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ARTICLE INFO ABSTRACT

Keywords: This study offers a novel country-level longitudinal investigation of conditions, including, income, urbanity,
Cultural goods education, R&D, and entrepreneurial activity, driving international trade, for imports and exports. The config-
f"P‘m urational (clustering) approach places emphasis on country and year groupings, offering ‘targeted’ under-
mport

standing on country level variations of international trade in cultural goods. The study explores context sensitive
Country level conditions affecting international trade in cultural goods, including environment for entrepreneurship, and
Clustering entrepreneurial processes. Emphasis is given to configurational considerations of clusters of country-year ob-
Trade servations based on conditions. Inferences inferred will be country groups-based perspectives. Using UIS and
GEM datasets, fuzzy c-means clustering is employed for economic development-related conditions measuring,
income, urbanity, education, R&D, and entrepreneurial activity, to establish clusters of country-year observa-
tions, based on differences in the condition values describing them. These clusters are defined to give qualitative
understanding of their individuality. Validation of clusters is undertaken with consideration of differences on
levels of international trade of cultural goods, in terms of forms of imports and exports. To complement the
validation, cluster profiling is undertaken, with consideration of population age and poverty levels. The study
contributes increased understanding concerning drivers (conditions) of trade in cultural goods, and impact of

Fuzzy c-means

entrepreneurship in both imports and exports.

1. Introduction

The international trade of cultural goods is one reflection of the
economic development state and cultural power for any country and is
unsurprisingly, also included amongst the United Nations’s Sustainable
Development Goals. Van der Pol (2007) identified that cultural goods
represented only 2.6 % of the EU economy and 3 % of gross domestic
product (GDP) in Mercosur countries by 2003, but these industries tend
to grow faster than the economy as a whole and provide higher quality
employment opportunities than the economy generally. Disdier et al.
(2010) noted a positive and significant influence of cultural flows on
overall trade.

Wang (2019) uses the United Nations Educational, Scientific and
Cultural Organization (UNESCO) definition of cultural goods as con-
sumer products that spread ideas, symbols, and lifestyles, providing
information and entertainment. In terms of trade, high added value and
value transmission of cultural industries have also increased the
importance of cultural goods in global trade over time, as well as
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contributing more to the national economy. Scavia et al.’s (2021) study
addresses the relationship between trade in cultural goods and economic
growth for 31 countries in Europe for 2004-2017, the results indicating
that cultural exports and imports have a positive effect on GDP in the
long run.

The topic is important and topical, therefore, because of the growth
in the importance of the cultural goods sector economically and its po-
tential for future growth. Currently, however, there is a lack of research
in this area, with knowledge gaps regarding understanding the drivers of
the cultural goods’ trade. The novel, early reflection, in this study, thus
offers a country-level investigation of conditions, including, income,
urbanity, education, research and development (R&D), and entrepre-
neurial activity, which may drive such trade, in terms of both imports
and exports. To offer a more comprehensive and rigorous approach in
this initial study we utilise a longitudinal perspective, with data
covering the years 2010 to 2019.

A configurational (clustering) approach is adopted in this study,
placing emphasis on country and year groupings, to offer more
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‘targeted’ and nuanced understanding regarding behaviour and in-
teractions (Ketchen and Shook, 1996; Crum et al., 2022). Moreover,
fuzzy clustering is employed in this study (Bezdek, 1981; Bezdek et al.,
1984; Andrews et al., 2017). Clusters of country-year observations
(cases) are established based on associated ‘clustering’ variables
describing income, urbanity, education, R&D, and entrepreneurial ac-
tivity. The established clusters are defined, in terms of describing
country-year observations Rich, Urban, Innovative, Educated, non-
entrepreneurial and Poor, Rural, Non-innovation, Non-education and
Start-up friendly. These clusters are further compared against external
variables describing the export and import based cultural trade of the
country-year observations. Certain statistically significant differences
are identified on the considered forms of cultural trade across the newly
established clusters.

The structure of the rest of the study is as follows; in the following
Section 2, literature on culture and entrepreneurship is presented. Sec-
tion 3 describes the data, as well as its origins. In Section 4, an initial
fuzzy cluster analysis of the created culture-entrepreneurship data is
undertaken. Section 5 considers the established clusters against export
and import cultural trade of the countries over different years, as well as
some profiling (including hierarchical regression). In Section 6, a dis-
cussion on the cluster-based findings is provided. Section 7 offers con-
clusions and directions for future research.

2. The theoretical drivers of trade in cultural goods

Considering the theoretical rationale supporting the complex in-
teractions amongst the conditions included as drivers, it is notable that,
whilst there is literature on the cultural drivers of entrepreneurship, the
ways in which entrepreneurship can drive the cultural industries
generally, and trade in cultural goods specifically, remains under
researched. This study focuses on cultural goods production, and trade
specifically, that is the outcome considered, with entrepreneurial cul-
ture theorised as one of a range of drivers of the import and export of
cultural goods, which follow in many ways broader drivers of trade
generally.
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The spectrum of cultural goods is, however, wide and is effectively
illustrated in the 2009 UNESCO framework for Cultural Statistics (see
Fig. 1). Fig. 1 confirms the diversity of goods ranging from cultural craft
goods associated with a particular country (e.g. cultural tourism goods
from Australia, whisky from Scotland) to the existence of sophisticated
film industries in specific countries and regions. The Welsh government,
for example, noted that the film industry delivered a turnover of £459
million in 2022 through productions such as “His Dark Materials” such
activity supporting many creative businesses and employment in Wales
(Bowden, 2023). There are also, however, potential linkages between
different types of cultural industries. In Northern Ireland for example, a
significant tourism industry has developed from the “Game of Thrones”
television series that was filmed in Northern Ireland. In 2018, this
attracted one in six of visitors to the country (350,000 people) and over
£50 million to the local economy (Tourism Northern Ireland, 2018). This
diversity of cultural goods with their potentially disparate drivers, as
well as the linkages between them, therefore gives rise to the following
research question:

RQ1. Are there distinct groups of countries defined by different com-
binations (clusters) of cultural sector relevant, trade and entrepreneur-
ship related, variables most likely to drive imports and exports of
cultural goods?

Turning to the drivers themselves, as Park (2014) has identified,
there are broad similarities between the trade in services and cultural
goods. This means that theories used in the studies of service sector
trade, such as Griinfeld and Moxnes’s (2003), which utilised the gravity
model approach (where trade is a function of the market size of importer
and exporter country and the distance between them), are potentially of
interest. Consequently, Park (2014) found, in the Korean context, the
relative economic development of the exporting country and the market
size of the importing country are important determinants of cultural
trade, the results of which are generally consistent with traditional
goods’ trade. Salim and Mahmood (2015) also find that the size of
Pakistan and its trading partner countries’ markets as well as distance
between them are also important determinants of exports in cultural
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Fig. 1. 2009 UNESCO framework for Cultural Statistics (UNESCO, 2009).



M. Beynon et al.

goods. Specifically, cultural goods exports are strongly and positively
influenced by the growth of GDP in Pakistan, whilst the trading partner
countries’ GDP growth negatively influence cultural goods’ exports.
Salim and Mahmood (2015) also highlight, however, that the gravity
model has added impetus in the context of cultural goods because of the
importance of cultural ties and commonalities which are often greater
with physical proximity. Marvasti (1994, p. 136) also found that
“Available statistics on trade in cultural industries suggest that highly
populated countries have historically been leading exporters of cultural
products.” Following the gravity model, distance, representing trans-
action costs and trade barriers, negatively affect exports of cultural
goods, whilst linguistics and cultural ties (Maghssudipour et al., 2023)
including colonial ones, common borders, and land area of the trading
partners positively influence the export of cultural goods. In many ways,
therefore, the level and strength of economic development, measured in
a variety of ways, can be seen as key drivers of imports and exports of
cultural goods.

In addition, entrepreneurship can be seen to play a key role in driving
the development of cultural industries, particularly those with strongly
creative elements (Demetry, 2019), in newly growing sectors such as
digital publishing (McMullen et al., 2021), in niche sectors of cultural
industries where resource restrictions and bottom-up approaches often
apply, and where cultural enterprises are particularly important to re-
gions economically and socially (Ratten and Ferreira, 2017). Porfirio
et al. (2016) also highlight the interconnectedness, in entrepreneurship
theory, between the environment (providing opportunities for entre-
preneurship), knowledge, education and networking. Linking economic
development aspects with entrepreneurship Zukauskaite (2012) also
found that R&D and highly qualified labour were also positively linked
to the development of certain cultural industries, via the universities and
their interactions with cultural businesses and entrepreneurs. In the area
of entrepreneurship, the clustering of these important elements together
has also been identified as being of relevance (Crum et al., 2022),
driving organizational resilience and strategic renewal in SMEs
(Herbane, 2019) and innovation (for example, in Portugal, see Vaz et al.,
2014). Consequently, the following research question has been
developed:

RQ1. Are there distinct groups of countries defined by different com-
binations (clusters) of cultural sector relevant, trade and entrepreneur-
ship related, variables most likely to drive imports and exports of
cultural goods?

RQ2. Do these clusters have significantly different impacts on imports
and exports of cultural goods?

3. Data

In terms of sample characteristics and data collected, this study on
the investigation of trade in culture, uses data collected from two
sources, namely, UNESCO (UNESCO, 2022) and GEM (GEM, 2023). In
terms of the UNESCO data, a description of the background to where the
majority of the data came from can be clearly seen from their opening
statements on the UNESCO (2022), website.

“The UNESCO Institute for Statistics (UIS) is the official and trusted
source of internationally comparable data on education, science,
culture, and communication. As the official statistical agency of
UNESCO, the UIS produces a wide range of state-of-the-art databases
to fuel the policies and investments needed to transform lives and
propel the world towards its development goals.”
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The entrepreneurship data comes from the Global Entrepreneurship
Monitor (GEM), which advocates (GEM, 2023).

“GEM carries out survey-based research on entrepreneurship and
entrepreneurship ecosystems around the world. GEM is a networked
consortium of national country teams primarily associated with top
academic institutions. GEM is the only global research source that
collects data on entrepreneurship directly from individual entre-
preneurs. GEM tools and data are therefore unique and benefit
numerous stakeholder groups.”

Variables considered in this study are next described (how they are
specifically used with be elucidated later), see Table 1.

In Table 1, the considered variables employed in this study are
summarised. A total of 227 cases are considered (cases here are country-
year observations), covering the years 2010 to 2019,' and 46 countries,
see Table 2.

In Table 2, the number of occurrences of each country is shown,” in
terms of number of times a country-year observation includes that
country, ranging from 1 up to 10. Before explaining the methods used to
cluster, we first elucidate the frequency of inclusion of countries, then
the variable values of the country-year observations over the considered
years, 2010 to 2019, see Figs. 2, 3 and 4.

In Fig. 2, each clustering variable, GDPprcap, RPOPprcnt,
GERDprent, GETDprcent and TEA, is described by a graph which in-
cludes 10 boxplots. These boxplots depict the spread of the case values
on a clustering variable over the considered years 2010 to 2019.
Viewing the sets of 10 boxplots allows an initial visualisation of the
change in the clustering variable value over time. A statistical perspec-
tive can be given, by considering ANOVA tests (Hair et al., 2010),
describing a test for the difference between two or more means. For each
clustering variable, the ANOVA results are, GDPprcap (F(1, 225) = 3.99,
p = 0.047%), RPOPprent (F(1, 225) = 1.74, p = 0.19), GERDprent (F(1,
225) = 0.35, p = 0.55), GETDprcent (F(1, 225) = 5.08, p = 0.025*) and
TEA (F(1, 225) = 0.68, p = 0.41). These tests show that for GDPprcap
and GETDprcent, there appears to be some variation in the associated
case values over the respective years.

In Fig. 3, a similar set of sets of boxplots are given, here for the four
external cultural trade variables, CGTExppc_1l, CGTExppc_2,
CGTImppc_1 and CGTImppc_2. A statistical perspective can be again
given, by considering ANOVA tests. For each cluster variable the
ANOVA results are, CGTExppc_1l (F(1, 225) = 0.1, p = 0.75),
CGTExppc_2 (F(1, 225) = 0.77, p = 0.38), CGTImppc_1 (F(1, 225) =
0.35, p = 0.77) and CGTImppc_2 (F(1, 225) = 0.53, p = 0.47). These
tests show there is not statistically significant across year variations on
any of the considered culture trade external variables for the considered
cases.

In Fig. 4, a similar set of sets of boxplots are given, here for the two
profiling variables. A statistical perspective can be again given, by
considering ANOVA tests. For each cluster variable the ANOVA results
are, YTHprent (F(1, 10.1) = 0.1, p = 0.002%*) and PVTYprent (F(1, 225)
= 7.55, p = 0.007**). These tests show the considered profiling vari-
ables, for the considered cases, are statistically significant over the
considered years.

A similar set of Figures are given for all the variables (clustering,
external and profiling), but instead showing spread of values over the
different countries, see Figs. Al to A3, in appendix A. These country-
based boxplots’ graphs are interesting since they demonstrate where
for some countries there appears changes to variables over the years
they are included in, and some with no movement (for those countries
with only a single year observation included, they will only be

1 One restriction on years is the GEM data has three-year embargo on the
data we are considering here.
2 There is no need for a country to have year data for all considered years.
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Table 1
Details of clustering, external and profiling variables.

Technological Forecasting & Social Change 210 (2025) 123914

Variable
name

Variable description

Variable type Relationship with review of the literature

Clustering variables

GDPprcap GDP per capita (current US$) Economic Overall income (output per head)
Development

RPOPprent Rural population (% of total population) Economic Level of rurality
Development

GERDprent GERD as a percentage of GDP Economic Commitment to R&D
Development

GETDprcent Government expenditure on tertiary education as a percentage of GDP (%) Economic Expenditure on university type education
Development (quality)

TEA Total Entrepreneurial Activity Entrepreneurial Start up and Early-Stage Entrepreneurship
Activity Activity

External variables

CGTExppc_1 Exports.of.cultural.goods/GDP (current US$) Exporting Importance to your economy

CGTExppc_2 Exports.of.cultural.goods/Exports of all goods Exporting Importance to your exports

CGTImppc_1 Imports.of.cultural.goods/GDP (current US$) Importing Importance to your economy

CGTImppc_2 Imports.of.cultural.goods/Exports of all goods Importing Importance to your imports

Profiling variables

YTHprent [Population aged 14 years or younger (thousands) + Population aged 15-24 years Age Profile Level of youthfulness

(thousands)] / Total population (thousands)
PVTYprent Poverty headcount ratio at $3.20 a day (PPP) (% of population) Poverty Profile Inherent Poverty (indirectly brings in
spread of wealth)
Table 2 cluster are more similar to each other than to those in other clusters.

Breakdown of frequencies of inclusion of countries (in country-year observations
terms).

Spain - 10 Uruguay - 7 USA -5 Cyprus - 3 France - 1
Sweden - 10 Croatia - 6 Austria - 4 Iran - 3 Georgia - 1
Ireland - 9 Estonia - 6 Brazil - 4 Kazakhstan - 3~ Guatemala -
1
Slovakia - 9 Norway - 6 Chile - 4 Bulgaria - 2 Japan - 1
Argentina - Portugal - 6 Ecuador - 4 Czechia - 2 Malaysia - 1
8
Italy - 8 Romania - 6 Germany - 4 Denmark - 2 Panama - 1
Latvia - 8 Belgium - 5 Lithuania - 4  South Africa - Slovenia - 1
2

Poland - 8 Canada - 5 Greece - 4 Thailand - 2 France - 1
Finland - 7 Colombia - 5 Mexico - 4 Tunisia — 2 Georgia - 1
Hungary - 7 Luxembourg - Russia - 4 Australia - 1 Guatemala -

5 1
UK-7 Netherlands-5  Costa Rica - El Salvador - 1

3

represented by a horizontal line).

It is of benefit to compare the two versions of each external variable
considered, each for export (CGTExppc_1 and CGTExppc_2) and import
(CGTImppc_1 and CGTImppc_2) of cultural trade, see Fig. 5.

In Fig. 5, in each plot, each point gives a (CGTExppc_1, CGTExppc_2)
coordinate (in 4a) and (CGTImppc_1, CGTImppc_2) coordinate (in 4b).
In each plot there is noticeable ‘heavy’ grouping of points around the
0.00 to 0.003 values, with then sparser points beyond these intervals for
a few country-year observations, regression lines, and associated 95 %
confidence intervals also included.

4. Method: cluster analysis

This study undertakes a configurational (clustering) approach in its
analysis, to investigate the relationship between entrepreneurship and
country characteristics towards cultural export and import trade activ-
ity. Ketchen and Shook (1996), in a critique of clustering, observed such
analysis can provide very rich descriptions of configurations (here
country-year observations) without over specifying the model. Crum
et al. (2022) also note that such an approach could benefit entrepre-
neurship research. To explain in further detail, in simple terms, clus-
tering considers a set of objects in such a way that objects in the same

Following Crum et al. (2022), it is important to remind the reader that a
cluster approach is a useful tool in such early-stage research, as this
study should be seen.

Here, a fuzzy clustering approach is adopted, named fuzzy c-means
(FCM - Bezdek, 1981; Bezdek et al., 1984; Saxena et al., 2017), the re-
sults generated using R software and the fclust package (with specific
coding). In contrast to more traditional ‘crisp’ clustering like the Ward’s
method and k-means, where with continuous clustering variables
describing the cases, they are assumed to be only associated with a single
cluster, FCM understandably works on the premise that each case may
have grades of membership to different clusters. Here, a recent devel-
opment on FCM is also included, namely using a polynomial fuzzifier
(see Klawonn and Hoppner, 2003; Winkler et al., 2011). This develop-
ment means the fuzzifier functions are a linear combination of both
fuzzy c-means and crisp k-means algorithms, meaning cluster member-
ship is not only over the values of the open interval (0, 1), but allows
membership values of [0, 1], including 0 and 1 (see Ferraro and Gior-
dani, 2015).

An important feature of this (FCM) non-hierarchical approach to
clustering is ‘what’ number of clusters to establish (see Ketchen and
Shook, 1996; Saxena et al., 2017). There exist several nascent measures
to help on this ‘number of clusters’ issue, see Xu et al. (2016). Following
Ketchen and Shook (1996) and McDermott et al. (2013), theoretical
meaningfulness (deductive approach) was also an important consider-
ation. It follows, here, four clusters were considered appropriate number
to consider, also noting 227 number of cases being considered (so po-
tential for meaningful numbers of cases associated with each cluster).

5. Clustering results

An initial exposition of the established four-cluster solution (C1, C2,
C3 and C4) of the culture-entrepreneurship data set is given in Fig. 6.

In Fig. 6a, the five variables used for clustering, GDPprcap,
RPOPprent, GERDprent, GETDpreent and TEA, are described by box-
plots, each describing the spread of values for that clustering variable
over all considered cases. We note, following Hair et al. (2010), stand-
ardised variable forms of the clustering variables were used in the
clustering process using FCM are used (with zero mean and unit stan-
dard deviation as noted in y-axis scale), for each clustering variable to
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Fig. 2. Boxplots of clustering variables’ values across the considered years 2010 to 2019.

limit impact of variation in original interval scaled data.

Across the set of boxplots, a series of point-lines are drawn, showing
the respective individual cluster details associated with the clustering
variables. Moreover, each point represents the mean value of that var-
iable associated with the cases in a specific cluster, with the lines joining
up the respective variable mean values of the variables for a single
cluster. On the right end of each point-line is an initial cluster label (C?),
with the number shown the number of cases associated with that cluster
in majority association terms.”

In Fig. 6b, a further graphical interpretation of the variable based
clustering of the country-year observations is given. Moreover, for each
cluster, the set of five boxplots explicitly shows the spread of the clus-
tering variable values for the cases majority associated with that clus-
ter.* ANOVA tests can again be employed to test the level of difference
between the sets of case values associated with each cluster on each
clustering variable. The ANOVA results are, GDPprcap (F(1, 225) =
13.9, p = 0.00024***), RPOPprent (F(1, 225) = 42.8, p = 4e—10***),
GERDprent (F(1, 225) = 74.3, p = 1.2e—15%**), GETDprcent (F(1, 225)
= 224, p < 2e—16***) and TEA (F(1, 225) = 10.1, p = 0.0017**). The
tests show there is statistically significant difference in the sets of cluster
case values across all the clustering variables. These results then allow
more specific Bonferroni ‘post hocs’ to be undertaken on each clustering

3 With using FCM, a case has a grade of membership to each cluster, majority
association means a case will be singly associated with a single cluster for which
they have the largest grade of membership towards.

* We note briefly that Fig. 5b also offers a mechanism for the initial ordering
of the clusters (C1, C2, C3 and C4). That is, they are shown in Fig. 5b in the
order based on overall mean of all clusters variables values of cases in a cluster
(largest mean C1 and smallest mean C).

variable (see Hair et al., 2010; McDermott et al., 2013) to examine be-
tween cluster variations. The post-hoc results are shown in Fig. 6a,
where dark shaded ovals are shown around groups of clusters case mean
points where there is no post-hoc statistical difference between them.

Following the graphical and statistical evidence-based elucidation of
the four clusters, given in Fig. 6, an attempt is next made to summarise,
most obviously by using the relative strengths of the clustering variables
to define each cluster as follows.

C1 (55) - High GDP, Low RPOP, High GERD, High GETD and Low
TEA so defined - Rich, Urban, Innovative, Educated, non-
entrepreneurial.

C2 (37) - Low GDP, Low RPOP, Low GERD, Mid GETD and High TEA
so defined - Poor, Urban, Non-innovation, Basic Education, Start-Up
reliant.

C3 (82) - Low GDP, High RPOP, Low GERD, Low GETD and Mid TEA
so defined - Poor, Rural, Non-innovation, Non-education, Start-up
friendly.

C4 (53) - High GDP, Mid RPOP, Mid GERD, Low GETD and Low TEA
so defined - Rich, Urban-Rural balanced, Basic innovation, Non-
education, non-entrepreneurial.

These defined clusters of country-year observations are then considered
in terms of their relationship with international trade in cultural goods. The
established clusters of country-year observations, based on clustering
variables, GDP (GDPprcap), rurality (RPOPprcnt), education (GERDprent),
research (GETDprcent) and entrepreneurship (TEA), are considered in
terms of the cluster variations in the associated levels of trade in cultural
goods. In technical terms, this consideration of ‘external’ variables against
established clusters is also a form of validation of the undertaken clustering
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process (Ketchen and Shook, 1996; Crum et al., 2022). Moreover, two versions each of the export (CGTExppc_l and
Here, as described in Table 1, four external variables are considered, CGTExppc_2) and import (CGTImppc_1 and CGTImppc_2) of cultural
which each describe a facet of cultural trade in the considered country- goods are considered (see Table 1 for their descriptors).
year observations making up the culture-entrepreneurship data set. Two graphs are again presented describing the cluster relationships
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to each of the four cultural trade external variables considered, namely, In Fig. 7a, the four cultural trade external variables are descried by
CGTExppc_1, CGTExppc_2, CGTImppc_1 and CGTImppc_2, see Fig. 7 (for boxplots, with respective cluster means of the external variables repre-
ease of representation the original cluster labels C1, C2 C3 and C4 are sented by point-lines (as in Fig. 5a). In Fig. 7b, the respective external
used in the plots given). variable cluster boxplots are shown for each of the four clusters (as in
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Fig. 5b). In terms of the ordering of the clusters, using their cluster
means values, are CGTExppc_1 - C2 < C1 < C4 < C3; CGTExppc_2 - C2 <
C3 < C1 < C4; CGTImppc_1 - C2 < C4 < C1 < C3; CGTImppc_ 2 — C2 <
C3 < Cl < C4.

An immediate consideration is then on the statistical difference in
the cluster external variable values. Here ANOVA tests are undertaken,
CGTExppc_1 (F(1, 225) = 6.22, p = 0.013%), CGTExppc_2 (F(1, 225) =
11.4, p = 0.00085***), CGTImppc_1 (F(1, 225) = 1.28, p = 0.26) and
CGTImppc_2 (F(1, 225) = 0.33, p = 0.57). It follows, there appears to be
statistically significant differences in the levels of export cultural trade
across the established clusters for both CGTExppc_1 and CGTExppc_2,
but not statistically significant differences with respect to the import
cultural trade, CGTImppc_1 and CGTImppc_2. It follows, post-hoc details
are only presented for the export cultural trade external variables,
CGTExppc_1 and CGTExppc_2 (since only those show ANOVA based
statistical significance), as shown with the use of dark grey oval notation
across the sets of clusters mean points in Fig. 6a, only for these two
external variables.

An attempt is also made here to offer a level of profiling of the
established clusters. As described in Table 1 two specific profiling var-
iables are considered (available in UIS data set), namely, YTHprcnt and
PVRTYprent. We include one further variable here, namely the year of
each case (country-year observation), to them consider a possible year
effect form of profiling. As employed previously, a visualisation of the
profiling of the clusters, using, Year, YTHprcnt and PVTYprent, is first
given, see Fig. 8.

In Fig. 8a and b results are presented showing the variations in the
cluster associated case profiling variable values as employed previously,
see Figs. 6 and 7. In terms of mean-based ordering; Years - C2 < C3 < C1
< C4; YTHprent — C4 < C1 < C3 < C2 and PVTYprent - Cl < C4 < C3 <
C2. The associated ANOVA tests are next given, Year (F(1, 225) = 0.17,
p = 0.68), YTHprent (F(1, 225) = 8.05, p = 0.005**); and PVTYprent (F
(1, 225) = 0.43, p = 0.51). These tests show only YTHprent is statisti-
cally different across the four established clusters. Hence again, dark
grey oval notation is applied to the points on the YTHprent profiling
variable to denote where there is no ‘post-hoc’ statistically significant
difference between pairs of clusters (points). One further set of results
are given, at the most granular level, namely individual country level,
see Fig. 9.

In Fig. 9, the two sets of matrix-cell based plots are presented, in
relation to CGTExppc_1 (left) and CGTExppc_2 (right). Each row in a plot
represents a country, and the cells present in a row correspond to that
country’s associated country-year observations in the culture-
entrepreneurship data set. The main columns denote the individual
years, left to right, 2010 through to 2019. In each plot, the ordering of
the countries is rank ordering based on the highest (top) to lowest
(bottom) of the respective mean external variable values over their set of
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country-year observations. Final description is the cells are labelled with
the cluster that country-year observation is majority associated with (the
shading light grey to dark grey allows further seeing of patterns — and
are ordered based on the C1 to C4 — see footnote 4).

In Fig. 9a, in regard to CGTExppc_l, the countries are ranked (on
overall mean CGTExppc_1 Values) from top (Malaysia — 0.013) to bot-
tom (Iran — 0.000) [noting a number of near 0]. We see the scattering of
cells shown in the matrix (acknowledging not all countries had all years
included). Looking at the rows, and the labelling in cells does suggest
there is limited evidence of a country changing cluster majority asso-
ciations over the available years (exceptions being looking bottom to
top, Canada, Costa Rica, and Estonia). In Fig. 9b, in regard to
CGTExppc_2, the countries are ranked (on overall mean CGTExppc_2
Values) from top (UK - 0.036) to bottom (Ecuador — 0.000). This allows
us to add geographical but also socio-economic information to the
naming of the clusters, adding further clarity, as is shown below.

C1 (55) - High GDP, Low RPOP, High GERD, High GETD and Low
TEA so defined - Rich, Urban, Innovative, Educated, non-
entrepreneurial (Example Countries: Austria, Belgium, Finland,
Germany, Norway, Sweden, USA, Netherlands, Canada) Northern
European and America.

C2 (37) - Low GDP, Low RPOP, Low GERD, Mid GETD and High TEA
so defined - Poor, Urban, Non-innovation, Basic Education, Start-Up
reliant (Example Countries: Argentina, Brazil, Chile, Colombia,
Ecuador Uruguay): South American.

C3 (82) - Low GDP, High RPOP, Low GERD, Low GETD and Mid TEA
so defined - Poor, Rural, Non-innovation, Non-education, Start-up
friendly (Example Countries: Cyprus, Croatia, Hungary, Latvia,
Lithuania, Poland, Portugal, Romania, Slovakia, Kazakhstan, Iran):
Economically peripheral.

C4 (53) - High GDP, Mid RPOP, Mid GERD, Low GETD and Low TEA
so defined - Rich, Urban-Rural balanced, Basic innovation, Non-
education, Non-entrepreneurial (Example Countries, Greece, Italy,
Ireland, Luxembourg, Russia, Spain, UK): Culturally Marketed.

Fig. 9 also indicates, very broadly, that for to CGTExppc_1 (8a),
clusters C3 and C4 are much more strongly represented in the higher
values of exports of cultural goods as a proportion of overall GDP, whilst
Cl and C2 are more strongly represented in the lower values. For
CGTExppc_2 (8b) cluster C4 seems more strongly represented in the
higher values for Exports of cultural goods as a proportion of exports of
all goods. This seems to show that generally (though not for C4 countries
such as Russia and Ireland), culturally marketed countries are more
reliant on cultural exports to their overall exports. To bring together the
results presented so far, a series of hierarchical regressions are under-
taken, a series for each of the two export oriented international trade
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Fig. 8. Comparing clusters to profiling variables.
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Exppc_12010 2011 2012 2013 2014 2015 2016 2017 2018 2019  Country
0.013 C1 Malaysia
0.011 C3 C3 Thailand
0.008 C2 Panama
0.006 C4 C C4 [ C4 Ca 1 C1 ] UK
0.005 LC3 C3 [ C3 C3 [C3 T C3 1 C3 1] C3 Latvia
0.005 [C3 Ca fcafcaic2ical Estonia
0.005 [C4 ] Czechia
0.005 [C47] [Cca C4 C4 || C4 Italy
0.004 C1 C1 C1 C1 C1 ] N

.004 C3 C3 C3 [ C3 C3 C3 ' C3 lovakia
0.004 C3 I C3 C3 | C3 C3 C3 | C3 C3 Poland
0.004 C France
0003[C1 T C1 ] [ C1 C1 C11] Belgium
0.003 [EEan|NCN|NES C3 Lithuania
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0.001 o 3 Bulgaria
0.001 C3 C2 Mexico
0.001 [CC4 C3 C3 || C3 | C3 Portugal
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0.001 o7} (o} Greece
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0.001 C C4 C4 C4 Luxembourg
0001 (€3 C3 1 C3 " C3 C3 | C3 Romania
0.001 C Guatemala
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0.001 C3 South Africa
0.001 Australia

0 ! 2D (c7. c72 G2 Colombia
0 \ﬁj [ca] Russia

0 [C1 T c1 C1 JC1] C1 Norway
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0 [ C2 ] C2 C2 C2 Chile
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Fig. 9. Matrix cell-based elucidation of country-year observations to CGTExppc_1 (8a) and CGTExppc_2 (8b).

external variables. As discussed in Andrews and Beynon (2017), hier-
archical regression analysis involves transforming the clusters into
dummy variables, generating four separate regression equations, a
different cluster used as a reference category for each model. This then
allows us to compare the strength of the three (dummy scored) clusters
in relation to cultural goods exports with the cluster that serves as the
reference category in each case. The findings of each of the sets of hi-
erarchical regressions are next separately discussed, see Tables 3 (for
CGTExppc_1) and 4 (for CGTExppc_2). (See Table 4.)

For CGTExppc_1 (Exports.of.cultural.goods/GDP (current US$)),
which measures the importance of the export of cultural goods to the
economy as a whole, the results show positive and significant relationships
in a number of the equations for C3 (Poor, Rural, Non-innovation, Non-
education, Start-up friendly) and C4 (Rich, Urban-Rural balanced, Basic
innovation, Non-education, Non-entrepreneurial). Interestingly, C3 can
also be seen to have stronger values. Conversely, C1 (Rich, Urban, Inno-
vative, Educated, non-entrepreneurial) and C2 (Poor, Urban, Non-
innovation, Basic Education, Start-Up reliant) show negative and signifi-
cant relationships in a number of the equations. Again, interestingly, C2
(start-up reliant) is more strongly negative than C1.

Table 3
CGTExppc_1 hierarchical regression results.
-C1 -C2 -C3 —C4

Intercept 51.397 50.995 51.992 51.803
C1 - 0.403 —0.595** —0.406*
Cc2 —0.403 - —0.998** —0.809**
C3 0.595%** 0.998%** - 0.189
C4 0.406* 0.809%* —0.189 -
Year —0.025 —0.025 —0.025 —0.025
YTHprent —0.564 —0.564 —0.564 —0.564
PVTYprent —0.037* —0.037* —0.037* —0.037*
Adj. R2 0.157 0.157 0.157 0.157
F (6, 220) 8.03*** 8.03*** 8.03*** 8.03***

Signif. codes: “**** [0, 0.001]; *** (0.001, 0.01]; “** (0.01, 0.05];  (0.05, 0.1]; ¢
> (0.1, 1].

Exppc_22010 2011 2012 2013 2014 2015 2016 2017 2018 2019  Country
0036 CcaTcaT (7] ca Fcay Ct UK
0.02 [c1 Tc1FcTcTCc1] usAa
0.019 [c3] Thailand
0.019 C2 Panama
8 81579 [c4 ] [Ccafcalcalcafcalcs] :ﬁalv
rance
0.017 [C1 ] Malaysia
0013[C3 [ C3 J[C3 JC3] [c3 T c3c3] [C37] Lavia
0.009 C3 El Salvador
0.009 @@@’lﬁj@iﬁ@@ Poland
0.008 [C1] C1 Denmark
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Estonia
m@@@@@@@%@@w
apan
0.007 CC1] 175 C1 (o7 Germany
0.007 [crcrctcrIct Netherlands
0.006 [ca] [ca] Czechia
0.006 [ca] @ Greece
0.006 (€3 [ C3 ] [C3] @ Croatia
0.006 C1 ] [c1 I [C1 Austria
8 885 [Cc3 ] ‘Is'llmisi::
!;3 !;3 !;} !;3 jovakia
0.005 @&H ‘éﬂ@lﬁgﬂ t%gj Portugal
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0.004 Slovenia
0004 [C3 ] [C3 ] C2 [Cc3] Mexico
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0.003 C C C Cc1 1 C2 Canada
0003[C1 [ C1 I C1 C C C C1 I C1 TC1 JTC1T ] Sweden
0.003 Australia
0 003 C3 South Africa
0.003 [C2 ] C2 [c2]c2]c2] Colombia
O 002 [c1Tcifecr et et fctfct] Finland
000 [T I G T[T Ca rere Roman:
C. C3 | omania
0 002 c3 cajfc3 c3ilreaea|ca] Hungary
N C4 | C4 C4 Russia
0 001 [ECPN| NED: C2 C2 Brazil
0001 CC1T I C1 ] C1 c1 [ C1 C1 Norway
0.001 [HES! Kazakhstan
0001 [C2 [ C2 JC2 J C2 | C2 ] Cc2 C4 C2 Argentina
0.001 [C2 ] [c2c21c2 C2 c2 [c2 ] Uruguay
0.001 c3 Georgia
0.001 C2 C2 C2 C2 Chile
0.001 C3 C3 Iran
0o [c2] 2 corca Ecuador
Table 4
CGTExppc_2 hierarchical regression results.
-C1 -C2 -C3 -C4
Intercept —17.956 —18.538 —17.966 —17.265
C1 - 0.581* 0.010 —0.691%*
c2 —0.581* - —0.572* —1.273%*
C3 —0.010* 0.572* - —0.701**
c4 0.691%** 1.273%** 0.701%** -
Year 0.009 0.009 0.009 0.009
YTHprent 0.212 0.212 0.212 0.212
PVTYprent —-0.011 —0.011 —0.011 —0.011
Adj. R2 0.154 0.154 0.154 0.154
F (6, 220) 6.67%** 6.67%** 6.67%** 6.67%**

Signif. codes: “**** [0, 0.001]; “*** (0.001, 0.01]; ** (0.01, 0.05]; * (0.05, 0.1]; ¢
* (0.1, 11.

For CGTExppc 2 (Exports of cultural goods/Exports of all goods),
which measures the importance of the export of cultural goods to exports
as a whole, the results show positive and significant relationships for C4
(Rich, Urban-Rural balanced, Basic innovation, Non-education, non-
entrepreneurial). Conversely, C2 (Poor, Urban, Non-innovation, Basic
Education, Start-Up reliant) highlight negative and significant relation-
ships in several of the egs. C1 and C3, are positive in some equations and
negative in others. In terms of the control variables, the results suggest that
only poverty has a significant (negative) effect on cultural goods exports
and only in terms of relative importance to the economy as a whole, this
not preventing C3 countries from deriving greater importance for their
cultural goods exports as a proportion of their overall economy.

6. Discussion

In this section, the research questions are considered and discussed.
Previous research in the area of cultural goods trade has focused on
exports only (Maghssudipour et al., 2023; Park, 2014; Salim and Mah-
mood, 2015); individual countries (Zukauskaite, 2012; Park, 2014;



M. Beynon et al.

Salim and Mahmood, 2015), sectors (Demetry, 2019), and analysed the
impact of variables individually (Marvasti, 1994; Park, 2014; Salim and
Mahmood, 2015). The results of this study, however, extend the work of
Crum et al., (2022) by both including the role of entrepreneurship and
through analysis which clusters economic development and entrepre-
neurship variables together. This also supports Salim and Mahmood’s
(2015) contention, that existing economic development-related frame-
works (in their case the gravity model of trade) model can have added
relevance when also considered in the context of other, environmental
factors (in their case cultural ties and commonalities, in our case
entrepreneurship). The results allow a view of the interactions of drivers
of cultural industries in terms of geography and industry, allowing
broader development of theory and policy as a result.

RQ1. Are there distinct groups of countries defined by different combi-
nations (clusters) of cultural sector relevant, trade and entrepreneurship
related, variables most likely to drive imports and exports of cultural goods?

In answering this question, the results show that the four clusters
established demonstrate (statistical) variation across the considered
clustering as well as distinct geographical and/or socio-economic dif-
ferences, which were realised by the hierarchical regression analysis
undertaken for the export focused external variables. The fact that the
import focused variables did not show such statistical variation across
the clusters, however, also identifies that the sets of drivers of imports
and exports are not identical.

RQ2. Do these clusters have significantly different impacts on imports
and exports of cultural goods?

In responding to this RQ, unsurprisingly, the results show that whilst
for the more broadly economically based Northern American and Euro-
pean economies of C1 the results are inconsistent, for C4, containing the
countries most strongly culturally marketed, there is the most consistent
positive relationship with cultural exports being important to both the
economy AND to exports as a whole. For the South American focused
cluster C2, a high reliance on new firms, in an environment of low GDP, an
urban environment and with only basic education is not conducive to
exports being important either to the economy as a whole or exports as a
whole. For the economically peripheral countries of C3, however, where
the environment is start-up friendly (but not reliant), having a poor rural
and non-innovation-education environment is still compatible with cul-
tural goods exports being important to the economy as a whole, but
inconclusive for cultural goods exports within total exports.

The role of language in the clusters extracted, which may help distin-
guish between the more global strongly cultural countries in C4 and the
more economically peripheral ones in C3. C4 countries for example (or at
least some of them) may have a relative advantage in the export of cultural
goods, because of linguistic-related factors (including those related to
diaspora and colonial ties) (Maghssudipour et al., 2023), over both other
countries sharing the same language- if its other conditions are better, but
also over countries with similar conditions but which do not have the same
linguistic conditions, even where these countries are geographically
proximate. This may help to explain, therefore the results for C4 countries,
particularly the UK, Ireland, Spain, Italy, and Russia. The results for C4
would also tend to support, but only for exports, Salim and Mahmood’s
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(2015) contention, that an existing economic development model has
added impetus in the context of cultural goods because of the connected
importance of cultural ties and commonalities.

7. Conclusions

This study has investigated the relationship between a number of
country-based economic and entrepreneurship variables and certain
cultural trade descriptors. By considering a novel cluster approach,
emphasis was placed on the case-based understanding of configurations
of the clustering variables, GDPprcap, RPOPprcnt, GERDprent,
GETDprcent and TEA, through which distinctly different types of cul-
tural goods clusters were identified. These results offer initial insights
into this phenomenon that can act as a baseline for further study.
However, it is apparent that further ongoing research is required
exploring different types of cultural trade in greater depth- and how they
can be supported through the development of focused ecosystems to
enable further growth.

The implications for policy and practice are, firstly, that there are
clear clusters of often geographically designated countries sharing
similar combinations of conditions that drive or hinder trade in cultural
goods, which policy makers can potentially employ to support the sus-
tainable development of their own cultural industries. Thus, the devel-
opment of similar economic policy and support ecosystems within these
countries to enable the same trading clusters. Second, whilst more
traditional strong cultural exporters, such as the UK, unsurprisingly find
the cultural industries of great importance both to their economy and
exports, the results also demonstrate that cultural industries can also be
important to the economies of more economically peripheral countries,
where such entrepreneurial activity is also important.

The specific implications for practice include the specific need for
entrepreneurship-promotion in these economically peripheral countries
to help develop trade in cultural goods, whilst for more traditionally
strong cultural exporters, the role of innovation may be of greater
relevance, and therefore in need of greater policy support to further
develop the cultural industries. Cultural trade in all its forms offers a
significant national opportunity to encourage entrepreneurial growth
profiting on the existing competencies and strengths of individuals and
regions.
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In this appendix, a series of boxplots are given, showing the spread of respective variables’ values of the considered country-year observations, and
broken down by country (noting countries have different frequency of inclusion in the data set — see Table 2).
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Fig. Al. Series of box plot of clustering variables by country.
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References

Andrews, R., Beynon, M.J., 2017. Managerial networking and stakeholder support in
public service organizations. Public Organ. Rev. 17, 237-254. https://doi.org/
10.1007/s11115-015-0340-0.

Andrews, R., Beynon, M.J., Genc, E., 2017. Strategy implementation style and public
service effectiveness, efficiency, and equity. Adm. Sci. 7 (1), 4. https://doi.org/
10.3390/admsci7010004.

Bezdek, J.C., 1981. Pattern Recognition with Fuzzy Objective Function Algorithms.
Plenum Press, New York. https://doi.org/10.1007/978-1-4757-0450-1.

Bezdek, J.C., Ehrlich, R., Full, W., 1984. FCM: the fuzzy c-means clustering algorithm.
Comput. Geosci. 10 (2-3), 191-203. https://doi.org/10.1016,/0098-3004(84)90020-
7.

Bowden, D., 2023. Written statement: updates to the annual statistics on the creative
Wales sectors, Welsh Government. https://www.gov.wales/written-statement
-updates-annual-statistics-creative-wales-sectors.

Crum, M., Nelson, T., de Borst, J., Byrnes, P., 2022. The use of cluster analysis in
entrepreneurship research: review of past research and future directions. J. Small
Bus. Manag. 60 (4), 961-1000. https://doi.org/10.1080/00472778.2020.1748475.

Demetry, D., 2019. Culture and commerce: the value of entrepreneurship in creative
industries. Contemp. Sociol. 48 (1), 76-77. https://doi.org/10.1177/
0094306118815500x.

Disdier, A.C., Tai, S.H., Fontagné, L., Mayer, T., 2010. Bilateral trade of cultural goods.
Rev. World Econ. 145, 575-595. https://doi.org/10.1007/510290-009-0030-5.

Ferraro, M.B., Giordani, P., 2015. A toolbox for fuzzy clustering using the R
programming language. Fuzzy Sets Syst. 279, 1-16. https://doi.org/10.1016/j.
fs5.2015.05.011.

GEM, 2023. Mission & values. https://www.gemconsortium.org/about/gem/5.
(Accessed April 2023).

Griinfeld, L.A., Moxnes, A., 2003. The Intangible Globalization: Explaining the Patterns
of International Trade in Services. Discussion Paper, vol. 657. Norwegian Institute of
International Aff. https://nupi.brage.unit.no/nupi-xmlui/bitstream/handle/1125
0/2394659/WP_nr657_Grunfeld_Moxnes.pdf?sequence=3.

Hair, J., Black, W.C., Babin, B.J., Anderson, R.E., 2010. Multivariate Data Analysis, 7th
edition. Prentice-Hall Publication, NJ.

Herbane, B., 2019. Rethinking organizational resilience and strategic renewal in SMEs.
Entrep. Reg. Dev. 31 (5-6), 476-495. https://doi.org/10.1080/
08985626.2018.1541594.

Ketchen Jr., D.J., Shook, C.L., 1996. The application of cluster analysis in strategic
management research: an analysis and critique. Strateg. Manag. J. 17 (6), 441-458.
https://doi.org/10.1002/(SICI)1097-0266(199606)17:6<441.

Klawonn, F., Hoppner, F., 2003. An alternative approach to the fuzzifier in fuzzy
clustering to obtain better clustering results. In: Proc. 3rd Eusflat Conference,
pp. 730-734. https://doi.org/10.1007/978-3-540-45231-7_24.

Maghssudipour, A., Bellandi, M., Caloffi, A., 2023. The role of language in international
trade and the “made in Italy”. J. Ind. Bus. Econ. 50 (3), 677-702. https://doi.org/
10.1007/s40812-022-00238-w.

Marvasti, A., 1994. International trade in cultural goods: a cross-sectional analysis.

J. Cult. Econ. 18 (2), 135-148. https://doi.org/10.1007/BF01078936.

McDermott, A.M., Heffernan, M., Beynon, M.J., 2013. When the nature of employment
matters in the employment relationship: a cluster analysis of psychological contracts
and organizational commitment in the non-profit sector. Int. J. Hum. Resour. Manag.
24 (7), 1490-1518. https://doi.org/10.1080/09585192.2012.723635.

McMullen, J.S., Ding, A.W., Li, S., 2021. From cultural entrepreneurship to economic
entrepreneurship in cultural industries: the role of digital serialization. J. Bus.
Ventur. 36 (6), 106157. https://doi.org/10.1016/j.jbusvent.2021.106157.

Park, Y.S., 2014. Trade in cultural goods: a case of the Korean wave in Asia. J. East Asian
Econ. Integr. 18 (1), 83-107. https://doi.org/10.11644/KIEP.JEAL.2014.18.1.276.

Porfirio, J.A., Carrilho, T., Ménico, L.S., 2016. Entrepreneurship in different contexts in
cultural and creative industries. J. Bus. Res. 69 (11), 5117-5123. https://doi.org/
10.1016/j.jbusres.2016.04.090.

13

Technological Forecasting & Social Change 210 (2025) 123914

Ratten, V., Ferreira, J.J., 2017. Future research directions for cultural entrepreneurship
and regional development. Int. J. Entrep. Innov. Manag. 21 (3), 163-169. https://
doi.org/10.1080/19406940.2017.1380683.

Salim, S., Mahmood, Z., 2015. Factors shaping exports of cultural goods from Pakistan.
NUST J. Soc. Sci. Humanit. 1 (1), 73-86. https://doi.org/10.51732/njssh.v1il.4.

Saxena, A., Prasad, M., Gupta, A., Bharill, N., Patel, O.P., Tiwari, A., Er, M.J., Ding, W.,
Lin, C.T., 2017. A review of clustering techniques and developments.
Neurocomputing 267, 664-681. https://doi.org/10.1016/j.neucom.2017.06.053.

Scavia, J., Fernandez De La Reguera, P., Olson, J.E., Pezoa, N., Kristjanpoller, W., 2021.
The impact of cultural trade on economic growth. Appl. Econ. 53 (38), 4436-4447.
https://doi.org/10.1080/00036846.2021.1904112.

Tourism Northern Ireland, 2018. The Game of Thrones® Effect. https://www.tourismni.
com/business-guidance/sector/activities-attractions/activities-and-attract
ions-growing-your-business/gameofthrones/the-game-of-thrones-effect/#: ~:text
=The%20economic%20benefits%200f%20screen, figures%20as%20each%20season
%20passed. (Accessed August 2024).

UNESCO, 2009. 2009 UNESCO framework for Cultural Statistics. chrome-extension://
efaidnbmnnnibpcajpcglclefindmkaj/. https://uis.unesco.org/sites/default/files/doc
uments/unesco-framework-for-cultural-statistics-2009-en_0.pdf. (Accessed August
2024).

UNESCO, 2022. http://data.uis.unesco.org/. (Accessed April 2023).

Van der Pol, H., 2007. Key Role of Cultural and Creative Industries in the Economy.
UNESCO Institute for Statistics, Canada.

Vaz, E., de Noronha Vaz, T., Galindo, P.V., Nijkamp, P., 2014. Modelling innovation
support systems for regional development-analysis of cluster structures in
innovation in Portugal. Entrep. Reg. Dev. 26 (1-2), 23-46. https://doi.org/10.1080/
08985626.2013.860193.

Wang, Y., 2019. A literature review of empirical research on trade of cultural goods.
Appl. Financ. Account. 6 (9). https://doi.org/10.11114/afa.v6i1.4609.

Winkler, R., Klawonn, F., Kruse, R., 2011. Fuzzy clustering with polynomial fuzzifier
function in connection with M-estimators. Appl. Comput. Math. 10 (1), 2011.
https://doi.org/10.1007/978-3-540-45231-7_24.

Xu, S., Qiao, X., Zhu, L., Zhang, Y., Xue, C., Li, L., 2016. Reviews on determining the
number of clusters. Appl. Math. Inform. Sci. 10 (4), 1493-1512. https://doi.org/
10.18576/amis/100428.

Zukauskaite, E., 2012. Innovation in cultural industries: the role of university links.
Innovation 14 (3), 404-415. https://doi.org/10.5172/impp.2012.14.3.404.

Malcolm Beynon is Professor of Uncertain Reasoning in Cardiff Business School at Cardiff
University (UK). He gained his BSc and PhD in pure mathematics and computational
mathematics, respectively, at Cardiff University. His research areas include the theoretical
and application of uncertain reasoning methodologies, including Dempster-Shafer theory,
fuzzy set theory and rough set theory, and also the introduction and development of
multicriteria based decision making and classification techniques, including the Classifi-
cation and Ranking Belief Simplex. He has published over 100 sole and co-authored ar-
ticles in academic journals, such as European Journal of Operational Research,
International Journal of Approximate Reasoning, Urban Studies, International Journal of
Human Resource Management and Environment and Planning A.

David Pickernell is Professor of Entrepreneurship and Enterprise Development in School
of Management, Swansea University. Professor Pickernell has worked in higher education
for nearly 30 years, working at the University of Glamorgan (now part of the University of
South Wales) before joining the University of Portsmouth in 2016. He joined Swansea
University in 2022. He is an active researcher in the entrepreneurship, small business
management and policy disciplines and has published academic journal papers, book
chapters and conference papers. He has undertaken research in entrepreneurship and
small business management, entrepreneurship education and regional development policy
during his academic career. He has published his work in leading international journals
such as Regional Studies, Studies in Higher Education, Omega, Journal of Business
Research and Environment and Planning C. Professor Pickernell currently sits on the
Editorial Review Board of the International Journal of Entrepreneurial Behavior and
Research and is a Fellow of the Higher Education Academy.

Paul Jones is Professor of Entrepreneurship and Innovation at the School of Management,
Swansea University. His research predominantly explores entrepreneurial behaviour and
small business management.


https://doi.org/10.1007/s11115-015-0340-0
https://doi.org/10.1007/s11115-015-0340-0
https://doi.org/10.3390/admsci7010004
https://doi.org/10.3390/admsci7010004
https://doi.org/10.1007/978-1-4757-0450-1
https://doi.org/10.1016/0098-3004(84)90020-7
https://doi.org/10.1016/0098-3004(84)90020-7
https://www.gov.wales/written-statement-updates-annual-statistics-creative-wales-sectors
https://www.gov.wales/written-statement-updates-annual-statistics-creative-wales-sectors
https://doi.org/10.1080/00472778.2020.1748475
https://doi.org/10.1177/0094306118815500x
https://doi.org/10.1177/0094306118815500x
https://doi.org/10.1007/s10290-009-0030-5
https://doi.org/10.1016/j.fss.2015.05.011
https://doi.org/10.1016/j.fss.2015.05.011
https://www.gemconsortium.org/about/gem/5
https://nupi.brage.unit.no/nupi-xmlui/bitstream/handle/11250/2394659/WP_nr657_Grunfeld_Moxnes.pdf?sequence=3
https://nupi.brage.unit.no/nupi-xmlui/bitstream/handle/11250/2394659/WP_nr657_Grunfeld_Moxnes.pdf?sequence=3
http://refhub.elsevier.com/S0040-1625(24)00712-1/rf0060
http://refhub.elsevier.com/S0040-1625(24)00712-1/rf0060
https://doi.org/10.1080/08985626.2018.1541594
https://doi.org/10.1080/08985626.2018.1541594
https://doi.org/10.1002/(SICI)1097-0266(199606)17:6<441
https://doi.org/10.1007/978-3-540-45231-7_24
https://doi.org/10.1007/s40812-022-00238-w
https://doi.org/10.1007/s40812-022-00238-w
https://doi.org/10.1007/BF01078936
https://doi.org/10.1080/09585192.2012.723635
https://doi.org/10.1016/j.jbusvent.2021.106157
https://doi.org/10.11644/KIEP.JEAI.2014.18.1.276
https://doi.org/10.1016/j.jbusres.2016.04.090
https://doi.org/10.1016/j.jbusres.2016.04.090
https://doi.org/10.1080/19406940.2017.1380683
https://doi.org/10.1080/19406940.2017.1380683
https://doi.org/10.51732/njssh.v1i1.4
https://doi.org/10.1016/j.neucom.2017.06.053
https://doi.org/10.1080/00036846.2021.1904112
https://www.tourismni.com/business-guidance/sector/activities-attractions/activities-and-attractions-growing-your-business/gameofthrones/the-game-of-thrones-effect/#:~:text=The%20economic%20benefits%20of%20screen,figures%20as%20each%20season%20passed
https://www.tourismni.com/business-guidance/sector/activities-attractions/activities-and-attractions-growing-your-business/gameofthrones/the-game-of-thrones-effect/#:~:text=The%20economic%20benefits%20of%20screen,figures%20as%20each%20season%20passed
https://www.tourismni.com/business-guidance/sector/activities-attractions/activities-and-attractions-growing-your-business/gameofthrones/the-game-of-thrones-effect/#:~:text=The%20economic%20benefits%20of%20screen,figures%20as%20each%20season%20passed
https://www.tourismni.com/business-guidance/sector/activities-attractions/activities-and-attractions-growing-your-business/gameofthrones/the-game-of-thrones-effect/#:~:text=The%20economic%20benefits%20of%20screen,figures%20as%20each%20season%20passed
https://www.tourismni.com/business-guidance/sector/activities-attractions/activities-and-attractions-growing-your-business/gameofthrones/the-game-of-thrones-effect/#:~:text=The%20economic%20benefits%20of%20screen,figures%20as%20each%20season%20passed
https://uis.unesco.org/sites/default/files/documents/unesco-framework-for-cultural-statistics-2009-en_0.pdf
https://uis.unesco.org/sites/default/files/documents/unesco-framework-for-cultural-statistics-2009-en_0.pdf
http://data.uis.unesco.org/
http://refhub.elsevier.com/S0040-1625(24)00712-1/rf0145
http://refhub.elsevier.com/S0040-1625(24)00712-1/rf0145
https://doi.org/10.1080/08985626.2013.860193
https://doi.org/10.1080/08985626.2013.860193
https://doi.org/10.11114/afa.v6i1.4609
https://doi.org/10.1007/978-3-540-45231-7_24
https://doi.org/10.18576/amis/100428
https://doi.org/10.18576/amis/100428
https://doi.org/10.5172/impp.2012.14.3.404

	Entrepreneurial activity in the international trade in cultural goods: A fuzzy clustering analysis
	1 Introduction
	2 The theoretical drivers of trade in cultural goods
	3 Data
	4 Method: cluster analysis
	5 Clustering results
	6 Discussion
	7 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Appendix A
	datalink5
	References


