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Abstract 

Policy makers, regional planners and the like have long tried in vain to come up with both economically 
profound and comprehensive regional policies. These policies are extremely important to achieve de-
velopment goals in the European Union, which is why regulations for economic convergence and in-
creasing competitiveness of regions are critical. Nowadays, technological progress poses new tasks for 
policy makers, as economic production shifted from industrial towards knowledge intensive processes. 
Therefore, it is widely accepted that knowledge is the new trigger of regional economic performance.  
Yet, established knowledge assets, such as creativity, human capital and entrepreneurship are scarcely 
studied jointly in research practice. This leaves the scientific community with a fragmented understand-
ing of this topic, and can cause considerable confusion among policy makers. 
The aim of this paper is twofold. First, on the conceptual front, it investigates the role of knowledge 
assets for regional performance. The major question in this regard is whether the more recent creative 
class approach outperforms conventional human capital measures. 
Secondly, the paper aims to clarify both the significance of selecting regional performance indicators 
and the role of regional hierarchy. Work undertaken in this regard uses various indicators interchange-
ably and often fails get to the bottom of what the choice of the indicator means for their approach. By 
the same token, there are persistent uncertainties about the choice and the relevance of regional units 
for spatial econometric analysis. Therefore, the analysis tries to study the consequences of choosing 
specific indicators and regional units. 
Using a general spatial model, the paper estimates a Cobb-Douglas production function of the economic 
performance of 290 Swedish municipalities between 2009 and 2014. With this mathematical approach, 
spatial autocorrelation and spatial error disturbances are eliminated, allowing for more comprehensive 
and spatially robust results. By doing so, multiple variables representing human capital, creativity, entre-
preneurship and innovative activities are examined and compared across four models varying on re-
gional scale and output indicators. This approach also controls for a set of industrial and socio-economic 
features of the regional environment. The study found significant differences for varying regional levels 
and performance indicators. Moreover, creativity, narrowly defined, seems to be most strongly linked 
to regional performance outperforming other variables, including human capital measures. 
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1 INTRODUCTION 

Policy makers, regional planners and the like have long tried in vain to come up with both eco-

nomically profound and comprehensive regional policies. However, not only are most policies po-

litically motivated, they are also often in situ work and rarely applicable on more comprehensive 

levels. These policies are however extremely important to achieve development goals in the Euro-

pean Union, which is why regulations for economic convergence and increasing competitiveness 

of regions are critical.  

Recent technological progress poses new tasks for planners, as economic production is shifting 

from industrial towards knowledge intensive processes. These knowledge economies involve new 

structures of regional production and put special emphasis on knowledge and information as 

goods. For this reason, it is generally accepted that knowledge is the new trigger of regional eco-

nomic performance. This implies that research of knowledge assets within regions should also 

consider the theory of endogenous growth. Several themes emerged in studying how knowledge 

embodied in regions affects regional development, including the creativity and capacities of the 

workforce, entrepreneurship and innovative capital. Unfortunately, these concepts are scarcely 

studied together in research practice. This leaves the scientific community with a fragmented un-

derstanding of this topic and can cause considerable confusion among policy makers.  

This paper aims to make an empirical contribution to the literature by looking inside the black box 

of regional performance in knowledge economies. The aim of this study is twofold. The first ob-

jective is on the conceptual front and deals with the role of knowledge assets for regional perfor-

mance. Research in the field of knowledge economies leaves little doubt that knowledge of any 

kind fosters performance. Yet it is rather uncertain which concepts of knowledge matter most for 

regional economies. Therefore, different views on knowledge are tested jointly to compare their 

effects on regional economic performance. The focus here is on the conventional human capital 

approach and Florida’s (2012b) more recent approach of the creative class. Furthermore, entrepre-

neurship and innovation, as direct link between technology and economic performance, are stud-

ied.  

Secondly, for the methodological part, the paper aims to determine both the significance of select-

ing regional performance indicators and the role of regional hierarchy. Work undertaken in this 

regard uses various indicators for the terms regional economic performance, growth or development inter-

changeably (Barro 1990; Krueger & Lindahl 2000; Mathur 1999; Donegan et al. 2008; Faggian et 
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al. 2016; Badinger & Tondl 2002). Frequently these fail get to the bottom of what the choice of the 

indicator means for their approach. By the same token, the choice of regional level can bias results 

and shift responsibilities towards more local or supra-regional institutions. With its diversity in 

scale and in purpose, the term region should not be taken for granted. There are persistent uncer-

tainties on whether to use spatial units offering the highest level of detail or to default to aggregated 

functional areas, more likely to represent socio-economic processes (Fritsch & Mueller 2004; 

Audretsch et al. 2008). 

The following questions are used to guide the analysis and the discussion: 

(i) Does Florida’s creativity approach outperform conventional human capital measures when 

it comes to regional economic performance? 

(ii) Are there significant differences in the effects of knowledge assets on economic perfor-

mance regarding different regional performance indicators and different regional units? 

Using a general spatial model allows for combined spatial lag terms and spatially autocorrelated 

error disturbances. The paper estimates a Cobb-Douglas production function of the economic 

performance of 290 Swedish municipalities between 2009 and 2014. This mathematical approach 

removes spatial nuisance and dependence, producing more comprehensive and spatially robust 

results. The analysis found significant differences between regional levels and performance indica-

tors. Moreover, certain creative subgroups seem to be most strongly linked to regional economic 

performance. 

The remainder of this paper is structured as follows. Chapter 2 outlines the theoretical background 

of regional performance in knowledge economies and illustrates the role of knowledge concepts. 

The variables representing these knowledge assets, as well as regional performance indicators are 

introduced in chapter 3. Chapter 4 clarifies the role of space and regions in socio-economic pro-

cesses, while chapter 5 and 6 deal with the mathematical model and the estimation process. Chapter 

7 presents the results which are later discussed in the subsequent part. Finally, chapter 9 concludes 

and presents implications for policy makers. 
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2 THEORETICAL FRAMEWORK 
This chapter introduces the underlying concepts and theoretical understandings applied in this pa-

per. It thereby clarifies the meaning of knowledge for advanced economies and illustrates how 

these knowledge assets, embodied within regional settings, are shaping production processes. 

2.1 Knowledge and Knowledge Economies  

Ever since Schumpeter's work on economic theory (1943), knowledge has been a major factor 

impacting economic progress. It is generally accepted that “knowledge generation is an essential 

driver of regional economic performance”, but only recently the growing pace of knowledge gen-

eration has shifted this process in the focus of research (Audretsch 1998, p. 688). 

However, before turning to the question of its role in regional economies, it is important to outline 

the nature of knowledge itself. Differentiating between information and knowledge clarifies the scope 

of the concept. If information remains unattached to a person, say in its “raw” version, it becomes 

reproducible and explicit. Knowledge, on the other hand, is the cognitive capability which enables 

its possessor to fulfill certain actions. It is therefore special information bound to an individual. 

Specific knowledge is more tacit and therefore much more difficult to reproduce. This knowledge 

is hence bound to individuals (Centre for Educational Research and Innovation & OECD 2004; 

Gertler 2003). 

Knowledge economies or knowledge-based economies describe the setting in which knowledge 

plays this decisive role (Cooke & Leydesdorff 2006). In short, knowledge economies comprise the eco-

nomic systems which primarily use intangible assets to create tangible products. Physical resources 

become therefore increasingly obsolete as the significance of intellectual capital rises (Powell & 

Snellman 2004). Chronologically speaking and for now, knowledge economies can be regarded as 

the final stage of development of economic restructuring processes, making up large shares of 

developed countries (Gibbons 1994; OECD 1996). 

Consequently, these economies require knowledge production. They rely on constant learning and 

interactions between their members in order to create new and diffuse existing knowledge (OECD 

1996). For this reason, the knowledge production process should be embedded in networks which 

enable and foster the creation of new ideas. Since tacit knowledge is bound to individuals and 

cannot easily be transferred, interactions of individuals, in particular face-to-face meetings, are the 

major basis of learning processes in knowledge economies. Spatial proximity of actors, usually 
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present in agglomerations of any kind, increases the frequency of those meetings and thus facilitates 

knowledge intensive processes (Mathur 1999; Feldman & Florida 1994).  

These interactions involve another component of the knowledge production process: knowledge 

spillovers. These occur when knowledge exchanges from one firm to another or between individ-

uals. “Local spillovers may be primarily informal tacit overs from face-to-face conversations be-

tween employees” (Faggian 2006, p. 478). In this way, close relationships of firms foster knowledge 

exchange and the likeliness of such relationships increases within a given geographical unit. These 

factors constitute local spillover effects and make knowledge in a sense “spatially sticky” (Malmberg & 

Maskell 2002; Gertler 2003). As a result, it becomes clear that stocks of knowledge are the critical 

capital of these regional economies.  

2.2 Regional Performance through Endogenous Growth 

The crucial role of knowledge for economic performance is a key component of many theories. 

There is one branch in particular which emphasizes the relationship between knowledge and 

growth:  endogenous growth theory.  

According to this theory, “economic growth is an endogenous outcome of an economic system, 

not the result of forces that impinge from outside” (Romer 1994, p. 3; Solow 2000). Thus, factors 

within the region’s boundaries are the main driver of its performance. Romer’s theory stresses the 

importance of human capital as one of these endogenous factors representing the stock of skills 

and talents. Furthermore, he underlines that the knowledge stock cannot be kept fully exclusive, 

which is why spillovers create positive externalities through larger knowledge stocks within regions 

(Mathur 1999; Powell & Snellman 2004). Ergo, there is a strong relation between the overall 

knowledge stock and the knowledge embodied in individuals, which creates economic outputs. 

Thus, “endogenous knowledge accumulation also increases the productivity of capital through 

time”, which illustrates the role of knowledge as endogenous good for regional performance 

(Mathur 1999, p. 207). 

2.3 Skills and Education – Returns on Human Capital 

There is considerable consensus on the benefits of human capital (HC) for economic performance, 

whereas opinions on the exact role this intangible good plays for economic processes are divided. 

Broadly speaking, human capital refers to the stock of knowledge or characteristics, such as skills 

and talents, an individual has acquired by education or training, enhancing his or her productivity 

(Acemoglu & Autor 2011). This emphasizes the strong relation between knowledge economies and 
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human capital. Human capital, as the embodiment of knowledge, comprises the largest share of 

the capital for productive knowledge economies. 

Adam Smith (1776) is considered to be the first to stipulate the concept of human capital, saying: 

“The acquisition of such talents, (…) during his education, study, or apprenticeship, always costs 

a real expense, which is a capital fixed (…) in his person. Those talents (…) make a part of his 

fortune [and] of the society to which he belongs” (ibid., p. 368). Later on, Jacob Mincer (1958) 

pioneered the Chicago School in HC research by investigating income differences owing to years 

of schooling and other competences. He was followed by his colleagues Becker (1994; 1964) and 

Schultz (1961). 

Views on the Role of Human Capital for Economic Processes  

During the few last decades, research produced multiple views on human capital and on approaches 

to structure this intangible dimension. A rather straightforward and practical classification of HC, 

which however does define its role, can be found in Brenner & Broekel (2009). Their paper divides 

qualified workers into two groups: available and potential human capital. Available HC refers to 

the population active in the labor market, hence directly linked to the production process.  Potential 

HC on the other hand, is built up by recent graduates and describes the pool employers can choose 

their future workers from.  

As to the actual role of HC, effects of human capital mainly relate back to the former group: the 

share of population active in the labor market, i.e. the production-oriented perspective of HC 

(Kwon 2009). According to this, human capital fully unfolds its advantages in terms of productivity 

improvements. Higher educated people invested in themselves which resulted in higher economic 

productivity as employees. Their skills and knowledge are therefore tools to perform certain tasks 

better than others, thereby giving the firm or the region, a competitive advantage. Since Mincer’s 

model of human capital came about, several different views of human capital emerged. 

First, scholars following Becker (1994; 1964) assume human capital to be directly linked to the 

production process. In this view, there is not much difference between physical and human capital. 

Similar to fixed capital, HC can be used as input for production functions, which is why investment 

in human capital directly translates into higher outputs, depending on the rate of return (Kwon 

2009). Furthermore, Becker (1964) makes a substantial distinction between general and specific 

HC. General HC comprises generic knowledge and innate abilities which are not specific to a 

workplace or a certain job. “The general human capital holds transferable characteristic across jobs, 

firms and industry” (ibid, p. 5). Specific HC as the name suggests, refers to specific knowledge 
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acquired through education, working experience and above all through on-the-job training. These 

skills can seldom be transferred between industries and be applied to job sites other than the ones 

where they were acquired. Becker’s contributions emphasize the rates of return to HC at an indi-

vidual level, rather than explaining how they eventually foster regional economies (Mathur 1999). 

For this reason, there is a second camp, following Schultz (1961) and Nelson & Phelps (1966) 

which suppose an indirect relationship between economic performance and human capital. To 

understand the role of HC, according to this view, it is important to define the principles of tech-

nological change. Technological change refers to a process of invention, innovation and diffusion 

of technology, which increases efficiency and lowers costs of production (Jaffe et al. 2002). Ac-

cording to this “the rate at which new technology is produced in any period is (…) technological 

progress. When an enterprise produces a good or service or uses a method or input that is new to 

it, it makes a technological change” (Thomas 1975, p. 4). This is where human capital comes into 

play. The production of these goods or the use of new methods requires a workforce which adapts 

to new situations. Thus, human capital is important in settings of “disequilibrium”, i.e. changing 

environments (Acemoglu & Autor 2011). Higher education enables employees to adapt faster to 

changes in their environment, mainly due to technological progress. To put it simply: the faster 

workers adapt to change, the lower the costs of adaption and the faster the economy grows (Kim 

& Lee 2011). Furthermore, this ability to adapt facilitates technological and knowledge spillovers 

in regions, since such employees increase the absorptive capacities of these regions (Faggian et al. 

2016; Lucas 1988).   

Both views presented so far describe the production-oriented perspective. The former considers 

HC as direct input for production, while the latter sees the function of human capital in enabling 

technological change, which in turn drives economic development.  

Lastly, there is one branch of research focusing on human capital, or higher education, as an indi-

cator for secondary characteristics. This is the signaling model constructed by Spence (1974; 1973) 

and pursued by Arrow's study "Higher Education as a Filter" (1973). The basic assumption of this 

model is that measures of human capital are signals of secondary abilities, such as conformity, work 

attitude or punctuality, rather than traits directly linked to productivity (Arrow 1973). Hence, “the 

employer reads the education signal and predicts productivity with it” (Spence 1974, p. 297). In 

this view, human capital does not enhance the productivity of an employee per se, it is rather a tool 

for screening purposes for the buyer (employer) to buy the right product (hire employees) (Opitz 

2005). 
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Interaction of Education and Regional Economic Performance 

Formation processes of human capital are a major reason for disparities in knowledge and skills. 

The most common sources of human capital are the quantity and quality of schooling (Acemoglu 

& Autor 2011). In addition, on-the-job training and work experiences through learn-by-doing 

(Becker 1994; Lucas 1988), as well as innate abilities (e.g. intelligence)  and parental mobility deci-

sions also affect individual human capital (Becker 1994). It becomes clear that educational institu-

tions on any level play a significant role for human capital formation and for regional economic 

performance. Figure 1 presents this relationship between capital formation, stock of high-educated 

workforce and the performance of regions. The sequential part of the model describes the long-

term effects of graduates. They enhance the workforce through human capital, which creates com-

petitive advantages and promotes the economic performance of a region. The recursive part illus-

trates the lagged effect of performance on the initial migration decision of graduates and those of 

in-migrants, as well as the quality of the schooling system. This only applies if growth persists over 

a sufficient period of time (Bradley & Taylor 1996). 

 

 

Stock of human capital through 
schooling and further education 

Workforce Skills 

Labour Productivity 

Competitiveness 

Growth of High-Skill Workers 

Aspirations, goals and motivations 
of students 

Investment in Training 

Industry and Commodity 
mix Locational Advantage 

Investment 

Inward migration of 
High-Skill Workers 

Post-School employment 
opportunities 

Regional Performance 

Figure 1: Interaction Model of Education and Regional Economic Performance (Adapted from 

Bradley & Taylor 1996, p. 3) 
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2.4  The Urge of a new Human Capital Approach – Creativity 

The extensive literature on human capital makes it clear that it is “undisputed (…)  that the skills 

of the workforce matter”. The question is rather how to quantify the skills and talents of the work-

force (Faggian et al. 2016, p. 1). Addressing this question, Richard Florida came up with his concept 

of the creative class, which gives an alternative approach on human capital. He argues that the 

creativity of people is what drives economic development. His concept is therefore not to be con-

sidered isolated from the classical HC approach, but rather is an attempt to refine the relationship 

of human capital and regional performance (Boschma & Fritsch 2009). 

Florida also argued it was not sufficient to focus on business climate as an attractor for people. He 

emphasized the people climate as complementary perspective (Andersen et al. 2010). In this sense the 

creative class is attracted to a culture that “values creativity, individuality, difference, and merit”, 

summarized under the “3 T’s” (Technology, Talent and Tolerance) (Hansen & Niedomysl 2008). 

Thus, tolerant, diverse and open-minded places attract talented people, which are the base of in-

novative activities and growth for knowledge-economies (Clifton 2008). In his view, therefore, jobs 

follow people rather than vice versa, which is why regional economies should focus on pull-factors 

for creative people. 

Members of the Creative Class 

It is important to note, that Florida strongly believes that creativity, unlike human capital, does not 

solely rely on formal education, although there might be large overlaps. Knowledge must be linked 

to the tasks people perform. Only then can it create value for regional economies (Boschma & 

Fritsch 2009). Thus, in order to capture differences in skill, he defines the creative class “by the 

occupations that people have (…) [and by] what they are paid to do” (Florida 2012, p. 38). Creative 

class members are to be found within all innovative and creative jobs, performing knowledge in-

tensive tasks and not just among specific industries. Three major groups summarize creative class 

occupations.  

The super-creative core is the cornerstone of the creative class, generating new ideas and technol-

ogies. These are the main producers of creativity and knowledge, such as people in science, engi-

neering or architecture (Florida 2012). Beyond the knowledge producing part, there are occupa-

tions which involve working with knowledge, e.g. technicians, managers and occupations within law 

and finance. These employees do not primarily create new knowledge per se, but perform knowledge 

intensive tasks in order to create economic value. Usually, these people have strong formal educa-

tion backgrounds (Fritsch 2007). Lastly, as a minor subgroup of the creative core, he mentions the 
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Bohemians. The role of this group is slightly different, as they are not chiefly part of the knowledge 

generating or processing mechanism (Boschma & Fritsch 2009). Bohemians are characterized by 

their open-minded and tolerant attitude, functioning as an indicator for local creativity and as a 

magnet for other creative occupations. Typical Bohemianss are for instance designers, artists or mu-

sicians. 

Effects of Creativity on Regional Performance 

The effects of creativity on regions are not removed from those of human capital, since the two 

approaches are strongly linked. The creative class, as knowledge workers, are regarded as the deci-

sive workforce of knowledge economies. They create new ideas which are the currency of the 

knowledge economies and thereby foster high-tech industries and technological progress (Hoyman 

& Faricy 2008). Regions densely populated with creatives people facilitate between-individual 

knowledge spillovers. Also, “regions with a high share of creative people will perform better eco-

nomically because they generate more innovations [and] have a higher level of entrepreneurship” 

(Boschma & Fritsch 2009, p. 393).  

Impacts through creativity can take place in different stages, entailing immediate or long-term ef-

fects. Figure 2 clarifies the mechanisms through which human capital and the creative class can 

influence regional performance. Initially, tolerance and consumer services (amenities) attract hu-

man capital and creativity, while universities have a generating function. Once available, HC and 

creativity can promote technological progress and innovations, which themselves foster regional 

performance. At the same time, it stimulates regional performance directly through increased la-

bour productivity (Florida et al. 2008). 

 

 
Figure 2: Creative Class Impacts on Regional Performance (Adapted from Florida et al. 2008, p. 

622) 

Regional Performance Technology/ 
Innovation 
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2.5 The Role of Entrepreneurship 

Entrepreneurship is presumably the concept of knowledge most closely linked to the one of inno-

vation. Both describe similar channels of influence on regional performance (Faggian et al. 2016).  

The huge imbalance in the application of these two approaches in research, however, illustrates the 

conceptual divisiveness of the term entrepreneurship (EPS) and its role for regional economies. Ac-

cording to this, EPS can be viewed from different angles. In generic terms, EPS is “the manifest 

ability and willingness of individuals, on their own, in teams, within and outside existing organisa-

tions, to perceive and create new economic opportunities” (Wennekers & Thurik 1999, p. 46). 

Furthermore, entrepreneurship usually involves risks and uncertainties which need to be overcome 

in order to introduce new ideas and business to the market (Acs 2006). 

While this definition is rather vague, it constitutes the main points of EPS: risks, new ideas and 

their introduction to the market. This also reveals its affiliation to innovation activities. Literature 

identifies four main channels through which EPS contributes to regions’ economies (Wong et al. 

2008; Stel et al. 2005). These are: 

(1) Introducing new ideas to the market through innovations 

(2) Pioneering in the evolutionary process of new industries creating structural changes 

(3) Increasing productivity through competition  

(4) Facilitating and transformation of knowledge spillovers. 

The Schumpeterian View – Entrepreneurs as Innovators 

The entrepreneur represents the innovating force within regional settings, which is most likely its 

central task. Schumpeter (1943; 1911) describes the role of the entrepreneur in his early works as 

someone who recognizes and exploits an emerging economic opportunity. He characterizes EPS 

as a revolutionary, making current structures obsolete through creative destruction, i.e., destroying an 

equilibrium state of the economy by introducing a new product to the market. The entrepreneur 

innovates (Wong et al. 2008; Marcotte 2013). 

“Hence, entrepreneurship and its function of risk taking is an important component of the inno-

vation process” (Audretsch et al. 2008, p. 688). This means that entrepreneurs cannot be viewed 

isolated from the concept of innovation, but are rather intrinsically linked to the creation of new 

products and ideas, that is, to the production and application of knowledge. What is more, firm-

based innovations exert pressure on competitors, which translates to a higher productivity on re-

gional levels (OECD 2004). 
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Entrepreneurs in the form of young and small firms (mainly Small- and Medium-Sized Enterprises 

(SME)) are generally believed to be more flexible, risk taking and innovative than mature firms. 

These are linked to changes and the process of creative destruction through R&D intensive activ-

ities (Pellegrino et al. 2014). Entrepreneurs are beneficial for regional economies, linked either di-

rectly or indirectly, when producing innovations.  

The Entrepreneurial Event 

Beyond their role as innovators, entrepreneurial benefits manifest in a certain way within regional 

contexts, especially with startups, also referred to as entrepreneurial events which describe the decisions 

to start new businesses (Faggian et al. 2016). 

It is important to note that there are distinct differences between kinds of startups, since entrepre-

neurial decisions are made on different grounds. Therefore, necessity-induced startups, often due 

to unemployment, might be significantly different for knowledge-intensive activities than are op-

portunity-induced, which are usually more desirable for regional economies (Acs 2006). Startups 

have obvious effects on markets by creating new capacities when entering the market. Although 

these new capacities are often small, they have immediate influence on regional employment struc-

tures and therefore on economic development (Fritsch & Mueller 2004).  

Conversely, indirect effects of startups are more intense for economies. The most beneficial effects 

for regions result from increased competition in regions and lead to following four effects: 

(1) Maintaining efficiency of the market by contesting established players 

(2) Promoting structural change by displacing established market participants 

(3) Increased innovation activities through newcomers which tend to introduce new products 

rather than established competitors 

(4) Greater variety by introducing products different from the ones already available on the 

market (Fritsch & Mueller 2004). 

Both these direct effects on markets and indirect effects on the supply-side of regional economies 

are illustrated in figure 3. 
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Figure 3: Direct and Indirect effects of startups on the market process (Adapted from Fritsch & 
Mueller 2004) 

2.6  Innovation – The direct link of Technology and Economic Performance 

Innovations are closely interwoven with the above presented knowledge concepts. This is not least 

due to the fact that innovations are not solely another view of knowledge manifestation, but rather 

represent the translation of knowledge into economic values (Campbell & Carayannis 2012). 

According to Schumpeter (1943) technological change is an evolutionary process resulting from 

three steps. Inventions as the development of new ideas and products are commercialized and hence 

turned into innovations, which are then actively applied by other market participants constituting the 

phase of diffusion (Jaffe et al. 2002).  

Economic Performance and Innovation 

Benefits through innovation and technology are straightforward, as already outlined in the previous 

chapter. Basically, they rely on a fundamental principle: “There are only two ways of increasing the 

output of the economy: (1) you can increase the number of inputs that go into the productive 

process, or (2) if you are clever, you can think of new ways in which you can get more output from 

the same number of inputs” (Rosenberg 2004, p. 1). Therefore, innovative companies drive re-

gional economies by promoting technological progress which again increases productivity. These 

regions gain a strong competitive advantage. Drawing from the idea of the creative destruction, 

innovations are crucial for breaking equilibrium stages often associated with phases of economic 

stagnation (Howells 2006; Crescenzi 2005). 
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Relation to other Knowledge Concepts 

Human capital, according to the Schultz - Nelson & Phelbs view, facilitates the diffusion process 

of innovation. Innovations brought by technological change are adapted and used faster by em-

ployees with a high human capital, which is why higher levels of HC usually translate into higher 

productivity. Furthermore, innovations generally require highly educated workers, so “the ability 

of an economic system to innovate and compete is strictly connected to the accumulation and 

availability of human capital which is highly-skilled, motivated and innovative” (Borsi et al. 2008, 

p. 20).  

Likewise, creative class members, especially those from the super-creative core, are assumed to be 

the key players of the knowledge generation and translation process linking them directly to inno-

vations (Boschma & Fritsch 2009). Lastly, entrepreneurs are believed to be innovative. According 

to Schumpeter (1911, 1943) the entrepreneur is the main actor in innovation processes. Moreover, 

“research suggests that innovations are increasingly being led by the small firm sector (…), due to 

the organisational flexibility afforded by smallness” emphasizing the role of startups and SMEs 

(Faggian & McCann 2008, p. 318). This clearly shows that knowledge assets, i.e. human capital, 

creativity and entrepreneurship, not only have direct effects on regional economies, but are also 

linked to innovation, that is the instrument of technological change. 

The Regional Context of Innovation 

In the last decade, the view of a linear process of innovation has given way to a systemic view of 

bilateral interrelations between companies and other actors. With the emergence of this concept, 

space came into play constituting the ideas of National Innovation Systems (Lundvall 1997; 

Edquist 1997) and later Regional Innovation Systems (Cooke et al. 1997; Asheim & Isaksen 1997). 

The underlying assumption is that innovations are the product of regional networks that use and 

translate knowledge, which puts emphasis on the knowledge stock of regions. “In this perspective, 

the process of innovation is not separate from the entire functioning of the socioeconomic sphere 

but embedded in the (…) territorialized processes responsible for the economic performance of 

each economic space” (Crescenzi 2005, p. 475). 

2.7  Features of the Regional Environment  

Along with the presented factors, there are several framework conditions on regional level which 

can influence economic performance. It is important to bear these in mind when evaluating the 

explanatory power of knowledge assets hitherto discussed. 
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Cultural Diversity and Tolerance  

First, cultural diversity and tolerance of local cultures are often assumed to be decisive for 

knowledge economies. Cultural diversity is most often characterized by a high share of foreigners, 

which also requires a certain degree of tolerance towards foreign cultures. Foreigners can have a 

set of skills very different from those of natives which can be beneficial for the diffusion of new 

ideas. Furthermore, high degrees of cultural diversity indicate the ability of a region to attract people 

and also new ideas from outside of the region (Florida & Gates 2002; Marrocu & Paci 2012). 

Technological Capital and Industrial Structure 

Secondly, the technological capital within a region is crucial for knowledge economies. Thus, cer-

tain industries, especially high-tech sectors, have a greater affinity for technology and knowledge 

than others (Florida & Gates 2002). The degree of regional specialization towards more knowledge-

intensive industries and sectors can therefore explain spatial discrepancies in regional performance 

(Eriksson & Hansen 2013). 

Demographic and Geographical Characteristics 

Thirdly, the size and density of population within regions can also be linked to their performance. 

Eriksson & Hansen (2013) investigate the significance of regional size on development and find 

that larger regions benefit relatively more from technological progress than smaller counterparts. 

By the same token, population density can also affect economic performance. Proximity of human 

capital boosts knowledge diffusion and spillovers (Boschma & Fritsch 2009). For this reason, ag-

glomerated and peripheral areas can be very different in knowledge-intensive economies; “Cities 

and urban areas have been identified as primary growth centres since these spaces offer the highest 

interaction rates due to high density and variety of skills and amenities” (Eriksson & Hansen 2013, 

p. 596). 
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3 DATA AND VARIABLES 

This chapter briefly outlines the sources from which the data was retrieved and presents the deri-

vation and construction of appropriate variables both for regional performance and those affecting 

it. Attempts are made to retrieve the longest panel possible ensuring overlapping years of all the 

variables, insofar as geographical details allow it. For the dependent variables, the data is restricted 

to 2013 and 2014, while explanatories are available for the period 2009 until 2013.  

3.1 Data Sources 

Large parts of the data were retrieved from Statistics Sweden (SCB). Statistics Sweden is an official 

administrative agency for supplying statistics for research, planning and decision making (SCB 

2013). Most of its data is aggregated on municipality levels. In more detailed or specific topics, 

however, it is collected at higher administrative or national levels. Furthermore, data for patent for 

proxy innovation activities was drawn from PRV (Swedish Patent- och Registreringsverket) and in 

the case of newly started enterprises, as one indicator for regional entrepreneurship, from 

Tillväxtanalys. Appendix 1 shows a detailed synopsis the variables used, their descriptions and the 

sources they were drawn from. 

3.2 Regional Performance Indicators – Dependent Variables  

Measuring regional performance is not a trivial thing. The importance of adequate indicators be-

comes apparent when considering these measures as dependent variables; Results hinge on the 

question whether these indicators truly represent regional performance, because only then, ex-

pected theoretical influences can be verified or credibly rejected. “No single indicator can provide 

a sufficient basis for assessing a region’s economic performance”, which is why the identification 

of appropriate variables for econometric analysis poses a difficult challenge for researchers (Dunell 

2009, p. 22). 

Measures of Regional Performance 

Generally speaking, there are two broad categories of regional performance indicators: indirect and 

direct ones. Indirect measures of outcome refer to patenting rate or the presence of high technol-

ogy-industries. Even so, they may rather be seen as impacting economic performance by them-

selves, which raises a question of reciprocal influence and endogeneity (Audretsch 1998; Marrocu 

& Paci 2012). 
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Direct measures are rougher but seem more reliable. Most studies on regional performance even-

tually fall back on these indicators. For the present purpose, two major groups of direct indicators 

are of interest. Firstly, there are labour market measures. These can be job creation (Faggian et al. 

2016), job change and instabilities (Donegan et al. 2008) or employment rates based measures 

(Porter 2003; Mathur 1999). These measures base on the assumption that lower unemployment 

and the number of jobs created translate into economic well-being of regions. What they all have 

in common is that they are based on regional employment structures.  

Secondly, measures of regional performance rely on GDP per capita (Krueger & Lindahl 2000; 

Barro 2001) or GVA per capita (Badinger & Tondl 2002). These indicators fall under the category 

productivity measures or workplace indicators. In this sense, productivity is the ability to success-

fully gain output with a certain amount of input. GDP and GVA are often used interchangeably, 

as they merely differ by inclusion of taxes and subsidies, and do not vary within a national state 

(Dunell 2009; Stiglitz et al. 2009). 

Official European institutions refer to the level of GDP as “a measure of the total economic ac-

tivity in a country or region. This indicator is frequently used for comparisons between regions” 

(Eurostat 2014). Most often GDP is used per capita. This offers the comparison of spatial units 

while taking absolute population numbers into account. Despite being broadly accepted in re-

search, GDP holds several disadvantages.  

Unlike measures like personal income, GDP cannot account for income stratification and neglects 

socio-economic inequalities to some extent. Thus, GDP has been under criticism to favor eco-

nomic aspects while ignoring the social aspects of regional development. But this is exactly the 

point where the strengths of GDP can be found: It is objective and measurable (Stiglitz et al. 2009; 

Brinkman & Brinkman 2011). This conceptual understanding should be kept in mind when as-

sessing effects on the GDP as indicator of regional performance. 

Including dimensions like innovation and high-tech sectors as independent variables rules out in-

direct output indicators. GDP is believed to be the most unilateral and thus less biased by endoge-

neity. Employment rates are used additionally to combine “productivity- (…) and labour market-

indicators to give a more complete picture of regional and subregional economic performance” 

(Dunell 2009, p. 18). These two indicators for regional economic performance can be compared 

in the analysis and individually assessed.  
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Variable Creation 

The level of GDP is available for years 2013 and 2014. The absolute value refers to GDP per capita 

in million SEK, for practical reason hereafter referred to as GDP, denoted with a capital Y in the 

mathematical model. 

The employment rate is prepared by SCB and describes the “gainfully employment rate”. The cal-

culation uses employed population that performed at least one hour of gainful work within a ref-

erence week. The values are divided by the working age population (20-64 years) (SCB 2016c). This 

dataset is available for the period from 2004 until 2015. Employment rate is labeled EMP, denoted 

with a lower-case y. 

Following previous studies (Faggian et al. 2016; Barro 2001; Krueger & Lindahl 2000; Donegan et 

al. 2008; Mathur 1999; Porter 2003, et al.) the growth rate of the present indicators is calculated to 

add a dynamic component to the system. In case of EMP, the rate is calculated from the last year 

of available explanatories to the most recent overlapping year of independent variables (2013-

2014). Besides the percentage change, the compound annual growth rate (CAGR) is created. Ac-

cording to some scholars, the CAGR represents more realistic growth rates (Röller & Waverman 

2001; Mawson 2002). In case of GDP the growth rate covers to the years available, 2013 and 2014. 

3.3 Explanatories – Independent Variables 

The following variables are constructed for the period of 2009 until 2013. They represent the ex-

planatory variables, i.e. the regional input used in the model.  

3.3.1 Human Capital 

While there is a rather uniform view on the definition of human capital, opinions on how to identify 

appropriate measures are divided. Theoretically human capital “manifests itself in the educated and 

skilled workforce in the region” (Mathur 1999, p. 205).  

Definitions of HC very much depend on the units which are studied and vary on transnational and 

regional levels. The most common approaches build on the educational performance approach. Indica-

tors using this approach usually rely on years of schooling or other educational attainment measures 

(Borsi et al. 2008; Acemoglu & Autor 2011).  

Years of schooling or share of population holding certain degrees are most often used. The total 

number of years representing high education depends on the nation which is studied, due to dif-

ferences between developed and developing countries (Fleisher et al. 2008). Schooling is by far the 
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most commonly used indicator offering an observable and available component of human capital 

investment (e.g. Acemoglu & Autor 2011; Florida et al. 2008; Mathur 1999; Barro 2001; Burtless 

et al. 2004; Glaeser 1994).  

HC not only relates to school education but also to otherwise acquired qualifications, which may 

be much harder to measure. Following the Chicago School, Mincer’s model adopted a twofold 

approach, including education and on-the-job-training as working experience and vocational train-

ing (Borsi et al. 2008). This approach relies on the “component of human capital that workers 

acquire after schooling, often associated with some set of skills useful for a particular industry” – 

i.e. the specific human capital (see Chapter 2.3) (Acemoglu & Autor 2011, p. 7). These traits are 

not as easily measured as education but significantly enhance the vocational performance of indi-

viduals completing their formal education (Nelson & Phelps 1966). 

Lastly, breaking down the workforce into available and potential human capital can help to identify 

detailed effects. The quality of HC (e.g. the available highly educated workforce actively involved 

in economies) can have more immediate effects than the potential workforce. These can exhibit 

“the structure and quality of the future employment in a region” embodying the potential human 

capital (Weibert 1999; Brenner & Broekel 2009, p. 7). According to this, recent graduates can en-

large the pool of human capital future employers can choose from (similarly used in Brenner & 

Broekel 2009; Faggian & McCann 2008; Faggian 2006). 

Taking these considerations into account, the analysis uses four variables for human capital. As 

literature studies confirm, “conceptually, there has not been a clear-cut definition on how human 

capital should be represented. Years of schooling have long been considered as a good proxy” 

(Cohen & Soto 2007, p. 52). Therefore, education in the form of years of schooling is used as the 

main HC variable. As mentioned before, the number of years or the educational degree depends 

on the case which is studied. For Sweden the SUN2000 classification can serve as a guideline 

(Öberg & Olsson 2000). Following other studies, a bachelor’s degree appears appropriate to draw 

the line (Burtless et al. 2004; Florida et al. 2008). In the Swedish educational system, this translates 

to at least three years of university education and is believed to be an appropriate measure of higher 

education (Halldén 2008; UKÄ 2015). HiEdu therefore refers to the share of population with at 

least three years of university education. 

Secondly, the potential human capital is displayed by graduates within a region. Unfortunately, no 

data is available for this topic, which is why a proxy serves as graduates. Age 25 and higher regularly 

serves as threshold for high educated to be counted as working age population (e.g. Barro 2001; 
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Burtless et al. 2004), therefore the share of population aged 21-25 with at least three years of uni-

versity education count as graduates (Gradu). It must be noted, however, that this is only a weak 

proxy for graduates and holds the risk of methodical issues using the same dataset as HiEdu. 

Thirdly, vocational training as well as “off-the-job training” (Brenner & Broekel 2009) are used. 

This variable (VocTra) refers to the share of population actively involved in municipal adult education, 

complementing earlier studies, or other studies1, which include vocational education and supplemen-

tary education (SCB 2015). 

Fourthly, working experience as major benefit of “on-the-job training” is added as explanatory 

variable. There is unfortunately no official statistic on working experience of employees. Therefore, 

age groups of high educated serve as proxy in this case. HiEdu are aggregated on three age groups 

to resemble different stages of working experience. These are aged 25-34 as young (HiEduY), mid-

dle-aged (HiEduM) 35-54 and lastly old (HiEduO), 55-64 years of age. 

Again, building on the same database as HiEdu and Gradu, these variables might cause methodical 

issues. All HC variables were created for the years of 2009 until 2013. 

3.3.2 Creativity 

While the conventional HC approach has long since been accepted in research, the more recent 

creativity approach by Richard Florida has gained broad attention. He defines the creative class “by 

the occupations that people have (…) [and by] what they are paid to do”, which is why these 

variables representing the CrCl require an occupational based approach (Florida 2012, p. 38). 

The three subgroups are presented in chapter 2.4 and thereupon refer to the creative core (CC) as the 

knowledge-producing key group, the Bohemians (CB) as sub-group of the super creative-core and 

lastly the creative professionals (CP) representing the knowledge using and processing group. 

Regarding the taxonomy of the CrCl groups it is important to keep in mind that for this analysis 

Florida’s concept is brought from the North-American into the European context. In the recent 

version of his book (2012) Florida extends his concept to a global scale. Despite slightly deviating 

from his original definitions, he suggests ILO subdivisions to classify the creative class outside the 

U.S. (Clifton 2008; Florida 2012). For the present case, occupations use the SSYK classification. 

                                                
1 Other studies include students in preparatory year in science in university colleges, higher vocational education, folk 

high schools, supplementary education, lower secondary education, Swedish tuition for immigrants, labour market 

training and other students with government grants for studies (in Sweden or abroad) 
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SSYK is the Swedish Standard Classification of Occupations, based on the International Standard 

Classification of Occupations (ISCO) created by the ILO, offering an excellent correspondence 

with Florida’s division (SCB 2016d). Following studies on the creative class in Europe (esp. Fritsch 

& Stuetzer 2007; Boschma & Fritsch 2009), the paper uses following three variables based upon 

SSYK occupations on three-digit level. 

Table 1: Division of the Creative Class (Updated and adapted from Fritsch & Stuetzer 2007; 
Boschma & Fritsch 2009) 

Creative Class Groups Occupations (SSYK Code) 

Creative Core (CC) Physicists, chemists, and related professionals (211)  
Mathematicians, statisticians, and related professionals (212)  
Computing professionals (213)  
Architects, engineers, and related professionals (214)  
Life science professionals (221)  
Health professionals (except nursing) (222)  
College, university, and higher education teaching professionals (231)  
Secondary education teaching professionals (232)  
Primary and pre-primary education teaching professionals (233)  
Special-education teaching professionals (234)  
Other teaching professionals (235)  
Archivists, librarians, and related information professionals (243)  
Social sciences and related professionals (244)  
Public service administrative professionals (247)  

Creative Professionals (CP) Legislators and senior government officials (111)  
Senior officials of special-interest organizations (112) 
Directors and chief executives (121) 
Production and operations managers (122) 
Other specialist managers (123) 
Managers of small enterprises (131) 
Nursing and midwifery professionals (223)  
Business professionals (241)  
Legal professionals (242)  
Physical and engineering science technicians (311)  
Computer associate professionals (312) 
Optical and electronic equipment operators (313) 
Ship and aircraft controllers and technicians (314) 
Safety and quality inspectors (315) 
Agronomy and forestry technicians (321) 
Health associate professionals (except nursing) (322) 
Nursing associate professionals (323) 
Life science technicians (324) 
Finance and sales associate professionals (341)  
Business services agents and trade brokers (342)  
Administrative associate professionals (343)  
Police inspectors and detectives (345)  
Social work associate professionals (346) 

Bohemians (CB) Writers and creative or performing artists (245)  
Photographers and image and sound recording equipment operators (313)  
Artistic, entertainment, and sports associate professionals (347) 
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The dataset refers to region of work. While this does not take residency into account, it is believed to 

be more realistic for the workplace-based indicator GDP as dependent variable. Data was compiled 

for the years 2009 until 2013. The panel was restricted to 2013 due to the recent conversion from 

SSYK96 to SSYK2012; Several occupations were re-coded, aggregated or divided. Thus, many 

occupations switched classes from SSYK96 to SSYK2012. Conversion keys of the two classifica-

tions, however, refer to the four-digit level, which is why the 2013 data could not be translated to 

the classification of the preceding years (SCB 2016d).  

3.3.3 Entrepreneurship 

While the definition of creative class measures is rather straightforward, operationalizing entrepre-

neurship poses similar challenges as human capital. This is not least due to the nature of entrepre-

neurial activities and abilities, which make quantification of this intangible dimension difficult 

(Audretsch et al. 2008). This need of quantification divides scholars studying entrepreneurial activ-

ities into three camps: 

Firstly, one fraction uses the share of SMEs as proxy for entrepreneurship. The rationale behind 

this indicator is that small companies are often the most innovative and flexible due to their small-

ness (Stevenson & Lundström 2001). National business statistics usually cover these figures, which 

is why it is often used for international comparisons (Knight 2000; Wright et al. 2007). It neglects 

the firms which were transformed into large companies over the time (Faggian et al. 2016). 

Secondly, self-employment rates are widely accepted when it comes to measuring EPS (OECD 

2004; Glaeser 2007). Self-employed individuals usually show greater risk taking and are often more 

innovative than otherwise employed population, which is why this measure is used for EPS 

(Marcotte 2013). However, this method has one major shortcoming: It does not allow for the 

significance of self-employment, and thus “makes little distinction between Michael Bloomberg 

and a hot dog vendor outside of city hall” (Glaeser 2007, p. 1).  

Thirdly, measures lately enjoying increasing popularity, are numbers of startups or newly formed 

businesses (see chapter 2.5). However, this indicator implicates a crucial distinction of EPS 

measures: Stock and Rate Measures. While stock measures, such as SE rate or share of SME, are 

more stable over time, rate measures, in this context the startup rate, merely concern the year they 

occur (Gartner & Shane 1995). Thus, they show the initial stage of entrepreneurial activities and 

can be subject to significant delays in time (Baptista et al. 2007). Furthermore, if not followed up 

on subsequent years, this indicator can overlook the success or failure of the company.  
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Lastly, the presence of business owners can be translated into the entrepreneurial stock of a region 

(Gartner 1990). Business owners can be identified using capital income tax bases (Congressional 

Budget Office 2012). In the case of Sweden, taxation of dividends offers a proxy for presence of 

business owners. Using the capital income tax revenues, regional distribution of the business in-

come can be measured and represent share of business owners (King & Fullerton 2010; Stenkula 

2012). For the present analysis four variables representing EPS are created. Share of SME is avail-

able for 2016 only, which is why it cannot be included as measure for entrepreneurship (SCB 

2016a).  

All variables are created for the period 2009 to 2013. Newly formed business per capita (Startup), 

are used as main indicator and believed to represent EPS best. Following Baptista et al. (2007), the 

regional population size denominator accounts for regional variations of entry rates. Due to a 

change in the Swedish definition of an active enterprise, the value of 2009 must be approximated2. 

Presence of business owners is represented by the tax revenues of capital income in million crowns 

per capita (CapInc). Lastly, two proxies based on self-employed3 populations are created. Since SE 

statistics are not available on a municipality level, two proxies use SE figures on a county level to 

estimate municipality values. First, SE County numbers are assigned to associated municipalities 

and then divided by their population (SECty). Furthermore, a more elaborated proxy is calculated 

(SEProxy). Thereby, crucial incubators of SE are identified and serve as weights for SE on county 

level. These are marital status, educational attainment and the age, representing time spent in the 

labour force (Evans & Leighton 1989; Humphries 2016; Rees & Shah 1986). Therefore, SE is 

weighted with the number of married- and highly educated population. Furthermore, it controls 

for age groups multiplied with age-related regression coefficients found by Rees & Shah (1986), to 

capture that “age has a non-linear effect on self-employment” (ibid., p. 106). 

By doing so, it is important to note that SECty is generally lower in municipalities with large pop-

ulations, while SEProxy implies higher values in those regions (see Appendix 2). 

3.3.4 Innovation 

From a conceptual point of view, innovation is strongly linked to entrepreneurship often being 

mutually dependent. A wide range of research therefore focuses on impacts on innovation activities, 

                                                
2 The 2009 original value minus the difference of firm numbers of new and old definition in 2010  
3 The self-employed group includes self-employed persons who have either some form of sole proprietorship, or 

persons who are freelancers 
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such as regional and national innovation systems, cluster studies etcetera. For the present case, 

however, the question is to what extent innovation affects regional performance, which is why 

innovation output indicators are used as explanatories.  

R&D expenditures and patents are the most widely used proxies for innovation in regional perfor-

mance studies (Acs et al. 2002). They differ from one another primarily on one point: While R&D 

measures indicate innovation efforts, patents rather represent the outcome of the innovation pro-

cess, i.e. the innovation achievement (Audretsch et al. 2008). Consequently, R&D efforts measure 

the resources allocated to the attempts to innovate but do not represent the actual innovation 

performance (Acs et al. 2002). For this reason, and due to its broad application in research, patents 

are regarded as more appropriate for measuring regional innovative performance. 

Albeit the broad acceptance, the number of patents as an indicator has several drawbacks. First, 

certain industries, even individual firms, have different tendencies towards protecting their intel-

lectual property (Gould & Gruben 1997; Brouwer & Kleinknecht 1999). Secondly, patents differ 

greatly in their economic value, which is not captured by raw count data (Griliches 1998; Acs et al. 

2002). Thirdly, Verspagen emphasizes that there is a significant difference whether patents are 

recorded by applicant or by inventor (Verspagen & Schoenmakers 2000; Criscuolo & Verspagen 

2008). Patent inventor and applicant are legally different entities, which might have different re-

gions of origin. 

For this analysis, patents by applicants per capita (Pat) are used to match the workplace-based 

indicator GDP and are created for 2009 until 2013. 

3.3.5 Covariates 

Lastly, the model uses several covariates, which are not of direct interest for the analysis, but are 

believed to play a central role in regional economies (see chapter 2.7). These should increase the 

model fit and therefore ensure a higher reliability of other variables.  

According to this, the model controls for the industrial structure, i.e. regional specialization in 

Knowledge Intensive Services, the existing technological capital, i.e. presence of High-Tech indus-

tries and cultural diversity. Vast literature studies KIS in regional economic context, of which most 

focus on their significance for regional innovation processes. The reason why KIS are so important 

in knowledge economies is their linking function: They are “exchanging expertise between inter-

national, national and regional knowledge arenas” (Wood 2006, p. 52).  
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Secondly, strongly linked to KIS, is the presence of High-Tech industries. This is often referred to 

as the initial technological capital of a region representing “a significant aspect of the intangible 

assets that are essential to enhance the productivity of the local economy” (Marrocu & Paci 2012, 

p. 379). Research suggests that HT sectors are crucially different in terms of growth and perfor-

mance indicated by different tendencies towards R&D, patenting and knowledge intensity (Florida 

& Gates 2002; Gould & Gruben 1997). 

Thirdly, cultural diversity is believed to influence regional performance. Florida is one of the major 

advocates of this view linking regional growth to the presence of immigrants (Florida & Gates 

2002; Florida et al. 2008).  

The cultural diversity variable refers to the share of population with foreign background and those 

who are foreign born and is created for 2009 until 2013 (CulDiv). In order to avoid broad intersec-

tions with the occupational measure for CrCl, a sectoral approach is chosen to define HT and KIS. 

On European level the NACE Rev. 2 offers a classification of economic activities and serves as 

sectoral division (European Commission & Eurostat 2008). Goos et al. (2006) use this division to 

assign the HT industry to section M, professional, scientific and technical services sector and KIS to section 

N, administrative and support services (Eurostat 2016a; Eurostat 2016c). The share of employees in 

these sectors serve as proxy for the presence of high-tech industries and regional specialization in 

knowledge intensive services and refers to years 2009 until 2013 (KIS HT).  
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3.4 Data Overview 

This chapter gives a descriptive overview of the variables (see table 2) and a more detailed picture 

of the regional performance indicators. Figure 4 shows the spatial variation and local hot- and 

coldspots based on Getis-Ord Gi*. 

The employment rate is more evenly distrib-

uted than GDP per capita. Northern parts ex-

hibit high employment rates while regions in 

the south and around Gothenburg have the 

lowest rates. Significant hotspots can be de-

tected in the northern municipalities and in the 

southern inland. The GDP reveals the highest 

values in the Northern inland too, which is re-

inforced by a significant hotspot. As for the 

rest, rather irregular patterns shape the land-

scapes with single hotspots around the greater 

Stockholm area. On the whole, the employ-

ment rate is fairly consistent in large areas with 

uniform values, whereas GDP is shaped by un-

equal patterns which vary more significantly on 

municipality levels. 

Figure 4: Regional Variation of Gross Domes-

tic Product and Employment Rates (Hotspots 

on 95% level of significance) 
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Table 2: Descriptive Statistics on Municipality and FA level (Pooled for all years) 

 
 

Mean Max Min SD 
 Muni/FA Muni/FA Muni/FA Muni/FA 

 
Dependent Variables 

GDP 303.789 1207 123 122.993 
 313.721 723 189 94.321 
EMP 78.518 87.5 64.4 4.080 
 78.227 86.7 64.4 3.878 

Human Capital 
HiEdu 0.181 0.463 0.104 0.060 
 0.158 0.246 0.104 0.026 
HiEduY 0.032 0.148 0.014 0.017 
 0.027 0.046 0.014 0.007 
HiEduM 0.081 0.209 0.043 0.029 
 0.069 0.117 0.044 0.013 
HiEduO 0.035 0.071 0.017 0.008 
 0.033 0.042 0.022 0.005 
Gradu 0.014 0.104 0.005 0.011 
 0.011 0.028 0.007 0.004 
VocTra 0.028 0.050 0.015 0.006 
 0.027 0.036 0.019 0.003 

Creativity 
CC 0.032 0.192 0.014 0.019 
 0.030 0.048 0.016 0.006 
CP 0.073 0.419 0.027 0.037 
 0.071 0.120 0.047 0.014 
CB 0.003 0.023 0.000 0.002 
 0.002 0.008 0.000 0.001 

Entrepreneurship 
SEProxy 1073.53 272698.1 0.000 16104.82 
 4323.939 275071.500 0.000 32557.71 
SECty 0.002 0.016 0.00008 0.003 
 0.002 0.012 0.00008 0.002 
CapInc 0.004 0.048 0.002 0.003 
 0.003 0.007 0.002 0.001 
Startup 0.006 0.012 0.003 0.001 
 0.005 0.008 0.004 0.001 

Innovation 
Pat 0.00015 0.00259 0 0.00020 
 0.00012 0.00065 0 0.00009 

Covariates 
KIS HT 0.030 0.143 0.009 0.018 
 0.030 0.099 0.010 0.012 
CulDiv 0.140 0.540 0.047 0.075 
 0.126 0.502 0.052 0.066 

Other Information 
PopSize 32717.15 863949.8 2449.6 66006.75 
 131777.4 2475308 2695.2 335483.6 
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4 THOUGHTS ON THE ROLE OF SPACE 

This chapter gives a brief overview of spatial conceptions in socio-economic processes. Thereby, 

it first clarifies the significance of space and proximity for economies. Second, it demonstrates how 

these spatial concepts translate to quantitative data and which issues might arise for econometric 

modelling if ignored. 

4.1 Space in Socio-Economic Processes 

Most regional scientists take space as granted and very few scrutinize its generic pregivenness, although, 

its conception might change expectations, methods and the entire outcome of studies (Couclelis & 

Gale 1986). Therefore, it is crucial to briefly characterize conceptualizations of space, and even 

more importantly, their meaning for spatial analysis.  

Firstly, the reason why space matters lies in the nature of most socio-economic processes. Nearly 

all of these processes tend to cluster on different scales producing spatial differences (Massey & 

Allen 1984). According to this, the relation of spatial scale and the observed phenomena is crucial. 

Three basic conceptualizations of space arose from this issue, which are useful to keep in mind 

when using spatial models. First, absolute space uses fixed distances. Absolute spaces are often based 

on history and mere arbitrariness rather than covering a homogenous territory; such as for most 

administrative regions. Second, relative space addresses the issue that space is not definite, but rather 

depending “on what is being relativized” (Garretsen & Martin 2010). According to this, space is 

seen in relation to the studied process and objects. Lastly, relational space implies that there is no 

such thing as space without time, since each process defines its own spatial frame – which makes 

this concept hardly usable in comparative and quantitative analysis (ibid.) 

The significance of economic interactions in space rely on a very straightforward idea: Proximity, 

constituted by Tobler’s first law of geography: “Everything is related to everything else, but near 

things are more related than distant things” (Miller 2004, p. 284). In this way, it constitutes the 

foundation of spatial autocorrelation. Objects that are functionally integrated within a spatial entity 

are more related than they are with objects outside this area, which is the case in most spatial 

processes; If these entities are not truly identified they cause unobserved or artificial associations. 

Mostly these correlations are positive as nearby entities are more alike than distant ones (ibid.). 

What is more, proximity plays a crucial role for knowledge diffusion and spillovers (see chapter 

2.1). Thus, knowledge sharing and face-to-face meetings enable tacit knowledge transfers, which 
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again are facilitated by the proximity of actors, which is most often given in agglomerations 

(Feldman & Florida 1994). 

4.2 Delimitation of Spatial Units – Regional Hierarchy 

The theoretical framework of space is well known, but its implementation in practice is anything 

but easy. In reality, data is commonly collected for administrative units because these units limit 

the competences of involved political entities and institutions. Consequently, researchers cannot 

choose between spatial conceptualization as freely as desired.  

In the case of Sweden, it is important to distinguish between two main types worth considering for 

econometric analysis. First, these are any kind of administrative regions, which however do not 

reflect economic homogenous regions (Eckey et al. 2006a). Usually, these are linked to historical 

circumstances. In the Swedish case, municipalities often developed from former parishes, unrelated 

to current spatial processes (Erickson & Olsson 2000; Palm 2000). Yet, the advantage of these 

divisions is obvious. In most cases, they are the smallest regional unit for which data is available 

and thus offer low loss of information. 

A long-recognized problem of using administrative units in econometric modelling is the so-called 

Modifiable Areal Unit Problem (MAUP). First recognized by Gehlke & Biehl (1934) it was later 

studied by Openshaw (1983), where he criticizes geographical units being subject to arbitrary and 

modifiable aggregation processes. This problem refers to where the aggregation of data points into 

certain districts may cut homogenous areas. This results in “wrong” regional values affected by the 

choice of the region’s boundaries (Briant et al. 2010) (see fig. 5).  

 

Figure 5: MAUP issues through wrong zoning (Adapted from Briant et al. 2010, p. 3) 
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Administrative units therefore involve a high risk of creating “artificial” autocorrelation. Thus, this 

does not only complicate the modelling process, also existing SA cannot be interpreted as genuine 

knowledge spill overs between regions, but must rather be traced back to wrong zoning (Anselin 

2001; Eckey et al. 2006a). 

Second, functional regions are based on economic activities in space, and are therefore tailored 

adequately for spatial analysis (Eckey et al. 2006a). For Sweden, these could be labour markets areas 

or funktionella analysregioner (FA), first created by Nutek and revised by Tillväxtanalys.  

The FA were constructed for the intended purpose of regional analysis. This classification is not 

designed to be used for regional planning but rather as appropriate division for working with re-

gional statistics. FA regions build on municipalities as the smallest unit for most statistics available. 

The here used division relies on FA regions of 2005 (Tillväxtanalys 2015). 

Geographical concentration of economic activities in urban and long commuting distances in rural 

parts of the country pose a serious problem of spatial heterogeneity for Sweden (Karlsson & 

Olsson 2006). FA regions try to tackle this issue by using commuting patterns. Taking former 

labour-market areas as starting point, commuting 

trends form the period 1995 until 2003 and commut-

ing interactions and intensities were analyzed and 

weighted for the division. Lastly investments and pol-

icy decision were expected to influence regionaliza-

tion and therefore included (Tillväxtanalys 2015).  

In light of the above, municipalities (N=290), repre-

senting absolute space are used as the primary analyt-

ical unit offering the highest level of detail. Further-

more, data is aggregated and models are tested on FA 

regions (N=72), as an attempt to create relative space. 

The latter is expected to exhibit less “artificial” auto-

correlation. By adopting this twofold approach, com-

parable results for two levels are produced, complet-

ing the broader picture of contrasting ways to study 

regional performance. Figure 6 shows the differ-

ences between these regional units. 

 

Figure 6: Funktioneller Analysregioner (FA) 

vs. Municipalities 
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5 MATHEMATICAL MODEL AND METHODOLOGICAL ISSUES 

During the model-building-process the equation is fitted to a regression model and continuously 

adjusted with specifications ensuring the model assumptions and subsequently incorporating more 

spatial information. 

5.1 Introduction of the Mathematical Models  

In econometrics, many approaches emerged for studying the relationship of production factors 

through equations. Therefore, it is of crucial importance to outline the mathematical rationale be-

hind the model before introducing the statistical method that is ultimately used for estimating the 

results.  

A frequently used approach in regional economics is the production function (e.g. Bloom et al. 

2010; Charlot et al. 1999; Feldman & Florida 1994; Ilmakunnas & Pesola 2003; Jorgenson et al. 

2014; Tabuchi 1986; et al.).  

Initially, production functions originated from endeavours to explain performance of firms, but 

rapidly gained popularity in other subjects as their implementation is very versatile. The basic idea 

behind the production function is to relate output factors of an entity to a certain number of input 

factors, it is therefore “the measure of production performance” (Saari 2006, p. 2). Its basic form 

assesses the maximum quantity of output produced by a given quantity of inputs and is written: 

 𝑄 = 	𝑓 𝐿, 𝐾  (1) 

where Q, the quantity of output, is a function of L, the input in terms of labour force and K, the 

quantity of capital employed (Besanko & Braeutigam 2011). The generalized version of the PF (1) 

can be written with multiple unknown input factors, which can later be substituted based on theo-

retical considerations. Written in the functional form with unknown inputs the equation looks as 

follows: 

 𝑄 = 	𝑓 𝑋*, 𝑋+, 𝑋,, 𝑋- … , 𝑋/  (2) 

where Q is the quantity of output as a function of multiple quantities of factor inputs 𝑋/. At this 

point the functional relation between inputs 𝑋/ and the output Q of (2) must be specified (Griliches 

1979). The simplest approach is the formulation of a linear relationship: 

 𝑄 = 	𝑎 + 𝛽*𝑋* + 𝛽+𝑋+ + 𝛽,𝑋,+. . . +𝑢 (3) 
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where 𝛽*,	𝛽+, 𝛽,	and 𝛽- are parameters and u stands for all unmeasured determinant of the pro-

duction output. This additive and linear formulation of the relationship, however, is highly unlikely 

for realistic production processes since it assumes perfect elasticity of substitution between the 

used input factors. Much more relevant in practice are therefore multiplicative non-linear relation-

ships. A common form in this regard is the Cobb-Douglas PF written as 

 𝑄 = 	𝑎𝑋*
56𝑋+

57. . . +𝑢 (4) 

where 𝛽* and 𝛽+ are positive constants with a elasticity of substitution equal to 1 (Besanko & 

Braeutigam 2011; Cobb & Douglas 1928). This type of production function is widely used in re-

search studying economic performance. The broad acceptance of this production-function also 

relates back to its adequacy for endogenous growth processes (Barro 1990; Badinger & Tondl 

2002). Therefore, it is often brought into geographical context studying economic performance of 

region, called regional production functions (Jorgenson et al. 2014; Brems 1967). The Cobb-Doug-

las function is very suggestive in this context offering a direct evaluation of the production elastic-

ities and the returns to scale for the different input factors (Charlot et al. 1999) 

Following previous work, the Cobb-Douglas function is used to study the significance of 

knowledge assets as direct input factors for regional production processes. The equation includes 

the earlier elaborated explanatories (see chapter 3.3). 

𝑌/𝑦;,< = 	𝑎𝐻𝐶;,<
56𝐶𝑟𝐶𝑙;,<

57𝐸𝑃𝑆;,<
5D𝐼𝑛𝑛𝑜;,<

5H𝐶𝑜𝑉𝑎;,<
5J + 𝑢	 (5)	

where i depicts the region and t the time. Parameters 𝛽*,	𝛽+, 𝛽,, 𝛽-		and 𝛽N are the output elastici-

ties of the explanatory variables. Capital Y refers to GDP while y stands for the employment rate 

and u for the error term.  

Transformations of the Cobb-Douglas Function can be used to facilitate estimation techniques. A 

commonly used method of such transformations is the log-log transformation4. This technique 

uses natural logarithms for both the left- and the right-hand side variables. Thereby extremely 

skewed variables can be transformed to log-normal distributions and achieve nearly linear relation-

ships, which offers a wider range of estimation procedures (Benoit 2011; Charlot et al. 1999). After 

linearizing the function by taking logs of (5), the equation for the log regional performance in 

region i at time t takes following form:  

                                                
4 Note: Henceforth “log” refers to the natural logarithm ln 
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𝑙𝑜𝑔	(𝑌/𝑦;,<) = 	𝐴+𝛽* ∗ 𝑙𝑜𝑔	(𝐻𝐶;,<) + 𝛽+ ∗ 𝑙𝑜𝑔(𝐶𝑟𝐶𝑙;,<)

+ 𝛽, ∗ 𝑙𝑜𝑔	(𝐸𝑃𝑆;,<) + 𝛽- ∗ 𝑙𝑜𝑔	(𝐼𝑛𝑛𝑜;,<) + 𝛽N ∗ 𝑙𝑜𝑔	(𝐶𝑜𝑉𝑎;,<) + 𝑢 (6) 

5.2 Methodological Issues 

Certain issues require special adjustments to the mathematical model to ensure reliable results. 

These issues trace back to data constraints and the nature of some variables causing methodical 

problems.  

5.2.1 Dynamic Perspective and Time Lag Effects 

First, “It has been recognized that there are time lags in the economy since early times”, which is 

why theoretical considerations implicate a certain delay of time between the economic output and 

its influencing factors (Ohkuma 2013, p. 1). 

In theory, economic indicators can largely be divided into leading and lagging indicators. Leading 

indicators are factors that change before the economic condition changes as a whole. Lagging in-

dicators on the other hand, change with a delay in time due to fluctuations of leading indicators. 

Thus, leading indicators are mostly used as predictors, while lagging indicators measure the out-

come of the process (Manuele 2009; Zarnowitz 1992). While there is a general agreement on the 

existence of time-lag structures, the magnitude of these effects is found to be very diverse.  

GDP values measure the performance of a certain year and are therefore only slightly delayed, 

whereas employment structures are expected to be more crucially affected by time lags (Eurostat 

2016b). Moreover, many scholars detected severe delays in the explanatory variables used in the 

present analysis. Hence, Krueger & Lindahl (2000) as well as Mincer (1991) find that a pool of 

graduates takes up to three years until it ultimately influences the regional economy. Also, Burtless 

et al. (2004) show time-lags of human capital to be roughly a decade. Likewise, Rodriguez et al. 

(2011) use time lagged variables for the analysis of innovation and verify their effect to be delayed.  

Most literature in this regard focusses on entrepreneurship and in particular on startups. Since 

startups usually begin as very small entities it can take several years until they score significant 

effects on the regional performance, described as the indirect effects in chapter 2.5. A literature 

review bears this out.  Baptista et al. (2007) find a severe delay of eight years between formation of 

a new business and its effect on employment. Fritsch & Mueller (2004) proved that supply side 

effects are especially delayed. 
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According to these findings, time-lag structures in the present analysis are to be expected. These 

should be different depending both on the explanatory variable and on the output indicator used, 

since employment rates seem to have a higher momentum. 

Methods studying time variant effects usually rely on panel data analysis. These models, however, 

require a continuous set of data over a certain period of time T. As outlined in chapter 3, data 

constraints did not allow for an extensive panel dataset, especially due to time restrictions of the 

GDP figures. In cases of small T, panel data analysis requires extensive numbers of observations 

to be reliable, then called micro panels. This is often the case when units are based on individuals. 

When panels, however, have small T and a very limited N estimators can be biased in the modelling 

process (Baltagi 2005). This issue ultimately rules out the use of panel data analysis in the present 

case. 

Another option is the use lagged variables in cross-sectional models. Similar can be found in 

Faggian et al. (2016). This method uses non-overlapping years for the outcome and the input var-

iables and is assumed to be suitable for the present case. Due to the divided opinions on the mag-

nitude of the lagged input variables years of t-1 until t-5 provide comparable values for five con-

secutive years. By doing so the greatest gain of time variant information of this data set is ensured. 

Incorporating this adjustment, the Cobb-Douglas function is estimated by letting 

𝑙𝑜𝑔	(𝑌/𝑦;,<) = 	𝐴+𝛽* ∗ 𝑙𝑜𝑔	(𝐻𝐶;,<R/) + 𝛽+ ∗ 𝑙𝑜𝑔(𝐶𝑟𝐶𝑙;,<R/)

+ 𝛽, ∗ 𝑙𝑜𝑔	(𝐸𝑃𝑆;,<R/) + 𝛽- ∗ 𝑙𝑜𝑔	(𝐼𝑛𝑛𝑜;,<R/) + 𝛽N ∗ 𝑙𝑜𝑔	(𝐶𝑜𝑉𝑎;,<R/) + 𝑢 
(8) 

Furthermore, growth rates both for GDP and for EMP are normalized to eliminate negative values. 

Either way the growth rates score insufficient results, both in terms of model fit (R2) as well as 

missing significant explanatories. On this account, the growth rate variables are assessed as unsuit-

able, which is why values of the most recent year available (2014) are employed restricting the 

dynamic component to the lag-structure. Issues causing this insufficiency of growth rates most 

likely traces back to the short time-span. Correspondingly longer periods may be more suitable for 

growth rate calculation such as 7 years (Faggian et al. 2016), 10 year periods (Barro 2001), or even 

using 17 years (Marrocu & Paci 2012). 

5.2.2 Zero Value Observation and the Log-Log Transformation 

Second, several variables contain observations with zero values. This may hold some methodical 

risks. As logarithms for zero are not defined, the log-log-transformation of the Cobb-Douglas 

function is not possible. This entails the loss of variables with observations equal to zero. 
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However, a straightforward solution for this issue is the “eliminates zero values yet preserves the 

relative ranking”-transformation (Brenner & Broekel 2005; Feldman & Florida 1994). This method 

simply eliminates zero values by adding a small arbitrary number to respective observations. The 

applied transformation looks as follows 

𝑋 = 	 𝑙𝑜𝑔[𝑋 + 10R*V] (9) 

The transformation is used for CB, years 2010 to 2012 (𝑁YZ[= 3), and Pat, years 2009 to 2013 

(𝑁YZ[= 407). This adjustment might bias the results for variables containing a severe number of 

these zero value observations (Battese 1997). Most notably for patents the number of transformed 

observations is considerably high. In order to assess possible artificially induced effects and to 

ensure unbiased results, a robustness check with values 10-5 and 10-50 is performed. Results do not 

change estimates or probability scores significantly, which is why the method is considered to be 

admissible.  

5.2.3 Spatial Dependence and Autocorrelation 

Nearly all quantitative work in regional science draws from data collected in space. Likewise, re-

gional theory builds on the premise that spatial interaction and proximity shape socio-economic 

processes, which why they cannot be ignored and must be included in the modelling process 

(LeSage 2008).  

There are two main spatial components involved in this regard. First, if MAUP (see chapter 4.2) is 

present, or the observed phenomena and employed regional level are poorly matched, spatial au-

tocorrelation occurs. Secondly, spatial heterogeneity can be present, showing that there are signif-

icant spatial processes at work which are not captured by the model (Anselin and Rey 1991; LeSage 

1999). In either case, the Gauss-Markov assumption that two error components of region i and 

region j are pairwise uncorrelated is violated; Consequently, the efficiency of estimators for least 

squares procedures is biased (LeSage 1999).  

Therefore, it is crucial to, first, assess the degree of spatial dependence and second, to find estima-

tion procedures that incorporate a spatial component to ensure valid inferences. A reliable test for 

spatial autocorrelation is the Moran’s I. It provides a global value for the correlation of variables 

in space (Fritsch & Slavtchev 2011). Research shows that “all studies point to the significance of 

spatial effects and stress the importance of properly specifying the form of the dependence or 

heterogeneity” (Anselin and Rey 1991, p. 114). This is done by creating a spatial weights matrix w 

beforehand, which determines the spatial relationship of variables in different regions in regard to 

the studied process (Burt et al. 2009). 
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Construction of the Spatial Weights Matrix for the Swedish Case  

As outlined above, weight matrix construction is a crucial point in spatial econometrics, however 

“the specification of the weight matrix is a matter of some arbitrariness” and is therefore very much 

depending on the research matter (Anselin 2002, p. 257). Misspecification, on the other hand, can 

lead to underestimated geographic patterns or create artificial spatial relationships (Dubin 2003).  

In regional analysis it is usually assumed that regions have finite numbers of neighbors, which is 

why inverse distance matrices are often over-smoothing and thus producing artificial relations 

(Elhorst 2010; Anselin & Rey 1991). This leaves regional scientists with two additional, but quite 

different methods: Fixed distance bands and neighbor based weights. Fixed distance bands require 

strong theoretical considerations as a certain threshold for the economic interaction between vari-

ables has to be set (Anselin 2002). In the present case, commuting distances, as a way of represent-

ing travel time distances, is appropriate (Duschl et al. 2015). Due to face-to-face actions, there is a 

strong relation between economic processes and the travel time between interacting entities. This 

method, however, is subject to spatial heterogeneity, since dense urban areas are much less affected 

by travel times than rural regions (Duschl et al. 2011). Hence, thresholds for fixed distance bands 

are identified by using average commuting distances (27.3 km) and long commuting distances (50 

km) for the Swedish case (Sandow 2008). The method uses centroid based distances which produce 

vast numbers of neighbourless observations in the isolated spaces in the north of Sweden. 

Neighbour-based techniques take neighbouring units into account. Basic methods are the Queen 

(edges and corners) and Rook (edges) contiguity, which in this case, using irregular units, do not 

differ at all (Anselin 2002). Thus, 1st and 2nd order queen matrices were used. Both approaches 

overrate spatial dependence in the north due to large sizes of units and rather underestimate dis-

tances in agglomerations due to small municipality size. 

In avoidance of neighbourless observations and by accepting possible over-smoothing rather than 

ignoring existing spatial autocorrelation, the threshold was ultimately set to the minimal distance 

ensuring neighbours for each region (=109km). Furthermore, due to unequal numbers of neigh-

bours, row standardization of weights was implemented (LeSage 2008; Anselin 1988). This weight 

matrix W is used for further methods requiring the specification of space. 
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Present Spatial Autocorrelation  

The autocorrelation of the error terms using OLS-models is tested to evaluate the intensity of 

present spatial interrelations5. Moran’s I values for the employment rate, both on municipality and 

on FA level, hover around 0.3 up to 0.35 index values with highly significant p-values. This does 

not only verify the assumption of strong spatial dependence, but also shows that functional regions 

do not seem to be less affected. For GDP on municipalities the Moran’s I are much lower, scoring 

0.07 up to 0.10 and 0.15. On functional areas, the Moran’s I test reveals higher values fluctuating 

between 0.15 and 0.3. 

The results clearly confirm the expectations that spatial interactions are present in the model. The 

models reveal a strong and positive autocorrelation strongly suggesting the use of estimation pro-

cedures incorporating spatial components to assess the purely regional effects. 

  

                                                
5 Moran’s I values for the OLS-Regressions can be found in the result tables 3 to 6 
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6 ESTIMATION FRAMEWORK FOR SPATIAL HETEROGENEITY  

As outlined in chapter 5, present spatial heterogeneity and spatial dependence can cause issues for 

the modelling process. This requires estimation procedures that formally incorporate spatial infor-

mation to eliminate spatial dependence and to represent spatial heterogeneity in the modelled re-

lationships (LeSage 1999). 

This analysis uses two approaches to incorporate spatial information. First, regional dummies are 

included in the OLS-regression and second a mixed spatial autoregressive approach is applied. The 

latter is expected to be most reliable in cases of autocorrelation. In a last step, the model specifica-

tions of the autoregressive model will be validated. 

6.1 Regional Dummies representing Spatial Characteristics 

Dummies offer a genuine method for least squares estimation to control for spatial heterogeneity. 

The variables usually take binary values such as 0 and 1, suggesting the presence of categorical 

effects (Rogerson 2001). In cases of regions these categories often refer to spatial differences, such 

as scale of urbanization (Brenner & Broekel 2005; Marrocu & Paci 2012), specific regions 

(Rodrıguez et al. 2011) or levels of technological specialization (Vayá et al. 2000). Scholars found 

that especially the distribution of the creative class is governed by regional differences such as 

urbanisation, which suggest the use of this locational information (Lorenzen & Andersen 2009). 

The most recent classification for Swedish regions is the one for municipality groups 2017; This 

classification captures the municipalities’ traits and specific socio-economic functions (see table 3). 

The categories refer to three main groups, which are further divided into nine sections (Sveriges 

Kommuner och Landsting 2016). A disadvantage of this method is that the regional dummies can 

only be used on municipality level, which makes a comparison to higher regional levels impossible. 

In order to create a baseline and to avoid perfect multicollinearity of RHS variables the category 

Larger cities was omitted from the analysis (Rogerson 2001). 
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Table 3: Municipality Groups Classification 2017 (Own Map and Translation; Adapted from 

Sveriges Kommuner och Landsting 2016, p. 7) 

Map Municipality 
Group 

Description Colour 
Code 

 

A1: Metropoli-
tan areas  

At least 200 000 inhabitants 
in the municipality's largest 
city 

 

A2: Commut-
ing municipality 
near metropoli-
tan areas 

At least 40% commuting to 
urban or metropolitan munici-
pality nearby 
 

 

B3: Larger cit-
ies 

At least 40 000 and less than 
200 000 residents of the mu-
nicipality's largest city 

 

B4: Commut-
ing Municipali-
ties near larger 
cities 

At least 40% commuting to 
the larger city  

B5: Small Com-
muting Munici-
palities near 
larger cities 

Less than 40% commuting to 
the larger city  

C6: Small 
city/town 

At least 15 000 and less than 
40 000 inhabitants in the mu-
nicipality's largest city 

 

C7: Commut-
ing municipality 
to small cit-
ies/towns 

At least 30% commuting out- 
or inflow to the small 
city/town 

 

C8: Rural mu-
nicipality not 
near small cit-
ies/towns 

Less than 15 000 inhabitants 
in the municipality's largest ur-
ban area, low commuting pat-
terns 

 

C9: Rural Mu-
nicipality with 
Tourism 

Rural municipality with at 
least two criteria for the tour-
ism industry6 

 

 

6.2 The General Spatial Model 

There are two main sorts of spatial dependence which may occur in regression models. First, there 

is spatial error dependence, meaning that the error term is correlated across spatial units. This can 

be the case if random shocks affect the system or if variables that are not captured on the RHS of 

the equation influence the dependent variable. Furthermore, if wrong spatial units are chosen, the 

previously mentioned area unit problem can cause autocorrelated error terms (Eckey et al. 2006b). 

                                                
6 Criteria: Number of guest nights, turnover in retail/ hotel/ restaurant in relation to population 
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Models including these errors are called mixed regressive-spatial autoregressive models with a spa-

tially autocorrelated error term, or simply spatial error models. Furthermore, neglecting spatial lags 

can cause the model to be biased. These refer to effects by the dependent variable in other regions. 

Theoretically, this is the case in diffusion processes, when the probability of events in neighbouring 

regions increases with the occurrence of events in the observed region (Eckey et al. 2006b; Ord 

1975). Models accounting for these lags refer to mixed regressive-spatial autoregressive model, or 

simply spatial lag model. 

There are several approaches to estimate models with such spatial dependencies. These combine 

spatial lags of dependent and independent, and spatial error disturbances (LeSage 2014). Models 

incorporating extensive numbers of lagged explanatory variables, such as the Spatial Durbin Model, 

often struggle with multicollinearity issues and are rather used for the estimation of spillover effects 

(LeSage 1999). 

An useful tool to identify whether models suffer from spatial error dependence or from omitted 

lag variables is the Lagrange Multiplier (LM-) test (Engle 1984). A special case of this method tests 

for a joint spatial error and lag model, called SARMA test (Chasco 2013; Anselin & Florax 1995). 

LM- and SARMA tests on the OLS models are used to check whether spatial correlation is pre-

sented in the dependent variable or the residuals. Highly significant SARMA results suggest the 

existence of spatial error dependence and omitted spatially lagged variables jointly, which is why a 

general spatial model is introduced. “A general version of the spatial model that we label SAC 

includes both the spatial lag term and a spatially correlated error structure” (LeSage 199, p. 87). 

The estimation approach used is drawn from Kelejian & Prucha (2004; 1998) who also combine 

the autoregressive term and the spatial error disturbance, hereinafter referred to as the SAC Model 

by letting: 

𝑙𝑜𝑔	(𝑌/𝑦;,<) = 	 𝜌𝑊*	𝑙𝑜𝑔	(𝑌/𝑦;,<) + 𝑏 ∗ 𝑙𝑜𝑔	(𝐻𝐶;,<R/) + 𝑐 ∗ 𝑙𝑜𝑔(𝐶𝑟𝐶𝑙;,<R/)

+ 𝑑 ∗ 𝑙𝑜𝑔	(𝐸𝑃𝑆;,<R/) + 𝑒 ∗ 𝑙𝑜𝑔	(𝐼𝑛𝑛𝑜;,<R/) + 𝑓 ∗ 𝑙𝑜𝑔	(𝐶𝑜𝑉𝑎;,<R/) + 𝑢 (10) 

𝑢=𝜆𝑊+	𝑢+𝜀		

𝜀~𝑁	0,𝜎	𝑖.𝑖.𝑑	

with 𝜆 representing the spatial error parameter and 𝜌 as the autoregression parameter (Chasco 

2013; Piras 2010). Thereby parameters 𝜆 and 𝜌 are not estimated simultaneously. As a result, this 

method uses GMM estimators because several estimation steps are required. For this analysis, it is 
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assumed that W1=W2, as it is the case when theoretical reflections do not explicitly suggest a sig-

nificant difference between weight matrices for errors and dependent lags (Anselin 1988).  

In the following the estimation process will be outlined very briefly. First the error term parameter 

is estimated through a spatially weighted least squares procedure. This preliminary estimate of 𝜆 is 

then used in a second step to construct a weighting matrix to compute the efficient estimate of 𝜆. 

Thirdly, parameters for the explanatories and 𝜌 are estimated by means of a weighted regression. 

The last step uses spatially filtered variables based on the GMM estimate of 𝜆 calculated before 

(Chasco 2013; Anselin 2011).  

6.3 Model Diagnostics and Validation 

Following the Gauss-Markov theorem, this part deals with model diagnostics for the final SAC 

Model to approve reliability of results. Since the first step of the SAC model estimates	coefficients 

by  least squares procedures, the model requires	𝜀~𝑁 0,𝜎 𝑖.𝑖.𝑑  (Griffiths et al. 2008). 

In order to construct reliable confidence intervals, normal probability plots determine whether the 

error terms follow a normal distribution. The graphs in appendix 3 show no significant deviation 

from the normal distribution line. For FA regions residuals deviate slightly stronger, which is, how-

ever, in consideration of the smaller sample size neither unexpected nor severe (Burt et al. 2009).  

Furthermore, it is expected that errors have mean zero and a constant variance, also known as the 

homoscedasticity assumption (Burt et al. 2009). The Breusch-Pagan test indicates that there is a 

heteroscedasticity for some models (p<0.05). Values are slightly better when using employment 

rate as dependent variable than GDP; On FA level employment rates reject the heteroscedasticity 

hypothesis completely. Despite some minor violation of assumptions, the models are accepted, 

since this test is very strict and can easily cause violations in econometric modelling environments 

(Brüderl 2000). 

Despite the strong thematic proximity of variables belonging to the same knowledge asset, such as 

graduates, high-educated and population in vocational training, multicollinearity poses merely a 

minor issue. The variance inflation factor (VIF) provides a measure of multicollinearity, which, as 

a rule of thumb, should not exceed values of 10 (Greene 2003; Chatterjee et al. 1995). Using age 

groups for high-educated however, causes significant violations of this assumption. Age groups are 

not only strongly correlating with themselves, but also with graduates and the creative core. It is 

therefore refrained from using age groups for educational based HC.  
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As much as the Moran’s I values improved (see tables 4-7), clustering of residuals peaked off using 

the SAC model (see Fig 7). Merely regions around Stockholm and Gothenburg reveal overestima-

tion patterns while northern coastal regions and the inland has been slightly underestimated.  How-

ever, contrary to expectations, the incorporation of regional dummies did not improve spatial de-

pendence. Only minor deviations from the OLS-model without spatial conceptions were found, 

suggesting that spatial effects do not merely trace back to regional heterogeneity. Violating the 

BLUE assumption, the regional dummy model is therefore likely to produce unreliable results, 

which is why it is not being further pursued7. 

OLS GDP 13 Reg. Dummy OLS GDP 13 SAC Model GDP 13 

   

OLS EMP 13 Reg. Dummy OLS EMP 13 SAC Model EMP 13 

   

                                                
7 For the sake of completeness and for comparison the results are shown in appendix 4 

Figure 7: Getis-Ord Gi* Residual Maps 
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7 PRESENTATION OF THE RESULTS 

Given the scope of this analysis, this chapter illustrates the results before discussing them in context 

with expectations and theoretical considerations. By doing so the important findings of the four 

single models are highlighted, before the major differences between the models are assessed. Model 

(1) and (2) estimate the performance of municipalities using GDP and EMP. By the same token, 

model (3) and (4) estimate the Cobb-Douglas production function for FA regions. 

7.1 SAC Model Results on Municipality Level 

In what follows the results of the SAC Model on municipality level shall be described. Thus, table 

4 contains the regression results for GDP, while table 5 deals with the results for the employment 

rate as dependent variable. Furthermore, below the tables, the Moran’s I values of the OLS resid-

uals and the ones for the SAC Model are presented in order to compare the degree of spatial 

dependence. 

Level of GDP 

First of all, R2 are examined to get a sense of the overall model fit. Values around 0.75 up to 0.79, 

reveal a very high model fit. Following a clear trend, the models improve around 0.01 with every 

year t of explanatories and the dependent variables converge; Although this improvement is only 

marginal it suggests that more recent data has higher explanatory power.  

Human capital seems to play a minor role in the first model. Variables for vocational training and 

graduates do not score significant results at all. The main variable for conventional HC, high-edu-

cation, on the contrary, has a significant impact on GDP of municipalities. The findings suggest 

that the presence of HiEdu has a negative effect on GDP, which is not very significant, but surely 

below the 0.05 threshold.  

The creative class measures yield different results. Across the five models, creative professionals 

and the creative core have strong positive influence on the GDP. CP are highly significant with 

similarly strong coefficients outperforming other variables in the model. The coefficients for crea-

tive core occupations, as well as their probabilities, constantly decrease towards 2013. 

For Innovation and Entrepreneurship, the findings are somewhat irregular. Significant effects can 

be found for SEProxy, which seems to be slightly negative related to GDP in some years. In 2011 

and 2013, start-ups have positive influences on GDP, while they are without any influence in re-

maining years. Likewise, SECty scores positive results only in 2012 and patents only in 2010.  
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Neither of the covariates has significant p-values in this model. Method-specific variables, however, 

scored highly significant results, indicating the presence of spatial lags as well as spatial dependen-

cies of residuals. As suggested by lambda, the error term seems to be spatially correlated. Likewise, 

𝜌 is highly significant. The lag-variable of GDP of neighbouring regions is therefore positively in-

fluencing the region of observation. The coefficients are considerably high and suggest a strong 

influence of neighbouring regions.  

The presence of spatial dependencies in the model is further confirmed by the Moran’s I results. 

Using ordinary least squares estimation, the Moran’s Index values are significant in each model, 

however, with reasonable small index values (0.06-0.07). Introducing the SAC Model captures the 

spatial effects and thus eliminates spatial autocorrelation; P-Values are insignificant and the indices 

fluctuate around zero. 
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Table 4: Regression Results for GDP per Capita on Municipality level using SAC Model – Model 
(1) 

 
 

2009 2010 2011 2012 2013 
DepVar = GDP β/SE β/SE β/SE β/SE β/SE 

 

Human Capital 
HiEdu -0.234** -0.209** -0.224** -0.180* -0.194* 
 (0.075) (0.072) (0.075) (0.078) (0.078) 
Gradu 0.002 -0.010 0.029 -0.003 0.002 
 (0.037) (0.037) (0.039) (0.042) (0.042) 
VocTra -0.081 -0.037 -0.049 -0.039 -0.083 
 (0.052) (0.052) (0.055) (0.050) (0.054) 

Creativity 
CC 0.247*** 0.253*** 0.169** 0.166** 0.135* 
 (0.056) (0.056) (0.054) (0.056) (0.053) 
CP 0.600*** 0.580*** 0.640*** 0.631*** 0.707*** 
 (0.048) (0.049) (0.049) (0.049) (0.048) 
CB -0.033 -0.011 -0.001 -0.006 -0.024 
 (0.024) (0.008) (0.008) (0.008) (0.023) 

Entrepreneurship 
SEProxy -0.027 -0.032 -0.030 -0.027* -0.027* 
 (0.025) (0.031) (0.031) (0.021) (0.021) 
SECty 0.014. 0.012 0.018. 0.017* 0.006 
 (0.008) (0.009) (0.009) (0.008) (0.009) 
CapInc 0.084* 0.080* 0.037 0.081* 0.030 
 (0.035) (0.030) (0.031) (0.031) (0.031) 
Startup 0.066 0.053 0.103* -0.009 0.115* 
 (0.042) (0.047) (0.047) (0.048) (0.048) 

Innovation 
Pat 0.00064 0.003* 0.002. 0.001 0.001 
 (0.0017) (0.001) (0.001) (0.001) (0.001) 

Covariates 
KIS HT 0.058* 0.027 0.032 0.049. 0.015 
 (0.025) (0.029) (0.029) (0.029) (0.028) 
CulDiv -0.002 0.003 -0.0001 0.023 0.032 
 (0.021) (0.021) (0.023) (0.022) (0.024) 

Spatial Interaction 
Lag Variable (ρ) 0.583*** 0.602*** 0.575*** 0.594*** 0.542*** 
 (0.081) (0.081) (0.084) (0.082) (0.084) 
Spatial Error (𝜆) -0.647** -0.676*** -0.533** -0.595** -0.433* 

 (0.193) (0.201) (0.188) (0.178) (0.169) 
 
Constant 5.089*** 5.050*** 5.275*** 4.828*** 5.156*** 
 (0.593) (0.581) (0.613) (0.592) (0.601) 
 

Pseudo R2 0.7565 0.7620 0.7737 0.7738 0.7919 
OLS Moran’s I 0.058*** 0.059*** 0.074*** 0.068*** 0.073*** 
SAC Model Moran’s I -0.013 -0.014 -0.003 -0.001 0.003 
Notes: All variables are used in natural log terms; . = P-Value < 0.10; * = P-Value < 0.05; ** = P-Value < 0.005; ***= 
P-Value <0.0005. Standard errors in parenthesis 
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Employment Rate 

As presented above, table 5 summarizes the findings of the SAC Model on municipality level using 

EMP as dependent variable. 

R2 values range from 0.57 to 0.66 and increase in a similar fashion as the values in model (1). 

Although these R2 represent an excellent model fit, they are considerably lower than the ones in 

model (1), suggesting that the GDP model generally fits on municipalities than the one for em-

ployment rates. 

Most explanatories obtain results significantly different from the GDP model. High Education is 

highly significant and strongly positive throughout the years surpassing the coefficients of other 

variables. Remaining HC indicators have negative effects on employment rates. Both vocational 

training and graduates have, not strikingly high, but significant p-values and coefficients below 

zero. The presence of creative class members, again, scores significant effects for CP and CC. The 

creative core, by contrast, is negatively affecting EMP. Creative professionals seem to be positively 

related in most years, apart from 2013.  

Effects of measures for EPS and innovation are far from uniform. While capital income contrib-

utes to employment rates in 2009 and 2013, it has no power in other years. Start-ups have a minor 

negative effect in 2013.  

In case of EMP, share of foreigners acting as covariate have a strong impact. Revealing very low 

p-values and strongly negative pronounced coefficients, a high degree of cultural diversity seems 

to correlate with high unemployment. Here, too, the auxiliary variables 𝜆 and 𝜌 are significant, 

apart from 2012 when lambda exceeds 0.05. The significance on lambda, however, is rather weak 

suggesting that lag effects are stronger than error disturbances for model (2). Global autocorrela-

tion is very severe in the non-spatial EMP model. Values ranging from 0.29 to 0.30 indicate a strong 

spatial dependence, which is eliminated almost entirely with the introduction of the SAC Model.  

Given these points, the models reveal both differences and similarities. Entrepreneurship and in-

novation variables are very inconsistent and mixed, in some years of little or no influence, while 

scoring more positive effects on GDP. HC measures, mainly HiEdu, is negatively related to GDP 

and strongly positively to EMP. The creative class measures offer a little more stability, especially 

regarding the creative professionals, which have positive effects in nine out of ten models. While 

the creative core contributes to higher GDP, it is negatively related to employment rates.  
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Both models are subject to spatial dependencies when using ordinary least squares estimation. Em-

ployment rates in particular reveal strong spatial autocorrelation as indicated by the Moran’s I, 

which is, in addition, reinforced by the lower model fit for EMP on municipality level.  The SAC 

Model can capture these spatial effects and reject global SA. By doing so, both endogenous spatial 

lag structures and error disturbances are observed. 
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Table 5: Regression Results for Employment Rate on Municipality level using SAC Model – Model 
(2) 

 
 

2009 2010 2011 2012 2013 
DepVar = EMP β/SE β/SE β/SE β/SE β/SE 

 

Human Capital 
HiEdu 0.0853*** 0.090*** 0.095*** 0.098*** 0.078*** 
 (0.0163) (0.015) (0.016) (0.016) (0.015) 
Gradu -0.028** -0.028** -0.033*** -0.027** -0.030** 
 (0.009) (0.008) (0.009) (0.009) (0.008) 
VocTra -0.028* -0.038** -0.039** -0.048** -0.057** 
 (0.011) (0.011) (0.001) (0.011) (0.011) 

Creativity 
CC -0.031* -0.038* -0.035** 0.040** -0.030** 
 (0.012) (0.056) (0.011) (0.011) (0.010) 
CP 0.022* 0.019* 0.023* 0.022* 0.018. 
 (0.010) (0.010) (0.010) (0.010) (0.009) 
CB -0.003 0.003. -0.0006 0.001 -0.0008 
 (0.005) (0.001) (0.001) (0.001) (0.004) 

Entrepreneurship 
SEProxy 0.004 0.003 0.005 0.002 0.004. 
 (0.003) (0.003) (0.003) (0.002) (0.002) 
SECty 0.001 0.001 0.001 0.001 0.001 
 (0.002) (0.002) (0.002) (0.002) (0.002) 
CapInc 0.017* 0.010 0.006 0.009 0.016* 
 (0.008) (0.007) (0.007) (0.006) (0.006) 
Startup -0.005 -0.007 -0.002 -0.011 -0.022* 
 (0.009) (0.010) (0.010) (0.010) (0.010) 

Innovation 
Pat 0.0002 0.0004 -0.0001. 0.00005 0.0002 
 (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) 

Covariates 
KIS HT -0.001 0.0004 0.002 0.001 0.002 
 (0.005) (0.006) (0.006) (0.006) (0.006) 
CulDiv -0.048*** -0.045*** -0.046*** -0.041*** -0.041*** 
 (0.006) (0.006) (0.006) (0.006) (0.006) 

Spatial Interaction 
Lag Variable (ρ) 0.673*** 0.638*** 0.691*** 0.875*** 0.758*** 
 (0.171) (0.174) (0.166) (0.132) (0.128) 
Spatial Error (𝜆) 0.501** -0.520** 0.404* 0.262. 0.340* 

 (0.176) (0.183) (0.172) (0.165) (0.172) 
 
Constant 1.248. 1.347. 1.108 0.273 0.707 
 (0.762) (0.773) (0.742) (0.593) (0.572) 
 

Pseudo R2 0.5740 0.5892 0.5880 0.6279 0.6573 
OLS Moran’s I 0.292*** 0.309*** 0.300*** 0.303*** 0.286*** 
SAC Model Moran’s I -0.008 -0.009 -0.019 -0.016 -0.013 
Notes: All variables are used in natural log terms; . = P-Value < 0.10; * = P-Value < 0.05; ** = P-Value < 0.005; ***= 
P-Value <0.0005. Standard errors in parenthesis 
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7.2 SAC Model on FA-Region Level 

Similar to those above, this part presents the results of the SAC Models on functional area level.  

Level of GDP 

The R2 of the models are reasonably high ranging from about 0.67 to 0.72, which is similar to 

model (1), taking the smaller number of observations into account. Explanatories, on the other 

hand, show serious disparities.  

As for the human capital measures, none of the variables seems to have a crucial impact. Merely 

vocational training has adverse effects in 2009 and 2010.  

Creativity has a strongly stimulating effect on regional performance measured in GDP. However, 

the creative core occupations become insignificant in the middle of the investigation period; CP, 

on the other hand, still achieve high coefficients, outperforming their counterparts on municipality 

level, as far as this can be assessed across different levels of measurement. 

Entrepreneurship and innovation seem to play a minor role. SEProxy is negatively related to GDP 

in 2010 and 2013, while start-ups have a positive influence in the first three years. 

Indicated by less significant lambdas towards the end of the period, it seems that spatial error 

disturbance plays a subordinate role for spatial dependency processes. High figures for ρ implicate 

that again lag effects of GDP are stronger than error disturbances. The general spatial model elim-

inates the spatial autocorrelation. OLS spatial autocorrelation values are much higher than on mu-

nicipality level varying from 0.14 to 0.31. 
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Table 6: Regression Results for GDP per Capita on FA-Regions level using SAC Model – Model 
(3) 

 
 

2009 2010 2011 2012 2013 
DepVar = GDP β/SE β/SE β/SE β/SE β/SE 

 

Human Capital 
HiEdu 0.040 -0.062 -0.099 0.181 0.167 
 (0.181) (0.194) (0.236) (0.244) (0.210) 
Gradu -0.033 -0.107. 0.002 -0.118 -0.111 
 (0.065) (0.074) (0.080) (0.087) (0.097) 
VocTra -0.335*** -0.269* -0.056 0.004 -0.008 
 (0.095) (0.096) (0.113) (0.095) (0.117) 

Creativity 
CC 0.338** 0.363* 0.182 0.147 0.110 
 (0.117) (0.143) (0.157) (0.168) (0.133) 
CP 0.957*** 0.787*** 0.937*** 0.857*** 1.081*** 
 (0.150) (0.148) (0.170) (0.175) (0.143) 
CB -0.072 -0.006 -0.049 -0.003 0.0004 
 (0.048) (0.007) (0.055) (0.008) (0.049) 

Entrepreneurship 
SEProxy -0.105 -0.065** -0.056 -0.033 -0.055* 
  (0.128) (0.022) (0.046) (0.028) (0.026) 
SECty 0.010 0.013 0.008 0.013 0.018 
 (0.015) (0.015) (0.018) (0.019) (0.020) 
CapInc 0.025 0.033 0.015 0.037  -0.026 
 (0.075) (0.064) (0.076) (0.091) (0.084) 
Startup 0.333*** 0.204* 0.284** 0.027 0.097 
 (0.089) (0.088) (0.096) (0.109) (0.093) 

Innovation 
Pat 0.003 0.009** 0.0007 -0.006 -0.003 
 (0.003) (0.002) (0.003) (0.004) (0.003) 

Covariates 
KIS HT -0.118. -0.111 -0.118 -0.097 -0.191 
 (0.061) (0.073) (0.079) (0.090) (0.084) 
CulDiv -0.017 -0.003 -0.044 -0.008 -0.004 
 (0.029) (0.025) (0.034) (0.034) (0.039) 

Spatial Interaction 
Lag Variable (ρ) 0.444*** 0.500*** 0.505** 0.548*** 0.467*** 
 (0.092) (0.091) (0.102) (0.103) (0.095) 
Spatial Error (𝜆) -0.587*  -0.709** -0.491 -0.505* -0.184 

 (0.239) (0.247) (0.265) (0.228) (0.226) 
 
Constant 6.622*** 5.582*** 6.322*** 5.140*** 5.943*** 
 (0.926) (0.899) (1.161) (1.140) (1.075) 
 

Pseudo R2 0.6995 0.7077 0.6720 0.6432 0.7238 
OLS Moran’s I 0.143* 0.141* 0.207** 0.234** 0.313*** 
SAC Model Moran’s I 0.025 0.001 0.006 -0.016 -0.005 
Notes: All variables are used in natural log terms; . = P-Value < 0.10; * = P-Value < 0.05; ** = P-Value < 0.005; ***= 
P-Value <0.0005. Standard errors in parenthesis 
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Employment Rate 

Contrary to measuring performance through GDP, the employment rate models fit much better 

on FA than on municipality levels. R2 exceeds 0.7 in every model surpassing the values of model 

(2) by almost 0.2. Human capital achieves its largest impacts through HiEdu. Coefficients of HiEdu 

are reasonably high with significant probabilities; Graduates have slightly negative effects in some 

years.  

Here too, creative professionals have a beneficial effect on employment rates. Except for 2013, 

coefficients outperform those of HiEdu; Additionally, p-values are more significant for creative 

professionals.  

Entrepreneurship variables are insignificant, except for SEProxy having a negative impact for at 

least the last two years. Unlike in model (2), capital income is positively related to employment 

rates, albeit with significant variations over the years.  

Cultural diversity, here again, is negatively related to employment rates. The spatial variables ρ and 

𝜆	are for the most part significant. Similar to the GDP model on FA level, spatial error disturbances 

are not as significant as the lag structures, which also drop in significances compared to model (2). 

Moran’s index values are insignificant for the SAC Model, whereas they indicate a high spatial 

dependence in the OLS regression for functional areas (0.28-0.35). 
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Table 7: Regression Results for Employment Rate on FA-Regions level using SAC Model – Model 
(4) 

 
 

2009 2010 2011 2012 2013 
DepVar = EMP β/SE β/SE β/SE β/SE β/SE 

 

Human Capital 
HiEdu 0.107** 0.126* 0.109* 0.096* 0.092** 
 (0.037) (0.042) (0.045) (0.041) (0.034) 
Gradu -0.055** -0.031. -0.034. -0.009 -0.036* 
 (0.014) (0.018) (0.017) (0.017) (0.008) 
VocTra 0.042. 0.033 0.040 -0.018 0.018 
 (0.019) (0.022) (0.025) (0.019) (0.021) 

Creativity 
CC 0.044. 0.003 0.015 0.006 0.012 
 (0.025) (0.027) (0.030) (0.026) (0.019) 
CP 0.114*** 0.133*** 0.135*** 0.126*** 0.087*** 
 (0.026) (0.029) (0.029) (0.029) (0.023) 
CB -0.001 0.001 0.009 0.001 0.0004 
 (0.009) (0.001) (0.009) (0.001) (0.008) 

Entrepreneurship 
SEProxy -0.019 -0.021 -0.018. -0.025** -0.019** 
 (0.021) (0.017) (0.011) (0.006) (0.005) 
SECty 0.008* 0.007 0.009* 0.009* 0.006 
 (0.004) (0.002) (0.004) (0.004) (0.004) 
CapInc 0.071*** 0.041* 0.043* 0.048** 0.070*** 
 (0.017) (0.015) (0.017) (0.016) (0.014) 
Startup -0.030 0.001 0.001 0.004 -0.026. 
 (0.018) (0.017) (0.019) (0.020) (0.016) 

Innovation 
Pat 0.0001 -0.0004 -0.001 0.0008 0.001* 
 (0.0006) (0.0008) (0.0007) (0.0007) (0.0005) 

Covariates 
KIS HT -0.008 -0.018 -0.020 -0.003 0.006 
 (0.010) (0.013) (0.014) (0.015) (0.012) 
CulDiv -0.058*** -0.061*** -0.062*** -0.061*** -0.0631*** 
 (0.007) (0.008) (0.008) (0.008) (0.008) 

Spatial Interaction 
Lag Variable (ρ) 0.248* 0.257* 0.312** 0.260* 0.272* 
 (0.103) (0.114) (0.106) (0.105) (0.100) 
Spatial Error (𝜆) 0.445**  0.389* 0.084 0.312* 0.375* 

 (0.143) (0.150) (0.182) (0.148) (0.140) 
 
Constant 3.962*** 3.896*** 3.731*** 3.851*** 3.701*** 
 (0.471) (0.514) (0.537) (0.496) (0.467) 
 

Pseudo R2 0.7478 0.7024 0.7462 0.7417 0.7843 
OLS Moran’s I 0.345*** 0.359*** 0.283*** 0.290*** 0.341*** 
SAC Model Moran’s I -0.002 -0.001 -0.008 -0.021 -0.013 
Notes: All variables are used in natural log terms; . = P-Value < 0.10; * = P-Value < 0.05; ** = P-Value < 0.005; ***= 
P-Value <0.0005. Standard errors in parenthesis 
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7.3 Noticeable Findings across Models 

This chapter summarizes the general findings of the analysis. Firstly, there a several differences 

between municipality and FA level measuring performance through GDP. R2 are somewhat higher 

on municipality levels, but when considering the smaller number of observations, the disparity 

seems minor. While HiEdu has negative impact on municipality level, the variable loses its signifi-

cance when data is aggregated on functional areas. EPS and innovation measures seem largely 

irrelevant for the GDP; Solely start-ups play a subordinate role in the earlier years of the FA model. 

Lastly, the spatial autocorrelation of the OLS regressions is much higher for FA level than for 

municipalities, which is, in both cases, eliminated by introducing the SAC model. 

Likewise, there are obvious differences between regions for EMP models, too. HiEdu, in particular, 

is extremely conducive for employment rates, while other HC measure score negative results or no 

significant results depending on the level of measurement. Creativity achieves highest impacts by 

creative professionals which outperform HiEdu on FA level. 

EPS and innovation effects are rather irregular, with consistent positive effects of capital income 

on functional area level. Unlike for GDP, the EMP is strongly affected by the covariates, first and 

foremost by cultural diversity, which revealing a negative correlation.  

Given these points, human capital scores strongest effects through HiEdu, positively for employ-

ment rates, negatively for GDP. Creativity impacts are even stronger, primarily using creative pro-

fessionals, who outperform HiEdu for GDP and for EMP on functional area level. 

R2 suggest that employment rate models fit better on FA level, while there are only minor differ-

ences for GDP as indicator. Spatial autocorrelation is present for all OLS regressions and seems 

to trace back both to spatial error disturbances and positive endogenous lag effects. 
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8 DISCUSSION  

This chapter deals with the discussion of the results presented in chapter 7. By doing so, significant 

findings are brought into the context of theory and are used to answer the research questions posed 

at the start.  

8.1 Human Capital or the Creative Class  

By comparing the findings for conventional human capital and creativity throughout the models, 

it is assessed which approach explains regional economic performance best. The question raised in 

the beginning is whether the creativity approach outperforms the classical human capital approach 

as suggested by Richard Florida, since it is believed to be a more realistic representation of skills and 

talents.  

Human Capital  

The theoretical considerations suggest strong positive effects of human capital on regional perfor-

mance. These assumptions could not fully be verified through the analysis. Some effects are not as 

strong as expected, while others are completely different from expectations.  

First, regarding higher education as the most common measure of human capital, effects are fairly 

dissimilar. It seems that regions with higher shares of educated population have less unemployment 

– confirming the theory that human capital promotes regional performance. For GDP, on the 

contrary, higher shares of educated population does either have no significant effect or is even 

negatively related. For functional areas, this draws the conclusion that the mere existence of a high 

educated workforce does not have palpable influence on performance measured as GDP. The 

negative findings imply the need for further investigation since it is against expectations that mu-

nicipalities with higher shares of educated workforce have lower levels of GDP.  

In the light of these findings, several variables are omitted to eliminate possible statistical artefacts 

due to multicollinearity, even though VIF values did not indicate potential issues. Neither omitting 

other human capital indicators, nor the CC variable, which have the highest correlation, change the 

results considerably. One reason for these findings might be of a methodological nature: Using 

GDP per capita creates hot spots of GDP in the north of Sweden due to small numbers of inhabit-

ants, which might distort the picture. 

Furthermore, prior research on human capital and regional performance found similar results sug-

gesting education to be either insignificant or negative (Griliches 1977; Barro 1996; De La Fuente 
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& Doménech 2002; Čadil et al. 2014). Findings of these scholars increasingly fuelled the lack of 

confidence in education as driver for regional performance. Many, however, argue that misspecifi-

cations and data restrictions are the factual sources for such unexpected results (De La Fuente & 

Doménech 2002). Most notably Spiegel & Benhabib (1994) caused quite a stir finding education 

to be negatively linked to economic performance. Using a Cobb-Douglas function they fail to verify 

their assumption of education as production factor. They, however, confirm that human capital 

has indirect effects through fostering innovation rates and through speeding up the adaption pro-

cess of technology as put forward by Nelson & Phelps (1966). This could be the conceptual expla-

nation for the unexpected findings in the present analysis: Human capital has indirect influences 

on GDP through technological progress rather than being a direct input factor for the production 

process.  

Similar to groups with higher education, proxies for vocational training and graduates score insig-

nificant or negative results. Negative effects are primarily evident for employment rates. The reason 

for this could be the definition of the proxies. Graduates is the term for young, higher educated 

populations, which may not yet be integrated in the labour market. Interestingly, although gradu-

ates and high education rely on the same dataset, they score opposite effects for employment rates. 

This may be due to possible age-based differences in human capital. The negative effects of voca-

tional training probably trace back to the definition. According to SCB, this variable includes spe-

cific types of training8 which could be rather an indicator for regions lagging behind than repre-

senting benefits of additional “off-the-job” qualifications.  

The Creative Class 

The findings for the creative class variables are very stable throughout the years and the models. 

Generally, the existence of creative class members seems to be strongly related to regional perfor-

mance confirming the theoretical expectations that knowledge economies rely on creative occupa-

tions. However, the division of the creative class members into groups matters a lot. First, Bohe-

mians score no significant effects. Neither on employment structure nor on the level of GDP. This 

goes along with the view of Florida on the role of Bohemians. They are not directly part of the 

knowledge creation process but rather attract other creative class members, which is why they 

should affect the distribution of the creative class in the first place. Therefore, the present analysis 

finds no direct link between Bohemians and regional economic performance. Similar results can 

                                                
8 including “supplementary education, lower secondary education, Swedish tuition for immigrants, labour market training” (SCB 2015) 
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be found in Marrocu & Paci (2012) who cannot find significant effects of Bohemians on economic 

performance either. 

The broader creative core has a positive relation to GDP, whereas it is adversely linked to employ-

ment. The creative professionals, on the contrary, are the group which is first and foremost driving 

GDP and employment rates. Thus, it seems that the knowledge processing group is more important 

than the actual knowledge generation part for regional economies. This is backed up by Faggian et 

al. (2016) who find that especially a narrow definition of creativity (i.e. managers and professionals) 

is positively linked to regional economies. 

Another interesting finding is the suitability of the approach. Originally, Florida based his approach 

on the United States, where most often MSA (metropolitan statistical areas) are employed for sta-

tistical analysis. These, unlike European regional divisions, do not comprehensively cover the na-

tional level but selectively cover agglomeration and immediate environments (United States. 

Bureau of the Census, 1994). Thus, other literature often finds that the creative class approach 

outside the U.S. should primarily work in agglomerations, while smaller regions fail to enjoy such 

privileges (e.g. Andersen et al. 2010; Eriksson and Hansen 2013). Interestingly, this analysis could 

prove that the creative class is beneficial beyond urban economies, yet further analysis is indicated 

on how spatial heterogeneity affects this result. 

Comparing Human Capital and the Creative Class  

Both representing shares of total, human capital and creativity coefficients can be compared di-

rectly within a regression model. Using the Cobb-Douglas production function, the coefficients 

represent the elasticities of GDP or Employment rate, with respect to the explanatories (Leekley 

2010).  

For functional areas this means that, ceteris paribus, the change of 1% in high education shares should 

bring about a 10% change in employment rates. Changing the share of creative professionals by 

merely 1% results in up to 13.5% increase of employment in functional areas. Therefore, it seems 

that creativity is outperforming classic human capital measures when regarding both as direct input 

factors for regional productivity, however, involving some restrictions: Referring to a narrow defi-

nition of creativity and depending on regional levels and performance indicator. Therefore, the 

Becker view of human capital is rejected. According to the present results, human capital does not 

serve as direct input factor for regional production processes. Creative professionals, on the other 

hand, are directly linked to regional performance.  
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However, there is one more crucial restriction to the interpretation which should be noted. Even 

if, this analysis found a strong relationship between creativity and regional performance a question 

of causality arises. This challenges the amenity driven approach and emphasizes the role of complex 

recursive interactions between jobs and employees. The evolutionary process of regional growth 

proposes that “people follow jobs” because of the need for the skills at a specific place. Scott and 

Storper (2009) argue that most migration decisions – unless private income allows for full profes-

sional and geographical independency – are still likely to be due to utility-maximizing calculations. 

They thereby stress the persistent pull-effect of job opportunities as central motor of migration, as 

opposed to the amenity driven and socio-economic approach pursued in this study. 

8.2 Regional Units and Performance Indicators  

This part compares the indicators measuring regional economic performance and assesses the dif-

ferences due to the regional level of study. 

Performance Indicators  

The results show that the indicators are somewhat different in terms of suitability for regional 

economic analysis. Suggested by R2, employment rates are less appropriate on smaller scale than 

GDP. This is also proposed by the spatial distribution (see fig. 7) where employment rates exhibit 

more obvious supra-regional patterns than GDP. On functional area level, however, employment 

rates seem to be slightly more suitable than the level of GDP.  

Most strongly pronounced are the differences in the effects of independent variables though. As 

outlined above, effects of human capital measures vary significantly between GDP and employ-

ment rates, while the creativity measures seem a bit more stable. Similar can be found for the 

cultural diversity, which is negatively related to employment rates. 

Furthermore, both measures are reasonably influenced by spatial error effects as well as endoge-

nous lag effects. Against expectations GDP reveals significant lag effects from neighbouring GDP 

values, which rejects the assumption that GDP is more unilateral than employment rates. Recent 

findings by Alehegn et al. (2013) confirm the results on-hand. They conclude that measures for the 

creative class and educational based human capital perform very differently for employment and 

GDP of regions. Ultimately, employment rates seem less suitable on municipality level, while GDP 

showed little differences regarding regional levels.  
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The findings point out that different performance indicators induce severe discrepancies in the 

effects of knowledge assets, implicating that employment rates might be more sensitive to demo-

graphic and social dimensions such as share of immigrants. Altogether it is hardly possible to de-

termine which indicator is best to use.  

Regional Units 

Comparing regional units, it appears clear that functional areas have a better model fit. Employ-

ment rates are much more suitable on functional areas, while GDP is only slightly worse than on 

municipality level, which, however, might also trace back to smaller number of observations. Fur-

thermore, some variables have significant effects on functional areas, which go by the board on 

smaller scale, such as capital income.  

There is reasonable disagreement on the use of spatial scale for econometric analysis. Most suggest 

findings similar to the present results, arguing about the suitability of administrative units. Many 

however ultimately hazard the consequences of administrative units in favour of high detailed data 

such as Audretsch et al. (2008) and Fritsch and Mueller (2004). For the present analysis values 

indicate that smaller scale indeed offers results which cannot be found on functional areas. These 

units, however, have a more significant spatial dependence, which is most likely due to MAUP, 

requiring sophisticated spatial models to capture these effects. Spatial dependence is lower for 

functional areas, which is not surprising at all when taking the background of this regional classifi-

cation into account.  

Thus, this study concludes that there are indeed effects which can only be captured by the higher 

level of detail, i.e. municipalities. It is questionable, however, to which extent the data richness 

outweighs methodological issues. In cases of sufficient number of observations, it is therefore rec-

ommended to default to functional regions, which seem to produce more realistic results after all. 

8.3 Innovation, Entrepreneurship and Time Lag Structures  

First, talking about innovation, findings are somewhat unexpected. Innovation should be directly 

linked to regional performance as an indicator of technological progress, which is not verified in 

any way by this analysis. Merely a few models identify patents as significant influence, and if so, it 

is very weak. Reasons for this can be the high numbers of zero observations in the dataset, failing 

to connect the few existing patents to regional performance. As outlined in chapter 5.2.2, up to 

one third of the municipalities did not produce any patents in the respective year. The remaining 

patents are obviously distributed in space (see appendix 2), with a clear hotspot in the closer Stock-

holm area and some around Malmö in the South. This goes along with reports about Sweden’s 
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innovative activity, which agree on Sweden as an innovative country, but at the same time highlight 

Stockholm’s unique position when it comes to R&D intensity and innovation outputs (Simmie 

2003; Länsstyrelsen Stockholm 2012). 

Second, a literature review suggested benefits of entrepreneurship for regions’ economies, which, 

however, can be subject to significant delays in time. EPS measures are not very consistent, but 

offer certain insights.  

Both proxies which rely on the county level values for self-employment score only weak results. 

SECty is sporadically positive related to GDP, while SEProxy scores negative results, which is due 

to the creation, since values of the proxy rise with higher population numbers and SECty decreases 

with higher number of inhabitants in municipalities. Because of the frequent negative SEProxy 

results, the variable was excluded to assess possible artificial effects, which could however not be 

verified. Capital income, as well as, newly started businesses are more reliable in this context. Their 

effects can be detected for functional areas. Entrepreneurial activities hence go beyond municipal-

ity level, rather affecting larger economically homogenous areas. Region’s GDP is strongly im-

proved in years with higher startup rates. Similar, capital income is related to higher employment 

rates not as strong though.  

On time lag effects, startups show strong effects in the beginning which diminish as the studied 

years converge. This points toward the suggested time lag of startups in particular. Furthermore, it 

also confirms Fritsch and Mueller's (2004) suspicion that indirect effects of startups on regional 

economies are much stronger but delayed in time. Regarding GDP, therefore, increased competi-

tion appears to promote regional economies in the long run, while new capacities created by 

startups seem less effective. 

8.4 Covariates 

The technological capital and industrial structure plays only a marginal role in the present analysis. 

The affinity of certain sectors, such as high-tech industries, with stronger knowledge intensive pro-

duction processes was not verified. It seems that Florida’s assumption holds and that all creative 

occupations, regardless of their sectoral affiliation, promote regional economies.  

Even though literature suggested that foreigners, representing diversity and tolerance, can have 

beneficial effects for regions, the results were nil or negative. Thus, for GDP cultural diversity 

seems irrelevant, while it is negatively related to employment rates. All along there is a strong rela-

tion between foreign backgrounds and unemployment, which might overweigh the cultural diver-

sity benefits for regions (Rooth and Ekberg 2003). Spatial clustering of immigrants is eminent in 
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the present case demonstrated by significant hot spots and cold spots (see appendix 2). Albeit initial 

benefits, these segregation processes often reinforces immigrants’ exclusion from the labor market 

in the long run, conceivably causing the strong negative relation (Musterd et al. 2008). Furthermore, 

Scott and Storper (2009) argue that measures of diversity and tolerance are highly sensitive to spa-

tial scale of analysis. Therefore, tolerant climates might attract creativity at a comprehensive city 

level and hence may be linked to regional performance. On the other hand, the same urban space 

can be characterized by spatial segregation on other levels, such as on neighborhood level. In this 

way, paradoxically, the tolerant climates that attract the creative class can ultimately contribute to 

the process of social polarization.  

8.5 Limitations of the Analysis and Critical Evaluation 

Despite the reasonable results produced by the analysis, limitations of the approach should be 

identified. This is important on the one hand to understand possible error sources which might 

distort the results and on the other to set a starting point for future research. Most significant issues 

in the present analysis trace back to data constraints.  

First, the cross-sectional dataset caused crucial stationarity issues. Researchers voiced just criticism 

on stationary models, since these do not take into account that variables change over time and 

merely find trends for a short period (Charlot et al. 1999). The present analysis tried to tackle this 

issue by using five single-year models in order to include time variant effects. These were, however, 

only studied for the year 2014. This sets vital limits to the conclusion. 

Second, the analysis aims to find comprehensive results to allow conclusions for policy makers 

unbiased by regional heterogeneity. By doing so the spatial model, however, fails to provide infor-

mation about specific localities. Global measures, such as Moran’s I, lag variables or spatial error 

coefficients give information about spatial dependencies. However, they cannot express this very 

spatial heterogeneity in detail (Ali et al. 2007). Local measures, such as geographically weighted 

regressions, can give further information about spatial patterns, yet often struggle with local mul-

ticollinearity issues when using extensive numbers of regressors (Wheeler and Tiefelsdorf 2005). 

Lastly, the question of causality between creativity, human capital and technology arises. As put 

forward by Florida et al. (2008) (see also fig. 2),  the process of regional performance might involve 

creativity, human capital and innovation on different stages. While testing the effects of the 

knowledge assets jointly controls for spurious relations and provides a direct comparability, it might 

overlook these reciprocal effects. Again it is non-stationary analysis, which could throw light on 

the direction of causality, examining “whether the creative class grows or declines in situ because 
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production activities that employ creative people expand or shrink over time, or whether these 

swings are merely due to this class’s penchant for migration” (Boschma and Fritsch 2009, p. 419). 

Likewise, as argued in chapter 8.1, this issue also puts Florida’s assumption of “jobs follow people” 

into question. Therefore, high numbers of creative people in certain regions might be because local 

employers need these skills. By the same token, it neglects the indirect role of human capital (i.e. 

the Schultz-Nelson & Phelbs and the Spence-Arrow view) and focuses on human capital as direct 

input factor for regional production, as proposed by Becker. This work merely focused on the 

human and social economic factors of regional performance. Hence, it must be kept in mind that 

industrialization processes and the evolutionary nature of regional growth is not depicted in this 

analysis, which is why a direct comparison between knowledge assets should be treated with cau-

tion. 

No specific ethical considerations were applied during this study. Although the studied topic is 

quite debatable and controversial in some points, ethical considerations were not judged to be 

necessary as data and the object of study refer to large-scale observations due to the macroeco-

nomic approach. 
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9 CONCLUDING REMARKS AND POLICY IMPLICATIONS 

This paper investigated the central role of various knowledge assets for regional economic perfor-

mance, assuming that knowledge economies are driven by creativity, human capital, entrepreneur-

ship and innovation. By doing so, both different regional levels and indicators for regional perfor-

mance are compared against each other. The cross-sectional models employ data of Swedish mu-

nicipalities from 2009 up to 2014. Using a general spatial model drawn from Keleeijan and Prucha’s 

work, jointly allowing for spatial autoregressive modelling and for autoregressive disturbances in 

the same estimation framework, the analysis finds following spatially robust results. 

The creative class approach performs strongly when explaining regional economic performance, 

while classic human capital, at least in part, scores negative and therefore somewhat unexpected 

results. Entrepreneurship measures achieve inconsistent results across the models and are sensitive 

to performance indicators and regional levels. Furthermore, the study could not prove that indus-

trial orientation towards high-tech and knowledge-intensive sectors per se is linked to regional per-

formance. 

Relating these findings to the research questions posed at the beginning, it seems firstly (i) that a 

narrow definition of the creative class outperforms conventional human capital measures as direct 

input factors for regional performance. Secondly (ii), there are significant differences in the effects 

of knowledge assets when alternating between regional units and performance indicators. These 

hold particularly for human capital measured through education. In this context, administrative 

and functional units involve less variation than performance indicators, i.e. level of gross domestic 

product and employment rates. Accordingly, not only do the results change with the level and 

focus of the analysis, but also the implications from these findings shift crucially. 

The results support arguments that the creative class is highly beneficial for regions in advanced 

knowledge economies. Therefore, there is logical reason for policy makers to become active in 

attracting creative class members, which is often put forward by scholars as well as practiced in 

regional policies. However, the paper also provides evidence that primarily the knowledge processing 

group, namely the creative professionals, drive regional economies, confirming previous work by 

Faggian et al. (2016). This emphasizes policies towards knowledge intensive rather than knowledge 

generating occupations and moves away from the blind faith in the creativity approach. Further-

more, as pointed out by researchers before, practitioners often ignore side effects emerging from 

the tunnel vision of the creative class approach. Policy makers should therefore keep in mind that 
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a strong promotion of the creative class can lead to class polarization and to adverse consequences 

for urban structures, such as gentrification (Andersen et al 2010; Peck 2005).  

By the same token, the findings demonstrate that both the specific focus of the research and the 

level of regional hierarchy play a crucial role. Decision makers must be aware of these differences 

when putting implications into practice. Consequently, the attraction of creative professionals 

might translate into higher regional productivity measured through GDP, but is expected to have 

lower impact on employment structures. Likewise, startups can boost the regional gross domestic 

product, more likely in the long run and mainly on larger scale. Practitioners tackling unemploy-

ment issues should encourage the expansion of the human capital stock by education. In any event, 

it is important to notice that reality is far away from ceteris paribus assumptions and that adjusting 

one screw can always affect other components.  

Further research should address two main shortcomings of the analysis. First, there are reasonable 

doubts about the causality and chronology of the studied knowledge concepts. In a way, it remains 

therefore unclear, whether these dimensions directly affect regional performance and to what ex-

tent they might be mutually influential. By doing so, future studies can challenge the results on-

hand, which can only prove that creativity outperforms human capital as direct input factor, how-

ever, do not study indirect effects. Secondly, panel data analysis could provide further details of 

the time perspective. Such research could go beyond the present results by investigating long term 

effects and hence, help to improve the understanding of interdependencies.  

Overall, the empirical evidence reveals that knowledge economies are significantly reliant on em-

bodied knowledge within their regional boundaries. Their effects, however, are reasonably differ-

ent, showing that creativity in particular can serve as input factor for regional productivity. While 

the importance of some knowledge dimensions is hardly challenged by regional hierarchy or by the 

indicator defining economic performance, others are very sensitive to these selections. This work 

contributes to the understanding of these complex relationships in knowledge economies and un-

derlines the roles careful choice of indicators and regional units play. 

 

(Fritsch 2007) (LeSage 1999) 
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11 APPENDIX  

Variable 
 

Description Source 
 

Dependent Variables 
GDP GRDP, current prices, million SEK SCB 
EMP Gainful employment rate 20-64 years by region; The definition used is as similar as 

possible to the ILO definition. This means that everyone who performed gainful 
work during at least one hour within a reference week is considered gainfully em-
ployed 

SCB 

 

Human Capital 
HiEdu 

 
 

The classification by level of educational attainment is according to the Swedish 
national educational classification (SUN); including post-secondary education, less 
than 3 years (ISCED97 4+5B), post-secondary education 3 years or more 
(ISCED97 5A) and post-graduate education (ISCED97 6) 

 
 

SCB 

HiEduY See above, restricted to population aged 25-34 years SCB 
HiEduM See above, restricted to population aged 35-54 years SCB 
HiEduO See above, restricted to population aged 55-64 years SCB 
Gradu Population within post-secondary education, less than 3 years (ISCED97 4+5B) 

and post-secondary education 3 years or more (ISCED97 5A) aged 21-26 years 
SCB 

VocTra Participation in education of the adult population by region including municipal 
adult education where you can complement earlier studies, for example upper sec-
ondary education and other students include students in preparatory year in sci-
ence in university colleges, higher vocational education, folk high schools, supple-
mentary education, lower secondary education, Swedish tuition for immigrants, la-
bour market training  and other students with government grants for studies (in 
Sweden or abroad). 

SCB 

Creativity 
CC 

 
Creative Core Occupations of the SSYK96 classification by regions of work (for 
more info see Chapter 3.3.2) 

 
SCB 

CP Creative Professionals Occupations of the SSYK96 classification by regions of 
work (for more info see Chapter 3.3.2) 

SCB 

CB Bohemian Occupations of the SSYK96 classification by regions of work (for more 
info see Chapter 3.3.2) 

SCB 

Entrepreneurship 
(Self Employed) 

 
Self-employed and family workers thousands by region. The self-employed group 
includes self-employed persons who have either some form of sole proprietorship, 
or persons who are freelancers. Family worker includes persons who work without 
pay in some company belonging to a household member. 

 
SCB 

SEProxy SE Population weighted with Married Population, high educated Population and 
age groups multiplied with the regression coefficients from Rees and Shah 1986  

SECty SE population of the county divided by the municipalities population  
CapInc Tax revenues of capital income in million crowns per capita SCB 
Startup Number of newly started enterprises within a certain year by municipality of place 

of business 
Tillväxta
nalys 

Innovation 
Pat Aggregated number of patents within a certain year by municipality of applicant PRV 

 

Covariates 
KIS HT 

 
Gainfully employed 16+ years by region of work (RAMS) industrial classification 
NACE Rev. 2 M+N professional, scientific and technical companies; administra-
tive and support service companies 

 
SCB 

CulDiv Share of persons with foreign background. Persons who have foreign backgrounds 
are defined as persons who are foreign born, or born in Sweden with foreign born 
parents. Persons with Swedish background are defined as persons who are Swe-
dish born with two Swedish born parents or Swedish born with one Swedish born 
parent and one foreign born parent 
 

SCB 

Appendix 1: Variable Overview 
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Appendix 2: Hotspot Maps for all Variables 
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Appendix 3: Normal Probability Plots for Residuals 
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Municipality Level – Employment Rates 
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FA Regions Level – GDP 
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FA Regions Level – Employment Rates 
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Appendix 4: Regression Results for Regional Dummy OLS 
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2009 2010 2011 2012 2013 
DepVar = GDP β/SE β/SE β/SE β/SE β/SE 

 

Human Capital 
HiEdu -0.247** -0.243* -0.288** -0.208* -0.265* 

 (0.093) (0.090) (0.093) (0.095) (0.093) 
Gradu -0.003 -0.013 0.046 0.007 0.012 
 (0.047) (0.048) (0.048) (0.052) (0.050) 
VocTra -0.078 -0.030 -0.067 -0.047 -0.082 
 (0.059) (0.060) (0.063) (0.057) (0.060) 

Creativity 
CC 0.631*** 0.266*** 0.187** 0.164* 0.153* 
 (0.056) (0.062) (0.061) (0.062) (0.057) 
CP 0.251*** 0.598*** 0.660*** 0.661*** 0.727*** 
 (0.048) (0.055) (0.054) (0.055) (0.053) 
CB -0.051 -0.012 -0.001 -0.011 -0.038 
 (0.024) (0.010) (0.010) (0.009) (0.027) 

Entrepr. & Innovation 
SEProxy -0.030 -0.030 -0.026 -0.027 -0.020 
 (0.019) (0.018) (0.019) (0.018) (0.017) 
SECty 0.008 0.005 0.008 0.013 -0.002 
 (0.016) (0.017) (0.017) (0.016) (0.016) 
CapInc 0.060 0.069. 0.024 0.074* 0.045 
 (0.041) (0.037) (0.036) (0.036) (0.034) 
Startup 0.102* 0.041 0.118* -0.074 0.094* 
 (0.049) (0.055) (0.053) (0.055) (0.055) 

Innovation 
Pat 0.002 0.005** 0.003. 0.002 0.001 
 (0.0018) (0.001) (0.001) (0.001) (0.001) 

Covariates 
KIS HT 0.032 0.009 0.012 0.039 0.010 
 (0.032) (0.035) (0.036) (0.037) (0.035) 
CulDiv -0.018 -0.017 -0.017 0.001 0.011 
 (0.029) (0.030) (0.030) (0.030) (0.031) 

Regional Dummies 
A1 0.208 0.209. 0.177 0.199. 0.181. 
 (0.112) (0.112) (0.110) (0.109) (0.106) 
A2 0.051 0.079 0.103. 0.087 0.080 

 (0.064) (0.063) (0.062) (0.062) (0.060) 
B4 -0.022 0.016 0.044 0.035 0.037 
 (0.066) (0.065) (0.064) (0.064) (0.062) 
B5 0.040 0.053 0.072 0.047 0.038 
 (0.067) (0.067) (0.066) (0.065) (0.063) 
C6 0.019 0.015 0.045 0.020 0.027 
 (0.056) (0.057) (0.055) (0.055) (0.053) 
C7 0.019 0.048 0.070 0.054 0.058 
 (0.067) (0.067) (0.066) (0.066) (0.064) 
C8 0.016 0.035 0.064 0.038 0.032 
 (0.069) (0.068) (0.067) (0.067) (0.064) 
C9 0.174* 0.188* 0.219* 0.221* 0.186* 

 (0.080) (0.079) (0.078) (0.078) (0.075) 
 
Constant 8.127*** 8.194*** 5.275*** 7.55*** 8.017*** 
 (0.375) (0.369) (0.613) (0.372) (0.362) 
 

Adj. R2 0.7355 0.7389 0.7489 0.7529 0.7694 
 Notes: All variables are used in natural log; . = P-Value < 0.10; * = P-Value < 0.05; ** = P-Value < 0.005; ***= P-
Value <0.0005. Standard errors in parenthesis 
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2009 2010 2011 2012 2013 
DepVar = EMP β/SE β/SE β/SE β/SE β/SE 

 

Human Capital 
HiEdu 0.036. 0.037. 0.030 0.035 0.019 

 (0.021) (0.020) (0.021) (0.021) (0.020) 
Gradu -0.021* -0.015 -0.020. -0.017 -0.024* 
 (0.010) (0.010) (0.011) (0.011) (0.011) 
VocTra -0.012 -0.026. -0.020 -0.029* -0.054*** 
 (0.013) (0.013) (0.014) (0.012) (0.013) 

Creativity 
CC -0.010 -0.023. -0.017 -0.019 -0.013 
 (0.014) (0.013) (0.013) (0.014) (0.012) 
CP 0.020. 0.025* 0.027* 0.025* 0.023. 
 (0.012) (0.012) (0.012) (0.012) (0.011) 
CB 0.008 0.003 0.001 0.002 0.008 
 (0.006) (0.002) (0.002) (0.002) (0.006) 

Entrepr. & Innovation 
SEProxy -0.0005 -0.0004 0.0009 -0.001 0.0009 
 (0.004) (0.004) (0.004) (0.004) (0.003) 
SECty -0.0006 -0.004 -0.004 0.002 -0.002 
 (0.003) (0.003) (0.003) (0.003) (0.003) 
CapInc 0.024* 0.021* 0.024** 0.024** 0.025** 
 (0.009) (0.008) (0.008) (0.008) (0.007) 
Startup 0.102* 0.0008 0.006 0.001 -0.012 
 (0.049) (0.012) (0.012) (0.012) (0.012) 

Innovation 
Pat -0,00009 0.00007 -0.0006 0.00009 0.00003 
 (0.0004) (0.0004) (0.0004) (0.0004) (0.0003) 

Covariates 
KIS HT -0.0002 0.006 0.010 0.007 0.008 
 (0.007) (0.007) (0.008) (0.008) (0.007) 
CulDiv -0.057*** -0.055*** -0.058*** -0.055*** -0.050*** 
 (0.006) (0.006) (0.007) (0.007) (0.006) 

Regional Dummies 
A1 -0.032 -0.027 -0.033 -0.026 -0.026 
 (0.025) (0.025) (0.025) (0.024) (0.023) 
A2 0.059*** 0.060*** 0.063*** 0.057*** 0.053*** 

 (0.014) (0.014) (0.014) (0.014) (0.013) 
B4 0.027. 0.025. 0.026. 0.023 0.023 
 (0.015) (0.014) (0.014) (0.014) (0.013) 
B5 0.016 0.016 0.018 0.012 0.014 
 (0.015) (0.015) (0.015) (0.014) (0.014) 
C6 0.020 0.019 0.019 0.017 0.014 
 (0.012) (0.012) (0.012) (0.012) (0.011) 
C7 0.008 0.008 0.008 0.004 0.006 
 (0.015) (0.015) (0.015) (0.015) (0.014) 
C8 0.009 0.009 0.003 0.005 -0.0004 
 (0.015) (0.015) (0.015) (0.015) (0.014) 
C9 -0.009 -0.013 -0.014 -0.013 -0.015 

 (0.018) (0.017) (0.017) (0.017) (0.016) 
 
Constant 4.357*** 4.302*** 4.342*** 4.305*** 4.163*** 
 (0.084) (0.087) (0.084) (0.084) (0.080) 
 

Adj. R2 0.467 0.4835 0.4876 0.4957 0.5519 
 Notes: All variables are used in natural log; . = P-Value < 0.10; * = P-Value < 0.05; ** = P-Value < 0.005; ***= P-
Value <0.0005. Standard errors in parenthesis 
 


