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Abstract 

Drawing on location theory, the local relationships between new firm 
formation and its determinants are explored in 290 municipalities 
across Sweden. From the robust geographically weighted regression 
(GWR) models, mostly positive relationships with new firm formation 
are shown for firm density, human capital level, industry diversification 
level and percentage of immigrants living in the area. In contrast, 
mostly negative relationships are shown for weighted mean distance to 
the nearest bank branches, establishment size, unemployment rate, 
industry specialization. Spatially constrained multivariate clustering is 
also applied to group municipalities with similar conditions. Patterns in 
the industry composition and the location attributes are then analysed 
for each cluster. 
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1. Introduction 

Why does the formation of new firms exhibit spatial agglomeration, whereby new firm 

formation is higher in some geographic areas than in others? According to classic location 

theory, agents act in their self-interest that means entrepreneurs choose to set up their 

companies in locations that maximize their profits (White, Weber, & Friedrich, 2006).  

 

The choice of location for setting up a company is influenced by the characteristics of the 

region and differences in the demand and supply of products and services in the region 

(Backman & Karlsson, 2013; Lavesson, 2018). In cities and industrial clusters, firms and 

people are located near one another, that brings about agglomeration economies (Glaeser, 

2010). Agglomeration economies enjoy benefits, such as convenient access to inputs and 

capital or a higher local demand for a certain good or service (Alfred, 2013). 

Agglomeration economies are more distinctive in urban regions due to the presence of 

higher market demand and better accessibility of both human and financial capital. 

Therefore, the characteristics of the location play a pivotal role in explaining why 

entrepreneurs choose to set up their company in a particular place. 

 

An important requirement for starting a new company is access to financial capital. 

According to empirical research, bank finance is considered to be one of the most 

important sources of external finance for entrepreneurs (Vanacker & Manigart, 2010). 

Bank branches are however highly concentrated in financial centres, high-tech regions 

and metropolitan areas, leading to a geographical disparity in the access to bank branches 

in the countryside. This geographical disparity in the access to bank branches has 

worsened in the countryside and rural areas in recent years, owing to the trend of mergers 

and acquisition ,and the closure of bank branches (British Business Bank, 2014).  

 

Adding to this geographical disparity in the accessibility of bank branches is the existence 

of regional equity gap. Banks become the sole capital provider in some peripheral areas 

because venture capital and business angels are mainly concentrated in the metropolitan 

regions (Alessandrini & Zazzaro, 1998). In the case of Sweden, the majority of venture 

capital companies are located in Stockholm. In other countries, venture capital companies 

are also mainly situated in the metropolitan cities like San Francisco, New York City and 

Boston in the United States (Chen, Gompers, Kovner, & Lerner, 2010). Hence, the 
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problem of regional equity gap adds to the geographical disparity in access to financial 

capital in peripheral areas. 

 

The process of a bank loan application requires an exchange of both hard and soft 

information between the borrowers and the lenders (Norberg, 2016). Some banks acquire 

the use of more local information about their borrowers during the credit assessment 

process (Berger & Udell, 2006; Elyasiani & Goldberg, 2004; Fredriksson & Moro, 2014). 

The use of soft information in credit assessment is directly related to relationship-based 

lending. 

 

As the nature of soft information is very local, the geographical distribution network and 

the positioning of bank branches, are important for relationship-based lending to work 

well (Agarwal & Hauswald, 2010; Papi, Sarno, & Zazzaro, 2015). This local information 

can only be obtained through proximity, that includes an accumulation of subjective 

knowledge through multiple face-to-face meetings with the same borrower over time 

(Boot, 2000). The local information obtained help the loan officer to understand the 

borrower’s personality, quality of his firm’s management and his relationships with 

customers (Uchida, Udell, & Yamori, 2012). Furthermore, proximity between the banks 

and borrower firms could also help to reduce search and monitoring costs since a long 

distance between them affects the quality of soft information acquisition and transmission 

(Becker & Murphy, 1992; Bolton & Dewatripont, 1994; Geanakoplos & Milgrom, 1991). 

As a result, the geographical distribution of bank branches is highly related to the 

accessibility of bank finance, which means it can impact the rate of new firm formation 

in the region. 

 

There are many earlier empirical literature that have investigated how the characteristics 

of a region influence new firm formation across space (Armington & Acs, 2002; 

Audretsch & Fritsch, 1994; Garofoli, 1994). However, there are only a few that have 

considered the accessibility of financial institutions like banks as a determinant in their 

studies (Backman, 2015; Sutaria & Hicks, 2004). In these few studies, proxies used for 

representing the accessibility of financial capital from banks are, for example, the average 

size of bank branches, the number of bank branches per capita, and the local bank deposits 

per capita (Backman, 2015; Sutaria & Hicks, 2004). The current state of literature has 



 

 

fallen short by failing to consider the proximity to bank branches in relation to new firm 

formation at the regional level. 

 

The present paper aims to address this gap in the literature by exploiting the availability 

of a micro-level dataset that contains information about bank branch distribution and 

information on every household area in Sweden in 2013. By calculating a labour 

population-weighted mean distances to the nearest bank branch for each municipality, the 

varying importance of the proximity to bank branches on new firm formation across 290 

municipalities in Sweden is analyzed in this paper. 

 

Besides this novel way of measuring accessibility of bank branches together with the use 

of a unique dataset, this paper also contributes by using sophisticated spatial estimation 

techniques, namely, Geographically weighted regression (GWR) and spatially 

constrained multivariate clustering. The GWR method controls for spatial heterogeneity 

in the relationships between new firm formation and its determinants in different regions. 

Controlling for spatial heterogeneity is important for spatially dependent data. Otherwise, 

the use of a non-spatial model would have resulted in biased estimates (Breitenecker, 

Harms, Weyh, Maresch, & Kraus, 2017). Furthermore, this paper also analyses how the 

characteristics of an environment can affect the spatial agglomeration of certain types of 

industries. Specifically, spatially constrained multivariate clustering is conducted using 

the original variables from the dataset and five clusters are eventually obtained. The 

clusters are then examined for patterns in the industry composition and its location 

attributes. 

 

The paper is organized as follows. Section 2 discusses the theory from previous research 

and provides an overview of the research hypotheses in this paper. A discussion of the 

database, variables and the methodology used follows in section 3. Section 4 presents the 

empirical results, namely, results obtained from Ordinary Least Squares (OLS) models, 

stepwise GWR model, basic GWR models, robust GWR models and lastly the clustering 

results. Descriptive statistics are also presented in section 4. Section 5 provides a 

concluding discussion with a summary of the results obtained and suggestions for future 

research. 

 

2. Theoretical framework 



6 
 

2.1 Geographic proximity to bank branches and new firm formation 

In the empirical literature, the theory of information asymmetry is often associated with 

the importance of geographical proximity to bank branches in small business lending 

(Agarwal & Hauswald, 2006, 2010; Degryse & Ongena, 2005). Distance has been used 

as a proxy for informational asymmetry in many studies to explain the lender’s lack of 

ability in collecting perfect information about their borrowers (Agarwal & Hauswald, 

2010; Nguyen, 2019; Petersen & Rajan, 2002). These studies postulate that information 

asymmetry increases with distance because distance erode the lender’s ability to acquire 

valuable proprietary intelligence about potential borrowers in the local market (Agarwal 

& Hauswald, 2010; Berger & Udell, 1995).  

 

Technology advancement has arguably reduced the importance of geographical distance 

in small business lending by allowing lenders gain access to hard information and 

enabling loan decisions to be made from a distance (Carling & Lundberg, 2005; Petersen 

& Rajan, 2002). According to a study by Petersen and Rajan (2002), distant firms do not 

necessarily need to have the highest credit quality. Even informationally-opaque firms 

that are located far away can secure a loan from the bank (Petersen & Rajan, 2002). An 

updated study by Brevoort, Holmes and Wolken (2012) compares the results from the 

same data source in three different timeframes – 1993, 1998 and 2003. However, the 

findings by Brevoort, Holmes and Wolken (2012) provides conflicting evidence with the 

findings by Petersen and Rajan (2002). The results from the updated study show that 

firms with higher credit quality and more experienced ownership realize bigger gains in 

distance compared to other firms (Brevoort et al., 2010). Another finding from the 

updated study also shows that the growth in distance between older firms and their lenders 

shows a greater increase over time compared to younger firms, which are more 

informationally opaque than older firms (Brevoort et al., 2010). Thus, the updated study 

shows that even as the distance between small firms and their lenders have increased 

overall, the importance of geographical distance in small business lending cannot be 

underestimated, especially for young firms. 

 

Nguyen (2019)’s study further highlights that the geographical distance matters not only 

due to the increased accessibility of bank branches would bring, proximity play a big role 

in the forging of a long-term relationship between the lenders and the borrowers and 



 

 

brings a reduction in the cost of information transmission. Closure of bank branches can 

have a disruptive effect on lender-specific relationships that have already been formed 

due to an increased distance to bank branches and their borrowers (Nguyen, 2019). The 

search for another lender located farther away and the forming of a new relationship with 

the lender takes a long time and effort. Whether the firm would be able to secure a loan 

with similar rates with another lender also involves uncertainty as the new lender does 

not know the borrower as well as the previous lender. Moreover, soft information on 

distant firms is hard to obtain unless the loan officers who were previously in charge of 

the firm’s loan transfer this soft information to the new lender (Rajan, 1992; Sharpe, 

1990). However, the previous loan officers have no incentives to do so due to the 

proprietary nature of soft information (Drexler & Schoar, 2014). 

 

Overall, the current literature has not considered the importance of geographical 

proximity to bank branches on the new firm formation on the regional level. Thus, a 

hypothesis resulting from the above discussion is as follows: 

 

H1: A region’s weighted distance to banks is negatively related to its rate of new firm 

formation. 
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2.2 Other determinants of new firm formation 

There are several determinants of new firm formation that have been well-studied by the 

current literature. They are namely, firm density, establishment size, human capital level, 

unemployment rate, industry structure and share of immigrants.  

 

Firm density is often associated with the theory of regional spillover in the empirical 

literature (Alfred, 2013). The theory of regional spillover is used to explain why there is 

an agglomeration of firms in one or a few regions with the remaining regions serving the 

role of ‘agricultural suppliers’ that provide raw materials to the manufacturing centres 

(Krugman, 1991a, 1991b). There are mainly three reasons that explain the agglomeration 

of firms. A new firm may locate in a region with a high density of firms from the same 

industry so that it is easier for the new firm to source for employees with knowledge and 

skills specific to the industry they are working in. Furthermore, economies of scale arise 

from producing non-tradable specialised raw materials at a large scale and low cost for 

the surrounding firms that require them. Thirdly, the clustering of firms in a region allows 

sharing of information, giving clustered firms an added advantage in their business 

compared to distant firms. However, the third benefit might not be gained if a new firm 

starts its business in a location dominated by large firms. Large firms do not share 

proprietary information readily, hence, there is a higher barrier to entry in industries and 

regions dominated by large firms (Garofoli, 1994). 

 

Establishment size has consistently shown a negative impact on new firm formation in 

the literature, which means that small establishment size favours new firm formation 

(Armington & Acs, 2002; Gabe, 2003; Kangasharju, 2010). A region with a small 

establishment size signals a favourable environment for startups because information 

spillovers are more likely to occur amongst a cluster of small companies that have more 

extensive interaction with each other (Gabe, 2003). Furthermore, a small establishment 

size also indicates a less competitive environment, giving a new firm the chance to 

establish itself in the market and earn profits (Glaeser, Kallal, Scheinkman, & Shleifer, 

1992). Small firms also allow their employees to gain experience in running a small 

company and hence, inspire them to start their own business in the future (Kangasharju, 

2010). 

 



 

 

Human capital level has shown to affect new firm formation positively in the empirical 

literature, albeit having significant effects in some industries but not in other industries. 

In a study conducted by Anselin et al. (2000), their findings show that local university 

spillovers seem to be industry-specific. For example, university spillover effects are 

insignificant for the Drugs and Chemicals and the Machinery industries (Anselin, Varga, 

& Acs, 1997; Anselin et al., 2000). On the contrary, university spillover effects are highly 

positive and significant for high technology innovations, the Electronics and the 

Instruments industries (Anselin et al., 1997, 2000). In general, a high regional human 

capital level indicates better access to information and knowledge in the region 

(Lavesson, 2018). People with greater skills, knowledge and expertise are also better in 

identifying potential business opportunities and are therefore more likely to start 

businesses (Armington & Acs, 2002).  

 

Unemployment rate has so far shown mixed effects on new firm formation in the 

empirical literature. On one hand, a persistently low unemployment rate in a region might 

signal an unfavourable environment for entrepreneurs to start their business in. Hence, 

the seemingly unfavourable environment lowers the confidence level of potential 

entrepreneurs and as a result, dampening new firm formation (Sutaria & Hicks, 2004). 

On the other hand, a high unemployment rate might force unemployed people to start 

their own business out of necessity reasons if they have been unsuccessful for a long time 

in securing a job (Fritsch & Mueller, 2007). However, the extent of new firm formation 

resulting from necessity-driven motives depends on each country’s unemployment 

benefits and the diversity of its labour market (Minniti, Bygrave, & Autio, 2005). Based 

on the Global Entrepreneurship Monitor report from 2005, countries like Denmark, 

Iceland and New Zealand have strong unemployment care and a diversified labour 

market. Hence it is less likely unemployed people from these countries would be 

pressured to start their own business out of necessity (Minniti et al., 2005). 

 

According to Jacobs’ theorisation (1969), areas with a high industry diversification are 

predicted to see a higher rate of growth through an exchange of knowledge between 

different sectors. Industrial diversification has been suggested to be positively associated 

with new firm formation rate because a presence of local diversity in the industries signals 

a greater range in the variety of skills available (Audretsch, Dohse, & Niebuhr, 2010; 

Fotopoulos, 2013). The wider range of skills and working experiences available in the 
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local market attracts entrepreneurs to set up a business in the region because there is a 

higher probability of hiring employees with the required skills. The diversification in the 

industries in a region can also help to protect the region from sector-specific shocks. For 

example, a trade war or an oil price shock can put many people working in the affected 

industries out of work (Frenken, Van Oort, & Verburg, 2007). In addition, a study 

conducted by Bishop(2012) argued that the impact of diversity on new firm formation is 

sector-specific because their findings show positive and significant results for variety 

within the knowledge sector but insignificant results for the diversity of the wider local 

environment.  

 

The effects of specialization on new firm formation has also been shown to be ambiguous. 

Studies that show a positive impact on new firm formation due to specialization explain 

the positive sign by using the theory of localisation externalities (Garofoli, 1994; Glaeser 

et al., 1992). Localisation economies result from the agglomeration of firms in the same 

industry, which enable the sharing of various inputs, such as specialized labour and the 

gaining of economies of scale from producing the same types of raw materials (Alfred, 

2013). The clustering of firms belonging to the same industry also promotes the 

circulation of strategic information in the local economy (Garofoli, 1994). Some studies 

also argued that the effects of specialisation on new firm formation depend from industry 

to industry; specialisation could have a significant positive effect on some industries but 

an opposite effect on others (Audretsch & Fritsch, 1999; Fritsch, 1997). Moreover, 

intense competition due to a high concentration of firms belonging to the same industry 

could also result in intense competition, outweighing the benefits of specialisation 

(Tamásy & Heron, 2008).  

 

Immigration could have positive demand-side and supply-side effects on new firm 

formation. Some studies have shown that the stock of foreign-born population is 

positively correlated with regional self-employment (Bettin, Bianchi, Nicolli, Ramaciotti, 

& Rizzo, 2019; Saxenian, 2002). Culture-specific demands for products and services that 

have not yet existed in the host country create business opportunities for immigrants, who 

set up new firms to satisfy these demands (Cheng & Li, 2012; Mazzolari & Neumark, 

2012; Rodríguez-Pose & Hardy, 2015). Immigration also increases the supply of labour. 

As a result of the influx of low-skilled immigrants, entrepreneurs can exploit the low cost 



 

 

of employing low-skilled workers and as a result, set up new companies to expand their 

production (Olney, 2013). Furthermore, some immigrants set up their businesses as a last 

resort because they have not been able to find a job in the host country due to language 

barriers or discrimination (Constant, Shachmurove, & Zimmermann, 2007; 

Hammarstedt, 2001). Other researchers have found some evidence that a high share of 

immigrants harms native self-employment probabilities through displacement (Fairlie & 

Meyer, 2003). 

 

Many prior studies that have researched on the regional determinants of new firm 

formation assume that the relationships between new firm formation and its determinants 

are stationary across space. It is naïve to assume that the effects of these determinants are 

homogeneous and significant across all the regions. Recent efforts have sought to call 

attention to the role of space in the establishment of new firms, with the use of spatial 

econometrics methods to account for the non-stationarity nature of the data (Cumming, 

Deloof, Manigart, & Wright, 2019). Consequently, the varying relationships between new 

firm formation and its determinants are analysed in this paper. 

 

Hypotheses resulting from this sub-section 2.2 are as follows:  

H2: A region’s firm density can have a positive or negative impact on new firm formation 

depending on the location. 

 

H3: A region’s establishment size is negatively related to its rate of new firm formation. 

 

H4: A region’s human capital level is positively related to its rate of new firm formation. 

 

H5: A region’s unemployment rate is negatively related to its rate of new firm formation. 

 

H6: A region’s industry specification index can have a positive or negative impact on 

new firm formation depending on the location. 

 

H7: A region’s industry diversification index can have a positive or negative impact on 

new firm formation depending on the location. 

 

H8: A region’s share of immigrants is positively related to its rate of new firm formation. 
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3. Empirical data and methods 

3.1 Data 

The data used in this study is a cross-sectional dataset that is aggregated to the municipal 

level in 2013. A total of 290 municipalities is considered in the analysis. Data related to 

the bank branch network are obtained from Argomento GIS & IT. The locations of all the 

local bank branch offices are captured in the form of geographical coordinates. Using the 

coordinates, the driving distances to the 2 nearest bank branches of every household area 

are calculated. Each household area is represented by a square area of 250 metres by 250 

metres or 1000 metres by 1000 metres. 

[PLACE FIGURE 1 HERE] 

The data on the number of new firms formed in each municipality per year are gathered 

from the Swedish Agency for Growth Policy Analysis. The number of new firms formed 

does not include existing firms that are reorganised. Data related to the population and 

firms are acquired from Statistics Sweden, consists of the number of households, 

population age demographics, educational level, current number of establishments and 

the total number of employees in all the major industry sectors. From the Swedish Public 

Employment Service’s website, unemployment data are obtained.  

 

Table 1 summarises the description and the sources of all the variables used in the 

modelling while table 2 summarises the expected sign of all the independent variables. 

The descriptive statistics of all the variables are also reported in table 3. 

[PLACE TABLE 1 HERE] 

[PLACE TABLE 2 HERE] 

[PLACE TABLE 3 HERE] 

 

Dependent variable - New firm formation per capita 

New firm formation per capita is calculated by using the labour market approach, which 

follows the rationale of Audretsch and Fritsch (1994) that firms are usually started by 

people from the labour population and in areas close to where they live. The labour market 

approach standardises the number of new firms formed by the number of people in the 

labour population. The age group between 16 and 64 years old is used as a proxy for the 

labour population. To avoid the endogeneity problem, a time lag of one year is considered 

between the dependent variable and the independent variables.  



 

 

New firm formation per capita is calculated by averaging the number of new firms per 

1000 people in the labour force over the period 2014 to 2016 at a municipal level, 

adopting the approach in Cheng and Li’s paper (Cheng & Li, 2011). All the independent 

variables are measured from the year 2013.  

Independent variable - Weighted mean distance to nearest bank branches 

The weighted mean distance to banks for each municipality y comprises of the labour-

force weighted mean distance to the 2 nearest bank branches, which is calculated using 

the following formula:                                            

                                        𝐷𝐷𝑦𝑦 = (
∑�𝐷𝐷1𝑥𝑥𝑥𝑥∗ 𝑃𝑃𝑥𝑥�

∑𝑃𝑃𝑥𝑥𝑥𝑥
+ 

∑�𝐷𝐷2𝑥𝑥𝑥𝑥∗ 𝑃𝑃𝑥𝑥�
∑𝑃𝑃𝑥𝑥𝑥𝑥

)/2 ,                                       (1) 

Street network analysis is used to identify the shortest driving route from each household 

area x to the nearest bank branch. 𝐷𝐷1𝑥𝑥𝑦𝑦 and 𝐷𝐷2𝑥𝑥𝑦𝑦, are then obtained, which are the driving 

distances to the first nearest and second nearest bank branch from each household area x, 

respectively. 𝑃𝑃𝑥𝑥 represents the labour population in household area x and ∑𝑃𝑃𝑥𝑥𝑦𝑦 represents 

the total number of people in the labour force population in municipality y. By weighing 

the distance to the nearest bank branches with the labour force population, the spatial 

heterogeneities in the distribution of labour force population and proximity to bank 

branches across the entire municipality are considered.  

 

Figure 2 shows the weighted mean distance to nearest bank branches across all the 

Swedish municipalities. It is observed that the weighted mean distance to nearest bank 

branches is generally higher in the north of Sweden as compared to the south of Sweden.  

[PLACE FIGURE 2 HERE] 

 

Control variables – other determinants of new firm formation 

Control variables are included in the model to explain the rate of formation of new firms 

in the municipality. The control variables comprise of firm density, establishment size, 

human capital, unemployment rate, industry diversification, specialization index, and the 

share of immigrants. 

 

Firm-level controllers, such as firm density and establishment size influence the 

formation of new firms. Firm density is calculated by using the number of establishments 

in a municipality divided by the total municipal population. A high firm density in the 
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region indicates that the local environment is favourable for doing business due to 

knowledge spillovers and lower cost of inputs due to economies of scale (Krugman, 

1991a, 1991b). According to a Swedish study, the effects of firm density on new firm 

formation are positive for both urban and rural areas (Backman, 2015).  

 

Establishment size measures the industry structure within a municipality and indicates 

the average size of an establishment in terms of the number of employees on the municipal 

level. As such, establishment size is calculated by dividing the number of employees by 

the number of firms in the municipality. Generally, a smaller establishment size enables 

employees to gain more personal contacts and obtain better insights on how to run a 

company. Therefore the experience of working in a small company gives the employees 

an edge if they want to start their own company in the future (Kangasharju, 2010). A 

smaller average firm size seems to affect new firm formation negatively in some Swedish 

studies (Backman, 2015; Lavesson, 2018). 

 

Human capital level in a municipality is measured by using the proportion of labour force 

with at least three or more year of university education. Higher accessibility of human 

capital in the municipality indicates a greater pool of potential entrepreneurs because 

highly educated people are better able to identify and evaluate the potentials and risks of 

a business idea (Armington & Acs, 2002). Furthermore, a concentration of highly 

educated people in a region is also beneficial to a small firm because a small firm lacks 

resources and hence, has a high demand for skilled and educated people. Thus, a high 

human capital level can drive the formation of new firms, according to results obtained 

from studies using Swedish data (Backman, 2015; Baycan & Öner, 2013; Westlund, 

Larsson, & Olsson, 2014). 

 

Unemployment rate is the number of unemployed people as a proportion of the labour 

population. ‘Unemployment-push’ hypothesis stipulates that highly-educated individuals 

who become unemployed due to recession might be spurred to become entrepreneurs, 

and hence, increases new firm formation (Román, Congregado, & Millán, 2013). 

However, this hypothesis has not been proven due to mixed results from several Swedish 

studies (Backman, 2015; Daunfeldt, Rudholm, & Bergström, 2006; Eliasson & Westlund, 

2013). In general, a high unemployment rate in the region might hurt customer sentiments 



 

 

and confidence, which make it less favourable for entrepreneurs to start a business due to 

the lack of demand and support. 

 

Industry-level controllers, such as Theil regional diversity entropy measure and a 

specialization index are also included in the model. The Theil index measures the extent 

of diversification of the industry structure within the municipality. 

 

The regional industrial diversity index (Theil) for municipality r is: 

𝐻𝐻𝑟𝑟 =  ∑ 𝐸𝐸𝑖𝑖𝑖𝑖
𝐸𝐸𝑖𝑖

 𝑙𝑙𝑙𝑙𝑙𝑙 𝐸𝐸𝑖𝑖
𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 ,                                                 (2) 

where 𝐸𝐸𝑖𝑖𝑟𝑟 =  𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖
∑ ∑ 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

 ,  𝐸𝐸𝑟𝑟 =  ∑ 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖
∑ ∑ 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

 , 𝐸𝐸𝑖𝑖𝑖𝑖
𝐸𝐸𝑖𝑖

=  𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖
∑ 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖

  and ∑ ∑ 𝐸𝐸𝑖𝑖𝑟𝑟 = 1𝑖𝑖𝑟𝑟 .  

𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑟𝑟 is the number of people employed in the industrial sector i in municipality r. Six 

broadly defined sectors are defined and they are namely, ‘primary’, ‘manufacturing’, 

‘trade, hotels and restaurants’, ‘business services’, ‘public and personal services’ and 

‘others’. If there is only one industrial sector in municipality r, the Theil index is given a 

value of 0. If all six industrial sectors have an equal number of employed people in 

municipality r, the Theil index is given a value of log(6). Thus, the Theil index ranges 

from 0 to log(6). To bound this index in the [0, 1] interval, the Theil index obtained from 

equation 2 is further divided by log(6). 

 

Another industry structure measure is the specialization index, which is measured in 

comparison to the national level, unlike the Theil index which is only measured within 

the municipality. A high specialization index means that the municipality has a high 

concentration of the share of a particular industry in terms of employment in comparison 

to the national level.  The formula for the specialisation index is as follows: 

𝑆𝑆𝑃𝑃𝐸𝐸𝑆𝑆𝑟𝑟 = 1
2
∑ �𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖

𝐸𝐸𝑖𝑖
− 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖

𝐸𝐸𝑖𝑖
� ,𝑖𝑖                                                 (3) 

where 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑟𝑟 is the number of employees in industrial sector i in municipality r and 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖 

is the number of employees in industrial sector i on the national level. 𝐸𝐸𝑟𝑟 and 𝐸𝐸𝑖𝑖 represent 

the total employment at the municipal and national level, respectively. The specialization 

index ranges from 0 to 1. If there only exists one sector in the municipality, the 

specialization index is assigned a value of 0. If the industrial sector structure of the 

municipality is the same as the industrial sector structure on the national level, the 

specialization index is assigned a value of 1. A Swedish study done by Elert (2014) shows 
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that municipalities with high market concentration rates are considerably less likely to 

see new firm formation because a smaller number of market participants with greater 

market power can act together to deter the entry of new firms. 

 

The share of immigrants is the number of immigrants as a proportion of the total 

population in the municipality. In a Swedish study conducted by Baycan and Öner (2013), 

the immigrant share has a positive and significant effect on new firm formation. This 

finding can be explained in two ways. The share of immigrants is higher in places with a 

higher level of entrepreneurial spirit due to a sorting mechanism. The other way to explain 

the positive impact of immigrants’ share on new firm formation is the push factors for 

immigrants who face obstacles in looking for employment due to labour market 

conditions and hence, the immigrants might start their own business out of necessity 

reasons. 

 

3.2 Specification of the GWR model 

A simple linear global model is first estimated as a base model. Geographically weighted 

regression (GWR) extends the ordinary linear regression by considering the spatial 

variation of the relationship between the dependent and independent variables and the 

spatial dependence of regional data (Brunsdon, Fotheringham, & Charlton, 1996). As the 

model is estimated at a local level, the coefficients of the variables vary across the entire 

study area. 

 

The GWR model is represented by 

                                   𝑦𝑦𝑟𝑟 =  𝛽𝛽0(𝑢𝑢𝑟𝑟 , 𝑣𝑣𝑟𝑟)  +  ∑ 𝛽𝛽𝑘𝑘(𝑢𝑢𝑟𝑟, 𝑣𝑣𝑟𝑟)𝑥𝑥𝑘𝑘 + ℇ𝑟𝑟
𝑒𝑒
𝑘𝑘=1  ,                                   (4) 

where  𝛽𝛽0(𝑢𝑢𝑟𝑟 , 𝑣𝑣𝑟𝑟) are the intercepts that vary in each municipality r (r = 1, …, n) and 

𝛽𝛽𝑘𝑘(𝑢𝑢𝑟𝑟 ,𝑣𝑣𝑟𝑟) is the coefficient of each independent variable 𝑥𝑥𝑘𝑘 (k = 1, …, p) in each 

municipality r. The municipalities in this analysis are represented by the coordinates 

(𝑢𝑢𝑟𝑟 , 𝑣𝑣𝑟𝑟) of their centroids (Breitenecker et al., 2017). Spatial weights are included in the 

estimation procedure. The results from all the individual local models can then be mapped 

for visualization and interpretation. A weighting matrix is needed in the GWR model to 

calculate the importance of individual observations among locations. The weighting 

matrix assumes that areas that are closer to municipality r have more influence on 

municipality r than areas that are farther away (Chasco, García, & Vicéns, 2007). 



 

 

Therefore, more weight is given to observations near municipality r, and less weight is 

given to municipalities that are farther away. Two weighing matrices used in this thesis 

are Gaussian distance decay-based functions and bi-square kernel functions, both of 

which are spatial kernel functions (Brunsdon, Fotheringham, & Charlton, 1998). 

 

Spatial kernel functions can be either fixed or adaptive. In a fixed spatial kernel function, 

an optimal single spatial bandwidth is used uniformly across the study area. However, the 

downside of this approach is that in sparse areas, the local regressions are only based on 

a few observations. The inconsistency in the number of observations included in each 

local regression due to the area density leads to large variance between the results in 

sparse areas and dense areas (Páez, Uchida, & Miyamoto, 2002). Hence, the degree of 

non-stationarity might be exaggerated in sparse areas and underestimated in dense areas.  

 

A more flexible approach is to incorporate a spatially adaptive weighting function into 

the GWR. In an adaptive spatial kernel function, the bandwidths differ based on the 

density of the area. The bandwidths are relatively larger in areas where the observations 

are sparsely distributed and smaller in areas where the observations are densely 

distributed. The bandwidth is calculated such that a certain proportion of observations 

that are nearest to municipality r will be included in the local regression for each 

municipality. This optimal proportion can be computed by cross-validation which outputs 

the number of nearest neighbours beyond which zero weights are imposed (Cleveland, 

1979). 

 

The adaptive Gaussian and Bisquare weighting functions are defined formally as: 

Gaussian:                            𝑤𝑤𝑟𝑟𝑟𝑟 =  exp (−1
2
)(𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝑟𝑟

2

ℎ𝑖𝑖2
),                                                  (5) 

Bisquare:                    𝑤𝑤𝑟𝑟𝑟𝑟 =  ��1 − �𝐷𝐷𝐷𝐷𝑆𝑆𝐷𝐷𝑟𝑟𝑟𝑟/ℎ𝑟𝑟�
2
�
2

 0     , otherwise 
, 𝑖𝑖𝑖𝑖 𝐷𝐷𝐷𝐷𝑆𝑆𝐷𝐷𝑟𝑟𝑟𝑟 < ℎ𝑟𝑟,                        (6) 

where 𝑤𝑤𝑟𝑟𝑟𝑟 represents the weight assigned to the data for municipality q when considering 

the calibration of the model in municipality r. 𝐷𝐷𝐷𝐷𝑆𝑆𝐷𝐷𝑟𝑟𝑟𝑟 is the distance between 

municipalities r and q and ℎ𝑟𝑟 represents the different bandwidths that consider the same 

proportion of municipalities to be included in the estimation of the regression model for 

each municipality r. 
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Collinearity is a common issue highlighted in GWR models if the data are spatially 

heterogeneous in term of its correlation structure (Gollini, Lu, Charlton, Brunsdon, & 

Harris, 2015). Even though collinearity might not exist in the global model, collinearity 

might appear in the GWR models (Wheeler & Tiefelsdorf, 2005). Two approaches 

adopted for checking of likely local collinearity problems in this paper are (a) to check if 

the condition numbers are above 30 or (b) if the absolute local correlations are greater 

than 0.8 for a given variable pair. The total number of variable pairs to check for local 

correlations is 𝑛𝑛 × (𝛼𝛼(𝛼𝛼−1)
2

), where n is the sample size and 𝛼𝛼 is the number of 

independent variables (Lu, Harris, Charlton, & Brunsdon, 2014). 

 
4. Empirical results 

Log transformations are applied to the variables to make the distribution of the variables 

more normal. The data are also checked for multicollinearity. The pairwise correlations 

between all the variables are presented in table 4. Since the correlations between all the 

independent variables are less than 0.8, multicollinearity is not an issue for modelling 

OLS models. 

[PLACE TABLE 4 HERE] 

 

4.1 Analysis 

Figure 3 presents the flowchart, which shows the sequence of the analysis. First, OLS 

regression is modelled, followed by stepwise GWR model, basic GWR model, robust 

GWR model and lastly spatially constrained multivariate clustering. 

[PLACE FIGURE 3 HERE] 

To conduct spatial dependency tests on the data, a spatial weight matrix which specifies 

the neighbourhood structure in the data is required. The spatial weight matrix used in this 

paper is a 4 nearest-neighbours weight matrix. A Queen or a rook contiguity weight 

matrix is not suitable for the construction of the spatial weight matrix as five 

municipalities - Ekerö, Gotland, Lidingö, Tjörn, and Öckerö are neighbourless since they 

are islands that do not share borders with the mainland.  

 

There exists spatial dependency in the OLS model and in the dependent variable: New 

firm formation per capita (NFFPC), as reported in table 5. Spatial dependency in the 

dependent variable means that the new firm formation per capita in municipality r is 



 

 

affected by the new firm formation per capita in its neighbouring municipalities. The 

Moran’s I statistics from the spatial dependency test of OLS model show positive spatial 

autocorrelation between NFFPC and the residuals. 

[PLACE TABLE 5 HERE] 

Since there exists spatial autocorrelation in the regression residuals, the results of the 

regression model are invalid and a spatial regression method should be used in place to 

deal with the spatial autocorrelation in the error term. Hence, GWR is employed in the 

following section, to investigate the spatially varying relationships between NFFPC and 

its determinants in different parts of Sweden.  

 

4.2 GWR modelling 

All the GWR models in this subsection are built in R, using the package GWmodel 

(Gollini et al., 2015). For the calibration of a GWR model, a spatial weighting matrix is 

calculated with three different elements, namely the kernel function, its bandwidth and 

the type of distance matrix. The kernel functions used in this paper are Gaussian kernel 

function and bi-square kernel function. The bandwidth is specified as an adaptive distance 

so that sufficient local information is considered for each local calibration of a given 

GWR model (Gollini et al., 2015). 

 

In practice, GWR models use Euclidean distance to measure ‘spatial proximity’. 

However, as highlighted by Lu, Charlton, Harris, & Fotheringham (2014), there is no 

requirement that one must use Euclidean distance in GWR. In situations which involve 

transportation, Euclidean distance metrics may fail to reflect true spatial proximity and 

may lead to inaccurate coefficient estimates because Euclidean distance measures the 

straight-line distance between two points in Euclidean space (Lu et al., 2014). Therefore, 

both the Euclidean and the Great-circle distance metrics are used to measure the distances 

between municipalities to ensure consistency of the results. 

 

4.2.1 Stepwise GWR model 

In the global regression model, the dependent variable is NFFPC, weighted mean distance 

to bank branches (WeightedDist), firm density (FirmDensity), establishment size 

(EstSize), human capital (HumanCap), unemployment rate (UnempRate), regional 

industry diversification index (TheilIndex), specification index (SpecIndex) and share of 

immigrants in the municipality (ImmigrantsShare). A global correlation analysis suggests 
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that NFFPC is negatively associated with WeightedDist, EstSize, UnempRate and 

SpecIndex. NFFPC is positively associated with FirmDensity, HumanCap, TheilIndex 

and ImmigrantsShare. The global regression fit to the data yields an R-square of 0.573. 

 

A stepwise procedure is conducted to find the optimal independent variable subset for the 

GWR model. More details of the stepwise procedure can be found in Lu’s paper (Gollini 

et al., 2015). A bi-square kernel is specified with an adaptive bandwidth of N=80 and 

Euclidean distance in this stepwise regression. Figure 4 shows a circular view of the 36 

regressions that have been run in a stepwise fashion during the procedure. The 

independent variables are differentiated by shapes and colours in figure 4 and it is 

observed that all eight independent variables are included at the end of the stepwise 

procedure. Figure 5 shows the 𝐴𝐴𝐷𝐷𝑆𝑆𝑐𝑐values that correspond to a model in each step in the 

stepwise procedure. The 𝐴𝐴𝐷𝐷𝑆𝑆𝑐𝑐values keep decreasing until all the eight independent 

variables are included and hence, it is optimal to include all the eight independent 

variables in the GWR model. Similar results are also observed when a Great-circle 

distance matrix is used instead. 

[PLACE FIGURE 4 HERE] 

[PLACE FIGURE 5 HERE] 

 

4.2.2 Basic GWR models 

The results of the Basic GWR regressions for models using a Gaussian kernel function 

and a Bi-square kernel function are shown in table A.1 and A.2 in the appendix, 

respectively. It can be seen that the results based on a Euclidean distance metric and a 

Great-circle distance metric are similar in terms of magnitudes and signs for both 

bandwidths, which shows that the results are consistent. It is noted that the optimal 

bandwidth for the basic GWR models using Euclidean distance metric is a little larger 

than the optimal bandwidth for the basic GWR models using Great-circle distance metric. 

 

The summary results of GWR models in table A.1 and A.2 show that there is a change of 

sign for some variables. HumanCap is the only variable that shows a positive sign 

consistently throughout the models. Mostly positive relationships with new firm 

formation are shown for HumanCap, FirmDensity, TheilIndex and ImmigrantsShare. In 



 

 

contrast, mostly negative relationships are shown for WeightedDist, EstSize, UnempRate 

and SpecIndex. 

 

Table A.1 and A.2 also report the 𝐴𝐴𝐷𝐷𝑆𝑆𝑐𝑐 values, a summary of the local R-squared values, 

and the F-statistics for the global model and the basic GWR models. F1 and F2 are 

statistically significant for all the basic GWR models, which means that the GWR models 

show an improvement from the global OLS model. Furthermore, the 𝐴𝐴𝐷𝐷𝑆𝑆𝑐𝑐 values in all 

the basic GWR models are lower than the global model and the local R-squared values 

of the basic GWR models are mostly higher than the adjusted R-squared value in the 

global OLS model. Hence, the basic GWR model is superior over the global OLS model 

by explaining the spatially varying relationship between NFFPC and its determinants 

better. 

 

With the help of residual plots, which plots the residuals from the basic GWR models, it 

is observed that the residuals are randomly distributed across space and hence, spatial 

autocorrelation in the residuals is not a problem. This also helps to prove that the GWR 

model is better than global OLS because the GWR model controls for spatial non-

stationarity. 

 

The results of the local collinearity tests among the independent variables used to estimate 

the basic GWR models are reported in table A.3 in the appendix. Table A.3 shows a 

summary of the local condition numbers. The local condition numbers are at least 160 in 

all the municipalities for all 4 basic GWR models. Hence, the large condition numbers 

signal strong local collinearity. 

 

4.2.3 Robust GWR models 

After modelling the basic GWR models, robust GWR models are specified to identify 

and reduce the effect of outliers in GWR, as described in Gollini et al. (2015). The results 

of the robust GWR regressions models are reported in table 6 and 7. It is observed that 

the results based on a Euclidean distance metric and a Great-circle distance metrics are 

similar in terms of magnitudes and signs for both Gaussian and Bi-square kernel 

functions, showing consistency in the results for the robust GWR models as well. The 

optimal bandwidths used for the Gaussian kernel and Bi-square kernel functions are the 

same in both robust and basic GWR models. 
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[PLACE TABLE 6 HERE] 

[PLACE TABLE 7 HERE] 

 

The independent variables that show a change of sign align with the ones from the basic 

GWR models. HumanCap is the only variable that shows consistent positive sign 

throughout the 4 robust models. Mostly positive relationships with new firm formation 

are shown for HumanCap, FirmDensity, TheilIndex and ImmigrantsShare. In contrast, 

mostly negative relationships are shown for WeightedDist, EstSize, UnempRate and 

SpecIndex. 

 

F1 and F2 are statistically significant for all the robust GWR models, which means that 

the GWR models show an improvement from the global OLS model. The local R-squared 

values in all 4 robust GWR models are mostly higher than the adjusted R-value in the 

global OLS model. However, only the robust GWR models using a Euclidean distance 

metric have lower AIC values than that of the global OLS model. The robust GWR model 

using both a Euclidean distance metric and a Gaussian kernel function has the lowest 

𝐴𝐴𝐷𝐷𝑆𝑆𝑐𝑐value among the 4 robust GWR models. 

 

By plotting the residuals from the robust GWR models, it is also observed that the 

residuals are randomly distributed across space and hence, spatial autocorrelation in the 

residuals is not a problem for the robust GWR models too.  

 

The results of the local collinearity tests among independent variables used to estimate 

the robust GWR models are reported in table 8 and table A.4 to A.6 in the appendix, 

which shows a summary of the local correlation values for each predictor variable pair. 

For brevity reasons, only the maximum local correlation value from the 290 

municipalities are reported. Generally, it is observed that the local correlation values do 

not exceed 0.8, which is the rule of thumb for local collinearity. Table 8 shows that there 

is scarce multicollinearity between the independent variables, mainly in the robust 

Gaussian GWR model using a Euclidean distance metric. Whereas for the other 3 robust 

GWR models, there is at least a local correlation value that is quite close to 0.8, which, 

however, does not violate the rule of thumb for local collinearity. 

[PLACE TABLE 8 HERE] 



 

 

 

By referring to the F3 test of spatial variability in table 9, there are only two variables that 

show statistical significance in spatial variability, regardless of the kernel function and 

distance metric used. These two variables are HumanCap and ImmigrantsShare. These 

results imply that the relationships between NFFPC and these two variables vary across 

all the municipalities in Sweden. 

[PLACE TABLE 9 HERE] 

 

Mapping of the GWR coefficients for robust GWR models using a Euclidean distance 

To better understand the results, the results for the robust GWR models using a Euclidean 

distance metric are visualised because the two robust GWR models using a Euclidean 

distance metric have the lowest 𝐴𝐴𝐷𝐷𝑆𝑆𝑐𝑐 values among the 4 robust GWR models. The 

coefficient estimates and t-maps for all the independent variables for these two robust 

models are mapped in figure 6, 7 and figure A.1 to A.14 in the appendix. Maps for the 

other independent variables except for the weighted mean distance to banks are displayed 

in the appendix for reference because the focus in this paper is the accessibility of bank 

branches. 

[PLACE FIGURE 6 HERE] 

[PLACE FIGURE 7 HERE] 

 

The t-values presented on the t-maps take into consideration the standard errors of the 

estimates and p-values are also calculated for each t-statistic (Fotheringham, Charlton, & 

Brunsdon, 2001). Only p-values that are less than 0.1 (10% significance level) are 

represented on the t-map. The maps are presented in a sequence such that the results for 

a model using a Gaussian kernel function are presented first, followed by the results for 

a model using a Bi-square kernel function for each independent variable, so as to facilitate 

comparisons between these two sets of results. The maps are constructed in QGIS by 

classifying the results into 5 groups according to natural breaks (Jenks, 1967).   

 

1) Discussion of maps for WeightedDist 

Starting with WeightedDist, it is observed that the maps in figure 6A and figure 7A show 

variability in the coefficients of WeightedDist in terms of their magnitudes and signs. 

There is not a big difference between the patterns observed between figure 6A and figure 

7A. Municipalities in the south of Sweden generally exhibit more negative local 
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coefficients of WeightedDist and municipalities in the north of Sweden exhibit less 

negative local coefficients of WeightDist except for more urban municipalities like Luleå 

and Umeå. This means that proximity to banks influences new firm formation positively 

in the south of Sweden and less positively in the north of Sweden. It could be due to the 

fact that people in rural municipalities are generally more used to travelling long distances 

as facilities, such as schools, hospitals and stores are not as highly accessible as in the 

urban city (Pateman, 2011). It is also noted that only the negative relationship between 

NFFPC and WeightedDist is significant in the south and south-west part of Sweden. 

Weighted mean distance to banks might not be so important in metropolitan 

municipalities like Stockholm, where venture capital activity is concentrated (Baygan, 

2003). Another reason could be due to the differences in the industry structures between 

the municipalities because different types of industry have different capital requirements 

(MacKay & Phillips, 2005). 

 

2) Discussion of maps for FirmDensity 

Figures A.1A and A.2A show that the local relationships between NFFPC and 

FirmDensity are mostly positive in most municipalities, particularly from the central part 

of Sweden to the south of Sweden. Both figures A.1A and A.2A exhibit similar patterns 

in the coefficient estimates of FirmDensity. It is also observed that the municipalities in 

the western and eastern side of Sweden, specifically Stockholm, Gothenburg and their 

neighbouring municipalities show the highest coefficient estimates for FirmDensity. The 

positive relationships between FirmDensity and NFFPC are shown to be significant for 

these municipalities based on the t-maps. This may be related to the fact that Stockholm 

and Gothenburg are two out of the three largest metropolitan municipalities in Sweden 

and both have a high concentration of companies in the city. Therefore, the agglomeration 

of firms can result in positive spillover effects, such as knowledge sharing and economies 

of scales, hence, promoting the formation of new firms (Backman, 2015). The negative 

relationships between NFFPC and FirmDensity in the north of Sweden could be due to 

competition, which hinders the entry of new firms.  

 

3) Discussion of maps for EstSize 

Mostly negative relationships between NFFPC and EstSize are found in figure A.3A and 

A.4A. A possible reason for the negative relationship is that there is a high probability 



 

 

for an employee who previously worked in a small firm, to start his own company. An 

employee who previously worked in a small firm possesses more personal contacts and 

has more experience in running a small company (Kangasharju, 2010). As shown in 

figure A.4B, the relationships between NFFPC and establishment size show more 

negative and significant values in the central and southern parts of Sweden, which include 

two metropolitan municipalities – Stockholm and Malmö. 

 

4) Discussion of maps for HumanCap 

Figure A.5A and A.6A show highly positive-only relationships between NFFPC and 

HumanCap for all the municipalities in Sweden, which are consistent with the results 

from empirical Swedish studies (Backman, 2015; Baycan & Öner, 2013; Westlund et al., 

2014). For the model based on a Gaussian kernel function, HumanCap is a significant 

positive variable in all the municipalities.  For the model based on a Bi-square kernel 

function, the positive effects of HumanCap is only significant from the central part to the 

southern part of Sweden. Moreover, it is observed that HumanCap have a less positive 

influence on the formation of a new firm in the north part of Sweden. This may be related 

to the different industry structure in the north of Sweden that is more labour intensive 

instead of highly human capital intensive in nature, for example, agriculture and mining. 

 

5) Discussion of maps for UnempRate 

Mostly negative relationships between NFFPC and UnempRate are found in the 

municipalities of Sweden, as shown in figure A.7A and A.8A. Unemployment has a 

higher negative influence on new firm formation especially in the northern part of Sweden 

and municipalities including and surrounding Gothenburg and Stockholm. Low 

unemployment rate can hamper consumer confidence and hence, discourage people to set 

up their own company due to the risks involved. Areas with prolonged high 

unemployment rate also indicate that the environment and conditions for setting up a 

business in the area are unfavourable. 

 

6) Discussion of maps for TheilIndex 

Figure A.9A and A.10A show mixed results in the relationships between NFFPC and 

TheilIndex in terms of the magnitudes and signs of the local coefficient estimates. In 

figure A.9A and A.10A, the local coefficients estimate of TheilIndex are mainly negative 

in the central part of Sweden and for municipalities close to Stockholm. However, only 
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significant relationships between NFFPC and TheilIndex are found in the southern parts 

of Sweden, which are positive in sign, as observed from figure A.9B and A.10B. A greater 

degree in the level of industry diversification means that there is a greater variety of skills 

available in the local region, which allow potential entrepreneurs to exploit for acquiring 

different kinds of resources (Audretsch et al., 2010). 

 

7) Discussion of maps for SpecIndex 

The results are also mixed for the relationships between NFFPC and SpecIndex, as 

observed in figure A.11A and A.12A. In some municipalities, the effects of specialisation 

are positive and in others, negative. Only positive relationships are found in the southern 

part of Sweden. Highly specialised regions promote knowledge spillover and increase the 

flow of information, enabling entrepreneurs to start a business in the specialised industry. 

However, the only significant relationship in figure A.11B and A.12B are negative, which 

are in some municipalities in the north and central part of Sweden. High specialisation 

index can also mean stiff competition and hence, deters entrepreneurs from starting a 

business in the highly specialised industry in the municipality (Elert, 2014). 

 

8) Discussion of maps for ImmigrantsShare 

Mostly positive relationships are found between NFFPC and ImmigrantsShare, as shown 

in figure A.13A and A.14A. This finding is consistent with a study that uses Swedish data 

(Baycan & Öner, 2013). Negative relationships can be found mainly in the south-western 

part of Sweden. One reason that explains this finding is the types of immigrants who have 

migrated to the municipality (Lewis & Peri, 2015). For example, a large proportion of the 

immigrants who have moved to Stockholm are economic immigrants who are highly 

educated. Hence, economic immigrants may boost new firm formation by contributing to 

the skills required by new and small firms or they could start a firm with their specialised 

knowledge and skills (Hunt, 2011). Whereas labour immigrants have relatively lesser 

knowledge of starting a business and may be more risk averse, which can explain the 

negative relationship between NFFPC and ImmigrantsShare in the south-western part of 

Sweden. The significance results vary depending on the kernel function as shown in 

figure A.13B and A.14B. Regions which are on the eastern side of Sweden, including 

Stockholm, show a significant relationship between ImmigrantsShare and NFFPC. 

  



 

 

4.3 Spatially constrained multivariate clustering 

Spatially constrained multivariate clustering is also applied to the dataset to group 

municipalities with similar conditions, with the consideration of space constraints. The 

clustering is applied using the original values of the variables in Geoda, with the means 

of the skater algorithm (Anselin, Syabri, & Kho, 2006; Assunção, Neves, Câmara, & Da 

Costa Freitas, 2006). The outputs of the clustering are presented in figure 8, which shows 

the five clusters obtained. 

 

Cluster 1 – ‘The North of Sweden’ has the highest weighted mean distance to banks, 

highest industry diversification index, the lowest share of immigrants, lowest population 

density and the highest share of primary industry and public and personal services. 

 

Cluster 2 consists of the majority of the municipalities in the southern part of Sweden. 

The municipalities in this cluster are a mixture of countryside and urban municipalities. 

Cluster 2 has the third-highest weighted mean distance to banks. 

 

Cluster 3 consists of a group of municipalities in the middle of the southern part of 

Sweden. Cluster 3 is characterised by the highest share of manufacturing industry, the 

lowest share of trade, hotels and restaurants industry as well as business services and the 

lowest proportion of people with 3 or more years of higher education. 

 

Cluster 4 consists of the largest metropolitan municipality in Sweden - Stockholm and 

many other urban municipalities. Cluster 4 has the highest population density, highest 

proportion of people with 3 or more years of higher education, lowest weighted mean 

distance to banks, the highest share of immigrants, lowest share of primary industry and 

highest share of the business services industry. 

 

Cluster 5 also consists of two other large metropolitan municipalities – Göteborg and 

Malmö. Cluster 5 has the second-highest number of people with three or more years of 

higher education and the second-lowest weighted distance to banks, lowest specialisation 

index, the second-highest share of immigrants and the highest share of trade, hotel and 

restaurants industry. 

[PLACE FIGURE 8 HERE] 
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5. Conclusion 

The results of the GWR models have shown us that the determinants of new firm 

formation are non-stationary across space. Also, the nature of the location influences the 

degree of importance of various determinants in new firm formation. For example, this 

paper shows that the proximity to bank branches can play an important role in the 

formation of new firms, especially in the southern part of Sweden but not in the northern 

part of Sweden.  

This study is the one of the first to show that proximity to financial facilities like bank 

branches can be important for new firm formation in some regions because proximity to 

the bank branches enable entrepreneurs to gain better access to finance when they apply 

for bank loans to support their businesses. Proximity to bank branches facilitates the 

transmission of soft information and reduces monitoring costs for the banks (Agarwal & 

Hauswald, 2010; Berger & Udell, 1995). Proximity to banks also affects the building of 

a long-term relationship between the bank and the borrowers (Nguyen, 2019). 

Furthermore, spatial clustering has also been applied in this study; regions with similar 

profiles are clustered contiguously using the skater algorithm. An advantage of grouping 

290 municipalities into five clusters is easier exploratory and post hoc analysis of the 

different municipalities, as shown in previous literature  (Berggren & Silver, 2010; 

Breitenecker et al., 2017) 

This study has important theoretical and practical implications for policymaking. By 

clustering regions with similar conditions, it is easier to tailor fit and test the effectiveness 

of policies that aims to improve the entrepreneurial conditions in the region, based on the 

specific conditions of the respective areas. In hindsight, the GWR method comes with its 

limitations as well. The choice of the bandwidth and spatial kernel functions can yield 

slightly different results. Hence, the GWR model is used more of an exploratory analysis 

tool rather than one that is used for making spatial inferences (Páez, Farber, & Wheeler, 

2011).  

Notwithstanding these limitations, this study has shown that the effects of the 

determinants of new firm formation can vary across the whole country. To extend this 

research in the future, more proxies can be added to the analysis, for example, the distance 

between the borrower and competitor bank branches, to obtain a full picture of the 



 

 

financial interconnectedness of the local credit markets (Otte & Rousseau, 2002; Papi et 

al., 2015). Distance between the borrower and competitor bank branches can also affect 

access to finance. For example, on average, competitor bank branches which are far from 

the borrower charge a lower interest rate, which makes them more attractive (Agarwal & 

Hauswald, 2010; Degryse & Ongena, 2005). Higher competition can also induce banks 

to support firms in the local region more effectively (Papi et al., 2015). Hence, future 

research can extend the analysis to beyond the nearest bank branches by considering the 

competition from rival bank branches. 
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Tables 
Table 1: Description and source of variables 

Variable Description Source 

New firm formation 
per capita 

Average number of new firms per 1000 
people in the labour force in the 
municipality from 2014 to 2016 

Swedish Agency for 
Growth Policy Analysis 

Weighted mean 
distance to banks 

 
Weighted mean distance to 2 nearest bank 

branches in the municipality by labour 
force 

 

Argomento GIS & IT 

Firm density Number of firms divided by the 
population in the municipality 

Swedish Agency for 
Growth Policy Analysis 

Establishment size 
 

Number of employees divided by the 
number of firms in the municipality 

Argomento GIS & IT 

Human capital level 

 
Proportion of the labour force with at 
least three or more years of university 

education, in the municipality 

Statistics Sweden 

Unemployment rate 
 

Proportion of the labour force that is 
unemployed in the municipality 

Swedish Public 
Employment Service 

Theil index 
 

Measure of diversity of the industries in 
the municipality 

Argomento GIS & IT 

Specialization index 
 

Measure of specialisation of the industries 
in the municipality 

Argomento GIS & IT 

Percentage of 
immigrants 

 
Number of immigrants who are living in 

the municipality divided by the total 
population in the municipality (in %) 

Statistics Sweden 

 
Table 2: Expected signs of variables 

Variable  Expected sign 
Dependent variable: 

NFFPC New firm formation per capita N/A 
Independent variables: 

WeightedDist Weighted mean distance to banks − 
FirmDensity Firm density +/− 

EstSize Establishment size − 
HumanCap Human capital level + 
UnempRate Unemployment rate − 
TheilIndex Theil index +/− 
SpecIndex Specialization index +/− 

ImmigrantsShare Percentage of immigrants + 
  



 

 

Table 3: Descriptive statistics for year 2013 

 Mean Standard deviation Min Median Max 
NFFPC 10.256 2.505 5.800 9.800 21.300 

WeightedDist 7390.385 5645.595 1386.852 6017.873 56439.894 

Number of banks 5.907 12.181 1.000 4.000 178.000 

FirmDensity 0.110 0.036 0.045 0.102 0.214 

EstSize 3.700 1.448 1.390 3.356 10.308 

HumanCap 0.168 0.063 0.086 0.151 0.481 

UnempRate 0.084 0.026 0.026 0.084 0.158 

TheilIndex 0.766 0.051 0.497 0.768 0.897 

SpecIndex 0.160 0.069 0.026 0.150 0.428 

ImmigrantsShare 0.151 0.078 0.049 0.129 0.560 

* The variables in this table are not given log transformations. 
 
Table 4: Correlation matrix  

    (1) (2) (3) (4) (5) (6) (7) (8) (9) 

(1) NFFPC 1         
(2) WeightedDist -0.11 1        
(3) FirmDensity 0.06 0.56 1       
(4) EstSize -0.11 -0.37 -0.67 1      
(5) HumanCap 0.63 -0.33 -0.27 0.29 1     
(6) UnempRate -0.51 0.06 -0.15 0.25 -0.43 1    
(7) TheilIndex 0.26 0.23 0.49 -0.47 0.01 -0.06 1   
(8) SpecIndex -0.31 0.11 0.18 -0.09 -0.40 0.03 -0.55 1  
(9) ImmigrantsShare 0.12 -0.31 -0.44 0.55 0.17 0.28 -0.27 -0.04 1 

 

Table 5: Spatial dependence tests 

Variable Moran's I Pseudo p-value 

NFFPC 0.5673 0.001*** 

OLS model 0.283 0.000 *** 
*, **, and *** show significance levels at 10%, 5% and 1%, respectively. 
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Table 6: OLS and robust GWR regression results based on a Gaussian kernel weighting function 

  OLS Gaussian (Great circle) Gaussian (Euclidean) 

  Coefficient Min Median Max Min Median Max 
Intercept 2.578 *** 0.969 3.523 5.389 2.048 3.513 5.563 

WeightedDist (ln) -0.026 -0.113 -0.049 0.090 -0.120 -0.041 0.009 
FirmDensity (ln) 0.065 -0.210 0.148 0.659 -0.031 0.144 0.652 

EstSize (ln) -0.148 *** -0.302 -0.161 -0.016 -0.293 -0.158 0.027 
HumanCap (ln) 0.300 *** 0.046 0.284 0.432 0.124 0.280 0.432 
UnempRate (ln) -0.215 *** -0.309 -0.157 0.042 -0.327 -0.137 0.090 
TheilIndex (ln) 0.807 ** -0.766 0.261 1.506 -0.616 0.333 1.422 
SpecIndex (ln) -0.141 -0.999 -0.324 0.500 -0.895 -0.298 0.481 

ImmigrantsShare 
(ln) 0.155 *** -0.032 0.127 0.321 -0.029 0.133 0.317 

Bandwidth − 24 municipalities  26 municipalities  
AIC -277.435 -273.502 -285.274 

F-test 49.427*** − − 
F1-test − 0.855** 0.844** 
F2-test − 1.462 *** 1.575*** 

R-squared 0.573 0.482 0.706 0.982 0.597 0.714 0.979 
*, **, and *** show significance levels at 10%, 5% and 1%, respectively. 
 
Table 7: OLS and robust GWR regression results based on a Bi-square kernel weighting 

function 

  OLS Bi-square (Great circle) Bi-square (Euclidean) 

  Coefficient Min Median Max Min Median Max 
Intercept 2.578 *** 0.718 3.597 5.168 0.833 3.505 4.708 

WeightedDist (ln) -0.026 -0.118 -0.046 0.128 -0.128 -0.044 0.071 
FirmDensity (ln) 0.065 -0.194 0.139 0.561 -0.187 0.155 0.483 

EstSize (ln) -0.148 *** -0.301 -0.131 0.000 -0.293 -0.140 0.004 
HumanCap (ln) 0.300 *** 0.062 0.259 0.455 0.025 0.259 0.438 
UnempRate (ln) -0.215 *** -0.298 -0.129 0.135 -0.337 -0.129 0.102 
TheilIndex (ln) 0.807 ** -0.947 0.191 1.436 -0.893 0.208 1.363 
SpecIndex (ln) -0.141 -1.242 -0.392 0.672 -1.384 -0.312 0.562 

ImmigrantsShare 
(ln) 0.155 *** -0.074 0.066 0.297 -0.054 0.087 0.312 

Bandwidth − 97 municipalities  105 municipalities 
AIC -277.435 -265.823  -282.788 

F-test 49.427*** − − 
F1-test − 0.853** 0.815*** 
F2-test − 1.472 *** 1.618 *** 

R-squared 0.573 0.295 0.715 0.954 0.321 0.729 0.944 
*, **, and *** show significance levels at 10%, 5% and 1%, respectively. 
 



 

 

 
Table 8: Local correlation matrix for robust Gaussian GWR (Euclidean) 

    (1) (2) (3) (4) (5) (6) (7) (8) 
(1) WeightedDist (ln) 1        
(2) FirmDensity (ln) 0.61 1       
(3) EstSize (ln) -0.36 -0.69 1      
(4) HumanCap (ln) -0.39 -0.18 0.32 1     
(5) UnempRate (ln) 0.10 -0.12 0.38 -0.35 1    
(6) TheilIndex (ln) 0.37 0.58 -0.43 0.24 0.01 1   
(7) SpecIndex (ln) 0.41 0.36 -0.09 -0.46 0.07 -0.40 1  
(8) ImmigrantsShare (ln) -0.27 -0.30 0.61 0.19 0.44 -0.24 -0.06 1 

*The correlation matrix in this table only reports the maximum correlation value. 
 

Table 9: Spatial variability tests of GWR parameters for robust GWR models 

 
Robust Gaussian             

(Great-circle) 
Robust Bi-square 

(Great-circle) 
Robust Gaussian 

(Euclidean) 
Robust Bi-square 

(Euclidean) 
Intercept 1.408*** 1.689*** 0.938 0.935 
WeightedDist (ln) 0.981 2.318*** 0.494 1.030 
FirmDensity (ln) 3.265*** 2.698*** 2.956 1.943*** 
EstSize (ln) 0.641 0.545 0.897 *** 0.621 
HumanCap (ln) 1.559*** 1.307** 1.345** 1.391*** 
UnempRate (ln) 1.386*** 1.089 2.328*** 2.041*** 
TheilIndex (ln) 0.774 0.796 0.885 0.714 
SpecIndex (ln) 0.803 0.987 0.828 0.995 
ImmigrantsShare (ln) 1.909*** 2.675*** 2.731*** 3.124*** 

*, **, and *** show significance levels at 10%, 5% and 1%, respectively. 
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Figures 

 
Figure 1. Map of Jönköping municipality, represented by household areas 

 

Figure 2. Weighted mean distance to nearest bank branches (“Natural breaks” classification). 

  



 

 

 

 
Figure 3. Flowchart of the analysis 

 

 
Figure 4. View of GWR model selection with different variables 

 
Figure 5. Alternative view of the GWR model selection procedure 
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Figure 6. Robust GWR estimates (Euclidean) and t-map for WeightedDist based on Gaussian 

kernel weighting function (“Natural breaks” classification). 

 
Figure 7. Robust GWR estimates (Euclidean) and t-map for WeightedDist based on Bi-square 

kernel weighting function (“Natural breaks” classification). 



 

 

 
Figure 8. Skater clustering based on the values of the 8 parameters. 
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Appendix 
Table A.1: OLS and basic GWR regression results based on a Gaussian kernel weighting function 

  OLS Gaussian (Great circle) Gaussian (Euclidean) 

  Coefficient Min Median Max Min Median Max 
Intercept 2.578 *** -0.355 3.369 5.389 1.807 3.330 5.563 

WeightedDist (ln) -0.026 -0.110 -0.037 0.093 -0.121 -0.036 0.022 
FirmDensity (ln) 0.065 -0.131 0.122 0.658 -0.021 0.129 0.652 

EstSize (ln) -0.148 *** -0.278 -0.154 0.080 -0.284 -0.155 0.028 
HumanCap (ln) 0.300 *** 0.094 0.302 0.406 0.137 0.299 0.382 
UnempRate (ln) -0.215 *** -0.382 -0.134 -0.023 -0.316 -0.119 0.017 
TheilIndex (ln) 0.807 ** -0.555 0.371 2.446 -0.616 0.480 1.329 
SpecIndex (ln) -0.141 -0.891 -0.230 0.333 -0.764 -0.172 0.370 

ImmigrantsShare 
(ln) 0.155 *** -0.032 0.133 0.317 -0.028 0.117 0.316 

Bandwidth − 24 municipalities out of 290 26 municipalities out of 290 
AIC -277.435 -286.547 -295.95 

F-test 49.427*** − − 
F1-test − 0.820*** 0.816*** 
F2-test − 1.565 *** 1.668 *** 

R-squared 0.573 0.483 0.719 0.982 0.612 0.714 0.979 
*, **, and *** show significance levels at 10%, 5% and 1%, respectively. 
 
Table A.2: OLS and basic GWR regression results based on a Bi-square kernel weighting function 

  OLS Bi-square (Great circle) Bi-square (Euclidean) 

  Coefficient Min Median Max Min Median Max 
Intercept 2.578 *** -2.106 3.465 5.153 -1.744 3.243 4.530 

WeightedDist (ln) -0.026 -0.122 -0.036 0.092 -0.129 -0.035 0.097 
FirmDensity (ln) 0.065 -0.096 0.156 0.553 -0.173 0.173 0.477 

EstSize (ln) -0.148 *** -0.316 -0.127 0.262 -0.286 -0.139 0.295 
HumanCap (ln) 0.300 *** 0.039 0.286 0.441 0.053 0.279 0.420 
UnempRate (ln) -0.215 *** -0.412 -0.135 0.134 -0.345 -0.119 0.107 
TheilIndex (ln) 0.807 ** -0.738 0.343 3.553 -0.486 0.270 3.360 
SpecIndex (ln) -0.141 -1.026 -0.253 0.887 -1.292 -0.138 1.263 

ImmigrantsShare 
(ln) 0.155 *** -0.066 0.088 0.296 -0.067 0.076 0.323 

Bandwidth − 97 municipalities out of 290 105 municipalities out of 290 
AIC -277.435 -300.220 -315.507 

F-test 49.427*** − − 
F1-test − 0.762*** 0.731*** 
F2-test − 1.745 *** 1.869 *** 

R-squared 0.573 0.445 0.731 0.953 0.494 0.737 0.943 
*, **, and *** show significance levels at 10%, 5% and 1%, respectively. 
 



 

 

Table A.3: Local collinearity tests for Basic GWR models 

Local Condition Number Min Median Max 
Basic Gaussian GWR (Great-circle) 166.6 208.6 274 
Basic Bi-square GWR (Great-circle) 169.5 208.5 268.8 
Basic Gaussian GWR (Euclidean) 161.6 200.9 269.6 
Basic Bi-square GWR (Euclidean) 162.6 206.4 304.6 

 
Table A.4: Local correlation matrix for robust Gaussian GWR (Great-circle) 

    (1) (2) (3) (4) (5) (6) (7) (8) 
(1) WeightedDist (ln) 1        
(2) FirmDensity (ln) 0.73 1       
(3) EstSize (ln) -0.17 -0.37 1      
(4) HumanCap (ln) -0.19 0.48 0.63 1     
(5) UnempRate (ln) 0.20 0.07 0.61 -0.25 1    
(6) TheilIndex (ln) 0.56 0.68 -0.26 0.40 0.24 1   
(7) SpecIndex (ln) 0.51 0.60 0.44 0.13 0.30 -0.07 1  
(8) ImmigrantsShare (ln) 0.07 -0.09 0.80 0.48 0.78 -0.05 0.32 1 

*The correlation matrix in this table only reports the maximum correlation value. 
 

Table A.5: Local correlation matrix for robust Bi-square GWR (Great-circle) 

    (1) (2) (3) (4) (5) (6) (7) (8) 
(1) WeightedDist (ln) 1        
(2) FirmDensity (ln) 0.78 1       
(3) EstSize (ln) -0.18 -0.53 1      
(4) HumanCap (ln) -0.08 0.11 0.63 1     
(5) UnempRate (ln) 0.21 0.13 0.61 -0.18 1    
(6) TheilIndex (ln) 0.63 0.79 -0.17 0.43 0.35 1   
(7) SpecIndex (ln) 0.54 0.61 0.28 -0.13 0.18 -0.16 1  
(8) ImmigrantsShare (ln) 0.02 0.05 0.77 0.41 0.72 0.18 0.27 1 

*The correlation matrix in this table only reports the maximum correlation value. 
 
Table A.6: Local correlation matrix for robust Bi-square GWR (Euclidean) 

    (1) (2) (3) (4) (5) (6) (7) (8) 
(1) WeightedDist (ln) 1        
(2) FirmDensity (ln) 0.78 1       
(3) EstSize (ln) -0.20 -0.54 1      
(4) HumanCap (ln) -0.08 0.08 0.61 1     
(5) UnempRate (ln) 0.24 0.14 0.59 -0.19 1    
(6) TheilIndex (ln) 0.62 0.79 -0.19 0.41 0.34 1   
(7) SpecIndex (ln) 0.52 0.59 0.26 -0.16 0.16 -0.19 1  
(8) ImmigrantsShare (ln) -0.01 0.03 0.76 0.40 0.71 0.14 0.25 1 

*The correlation matrix in this table only reports the maximum correlation value.  
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Figure A.1. Robust GWR estimates (Euclidean) and t-map for FirmDensity based on Gaussian 

kernel weighting function (“Natural breaks” classification). 

 
Figure A.2. Robust GWR estimates (Euclidean) and t-map for FirmDensity based on Bi-square 

kernel weighting function (“Natural breaks” classification). 



 

 

 
Figure A.3. Robust GWR estimates (Euclidean) and t-map for EstSize based on Gaussian kernel 

weighting function (“Natural breaks” classification).

 
Figure A.4. Robust GWR estimates (Euclidean) and t-map for EstSize based on Bi-square 

kernel weighting function (“Natural breaks” classification). 
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Figure A.5. Robust GWR estimates (Euclidean) and t-map for HumanCap based on Gaussian 

kernel weighting function (“Natural breaks” classification).

Figure A.6. Robust GWR estimates (Euclidean) and t-map for HumanCap based on Bi-square 

kernel weighting function (“Natural breaks” classification). 



 

 

 
Figure A.7. Robust GWR estimates (Euclidean) and t-map for UnempRate based on Gaussian 

kernel weighting function (“Natural breaks” classification).

 
Figure A.8. Robust GWR estimates (Euclidean) and t-map for UnempRate based on Bi-square 

kernel weighting function (“Natural breaks” classification). 
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Figure A.9. Robust GWR estimates (Euclidean) and t-map for TheilIndex based on Gaussian 

kernel weighting function (“Natural breaks” classification).

 
Figure A.10. Robust GWR estimates (Euclidean) and t-map for TheilIndex based on Bi-square 

kernel weighting function (“Natural breaks” classification). 
  



 

 

Figure A.11. Robust GWR estimates (Euclidean) and t-map for SpecIndex based on Gaussian 
kernel weighting function (“Natural breaks” classification). 

Figure A.12. Robust GWR estimates (Euclidean) and t-map for SpecIndex based on Bi-square 
kernel weighting function (“Natural breaks” classification). 
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Figure A.13. Robust GWR estimates (Euclidean) and t-map for ImmigrantsShare based on Bi-
square kernel weighting function (“Natural breaks” classification). 

 
Figure A.14. Robust GWR estimates (Euclidean) and t-map for ImmigrantsShare based on Bi-

square kernel weighting function (“Natural breaks” classification). 
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