first tools to assess the
capabilities of computers.
Since then, AI research has gone through alternate phases of hype and optimism, followed by
pessimism stemmed from broken promises and funding cuts. The periods of time that saw
research stagnate are known as "AI Winters", and they usually followed a downturn in the
perception of the technology by government and venture capitalists, that as a consequence
cut funding for the field and starved basic research (McCorduck, 2004).
In the present day, the world is experiencing a new AI spring, driven mainly by machine
learning and in particular by neural networks, which allow computers to accomplish tasks
that were previously thought to be the hardest for a machine to execute, like driving a car
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(Waters, 2017). Venture capitalists and governments are racing to fund machine learning
research and applications, and the US and China are engaging in a AI arm race (Lucas &
Waters, 2018; Schechner, MacMillan, & Lin, 2018).
Moreover, the ability of neural networks to perform better than humans at image-recognition
and prediction tasks has driven the adoption of AI in industries of critical importance and
value like energy and transportation infrastructure, finance, trading and commerce (Barrat,
2015).
The imbuing of so many activities with Artificial Intelligence has brought to a revolution in
how companies and employees work with and relate to computers (Brynjolfsson & McAfee,
2013; McAfee & Brynjolfsson, 2016; Shook & Knickrehm, 2017; The Economist, 2017a). Soft-
ware and algorithms are now complementary or even essential in many decisions that were
once the domain of human intuition. This is due to the specific advantages that machines
have over humans when performing certain tasks, and employing Artificial Intelligence where
these advantages provide an edge can boost a company’s value and returns (The Economist,
2018).
As a matter of fact, two of the main advantages that machines have over humans is the sheer
quantity of data they can handle and the rigorousness of their decision process. The first
element has enabled the staggering success and popularity of the Big Data movement (Bon-
cea et al., 2017; McAfee & Brynjolfsson, 2012), while the second has reaffirmed the need for
data-driven decision-making processes in business, as it can improve performance and boost
value in a company (Brynjolfsson, Hitt, & Kim, 2011; Brynjolfsson & McElheran, 2015).
However, these new analytics technologies create not only benefits, but also challenges. As
the accuracy of algorithms grows, the risk for companies and individuals to incur into au-
tomation bias increases (Parasuraman & Riley, 1997). Automation bias can be a serious
danger to the decision-making process of a company, as over-relying on machine aids for
decisions can lead individuals to underperforming (Skitka, Mosier, & Burdick, 1999).
Beyond decision-making, which happens even at very low hierarchical levels in companies
that have invested heavily in IT (Hitt & Brynjolfsson, 1997), AI also has the potential of rev-
olutionizing the way whole industries are organised. By learning to execute tasks that at the
moment require human employees (Brynjolfsson & McAfee, 2014; The Economist, 2017b),
it will force them to adapt to a sharply altered job landscape. The steady advances in AI
technology will likely require people to change their tasks and update their skills regularly
over their lifetime (Shook & Knickrehm, 2017).
This change will not necessarily impoverish the current jobs performed by humans, as the
tasks that are being automated are frequently the most repetitive and boring, and AI ad-
vancements could have the ultimate effect of letting human employees focus on more creative
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activities, creating new kinds of jobs (Dickson, 2017; The Economist, 2017a).
Thus, AI could not only change the present way work is done and decisions are taken, but
also define what kind of skills and behaviour will be needed for the companies and jobs of
the future.

2.2 Big Data

Unlike AI, the Big Data phenomenon is quite recent. It has become the latest fashion among
tech-savvy companies and CEOs, and recommendations on how to use Big Data to empower
business have abounded on both magazines (McAfee & Brynjolfsson, 2012; Wessel, 2016) and
peer-reviewed publications (Baesens et al., 2016; Gopalkrishnan, Steier, Lewis, & Guszcza,
2012; Migliore, 2017).
The suggestions of these authors are as varied as the interpretations of the term “Big Data”
itself, which originally started to be used as a reference to datasets so large that needed
supercomputers to be processed (Manovich, 2001). The power and calculation speed of su-
percomputers, however, never cease to grow, as does the amount of data they can process.
The original definition of Big Data is thus quite vague.
Nowadays, Big Data differ from traditional large datasets in respect to different aspects,
summarised by the 3Vs of Big Data: Volume, Velocity and Variety (McAfee & Brynjolfsson,
2012; Gopalkrishnan et al., 2012). Lately, more features have been associated with Big Data
to distinguish it further from previous types of data, like Veracity and Value (Fan & Bifet,
2013; Demchenko, Grosso, & Membrey, 2013). These are however unnecessary to present
a comprehensive picture of the implications of Big Data in regard to business intelligence
(Kimble & Milolidakis, 2015).

The original 3Vs are here exposed in more detail:

Volume The most cited characteristic of Big Data is probably the immense volume of data
that are now available to companies, and that are order of magnitudes bigger than even a
decade ago (Kimble & Milolidakis, 2015).
This kind of volume permits a granular and highly detailed measurement of people and
processes, that results in new services and products, along with predictions that rival those
of human professionals (McAfee & Brynjolfsson, 2012).
However, at the same time the efficacy of traditional statistical techniques of analysis can be
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undermined by this new phenomenon, as they are not appropriate for the handling of such
massive databases (Beer, 2016). Moreover, such an abundance of data can often hide the
fact that important information is missing (Gopalkrishnan et al., 2012).

Velocity Velocity pertains to the fact that it is possible to obtain streams of data in real-
time and with high precision (Kimble & Milolidakis, 2015), from mediums such as smart-
phones, which provide accurate geolocation.
Companies that are able to harness this feature can become more agile than their competi-
tors, and achieve a competitive advantage (McAfee & Brynjolfsson, 2012). This means that
there is a necessity for tools that can process rapidly changing information, and provide
meaningful insights to decision-makers (Boncea et al., 2017; Demchenko et al., 2013).

Variety Variety concerns the multiple and different sources from which data can originate,
and the different formats it is represented in (Gopalkrishnan et al., 2012). As more and
more activities are digitized (Beer, 2016) the complexity of the information that is gathered
and of the databases that must be built increases. In particular, Big Data can be collected
in structured, unstructured, semi-structured, and mixed formats, which need new forms of
storage (Demchenko et al., 2013). Therefore, before these data can be utilized by companies
to create value, they need to be given a meaning by further processing and analysis (Kimble
& Milolidakis, 2015).

The aforementioned characteristics are inducing a change in the way knowledge is acquired,
processed and organised (Boyd & Crawford, 2012).
This is a reason of concern for many. As some authors have pointed out (Mayer-Schonberger
& Cukier, 2014), vast amounts of data may make it possible, for the purpose of forecasting,
to ignore causation. Instead of focusing on unearthing the cause of a particular user trend or
feat, Big Data analytics can explore the correlations between known user traits and unknown
user preferences to determine the latter, usually with a high degree of overall precision.
Such precision is higher at the aggregate rather than at the individual level. In fact, while it
may be hard to forecast what product a particular individual desires, by creating user pro-
files for millions of people, like Google does, on average the predictions are "good enough".
Indeed, good enough predictions and data can be the most appropriate when decisions must
be taken in real time or if there are high volumes of users that can thus provide high returns
even if the data fall short of adequately describing some of them (Davenport, Barth, & Bean,
2012).
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While this technique has been showed to provide useful insights (Mayer-Schonberger &
Cukier, 2014; McAfee & Brynjolfsson, 2012; Migliore, 2017), relying heavily on correlation
and predictive models rather than on the analysis of causation for business decisions and
practices can be dangerous (Ekbia et al., 2015). While data have the appeal of objectivity,
and allegedly "speak for themselves" (Mayer-Schonberger & Cukier, 2014), many authors
have pointed out that the interpretation of data is an all-too-human process, subject to dif-
ferent flaws and bias (Boyd & Crawford, 2012; Kimble & Milolidakis, 2015). The tendency
of humans to see patterns, even where there is none, can be problematic in the face of vast
repositories of data, which offer connections radiating in all directions, not always reliable
(Boyd & Crawford, 2012). In this context, spurious correlations can be seen and interpreted
as real, as distinguishing the spurious from the authentic among thousands of potential cor-
relations becomes harder.
As a consequence, business decisions with far-reaching consequences may end up being taken
on the basis of feeble correlations, absent proof of any causation between two variables.
Decision-makers must be aware of the risks that Big Data brings to their decision-making
process, especially since data without context may provide accurate, but meaningless, an-
swers (Kimble & Milolidakis, 2015).
Moreover, data itself could be biased, because of a bias in the gathering of the data or in its
preparation for analysis (Newell & Marabelli, 2015). Especially now that extensive data are
available on many topics, there is a tendency to consider a sample as representative of the
population based only on the fact that there are millions of observations. This is not always
true, as where the data are gathered from is important for considering the set of observations
and their relationship to the general population (Boyd & Crawford, 2012), and companies
could compromise their products by taking decisions regarding a certain population based
on the wrong data.
This trend highlights another problem: data is often analysed "as is", without critically exam-
ining individual observations or the gathering process, mainly because of the vastness of the
datasets that makes it practically inconvenient. However, this often results in underrating
the importance of having good data quality (Baesens et al., 2016), and increases the risk of
taking wrong decisions by blindingly trusting data.
Despite these challenges, if Big Data and Big Data thinking are correctly integrated in the
decision process of a company, the benefits can be considerable.
Companies can benefit first of all from increased innovativeness in the products and services
they offer thanks to new insights previously unobtainable (Baesens et al., 2016; McAfee &
Brynjolfsson, 2012).
Secondly, Big Data can greatly improve knowledge management and organizational agility.
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A firm can become more aware of its environment and the opportunities and threats that
it presents, using this awareness to achieve a strategic advantage. As a confirmation of this
advantage, Big Data has been shown to improve business value by facilitating the acquisition
of supply chain and marketing knowledge in European firms (Côrte-Real, Oliveira, & Ruivo,
2017).
To successfully harness these benefits, companies need to change and continuously realign
work practices, organizational models and stakeholder interests (Günther, Rezazade Mehrizi,
Huysman, & Feldberg, 2017). This is probably the biggest impact that Big Data can have on
a business, as it requires the organization to change and adapt, evolving its decision-making
practices towards a more data-oriented, but critical, approach.

2.3 Data-Driven Decision Making

Data-driven decision making, sometimes abbreviated as DDDM, refers to the process of bas-
ing decisions on data analysis rather than exclusively on intuition and gut feeling (Provost
& Fawcett, 2013).
This notion and its applications are closely related to the use of AI, data analytics, and Big
Data that business makes, as these technologies are utilized to gather, categorise, process and
visualize information based on external data, in order to take a decision (Provost & Fawcett,
2013).
Data-Driven Decision Making has been applied to different fields, more so lately possibly
because of the ever-increasing availability of data over a broad range of topics, that have
allowed more companies to exploit it, often by increasing their IT investments and learning
opportunities (Brynjolfsson & McElheran, 2016). The concurrent development of data sci-
ence has also contributed to shifting more companies towards basing their decisions on data
(Provost & Fawcett, 2013).
In this regard, the Big Data movement is a strong promoter of data-driven decision mak-
ing, as many view data as the ultimate source of objectivity, able to "speak for themselves"
(Mayer-Schonberger & Cukier, 2014).
As advancements in computing have contributed to the development of easier ways to analyse
data, decision-making based on data has become commonplace (Brynjolfsson et al., 2011),
and has thus been the subject of research of multiple studies (Brynjolfsson et al., 2011; Bryn-
jolfsson & McElheran, 2015; Mandinach, Honey, & Light, 2006).
It is generally accepted that data driven decision making is not an all-or-nothing approach
(McAfee & Brynjolfsson, 2012), but resembles a spectrum on which companies and individ-
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uals can position themselves, deciding to which degree they want to trust data and analytics
rather than human experience and insight (Provost & Fawcett, 2013). And while data-driven-
decision making adoption has tripled in only 5 years in the US, certain types of companies
are more likely than others to use it to take decisions (McElheran & Brynjolfsson, 2016).
As a matter of fact, the adoption of data-driven decision making by a company is affected
by various factors, such as the investment in and sophistication level of its IT, its openness
to new managerial practices and the educational level of its employees (McElheran & Bryn-
jolfsson, 2016).
These two last characteristics, in particular, make master students an interesting sample to
consider, as studying new managerial practices during higher education could make them
more likely to experience DDDM. Thus, we can comfortably assume that they know what
DDDM is and can adopt a critical and rational approach when exposed to it, making it easier
to test their attitudes and reactions.
The unevenness in the adoption of data-driven decision-making highlights the fact that it
may not be the best solution for all problems or for all industries, as different issues can
arise. First of all, managers could be overseeing environments that do not permit reliable
data collection, or where data are scarce (McElheran & Brynjolfsson, 2016). Furthermore, a
company may not have the right organizational requirements and skills to harness the bene-
fits of data-driven decision-making.
Moreover, managers themselves are not immune from biases in the interpretation of data,
which can make them reach wrong conclusions and act on that basis, resulting in dangerous
consequences for the company. This danger is aggravated by the fact that curated graphical
data displays do not reduce the risk of bias (Hutchinson, Alba, & Eisenstein, 2010), meaning
that simply improving data exposition is not enough to offset this issue.
Despite these challenges, however, the firms that have adopted data-driven decision making
have seen considerable benefits from it. Adoption of DDDM by a company has been showed
to be linked to improved company performance, causing an increase in productivity of up to
6% in publicly traded companies (Brynjolfsson et al., 2011). A similar increase in productiv-
ity has also been found in manufacturers (Brynjolfsson & McElheran, 2015), as long as they
are able to implement these new practices, a skill which they seem to be getting better at
(Brynjolfsson & McElheran, 2016).
Moreover, data-driven decision-making adoption is a top priority among finance leaders
within companies, as it helps them drive growth and earnings (The Hackett Group, 2013).
Looking at these benefits, the importance for managers to be exposed to DDDM practices
becomes clear, as learning about DDDM is one of the major drivers behind its adoption
(Brynjolfsson & McElheran, 2015). As a consequence, the treatment sample in this study,
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after being exposed to similar practices, should be expected to present a behaviour skewed
towards relying on data to take decisions more than before.

2.4 AI, Big Data and Decision-Making: Working with Machines

All of these elements have been increasingly studied and debated in recent years, although
the backgrounds for these concepts have been laid out as early as in the 30s (Turing, 1936).
Nowadays, articles about the effects of Big Data and Artificial Intelligence on companies and
individuals appear both in peer-reviewed journals (Brynjolfsson & McElheran, 2015) and
in other types of media such as magazines (The Economist, 2017a) and newspapers (Lohr,
2012).
These effects are present because AI and advanced tools for analytics, despite major pro-
gresses in recent years (Kiulian, 2017; Reed et al., 2017), cannot work autonomously, and
still need human labour to provide insightful results.
As a matter of fact, the tasks that machine systems can execute have no sense or meaning
if one considers the human and the machine as units in isolation. These are instead agents
who execute subtasks obtained by decomposing an overall task and distributing the various
pieces among humans and machines (Hoc, 2000).
The two systems are co-dependent from each other, and if humans influence machines be-
cause they design them, similarly machines can influence humans by proposing and rewarding
a certain type of behaviour that can accomplish the overall task in the most efficient and
effective way possible. This trend is embodied in the continuous development of capacities
and skills that new tools require from the people who wield them, and the transformations
that businesses have to go through to adequately harness innovation (Brynjolfsson & Hitt,
1998).
In the case of computers, very few other tools have required such extensive adjustments in
the behaviour of workers and companies. In business, computers have allowed humans to
analyse and process large amounts of information, a task which humans are not particularly
good at (Issa et al., 2016) but which is important for predictions and for the management
of great quantities of products that a global economy makes possible. This has resulted in
the centrality of the computer in the business environment, the invention of cubicles, and
employees’ mansions often reduced to data entering (Habegger, 2005). However, computers
have also had less negative effects, like increasing the degree of decentralized authority in
companies and the reliance on workers’ skills and human capital (Hitt & Brynjolfsson, 1997).
Moreover, despite the problematic aspects of adopting computers in business, companies
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invested in IT because they could see that it brought higher financial results (Dos Santos,
Peffers, & Mauer, 1993; Mahmood & Mann, 2015; Weill, 1992).
However, there is still a lack of convincing evidence about their effect on the level of pro-
ductivity within companies (Brynjolfsson & Hitt, 1996; Brynjolfsson & Hitt, 1998; David,
2016; Stratopoulus, 2000). Nonetheless, managers and CEOs have been keeping upgrading
and expanding the IT capabilities of the companies they work in, particularly in the field of
business analytics.
More recently, advances in the fields of Artificial Intelligence and a greater capacity to store
and analyse big amounts of data have together created the need for new tools and new tech-
niques to make sense of the trillions of data points that may be stored in a database. This
has, in turn, given rise to the Big Data movement (McAfee & Brynjolfsson, 2012), which calls
for new skills that can harness what many describe as a revolution in the way we manage in-
formation (Baesens et al., 2016; Kimble & Milolidakis, 2015; Lohr, 2012; Mayer-Schonberger
& Cukier, 2014; McAfee & Brynjolfsson, 2012).
This Big Data approach to business analytics is enjoying widespread adoption, not only
because it is recommended by scholars (Mayer-Schonberger & Cukier, 2014; McAfee & Bryn-
jolfsson, 2012; Sanders, 2016), but also because its adoption has been shown to provide
benefits for companies and the managers who run them (Migliore, 2017). Achieving better
performances often requires organizational (Bloom, Brynjolfsson, et al., 2014; Günther et al.,
2017) and behavioural changes (McAfee & Brynjolfsson, 2012), that stem from the different
nature of the analysis that can be performed with huge amounts of data (Baesens et al.,
2016).
As a matter of fact, data-savvy companies are presently capable of monitoring the habits of
customer and clients in great detail, and to perform experiments on them every time they
visit the company’s webpage. These experiments are more focused on finding a useful corre-
lation rather than the right causation, and not only they require a change of mindset towards
a data-oriented approach to business, but also raise ethical questions (Luca, 2014).
Facebook and OkCupid have already shown how easy it is to modify a person’s behaviour
by tweaking an algorithm (Luca, 2014), exposing the degree to which human attitudes and
bias are already influenced by the technologies we use. Indeed, the influence that technology
has on society and human behaviour may have roots as old as civilization itself (Selin, 2008;
Singh, 2011), and Big Data and AI are no exception.
A fierce debate over the effects that these tools are having inside and outside companies is
already taking place (Boyd & Crawford, 2012; Ekbia et al., 2015; Marr, 2017; Migliore, 2017;
Shah, Horne, & Capellá, 2012). Among those who welcome these new technologies and focus
on the benefits they bring, some have uncovered the features of human behaviour that can
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be improved as a consequence of incorporating more data and data-focused tools into daily
mansions (McAfee & Brynjolfsson, 2012; Migliore, 2017).
Concurrently, human behavioural and organizational methods can be modified to derive
the maximum potential value from these technological developments, be that value higher
productivity, decreased cost, higher returns, or better analytical insight. Harvard Business
Review writers populate the pages of the magazine with suggestions on how to achieve such
objectives in several issues (McAfee & Brynjolfsson, 2012; Wessel, 2016).
As a matter of fact, although it has been reported that leaders are aware of these new tech-
nologies, there are few peer-reviewed articles that deal with the leadership dimensions of
decision-making required to achieve success with Big Data and Machine Learning practices
(Migliore & Chinta, 2016).
Indeed, despite this disruption at both company and individual level, research is still scarce
on the effects that recent types of AI can have on the human mind, particularly in regard to
the decision-making process. Research mostly focuses on the dangers that these technologies
pose (Newell & Marabelli, 2015; Boyd & Crawford, 2012) and the issues that may arise when
companies integrate them into their business (Baesens et al., 2016; Gopalkrishnan et al.,
2012).
Consequently, it is still unclear whether the decision-making process of an individual in a
company is affected by the introduction of advanced AI and Big Data technologies, and if it
is, what kind of changes it undergoes.
This is nonetheless a critical issue, as without knowing how decisions are taken companies
may be exposed to biases, wrongful use of information, and harmful choices. Moreover, these
decisions may not only hurt companies’ returns but also society, since they result in a mis-
allocation of critical resources (Baesens et al., 2016).
Furthermore, as the subjects of this research are students, the results of such a study could
also provide indications about the effects university courses on Big Data and AI have on
students’ mindsets and logic.
There is already some research dealing with the effects that courses which curriculum in-
cludes data analysis and management can have on the people who attend them, although
existing studies focus mainly on data literacy (Dunlap & Piro, 2016; Kippers et al., 2018),
and do not look at other tendencies that could possibly be affected.
This approach is quite limited, and it is consequently important to explore other tendencies
that decision-makers exhibit when making choices, along with the way they are affected by
new technologies.
The choice of the tendencies to be inspected, however, is not so straightforward, given the
number of possibilities. Just by considering cognitive biases, for instance, more than 186
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different tendencies could potentially be explored (Wikipedia, 2018).
Some works have indeed dealt with similar topics, such as the changes in the way data is used
in the wake of Big Data (Brynjolfsson & McElheran, 2015). Erik Brynjolfsson, in particular,
has produced much work on the effects that new technologies have on individuals, companies,
and society (Brynjolfsson & McAfee, 2014; Bresnahan, Brynjolfsson, & Hitt, 2002; Tambe,
Hitt, & Brynjolfsson, 2012; Brynjolfsson & McElheran, 2016).
Notably, in the article Big Data:The Management Revolution, he and McAfee describe the
behavioural and decision-making characteristics that a manager ought to possess in the age
of Big Data to improve company performance and increase creativity along with innovative-
ness.
These features can then be considered the optimal tendencies that individuals and organi-
zations should strive for and are therefore an appropriate choice for the present analysis, as
they present interesting learning opportunities.
A confirmation that these tendencies are actually developed in the context of Big Data and
AI would signify that individuals are up to the challenges posed by these new technologies,
and that companies can then expect to extract high value from them.
Moreover, from an academical point of view, it would imply that the courses offered by the
institutions the students belong to are adequately preparing them for the jobs of the future.

Brynjolfsson and McAfee identify various optimal characteristics, of which four will be the
focus of this thesis.
First of all, they suggest the deprecation of the old habit of taking decisions with a HiPPO
mindset. As a matter of fact, when data are scarce, usually it is the Highest Paid Person’s
Opinion that matters and dictates the final decision. With Big Data and the means to con-
sume them, consistently taking decisions in this way can be dangerous.
Moreover, they advise companies to start asking “What do we know?” instead of “What
do we think?”. This means looking at the data first, instead of developing an opinion and
only then gathering the data to confirm what is already believed to be true. This kind of
confirmation bias is widespread among executives, who often take decisions with a HiPPO
approach and then find the data to justify them. Migliore (2017) adds to this topic by ad-
vising leaders to continuously test their assumptions, to avoid falling in this kind of bias.
These concepts can be considered as part of an individual’s degree of data literacy, as they
concern the ability to take correct decisions on the basis of the available data.
Another behaviour that is seen as critical for the successful exploitation of a vast quantity
of information is the minimization of the Not-Invented-Here syndrome, which can hinder
cross-functional cooperation and the free flow of ideas.
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The 4th change that this thesis deals with has not yet been formally identified, but it is
seen as a possible development of Brynjolfsson and Hitt’s paper Information Technology and
Internal Firm Organization: An Exploratory Analysis (1997). In the paper, the authors show
how investment and greater adoption of IT in firms increased the degree of decentralization
and authority delegation in American firms.
With the advent of ever more intelligent software, it could be possible for the extent to which
a manager is willing to delegate decisions to a machine to increase, especially as computers
are seen as the new subordinates, capable of executing complex tasks.
A more detailed introduction to the phenomena studied in the present thesis follows.

2.5 Phenomena Studied in the Present Research

2.5.1 Data Literacy

Data literacy is a recent evolution of the concepts of statistical literacy and information lit-
eracy (Schield, 2004), from which it inherits most of its characteristics.
The elements that comprise it are differently defined in different studies (Dunlap & Piro,
2016; Qin & D’Ignazio, 2010; Kippers et al., 2018), but at its core it concerns the ability
to correctly analyse, interpret, and evaluate information and data, a skill necessary to ade-
quately perform data analysis (Schield, 2004).
The importance of possessing data literacy is hard to understate, as companies have now
access to vast and ever-increasing amounts of data (Mayer-Schonberger & Cukier, 2014) and
are in need of expertise to harness their potential benefits. This need is further emphasized
by the recently demonstrated benefits of data-driven decision-making (Brynjolfsson & McEl-
heran, 2015; Brynjolfsson et al., 2011), which calls for data literate employees and managers
who can take data-based decisions to unlock new value for their company.
It therefore comes as no surprise that previous works have tested different aspects of data
literacy and the way it can be changed. For instance, exposure to data and the ways they
can be handled has been found to affect people’s use of data (Dunlap & Piro, 2016; Kippers
et al., 2018), increasing their ability to reach accurate conclusions after a fitting analysis of
the available information.
In this thesis, data literacy is analysed through the testing of the respondents’ tendency to
rely on data to take correct decisions during their decision-making process, and is tested
together with confirmatory bias and HiPPO, as the latter are factors that could hinder it.
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2.5.2 Confirmatory Bias

Confirmatory Bias is a particular kind of cognitive bias, a group of patterns that humans,
and also some animals, can follow systematically in an attempt to reach a decision or form
a judgement (Haselton, Nettle, & Andrews, 2015). These patterns, adopted to save mental
energy, usually deviate from rationality, and affect the final judgement in often a negative
way.
In particular, the person that experiences a confirmatory bias is more prone to search and ac-
cept information that confirms previously held beliefs or expectations (Jonas, Schulz-Hardt,
Frey, & Thelen, 2001). Moreover, confirmatory bias leads to the misinterpreting of ambigu-
ous evidence so to confirm the person’s current hypothesis about the world, be it a prejudice
or an expectation (Rabin & Schrag, 1999).
Another characteristic of the confirmatory bias, called the primacy effect, is that when a
person must draw a conclusion on the basis of information acquired and integrated over
time, the information acquired early in the process is likely to carry more weight than that
acquired later (Nickerson, 1998).
While in the present study the information given to the research subjects is introduced over
a short period of time, as required by the survey design, it is nonetheless a key element of
the bias that is manifested in real-world situations, where information is more likely to be
acquired over a longer period of time.
This process, called sequential information seeking, has been understudied in scholarly litera-
ture, which experiments have mostly utilized simultaneous information search as the method
of feeding information into the people under examination (Jonas et al., 2001). While this
does not reflect how people outside the laboratory process most information (Jonas et al.,
2001), it is a design necessary for the time and budget constraints that most studies are
subject to.

Confirmatory bias is regarded as a serious problem mainly because a person can reach a
conclusion or belief that does not reflect reality and will keep acting considering said belief to
be true. Even when this does not occur, a distorted vision of reality can be dangerous as it
leads to a flawed decision, especially when a decision has financial consequences. This issue
can manifest itself from the very early stages of information search and can lead a person to
overlook risks and warning signals even when they are evident (Jonas et al., 2001). People
will end up seeing patterns in the data regardless of whether the patterns are really there
(Nickerson, 1998).
While this is a problem often overlooked in business, the dangers of confirmation bias has been
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well documented by research (Nickerson, 1998; Schulz-Hardt, Frey, Lüthgens, & Moscovici,
2000), which also found out that confirmatory bias does not disappear when the subject who
needs to process information and take decisions is a group of people rather than a single
individual (Schulz-Hardt et al., 2000).

For simplicity, in the present study only one actor taking a decision is analysed.
The early information fed to her, that should induce the bias, is that her manager, a highly
competent and respected person in the field, has a certain opinion about a decision that has
to be taken. The data that is then presented to the respondent can either confirm or deny
the earlier information. If a confirmatory bias does indeed form, the survey design should
make it possible to measure its intensity.

2.5.3 Highest Paid Person’s Opinion

Traditionally, decision-making in companies has been the domain of experts rather than data.
This happened because data were traditionally scarce, and people that had developed useful
heuristics and decision patterns from experience were particularly appreciated and rewarded
(McAfee & Brynjolfsson, 2012).
However, the new data avalanche brought by the Big Data movement calls for new tools and
processes that can take advantage of the surge in data availability (McAfee & Brynjolfsson,
2012).
Although anecdotes about HiPPOs abound, few authors explore the phenomenon in detail,
and most of the time references to them can be found not on peer-reviewed journals, but on
articles meant for an audience of managers and business executives (Lohr, 2012; McAfee &
Brynjolfsson, 2012). This probably hints at the very practical nature of a HiPPO, a business
routine or practice that has not been properly formalized by the literature.
The authors that deal with HiPPOs, mainly in the process of advising managers on best
business practices, stress how they can be a problem in the age of data-driven decision making
and advanced analytical tools. Intuition and experience, although useful, are not the most
appropriate tools to use when vast quantities of data to explore options and perform analysis
are available, and the Highest Paid Person Opinion, or HiPPO, may prevent a company from
gaining full value from its data (Lohr, 2012; McAfee & Brynjolfsson, 2012).
To avoid this issue, students should be taught to critically consider their superiors’ opinions,
so that HiPPOs are not given more relevance than necessary during data-driven decisions.
Thus, one the goals of this thesis is to verify whether universities can effectively prepare
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students to correctly assess the importance and validity of an executive’s opinion when data
are available.

2.5.4 Not-Invented-Here Syndrome

Katz and Allen (1982) define the Not-Invented-Here (NIH) syndrome as the tendency of a
group of stable composition to believe it possesses a monopoly of knowledge in its field, which
leads it to rejecting ideas from outsiders to the likely detriment of its performance.
More generally, the NIH syndrome can manifest itself when a group working on a project
comes into contact with external knowledge, technology or solutions for the task at hand.
When confronted with external technology, a group is forced to compare its expertise to the
one of the external source of technology. This process can constitute a threat for the group’s
perceived expertise, and for the integrity of the self-image that group has of itself (Wastyn
& Hussinger, 2011).
As a consequence, the group can become resistant towards the incorporation of external
technology into its project. This is particularly relevant when groups are composed of people
who identify strongly with the group itself, since a confrontation with the external environ-
ment can evoke feelings of inferiority that are felt deeper and more mightily threatens the
self-esteem of the group (Wastyn & Hussinger, 2011).
The same happens at an individual, rather than group, level (Agrawal et al., 2010; Piller &
Antons, 2015), as NIH Syndrome is a psychological, not only social, sentiment of hostility
towards external knowledge (Husted & Michailova, 2002).
This phenomenon was first observed and became widely known in the R&D community of
engineers (Katz & Allen, 1982), before it was reported in the academic literature by Clagett
(Clagett, 1967), who had spent time in an engineering research centre (Wastyn & Hussinger,
2011).
Starting from that insight, the topic has been studied more in depth, particularly because of
the detriment that it can cause to innovativeness and the capacity of companies to absorb
external knowledge. However, most of the research has focused on anecdotal aspects of the
phenomenon, rather than describing it in a more scholarly fashion (Piller & Antons, 2015).
One of the most important contributions is that of Katz and Allen (1982), who expose how
this kind of behaviour can be dangerous for business. Professionals and organizations need
to interact with external sources of technology, inspirations and ideas if they want to main-
tain technological adequacy, if not technological edge. NIH syndrome discourages them from
doing so, endangering their work.
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The authors also show how NIH Syndrome does, as a matter of fact, reflect in project perfor-
mance. The latter tops when a group has not had a long tenure together, and the longer the
tenure of a group, the worse the project performance. Indeed, the members of a group that
is maintained for a longer time increase their self-identification with the group itself, thus
increasing the likelihood that the group will resist external technology. This prevents the
project from benefiting from external ideas, making it more prone to failure, and confirming
NIH syndrome’s nefarious effects.
These effects are more visible when the external suggestion comes from similar groups, like
competitors, while they hardly emerge when the external agents proposing the technology are
customers, suppliers or universities. The grade of similarity seems indeed to directly affect
the emergence of NIH Syndrome (Wastyn & Hussinger, 2011)
That is the reason why in the scenarios about NIH syndrome used in this research the source
of knowledge is an external firm that makes similar products. This is advisable in order to
make NIH syndrome more likely to emerge, so to make it possible to estimate the change in
its levels across time and treatment. For the same reason, the firm the respondent belongs
to in the scenario is successful, as this also increases the likelihood to exhibit NIH syndrome
(Wastyn & Hussinger, 2011).
If a bias for preferring internal over external innovation is indeed present in the students and
reduced by the treatment, the aforementioned elements should make its status more easily
detectable.

2.5.5 Delegation

Delegation within companies is a topic that has been present for some time in the scholarly
literature, especially in firm organization theory (Hitt & Brynjolfsson, 1997).
Colombo and Delmastro (2004) identify 3 families of factors that can influence the allocation
of decision-making power between a manager and his superior.
Among all of these factors, the flow of information is perhaps the one which is most carefully
studied. The topic has undergone extensive investigation due to the major developments
in information communication technology (ICT) that have changed the way information is
broadcast and exchanged within a firm (Bloom, Garicano, Sadun, & Van Reenen, 2014).
In particular, ICT makes it possible for information and decisions to flow rapidly within
the company, decreasing the need for centralization to increase the velocity and accuracy
of collaboration among employees. As a matter of fact, increasing decentralization in an
environment where adequate ICT tools are available can improve knowledge sharing, since
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highly specific knowledge is more likely to reside at the lower levels of an organization (Hitt
& Brynjolfsson, 1997).
Firms seem to be well aware of these advantages, as various research has found out that the
level of investment in IT strongly correlates with the degree of delegation and decentralization
within the company (Colombo & Delmastro, 2004; Hitt & Brynjolfsson, 1997; McElheran,
2014). When information is more easily accessible, managers tend to delegate decisions to
subordinates, who are the ones that, at the local level, have the knowledge required to solve
the task.
What happens, then, when the entity with the knowledge required to solve an issue or perform
a job is not a person, but a machine? Humans are limited as information processors (Hitt &
Brynjolfsson, 1997), and in a world where everything is becoming quantifiable and the amount
of data that can be processed is increasing by orders of magnitude (Mayer-Schonberger &
Cukier, 2014; Beer, 2016), machines are the best suited for processing information.
Computers, however, do not only process information in order to feed it to a human con-
troller, but also take autonomous decisions (Newell & Marabelli, 2015), like deciding whether
to negate a loan to a person based on her credit score.
These new capabilities are causing a shift in the traditional view about computers, increas-
ingly considered less as tools and more as autonomous agents (Hoc, 2000), thus more easily
comparable to a human employee.
If software and algorithms are able to take decisions or provide invaluable information to a
human to do so, then human managers could delegate tasks related to decision-making to
their computers. If this is the case, a tendency parallel to the one described by Hitt and
Brynjolfsson (1997) could be noted. That is, a higher availability of advanced analytics tech-
nologies, built on Big Data and Machine Learning, should increase the degree of delegation
towards machines. As humans are able to communicate in a better way with machines, and
machines possess more specialized knowledge and data, delegation seems the most appropri-
ate way to meet the challenges posed by Big Data.
This particular topic has been scarcely studied by academia, as the technologies that make
it possible to delegate complex decisions to machines are very recent, and most companies
do not have the expertise required to use them.
Therefore, the present research also aims to expand the knowledge about the effects that
being exposed to Artificial Intelligence has on the propensity of managers, or people in a
position to make a decision, to delegate part or all of a decision-making task to a software.
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3 Method

3.1 Research Design

The main purpose of this thesis is to uncover whether the exposure to tools and methods
concerning AI and Big Data analytics can change the way people in a position of power take
decisions.
To do so, the experimental design took inspiration from the difference-in-differences method.
A difference-in-differences method is an experimental design commonly used in medical re-
search for the trial of a new medicine, or in economics for policy analysis (Bertrand, Esther,
& Sendhil, 2004).
The subjects are divided into 2 groups, usually without them knowing which group they be-
long to, and a treatment (like a new medicine) is applied to only one group. Before applying
the treatment the characteristics of both groups are measured, in order to provide a measure
of their current values in the dimensions of interest. These could be for instance their red
blood cells count, or the spread of an infection within their bodies.
Later, some time after the treatment has been applied, the groups are tested again to see
what, if anything, has changed in the values of the dimensions of interests. Then, the dif-
ference in the values between the second and the first measurements of the group that did
not receive the treatment are compared to the difference in the values between the second
and first measurements of the group that did receive the treatment. This way, it is possible
to isolate the changes that are due to the treatment itself from the global changes that may
have affected both groups.
One of the main advantages of this method is that it allows for the minimization of the
self-selection bias, as people with certain innate features that could affect the results could
be more likely to take part in the experiment. This happens especially because ethics require
experiments performed on people to have voluntary participation, and unless the participants
are tested beforehand, it is hard to find out whether they are a sample representative of the
population or not.
This method was therefore chosen for a variety of reasons:

• Since the measurements are taken before and after the treatment is applied, it enables
the tracking of how the decision-making process changes, if it does, in time. In this
case it is particularly relevant since the treatment was applied during the course of an
entire semester.
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• It diminishes the possibility of a pre-existing selection bias. Since the treatment, that
is to say attending a course on AI or Big Data, is not randomly allocated, but students
can choose whether or not taking this kind of course, this is particularly relevant in the
present research.

• With this design there is no need to pre-emptively vet the participants to exclude those
who possess different features from the others that could drastically change the results.
Since the potential sample size is not large to begin with, this admits more survey
respondents and therefore more significant findings.

3.1.1 Sample Selection

While testing managers may have been more relevant for the research question, applying a
treatment that can expose the subjects to in-depth knowledge of AI and Big Data would
have been hard.
Therefore, business school students enrolled in a master’s degree were chosen as a substitute,
a practice which is not new to research (Hutchinson et al., 2010; Schulz-Hardt et al., 2000;
Aiman-Smith, Scullen, & Barr, 2002).
In this study, the students considered were all enrolled in either Bocconi University or Copen-
hagen Business School.
The reasons for the choice of this particular sample are various:

• Although not the managers of today, business students are likely to be the managers
of tomorrow, or at least to resemble business managers because of their study choice.

• The current structure of the EMIT (Economics and Management of Innovation and
Technology) and MIB (Management of Innovation and Business Development) masters
curricula allows a “natural experiment” to occur in the use of the treatment. Students
can choose to enrol in courses that are part of a specialization in Big Data, which
also includes advanced analytics and AI among its topics. Therefore, some of them are
exposed to these tools at a university level, which is assumed to be more than amateurial
and can be considered likely to have an effect on the decision-making process of the
students, if any effects are indeed present.

• As the respondents come from very similar academic backgrounds, they can be seen
as a relatively homogenous population. Therefore, the effects of a treatment should be
more likely to arise consistently across the test subjects.
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• As a population, they are more approachable with the means possessed by the au-
thor and can therefore provide a higher rate of response than, for example, company
executives.

The most important reason for the choice of this population is number 2, here explored in
more detail.
Bocconi and CBS offer similar programs, as testified by the number of double-degree agree-
ments that the two universities have. In particular, they both offer a specialization that is
focused on Big Data and advanced analytics. The Major in Big Data and Business Analytics
at Bocconi and the Minor in Data in Business at CBS offer courses where students are ex-
posed to advanced analytical tools that are part of the technologies described by Brynjolfsson
and Migliore (McAfee & Brynjolfsson, 2012; Migliore, 2017).
Taking this specialization is therefore considered an appropriate treatment for this experi-
ment. A potential drawback is the fact that the treatment cannot be randomly allocated,
as students are free to choose whatever courses they prefer. To reduce the self-selection bias
that may arise as a result, the modified difference-in-differences method is employed.
Therefore, students were administered 2 surveys, the first before the application of the treat-
ment and the second after, the former to measure their initial decision-making tendencies
and the latter to measure how they had changed after the treatment. The first survey was
administered during August and September 2017, while the second survey was administered
during February and March 2018, after the end of the semester during which the treatment
courses were held.
There was no initial formal group division, but the students who answered the second study
were divided into the treatment and the control group based on whether they had taken
courses about AI, Big Data, or advanced business analytics. The structure of the survey
made it possible to track the answers of the individual students, so to assign them to the
treatment and control group retroactively.

3.2 Survey Structure

The study was conducted by administering 2 surveys with an identical structure, aimed at
measuring the decision-making tendencies of the respondents along 3 dimensions before and
after the treatment.
The surveys were built using the Qualtrics platform, and distributed via link through instant
messaging services, emails and Facebook groups of business students.

25



Only the students who successfully completed the first survey were given the second question-
naire. The first survey was answered by 67 students, while the second collected 50 responses,
for a total of 117 observations.
As the topic of analysis is quite complex, a vignette design was adopted, the most suitable
for this activity (Aguinis & Bradley, 2014). A brief description of what this kind of design
entails follows.

3.2.1 Experimental Vignette Methodology

Experimental Vignette Methodology (EVM) is a type of survey design that has been used
since at least the 1970s (Finch, 1987). Respondents are presented with a “vignette”, usually
a written statement describing a situation in which the respondent could find herself, pre-
ceding a question about the beliefs, feelings, or decisions that would be experienced in that
situation by the respondent.
The response to the question is usually the dependent variable that is being measured, while
the vignette structure can include different independent variables that can be manipulated
by the researcher in order to obtain different vignettes. These different vignettes facilitate
the inference of causal relationships between the independent and dependent variables.
This design has been used mainly in sociology, management and organizational behaviour
studies (Finch, 1987; Rooks, Raub, Selten, & Tazelaar, 2000), although its use in medicine
and psychology is not uncommon (Ross, Moffat, McConnachie, Gordon, & Wilson, 1999;
Thompson, 2003).
The fact that the respondent is presented a situation where she can immerse herself strikes
a balance between field studies, where the environment could influence the results beyond
understanding, and laboratory experiment, where the strict design may leave out important
explanatory variables (Aguinis & Bradley, 2014). This characteristic makes the method fit
for measuring implicit beliefs and tendencies that, if asked explicitly, the participants would
be reticent to answer honestly, such as discrimination or business ethics.
Another benefit of EVM is that it allows researchers to understand the decision-making pro-
cess of a single individual, and thus allows a study to gather useful amount of information
even from a small population or sample (Aguinis & Bradley, 2014).

Different designs of EVM are possible, and the literature identifies 3 types in particular:
between-person, within-person, and mixed (Atzmüller & Steiner, 2010).
In between-person designs each participant reads the same vignette, and the answers of each
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participant are then compared. Participants in within-person designs also read the same set
of vignettes, but the comparison is then made between vignettes within the same respondent
(Atzmüller & Steiner, 2010).
Mixed designs, on the other hand, divide the respondents in different groups to which differ-
ent set of vignettes are showed, and comparisons are then made across the different groups.
Since multiple respondents offer responses about the same vignettes, they can be compared
(Aguinis & Bradley, 2014).
This research adopts a mixed design, as participants are randomly divided in 4 groups, ac-
cording to the particular set of manipulation within the vignette they are viewing, and their
answers are then compared to identify their tendencies in regard to the dependent variables,
both before and after the treatment.
Although it is possible to create vignettes out of videos and images, or even Virtual Re-
ality (Aguinis & Bradley, 2014), the present study opts for a more traditional text-based
approach for 2 main reasons. First, it was the easiest and cheapest to implement. Second,
this approach lets the respondent use more of his imagination to be inserted in a setting that,
although familiar, may never have been personally experienced.

The main reason for using a vignette design is its usefulness in measuring the respondents’
reliance on a certain factor during their decision-making process.
Each scenario is defined by two variables, which can assume two values. If a respondent
does not consider an element to be important for his decision, then her answer should not be
affected by a change in the value of that variable. On the contrary, if a respondent bases her
answer on a certain element, then a change in the value of that element should considerably
change the answer as well.
Thus, by comparing how much a change in each element contributes to a change in the final
answer, it is possible to measure the relative importance and influence of an element on the
decision-making process of the respondent.
However, this may not be sufficient to test Hypotheses 2 and 3, as the tendencies that need to
be examined for their investigation would be measured only indirectly. As a matter of fact,
the strength of this design may be more apparent in the measurement of the respondents’
reliance on the factors considered, rather than in the detection of the respondent’s affinity
for said factors.
Therefore, the results from the regression models were also integrated with the results ob-
tained from an analysis of the means of the values assumed by the respondents’ answers in
the different versions of the same scenario. These additional statistics grant a direct mea-
surement of the students’ preference for one of the two options proposed in each scenario, as
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they indicate the likelihood of a respondent choosing one option rather than the other.

For the aims of this study, this kind of design provides additional benefits:

• It is possible to articulate in detail the different situations that can elicit a decision-
making process in a manager, while at the same time controlling the variables that
form the situation whence the respondent is required to take a decision.

• Scenario descriptions provide a way for business students to immerse themselves more
deeply and realistically in real-life situations. As a matter of fact, they rarely have
first-hand experience of instances in which they would have to make a critical decision
for a company. Scenarios, on the other hand, allow students to put themselves in a
state of mind that resembles that of managers.

• Manipulating the variables in the vignettes, using a 2x2 format, allows a more detailed
and controlled setup of the scenarios. As mentioned before, this eases the emergence and
measurement of the implicit tendencies in the decision-making process of the respon-
dents by confronting the different answers given to different variables’ combinations.

3.2.2 Vignettes and Clues Used in This Research

Each scenario contains 2 independent variables that can assume 2 different values, high and
low or weak and strong, thus allowing for the creation of 4 different vignettes per scenario.
The surveys contain 3 scenarios, one for each of the tendencies that are being measured. The
total number of different vignettes per survey is therefore 12.
Across the studies conducted with EVM, this number may fall on the low end, as studies with
hundreds of different vignettes have been published (Aguinis & Bradley, 2014). However,
more vignettes would have increased the risk of information overload and fatigue for the
respondent (Weber, 1992), especially considering that the descriptions of the scenarios can
be quite long.
While the particular setting and writing of a scenario for a given dimension differs from
one survey to the other, they are nonetheless built so as to measure the same tendency and
using similar variables. The difference in the setting of the scenarios between the 2 surveys
is needed in order to prevent students from recognising what is being measured, and also to
preclude them from remembering the previous answers they gave. Had it happened, they
could have been biased during the completion of the second survey.
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In both surveys, each respondent views only one version (or vignette) of a given scenario.
The vignette assignment is randomized, so it is possible for the same respondent to answer
different versions of the same scenario in the two different surveys. This provided the means
for a more significant analysis of the mean answers.
Each vignette contains a description of the scenario and a question. Since the question that
is being asked is a binary choice between two options, but a more detailed degree of choice
is advisable, a draggable bar, or visual analog scale, is employed.
A visual analog scale (VAS) is preferred to a Likert Scale mainly because the results were
to be analysed using regression analysis and Pearson correlations. These techniques are not
well-suited for responses obtained with a Likert Scale, which can also easily cause problems
when handling ordinal data (Bishop & Herron, 2015).
The bar goes from 0 to 100, and the initial position of the marker is in the exact middle of
the bar, with a value of 50. The two different options towards which the respondent may
lean are displayed at the two extremities of the bar.
The respondent can then drag the bar towards one of the two extremities, thus expressing
her leaning towards one of the two options with a level of granularity much higher than in a
Likert Scale.
An example of such setting can be seen in the following image:

The scenarios and the variables, or clues, that are manipulated to build different versions of
the same scenario, are the following.

Scenario 1 The decision-making process measured in the first scenario is the tendency of
relying on HiPPO and confirmatory biases rather than data, or vice-versa.

The respondent first receives the opinion of a superior about the success of a product and
is then asked to evaluate the available data to suggest a course of action. In this case, the
HiPPO constitutes the first informative piece of information received and is the element that
should form the confirmatory bias in the mind of the respondent. As the HiPPO is part of
the confirmatory bias, and both phenomena should bring the respondent to take a similar
course of action, they have been grouped together for analysis in this research.
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The data were intentionally given a certain degree of ambiguity, as confirmatory bias is more
likely to appear when a person has to take a decision based on ambiguous evidence (Rabin &
Schrag, 1999). Therefore, showing data that are too obviously leaning towards one option or
the other would eliminate the need for a bias to be used. As a matter of fact, one would need
not to utilize a confirmatory bias when considering very obvious data, as the decision would
require a small amount of mental power and would be reached quickly without employing
bias or heuristics (Benson, 2016).
If a bias is indeed present, a respondent’s tendency to adjust her decision towards the opinion
of the senior executive, even when the data say otherwise, should be observed.

The clues, or independent variables, are:

1. Level of confidence of the senior executive in the success of the product. It can assume
the values High or Low.

2. What kind of market the data are showing. It can assume the values Favourable or Not
Favourable. This clue can also be considered as the likelihood of success the product
actually has.

The possible combinations are the following:

Confidence of Senior Executive in Success
High Low

Actual
Likelihood of
Product Success

High

High Likelihood of
Success

High Likelihood of
Success

High Confidence in
Success

Low Confidence in
Success

Low

Low Likelihood of
Success

Low likelihood of
Success

High Confidence in
Success

Low Confidence in
Success

Table 1: Scenario 1 cues

The question asked, or the dependent variable, is the willingness of the respondent to suggest
the product launch to its superior. The respondent is allowed to choose where to position the
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cursor on the draggable bar between two extremes, expressing his likelihood of suggesting
either of the proposals.
The left end of the bar conveys the option Unlikely to suggest the launch of the product, with
a value of 0. The right end conveys instead the option Likely to suggest the launch of the
product, with a value of 100.

Scenario 2 The decision-making process measured in the second scenario is the Not-
Invented-Here Syndrome, or the tendency to rely on in-house rather than external innovation.

The aim of this scenario is to measure the tendency of a respondent to rely on in-house
innovations rather than on external innovations, even when the latter can bring more bene-
fits. In the vignettes the respondents are provided with an internal and an external technology
to solve the problem they are facing, namely the development of a new product. Each tech-
nology can be evaluated not only on its fit to the current product, but also on its feasibility
and convenience for the business at large.
Therefore, the mere potential technical preference of the respondent should not influence the
answer, as the survey requires a more comprehensive view of the outcomes that choosing
each technology will bring.
In order to make the NIH syndrome more likely to emerge so to measure it, the scenario
has been constructed according to certain criteria that are more likely to elicit it (Wastyn &
Hussinger, 2011).

The criteria are:

1. The firm the respondent belongs to in the scenario is successful.

2. The source of the external technology is a firm similar to the one the respondent belongs
to, but not a customer, supplier or university.

The clues, or independent variables, are:

1. Strength of external opportunity. It can assume the values Strong or Weak

2. Strength of in-house opportunity. It can assume the values Strong or Weak
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The possible combinations are the following:

Strength of external opportunity
Strong Weak

Strength of
in-house
opportunity

Strong

Strong in-house op-
portunity

Strong in-house op-
portunity

Strong external op-
portunity

Weak external op-
portunity

Weak

Weak in-house op-
portunity

Weak in-house op-
portunity

Strong external op-
portunity

Weak external op-
portunity

Table 2: Scenario 2 cues

The question asked, or the dependent variable, is the preference of the respondent for either
the external or the internal innovation. The respondent is allowed to choose where to position
the cursor on the draggable bar between two extremes, expressing his likelihood of suggesting
either of the proposals.
The left end of the bar conveys the option Use technology developed externally, with a value
of 0. The right end conveys instead the option Use technology developed in-house, with a
value of 100.

Scenario 3 The decision-making process measured in the third scenario is the tendency to
delegate tasks to machines rather than doing it in person.

In this scenario, the machine is represented by a software with varying degrees of capa-
bility and appropriateness for the analysis that has to be performed.
The human, the other actor that could accomplish the task exposed in the scenario, is also
described in each vignette with varying degrees of skills. The respondent should therefore be
able to identify himself with the person described in the vignette and his skills and take a
decision accordingly.
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The clues, or independent variables, are:

1. Strength of human (self) skills for solving the issue. It can assume the values Strong
or Weak.

2. Strength of machine skills for solving the issue. It can assume the values Strong or
Weak.

The possible combinations are the following:

Strength of human(self)
Strong Weak

Strength of
machine

Strong
Strong machine Strong machine
Strong human Weak human

Weak
Weak machine Weak machine
Strong human Weak human

Table 3: Scenario 3 cues

The question asked, or the dependent variable, is the preference of the respondent for either
solving the issue himself or delegating the task to a software. The respondent is allowed to
choose where to position the cursor on the draggable bar between two extremes, expressing
his likelihood of suggesting either of the proposals.
The left end of the bar conveys the option Do not delegate the task, with a value of 0. The
right end conveys instead the option Delegate the task to a software, with a value of 100.
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4 Analysis

4.1 Methods of Analysis

The analysis of the results was conducted with SAS 9.4, which provided the tools for per-
forming regression, correlation and variation analysis of the respondents’ answers and char-
acteristics.
The cues of each scenario shown to the respondents are represented as binary variables. In
particular, if an attribute assumes the value high or strong in a scenario, it is represented by
a 1, while if it assumes the value low or weak it is represented by a 0. This later allowed the
development of regression models based on dummy variables.
The answers that the respondents gave to each scenario are standardized for the regression
analysis, to achieve a better representation of the coefficients and other measures obtained
from it.
A standard OLS multiple linear regression is used first on the data of the first survey, and
then on the data of the second survey. The differences between the results of these analyses
are used to discuss the validity of the hypotheses of this research.
As the cues in each scenario are randomized, so that each respondent has the same probabil-
ity to receive a 0 or a 1 for each of the two independent variables, the risk of multicollinearity
is expected to be rather low.
In the regression analysis each scenario is inspected separately, and in the construction of
the model respondents are considered according to their belonging to the treatment or to the
control group. This enables a more detailed investigations of the phenomena and tendencies
considered.
The regression model is built as follows:

y
(k)
ij = a

(k)
1j c

(k)
1ij + a

(k)
2j c

(k)
2ij + b

(k)
ij + ε

(k)
ij (1)

Where y is the respondent’s answer, a1 is the first coefficient, c1 is the first clue, a2 is the
second coefficient, c2 is the second clue, b is the intercept, ε is the error, i is the respondent,
j is the scenario and k is the group considered. c1 and c2 are categorical variables that can
assume a value of either 0 or 1.

In addition to the regression models, the mean responses in each version of each scenario
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were compared to highlight possible differences in their behaviour between control and treat-
ment group.
The mean values of the responses in the first survey were subtracted from the mean values of
the responses in the second survey, to analyse the change these means went through, if any
was to be found.
This was done separately for each version of each scenario and for each group. As there are
4 versions for any given scenario, and 2 different groups the respondents can belong to, each
scenario produced 8 different values.
Thus, it was possible to obtain the change the mean value of the responses went through in
the course of the six months between the surveys, for any group and cue combination.
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5 Results

During the exposition of the results, the means and standard deviations of the values assumed
by the respondents’ answers in the different scenarios are shown together with the results
of the correlation analysis, as the tables provide an overall view of the characteristics of the
scenarios’ observations.
The overall high standard deviations are caused by the the fact that each scenario could
be presented to the respondent in 4 different versions, which could result in very different
answers, as already exposed in the section on the method. To reduce this uncertainty, the
means of each version of each scenario are separately exposed and analysed in the sections
of the results which focus on separate scenarios.
Moreover, an analysis of the medians confirmed the tendencies and behaviours that emerge
from the means, so that showcasing and discussing the former would be superfluous.

5.1 Results of Correlation Analysis

Control Group
Before After

Measure Mean Std.Dev 1 2 Mean Std.Dev 1 2
1. Scenario 1 63.590 21.327 62.500 23.553
2. Scenario 2 53.205 25.935 0.1535 43.500 26.567 -0.0565
3. Scenario 3 59.590 28.770 0.3963** -0.0751 57.077 28.719 0.2774 -0.0689
*p < 0.1, **p < 0.05, ***p < 0.001, ****p < 0.0001

Table 4: Correlations Between Scenario Answers (Control Group)

Considering only the control group, as showed by table 4, we can observe an initial correlation
between answer to scenario 1 and scenario 3 (0.39627, p-value: 0.0125), weakened in the
second survey, where the correlation coefficient is equal to 0.27740 and its p-value to 0.1701.
In general, it seems that while some interesting correlations can be observed in the first
survey, after six months all of them have weakened.
In the first scenario the mean of the answers is always higher than 60, and it experiences
only a small decrease after six months, showing a general preference in the control group for
launching the product.
In the second scenario the mean, initially with a value of 53.205, decreases by almost 10
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points in the second survey, suggesting that the respondents in the control group changed
their preference towards External innovation after six months.
In the third scenario, the means behave like in the first. In both surveys their value hovers
quite above 50, and they experience a small decrease from the first to the second survey.
This highlights an unwavering preference for delegating the task to a machine.

Treatment Group
Before After

Measure Mean Std.Dev 1 2 Mean Std.Dev 1 2
1. Scenario 1 64.593 25.341 58.292 26.201
2. Scenario 2 39.556 28.534 0.0789 40.625 25.483 0.0299
3. Scenario 3 54.259 35.125 0.0466 -0.1601 58.583 29.469 0.3868* -0.3953*
*p < 0.1, **p < 0.05, ***p < 0.001, ****p < 0.0001

Table 5: Correlations Between Scenario Answers (Treatment Group)

Considering only the treatment group, no significant initial correlation between answer to
scenario 1 and scenario 3 (0.04657, p-value: 0.8176) can be found. This correlation, however,
becomes significant and much stronger in the second survey (0.38679, p-value: 0.0619), dif-
ferently from what happens in the control group.
The same behaviour is showed by the correlation between the answers to scenario 2 and
scenario 3 in table 5. The group initially exhibits a negative correlation between the answers
to scenario 2 and scenario 3 (-0.16010, p-value: 0.4250), that becomes stronger and much
more likely to be significant in the second survey (-0.39531, p-value: 0.0559).
On the other hand, the answers to scenario 1 and 2 show no significant correlation at all.
However, some peculiar features of the treatment group can be observed when looking at the
means.
In the second scenario, the mean value is essentially the same in both surveys. This value,
however, is much below 50, as it hovers around 40, showing how the treatment group exhibits
a distinct preference for the Use external innovation option, much more so than the control
group.
In the third scenario, differently to what happens in the control group, the mean value in-
creases from the first to the second survey, going from 54.259 to 58.583. This behaviour
implies that the treatment group is the only one to increase its preference for the option
Delegate to a software after six months at the aggregate level, although very slightly.
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5.2 Results of Regression and Mean Analysis

5.2.1 Preamble

As the dependent variable was standardized, the values of its observations represent their dif-
ference from the mean of the original variable in number of standard deviations. For instance,
a standardized value of 0.7 implies that the original value is 0.7 standard deviations above
the mean, while a value of –1.3 indicates that the original value is 1.3 standard deviations
below the mean (UCLA: Statistical Consulting Group, 2017).
As a consequence, the coefficients obtained as a result of the linear regression show how much
the passage from a low to a high value of an independent variable changes the distance of
the dependent variable from its mean.
A negative coefficient signifies that, when the independent variable changes from low to high,
respondents increase their preference for the option on the left of the bar.
On the opposite, a positive coefficient indicates that, when the independent variable changes
from low to high, respondents increase their preference for the option on the right of the bar.
Moreover, the intercept is the indicator of the value that a response assumes on average when
both independent variables are equal to 0, that is to say when both cues are set to weak. This
provides an outlook of the theoretically unaffected tendency that the respondents possess.
As a matter of fact, if both independent variables are set to the same value, the respondent
should be completely or almost neutral in regard to which option to choose, if there are no
preexisting preferences.
On the opposite, non-standardized answers were used for the analysis of the means and how
they change both in the different versions of the same scenario and across different surveys.
The reason for this decision was to provide a clearer view of the means and their values,
that are more easily understandable and comparable when not in standardized form, for the
purpose of this specific analysis.
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5.2.2 Scenario 1

EXEC = 0 EXEC = 1
Control Treatment Control Treatment

DATA = 0 -1.917 2.589 -15.178 -31.095
DATA = 1 0.289 -3.200 -4.708 11.600

Table 6: Scenario 1: Differences in Means (After - Before)

The first notable finding is that the treatment group seems to have acquired, after the
treatment, a higher ability to take a decision that reflects the data available, rather than the
opinion of the executive.
Although both groups’ mean responses do not undergo significant changes across the two
surveys in the versions where the executive is not very confident about the success of the
product, the same is not true for the versions where the executive is confident about the
product’s success.
As a matter of fact, the treatment group seems to perform better than the treatment group
in recognizing the most appropriate choice for each scenario version in the second survey,
taking its decisions in accordance with the data available.

DV : Likelihood to suggest product launch
Control Group Treatment Group

Before After Before After

Intercept
-0.4998** -0.5040 -0.4101 -0.6032**
(0.2257) (0.3526) (0.3676) (0.2736)

EXEC
0.3578 -0.0026 0.3534 -0.1025
(0.2815) (0.34811) (0.4333) (0.3511)

DATA
0.6705** 0.8978** 0.4832 1.3478***
(0.2815) (0.3659) (0.4309) (0.3549)

Adj. R2 0.1316 0.1399 0.0063 0.3507
F-Value 0.0298 0.0678 0.3548 0.0041
N 39 26 27 24
*p < 0.1, **p < 0.05, ***p < 0.01 ****p < 0.001

Table 7: Scenario 1 Regression Model: HiPPO, Bias and Data

Looking at the regression results in table 7, it is possible to see how the EXEC variable
influence on the dependent variable, strong in the first survey, disappears in the second survey,
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as its coefficient turns from positive (0.35774) to negative (-0.00258) and its explanatory
power is reduced as its p-value worsens.
The variable DATA is still the most important to explain the variance of the model, and its
coefficient increases after six months have passed, going from 0.67052 to 0.89785
Its significance, on the other hand, remains almost identical, as its p-value changes from
0.0226 to 0.0221.
The explanatory power of the model remains however almost unchanged.
Considering only the treatment group, a significant change can be seen in the answers of the
respondents from the first to the second survey in regard to their reliance on the different
factors used to take a decision.
First of all, the Adj. R2 of the model increases by more than 30 times, from 0.0063 to 0.3507,
despite a smaller sample size. Likewise, the model’s p-value goes from 0.3548 to 0.0041.
These results show that while in the first survey the variations in the independent variables
could not explain the variation in the dependent variable, they can do so in the second survey.
Furthermore, the variable DATA, while non-significant in the first survey, becomes a valid
explanator of the dependent variable in the second model, as its p-value goes from 0.2732 to
0.0011.
This variable was not a good predictor in the first model and its coefficient had a low value (0.
48317), even lower than in the control group in the same survey (0.67052). On the opposite,
in the second survey its coefficient almost doubles to 1.34776, outclassing the coefficient of
the same variable in the control group (0.89785), showing how the treatment group relies on
data much more than the control group does.
On the other hand, the coefficient of the independent variable EXEC diminishes in both
groups after six months. However, in the treatment group the decrease is less noticeable,
thus suggesting that this group may still slightly rely on the executive’s opinion during
decision-making.
Nonetheless, the high p-value of these coefficients prevents them from providing definitive
answers.
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5.2.3 Scenario 2

EXT = 0 EXT = 1
Control Treatment Control Treatment

INT = 0 -33.111 2.500 7.417 12.068
INT = 1 -13.150 -8.857 -18.617 20.400

Table 8: Scenario 2: Differences in Means (After - Before)

By analysing the differences in the means between the two surveys, a divide between the two
groups’ behaviour is immediately noticeable, as shown by table 8.
While the control group increases its preference for external innovations in three out of four
versions of the scenario, the treatment group does the opposite. Surprisingly, the latter
increases its preference for internal innovations, more so in the versions where the external
opportunity is stronger (EXT = 1), although this may merely be an adjustment towards the
actual group tendency. As a matter of fact, in the version where EXT and INT are both
equal to 1, there is only one respondent to the first survey for the treatment group, so its
opinion may not be representative of the whole population.
Moreover, it must also be noted that the treatment group, despite increasing its preference
for internal innovations, is still more keen on using external innovations than the control
group, as its mean values are generally lower than the treatment group’s.
This may indicate an innate preference for external innovations on the treatment group’s
side, which the control group does not possess with the same strength.

Considering only the control group in the regression analysis, it can be seen in table 9 how in
the answers to the second survey the predictive power of the model plummets as its p-value
goes from 0.0008 to 0.4117. The same happens to the parameters’ significance, so that they
are not valid predictors in the second model. Moreover, both parameters EXT and INT
become weaker.
These results indicate that the independent variables lose their explanatory power in the
passage from the first to the second survey. The changes in the dependent variable, initially
easily explainable by the variations in EXT and INT, are now less predictable.
The findings also highlight the fact that the control group in the second survey becomes less
reliant on the characteristics of the different innovations when taking a choice.

Considering only the treatment group, the changes from the first to the second survey are even
more evident in table 9, in particular because of the low significance of the second model. As
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DV : Preference for in-house rather than
external innovation

Control Group Treatment Group
Before After Before After

Intercept
0.2547 -0.0110 -0.1340 0.1661
(0.2334) (0.4407) (0.3250) (0.4082)

EXT
-0.7380*** -0.2669 -0.6607 -0.2774
(0.2551) (0.4330) (0.4110) (0.4593)

INT
0.6692** 0.4056 0.4015 -0.0943
(0.2545) (0.4291) (0.4473) (0.4593)

Adj. R2 0.2896 -0.0062 0.1205 -0.0743
F-Value 0.0008 0.4117 0.0820 0.8166
N 39 26 27 24
*p < 0.1, **p < 0.05, ***p < 0.01 ****p < 0.001

Table 9: Scenario 2 Regression Model: NIH Syndrome

when considering other subsamples, the explanatory power of the model decreases, as shown
by the lower Adj. R2 and p-value in table 9.
Another interesting discovery is the fact that the coefficients of the treatment group are in
general weaker than the coefficients of the control group, and have less chance to be signifi-
cant for the determination of the dependent variable.
This means that the treatment group is less reliant than the control group on the character-
istics of the different types of innovations during its decision making process. Moreover, as in
the control group, this reliance further diminishes after the treatment has been administered.

5.2.4 Scenario 3

HUM = 0 HUM = 1
Control Treatment Control Treatment

MACH = 0 -5.357 -4.500 -7.857 0.500
MACH = 1 -0.181 17.500 6.083 5.000

Table 10: Scenario 3: Differences in Means (After - Before)

The changes in the means of control and treatment groups are quite similar in Scenario 3
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except for a couple cases, as seen in table 10. The first is the case where HUM = 0 and
MACH = 1, that is to say the version where the human option is not appropriate for the
task at hand while the machine option is the most suitable. Six months after the first sur-
vey, while the control group strengthens its leaning towards the do not delegate option, the
treatment group decisively increases its preference for delegating the task to a software, the
most appropriate option for this version of the scenario.
Moreover, the control group improves its capacity to identify the most appropriate option
for the case where MACH = 0 and HUM = 1, that is to say not delegating the task. This
change, however, is smaller than the one the treatment group undergoes.
The results do however underline the fact that both groups after six months improve their
ability to identify the most appropriate option for a given vignette, in particular the treat-
ment group.
The means reveal another puzzling fact: the treatment group, compared to the control group,
is more likely not to delegate the task when the human option is weaker, and is more likely
to delegate when the human option is stronger.
Moreover, as table 14 shows, both groups are decisively more likely to delegate the task when
the human is the most appropriate agent for its execution. This seems the opposite of what
could be expected to normally happen, although it pertains more to the innate characteristics
of the respondents than to the changes brought by the administration of the treatment.

DV : Preference for delegating the task to a machine
Control Group Treatment Group

Before After Before After

Intercept
0.4144* 0.2044 0.0816 0.1035
(0.2162) (0.3375) (0.3552) (0.4161)

MACH
-0.0994 -0.0745 0.4157 0.2964
(0.3116) (0.4006) (0.4170) (0.4285)

HUM
-0.7148** -0.3900 -0.7924* -0.4272
(0.2813) (0.3994) (0.4170) (0.4285)

Adj. R2 0.1050 -0.0422 0.0793 -0.0216
F-Value 0.0513 0.61603 0.1420 0.4817
N 39 26 27 24
*p < 0.1, **p < 0.05, ***p < 0.01 ****p < 0.001

Table 11: Scenario 3 Regression Model: Delegating to Machines
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Considering only the control group in the regression analysis, the first model in table 11 looks
quite reliable, as its p-value hovers at 0.0513. However, only the HUM parameter has high
validity (p-value: 0.0155), while the MACH parameter is an inadequate explanator, with a
p-value equal to 0.7515.
The MACH coefficient, initially equal to –0.0994, does not undergo any significant changes
in the second model, where it is equal to –0.0745, showing how its influence on the dependent
variable is null. On the other hand, the HUM parameter becomes weaker, going from a value
of –0.7148 to a value of –0.3900.
This shows that the treatment group does not really take into account the characteristics of
the software during its decision-making process, but on the contrary carefully analyses the
capabilities of the human option.
Moreover, both parameters lose their significance in the second survey, showing how the sec-
ond model is inadequate to explain the variance of the dependent variable.

Considering only the treatment group in table 11, some peculiarities can be observed when
compared to the control group, both in the first and second survey.
First of all, the models built for the treatment group exhibit a low validity in both surveys,
not only in the second one like the control group. Thus, it seems likely that the two variables
HUM and MACH are not well suited to explain the choices of the treatment group.
However, in the treatment group the values and the validity of the MACH coefficient is al-
ways higher than in the control group, thus suggesting that the former tends to take into
account the characteristics of the software when making a decision, contrary to what the
control group does.
On the other hand, the HUM parameter behaves like in the control group, exhibiting a neg-
ative coefficient in both surveys, which weakens, along with the variable’s validity, in the
second survey.
In general, the treatment group’s parameters in table 11 follow the same trend as the control
group’s after having received the treatment, that is to say they weaken and lose significance.
It would seem that both groups’ attention to software and human features during the decision-
making process has diminished after six months. On the other hand, this decrease could be
due to the lower sample size of the second survey, that would not permit the construction of
a model that can successfully capture the respondents’ tendencies.
In conclusion, in the second survey the model seems to be a better predictor of the depen-
dent variable for the treatment group, although in both groups its significance is low. On the
opposite, in the first survey the model is a better predictor for the tendencies of the control
group.
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6 Discussion

6.1 Correlations

The first interesting finding of this research emerges from the analysis of correlations between
dependent variables of different scenarios.
On the one hand, in both surveys a strong correlation can be observed in the control group
between the responses to scenario 1, that tests the tendency of relying on data rather than
on an opinion, and scenario 3, that tests the tendency of relying on machines rather than on
humans for complex tasks.
On the other hand, this correlation is not initially present in the treatment group, but emerges
after the treatment has been administered, and in the end it is even stronger than in the
control group.
A similar result can be observed in the correlation between the dependent variable of scenario
2 and the dependent variable of scenario 3. The former measures the tendency to rely on
internal rather than external innovations, while the latter measures the tendency of relying
on a machine rather than on oneself to execute a complex task.
While said correlation is non-existent in the control group in both surveys, the same is not
true for the treatment group. In the latter, after the treatment has been administered, a
strong and significant inverse correlation appears.
The two results seem to show that only among the students who received the treatment,
that is to say attended courses on Big Data and AI, decision-making processes along the
variables considered in this study have turned from not being aligned to being aligned, as the
respondents have developed strong correlations between the answers to different scenarios.
If we consider the answer to scenario 3 as an indicator of the trust that the students have in
machines, it seems that the more the respondents trust machines, the more they also tend
to suggest launching a new product, and the more they tend to use external rather than
internal innovations.
Moreover, answers to scenario 1 and 2 are never significantly correlated, suggesting two im-
plications. First, it is likely that some feature embodied by the answer to scenario 3 is
responsible for the alignment of the decision-making processes. Second, there is no apparent
direct link between a preference for basing decisions on data and incorporating external in-
novation.
The factor on which this mindset alignment is based may be the trust in software, as con-
templated before, or the ability to critically compare the capabilities of machines with those
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of humans. The latter case would mean that respondents with little knowledge of Big Data
and AI do not possess a unique framework for reasoning about the three different issues here
investigated, that are instead approached with separate and compartmentalized decision-
making processes. On the contrary, students who received the treatment would be able to
analyse the different issues with the same mental framework, thus exhibiting correlations
between their answers.
It can therefore be concluded that the treatment has had a distinct effect on how the way
of thinking of a person is organized, as treated respondents consider the issues presented to
them with the same mindset.
This could be the result of a new framework that was taught to the students during the
courses they took, or that was absorbed as a consequence of the exposure to these particular
topics.
As a result, the treated respondents now approach the different tendencies tested here with
a common mindset, giving answers based on common beliefs and ideas as a guide for their
behaviour.
This serendipitous finding shows how the courses have indeed reached some of their objec-
tives, such as teaching students a framework to critically analyse questions and issues related
to the use of data (CBS, 2017a, 2017b; Bocconi, 2017).

6.2 Scenarios

6.2.1 Scenario 1

The results from Scenario 1 seem to indicate that the treatment has had an effect.
After having received the treatment, the DATA variable shows a decisively bigger change in
the treatment group than in the control group.
In the former, while in the first survey DATA is not a good predictor of the answer and
its influence is moderate, it becomes an excellent predictor in the second model, and its
coefficient increases almost threefold, to 1.34776. Thus, the treatment group in the second
survey is much more reliant on data than the control group when taking decisions, since a
change from unfavourable to favourable data results in a much higher likelihood to suggest
the launch of the product.
Furthermore, looking at the difference in the changes of this parameter the contrast between
control and treatment group becomes even more apparent. The change in the DATA co-
efficient from survey 1 to survey 2 in the case of the control group is 0.227, while in the
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treatment group is more than three times that (0.865).
These results seem to suggest that the treatment has had the effect of increasing the reliance
on data during the decision-making process of the respondents.
The fact that attending a course on Big Data or AI increases one’s reliance on data does not
come as a surprise, as it confirms previous findings (Dunlap & Piro, 2016; Kippers et al.,
2018), but it is nonetheless important in proving that this kind of university courses has the
effect of teaching students to rely more on data during their decision-making process.

On the other hand, in regard to the tendency to rely on HiPPO and confirmatory bias, the
results appear mixed. In the first survey both groups seem to be influenced by a superior’s
opinion, although without much significance, particularly when it comes to the treatment
group.
As a matter of fact, changing the executive’s opinion in regard to the product’s success seems
to have no effect on the answer of the respondents, possibly because this opinion is never
taken into consideration.
The low validity of EXEC in the first survey could mean that both groups, and the treat-
ment group in particular, have a pre-existent tendency to not take a HiPPO into consideration
when taking a decision based on data, and at the same time exhibit a low confirmatory bias.
This tendency is even more apparent in the treatment group during the second survey, as the
validity of EXEC decreases, showing that it is even more likely for the dependent variable
not to be affected by the executive’s opinion.
This behaviour can also be observed in the control group, where the EXEC variable’s signif-
icance drops after six months.
The fact that both groups exhibit this tendency in the second survey may bring to two pos-
sible conclusions.
First, something may have occurred in the six months that separate the two surveys other
than the treatment, and has resulted in a general reduced trust in HiPPO across the whole
sample.
Second, the second survey did not accurately capture the actual tendencies of the sample in
regard to the EXEC variable.
The second option is certainly possible, but it may be contradicted by the fact that the
models for both the treatment and control group appear quite solid, with a p-value of 0.0678
and 0.0041 respectively. Still, it must be noted that this may be due mostly to the high
reliability of the DATA parameter for explaining the dependent variable. Thus, it is also
possible that the EXEC parameter is not adequately captured by the model. This may be
due to the sample size or to the vignette formulation.
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The analysis of the means reveals a preference of the respondents for suggesting the launch of
the product, as the mean value of the responses is always above 50, the value that expresses
neutrality.
This tendency is however reduced in the second survey, as the mean values of the responses
decrease. This change is more evident in the treatment rather than in the control group:
while in the latter the overall mean decreases only by 1 point, in the former it does so by 6
points.
This finding is further explained by the analysis of the means for each different version of
Scenario 1. As table 12 shows, in the case where the executive is confident about the launch
of the product but the data do not suggest success, after six months respondents have in-
creased their ability to select the most appropriate course of action. As a matter of fact,
they are much more likely than before to advise against a product launch. This change is
more pronounced in the case of the treatment group, as the mean value of the responses for
this scenario version decreases by 30 points, as opposed to a 15 points decrease in the control
group.
A similar result transpires from the answers to the version where both the executive and the
data suggest success. As in the other version, the treatment group increases significantly
more than the control group its ability to suggest the most appropriate course of action.
Thus, a clear result emerges: the treatment group improves more than the control group its
ability to correctly assess the best choice for a given vignette, as its answers become more
dependent on the actual data of the scenario rather than on the opinion of the executive.

The results of both regression and mean analysis prove that the treatment affects the stu-
dents in a positive way. Those who receive it become more reliant on data for their decisions,
and tend to select the best option for a given vignette.
This result confirms the finding of previous studies on data literacy (Dunlap & Piro, 2016;
Kippers et al., 2018), showing how exposure to in-depth knowledge about data can increase
a person’s ability to use data effectively.

In conclusion, Sub-Question 1 can be answered positively, as students rely more on
data rather than opinions after the treatment has been administered.
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6.2.2 Scenario 2

The results of Scenario 2 provide an interesting outlook of respondents’ tendencies in the
first survey and the way they change in the second survey, although the findings are overall
mixed and do not permit a definitive answer to Sub-Question 2 .
In general, the regression model built from the results of the first survey shows how a better
external opportunity makes respondents more likely to choose to incorporate an external
innovation within the company. Similarly, a better internal opportunity makes them more
likely to choose to develop the innovation in-house. These results are indeed not surprising,
as they only show that respondents do take into account the characteristics of both types of
innovation during their decision-making process.
Another common characteristic of the two groups is that the influence of INT is slightly
weaker than the influence of EXT on the decision of the respondent, suggesting that respon-
dents may care less about the characteristics of the internal innovation, possibly because they
are more critical of the external innovation and scrutinize it more thoroughly.
This result also seems to disprove the fact that there is a preexisting bias towards innovations
developed in-house, much documented in previous literature (Katz & Allen, 1982; Wastyn &
Hussinger, 2011), as if that were the case the INT parameter would have been expected to
be stronger.
The existence of a NIH Syndrome in the respondents is further disproved by the results of
the mean analysis. As table 13 shows, the respondents are generally more likely to choose
the external innovation over the innovation developed in-house. This tendency is especially
noticeable in the treatment group, which in almost all versions of the scenario shows a greater
preference for external innovations compared to the control group.
Some research does indeed support the absence of a bias for internal innovations, as it has
been shown that some companies may have a positive bias towards external knowledge (Piller
& Antons, 2015).
Nonetheless, the respondents to these surveys are students, not company managers or even
company employees. Without having worked in a company for some time, they have most
likely not yet experienced a sense of identification with it, and they almost certainly do not
have strong feelings for the company described in the survey.
Therefore, it may be that NIH syndrome does not manifest itself in the respondents simply
because they lack identification with the company or a group within it, a critical trait for
the development of NIH behavior (Wastyn & Hussinger, 2011).

A more puzzling result emerges from the changes between the first and second survey. Across

49



all respondents the coefficients and the validity of the dependent variables plummet, high-
lighting a general decrease in the relevance of the innovations’ features for the choice of which
innovation to use.
This trend is more pronounced in the treatment group, that after the treatment’s admin-
istration appears to lose all consideration for the characteristics of the internal innovation
during its decision-making process.
Therefore, it may seem that after six months the dependent variables have lost their influence
on the decision-making process of the respondents. However, this drop in significance and
influence can also be explained by the smaller sample size of the second survey, that may not
allow to accurately capture the tendencies of the respondents about NIH Syndrome.

In general, respondents seem to become more moderate in their preferences, leaning more
towards neutral values in their answers after six months have passed. As this phenomenon
is evident in both groups, it does not seem likely for the treatment to have had an effect on
the students.
In the end, the answers to this scenario ultimately lead to two relevant results. First, the stu-
dents in the treatment group show an innate preference for external innovations, not present
in the control group. Second, six months after the first survey, respondents are less certain
about which option to choose, and the features of the innovations are less relevant to their
decision.
There is however no indication of an increase in the treatment group’s preference for external
innovation.

In conclusion, Sub-Question 2 cannot be answered positively.

6.2.3 Scenario 3

The results of scenario 3 do not provide significant findings in regard to the efficacy of the
treatment for the purpose of investigating Sub-Question 3, but they manage to uncover other
intriguing changes in the preferences of the respondents.
In general, there are only a few differences between control and treatment group in how the
reliance on human and machine features changes between the two surveys.
As already described in Scenario 2, the strength of the coefficients wanes after six months,
highlighting a decrease in the reliance that the respondents have on both human and software
characteristics during their decision-making process.
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In particular the HUM parameter, a good predictor of the dependent variable for both groups
in the first survey, loses much of its significance and strength in the models for the second
survey. However, the fact that it is a valid and strong predictor for the dependent variable in
the first survey shows that respondents do take into account the characteristics of a human
decision-maker when considering whether to delegate a task, at least initially.
On the other hand, it is impossible to ascertain that the MACH parameter ever has a sig-
nificant influence the dependent variable, in particular for the control group. The software
features do nonetheless seem to play a role in the decision-making process of the treatment
group, as the value of its coefficient is above or equal to 0.3 in both surveys. On the opposite,
the respondents in the control group never consider the characteristics of a machine during
their choice of whether to delegate a task to it.
These results seem to indicate that the choice to delegate is still heavily based on the evalua-
tion of the skills of a person and less on the skills of a machine. Previous research has found
that change in delegation behaviour is caused by ICT and the tools to share information,
rather than the tools to analyse it (Bloom, Garicano, et al., 2014; Colombo & Delmastro,
2004). Although these concepts are inherently linked, the technologies that make up the
treatment lean more on the latter, and the results do not show any increase in delegation.
This further suggests that the delegation phenomenon previously observed (Hitt & Brynjolfs-
son, 1997) concerns human, not software, capabilities. If the development of communication,
rather than decision-making tools, is the factor that contributes to an increase in delegation,
that simply means that humans are still the agents taking decisions. As a matter of fact,
delegation may increase merely because it becomes easier for a person to access knowledge
from different sources and be empowered to take decisions, showing how human skills are
still the main factor considered during a delegation decision.
Therefore, it seems that, as shown by previous research (Hitt & Brynjolfsson, 1997), recent
developments in technology have not eroded the traditional human tendency to look first and
foremost for the right person for the job.
The treatment group, however, seems to possess a pre-existing tendency to more easily take
software features into consideration when choosing whether to delegate a task to a machine.
This may be due to the fact that students who have chosen to take part in courses which main
topics concern the capabilities of computers also probably have an interest in computers and
software, that can make them more receptive to the features of a software. Thus, they may
be able to more accurately discern the advantages and disadvantages of different software
solutions.
This possibility, however, cannot be confirmed as a consequence of the low significance of the
model in the second survey.
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Nonetheless, the self-selected treatment group seems to possess an overall greater awareness
of the importance that should be given to both the characteristics of the human and the
machine when taking a decision. On the opposite, the control group seems to only consider
the human factor, while regarding the differences in software features as unimportant.

As with the coefficients of the regression model, the analysis of the means does not show
many differences between control and treatment groups in the changes between first and
second survey.
Two are the only notable differences in the way the means change after six months have
passed. First, the treatment group greatly increases its preference for delegating when the
machine possesses more suitable features than the human for the task at hand. Second, the
control group increases its preference for not delegating when the software is less appropriate
than the human for executing the task. In the other cases, the changes in the means are
small and similar across groups.
Likewise, when it comes to group preferences, there are no vast differences between the atti-
tudes of the two groups. In general, students lean decisively towards the option delegate to
a software, showing perhaps a certain trust in the ability of machines to complete complex
tasks.
Furthermore, both groups do not seem to be able to always correctly discern which option is
most appropriate for a given version of the scenario, as they prefer delegating the task even
if not doing so is the most appropriate choice. This reflects the findings of the regression
analysis, and further shows how the characteristics of the different options become less im-
portant for the respondents’ final choice.
Both groups, however, do improve their ability to take the most appropriate choice in the
second survey, with no increase in their preferences for delegating to machines. Since there
are no significant differences between the groups, this change cannot be attributed to the
administration of the treatment.

In conclusion, Sub-Question 3 cannot be answered positively, but other potentially
interesting findings emerge from the results.
As this hypothesis was the one least based on the existing theory, this result may not be
surprising.

However, the fact that the administration of the treatment has no significant effects on
the respondents should not be dismissed as unimportant. If combined with the findings from
the other scenarios and the correlation analysis, a noteworthy pattern can be observed in the
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treated students.

6.3 Connecting the Dots

The final results of the three scenarios seem to suggest that the treatment does indeed have
no significant effects on the tendencies considered, besides increasing data literacy.
This should not, however, be taken as a sign that the findings are inconclusive. On the con-
trary, the inability to answer positively to sub-questions 2 and 3 clears the way for important
considerations on the effects of the treatment.

On the one hand, the results of correlation analysis and the findings of Scenario 1 show
that the treatment has had an effect. Using and learning how to use Big Data and advanced
analytical tools not only changes a student’s mindset and her approach to issues involving
machines, but also increases her reliance on data during decision-making.
On the other hand, the same treatment seems to have no effects on the respondents’ tenden-
cies concerning machines and external innovation. As the effect on the respondents’ mindset
and data attitudes is quite evident, this may come as a surprise.
This result, however, shows that students who get educated in the use of Big Data, AI, and
new technologies, manage to acquire data literacy without losing respect for and confidence
in human labour. This change is most likely a positive one. As automation steadily creeps
into the workplace, being able to recognize and harness human contribution for problem
solving, as the respondents do, will be an essential skill for managers. As a matter of fact,
the automation of many tasks now performed by humans will not be a sudden event, but a
slow process that will require the contribution of humans at every stage, despite what recent
articles may suggest (Arntz, Gregory, & Zierahn, 2016). Therefore, quickly dismissing the
importance of human contribution and skills would be a severe miscalculation.
It is indeed easy to think that a machine will soon be able to execute most tasks that are
now the domain of humans (Barrat, 2015), despite the fact that even the newest technologies
have several limitations on the tasks they can perform (Kelly, 2017). It would therefore be
troubling if managers and students exposed to AI and Big Data were to favour machines
without reserve during their decision-making process, as they could easily incur in automa-
tion bias (Skitka, Mosier, & Burdick, 2000; Wickens, Clegg, Vieane, & Sebok, 2015), and
would not be using the best resource for completing a given task.
In fact, human labour seems to often complement automation, and the current and near-
future abilities of machines should not be overestimated, a mistake that could result in a
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dangerous misallocation of resources (Autor, 2015).
Thankfully, the treatment does not seem to reflect this possibility, and has instead what one
may consider mainly positive effects on students, as it broadens their data analysis capabili-
ties without making them neglect the power of human contribution.
Therefore, it seems that the courses considered are effectively teaching students the right
competences needed to excel in the workplace and in their career. As they will likely be the
managers of the future, the thought that they will be able to value human creativity and
skills is certainly welcomed news, and this finding can contribute to the ongoing discourse
about automation and the future of human labour (Brynjolfsson & McElheran, 2016; Arntz
et al., 2016).
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7 Conclusions

The aim of this research was to investigate whether exposure to technologies powered by
Artificial Intelligence and Big Data can affect a person’s decision-making process.
To do so, business students taking their master’s degree were surveyed about their decision-
making tendencies before and after some of them took at least one elective course regarding
the aforementioned technologies, although most of them enrolled in three or four courses on
the topic. The changes in their attitudes were then analysed to see whether the in-depth ex-
posure to these topics had affected their decision-making process, with an experiment design
taking inspiration from difference-in-differences models.
The students who took the courses were considered the treatment group, and the ones who
did not, the control group.
The main research hypothesis of this study was that the treatment would have additional
effects on the sample’s decision-making tendencies other than increasing data literacy. Subse-
quently, three decision-making tendencies were tested. First, data literacy, treated as reliance
on HIPPOs and confirmation bias rather than data. Secondly, the presence and strength of
a Not-Invented-Here Syndrome. Lastly, the tendency to delegate tasks to machines.
The treatment has been found to have an effect on the first tendency, as students who re-
ceived it were drastically more reliant on data than before, when compared to the control
group. On the other hand, no significant results could be found in regard to the ability of
the treatment to have an effect on the other two tendencies.
Nonetheless, these findings can be highly informative about the tendencies of the surveyed
sample.
For instance, the results of the scenario dealing with NIH syndrome showed that students
do not inherently exhibit this kind of bias, a not so self-evident finding. Furthermore, the
results of the scenario testing the tendency to delegate to a machine suggested that students
who take courses on how to use data do not become blinded by their perks, and do instead
recognise the important contribution that human work can make.
There were, moreover, unexpected findings during the analysis of the correlations between
the answers to different scenarios. The tendencies of the treatment group, previously inde-
pendent from each other, became correlated after the treatment had been administered.
This suggests that the courses may have had the effect to stabilize and standardize the stu-
dents’ ways of thinking about these topics.
If these results are considered together, the treatment is found to increase respondents’ re-
liance on data, while at the same time preventing the development of an automation bias or
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a decrease in the quality of the respondents’ assessment of human work.
The implications of these findings can be divided in two broad categories, depending on which
entity, namely companies and academic institutions, is most affected by them.

7.1 Implications for Academia

The results of this research show that the courses taken by the students reach their aim of
having an effect on students’ mindsets and making them capable of critically analysing data.
After taking the courses, students show a common framework for thinking about decision-
making situations associated with concepts such as data, open innovation and delegation to
machines, in addition to being more aware of the characteristics of the data and software
they are working with.
Additionally, the fact that the treatment increases students’ data literacy, while at the same
time making them skeptical of blindingly trusting data, can be seen as a sign that the courses
have at least in part reached their learning objectives (Bocconi, 2017; CBS, 2017a, 2017b).
This study thus provides an indicator for understanding the value that these courses can
offer, so that students can take an informed choice when deciding whether to enrol in them.
Moreover, it also offers academia a way to assess the impact of higher education level courses
on students who attend them.
The fact that students develop a particular mindset after attending the courses considered
may also open a wider discussion about the merits of teaching such a mindset. It also high-
lights the importance of carefully considering the concepts and frameworks that are taught,
since these will undoubtedly have an influence on the way students think and take decisions.

7.2 Implications for Business

The findings can also offer valuable indications for businesses.
First of all, the students in the treatment group seem to be more able to critically discern
different software and data characteristics while taking a decision when compared to the
control group, in particular after the treatment has been administered.
Companies should then be aware that students taking courses on AI and Big Data are more
capable than others to understand and critically interpret data analytics. As these students
will likely be the managers of tomorrow, and managers who understand data analytics have
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a greater professional advantage over those who do not (Migliore & Hubbard, 2016), compa-
nies can benefit from this advantage, also thanks to the fact that these people can effectively
harness data-driven decision-making to boost performance (Brynjolfsson & McElheran, 2015,
2016).
Secondly, this research provides further confirmation that business students, future employ-
ees, do not have a pre-existing NIH Syndrome. On the contrary, they seem to welcome the
incorporation of external innovations into internal product development.
This is important information for companies, that can thus act to assure that the syndrome
is never developed. This can be done by devising incentives for encouraging the adoption of
external innovation, and by promoting a culture that does not assume in-house superiority,
like some companies are already doing (Piller & Antons, 2015).
Lastly, some of the findings seem to suggest that the students of the institutions considered
are not afraid of delegating complex tasks to software but at the same time do not forget
the importance of human work. This should be welcomed as good news by business, as it
means that there exists a workforce capable of working in harmony with machines without
discriminating against humans. Since many of the new jobs created by automation will re-
quire these types of skills (The Economist, 2017a; Brynjolfsson & Mcafee, 2014), companies
should be aware of the benefits that such a workforce can entail.

7.3 Limitations

This study presents various limitations.
The first issue pertains to the sample selection. Although I believe business students at the
end of their academic experience are a close enough representation of managers, as it is often
the case in research (Hutchinson et al., 2010; Schulz-Hardt et al., 2000; Aiman-Smith et al.,
2002), they could differ in some characteristics that may influence their responses. However,
the use of students as a sample allowed this research to produce findings about the effective-
ness and the effects of some of the courses taught at Bocconi and CBS.
A second limitation is the sample size, that could have resulted in the non-significance of
some of the regression models and may have limited the validity of the findings. This limi-
tation was a direct result of the treatment design, as there is a limited number of students
taking the kinds of courses appropriate to be considered a valid treatment.
Another related unwanted influence could have taken place because of the different formula-
tions of the scenarios in the two surveys, which may differ in some key points so that they do
not present a similar enough situation across both surveys. That is to say, the same scenario
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presented in two different surveys may have not been similar enough to affect the respon-
dents’ answers in the same way, thus eliciting and measuring slightly dissimilar tendencies.
These limitations, however, do not significantly reduce the validity of the results obtained by
the experiment.

7.4 Directions of Future Research

The findings of the present research, together with its limitations, can certainly offer some
indications on other interesting lines of research that would be worth exploring by future
studies.
The most obvious might be the testing of the same hypotheses exposed in this thesis with
a larger sample, or with a sample whose respondents are managers instead of students. In
case the experiments were to be repeated with students, it would certainly be beneficial to
include students from more courses and more universities, such as all those which share a
Double Degree agreement with EMIT.
Another important development of the work presented here would be finding a solid indicator
of trust in machines and explore the potential correlations and causal relationships that it
may have with the decision-making tendencies considered in this study.
Moreover, finding out how trust in machines and software is born and which factors influence
its development would surely be a related interesting topic of research.
Furthermore, there may be room for the analysis of NIH Syndrome-related tendencies that
can affect its emergence, such as the way communication is handled (Katz & Allen, 1982)
or the way knowledge is organized (Husted & Michailova, 2002). Devising a vignette study
where these elements are the independent variables and students are the respondents could
shed light on whether no NIH Syndrome is actually present or if this research did not take
into account the factors that promote its appearance.
Lastly, it would be intriguing to investigate more extensively the attitudes of future and cur-
rent managers about human and machine workers. While this thesis can provide a starting
point for a deeper analysis of the relationship between human and machine contribution to
problem-solving, it is certainly not a comprehensive study of companies’ attitudes about the
issue.

This research has provided a first outlook at the way the latest analytics technologies shape
some particular aspects of the human mind related to the decision-making process.
The limitations of this study will hopefully be a starting point for new research, and its find-

58



ings hints for a wider discussion about the role that students, managers, data and universities
can play in a world increasingly centered around smarter machines.
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Appendices

A Dependent Variable Mean Values

Avg Survey 1 Avg Survey 2 EXEC DATA Group N Survey 1 N Survey 2
52.917 51.000 0 0 Control 12 4
68.600 68.889 0 1 Control 10 9
60.778 45.600 1 0 Control 9 5
76.333 71.625 1 1 Control 9 8
41.286 43.875 0 0 Treatment 7 8
84.800 81.600 0 1 Treatment 5 5
76.429 45.333 1 0 Treatment 7 6
62.000 73.600 1 1 Treatment 8 5

Table 12: Scenario 1 Mean Values: HiPPO, Bias and Data

Avg Survey 1 Avg Survey 2 EXT INT Group N Survey 1 N Survey 2
61.778 28.667 0 0 Control 9 3
70.400 57.250 0 1 Control 10 8
31.917 39.333 1 0 Control 12 9
57.000 38.833 1 1 Control 9 6
41.500 44.000 0 0 Treatment 8 5
58.857 50.000 0 1 Treatment 7 2
28.182 40.250 1 0 Treatment 11 12
14.000 34.400 1 1 Treatment 1 5

Table 13: Scenario 2 Mean Values: NIH Syndrome
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Avg Survey 1 Avg Survey 2 HUM MACH Group N Survey 1 N Survey 2
71.214 65.857 0 0 Control 14 7
50.467 50.286 0 1 Control 15 7
66.857 59.000 1 0 Control 7 6
46.750 52.833 1 1 Control 4 6
63.000 58.500 0 0 Treatment 7 4
32.500 50.000 0 1 Treatment 6 6
70.333 70.833 1 0 Treatment 6 6
50.875 55.875 1 1 Treatment 8 8

Table 14: Scenario 3 Mean Values: Delegation to Machines
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