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Abstract

We focus on both individual and local uncertairtyekplain the innovation potential of entreprendnrthe NUTS1
UK regions in 2005 and 2009. The ‘potential sugpfisnction’ (Shackle, 1949) clarifying why sometgrgromising
business choices are truncated is taken as a destnmof an entrepreneur’s innovation decision. GEBobal

Entrepreneurship Monitor) data and data on psycficdd types are used in the empirical analysis. @t@mnometric
estimation strategy addresses both the issue efteml bias (due to uncertainty) and that of zeftaied data (i.e.,
presence of only a few highly innovative actoreamparison to the majority in our sample). Findisgggest that
local uncertainty is the predominant determinanindividual entrepreneurial choice. The regiondéef appears to
amount to about 4% of the innovation differencemss NUTS1 UK regions, while almost one third ofist
determined by the local level of uncertainty bidbus, the novelty of the present study is thathibvgs how
differences in local cultural tolerance to uncertgimay explain differences in the quantity of tated innovative
ideas among localities.
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1 Introduction

Are non-entrepreneurs in general non-creative g&o@lr can they be sub-divided into two types: pzopl
with no ideas at all and people with very innovatisdteas who are however not encouraged to venttoe i
entrepreneurship by the local environment or by gapendence? By sticking to the presumed certainty
knowledge derived from past experiences, do wetrainsthe growth of new knowledge itself? Why is
the evidence regarding the impact of knowledgeamall economic growth still somewhat patthyAnd
more in particular, why is there no well-substaetiaexplanation for local disparities in entreprare

succes®

In order to address such questions, one majordsiércontemporary research, initiated by Aghion and
Howitt (1992), has argued that the new enterpssani engine of economic growth, whenever it is &ble
generate innovation and to grow big the Steve Jobs type of success, which stam#,sgnows fast, and
becomes so large to be soon included inRbigune 500 This entrepreneurial success is clearly different
from a neighborhood hairdresser shop opened byhmigal school graduate and closed down at her/his
retirement age. Yet, this barber shop may alsoearded as a success in terms of job creati®uch
heterogeneity in the nature of entrepreneurial @uts confronts economists clearly with a difficult
measurement problem (Fischer and Nijkamp 2009sdfriind Storey, 2014). However, whatever further
development a new business undergoes, it alwayts stf by taking a decision about venturing into a
activity facing actual uncertainty on the choicgarling ideas on which little is known from prewsou

experiences.

A seminal contribution to understanding the mecsrandifferentiating between the operation of riskl an
uncertainty in making a choice on innovative ideas proposed by G.L.S. Shackle (1949), in the fofm

what he calls a ‘potential surprise function’. vial ideas for which enough past examples are

! Cf. also Romer, 1994; Mulhern, 1995. The mainifigd from the entrepreneurship literature are regooby Baumol, 1990;
Griliches, 1998; Audretsch and Fritsch, 2002; Kel@002; Carree and Thurik, 2003; Audretsch andnhat, 2005; Yusuf
2012; Piergiovanni et al., 2012.

2 Frenz and letto-Gillies, 2009; Phelps, 2013; MoR@14; Tubadiji et al., 2016.

3 Schumpeter, 1934; Romer, 1994; Santarelli and réllia2007; Astebro, 2011.



implemented and the probability of success or failmay be statistically predicted or evaluatedugloa
standard risk related function. Genuinely new ide#h little or no previous implementation or susse
feedbacks are evaluated under uncertainty regatdmdnal outcome. The uncertainty-based funcbbn
this business evaluation describes essentiallyoaegs of a double negative selection bias, takingra
input for choice a new idea for investment. Depegadin the level of innovativeness, the knowledgauab
the expected return on this investment faces diffedegrees of uncertainty. The least innovatieasdare
well known to the market in terms of their afterhrgtand face therefore little uncertainty, and egeily
truncated as beingnprofitable The innovative ideas for which some degree ofkadge is present at the
market will easier get accepted, as they are likelye associated witiormal profits The most innovative
ideas, which potentially may be tineost profitableones, get often truncated (excluded) from theo$et
propositions for choice, as the level of uncertaiabout the aftermaths of their implementation esyv
high. Ultimately, this is how an uncertainty-driveelection bias generates a pool of entreprengunah-

active individuals, among whom both the least iratwe and the most innovative actors can be found.

Our study aims to delve further into — and to dnriche original Shacklean potential surprise fiorcby
distinguishing between different levels of uncertpishaping the actor’'s choice mechanism, thatesapt

a classical focus in the entrepreneurship liteea{see Zhao et al., 2010), in which many authorzgi
1991; Fritsch and Wyrwich, 2017, 2014; Huggins dalmdmpson, 2015; Stuetzer et al 2015; Tubadji and
Nijkamp, 2015a) have identified the logallieu as a source of entrepreneurial spirit and persisteThe
distinction between individual and context is natiyr a well-known distinction in bounded rationglit

approaches (see for instance Munier et al, 1999).

To express the idea of a dual level of uncertabdlgind the potential surprise function, we focusboth
the uncertainty-related inclinations of the entesy@ur (hdividual uncertainty and the uncertainty-related
attitude characterizing the spatial cultural cohtex which an entrepreneur makes her/his investment

decision [ocal uncertainty. Our aims are, therefore:

“ Birch, 1987; Loveman and Songenberger, 1991; Nekigtaal., 2011; Kok and de Wit, 2014.



* To conceptualize the mechanism linking the indigiduncertainty of the entrepreneur to the fact

that the success of a new enterprise is a suforiseciety;

* To analyze how individual attitudes toward uncerhai and the local surprise from the

entrepreneurial idea jointly shape the innovatiorcpss;

» To address and test empirically the hypothesisitithvidual and local uncertainty may determine

the outcome of innovative processes.

The structure of the paper is as follows. Sectiae\dews the literature on how uncertainty relates
potential surprise function. Section 3 presentsstable model of the link between Shacklean unicgyta
and a Schumpeterian Quality Ladder (QL) model legqdio an entrepreneurial investment decision.
Section 4 introduces the data base and the estimatrategy, while Section 5 describes the empirica

results. Finally, Section 6 offers concluding reksar

2 Entrepreneurial Investment Choice, Knowledge and Cliure

Uncertainty is a condition for human choice. Siktabert Simon (1955), human choice in economics has
often been discussed in a perfect-rationality \@unoled-rationality antagony. When faced with choice
situations characterized by insufficient knowledageout the implementation or social acceptance of
discussion on projects, individuals experience ttaggy and tend to avoid often such projects, eNen
these would be potentially profitable. This leattes question open as to how boundedness in knoeledg
can be overcome on an aggregate (local) level.riBwar this question, one should state which are the
levels of uncertainty relevant to investment chdiggotential entrepreneurs.

Firstly, every choice depends on individual knowgedwhich in turn is only a segment of the body of
human knowledge and can be said to operate undulitmms of epistemic uncertainty (Tversky and
Kahneman, 1973; Kahneman, 2011; Shackle, 1949% ifdividual epistemic uncertainty has a different
weight in one’s choice. In fact, the human agemssyé behind a certain choice may rest with thesaeei

maker, a second person or a group (Bandura, 198@aer, 1991; Shepherd, 2011). Thus, the nature of



these economic choices will be different with relygr who bears the responsibility for the afterraadb
well as the benefits from the outcome of the ch¢&feepherd and Zacharakis, 1997)

Moreover, if identical agents are observed andatfalable economic input is controlled for, theiindual
attitude towards uncertainty remains the only leario choice. Yet, even when we take responsibulitly

for ourselves, we still strive to remain rationatlaminimize our chances for failure to a reasonaftent.
Therefore, when taking a risk, we aim at findingoad that better addresses the economic production
mechanism and serves the supply and demand megisams a way that under profit-maximizing
conditions will minimize the risk of eventual loséet, for many options we do not know the exadk ris
faced because of a lack of previous observationa probabilistic estimation of potential outcomedssT
process of considering uncertain options is knos/tha epistemic (knowledge) challenge for innowgtio
tapping on the ‘unknown unknowns’ (Arrow, 1971; &kia, 1983). This phenomenon can be formally
represented, following Schumpeter, with a "Qualiadder modef, where a jump from one level of
knowledge to another drives the process of crealstruction in the economy.

Secondly, local uncertainty shapes the culturengf given part of a territory and ultimately affe¢tse
outcome of individual economic choice. The induadl attitude regarding conditions of uncertaintyais
function of personal psychological tolerance to aertainty. Homophily brings people with similar
preferences spatially sorted in groups (Axelrod97)9 But since local culture is an aggregate of
idiosyncratic individual uncertainties, its averdgeel is always different from the specific indivial level
regarding uncertainty. This local culture might ewetensify the individual attitudes in an aggregetrm.

On the one side, this is consistent with the typeagent-based model put forward by Schelling (see
Arribas-Bel et al., 2016), and on the other sidthwthe National Systems of Entrepreneurship ambroa
that entrepreneurial processes are embedded ihota¢ institutional framework (Acs et al., 2014).
Therefore, in every choice the decision-maker, a$ pf society, has to handle — on top of her/ms o

uncertainty — the uncertainty experienced by herfimoup and society at large, which are eventually

® When taking a personal choice, we obviously hass tesponsibility to anyone else but ourselvegf@utcomes and
aftermaths. It is therefore up to the decision-masevhat degree of risk and uncertainty she/hetsvemexpose her/himself, the
individual interest being the only barrier for madsia choice. The highest level of uncertainty withocal cultural constraints
by the potentially inflicted damage to third pastimay be accepted by the entrepreneur.



stakeholders (or evaluators) of the choice made. iliblusion of local uncertainty in one’s own perab
choice is termed here cultural embeddedness (seekdbosterman and Rath, 2001; Kloosterman et al.
2010).

Cultural embeddedness applies to every human chBigewhy is it especially relevant for choice unde
uncertainty? It is known that in a cognitive prac@ge can think fast (spontaneously) or slow (anzily)
(Kahneman, 2011). Accordingly, we are able to repcintaneously — through our heuristics — to sorall
emergent threatening circumstances that requireehiate action. But normally, we base our decisions
regarding economic investments, among others, taned and strategic cognitive processes. In such
choice situations, we involve more of our skilldddmowledge: As stated in the relevant literattihese
processes are subject to contextual cultural endziraesS Yet, only a few studies have shed light on the
mechanistic link between probabilistic rationalgyd group-heuristic preferences and rules. Meaewhil
the latter are influential, as they are culturatistitutionalized (as informal institutions in Ddags North’
(1990) sense) in a locality. They represent a aerimarrier to free decision-making and its costefien
analysis (Becker, 1968).

We can now analyze the way individual and localeutainty influences the potential surprise function
terms of a precise determining mechanism. As 384949) explains, venturing into innovation ingdi
facing the world of the ‘unknown unknowns’; i.d.yequires deciding on propositions beyond thosmiab
which the probability of success or failure is pbkesto statistically predict, based on past exgeres.
Thus, risk of an unknown level is addressed bydéesion maker in a situation of uncertainty (Krjgh
1921; Soros, 2014; Amoroso et al., 2016). Thisasitun is perceived as a threat by our cognitiveesgs
which therefore activates what Kahneman (2011) gethe ‘fast thinking’ mechanisms. As a result,

propositions which are in the domain of the ‘unkmownknowns’ get ‘fastly’ truncated (excluded) from

® See e.g. also King and Levine, 1993; Ericson aaik®, 1995; Cohen and Klepper, 1996a,b; KletteGnilithes, 2000; Barro
and Sala-i-Martin, 1995.

" See Rawls, 1971; Ajzen, 1991; Davidsson, 1995; thwes et al., 2014; House et al., 2002; Hofstedé BttCrae, 2008:;
Tubadji et al., 2016; Laspita et al., 2012; Huggansl Cliffton, 2011; Huggins and Thompson, 2015)lt@e as a local factor
for individual choice is often termed differently the literature: cultural habitus (Bourdieu, 198@jgel 2016), embeddedness
of decision making (Rawls, 1971), or culture agidf “shared values legitimating social practic@&7ildavsky, 1987, 1988).
In the economics literature, local culture has biequently analysed, among others, by Burt (199@ 2000); Ajzen, 1991,
Leibbrandt et al., 2013; Alesina and Giuliano, 2015
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the set of those considered for choice. This trimeamechanism is the potential surprise function
suggested by Shackle (1949).

Our proposition regarding the analytics of this mdmenon is to adopt the Culture Based Development
(CBD) approach of considering together in an exgiary model the individual and local cultural
preferences and their interaction (Tubadji and &, 2015b). And therefore, we suggest that the
truncation in the potential surprise function has tlevels — a truncation due to one’s individual
uncertainty and a truncation due to the local uagdy, with the interaction between them reflegtin
internal conflicts with the preferences in the eorment at hand. When our own slow analytical timgk

is challenged by lack of knowledge, we make out@hby switching to fast heuristic thinking whicketds

on local culture and its cultural uncertainty level

Thirdly, the nexus that remains to be considere@ Ie what makes entrepreneurs different from non-
entrepreneurs, and how decision makers becomeogetszous on an uncertain level of deciding without
previous experience for comparison. According tackte, openness to the ‘unknown unknowns’, in spite
of their uncertainty, is what makes a differencénimovative choice (Shackle, 1949). Thus, whil& dses
existing knowledge, uncertainty uses the localuraltattitude and its heuristics to determine choithe
local uncertainty may truncate on its own rightfuk&leas, even if we are ready to accept the uacey.
Thus, the pool of people locally constrained frontrepreneurial investment are both people who don't
have innovative ideas at all, and people whosesitieae been rejected as a consequence of indivadual
local uncertainty. This process results in Webelomal differences in rationality (Weber, 1905; ad,
2014), implying people from different localitiesdeng up with differences in their rational thinkiagd in

the generated solutions for the same problem. Sawa uncertainty drives innovative choice, thalgy

and quantity of innovation (and of lost (truncat@a)ovation) will thus differ among regions dueth®

cultural relativity across space.



3 A Culture Based Development Perspective on Uncertaty in the Schumpeterian

Quality Ladder Model

Schumpeter’'s (1934) Quality Ladder (QL) model hessash much theoretical and empirical attention. It
states that, at a given level of knowledge, theepaf a project is set through a net present vialudtased
on: (i) the available investment and (ii) the expdareturn on investment components. This modelbean
associated with Shackle’s (1949; see also Cowed)2@ork on the ‘unknown unknowns’ and the related
potential surprise function. According to this cept; every individual learns through her/his unigagh

of experience, so that every person’s perceptioatmhnality and risk is somewhat unique.

The Culture Based Development (CBD) model addshiacie’s view a neo-Weberian perspective on the
significance of the local factor and the spatiaiting of people according to their preferences.rEife
unique, people tend to spatially sort accordinghtr cultural proximity (Axelrod, 1997; Hofsted&983;
2001; Tubadji and Nijkamp, 2015b).

Both individual epistemic uncertainty and local gpocultural embeddedness are, therefore, to bertake
into consideration. The following general model wicertainty, culture and innovation augments the
Schumpeterian QL model with Shackle’s surprise tioncof the ‘unknown unknowns’:

Yij = fcc(Aj, (1-A)i, Z, I'ij) (l)

where the index i stands for the individual i, qfor the locality j, while Y| is the entrepreneur’s economic
success measurej & the available level of knowledge in one’s hasifi.e. the locally known part of the
world where he belongs to intellectually), (1-&)the individual share of local knowledge not Wmoto

the individual (i.e. her/his personal ‘unknown ualums’ domain, which is different than her/his skill

level)®, Z is the capital investment required for impletivemnthe entrepreneurial idea under consideration,

8 In the classical QL model, Aj is a constant, whinhy hold true only in given moments of time/lotie$. (1-A)i is a person-
specific uniqgue number denoting one’s path of égpee and training, and it is just one of the eletméntegrated in Aj. When

Aj is a monotonous constant function, the integatl the direct sum of the individual pieces of ktealge are not the
mathematical identity due ta) Shellings’ A-B type of intensification of beliefsn an aggregate level on one side (so some
pieces of individual knowledge have been truncdteth the aggregate belief function), ahjithe fact that some pieces of
individual knowledge coincide between individuadsd this counts as one piece of true knowledgejiandl is not multiplied

by the number of individuals in possession of w3, true knowledge in possession of people inlitggais a non-additive
constant, while individual knowledge is a functiohit which follows an individually specific randomrocess of cognitive



and f is the rate of return from this investment overdifor the specific entrepreneur i in the specific
locality j (which is a probabilistic function of ¢hpast preferences of the local market about simila
goods/services as the proposition under consideatirfhe output of this function tends to move to a
different level of innovation depending on the ardd limit imposed by local cultural relativity and
denoted here as CC (i.e., local cultural capitailfout, 1956; Tubadji et al., 2015a).

Based on the above model (1), we can now statéestable hypothesis as follows:

HO1: Under ‘consideration-for-investment’ choice catmais, both individual and local uncertainty are
formative for the predicted future profitability ah idea for innovation, and thus they predeternuekeris
paribus’ how close to the optimal economic success (imvativeness) the chosen idea will be.

The innovative potential of the entrepreneur isuacfion of the transformation of her/his utilityoin
uncertainty avoidance into a risk preference wincbulturally embedded, i.e. dependent on locaiucel
The empirical testing of the above hypothesis usnoglel (1) is the subject matter of the next sectiavo
different econometric approaches will be combinedour operational modelling approach in order to
triangulate (i.e., to confirm as a final infererfcem two alternative estimation methods appliedtioa

same query) the conclusions reached in this study.

4 Operationalization of the CBD Uncertainty QL Model

4.1 Database
Our goal is to explore whether it is the individual the local uncertainty that is decisive in the

entrepreneurial process, using the UK as a casdy.sfhe dependent variable is the degree of
entrepreneurial innovativeness that an individued Bngaged in. The independent variables are divide
into two groups: (i) economic factors (the investtneieeded and the risk of the investment —
probabilistically known from past experiences —dshen Schumpeter’'s QL model; and (ii) cultural dast

— comprising the epistemic uncertainty propose&bsckle (1949), driving the potential surprise tiorc

formation of the individual. It is (1 — Aj) and @ Ai) that gives the sum of absolute full truth ainiis epistemically unknown to
the individual due to bounded rationality.



which is responsible for the generally low numbéinmovative individuals in every society — and the
Culture Based Development (CBD) and cultural-gsawiotivated variables: local cultural embeddedness
and an interaction term between individual uncetyaand local uncertainty of thailieu in which the
individual is embedded. For a summary descriptiooun variables, see Table 1 below.

+++ Insert Table 1 about here +++
To quantify the relevant variables, we use two sketta— (i) the Global Entrepreneurship Monitor (GEM
and (ii) the psychological types of the UK regiamsa NUTS1 level, obtained from Rentfrow et al. (2P
The GEM data is the main source, informing our deleat variable and most of the explanatory vargble
while the Rentfrow et al. (2015) dataset is useprtwide a measure for local uncertainty, as aaraétive
to the self-reported individual perceptions avdddipom the GEM dataset. The GEM data cover thesyea
2005 and 2009. While the year 2005 is only used asntrol datas&t the data for the year 2009 is the
main dataset, containing over 30,000 observationsaaregional identifier on the NUTSL1 level for gve
individual observation..
Our variables are grouped into three categori¢stéindard QL model variables, (ii) cultural unaerty
variables which are the main variables of intefesbur Shacklean working hypothesis for the sigaifice
of uncertainty as a driver behind the potentialpgge function; and (iii) personal controls. Foeth

derivation of these variables from the GEM questaire, we refer to Appendix 1.

Specifically, the main dependent variable is ladmeyl and indicates the level of innovativeness chosen b
the individual. This choice indicator varies betwe® and 10. It has been obtained on the basiseof th
ranked levels of individual involvement into entrepeurship (respectively, rank 4 if running a pieva
company and being involved in its operation, ranktiing employed in an entrepreneurial activignk

2 if being an owner of an entrepreneurial activipd the lowest rank 1 if only intending to open a
business in the next 3 years). As an individualhiige involved in more than one type of activitye w

aggregate additively the reported types of acesitper individual. For more details on the precise

° On the limitations of the ceteris paribus concs® Nijkamp (2007), as well as Kahneman'’s (201¥kwa random success.
9 The year 2005 is only used as a control datasettaithe crisis period proximity of the year 2@G0@i the eventual shock-
driven deviations from the usual economic perforoeams the concept of cultural hysteresis wouldyesas a plausible
explanation (see for details Tubadiji et al., 2016).
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guantification ofy, we refer to Appendix 1. Based gna dummy variable equal to 1 is generated for the
cases when the dependent variable needs to betalicbos. This dummy variable is labelldg and is

equal to 1, when vy is different from 0.

Additionally, the innovation choice has to be expda with the economic capital available for invesnt

(2) and the expected return on the investmeni(i3.calculated by the authors on the basis of méiion
from the GEM questions about the amount of capiallable to the entrepreneur. The expected redarn
investment is quantified in a different manner for the diffat types of entrepreneurial categories due to
the different questions suitable for this purpo$éese involve alternatively either a ratio between
employed personnel and expected employed personrelfive-years period ahead, or a self-reported

percentage of expected return. For a precise giiseriof the quantification of andr, see Appendix 1.

Our uncertainty-related variables are thus indigldand local. The individual epistemic uncertainty
attitude is measured through a dummy variable,lletheas EpU, equal to 1, if fear of failure is self-
reported as a barrier to venturing into entreprestep. The local attitude to uncertainty is alteirely
quantified through the GEM or Rentfrow et al. (2DHataset. The GEM measure is the self-reported
perception of the level of local openness to emémegurial activity. This is a dummy variable labkéll
CEmbh equal to 1, if the locality is considered prorepteneurial in spirit by the individual. The
motivation of CEmbis based on an individual experiencing culturabeddedness in a locality with a
lower level of fear of uncertainty (higher toleranto uncertainty) whe@Embincreases. Alternatively,
Rentfrow et al. (2015) provide the level of eacHio¢ psychological types for 12 (out of 14 in ptaK
NUTSL1 regions. These five psychological types —allgueferred to as the “Big Five traits” (cf., anmp
others, Gosling et al., 2003; McCrae and Costa32@bschonka et al., 2013; Stuetzer et al., 2015) -
include: extraversion, agreeableness, consciemésss neuroticism and openness. We use the level of
neuroticism (i.e. level of emotional stability) approximate a higher level of uncertainty avoidaasét is

the closest in its essence among the Big Fivedm#iture of uncertainty. This variable is labeldel We

will pursue the estimations with all available afigtive variables, but will report here on the basiRF1

and eventual deviations from its performance bydifer psychological type variables. Also, we ribist

11



our two alternative measures for local attitudesuteertainty, CEmb and RF1, are expected to have
opposite impacts on innovation, since the incraasthe GEM based variable signifies a decrease of
uncertainty avoidance, while the increase in RIEL variable signifies an increase of uncertainty

avoidance.

In addition, personal characteristics obtained fithen GEM dataset are used as control variablesselhe
include: the age category of the individual (valéalabelledagg, a dummy variable equal to 1 if the
gender is male (variabl@ale); the educational level of the individual, a dumwariable equal to 1 when
the person has the highest (university level) etioical degreel(c); and a dummy variable equal to 1 if the
individual is unemployed (labelleghemp). Finally, we do not include controls for distartoeuniversity
as it is well knownfrom the literature about UK thie latter does not have overall sufficient erplary

power for local innovation (see, for instance, Abowsky and Simpson, 2011).

4.2 Estimation Strategy
The use of the above empirical data on innovatefealiour and entrepreneurship, as presented inlmode

(1), leads us to pursue the analysis of innovasind entrepreneurial propensity as a limited depgnde
variable case. We have a “double negative” potestigorise function, where an innovative idea migét
assigned a zero potential surprise and be exclasiedpotential choice due to being either too ningtbw
or too much above the current quality-ladder leat&hinable to the average decision-maker’'s knovdedg
The resulting variable can have a value of 1, 2 3oretc. depending on the mode of one’s
entrepreneurial/innovative involvement (i.e. entezy@ur, employee in an entrepreneurial activityestor
in someone’s entrepreneurial activity, etc.). Hoareyf an individual is observed as non-innovatsieg/he

is assigned the level of zero innovative choicas Eondition can be summarized as follows:

Yij = [ y*, if Yij 0, and y* = 0, if Yij <0 ] )

The above expression (2) means that the potentimivative choice is what is observed in the datg on

when the choice has actually been made, and themliie is different from zero depending on thel®f

12



innovativeness of the idea as perceived by thesaecimaker. Yet, when the potential innovative cbds
not undertaken, and is registered as zero, thes meght stand for either: (i) real lack of innowagioption
for choice, or (ii) an overly innovative option fahoice that the individual could not realize. Thaar
dataset has a double negative zero — denotinglbasit and most innovative propositions for choloe.
other words, the entrepreneurial innovative chdiagset is censored from below, with zero as thtngu
value for the censoring.
Thus, since we have a sample censored from beé&dty &t zero, we should apply an estimation mefitod
for dealing with this type of situation: either @bit model, or — the assumptions-wise more relaxed
Cragg model which allows for different independeatiables to be used for explaining the selection
process and the choice process. Finally, a Hecksedgction model may also be appropriate, as our
dependent variable of interest is innovation choiehile we are approximating it with a choice for
venturing in entrepreneurial activity. This leas®en the probability that some of the people whamab
engage in entrepreneurship still may have innoeatieas and avoid the choice due to cultural lraroé
uncertainty. A test of log likelihoods for the TglCragg’s and Heckman models will be inferredlioase
the most appropriate of these three estimationcambies.
In specific terms, our empirical operationalizatafrmodel (1) has the following form:

Pr(Y>0) = F@o + p1Z + Bor+ p3CC), considering that

E(Y[Y>0) = F@4 + BsZ + Ber+ f7CC) + Adj (3)
Model (3) shows that we will estimate a Probit mddethe effect of the size of investment neededh2
rate of expected return r, and the cultural biasugh uncertainty CC, on the level of innovativene$
choice by the entrepreneur approximated with tipe tyf entrepreneurial activity the person gets Ivea
in (an individual entrepreneur, an investor (outufe investor) in entrepreneurial activity or anpboyee
in entrepreneurial activity). We will adjust thenet estimation of the same model for the case of the
truncated sample, where the zeros are removedthisutemoval is accounted for with the factor Adj,
which accounts for the dual limit of the probalildaf Y being equal to or less than 0 (where Adetaks
specific standard mathematical form depending omtiadr we apply the Tobit, Cragg’s or Heckman

model, respectively). The theoretical underpinnaighis truncation explaning estimation stems diyec
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from the truncating Shacklean potential surpriseciwon based on uncertainty as driver for the 0 and
switch. Finally, as clarified in the theoreticatgen of this paper, the culturally limited uncents of the
chooser, noted as CC, can be viewed as compoge @lements — one’s personal epistemic uncertainty
which is individually specific, and the local culimilieu in which one is embedded (Rawls, 1970). Thus
CC can be disintegrated into individual and lo@ahponents as follows:

Pr(Y>0) = F@o + p1Z + Bor+ BsEU; + B4CE; + BsEpU *CEmb), considering that

E(Y|Y>O) = F@e + B7Z + B8r+ BgEUi + BloCE,- + B]_]_Epu *CEmlq) + Adj (4)

where the CCindependent variable from model (3) is substitutadthe personal epistemic uncertainty
EpU (self-reported fear of failure) and the local awll embeddedness effect CEnfaverage local
openness to entrepreneurship or level of the loeatoticism as a psychological type) and theirraxtgon

term Epy*CEmb for the particular individual decision maker

At a next major step, we account for the fact vt Heckman model is very close to a zero-inflated
Poisson regression implementation. The latter wbealdctually an even more suitable approach icdlse

of our data, which indeed has an inflated (i.e.raepresented) zero population, since a smallergogage

of people (about 10% of the overall population)ngolved in entrepreneurship. Thus, the zero-iefilat
Poisson regression might perform better than owkken selection model, because it is more suitable
count data models. The zero-inflated Poisson misdeted to model count data that has an excessrof z
counts, based on the logics that the excess zeeogemerated by a separate process (i.e., have othe
independent variables explaining them) from thentoalues. In addition, the excess zeros in the-zer
inflated Poisson model can be modeled independenthus, this model has two parts, a Poisson count
model and the logit model for predicting exces®ggr.e., it is a Heckman selection (for the zeraigh a
count-data Poisson model. Our Heckman model pagstain to the selection-bias, but ignores the fact
that our dependent variable is count data (seeeThladnd Table 5) and not a continuous number, &s th
Heckman model previously discussed would requi@véter, while our data is zero-inflated count data,

the distribution is not exactly a Poisson distnbat Actually, there are indications for over-disgen in
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our count data dependent variable (see Figure dldbanTherefore, in a further amendment and to gain
more precision, we should actually adopt a zerlaiefl negative binomial model in order to expréss t
Heckman selection bias in a quantitative mannet fiedor our over-dispersed dependent variable
(innovativeness). The zero-inflated negative birdmiodel also explains the excess zeros by a depara
process from the count values. And these excessszean be modeled independently, which is the
approach adopted by us and theoretically motivatethedouble negative space created by the Shacklea
potential surprise function (meaning that our zerbave a double meaning of very trivial and very
innovative ideas mixed into one dual in naturecdetero’s). We explain more the zero’s with thetaral
embeddedness and individual uncertainty of the lpe@yhile in a next stage in a count model we askire
the truncated model for the innovativeness of titeepreneurs. We estimate both a Poisson and diveega

binomial for zero-inflated models, just for compayithe outcomes.

Finally, we have also the opportunity to quantifye tregional uncertainty effect not only through
measurement (i.e., an additional variable), but alrough estimation (i.e. empirical modeling).
Statistically, this signifies that we have a claakihierarchical data structure, of people's chdiemg
nested in local levels of uncertainty by region,ickhcan be expressed by a hierarchical model (see
Woltman et al. 2012; Li and Valliant 2015)Because multiple individual inclinations are measl from

the same region, their measurements are not indepen Hierarchical modeling takes that issue into
account and offers a clear quantitative measuréhiotevel of nested-ness and the way we can exfilai
stochastically; in other words, how big is the ocegil effect and how big is the cultural bias onivithal

uncertainty in this effect?

™ When the estimating procedure allows for it, weyragclude Z and r from predicting the selectiorshiathe first equation of
model (4), thus avoiding endogeneity and measurelimeiations.

2 The use of hierarchical models started first ialtreservices and education-related researchakelylthere have been several
successful applications of this method for bothrapreneurial and regional development analysis. tBeéhierarchical linear
modelling as in Laspita et al. (2012) for analyzthg transmission of entrepreneurial intentionsvieen children nested in the

same schools and states, and in Kourtit et al.4Pfk regional development differences on cityelev
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5 Empirical Results

We explore these two GEM datasets — for 2005 an®@09, respectively, before and after the global
financial crisis — in order to control for event@mionomic shock differences. The exact definitibewery
variable, and its main descriptive statistics facle year, are presented in Table la, while thetexac
guestionnaire question that a variable is based onr 2005 and 2009 datasets is given in Appehdiwe
have only for 2009 the regional identifiers linkiegch individual observation to one of the 14 NUTS1
regions in the UK. As can be seen from Table 1bvapthe dataset for 2009 is also three times bigger
terms of number of observations, but both datasetsrepresentative for the country. Some further
statistical details about the heterogeneity ofdéa and the main dependent variable are presenieable
1b below.

+++ insert Table 2 about here +++
As seen from Table 2, the main output variable mérest, normally pro-innovative choice, measured
through venturing into an entrepreneurial actiityth a degree of innovativeness varying betweeamd
10) reflects in both years about the same 0.35evétapresenting the level of innovativeness). This
similarity holds true even when we look in greatetail at the dependent variable, distinguishinggvben
the censored sample (including the positive obsemns for they and the zero observations) and the
truncated sample (only the positive observatiomg/¥olt is also interesting to note that in both 2@0%
2009 the mean for the truncated sample is abouini€s higher than the mean for the censored sample,
which is an indication of the above mentioned leditdependent variable issue in handling this datase
The only slight statistical difference in the da&tasis the age composition, with the number of goun
people decreasing from 2005 to 2009. These desgrigtatistics lead to two intuitive notions: (het
individual characteristics are likely to be releyyasince the level of innovativeness of people mmgeinto
entrepreneurial activity is about 10 times highmamt that of those who opt altogether out of prawration
activities; (ii) as the results for innovativenese similar for 2009 and 2005, we may expect aeipéace-
related patterns of innovation and local persistandhe levels of entrepreneurial activity.
Since individuals face indeed a limited dependentable dataset, we first approach the analysik wit

Tobit model estimation, suitable for censored dgtasAn OLS estimation is implemented for compariso
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purposes, as shown in Table 2a, b, and ¢ below.next step, a Tobit and a Cragg model are estimate
Tobit model estimation involves the same explanat@riables in both the censored and the truncated
model estimation, which rule is relaxed in the @agodel. Our Cragg model is estimated combining a
Probit model for entering at all in entrepreneyssl@nd a truncated regression for the level of
innovativeness. In estimating this Cragg model, ake allowed to involve only the uncertainty-related
variables and personal controls in the Probit moakkreas the available economic investment Z had t
expected rate of return r on top of the personatrots are included in the truncated regressions T
important because of the quantification of Z.

+++ insert Table 3a, b, and ¢ about here +++
Table 3a, b, and c present an estimation for tlggegeof innovativeness (varying between 0 and &g, a
left censored from below at 0), explained by avddaeconomic capital (Z), past-probability-based
rationally expected rate of return (r) and contrfuls personal characteristics (i.a. human capgagk,
gender, employment status). We also include unogyteelated variables inferring individual uncentsy
(EpVU) and local uncertainty (alternatively eithke tself-reported CEmb from GEM or the psychological
type RF1 measuring a level of “neuroticisi’in the UK regions, available from Rentfrow et @015)).
We compare the results from our three types ofmedion. Table 2a presents the results for year 2005
Table 2b presents the results for 2009, which @eatical as a quantification strategy to the onegable
2a. Namely, the local uncertainty is measured whitn GEM-based variabl€EmQ which indicates a
perceived positive local attitude to entreprendadivity. Table 2c presents the results for 2008ere
local uncertainty is measured with the psycholdgigpe variableRF1 for neuroticism. Thu€Emb (in
Table 2a&b) andRF1 (in Table 2c) are expected to have opposite sugnspact on the pro-innovation
choice of individuals.
The results from Table 2a, b, and ¢ show that th@ntial feasibilityZ is indeed a determinant of the

decision to engage into entrepreneurship togethiéh whe rate of return (r), as expected by a

3 The definition of neuroticism, found in McCrae a@dsta (2003: 47) states that it “is the polar miteoof emotional
stability”. In this sense, we assume the oppoditenaotional stability can be understood also asetamty and therefore, we
consider this measure very suitable for the charmtics of the cultural milieu most relevant inr@ontext of innovation and
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Schumpeterian QL model. Among the personal chaiatits, the findings show the usual male
dominance and a positive impact from human capitdlthe model is generally performs as well-spedifi
and stable. Age seems irrelevant for distinguistingglevel of innovation ventured by an individualUK.
The positive association between unemployment staind the likelihood of venturing into more
innovative entrepreneurship supports both the noti@t: (i) entrepreneurship is used as a way éut o
unemployment and (ii) there is higher pronenestat¢ong uncertainty under higher incentives for prof
The most interesting finding for the purposes of analysis is that the dominating uncertainty-esdat
factor for pro-innovative choice is the local lewé¢luncertainty. Irrespective of whether it is maasl by
the self-reportedCEmbor by the psychological typBF1, we always observe that the local uncertainty
outperforms the individual uncertainty measure #nad their interaction is relevant due to the sjrtocal
uncertainty componett These results suggest that the level of unceéytaim which an individual is
locally embedded has a stronger impact on choiea tindividual uncertainty. Clearly, part of the
individual uncertainty may be difficult to distingh from the expected rate of return on individieaiel,
which would explain the lower level of significano&the individual uncertainty variabl&gU). But this
does not seem to affect the resultsrfavhen included or excluded from the OLS estimatidvisreover,
the Tobit model also generates the expected diféerén signs between tiiegEmbandRF1 variable. This

is the case for both the Tobit and the generallyenflexible Cragg model. But our post-estimatiorbito
vs. Gragg model teStis in favour of the Tobit model, so we considezsi results as more reliable and
plausible.

We use next a Heckman model which accounts focoheariance between Probit and truncated regression

in the Cragg type of model and is thus a more peeapproach to the impact from the uncertaintydase

entrepreneurial decisions. We conducted alternagstamations with each of the Big Five, but newisth, as theoretically
expected as closest to the state of uncertaintfonpeed most statistically powerfully.

14 Our results regarding the psychological types khdde also consistent with the findings of Stueteal. (2015), who use the
same data.

15 The essence of our test of Tobit vs. Cragg masi#hé falsification of the restriction for same ffiséents in the discrete and
continuous decisions, which restriction holds timrethe Tobit and is relaxed for the Cragg modé¢iug, in the test for Tobit vs.
Cragg model, we save the log likelihoods of ourbiRrdruncated regression and Tobit models. We inkddikelihood ratio t-

statistics by adding the log likelihoods of the Ifttaand truncated regression (i.e. the Cragg moalet) subtracting the log
likelihood of the Tobit model. The result is muliggl by 2. The obtained log likelihood ratio hasha-square distribution and
degrees of freedom equal to the independent vadadnhd the intercept. The test rejects the Tobiemaf the obtained log
likelihood ration t-statistics exceeds the criticalue of the chi-square.
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pre-selection bias of the sample. This is an unigpportunity to express the theoretical Shacklean
preselection through the potential surprise fumctlrough a precise empirical model replica of ldgcs
of the operation of the mechanism. The results fam Heckman model estimations are presented in
Tables 4 and 5 below.

+++ insert Table 4 and Table 5 about here +++
Table 4 shows two types of specifications of a hieak model: (i) where the selection bias is estichate
the basis of individual and local uncertainty ahélitt interaction; (ii) where the selection biagigplained
by the latter uncertainty-related measures andopatscharacteristics as well. Estimations for tleary
2005 and for the year 2009 are shown, where fo®208 have the quantification of local uncertainty
levels alternatively with only the GEM based selported variabl€€Embor with the psychological type
RF1 variable measuring the level of neuroticism in tagion where the observed individual is an active
economic agent.
Our results demonstrate that the pre-selection ibiatways driven by the local uncertainty compdnen
irrespective of its way of quantification and catent with the expected sign and economic mearfitigeo
alternative measures (positive f6Emb and negative foRF1 when significant). This effect holds also
when personal characteristics controls are invohManong the personal controls, we see a consistent
dominance of the male gender for selection intaepnéneurial activity, and a secondary strength of
significance of human capital and unemploymentustaffThese results indicate that one’s personal
characteristics indeed matter as such (i.e., agtimdividual uniqueness effect as supposed by Kiac
Still, a person’s proneness to venturing into atregmeneurial activity is highly pre-determined the
local level of uncertainty in the region where $teels active, which is the CBD cultural limit augmagtion
of the Shacklean hypothesis. The marginal effeatstie Heckman model estimations are presented in
Table 4. The results confirm the relevance of auBgbeterian QL model, with strongly significant
standard components of the modebfdr), as key factors for the level of one’s innovatiess. Yet, these
factors enter into play only after a strong trurarabased on the Shackle potential surprise funaitd its
core local uncertainty-avoidance limit, determinigo will at all venture into entrepreneurship avitich

individual will not. Furthermore, we note that bate expected return on investment and the positive
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effect from the local cultural embeddedness in@eag/ear 2009 in comparison to year 2005. Thiskman
accepted as a finding consistent with the culthyeiteresis concept, according to which the crisisop
faces a decreased enthusiasm for entrepreneutiaitya@er se(see Tubadji et al. 2016). Finally, the
distribution of zeros and non-zero observationsasha possibility for amelioration of the precisiohthe
estimation approaches, as shown in Table 6 below.
+++ insert Table 6 about here +++

Table 6 shows that for both the year 2005 and #s 2009 we have about 88% of zero observations.
Thus, our dataset is not only censored but also-indiated. In order to decide what type of zerfated
model to estimate, in Figure 1a and b we look atdispersion of the data.

+++ insert Figure 1a and b about here +++
For both 2005 (Figure 1a) and 2009 (Figure 1b),pbsitive observations of innovativeness (y>0) vary
significantly. Most of the observations concentrat@round a level of 2 and then gradually decrteHse
dispersion suggests a Poisson distribution, bt dloes not fit precisely, although an over-disperss
also difficult to infer conclusively. Thus, we esate both a zero-inflated Poisson model (suitabieaf
Poisson distribution) and a zero-inflated negabugmial (suitable for cases with over-dispersioi)e
results in Table 5 also indicate that only abo@ld the population in UK actually engages in inatbve
activity. This finding is consistent with previogtudies on the UK with the GEM dataset (see Len@ a
Hart, 2009: 14).
The results from our zero-inflated models are preskin Tables 7 and 8 below.

+++ insert Table 7 and 8 about here +++
Table 7 presents a model for explaining the lev@hmmovation through economic capital (Z), expeatatk
of return (r) and personal characteristics, thaating for the zeros in the dataset explaineduyset of
individual and local uncertainty measures and th@graction. In a manner analogous to the precgedin
estimations, we have now estimations for 2005 d@@P2vith only GEM data and an estimation for 2009,
where the local uncertainty is approximated witle tRF1 variable (measuring the local level of
neuroticism). The results in Table 6 are similatanms of their economic interpretation to whatsagv in

the previous estimations. This means that a metbgaal triangulation, in line with Downward and
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Mearman (2007), supports the findings that in adaeadly performing Schumpeterian QL model for pro-
entrepreneurial choic® the local level of uncertainty plays a significaale in explaining the zeros of
innovation, i.e., the people who are not involvee@mntrepreneurial activitger se This result is in line with
our main combined CBD-Shacklean hypothesis fordation of innovation as a result of an uncertainty
avoidance limit on the potential surprise functidoreover, we find again the local uncertainty alavice
and one’s embeddedness in it as dominating ovepéhngonal avoidance of uncertainty as such. As the
zero-inflated model explains the zeros rather ttien positive observations, the uncertainty effeat o
truncation shows reverse signs. However, the egdemtonomic meaning &EmbandRF1is opposite to
each other, and in line with our theoretical exaptaehs and empirical findings. In fact, the coeéids
recording the positive impact of cultural embedd=gnare somewhat lower for 2009, as well as the
expected rate of return (which changes from 0.02.@@). Table 8 presents the average marginaltsffec
our estimated zero-inflated models. The resultsahg consistent with the previous findings as wahd
are reported here only for complete documentatidhevobtained results. The triangulation of oadfngs
seems to be robust for a variation of the estimatiethod applied. Embeddedness in a local cultural
milieu that is positive to entrepreneurship (i.e., lowecertainty avoidance) promotes entrepreneurial
involvement on average, and the opposite for alfighcertainty avoiding environment.
This strong message for local cultural embeddedimapssing a limit to the local innovation function
appears to be particularly interesting. Thereforey last exploratory step, we will focus our attem on a
better disentangling of the local effect on innoxeess and the role of the cultural tendency tertainty
avoidance in the regional effect. Table 8 preséimscomposition of the data by geographical NUTS1
regions.

+++ insert Table 9 about here +++
Table 9 shows the 14 NUTS1 UK regions for whichréhis an identifier in our 2009 GEM dataset. We
know for each individual observation the NUTS1 oggit belongs to. However, the psychological type

data from Rentfrow et al. (2015) excludes Belfast ®ther North Ireland, thus the number of obséraat

' The main factors economic capital Z and returrinmestment r, and some personal characteristics agogender (male),
human capital and unemployment, are also includede estimation.
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amounts to 27,003, when variali®&1 is used. What is of more interest here howevenhsther there is
indeed a different pattern of innovativeness actbssregions of UK. Figure 2 provides the answer
according to our data analysis.

+++ insert Figure 2 about here +++
Figure 2 presents the relationship between amaoweisied and level of innovation achieved in thaJk4
NUTS1 regions. The pattern of investment and thellef innovation appear to be rather differenthe
different region¥. A similar figure is obtained if innovation is nmed against the local level of
uncertainty. These results confirm that the datdsdurther exploration with regard to the nestessnof
individuals within regions in order to explain thdevel of cultural embeddedness and the resulting
truncation of innovative ideas for entrepreneunakestment.
To address this regional nested structure of thesda and its cultural uncertainty-related attitude
component, we adopt the hierarchical (multi-levedyression method that allows us to differentiate
between fixed and random pdftsf the error from the OLS regression, accountorglie nested structure
and quantifying the level of its impact and theeroff uncertainty in this regional effect explaineda
stochastic manner. The results are presented ile Takdoelow.

+++ insert Table 10 about here +++
Table 10 presents results from the estimation &chumpeterian QL model, driven by the economic
capital invested (Z), the expected rate of retuynand personal controls. The local effect is aoted for
and stochastically explained in turn by the indinatland local level of uncertainty avoidance aneirth
interaction. The first, basic specification accaeuahly for the part of the variance in the data tiu¢he
random variation between the observations andahteop it which is fixed and associated with thgiomal
clustering. Specifications 2 to 4 disentangle fertlthis regional clustering effect, by explaining i
stochastically through different modes of approxioraof the local uncertainty avoidance trends. Kbm
specification 2 explains the local variation withetself-reported perceived local level of uncetiain

avoidance CEmb. Specification 3 replaces the latter with ouealative measure of local embeddedness

7 Available upon request.
18 See Graubard and Korn (1996), Raudenbush and (B6@2).
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in the uncertainty-related local cultural attitudalternatively approximated by the neuroticism
psychological type from Rentfrow et al. (2015) fiahle RFL1 Specification 4 uses the self-reported GEM
variableCEmband interacts it with the individual uncertaintyoadance levels. Specification 5 infers the
interaction between thHieF1and the individual uncertainty avoidance levels.

The results from the QL model confirm the previduslings regarding the main factors as well as the
individual control characteristics. Besides, th@yvndo not only allow to confirm the significance tbie
local level of uncertainty, but also to reportdisantitative size and the size of its dependencietocal
cultural attitude to uncertainty. Firstly, the lbcdustering accounts for 0.06 of the differencaespro-
innovative choices in the UK. Next, when we explsiochastically local innovativeness with the stadd
QL model and individual controls, the regional etfdecreases to 0.04. When we stochastically expha
regional difference with local levels of uncertgintve find a significant part of the local effeatibg
associated with the local cultural attitude of utmiety'®. Interaction between individual and local
uncertainty is confirmed to be a significant souiaethe regional differences in levels of innoweati Thus,
while indeed entrepreneurs are a specific smatlgfahe population in the UK, their local innowaghess

is not due to their individual traits only, but @l® the innovativeness function operating undeultural
limit imposed by the local tendency to uncertaiatpidance. It is not onlwho one is, but alsahereone

is in terms of spatial sorting — and these twodechcting in interaction — to determine the regidavel

of innovation achieved. Thus, the Shacklean indiglduniqueness and the Schumpeterian QL model
jointly explain individual innovativeness in the URinally, it is noteworthy that the local cultulahit to

the potential surprise function explains about tmel of the variation in innovation across the BIKITS1

regions.

6 Conclusions

Our findings show that innovative choices originatestly from a tolerance to uncertainty in the lidga

where an individual economic agent operates. Thus,main working hypothesis that a locally-specific
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cultural limit to Shacklean uncertainty behind thdividual potential surprise function imposes adb
cultural attitude-driven selection bias on the ldegel of innovation cannot be rejected.

The above findings have two main consequencest, Rhisy demonstrate that innovation and local
concentration of innovative people are a functibnhe local proneness to innovation, which is imta
function of the local cultural attitude to uncentgi This finding is in line with the cultural gridy concept
(Tubadji and Nijkamp, 2015) according to which thest creative people concentrate in places whigle ha
a culturalmilieu most favorable to creativity and more open to wagaty. Second, they show a lower
positive impact from the (positive) local culturailieu in the years closer to the Global Financial Crisis
period. This is consistent with the concept of walt hysteresis, according to which, in crisis pési, there

is a fall in the efficiency of the usual incentivies entrepreneurship. Both the concept of locdiucal
attitude to uncertainty and that of cultural hysses are part of the Culture Based Development (CBD
paradigm about the existence of cultural mechansdifiesting entrepreneurial innovation. Accordinghe
CBD, what drives the economically relevant humamiads is mostly the local culturahilieu in
interaction with the individual unique culturaliatties and preferences, while economic input coomggs
second in importané® Such findings in support of the local culturditate are in line also with the
place-based development concept (see Huggins aachg3on 2015, Stuetzer et al. 2015) (similar in its
basic hypothesis to CBD), and the theory of planbeflavior (Ajzen 1991) which accounts for the
significance of the context as a major factor for thoice made by the economic agent. Clearly,ctms
next be extended as a support to Sen’s (1993) hgpist that individual preferences are context-ieggdl
and to Rawls” (1970) concept of embeddedness dhttiedual choice in a social context.

A possible limitation of the present study is thrathe hierarchical model, when stochasticallyreating
the regional effect, besides the local culturaktda@lso local economic inputs might be relevanbéo
included as regressors. Data on local physicataapiowever, is difficult to obtain, while labouryman
capital and the generated local economic outpuwa(l&DP or GVA) are all culturally endogenous. A

possible resolution to take into consideration tlata constraint is to identify the centroids afle&dlUTS1

19 This is about 30% of this effect when we use #i&reported measure for local uncertainty from @M dataset.
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and include an economic concept such as centraleptaeory in using this geo-coded data as
approximation for economic inputs (see Nijkamp &sdjgiani, 1998). This idea remains clearly an agenu
for future research.

In sum, our study shows evidence for a culture-thdasencation of the possibilities for innovation an
region or locality, based on Shackle’s uncertaitityen potential surprise function. While people’s
proneness to innovation is to a large extent raticaccording to a Schumpeterian QL model, theeense
to exist indeed also a regional and local cultuméleu-related selection bias ruling over this individual
economic choice. From a policy perspective, thas#irfigs also mean that a clearly significant fadtor
regional innovation disparities is found to be tbeal average proneness to embracing uncertairitig T
last conclusion provides an interesting startingnpdor gathering further empirical evidence on the
significance of an uncertainty-loving local culturailieu as a factor for local innovation and economic

prosperity of a region.

% This is in essence a neo-Weberian view that aljodifferent cultural attitude (culturally relativrationale) determines the
local disparities in economic welfare.
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Table 1: List of Variables: Definition and Descripive Statistics

year

2005

2009

Variable description

Code

Obs |Mean|5td. Dev.| Min |

Max

Obs |Mean|5td.Dev.| Min | Max

Theoretical
motivation

Dependent
variable

Level of innovativeness
chosen by the individual -
approximated with
number of innovative
activities one is self-
reportedly involved in

dy

11181

11203

0.35

10

29962

30003

0.34

112 0 10

Economic
factor

Economic input
(size of investment)

11203

2507

43300

1000000

30003

4356

65700 0 1000000

Probabilistically known risk
(reflecting current level of
knowledge A) -
approximated with self-
reported expected return on
investment

11203

55.56

30003

33.33

Schumpeter's
Quality Ladder
Model

Cultural
factor

Epistemic uncertainty
(individual domain of
‘'unknown unknowns' about
the implementation of the
innovative idea) -
approximated with self
reported fear of failure

EpU

11203

0.40

30003

Shackle's
potential
surprise
function

Cultural embeddedness
(influence onchoice from
the local/group cultural
milieu) -

approximated with self
reported good attitude of
the locality towards
entrepreneurial activity or
alternatively by the local
average psychological level
of neurosis

CEmb

11203

0.25

0.43

30003

0.29

0.46 0 1

Interaction between
individual epistemic
uncertainty & local cultural
embeddedness (i.e. the
effect of the group
uncertainty on the
individual uncertainty)

inter_EpU_"b

11203

0.15

30003

0.16 0 1

Culture Based
Development
(cultural
gravity)

Control
variables

Demographic and personal
charatceristics (self
reported age, sex,
educational level,
unemployment status)

age
male

hc

unempl

10872

11203

11203

11075

454

0.41

0.05

154

0.43

0.46

16

80

30003

30003

30003

30003

143.2 16 80

0.43 0 1

0.50 0 1

0.23 0 1

Standard
controls for an
empirical
micro-
economic

model

Legend:

The table presents descriptive statistics of theeddent and independent variables and controls irsedir empirical model.
The definition, quantification strategy and thedret motivation are indicated for each variable. ddomic input is in
thousands of British pounds.The exact definitioneath variable per dataset and the correspondingstian from the
guestionnaire used is available in Appendix 1.
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Table 2: Data Heterogeneity by Individual and by Tye of Innovation-related Choice

year 2005 2009
Age Freq. Percent Cum. Freq. Percent Cum.
0-17 150 1.75 1.75 351 1.17 1.17
18-24 789 7.26 9 1382 4.61 5.78
25-34 1,927 17.72 26.73 3,198 10.66 16.44
35-44 2,531 23.28 50.01 5,436 18.12 34.55
45-54 2,169 19.95 69.36 6,365 21.21 55.77
55-64 1,876 17.26 87.21 6,500 21.66 77.43
65-120 1,290 12.79 100 6,771 22.57 100
Total 10,872 100 30,003 100
year 2005 year 2009 _GEMonly
¥ ¥
Percentil§Smallest PercentildSmallest
1% o o 1% o o
5% o o 5% 0 0
10% o o Obs 11181 10% 0 0 Obs 29562
25% 0 0 Variance 11181 25% 0 0 Sum of W) 29962
50% 1] Mean 0.351579 50% 0 Mean 0.336593
Largest Std. Dev.  1.104429 Largest  Std. Dev. 1.116643
75% o 10 75% o 10
90% 2 10 Variance 1.219762 90% 2 10 Variance 1.246903
95% 2 10 Skewness 3.987536 5% 2 10 Skewness 4407148
99% 5] 10 Kurtosis  21.83495 99% 5] 10 Kurtosis  25.98235
y=0 y=0
PercentildSmallest PercentildSmallest
1% 1 1 1% 1 1
5% 1 1 5% 2 1
10% 2 1 Obs 1364 10% 2 1 Obs 3452
25% 2 1 Sum of W 1364 25% 2 1 Sum of W 3452
50% 2 Mean 2.881965 50% 2 Mean 2.921495
Largest Std. Dev. 1.6845376 Largest  Std. Dev. 1.808711
75% 4 10 75% 3 10
90% 6 10 Variance 2.707261 90% 6 10 Variance 3.271436
95% 5] 10 Skewness 1.708608 95% 7 10 Skewness 1.845502
99% 9 10 Kurtosis  5.715258 99% 9 10 Kurtosis  5.783403
Legend:

The table presents descriptive statistics of imtlial characteristics (age group) and a detailed panson between 2005 and
2009 of the dependent variable y (level of innaratf the entrepreneurial choice, varying from A.@).
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Table 3: Tobit and Crag’s Model Estimations for PraInnovation Choice

year 2005

oLs Tobit Cragg's model (Probit & Truncated Reg)
¥ coef. t-value coef. t-value coef. t-value | marg eff censored marg eff trunc coef. z-value coef. | z-value marg eff
age 0.000 0.60 0.000 0.49 0.002 0.45 0.000 0.45 0.000 0.45 0.001 0.66 0.000 0.06 0.000 0.06
male 0.236 12.12 0.223 11.56 1.856 12.58 0.196 12.87| 0.319 12.88 0.450 13.76 0.103 0.89 0.079 0.89
he 0.147 7.07 0.123 5.92 1.354 7.78 0.143 7.91 0.233 7.87 0.349 8.85 -0.247 -1.67 -0.188 -1.67
unempl -0.088 -1.91 -0.079 -1.72 -1.190 -2.86 -0.125 -2.87 -0.205 -2.86 -0.265 -2.81 0.841 2,43 0.641 2,43
Z 0.000 18.74 0.000 18.50 0.000 8.75 0.000 8.60 0.000 8.76 - - 0.000 5.49 0.000 5.50
r 0.519 42,19 0.513 42.12 1.188 20.15 0.125 18.48] 0.204 20.35 - - 0.230 9.71 0.176 9.66
EpU - - 0.007 0.28 0.187 0.91 0.020 0.91 0.032 0.91 0.042 0.90 -0.141 -0.80 -0.108 -0.80
CEmb - - 0.223 9.45 1.893 11.18 0.200 11.34 0.226 11.38 0.477 12.61 -0.229 -1.79 -0.175 -1.79
inter_EpU| - - 0.597 8.56 2.462 6.05 0.260 6.01 0.424 6.06 0.663 6.84 0.079 0.28 0.060 0.28
_cons 0.086 2.54 0.042 1.22 -8.028 -23.35 - - - - -1.844 -28.87 2.632 11.24 - -
[sigma 4478647 4.268739 1.770902 35.41
Tobittest | -14582.3
F/chi F(6,10718)=430.8 | F(9,10715)=321.05 | chi2(9)=1157.56 chi2(7)=657.02 chi2(9)=146.64
Prob=F(ch 0.0000 0.0000 0.0000 0.0000 0.0000
R-sg 0.19 0.21 - -
Adj. R-sq 0.19 0.21
N 10725 10725 10725 10725 1310
year 2009_GEMonly

OLS Tobit Cragg's model (Probit & Truncated Reg)
Y coef. t-value coef. t-value coef. t-value | marg eff censored marg eff trunc coef. z-value coef. | z-value marg eff
age 0.000 -0.99 0.000 -0.86 0.000 -0.43 0.000 -0.43 0.000 -0.43 0.000 -0.04 -0.001 -1.59 0.000 -1.59
male 0.267 21.48 0.257 21.03 2.180 22,24 0.214 22.83 0.367 22.87 0.463 23.02 0.374 4.00 0.247 4.01
hc 0.148 12.04 0.114 9.36 1.069 10.92 0.105 11.01] 0.180 11.00 0.234 11.32 0.106 111 0.070 111
unempl 0.058 2,20 0.042 1.65 -0.082 -0.40 -0.008 -0.40 -0.014 -0.40 -0.071 -1.58 1.197 6.39 0.790 6.43
zZ 0.000 50.55 0.000 43.99 0.000 22,28 0.000 21.31] 0.000 22.37 - - 0.000 14.28 0.000 14.44
r 0.521 26.13 0.436 25.33 1.585 16.82 0.156 16.47| 0.267 16.39 - - 0.042 0.92 0.028 0.92
EpU - - 0.025 1.51 0.259 1.83 0.025 1.83 0.044 1.83 0.035 116 0.256 1.72 0.169 1.73
CEmb - - 0.231 16.41 2.093 19.15 0.206 19.51] 0.352 19.55 0.461 20.47 -0.055 -0.53 -0.037 -0.53
inter_Epl| - - 0.837 19.99 3.433 13.50 0.337 13.30| 0.577 13.53 0.951 16.80 -0.239 -1.61 -0.223 -1.61
_cons 0.124 11.90 0.052 4.58 -8.472 -50.54 - - - - -1.762 -79.76 1.936 15.36 - -
Jsigma 4837488 4.697992 2.138989 49.97
Tobittest | -38836.4
F/chi F(6,29955)=709.78 | F(9,29952)=604.52 | chi2(9)=2789.83 chi2(7)=2066.45 chi2(8)=.
Prob=F(ch 0.0000 0.0000 0.0000 0.0000
R-sq 0.12 0.15 - -
Adj. R-sg 0.12 0.15
N 29962 29962 29962 29962 3452
year 2009_GEMwithRF1

(o] 5 Tobit Cragg's model (Probit & Truncated Reg)
Y coef. t-value coef. t-value coef. t-value | marg eff censored marg eff trunc coef. z-value coef. | z-value marg eff
age 0.000 -0.99 0.000 -0.79 0.000 -0.36 0.000 -0.36 0.000 -0.36 0.000 -0.01 0.000 -1.42 0.000 -1.42
male 0.267 21.48 0.270 20.43 2.261 21.52 0.242 22.14 0.291 22,11 0.463 22.53 0.328 3.38 0.218 3.39
he 0.148 12.04 0.146 11.18 1.335 12.72 0.143 12.87| 0.231 12.85 0.280 13.32 0.121 1.22 0.080 1.22
unempl 0.058 2.20 0.063 2.25 0.048 0.22 0.005 0.22 0.008 0.22 -0.031 -0.69 1.199 6.17 0.796 6.21
z 0.000 50.55 0.000 48.53 0.000 22.08 0.000 21.26 0.000 22.20 - - 0.000 13.93 0.000 14.07
r 0.521 26.13 0.489 24.24 1.613 16.39 0.173 16.12 0.279 16.46 - - 0.040 0.88 0.027 0.88
EpU - - 0.066 0.29 -0.463 -0.28 -0.050 -0.28 -0.080 -0.28 -0.216 -0.63 1.418 0.93 0.941 0.93
RFL - - -0.003 -1.30 -0.044 -2.90 -0.005 -2.90 -0.008 -2.90 -0.010 -3.38 0.038 2.67 0.025 2.67
inter_P_R - - 0.001 0.13 0.025 0.76 0.003 0.76 0.004 0.76 0.007 1.10 -0.024 -0.83 -0.016 -0.83
_cons 0.124 11.90 0.243 2.37 -3.766 -7.22 - - - - -1.055 -6.54 -0.042 -0.06 - -
/sigma 5.025063 4.872561 2.130922 47.99
Tobittest | -37211.3
F/chi F(6,29955)=709.78 | F(9,26958)=434.57 | chi2(9)=1664.26 chi2(7)=833.44 chi2(8)=.
Prob=F(ch 0.0000 0.0000 0.0000 0.0000
R-sq 0.12 0.13 - -
Adj. R-sq 0.12 0.13
N 29962 26968 26968 26968 3151
Legend:

The table presents the Tobit and Gragg model @kterl with a different set of variables in the Pitadind truncated regression

parts) operationalizing a QL model (where investtriéand expected rate of return r determine priegjh individual controls
(age, gender, human capital and unemployment sStatnd uncertainty-related variables — individualagntainty (EpU) and
local uncertainty (alternatively self-reported peption of local positive attitude to entreprenelrgtivity CEmb and local
level of the psychological type neuroticism RF1gfficients and marginal effects are presented.




Table 4: Heckman Selection Model Estimations for Ry-Innovation Choice

year 2005 2009_GEMonly 2009 GEMwithRF1

Heckman - Model 1| Heckman - Model 2 | Heckman - Model 1| Heckman - Model 2 | Heckman - Model 1 | Heckman - Model 2

coef. z-value coef. z-value coef. z-value coef. z-value coef. z-value coef. z-value

dep.varl v ¥ ¥
age 0.0004 0.13 0.0005 0.18| -0.0004 -1.66( -0.0004 -1.66| -0.0003 -1.47| -0.0003 -1.45
male 0.075 0.85 0.172 1.67 0.234 3.87 0.281 4,22 0.203 3.2 0.211 1.09
hc -0.191 -1.69 -0.114 -0.93 0.067 1.08 0.091 1.38 0.074 1.14 0.078 0.58
unempl 0.683 2.42 0.624 2.18 0.878 6.52 0.871 6.46 0.886 6.3 0.886 6.27
zZ 0.000 5.73 0.000 5.73| 2.41E-09 15.22| 2.41E-09 15.22( 2.48E-09 14.94| 2.48E-09 14.95
r 0.209 10.47 0.209 10.47 0.031 0.92 0.031 0.52 0.030 0.9 0.031 0.91
_cons 2.352 7.99 2.232 6.26 2.425 16.48 2.387 13.64 2.378 2.97 2.605 2.64
dep.var2 dy dy dy
age - - 0.001 0.66 - - 0.000 -0.04 - - 0.000 -0.01
male - - 0.450 13.76 - - 0.463 23.02 - - 0.463 22.53
hc - - 0.349 8.85 - - 0.234 11.32 - - 0.280 13.32
unempl - - -0.265 -2.81 - - -0.071 -1.58 - - -0.031 -0.69
EpU 0.032 0.70 0.042 0.90 0.027 0.93 0.035 1.16 -0.194 -0.57 -0.216 -0.63
CEmb 0.498 13.60 0.477 12.61 0.469 21.32 0.461 2047 - - - -
inter_EpU_CEmb 0.673 7.15 0.663 6.84 0.998 17.83 0.951 16.80 - - - -
RF1 - - - - - - - - -0.012 -4.16 -0.010 -3.38
inter_P_RF1 - - - - - - - - 0.007 1.05 0.007 1.10
_cons -1.374 -61.18 -1.844 -28.87 -1.420 -98.22 -1.762 -79.76 -0.575 -3.68 -1.055 -6.54
mills
lambda 0.263 1.74 0.272 1.72 0.126 1.51 0.128 1.46 0.157 0.23 0.018 0.04
rhao 0.169 0.174 0.073 0.074 0.090 0.010
sigma 1.558 1.559 1.736 1.736 1.738 1.732
Wald chi2(5) 122.24 122.98 62.45 64.80 53.81 45.03
P=chi2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
N 11127 10725 29562 29962 26968 265968
Censored 9817 9415 26510 26510 23817 23817
Legend:

The table presents a Heckman selection bias mogekationalizing a QL model (where investment Z ardected rate of
return r determine price), with individual controfage, gender, human capital and unemployment stdtine selection bias is
driven by uncertainty-related variables — individuancertainty (EpU) and local uncertainty (alternatly self-reported

perception of local positive attitude to entreprenal activity CEmb and local level of the psychgilral type neuroticism RF1),

the interaction between the individual and localdkof uncertainty and at a second stage — theviddal controls as well.

Source: Authors’ calculations.

Table 5: Marginal Effects for the Heckman SelectiorModel Estimations

year 2005 2009_GEMonly 2009_GEMwithRF1
marginal effects | Heckman - Model 1| Heckman - Model 2 | Heckman - Model 1 | Heckman - Model 2| Heckman - Model 1| Heckman - Model 2
coef. z-value coef. z-value coef. z-value coef. z-value coef. z-value coef. z-value

age 0.0003 0.13 0.0004 0.18| -0.0003 -1.66( -0.0003 -1.66| -0.0002 -1.44| -0.0003 -1.43
male 0.057 0.85 0.132 1.76 0.180 3.85 0.216 4.46 0.154 2.76 0.168 1.30
he -0.147 -1.67 -0.088 -0.91 0.052 1.08 0.070 1.40 0.056 1.13 0.062 0.63
unempl 0.526 2.38 0.478 2.12 0.676 6.43 0.670 6.32 0.674 4,37 0.707 4,27
Z 1.38BE-09 5.51| 1.37E-09 5.47| 1.B6E-09 14.3| 1.86E-09 14.15| 1.89E-09 5.64| 1.98E-09 5.85
r 0.161 9.14 0.160 8.96 0.024 0.92 0.024 0.92 0.023 0.89 0.024 0.89
Legend:

The table presents the marginal effects for thekidem model estimations.




Table 6: Right Tails, Poisson Distributions and OveDispersion

Distribution

year 2005 2009

Vi Freq. Percent Cum. Freq. Percent Cum.
0 9,817 87.8 87.80 26,510 88.48 83.48
1 78 0.7 88.50 143 0.48 88.96
2 818 7.32 95.81 2264 7.56 96.51
3 101 0.9 96.72 206 0.69 97.2
4 180 161 98.33 292 0.97 98.17
5 25 0.22 98.35 62 0.21 98.38
6 115 1.03 99.58 301 1 99.39
7 23 0.21 99.79 78 0.26 99.65
8 3 0.03 99.81 3 0.01 99.66
9 16 0.14 99.96 88 0.29 99.95

10 5 0.04 100 15 0.05 100
Total 11,181 100 29,962 100

Legend:

The table presents the distribution of the mainedelent variable in a comparative manner betweenyta& 2005 and
2009.The purpose is to find out if the tail is disited as a Poisson distribution or if there iseordispersion in the data, in
order to decide between a zero-inflated Poissonaheersus a zero-inflated negative binomial model.
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Table 7: Zero-Inflated Model Estimations for Pro-Innovation Choice

year 2005 2009 _GEMonly 2009 GEMwithRF1

ZI Poisson Zl Negative Binomia Zl Poisson 7l Megative Binomia Zl Poisson 7l Megative Binomia

coef. z-value coef. z-value coef. z-value coef. z-value coef. z-value coef. z-value
dep.var. Vi ¥ ¥y
age -0.0002 -0.20 0.0002 0.12| -0.0002 -1.91| -0.0002 -1.81| -0.0002 -1.77|  -0.0002 -1.71
male 0.136 3.50 0.163 3.59 0.1953 8.10 0.242 8.62 0.184 7.35 0.238 7.98
hc -0.015 -0.29 0.046 0.76 0.075 3.13 0.104 3.74 0.093 3.69 0.131 4.42
unempl 0.235 2.17 0.163 1.20 0.304 7.01 0.317 6.03 0.216 7.04 0.336 0.17
Z 0.000 6.28 0.000 5.14 0.000 17.23 0.000 14.78 0.000 16.30 0.000 14.44
r 0.041 11.01 0.097 6.69 0.019 2.26 0.024 2,22 0.018 212 0.023 2.08
_cons 0.853 11.48 0.667 7.04 0.773 28.61 0.676 20.19 0.767 26.81 0.659 18.25
inflate inflate inflate

EpU -0.068 -0.74 -0.068 -0.73 -0.054 -0.50 -0.053 -0.88 0.402 0.63 0.404 0.63
CEmb -0.949 -13.68 -0.958 -13.63 -0.904 -21.34 -0.911 -21.31 - - - -
inter_EpU_CEmb -1.222 -7.06 -1.263 -6.97 -1.709 -16.52 -1.751 -16.28 - - - -
RF1 - - - - - - - - 0.024 4,17 0.024 4,15
inter_P_RF1 - - - - - - - - -0.014 -1.11 -0.014 -1.10
_cons 2.239 48.77 2.166 44.06 2.369 79.26 2.315 74.46 0.725 242 0.663 2.19
j'lnalpha -2.16745 -11.46 -2.20048 -17.25 -2.18322 -16.33
alpha 0.114469 0.073022 0.11075 0.086245 0.112679 0.086708
chi2(6) 124.57 142.54 376.78 335.7 354.15 319.37
Prob=chi2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
N 10725 10725 29962 29962 26968 26968
Zero obs 9415 9415 26510 26510 23817 23817
Legend:

The table presents a zero-inflated Poisson andre-indlated negative binomial estimations of our @lodel, with relevant
personal controls, where the inflation with zeresekplained with the individual uncertainty (EpW)dathe local uncertainty
attitude (alternatively measured with self-reportedal perception of entrepreneurship CEmb or ldeakl of the psychological
type neuroticism - variable RF1).

Table 8: Marginal Effects for Zero-Inflated Model Estimations

year 2005 2009_GEMonly | 2009_GEMwithRF1
marg. eff. Z1 Poisson Zl Negative Binomia Z1 Poisson Zl Negative Binomial ZI Poisson ZI Negative Binomia
coef. z-value coef, z-value coef. z-value coef, z-value coef. z-value coef. z-value
age -7.2E-05 -0.2| 4.92E-05 0.12| -4.6E-05 -1.91| -4.8BE-05 -1.81| -4.9E-05 -1.77| -5.3E-05 -1.71
male 0.041 3.56 0.047 3.67 0.054 8.30 0.067 8.88 0.057 7.55 0.073 8.25
he -0.004 -0.29 0.013 0.77 0.021 3.15 0.029 3.78 0.029 3.73 0.040 4.48
unempl 0.072 2.16 0.047 1.20 0.085 6.96 0.088 6.01 0.099 6.99 0.104 6.14
z 0.000 6.27 0.000 5.15 0.000 17.00 0.000 14.74 0.000 16.79 0.000 14.50
r 0.012 10.77 0.028 7.02 0.005 2.26 0.007 2.22 0.006 2.13 0.007 2.08
EpU 0.018 0.74 0.017 0.73 0.013 0.90 0.013 0.88 -0.110 -0.63 -0.108 -0.63
CEmb 0.253 13.69 0.242 13.40 0.224 21.52 0.222 21.34 - - - -
inter_EpU_CEmb 0.326 6.94 0.319 6.84 0.424 15.92 0.427 15.68 - - - -
RF1 - - - - - - - - -0.007 -4.17 -0.006 -4.15
inter_P_RF1 - - - - - - - - 0.004 1.11 0.004 1.10
Legend:

The table presents the marginal effects for th@-zeftated Poisson model and the zero-inflated tiegabinomial models in
Table 6.
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Table 9: Regional Nestedness of the Dataset

Legend:

The table presents the regional clustering of tidhiidual observations in the GEM dataset with t4eNUTS 1 UK regions.The

Region |Name Freg. |percent |cum.
1|South West 1,002 3.34 3.34
2| Birmingham 1,543 5.14 3.48
3|South East 2,995 9.98 18.16
AlEast 998 3.33 21.79
s|wWales 2,998 9.99 31.78
6|Rest of West Midlands 2,455 8.18 39.97
7|East Midlands 3,001 10.01 49,98
2|vorks Humberside 2,999 10 59.97
9| Morth West 3,004 10.01 89.99
10|Scotland 1,999 6.66 T6.65
11|Belfast 1,301 434 20.99
12| Other M. Ireland 1,699 5.66 86.65
1% | London Inner and Quter 1,006 3.35 o0
14| Morth East 3,000 10 100
Total 30,003 100

data is for the year 2009, which is the only yeanfhich a regional identifier for GEM is available

Table 10: Hierarchical (Multi-level) Model Estimations for Pro-Innovation Choice

spec. Basic CEmb RF1 EpU*Cemb EpU*RF1

y coef, |[95%C0nf.|nterval] coef, |[95%C0nf.|nterval] coef, |[95%C0nf.|nterval] coef, |[95%C0nf.lnterval] coef, |[95%C0nf.lnterval]

_tons 0.34 03033 03739 0.05 0.0263 0.0812 0.13 01002 0.1635 0.06 0.0352  0.0906 012 0.087%9 01533

age -3.2E-05 -0.00013 3.04E-05| -4.4E-05 -0.00013 4.48E-05| -4.2E-05 -0.00012 3.94E-05| -4.1E-05 -0.00013 0.000048

male 026 02397 0.2881 0.27 0.2412 0.293 0.26 0.233 0.281 0.27 02428 0.2946

he 013 0.1018 0.1497 0.15 01257 0.1769 012 0.0915 01391 015 01217 01729

unempl 0.06 00107 01127 0.07 00131 01231 0.05  -0.0052 0.0%6 0.06 00087 01187

z 4.68E-09 4.50E-09 4.86E-09| 4.81E-09 4.61E-09 5E-09| 4.63E-09 4.45E-09 4.81E-09| 4.80E-09 4.61E-09 5E-09

r 051 04702  0.5476 043 04473 0.5264 0.5 04599 0.5367 043 04476 05265

Random-effects

region:

sd(_cons) 0.06  0.03% 0.0979 0.03 0.0154  0.0068 0.04 00226  0.0097 0.03 00163 0.0670 0.04 00232 0.074

sd(CEmb) 0.3 02034 04368 0.22 01519 03330

sd(RF1) 2.326-08 2.31E-14  0.0232

sd[EpU) L12E-06 8.626-12  0.1464

sd[inter EpU*CEmb) 084 0574 12339

sd[inter_EpU*RF1) 0.0018 0.0010 0.0031

sd(Residual) 112 11063 L1M2 103 10266 1.0432 105 10434 10612 103 L0177 L0341 1.05 1042746 1.060503

obs 29962 29962 26968 29962 20968

groups 14 14 12 14 12
Legend:

The table presents a hierarchical (multilevel mpdethere the local level of innovativeness is ex@diby a QL model with
individual controls and the local regional effe@ accounted for also in a stochastic manner, actingnfor the local
uncertainty attitudes, the variation of the indiwéd uncertainty in the region and the local andimewl interaction terms. Local
uncertainty is measured alternatively with the GE&ff-reported level of positive attitude to entrepeurship (CEmb) or the
level of the psychological type neuroticism (EF1)).
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Figure la&b:

The figure presents the distribution of the positialues of the main dependent variable, oncerifiatéd zeroes have been
truncated from the sample. Figure 1a to the leéigents the distribution for the year 2005, and Féglb to the right presents
the distribution for y in the year 2009.
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Figure 2:

The figure presents the regional patterns of tHati@nship between economic investment (availabintial capital Z) and the
addressed level of innovation by the individualisice as a type of entrepreneurial involvement.
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wvariable

Appendix 1: Derivation of Main Variables

Data Source

Main Dependent Variable - Level of Innovativeness

v gen v = . GEM
replace v1 = 4 if bstart 1
replace v = o if bstart o
gen v2 = .
replace V2 = 3 if bjobst 1
replace y2 = o if bjobst o
gen v3 = .
replace v3 = 2 if ownmge 1
replace v3 = o if ownmge == o
gen v = .
replace ¥ = 1 if busang == 1
replace el = o if busang == o
gen vS = .
replace v = o if ¥ — |.
gen v = (v1 + y2 + w3 + v v5)

Quality Ladders Wariables

Z Zen Zlalb = |. GEM
replace Zlalb = sumontot
replace Zlalb = |. if sumomntot == 999998
replace Zlalb = |. if sumontot == 999999
gen Z1lc = 35000
gen cl = .
replace cl = 1 if ownmge == 1
replace cl = o if cl==.
sen Zlc_real = ZFZlc*cl
gen Z1d = .
replace Zid = bafund
replace Z1d = |. if bafund == 1E+0O9
replace Z1d = . if bafund 1E+09
replace Zlalb = o if Zlalkb -
replace Z1d = o0 if Z1d -
sen z = (Zlalb Zlc_real + Z1d)

r gen empllalb = .
replace empllalb = sunowjob
replace empllalb = |. if sunowjob == 999998
replace empllalb = |. if sunowjob == 999999
gen emplsylalb = |.
replace emplsylalb = suyrsjob
replace emplSylalb = . if suyrsjob 999998
replace emplsylalb = |. if suyrsjob 999999
gen rlalkb = emplSylalb/empllalb
replace rlalkb = o if rlalb = |.

Zen empllc = |.

replace empllc = omnowjob

replace empllc = |. if ommnowjob == 999998
replace empllc = |. if omnow jok == 999999
gen emplsylc = |.

replace emplsylc = omyrsjob

replace emplSylc = . if omyrSjob 999998
replace emplsylc = |. if omyrsjob 999999
gen ric = emplSylc/fempllc

replace ric = o if ric = |.

Zen exp_payld = |.

replace exp_ payld = o if bapayoff 1
replace exp_payld = 0.5 if bapayoff == 2
replace exp_payld = 1 if bapayoff 3
replace exp_payld = 1.5 if bapayoff 4
replace exp_payld = 2 if bapayoff == 5
replace exp_payld = 5 if bapayoff (=3
replace exp_payld = 10 if bapayoff 7
replace exp payld = 20 if bapayoff == 8
replace exp paylalb = o if exp paylalb -

replace exp_payld = o if exp_payld = |.

gen r = (exp_paylalb + ric + exp_payld)/3




Variable

Data Source

Uncertainty Related Variables

Individual
EpU gen EpU GEM
replace  EplU 1if fearfail 1
replace  EpU 0 if EpU
Local
Cemb gen CEmb GEM
replace CEmb 1if nbgoodc 0
replace  CEmb 0 if CEmb
Rentfrow et al.
RF1 gen RF1 = n (neuroticism) (2015)
Individual Controls
gender gen male GEM
replace  male 1if gender 1
replace  male 0 if gender 2
age tab agedc
hc gen hc
replace  hc 1if gemhhinc 3467
replace  hc 1if gemhhinc 68100
replace  hc 0 if he
unempl gen unempl
replace unempl 1if gemwaork 6
replace  unempl 1if gemwaork 20
replace  unempl 0 if unempl
replace  unempl if gemwaork 9
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