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ABSTRACT 

Purpose: This paper examines the spatial heterogeneity associated with 
broadband Internet and new firm formation in a number of U.S. states. 

Methodology/Approach: Both ordinary least-squares regression and 
Geographically Weighted Regression are used for the estimation purpose. 

Findings: The global coefficient estimates of ordinary least-squares regression 
account for the marginal change in a phenomenon, but such a global measure 
cannot reveal the locally-varying dynamics. Using Geographically Weighted 
Regression, it was found that at the aggregate and economic sector levels, the 
association between single-unit firm births and the provision of broadband 
Internet varies across counties in Florida and Ohio. 

Originality/Value of paper: There are numerous studies on broadband Internet 
in the U.S., but this is the first that explicitly examines broadband provision and 
new firm formation by taking into account spatial heterogeneity across countries. 

Category: Research paper 

Keywords: broadband Internet; new firm formation; spatial heterogeneity; 
geographically weighted regression; regional economy 

1 BACKGROUND 

Both hard and soft infrastructure (Haynes, 2006) are capital stocks of a nation or 
region (Nijkamp, 1986; Prud’homme, 2005) and generally impact economic 
growth and development positively. However, a dam becomes useful only after it 
is fully operational, a sewer system in a region cannot be useful to another 
region, or a natural monopoly can easily distort the market. That is, 
infrastructure’s inherent characteristics, such as lumpiness, space-specificity, and 



QUALITY INNOVATION PROSPERITY / KVALITA INOVÁCIA PROSPERITA  21/1 – 2017 

 

ISSN 1335-1745 (print)    ISSN 1338-984X (online) 

166

market failure (see Gomez-Ibanez, 2003; Prud’homme, 2005), often limit its 
effectiveness. 

The Internet as a General Purpose Technology (GPT) is an important 
infrastructure in today’s business environment (Bresnahan and Trajtenberg, 
1995; David and Wright, 2003; Lipsey, Carlaw and Bekar, 2005; Ruttan, 2008). 
Businesses can collect, share, and disseminate information irrespective of 
distance and time as well as offer innovative solutions and recruit employee 
online (Angelides, 1997; Cappelli, 2001; Sharma, 2002). A real-time, 
collaborative environment helps to generate new capabilities, markets, and 
strategies that are important for growth (Austin and Bradley, 2005) and network 
(see Katz and Shapiro, 1985) and scale effects (see Arthur, 1990) increase the 
utility and value of a network. For instance, information networks as GPTs 
facilitate trade and factor service of skilled labor (Harris, 1998). Majumdar, et al. 
(2010) further noted that broadband Internet as a GPT positively influences the 
productivity of the firms by enabling better communications, high-speed business 
transactions, and efficient organization of production activities. In addition, since 
its commercialization, the Internet has offered not only virtual business models, 
such as Amazon.com, Craiglist, and eBay, but also compelled traditional 
businesses like Walmart, Toys R Us, Walgreens, Dell, and FedEx to adopt Web-
based strategies for sales and services (Bakos, 1998; Griffith and Krampf, 1998). 
Small and medium enterprises are also making virtual presence a strategic 
necessity (Grandon and Pearson, 2004). 

This paper proposes that because the Internet offers various business 
possibilities, entrepreneurs that render innovation into economic opportunities 
(Schumpeter, 1942) are likely to be attracted to regions that have broadband 
Internet infrastructure. Thus, in order to examine the relationship between new 
firm formation and the provision of broadband, two methods will be adopted. 
First, as with the earlier study (Parajuli and Haynes, 2012), with counties as the 
observation units, ordinary least-squares (OLS) models will be estimated for a 
number of U.S. states at the aggregate and economic sector levels. Second, since 
firm births are not consistent across counties and that spatial heterogeneity is 
likely to be observed, Geographically Weighted Regression (GWR) models will 
be calibrated. While the OLS estimates will give the global relationship, the 
GWR estimates will provide the local relationship for counties embedded in 
states. 

2 LITERATURE REVIEW AND RESEARCH HYPOTHESES 

While entrepreneurs are instrumental in innovation, job and wealth creation, 
productivity, positive spillovers, and alternate opportunities (Malecki, 1994; Acs 
2006; Van Praag and Versloot, 2007), the entrepreneurial spirit is often 
influenced by physical and virtual networks (Florida, 1995; Nijkamp, 2003). 
Innovations are concentrated in regions with technological infrastructure 
(Feldman and Florida, 1994). In addition, producers (Fujita, Krugman and 
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Venables, 1999), foreign multinationals (Friedman, Gerlowski and Silberman, 
1992), and new businesses (Holl, 2004) are located in a close proximity of 
transportation infrastructure. Moreover, information and communications 
technology (ICT) infrastructure not only permits innovations, but also self-
reinforces new innovations (McQuaid, 2002). Based on these findings, the first 
research hypothesis is that new firm formation is positively related to the 
provision of broadband infrastructure. 

According to Acs and Armington (2006), population growth functions as both 
supply and demand variables with reference to the entrepreneurial activities. As 
the population grows in a region, it supplies potential entrepreneurs, and also 
increases the demand of goods and services. Thus, regional variation in new firm 
formation is positively influenced by population growth (Guesnier, 1994; 
Reynolds, Miller and Maki, 1995; Armington and Acs, 2002; Acs and 
Armington, 2006). Sutaria and Hicks (2004), on the contrary, found that 
population growth was not positively significant in explaining new firm 
formation. However, they accepted the modeling limitations that could not 
capture the expected (positive) relationship between new firm formation and 
population growth. This leads to the second research hypothesis that new firm 
formation and population growth are positively related. 

Innovative ideas and a higher disposable income are likely to foster business 
ventures. Butler and Herring (1991) noted that individuals that have access to a 
higher family income are likely to have higher employment opportunities. 
Armington and Acs (2002) and Lee, Florida and Acs (2004) observed a positive 
association between income growth and new firm births. Likewise, Reynolds, 
Miller and Maki (1995) found that the presence of greater personal wealth and 
firm formation are positively related to each other. That new firm formation and 
income growth are positively related is the third hypothesis. 

A large firm is often dependent on smaller firms for specialty goods and services. 
This could be the reason why Sutaria and Hicks (2004) found a positive 
relationship between firm size and new firm births. However, Fritsch and Falck 
(2002) and Armington and Acs (2002) observed a negative association between 
firm size and firm formation. The negative association could be due to the 
existence of large firms and/or their branches that hinder new firm births 
(Armington and Acs, 2002). The fourth hypothesis is that new firm formation 
and mean establishment size are negatively associated. 

Although the effect of unemployment is small, regions that have a higher 
unemployment level experience higher firm births. Reynolds, Miller and Maki 
(1995 and Acs (2006) suggested that as individuals cannot find jobs, they start 
new businesses as an act of necessity and desperation. Storey (1991) and 
Audretsch and Fritsch (1994) found both positive and negative associations; 
Sutaria and Hicks (2004) found a negative association; and Fritsch and Falck 
(2002) found no relationship between firm formation and unemployment. Since 
there is no clear understanding of the relationship between employment rate and 
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new firm formation, the fifth hypothesis is that there is a relationship between 
new firm births and the unemployment rate, but the direction of the relationship 
is indeterminate. 

Financial capital that entrepreneurs accrue from various sources, such as personal 
savings, social contacts, venture capital organizations, and banks, is necessary for 
starting and sustaining nascent firms over time. In general, individuals with 
embedded relationships and networks in a local environment are most likely to 
get seed and long-term capital (Uzzi, 1999; Gompers and Lerner, 2001). Sutaria 
and Hicks (2004) noted that new firm formation is positively associated with the 
availability of local financial capital. In addition, Cooper, Gimeno-Gascon and 
Woo (1994) found that the level of capitalization contributes to the survival and 
growth of new business ventures. The next research hypothesis then is that new 
firm formation and the availability of local financial capital are positively related. 

Government spending can have mixed effects on new firm formation. 
Entrepreneurs are often willing to sacrifice low initial earnings, but findings may 
be quite different in highly paid and less stressful work environments (Hamilton, 
2000). If well-paid and less stressful (government) jobs are readily available, 
individuals might be attracted to them instead of pursuing innovation and self-
employment. In addition, government investment crowds out private investment 
in the long-run (Spencer and Yohe, 1970) and government pork-barrel spending 
simply advances the reelection agenda of politicians instead of contributing to 
development (Cadot, Roller and Stephan, 2006). On the contrary, public 
spending in infrastructure is positive and significantly related to productivity 
(Aschauer, 1989; Munnell, 1990). Government contracts and welfare payments 
can also increase demand for new goods and services in region and create new 
business possibilities. Thus, the next hypothesis is that there exists a relationship 
between new firm formation and government spending, but the direction of the 
relationship is uncertain. 

Saxenian (2002) and Hart and Acs (2011) suggested that regions that are 
culturally diverse are attractive to entrepreneurs. Lee, Florida and Acs (2004) and 
Audretsch, Dohse and Niebuhr (2010) found a significant positive relationship 
between cultural diversity and firm births. Thus, the eights hypothesis is that 
there exists a positive relationship between new firm formation and cultural 
diversity. 

Spatial structures play an important role in regional economic activities 
(Markusen, 1996; Krugman, 1998; Fujita, Krugman and Venables, 1999). 
Knowledge spillover is more in cities where local competition and urban variety 
encourages employment growth (Glaeser, et al., 1992). Further, new businesses 
form in clusters that supply specialized inputs and require specialized 
infrastructure (Porter, 2000). Hence, agglomeration economies are important for 
entrepreneurial ventures (Acs and Varga, 2005). This leads to the hypothesis that 
diversified and agglomerated metro regions compared to non-metro regions are 
more likely to be attractive to new firms. 
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Spatial heterogeneity is associated with the spatially varying phenomenon. 
According to Lomi (1995), regional level analysis compared to national level 
analysis provides a better understanding of organizational founding and that 
neglecting the heterogeneity effects tend to overestimate the effects of founding 
rates. Stuart and Sorenson (2003), Li, et al. (2011), and Cheng and Li (2011) 
observed the variation in firm formation as well as employment generation in 
smaller regions embedded in a large region. We believe that this means it is 
necessary to do a lower level assessment to capture these issues of potential 
spatial heterogeneity. Hence, we explore the issue of heterogeneity at the county 
level. 

3 RESEARCH DESIGN AND DATA 

A global multiple regression model is given as: 

�� =	�� +	��	
�		
	

+ �� (1) 

where y is the dependent variable, x’s are the independent variables, β’s are the 
parameters to be estimated, and ɛ is the independent and identically distributed 
error term with zero mean and a constant variance. The subscript i denotes the 
number of observations and k the number of independent variables. 

By extending the global model given by Equation (1), the GWR model is written 
as: 

�� = ���� , ��� +	��	�� , ���
�	 +	��
	

 (2) 

where (ui, vi) denotes the coordinates of point i in space and bk (ui, vi) is the 
realization of the continuous function bk (u, v) at point i (Brunsdon, Fotheringham 
and Charlton, 1996; Fotheringham, Charlton and Brunsdon, 1998). This 
transformation allows us to estimate local parameters that vary across space. 

Using the matrix notation, the coefficients in Equation (1) are estimated by: 

�� = ������	��� (3) 

However, for Equation (2), the coefficient estimates are: 

���� , ��� = ������ , ������������ , ���� (4) 
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where for a sample size of n, W (ui,vi) is a weight matrix of size (n × n) whose 
off-diagonal elements are zero and diagonal elements denote the geographical 
weighting of observed data for point i. Because of the weight matrix, the 
estimators are the weighted least-squares estimators. In addition, T and −1 denote 
the transposition and inversion of matrix, respectively. 

The weight matrix, W, is specified as a distance-decay function. In order to 
estimate the local parameters for a location i, the weight is given by: 

��� = 	exp	"#��$%$&
��

 (5) 

where j is another point in space, dij is the distance between i and j, and B is the 
bandwidth of the kernel density function. At the regression point i, the weight is 
unity and decreases with distance. This implies that observations near i influence 
parameter estimation more than observations farther away from i. B can be fixed 
or adaptive based on the nature of kernel function and can be selected using a 
cross-validation approach or the Akaike Information Criterion (AIC) approach 
(Brunsdon, Fotheringham and Charlton, 1996; Fotheringham, Charlton and 
Brunsdon, 1998). Further, according to Fotheringham, Brunsdon and Charlton 
(2002), AIC can be used for selecting the true model from the competing models. 
The model with the smallest AIC value provides a better fit and the models are 
genuinely different if the improvement is greater than 3. 

While the method of GWR allows for calibrating local parameters, it has a 
number of limitations. First, GWR regression estimates are sensitive to weighting 
schemes and bandwidth selection, and sample size. This often leads to less 
accurate estimates than OLS estimates. Second, the number of GWR coefficient 
estimates is large compared to the number of OLS estimates. Thus, it is not only 
computationally intensive, but also makes it difficult to report on all GWR 
estimates. Third, since samples overlap during the estimation and statistical 
analysis, the results should be treated with caution (see Ali, Partridge and Olfert, 
2007; Li, et al., 2011). 

 Data for the study come from various sources. The raw, non-public single-unit 
firm births data are from the Census Bureau (CB). For 2006, the county level 
dataset contains single-unit firm births across the five-digit North American 
Industry Classification System (NAICS). The Federal Communications 
Commission (FCC) provides the number of high-speed service providers by zip 
codes. The raw data includes the number of holding companies that reported 
providing high-speed Internet service to at least one customer in the zip code of 
interest. If there are one to three companies reporting services to at least one 
customer in a zip code, the FCC does not report the number of service providers 
in that particular zip code, but indicates some provision exists. 

The number of service providers at each zip code will be matched to its 
respective county by using the information on Zip Code Tabulation Area 
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(ZCTA). The online tool called Dexter provided by Missouri Census Data Center 
(MCDC) is used for matching zip codes and ZCTAs. Assuming that new firms 
will have a wide range of broadband choices in terms of price and services, for 
the provision of broadband in each county, the maximum number of broadband 
provider for 2006 will be used as the proxy for broadband access. 

Population growth is the percentage change in population and personal income 
growth in the percentage change in per capita income from 2005 to 2006. Both of 
these indicators are obtained from the Bureau of Economic Analysis (BEA). 
Mean establishment size is the average number of employees in a firm in 2006 
and is obtained from the CB. Other variables obtained from the CB include per 
capita deposit in dollars in local commercial and savings institutions in 2005 and 
serves as a proxy for locally available financial capital; per capita federal 
spending in dollars in 2006 indicates an additional source of capital; and the 
share of white population as a percentage of total population in 2006 is our 
negative proxy for diversity. 

The unemployment rate, which is the share of unemployed labor force in 
percentage, is for 2006 and is obtained from the Bureau of Labor Statistics 
(BLS). Rural-urban continuum, which is available from the United States 
Department of Agriculture (USDA), is a categorical variable based on population 
size and ranges from 1 to 9. A dummy variable “metro” will be created using this 
categorical variable to separate metro (1 to 3) and nonmetro (4 to 9) counties. 

Tab. 1 summarizes variables, their descriptions, expected signs based on research 
hypotheses, and data sources. Since firm births and the number of maximum 
providers are highly skewed, they are converted to their logarithmic equivalents 
and denoted by “logsub” and “logmxprov,” respectively, in the OLS and GWR 
models. 

Table 1 – Variable description 

Variable Description Expected sign Source 

Dependent variable    
Firm birth (sub) Number of single-unit firm births in 2006   
Independent variables    
Broadband providers 
(mxprov) 

Maximum number of broadband service 
providers in 2006 

+ FCC 

Population growth (popgr) Population change from 2005 to 2006 (in 
percentage) 

+ BEA 

Personal income growth 
(perincgr) 

Per capita income change from 2005 to 
2006 (in percentage) 

+ BEA 

Establishment size 
(estsize) 

Mean number of employees in a firm in 
2006 

− CB 

Unemployment rate 
(unemprt) 

Share of unemployed labor force in 2006 
(in percentage) 

? BLS 

Financial capital (fincap) Per capita deposit in local commercial 
and savings institutions in 2005 (in 
thousand dollars) 

+ CB 

Federal spending (fedspnd) Per capita federal spending in 2006 (in 
thousand dollars) 

? CB 
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Variable Description Expected sign Source 

White (white) Share of whites in total population in 
2006 (in percentage) 

− CB 

Rural-urban continuum 
(metro) 

Rural-urban classification based on 
population size (1 = metro counties and 0 
= nonmetro counties) 

+ USDA 

4 EMPIRICAL FINDINGS 

In an earlier study (Parajuli and Haynes, 2012), eight states – Colorado, Florida, 
Montana, New Jersey, Ohio, Oregon, South Carolina, and Wisconsin – were 
randomly sampled from the 48 contiguous U.S. states. In the aggregate level 
analysis, the association between the total number of new firm births and the 
maximum provision of broadband was examined using multiple regression 
models. Total new firm births in each sampled state were also disaggregated by 
the 2-digit NAICS codes and the same set of hypotheses was tested for the 
manufacturing (NAICS 31-33), finance and insurance (NAICS 52), and real 
estate and rental and leasing (NAICS 53) sectors. In general, the association 
between single-unit firm births and the provision of broadband was positive and 
statistically significant across sampled states at the aggregate and economic 
sector levels. Because of the space and data limitation, this paper only presents 
analyses of Florida and Ohio at both the aggregate and economic sector levels. 
Sectoral analyses are carried out for the construction (NAICS 23) and retail trade 
(NAICS 44-45) sectors. 

In 2006, the association between new firm formation and the maximum number 
of service providers that reported providing high-speed (Internet) service to at 
least one customer for Florida and Ohio was 0.6572 and 0.5052, respectively, 
and that these values were statistically significant at the 5 % level of significance. 
As an example, in Florida, while Broward, Hillsborough, Miami-Date, and 
Seminole counties had the largest number of operators (19), Franklin County had 
at most five operators providing services to at least one customer. The counties 
with a large number of service providers also experienced a large number of new 
firm births – 7,571 (Broward), 3,770 (Hillsborough), 9,793 (Miami-Dade), 1,733 
(Seminole). On the contrary, Franklin County had only 29 new firm births. 

Table 2 – Multiple regression models, Aggregate (Source: Authors’ calculations) 

 OLS (Florida) OLS (Ohio) 

logmxprov 3.7655*** 0.7714** 
 (0.3198) (0.3509) 
popgr 0.0336 0.1042 
 (0.0331) (0.0754) 
perincgr -0.0007 0.0538 
 (0.0321) (0.0423) 
estsize -0.0451*** -0.0594*** 
 (0.0167) (0.0169) 
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 OLS (Florida) OLS (Ohio) 

unemprt 0.0271 -0.1353** 
 (0.1123) (0.0648) 
fincap 0.0401** -0.0112 
 (0.0162) (0.0165) 
fedspnd -0.0464* -0.0230 
 (0.0271) (0.0149) 
white -0.0035 -0.0890*** 
 (0.0081) (0.0149) 
metro 0.1138 0.6085*** 
 (0.2127) (0.1507) 
Constant -2.7391** 12.9785*** 
 (1.2385) (2.1863) 
Observations 67 88 
Adjusted-R2 0.9062 0.7696 
Significant at *p < 0.1 level, **p < 0.05 level, and *** p < 0.01 level; Standard errors in parentheses. 

 

As shown in Tab. 2, in Florida, after controlling for other variables, for a 1 % 
increase in the provision of broadband services, there was almost 3.8 % increase 
in the single-unit firm births. In Ohio, the estimated coefficient of the maximum 
number of providers was positive and statistically significant, but the association 
between new firm formation and the provision of broadband was relatively 
smaller compared to Florida. Since the coefficient estimates are consistent with 
the expectation, this suggests that new firms are attracted to regions that have 
broadband provision. 

The significance of other coefficient estimates, however, varies across models. In 
Florida, the mean establishment size is negative and statistically significant. 
These findings are consistent with Armington and Acs (2002) and Fritsch and 
Falck (2002). The coefficient of the availability of financial capital is positive 
and of federal spending is negative and statistically significant. Sutaria and Hicks 
(2004) had found a positive relationship between local bank deposit per capita 
and new firm formation. Although our expectation with the association between 
federal spending and new firm births was indeterminate, we found a negative and 
statistically significant association between them. This could have resulted due to 
the availability of well-paid jobs in the government sector, complacency among 
individuals due to grants and retirement spending, or crowding out of private 
investment by government spending as noted by Hamilton (2000) and Spencer 
and Yohe (1970). 

In Ohio, mean establishment size, unemployment rate, and “white” as a proxy of 
diversity, were negatively associated with single-unit firm births. Our findings 
are consistent with Sutaria and Hicks (2004) in relation to financial capital and 
Audretsch, Dohse and Niebuhr (2010) and Lee, Florida and Acs (2004) in 
relation to diversity and new firm formation. Although the expected sign of the 
coefficient of unemployment rate was not obvious, it was found that in Ohio 
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there is a negative relationship between unemployment rate and new firm births 
and this finding is consistent with Sutaria and Hicks (2004). 

In order to examine spatial heterogeneity, GWR models were calibrated using the 
spgwr package in R. Bandwidth of the fixed Gaussian kernel function was 
selected using the cross-validation approach and AIC scores were used for 
comparing the fit of models. 

Table 3 – OLS and GWR models, Aggregate, Florida (Source: Authors’ 

calculations) 

 OLS GWR 

  Min. 1st quar. Median 3rd quar. Max. 
logmxprov 3.7655*** 3.3400 3.7570 3.7020 3.8470 3.9730 
popgr 0.0336 0.0294 0.0314 0.0329 0.0354 0.0372 
perincgr -0.0007 -0.0117 0.0012 0.0094 0.0190 0.0265 
estsize -0.0451*** -0.0529 -0.0515 -0.0483 -0.0454 -0.0412 
unemprt 0.0371 -0.0144 0.0232 0.0406 0.0483 0.0533 
fincap 0.0401** 0.0319 0.0327 0.0335 0.0351 0.0408 
fedspnd -0.0464* -0.0522 -0.0390 -0.0352 -0.0337 -0.0284 
white -0.0035 -0.0183 -0.0071 -0.0032 0.0006 0.0055 
metro 0.1138 0.0880 0.1059 0.1219 0.1444 0.2199 
Constant -2.7391** -2.8350 -2.7180 -2.6520 -2.5180 -1.6750 
Observations 67 67 
Number of nearest neighbors  3 
AIC 116.55 98.68 
Significant at *p < 0.1 level, **p < 0.05 level, and *** p < 0.01 level 

 

Tab. 3 shows the results of OLS and GWR models at the aggregate level for 
Florida. Based on cross-validation, it was found that for a regression point i only 
three nearest neighbouring counties have non-zero weights and that the weight 
decrease with the distance. Unlike the global OLS estimates, GWR estimates 
vary across counties. For instance, the global estimate of the provision of 
broadband is 3.76. However, the local estimates based on GWR vary from 3.34 
to 3.97 and is shown in Fig. 1. Similarly, the goodness-of-fit values of the GWR 
model vary across counties and are shown in Fig. 2. 
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Figure 1 – GWR estimates of the provision of broadband, Aggregate, Florida 

(Source: Authors’ calculations) 

 

 

Figure 2 – Local R-squared values, Aggregate, Florida  

(Source: Authors’ calculations) 

The AIC value of GWR model (98.68) is smaller than the AIC value of OLS 
model (116.55). Thus, GWR model does not only reveal the local heterogeneity, 
but also provides a better fit compared to OLS model. 

Tab. 4 shows the OLS and GWR estimates of Ohio at the aggregate level. As 
with the estimates of Florida, the GWR estimates of Ohio vary across counties. 
The larger AIC value of GWR model compared to OLS model suggests that 
GWR provides a better fit. 
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Table 4 – OLS and GWR models, Aggregate, Ohio (Source: Authors’ 

calculations) 

 OLS GWR 

  Min. 1st quar. Median 3rd quar. Max. 

logmxprov 0.7714** 0.1891 0.6316 0.9209 1.2590 1.7950 
popgr 0.1042 -0.0430 0.0405 0.0980 0.1421 0.1986 
perincgr 0.0538 0.0251 0.0451 0.0622 0.0961 0.1365 
estsize -0.0594*** -0.0642 -0.0560 -0.0484 -0.0432 -0.0379 
unemprt -0.1353** -0.2228 -0.1824 -0.1272 -0.1042 -0.0360 
fincap -0.0112 -0.0201 -0.0127 -0.0098 -0.0077 -0.0033 
fedspnd -0.0230 -0.0629 -0.0281 -0.0179 -0.0152 -0.0005 
white -0.0880*** -0.0983 -0.0944 -0.0884 -0.0811 -0.0766 
metro 0.6085*** 0.2746 0.4292 0.4887 0.5303 0.6540 
Constant 12.9785*** 9.9850 11.1300 12.1100 13.2600 15.0900 
Observations 88 88 
Number of nearest neighbors  1 
AIC 152.07 120.67 
Significant at *p < 0.1 level, **p < 0.05 level, and *** p < 0.01 level 

 

The results of OLS and GWR models for the construction sector of Florida are 
shown in Tab. 5. The fixed Gaussian kernel function gives non-zero weights for 
two nearest neighbours. In addition, the AIC of the GWR model (104.81) is 
smaller than that of OLS model (122.64), which suggests that the GWR model 
provides a better fit compared to OLS model. 

Table 5 – OLS and GWR models, Construction, Florida (Source: Authors’ 

calculations) 

 OLS GWR 

  Min. 1st quar. Median 3rd quar. Max. 

logmxprov 3.4271*** 3.3460 3.3600 3.3660 3.3800 3.3930 

popgr 0.0539* 0.0452 0.0493 0.0540 0.0590 0.0683 

perincgr 0.0162 -0.0102 0.0103 0.0205 0.0356 0.0565 

estsize -0.0537*** -0.0731 -0.0625 -0.0536 -0.0454 -0.0333 

unemprt -0.0938 -0.1058 -0.0813 -0.0762 -0.0706 -0.0619 

fincap 0.0176 0.0097 0.0116 0.0155 0.0208 0.0317 

fedspnd -0.0291 -0.0409 -0.0359 -0.0337 -0.0309 -0.0275 

white 0.0067 -0.0057 0.0038 0.0070 0.0101 0.0125 

metro 0.3672 0.3435 0.3637 0.3722 0.3786 0.3912 

Constant -3.8443*** -4.9560 -4.3500 -3.8260 -3.2680 -1.9810 

Observations 67 67 

Number of nearest neighbors  2 

AIC 122.64 104.81 

Significant at *p < 0.1 level, **p < 0.05 level, and *** p < 0.01 level 
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For the logarithm of the maximum number of providers, the OLS estimate is 
3.4271. The GWR estimators, however, range from 3.346 to 3.393 and each 
county has its own estimator as shown in Fig. 3. Since the OLS estimate is larger 
than the GWR estimates, it suggests that OLS overestimated the coefficient of 
the provision of broadband. The local goodness-of-fit values are shown in Fig. 4. 
These values are not directly comparable with the global R-squared value, but 
still suggest the variation in new firm formation explained by the independent 
variables in the GWR model. 

 

Figure 3 – GWR estimates of the provision of broadband, Construction, Florida 

(Source: Authors’ calculations) 

 

Figure 4 – Local R-squared values, Construction, Florida  

(Source: Authors’ calculations) 

Similarly, for the retail trade sector of Florida, the results of OLS and GWR 
models are shown in Tab. 6. While the OLS coefficient estimate is 3.8803, the 
GWR estimates of the logarithm of the maximum number of providers ranges 
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from 3.5630 to 4.1510. The AIC value of 130.40 associated with the GWR model 
suggests that it is a better fit in explaining the variation in single-unit firm births 
compared to the OLS model. Fig. 5 and Fig. 6 show the distribution of the GWR 
coefficient estimates of the service provision and local goodness-of-fit, 
respectively. As before, both these figures suggest that estimators and R-squared 
values vary spatially. 

Table 6 – OLS and GWR models, Retail trade, Florida (Source: Authors’ 

calculations) 

 OLS GWR 

  Min. 1st quar. Median 3rd quar. Max. 

logmxprov 3.8808*** 3.5630 3.6890 3.8080 3.9740 4.1510 

popgr 0.0445 0.0270 0.0344 0.0405 0.0525 0.0705 

perincgr -0.0258 -0.0292 -0.0214 -0.0182 -0.0160 -0.0147 

estsize -0.0356* -0.0471 -0.0442 -0.0407 -0.0348 -0.0285 

unemprt 0.0689 0.0153 0.0562 0.0736 0.0838 0.0907 

fincap 0.0490** 0.0374 0.0390 0.0403 0.0434 0.0558 

fedspnd -0.0534 -0.0560 -0.0510 -0.0444 -0.0400 -0.0303 

white -0.0097 -0.0193 -0.0103 -0.0080 -0.0074 -0.0071 

metro 0.0501 -0.0580 -0.0166 -0.0267 0.0981 0.3034 

Constant -4.9709*** -5.0650 -4.9310 -4.8000 -4.6480 -4.9709 

Observations 67 67 

Number of nearest neighbors  4 

AIC 146.04 130.40 

Significant at *p < 0.1 level, **p < 0.05 level, and *** p < 0.01 level 

 

 

Figure 5 – GWR estimates of the provision of broadband, Retail trade, Florida 

(Source: Authors’ calculations) 
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Figure 6 – Local R-squared values, Retail trade, Florida  

(Source: Authors’ calculations) 

Table 7 – OLS and GWR models, Construction, Ohio (Source: Authors’ 

calculations) 

 OLS GWR 

  Min. 1st quar. Median 3rd quar. Max. 

logmxprov 0.1988 -0.3334 -0.0197 0.2690 0.9449 1.8580 

popgr 0.0359 -0.1976 -0.0659 0.0456 0.1178 0.1637 

perincgr -0.0045 -0.0253 -0.0038 0.0135 0.0277 0.0664 

estsize -0.0485** -0.0572 -0.0440 -0.0334 -0.0262 -0.0146 

unemprt -0.2260*** -0.3794 -0.2871 -0.1994 -0.1614 -0.1015 

fincap -0.0030 -0.0146 -0.0052 0.0008 0.0069 0.0132 

fedspnd -0.0274 -0.0492 -0.0343 -0.0292 -0.0176 0.0391 

white -0.0780*** -0.0931 -0.0874 -0.0790 -0.0628 -0.0502 

metro 0.8290*** 0.3957 0.6058 0.7360 0.7850 0.8379 

Constant 11.6452*** 5.7290 8.5370 11.0600 12.1400 13.0100 

Observations 88 88 

Number of nearest neighbors  1 

AIC 191.16 156.04 

Significant at *p < 0.1 level, **p < 0.05 level, and *** p < 0.01 level 

 

Table 8 – OLS and GWR models, Retail trade, Ohio (Source: Authors’ 

calculations) 

 OLS GWR 

  Min. 1st quar. Median 3rd quar. Max. 

logmxprov 1.0514** 0.6087 0.8139 1.1050 1.4860 2.0620 

popgr 0.0691 -0.0866 0.0042 0.0634 0.1048 0.1437 

perincgr 0.0551 0.0349 0.0625 0.0837 0.1141 0.1391 

estsize -0.0552** -0.0687 -0.0551 -0.0491 -0.0412 -0.0247 
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 OLS GWR 

unemprt -0.0368 -0.1334 -0.0937 -0.0352 -0.0024 0.0197 

fincap -0.0232 -0.0534 -0.0258 -0.0217 -0.0177 -0.0106 

fedspnd 0.0150 -0.0526 0.0039 0.0162 0.0277 0.0599 

white -0.0844*** -0.0910 -0.0887 -0.0859 -0.0773 -0.0704 

metro 0.5830*** 0.1798 0.3252 0.4137 0.5164 0.6914 

Constant 9.0597*** 6.0210 7.7570 8.6996 9.2700 10.1200 

Observations 88 88 

Number of nearest neighbors  2 

AIC 203.53 180.72 

Significant at *p < 0.1 level, **p < 0.05 level, and ***p < 0.01 level 

 

Tabs. 7 and 8 show the results of OLS and GWR models of the construction and 
retail trade sector of Ohio, respectively. These results also suggest that, unlike the 
global estimates given by the OLS modelling approach, GWR gives locally-
varying coefficient estimates. In both the case, GWR models provide a better fit 
than OLS models. 

5 CONCLUSION 

This paper examined spatial heterogeneity in relation to broadband Internet and 
new firm formation using GWR models. The estimates of GWR models were 
able to capture the spatially-varying effects, which indicated that firm formation 
and broadband provision are non-stationary. In addition, it was also found that 
the local models provided better fit compared to the global OLS models at both 
the aggregate and economic sector levels. 

In today’s informational economy, while infrastructure such as broadband 
Internet is important for attracting new firms, which create jobs and contributed 
to the overall economy, the association between broadband and new firm 
formation varies spatially. Thus, policy makers need to take into account the 
local spatial dynamics that are not revealed at the global level while formulating 
broadband and economic development policies. 

In this paper, AIC scores were used for selecting the true model. Based on AIC 
GWR models were found to be better fits than OLS models, but their differences 
were not statistically determined. Future research should statistically assess such 
differences. In addition, new studies should also focus on examining spatial 
dynamics of broadband Internet and new ventures in other states in the U.S. This 
would reveal whether or not other states exhibit spatial non-stationary as 
observed in Florida and Ohio. Spatial regression models, such as spatial lag, 
spatial error, and spatial Durbin models, can also be calibrated to examine spatial 
dependence and spillovers. 
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