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ABSTRACT 

BROADBAND INTERNET IN THE U.S. 

Jitendra Parajuli, Ph.D. 

George Mason University, 2013 

Dissertation Director: Dr. Kingsley E. Haynes 

 

This dissertation examines resource utilization and new firm formation in relation 

to broadband Internet in the U.S. Data envelopment analysis was used to assess the 

utilization of broadband Internet. Analyses at the state level from 2005 through 2007 

suggest that broadband adoption and use is not equally efficient across the U.S. states. 

Although the instantaneous efficiencies are relatively high for many states, the changes in 

total factor productivity suggest that the efficiency of broadband adoption and use 

increases over time. Moreover, it is observed that efficiency values are often spatially 

autocorrelated, which suggest spatial dependence from spillovers or interstate 

competition. This leads to a particular spatial diffusion pattern in broadband adoption. 

A number of studies have examined the impact of broadband on migration, firm 

location, and economic growth. However, the relationship between broadband 

infrastructure and new firm formation in the U.S. has not been investigated. This 

dissertation fills this gap by empirically examining the relationship between broadband 
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Internet and new firm formation for a number of randomly selected U.S. states for 2006. 

It is found that single-unit firm births and the provision of broadband are positive and 

statistically significant across almost all industry sectors in the U.S. However, the impact 

of broadband provisioning on new firm formation is sensitive to agglomeration and 

aggregate and sectoral growth patterns of states and economic sectors. 

Spatial regression model were used to examine the spatial dimension—

dependence and heterogeneity—associated with new firm formation and broadband 

provision. Spatial dependence is positive and significant across states and economic 

sectors, which suggests that spillover effects influence new firm formation. The varying 

estimates of the spatial models suggest that the effect of broadband provision on new firm 

formation varies across space. That is, spatial heterogeneity exists in new firm formation. 

It is also found that spatial models that are calibrated to estimate spatial heterogeneity 

provide a better fit compared to the global models. However, since the significance of the 

estimators and the model differences could not be statistically verified, these results 

should be only used for exploring the variation of parameters. 

States have different strategies in support of broadband expansion. They need to 

identify the following limitations to formulate better policies. First, states must use the 

appropriate mix of inputs (and outputs) to improve their efficiencies. Second, the 

provision of broadband is an important component in attracting new firms that are needed 

for disrupting the economic equilibrium for growth. However, there are also other factors 

that influence firm formation. Third, since spillover effects indicate that agglomeration is 

important in firm formation, a mere expansion of additional broadband services does not 
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necessarily contribute to economic growth and development. Fourth, each region has its 

own comparative advantage and not all regions will equally benefit from an additional 

investment in broadband infrastructure. Overall, while broadband is an important 

infrastructure in today’s economic environment, broadband policies in support of 

economic growth and development should not be only limited to broadband Internet. 

Instead, regions should take into account various regional determinants while formulating 

broadband policies. Broadband expansion by itself cannot turn around state or even 

sectorial decline and the positive impacts of broadband are significantly weakened in the 

face of these declines. 
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1 INTRODUCTION 

1.1 Infrastructure in economic development 
Infrastructure, efficient utilization of scarce resources, and entrepreneurial 

activities are important for economic growth and development. The purpose of this 

dissertation is to examine resource utilization and new firm formation in relation to 

broadband Internet in the U.S, and this chapter provides the overall background of the 

research. It introduces the general concept of infrastructure followed by 

telecommunications infrastructure and its role in economic growth and development. The 

findings of the earlier works in the area of broadband in the U.S. will be discussed. 

Thereafter, a brief introduction of the U.S. telecommunications market structure as well 

as the policy-making process will be covered. Finally, after identifying research 

questions, research hypotheses will be formulated. 

Infrastructure is a complex term to define because it encompasses various 

technologies, services, and institutions (see Fulmer, 2009). Nonetheless, infrastructure is 

a part of the overall capital stock of a nation or region (Biehl, 1991; Prud’homme, 2005) 

and can be generally divided into two categories—hard and soft. Hard infrastructure is 

also referred to as ‘economic’ infrastructure and includes roads, bridges, ports, and 

electrical and telecommunications systems. Soft infrastructure includes entities, such as 

parks, recreation facilities, health and human services as well as schools and human 

capital (Haynes, 2006). 
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Infrastructure has the potential to influence an economy in various ways. In 

general, it lowers the costs of inputs used by enterprises and enlarges the pool for goods 

and services, labor, and even capital markets 

(see Nijkamp, 2003; Porter, 2000; Prud’homme, 2005). Some types of infrastructure 

exhibit network effects—as more economic agents become associated with these 

network-based infrastructure their utilities increase (see Katz & Shapiro, 1985). 

Infrastructure is also associated with spillover effects such that the availability of 

infrastructure in a region does not only influence activities locally, but also those beyond 

local boundaries (see Anselin, Varga, & Acs, 1997).  

 Some infrastructure facilities are characterized by lumpiness such that their 

usefulness can be only derived once they are complete and available. In addition, 

infrastructure are space-specific and immobile (Prud’homme, 2005) and can have 

negative consequences in the development of areas that have a lower endowment of 

facilities (Nijkamp, 1986). Infrastructure is also subject to decreasing returns to scale but 

is not a sufficient condition for development (Rietveld, 1989). Finally, infrastructure is 

characterized by market failures (Prud’homme, 2005) and that governments often rely on 

regulatory mechanisms to deal with such situations (see Gomez-

Ibanez, 2003; Haynes, 2006). However, it should also be noted that government 

intervention is only a necessary, not a sufficient condition to deal with market failure 

(see Wolf, 1979).     

Public investment in highways, streets, water systems, and sewers induces an 

increase in the rate of return to private capital that ultimately leads to economic growth 
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and productivity gains (Aschauer, 1989). Munnell (1990) also observed that public 

capital investment has a positive and statistically significant impact on private sector 

output. Holtz-Eakin (1994), on the other hand, noted that after controlling for region-

specific characteristics, the productivity benefits from the provision of public 

infrastructure are negligible. Interestingly, Baltagi and Pinnoi (1995) found that the 

contribution of public infrastructure capital is insignificant at the aggregate level. 

However, the disaggregate-level analysis revealed that private sector productivity can 

experience significantly positive and negative as well as insignificant impacts of public 

sector capital.  

For various reasons, such as research objectives, modeling techniques, and data, it 

is often difficult to ascertain the exact relationship among infrastructure, investment, and 

ownership (see Button, 1998; Gramlich, 1994; Prud’homme, 2005). However, the 

importance of infrastructure in economic growth and overall development should not be 

overlooked. 

1.2 Telecommunications and economic development 
A well-developed telecommunications infrastructure positively affects the 

economy (Cronin, Parker, Colleran, & Gold, 1991). Roller and Waverman (2001) 

reached to a similar conclusion, but found that this positive causality can only be 

achieved when a critical mass of telecommunications infrastructure is present, and that 

critical level appeared to be almost at the universal service level. In the U.S., the 

improvement of regional productivity was positively influenced by the accumulation of 

telecommunications infrastructure (Yilmaz, Haynes, & Dinc, 2001). However, the impact 
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of telecommunications varies significantly across sectors (Greenstein & Spiller, 1995; 

Yilmaz et al., 2001). Dholakia and Harlam (1994), Datta and Agarwal (2004), and Ding, 

Haynes, and Liu (2008) also found a positive effect of telecommunication in economic 

growth and development.  

The Internet is a seamless platform of various information and communications 

technologies (ICTs) characterized by unicasting, broadcasting, and multicasting and 

interactive capabilities (see Leiner et al., 1997). Although the earlier data on the U.S. 

Internet experience lack consistency (Hoffman, Kalsbeek, & Novak, 1996), the 

commercialization of the Internet offered a myriad of innovation possibilities 

(Leiner et al., 1997; Press, 1994) that was important for stimulating economic expansion 

and supporting economic change. 

By the mid-1990s, this virtual space witnessed the emergence of innovative 

companies, such as Amazon.com, eBay, Yahoo!, and Google. Business enterprises in 

multiple U.S. cities not only owned Internet domains (Moss & Townsend, 1997), but also 

started using their online presence for tactical and strategic reasons 

(see Bakos, 1998; Brynjolfsson & Smith, 2000; Griffith & Krampf, 1998). Productivity in 

the business sector increased and continued to grow with new innovations. The lower 

transaction costs and prices as well as the downward pressure on inflation benefitted 

consumers directly (Willis, 2004). 

The first mobile phone was developed in the U.S. in the 1960s, but higher prices, 

spectrum shortages, double billing systems, and incompatible and competing standards 

hindered the growth of mobile market 
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(see Clarke, 2008; Kumar, 2004; Lu, 2008; Parker & Roller, 1997). However, there are 

signs of increasing utilization of mobile commerce services (West, 2009) and 

collaboration of businesses and service providers to avail services on mobile devices (G. 

Lee, 2010; Verizon Wireless, 2011).  

The U.S. wireless telecommunications sector now plays an important role in the 

economy. Productivity gains increased with the increased adoption of mobile wireless 

services. Over time, the use of mobile services in areas, such as inventory and health care 

management and field service applications, is likely to generate higher consumer surplus 

and contribute positively to the overall economic (Entner, 2008; Entner & Lewin, 2005). 

Rao (2011) also noted that the U.S. mobile commerce sector is expected to grow to $16 

billion by 2016. 

There is no universally accepted definition of broadband with respect to 

transmission speed. According to the Recommendation I.113 of the International 

Telecommunication Union (ITU) Standardization Sector, broadband is defined as a 

“transmission capacity that is faster than primary rate Integrated Services Digital 

Network (ISDN) at 1.5 or 2.0 Megabits per second (Mbps)” (ITU, 2003). The 

Organization of Economic Development and Cooperation (OECD) suggested that the 

threshold speed of broadband is 256 kilobits per second (kbps). 

In the U.S., the Federal Communications Commission (FCC) had earlier adopted 

a speed of 200 kbps in at least one direction as the high-speed transmission rate and 

broadband data were collected using this definition. In 2008, an eight tier-based 

transmission speed structure was introduced. For the reporting purpose, the U.S. 
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operators were required to follow the tier-based system in which transmission speeds 

ranged from less than 200 kbps to more than 100 Mbps (FCC, 2008). More recently, the 

Commission defined broadband as a service that allows a user to download and upload 

Internet content at 4 Mbps and 1 Mbps, respectively (see FCC, 2010). 

Unlike conventional, narrowband voice telephony and the dial-up Internet, a 

seamless broadband infrastructure offers high-speed access and manages a greater 

volume of data with the possibilities of integrated voice, text, audio, and video services, 

as well as interactivity. This allows multiple services, such as electronic commerce, 

online education, telecommuting, and telemedicine to be readily available to people that 

have access to the high-speed networks. Thus, broadband Internet has the potential to 

contribute significantly to economic growth and social development compared to 

narrowband services.  

Crandall and Jackson (2003) noted that a faster rollout of broadband services can 

contribute up to $700 billion to the U.S. economy annually. Ferguson (2004) also 

suggested that broadband has the potential to increase U.S. productivity. Similarly, 

Bauer (2006) and Litan and Rivlin (2001) posited broadband as a precondition for 

innovation as well as competition that is essential for economic growth.  

Gillett, Lehr, Osorio, and Sirbu (2006) found that broadband access helps in 

enhancing economic growth and performance. In a state level analysis, 

Crandall, Lehr, and Litan (2007) observed a positive association between state gross 

domestic product and service sector employment and broadband adoption. 

Thompson and Garbacz (2008), on the other hand, found a little or even a negative direct 
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association between broadband and state economies. However, it was noted that indirect 

benefits, such as inefficiency reduction and productivity improvement, were more likely 

with the availability of broadband.  Shideler, Badasyan, and Taylor (2007),  

Ford and Koutsky (2005), and Ceruzzi (2008) studies were limited in scope, but still 

observed positive contributions of high-speed access on the economy.  

More recently, Mack, Anselin, and Grubesic (2011) and Kolko (2012) noted that 

broadband has potential to contribute to the overall economy. However, because of socio-

economic disparities across regions, the impact of broadband will not be consistent. 

Greenstein and McDevitt (2011) also recognized the economic value of broadband and 

suggested that the returns associated with broadband are based on service providers’ 

capital investments. Nonetheless, the incremental consumer surplus gains from higher 

broadband speeds are relatively small.  

Finally, various studies have attempted to understand the importance of 

broadband in an economy. However, in the absence of a good research theory, model, 

and data, empirical results are often difficult to comprehend. Mayo and Wallsten (2011) 

suggested that broadband studies should be connected to micro and macroeconomic 

theories and that research should be more systematic, rigorous, and granular such that the 

association between broadband and economic growth can be well-understood.  

1.3 Telecommunications and public policy in the U.S. 
In the U.S., both the operators and government have been instrumental in 

influencing the telecommunications sector. In the 1800s and early 1900s, telegraph 

services were provided by the private operators and were generally used for facilitating 
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commerce and expanding markets (Du Boff, 1984a, 1984b). However, since the market 

power was concentrated among a limited number of operators, the operators were able to 

control the market structure. The acquisition of rival companies by the Western Union 

Telegraph Company is described as the first natural monopoly in the U.S. (Du Boff, 

1984b). However, Chandler (1977) saw this as a strategic move culminating to a nation-

wide business (see John, 2008), where price fixing through cartelization (Headrick & 

Griset, 2001) was not uncommon. 

The U.S. government’s direct influence on the telegraph industry came about in 

different ways. In the earlier years of the telegraph, although the market was dominated 

by a limited number of operators, unlike many European governments, the U.S. 

government did not intervene the market (Du Boff, 1984b). In 1860, the Pacific 

Telegraph Act of 1860 was enacted to provide subsidies to private companies for 

transmitting federal messages as well as for expanding telegraph services to the western 

parts of the U.S. (Du Boff, 1984a). During the Civil War, the Union rolled out some 

15,000 miles of wires, but placed the network under civilian control (Cohen, 1996). After 

the First World War, the U.S. Navy tried to maintain control of the intercontinental 

radiotelegraphy, but the influence of the private sector made that impossible (Headrick & 

Griset, 2001). Finally, the introduction of the submarine cable license control to limit 

foreign investment by the Grant Administration (Hills, 2007) and the enactment of the 

Radio Acts of 1912 and 1927 (see Davis, 1927; Minasian, 1969) are some other examples 

of the government’s direct involvement in the telegraph industry. 
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The history of the telegraphic voice communications dates back to 1876, when 

Alexander Graham Bell invented and patented the telephone. With the patent, the Bell 

Telephone Company and its long-distance operator American Telephone and Telegraph 

Company (AT&T) served most of the U.S. customers. Even after the expiration of Bell’s 

patent in 1894, the Bell System was the most dominant service provider and relied on a 

predatory pricing approach and other strategies to prevent challengers from entering the 

market (see Brock, 1994; Gabel, 1994). Even by the early 1900, the Bell System’s 

monopoly strategy of “one policy, one system, universal service,” was seen by Congress, 

state legislators, and utility regulators as the best way to provide telecommunication 

services (Thierer, 1994). 

Despite the government initiatives, such as the Mann-Elkins Act of 1910 and the 

Kingsbury Commitment of 1913, the anti-competitive behavior of the Bell System 

persisted (Brock, 1994). An independent FCC was created under the provisions of the 

Communications Act of 1934 to regulate monopoly. Instead it served as a front to guard 

the interests of the regulated monopoly of AT&T (Furchtgott-Roth, 2006; Thierer, 1994). 

Finally, three major decisions associated with Hush-A-Phone, Above 890, and Computer 

Inquiries set the precedence for deregulating the telecommunication sector 

(see Brock, 1994; Gordon, 1997; Irwin, 1964; Zarkin, 2003).  

 The regulatory barriers were consistently dismantled, but AT&T was against 

giving up its monopoly power. It had the support of legislators and regulators that further 

made it difficult to strip its monopoly (Thierer, 1994). Even after regulatory decisions 

started favoring other carriers and equipment manufacturers, it lobbied in Congress to 
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protect itself (Brock, 1994; Teske, 1990). However, in 1982, after eight years of the 

antitrust case, AT&T decided to sign a Consent Decree to split off the monopoly.  

The enactment of the Telecommunications Act of 1996 was an attempt to address 

issues, such as competition, bureaucracy, technology retardation, and antitrust. To some 

extent, it offers solutions to such problems (Crandall, 2005; Furchtgott-Roth, 2006; 

Hazlett, 2000). While the Act of 1996 regulated prices associated with cable services, it 

ignored the issues of wireless competition and broadband Internet. Instead, the Act 

collectively defines “advance telecommunications capability” as any transmission media 

or technology that offers high-speed, switched, broadband telecommunications capability 

related to high-quality voice, data, graphics, and video telecommunication between end 

users. 

One of the important public policy interventions in the telecommunications sector 

has been the mandate of universal service. The Universal Telephone Service Preservation 

Act of 1984 was enacted to support universal service initiatives (Dordick, 1990; Mueller, 

1997). In 1984, the FCC formulated Lifeline Assistance and, in 1987, Link-Up America 

programs to provide assistance to low-income households. However, Johnson (1988) 

suggested that targeted programs simply became an income redistribution scheme 

through regulation and did not contribute to increasing telephone access. Similarly, 

Garbacz and Thompson (1997) noted that the targeted programs had a minimal impact on 

telephone penetration. While many states used universal service obligations as a means to 

increase telephone penetration, instead of increasing their outputs by increasing the 
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telephone services, they simply wasted the Universal Service Fund subsidies by creating 

excess capacity (Dinc, Haynes, Stough, & Yilmaz, 1998). 

Federal government has shown a mixed attitude toward broadband. In the first 

three years in the White House, President George W. Bush had limited broadband 

concerns on his working agenda (Bleha, 2005). President Barack H. Obama, on the other 

hand, had broadband in his election agenda (see Obama’08, 2008). The Obama 

administration was successful in appropriating $7.2 billion through the American 

Recovery and Reinvestment Act of 2009 for implementing its broadband agenda. 

Following the Act of 2009, the FCC unveiled the National Broadband Plan on March 16, 

2010. The National Information and Telecommunications Administration (NTIA) has 

been responsible for collecting and mapping broadband data and the U.S. Department of 

Agriculture (DOA) has been disbursing broadband loans to expand rural access. 

State governments have also been pushing their broadband agenda. Former state 

governors, such as Bob Riley of Alabama, Arnold Schwarzenegger of California, and 

Tim Kaine of Virginia took the leadership role and worked alongside service providers, 

vendors, state regulatory agencies, and consumers to push their broadband agenda. Other 

states, as diverse as Connecticut, Maine, Alabama, and New York, also have their own 

broadband programs (see National Conference of State Legislatures, 2010). 

Since the broadband market is made of various types of technologies, providers, 

users, and services, it is often difficult to assess it holistically. Nonetheless, a recent 

release of the FCC (2012) suggested that by June 2011, the traditional 200 kbps line 
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reached to 206 million; mobile Internet subscriptions reached to 120 million, and fixed 

and mobile services are shifting to higher speeds. 

1.4 Research questions and hypotheses 
Because resources are scarce, it is not only important to allocate resources 

efficiently, but also to determine a better alternative. Since the problem of broadband is 

often associated with efficient allocation of resources, this becomes an important public 

policy issue.  

 Grubesic (2010) examined the efficiency of broadband availability at the zip code 

level. The study, however, focused on the provision of broadband instead of actual 

adoption and use. Since efficiency should be tied to the actual utilization of services and 

that states have their own broadband agenda and have regulatory power, this study 

attempts to assess the efficient utilization of existing broadband capacity at the state level 

as a precursor to making decisions for adding additional capacity. In addition, because of 

spillover effects resulting from state policies efficiency might have spatial dependence. 

Based on these arguments, this dissertation attempts to answer the following questions:   

 Question: Are all states efficient in adopting and using broadband services? 

 Question: How does efficiency vary over time? 

 Question: Do efficient states rank the same over time? 

 Question: Is efficiency spatially associated?  

  

In today’s information economy, information is important for performing daily 

business activities, such as acquisitions, marketing, recruitment, and sales and that 
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business ventures need high-speed access. Thus, entrepreneurs that create new firms are 

likely to be attracted to regions that have provisions of broadband access. Since earlier 

studies have not examined the relationship between firm formation and the provision of 

broadband, this study proposes to examine that. This leads to the following research 

question:  

Question: Since broadband is an essential infrastructure of the new economy, are 

new firms attracted to or stimulated to form in areas that have provision for broadband 

Internet access? 

The research hypothesis is then: 

Hypothesis: Controlling for other variables, new firm formation and the 

provision of broadband infrastructure are positively associated with each other.     

 Economic activities are often defined by space. However, economic analysis often 

overlooks space (see Fujita, Krugman, & Venables, 1999; Krugman, 1991, 1998). A 

number of studies, such as Grubesic and Murray (2004) and Grubesic (2006), has 

explored the spatial aspect of broadband provision, but is limited to the U.S. broadband 

market structure. A recent study by Mack et al. (2011) provided some spatial perspectives 

on broadband and economic development. However, the spatial association between new 

firm formation and the provision of broadband has not been examined. Thus, the next 

research question is: 

Question: Since new firm formation and the provision of broadband 

infrastructure are closely associated, is new firm formation in a region associated with 

new firm formation in its spatial neighborhood (that is, spillover effects exist)? 
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 The hypothesis to be tested is: 

Hypothesis: In a region endowed with broadband infrastructure, controlling for 

other variables, new firm formation is positively associated with new firm formation in 

its neighboring regions. 

 

Similarly, unobservable heterogeneity is also an important aspect of spatial 

analysis. Spatial heterogeneity or nonstationarity is the spatially varying local 

relationship (see Anselin, 1988). Cheng and Li (2011) recently observed that new firm 

formation varies spatially in the U.S. However, the variation of firm formation has not 

been studied with respect to broadband Internet. This leads to the following research 

question:  

Question: In smaller regions embedded in a large region, is the relationship 

between new firm formation and the provision of broadband same across all smaller 

regions? 

 Finally, since the focus of this research is on the U.S. broadband ecosystem, the 

term “broadband” in this dissertation implies a transmission rate of 200 kbps in at least 

one direction. 

1.5 Organization of the dissertation 
This dissertation is organized in the following manner. The next chapter examines 

the role of data in empirical research and identifies the sources of broadband data and 

their limitations. The efficiency analysis of broadband adoption and use is covered in 

Chapter 3. Chapter 4 examines the relationship between new firm formation and 
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broadband provision. In Chapter 5, the spatial dimension of new firm formation is 

examined. Chapter 6 provides conclusion and policy implications. It also covers 

limitations of the current research and provides directions for future research.    
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2 DATA ISSUE 

Data are crucial for policy assessment. Since data collection methodologies and 

variables and their descriptions vary across regions and countries and their data collection 

agencies, a number of research studies on a common topic that uses data from disparate 

sources can often lead to different conclusions. Public policy decisions made without 

appreciation of a research setting and data source(s) can lead to poor results. This chapter 

focuses on telecommunications data, especially on broadband indicators, and will 

introduce various data sources and data characteristics and limitations and the 

implications these have for policy analysis and assessment.   

2.1 Research strategy and data 
A research strategy pairs a primary research objective and a specific research 

method (Ragin, 1994). There are different kinds of research strategies and data 

requirements vary across them (see Booth, Colomb, & Williams, 2003; Ragin, 1994). Let 

us consider the following three hypothetical research interests: 

1. Cellular wireless subscription will increase over the next five years in 

countries around the world. 

2. Wireline telephone had a positive impact on economic growth of counties 

in Virginia. 
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3. In the U.S., major news Web sites attract more visitors than federal 

government Web sites. 

Assume that each study attempts to address study-specific objective by a suitable 

quantitative methodology. Time series forecasting, spatial econometrics, and network 

analysis might be the most relevant method for the first, second, and third research, 

respectively. Next, the unit of observations varies across these three studies. In the first 

case, individual countries around the world, in the second, counties of Virginia, and in the 

third, news and government Web sites are the units of observation. Depending on the 

complexity of models, data set can include a single or a multiple number of variables and 

that these variables can come from single or various sources. 

A study can come up with acceptable models to meet its research objectives, but 

research-relevant data are not always easy to acquire. Issues related to data problems 

include “…poor proxy variables, collinearities between variables, measurement error, 

improper data sampling techniques, and inaccurate matching and timing of data…” 

(Breuer & Wohar, 1996, 26). Empirical investigations are also hindered by the 

dependence of the unknown quality of data generated by others that do not necessarily 

correspond with a researcher’s needs (Aigner, 1988). However, researchers are often not 

clear in identifying different kinds of data consequent to their studies (Leamer, 1988).  

2.2 Data collection and sources 
Various agencies collect and disseminate telecommunications data. The ITU, the 

World Bank, the European Commission, and the OECD are some of the major agencies 

that collect data from national regulatory authority, government agency, and operators. 
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Data are collected at different frequency and disseminated electronically or in printed 

format.   

The World Telecommunication/ICT Indicators database of ITU contains 

continuous annual data of over 200 economies from 1975 through 2010. It covers various 

indicators, such as fixed telephone lines, mobile cellular subscriptions, and broadband 

subscriptions including some demographic, macro-economic, and broadcasting statistics. 

The database can be purchased one-time on compact disc or online as annual subscription 

and costs 255 or 445 Swiss Franc, respectively (ITU, 2011a). ITU also provides a limited 

number of telecommunications statistics online in Microsoft Excel format for free (ITU, 

2011b). 

The World Bank disseminates a number of ICT indicators, such as ICT goods 

exports and imports, Internet users, Internet users per 100 people, and mobile and fixed-

line telephone subscribers per 100 people. Its Web site suggests that telecommunications 

data are compiled from the ITU. The annual data is available at the country level and can 

be downloaded in Microsoft Excel or Extensible Markup Language format for free 

(World Bank, 2012). 

Eurostat is another source of ICT data, but is generally limited to the European 

Union member states and often other countries, such as the U.S. and Japan. Under the 

theme Information Society, there are numerous annual ICT indicators ranging from policy 

indicators to regional information society statistics. Data are also supplemented by small 

reports. In addition, community surveys on ICT usage in households and by individuals 



19 

 

and in enterprises are also available. Data can be downloaded free of charge via the 

Internet in multiple file formats (Eurostat, 2011). 

The OECD provides 15 ICT indicators online in Microsoft Excel format. The 

indicators, such as access lines and access paths, top 250 ICT firms, and contributions of 

ICT investment to gross domestic product growth, are available (OECD, 2012a). In 

addition, broadband-specific statistics are available from the OECD Broadband Portal 

(OECD, 2012b). While some indicators are available across a number of years, some are 

limited to single years. OECD also publishes the Communications Outlook and the 

Information Technology Outlook annually and these publications are alternated each year. 

They contain somewhat comprehensive ICT statistics compared to free online statistics, 

but can only be accessed with the subscription of the OECD iLibrary or can be bought 

from the OECD online bookstore. The online subscription of the OECD 

Telecommunications and Internet Statistics database is US$385. This database has annual 

data from 1980 onwards for 100 telecommunications variables (OECD, 2012c). 

 Data collected and disseminated by the aforementioned agencies has a number of 

limitations. First, most of the data are at the country level. The absence of granular data 

makes it difficult to study various telecommunications-related issues at the lower 

administrative/geographic levels. Second, the annual data often do not reflect the 

variations needed to understand the changes in ICTs. Third, since not all countries have 

same amount of resources to collect and report data, the quality of the data is less likely 

to be consistent across nations.  
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In the U.S., the FCC collects a range of telecommunications data, and various bureaus 

within the Commission are responsible for tracking and disseminating them. The 

Consumer and Governmental Affairs Bureau tracks consumer inquires and complaints 

and releases quarterly reports; the International Bureau is responsible for tracking and 

reporting international telecommunications industry trends; the Media Bureau reports on 

the cable industry; the Wireless Telecommunications Bureau covers the state of 

competition in the commercial wireless industry; and the Wireline Competition Bureau 

collects and disseminates common carrier-related statistics. 

National Telecommunications and Information Administration (NTIA) is a body 

that is responsible for advising the U.S. president on telecommunications and information 

policy. NTIA, in collaboration with the Census Bureau, played an important role in 

studying Internet and computer use in the U.S. and those studies were published as the 

Falling Through the Net series (see NTIA, 2012). However, the data are limited in scope 

and time.  

As a part of its Rural Development Mission Area, the U.S. Department of 

Agriculture (USDA) supports rural telecommunications services. It provides technical 

assistance, grants, and loans to foster rural telecommunications access and services. It 

also collects data through survey and has its own statistical agency. However, not all 

telecommunications-related data are publicly available (see Stenberg et al., 2009).   

Private entities, such as Harte-Hanks, Forrester, and TeleGeography, also collect 

ICT data. Data are collected at the local as well as the international level and across 

various industry and user segments. The Harte-Hanks Ci Technology Database is a 
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collection of firm level data and provides information, such as detailed business profiles, 

hardware, software, and telecommunications networks (Harte-Hanks, 2012). Forrester’s 

Consumer Technographic is a survey-based database that consists of detailed data on 

global consumer adoption of digital devices, channels, and services (Forrester, 2012). 

TeleGeography’s research services provide data that are divided into seven major areas 

related to telecommunications, such as telecom networks and infrastructure, retail mobile, 

broadband, and fixed line, and telecom service pricing (TeleGeography, 2012). All of the 

above-mentioned data from the private sector are subscription-based and are often 

expensive. In addition, it is difficult to assess the quality of data.  

Independent, non-profit organizations, such as Pew Research, survey individuals 

to assess various issues associated with the Internet. Pew Internet and American Life 

Project, for example, provides data on broadband, digital divide, cloud computing, social 

networking, and Web 2.0. These data are freely downloadable in different formats (Pew 

Research Center, 2012). Since the data are survey-based, they are limited in scope. In 

addition, data are not collected consistently over time.        

2.3 Broadband data in the U.S. 
Form 477 is used by service providers to report their details to the FCC and that 

they are required to file Form 477 twice annually. According to the FCC (2011), (a) 

facilities-based providers of broadband connections to end user locations; (b) providers of 

wired or fixed wireless local exchange telephone service; (c) providers of interconnected 

Voice over Internet Protocol (interconnected VoIP) service that include both service 

retailers and service wholesalers; and (d) facilities-based providers of mobile telephony 
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service need to file Form 477. Operators are required to furnish details, such as the type 

of operations and services, location, the total number of connections, and information 

transfer rate to and from the end user. 

The FCC started collecting broadband data from May 2000, but the collection and 

disseminations methods have a number of limitations. First, there is no consistent 

definition of broadband transmission rate. In the initial stage, the Commission established 

200 kbps as the baseline transmission speed. However, the ITU defined broadband as a 

“transmission capacity that is faster than primate rate Integrated Services Digital Network 

(ISDN) at 1.5 or 2.0 Megabits per second (Mbps)” (ITU, 2003) and the OECD suggested 

a threshold speed of 256 kbps. In 2008, the FCC made changes to Form 477 to collect 

more granular speed data and according to which operators were required to report 

transmission speed based on the tier-based structure proposed by the Commission (FCC, 

2011b). Nonetheless, the tier-based definition also is not comparable to the ITU 

definition of broadband.  

Second, in the earlier stage of the Form 477 program, operators with fewer than 

250 connections in a state were not required to file Form 477. However, after the 

Commission revised Form 477 in 2004, all facilities-based providers were required to file 

it (FCC, 2011b). Thus, based on the FCC data, it is difficult compare broadband status 

before and after 2004.  

Third, before the modification of Form 477 in 2008, data were collected at the zip 

code level. The publicly-available zip code data are often less useful in policy analysis 

because zip codes are not the legal decision making units for any policy purpose, but 
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merely postal parcels used by the United States Postal Services to distribute mails. In 

addition, zip code boundaries change according to the needs of the Postal Service 

(see Stevens, 2006) and that these changes often cross administrative boundaries, such as 

census tracts or counties.  

Fourth, an operator needs to report the number of its subscribers at any zip code. 

Whether there is a single or a large number of subscribers, data disseminated by the FCC 

suggest that even in the presence of a single subscriber in a zip code, the entire zip code 

enjoys broadband access. However, such a reporting is often misleading because service 

in one area does not necessarily mean there are services in other areas of a zip code. For 

instance, in December 2005, the FCC data reported that 24 operators provided broadband 

access in zip code 78731. However, in a block within that zip code there was merely one 

provider. Cable was the only option for broadband access and the advertised satellite 

service was unavailable (Flamm, 2007). 

Fifth, data matching is another challenge associated with the FCC broadband data. 

At the zip code level, the FCC reports the number of providers and at the state level, it 

reports the number of subscribers. While policy making is likely to be associated with 

both the use and provision at various administrative levels, the FCC broadband data on 

subscription at the state and the provision at the zip code levels do not offer any 

possibility to make bottom-up and top-down assessments. 

Sixth, the downloadable data on the FCC’s Web site are available in Microsoft 

Excel format and portable document format (PDF). While the spreadsheets are easily 

manageable, the PDF documents that contain the number of high-speed service providers 
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by zip codes are password-protected. Researchers need to invest additional resources to 

extract data from the password-protected file (see Grubesic, 2010). Some of the more 

recent data are provided at tract and county levels are in Microsoft Excel, SAS, and 

comma-separated values formats.  

Under the provisions of the American Recovery and Reinvestment Act of 2009, 

$4.7 billion was appropriated for Broadband Technology Opportunities Program of 

which up to $350 million was set aside to develop and maintain a broadband inventory 

map. NTIA unveiled the National Broadband Map online in February 2011. The 

interactive features allow one to display various data, such as the type of technologies, 

number of service providers, and maximum advertised speed, in the U.S. at various 

administrative levels. Lennett (2011) suggested that the mapping initiative was flawed 

and that did not capture actual information, such as price, transmission speed, and 

locations of service providers. Grubesic (2012) further argued that because of the 

fundamental flaw in data collection and interpretation, it is difficult to use the data for 

empirical analysis. However, the national broadband map initiative has also been 

applauded for its visualization capabilities and for its possibilities of future expansion and 

enhancement (see Schutzberg, 2011).  

On the one hand, the U.S. broadband data has its own limitations. For instance, 

the nationwide, publicly available data are only available through the federal government 

and data collection and dissemination have not been consistent over time. On the other, 

broadband data collection and dissemination mechanisms that are contingent upon 

factors, such as indicator definition, resource availability, legal framework, and collection 
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and reporting methods are not consistent across nations and agencies. For example, 

Wallsten (2008) noted that the OECD and the FCC missed about 70 million broadband 

connections in U.S. workplaces as compared to the data from the U.S. Census and 

Nielsen Company. In addition, the decline in the broadband ranking is attributed to the 

use of household size to rank broadband penetration. According to Wallsten (2008), such 

an indicator distorts the ranking because households in the U.S. are large compared to 

other countries. In an extension of his earlier study, Wallsten (2009) further noted the 

difficulties associated with measuring speed and collecting price data. Policy formulated 

without understanding such issues is likely to have unintended consequences. 

Overall, the U.S. Government Accountability Office (GAO) recognized the data 

limitations issues in a report to Congress in 2006 (GAO, 2006) and various bills, such as 

the Connect Nation Act of 2007 and Broadband Census America Act of 2007 were 

introduced in Congress to improve data collection and dissemination processes. The 

federal government has also shown seriousness to data collection and dissemination 

issues by enacting the Broadband Data Improvement Act of 2007 and funding the 

National Broadband Map initiative. Hence, it is up to the executing agencies, such as the 

FCC and NTIA, to plan and manage data collection and dissemination processes more 

scientifically. 

2.4 Conclusion 
Research-relevant data are very important for research objectives. However, it is 

not always possible to find and access data for various reasons. For example, some data 
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are collected at the global and others at the local scale; some are publicly available and 

others are not; and some are easy and others are difficult to understand and use. 

The limitations of U.S. broadband data have been recognized not only by 

scholars, but also by government agencies. There have been some improvements in data 

collection and dissemination processes, and it will take some more time before better data 

can be available. Because the publicly available data are not perfect for every kind of 

empirical analysis, researchers in the area of telecommunications policy need to accept 

these facts and be cautious and spell out the limitations of data in their research.  
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3 PATTERNS OF BROADBAND EFFICIENCY 

Since resources are scarce, decision makers are faced with the challenge of 

finding an optimal solution from all possible input and output combinations to maximize 

resource utilization and operate efficiently.  This chapter examines the efficiency of 

broadband utilization in the U.S. Data Envelopment Analysis (DEA) is used to assess 

efficiency related to the adoption and use of broadband services at the state level. Both 

instantaneous and intertemporal efficiencies are evaluated. Super-efficiency method is 

used for ranking the efficient states. In addition, the spatial dependence of efficiency is 

also examined. The overall study period ranges from 2005 through 2007.   

3.1 Broadband infrastructure 
The impact of infrastructure investment on productivity is generally positive and 

significant, especially with respect to hard economic infrastructure (Aschauer, 1989; 

Munnell, 1990; Prud’homme, 2005). Further, some sectors are influenced more than 

others depending on the type of infrastructure in question. For example, 

telecommunications infrastructure affects financial, insurance and real estate and the 

retail sectors more positively than traditional manufacturing (Yilmaz et al., 2001).  

Earlier studies suggest that the availability of broadband infrastructure can positively 

impact the economy. Ferguson (2004) suggested that the improvement of broadband 

access can increase U.S. productivity. Similarly, Bauer (2006), Maldoom, Marsden, 
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Sidak, and Singer (2005), and Litan and Rivlin (2001) posited broadband as a 

precondition for innovation as well as competition that is necessary for economic growth. 

According to Austin and Bradley (2005), broadband offers a real-time and rich 

collaborative environment that generates new capabilities, markets, and strategies, which 

are important for economic growth. In addition, Crandall and Jackson (2003) observed 

that a faster rollout of broadband networks can contribute up to $700 billion to the U.S. 

economy annually. Although these studies highlight the economic impact of broadband 

Internet, they are very descriptive and do not provide any formal assessment framework 

to validate their arguments. 

Gillett, Lehr, Osorio, and Sirbu (2006) found that broadband access helps in 

enhancing economic growth and performance. In general, the models take into account 

availability rather than actual use. Zip code level data provided by the FCC assumes that 

if there is a single broadband provider within a zip code, the entire zip code has 

broadband facility access. This in reality is not true and makes it difficult to defend the 

argument that the entire zip code area enjoys broadband services and thus their 

conclusions. This also applies to similar studies carried out by Prieger (2003) and 

Flamm (2006).  

At the state level, Crandall, Lehr, and Litan (2007) examined the impact of 

broadband adoption on employment and gross state product. They found that the sectoral 

employment, especially the service sector, is positively associated with the availability of 

broadband. Their study takes into account the number of subscribers at the state level, but 

does not consider the modified data collection method adopted by the FCC in 2005. 
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Hence, the study periods—2003, 2004, and 2005—are difficult to compare. Likewise, 

Shideler, Badasyan, and Taylor (2007) found that broadband deployment contributes to 

the employment growth in some industries. But their findings were limited to Kentucky.  

Lee (2006) adopted time series analysis to examine the convergence of 

computing, telecommunications, and broadcasting in relation to broadband diffusion in 

the U.S. The analysis found that platform competition has been a key driver of broadband 

deployment. However, the limitation of this study is that a time series analysis of a small 

time length—1999 to 2004—may overestimate variances and bias estimators.  

Historically, for different reasons, both the federal and state governments adopted 

policies to promote telecommunications services and the outcomes varied across regions. 

The broadband market has experienced a similar fate. For example, in the U.S., Grubesic 

and Murray (2004) found that the deregulated and competitive market was successful in 

promoting broadband services. However, rural areas compared to urban areas 

significantly lacked broadband access. Even after the federal government attempted to 

redress the infrastructure investment problem through the Broadband Loan Program, 

there was no measurable, positive impact on recipient communities (Kandilov & 

Renkow, 2010). 

3.2 Research problem and questions  
Performance of a decision making unit (DMU) is an important operational issue 

and the natural measure of performance is productivity, which is the ratio of output(s) to 

input(s). In order to measure productivity, a production frontier is used. Any DMU on the 

production frontier is said to be technically efficient. DMUs that are beneath the frontier 
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are said to be technically inefficient. Thus, efficiency is a relative term and is applicable 

to a set of DMUs with common input(s) and output(s) (see Coelli, Rao, O’Donnell, & 

Battese, 2005; Sherman & Zhu, 2006).  

 Efficiency has been extensively measured in a variety of situations. Haynes, 

Ratick, and Cummings-Saxton (1998) distinguished efficient plants from inefficient ones 

and measured the progress of industry toward specific pollution prevention goals; 

Karkazis and Thanassoulis (1998) assessed the effectiveness of investment incentives in 

different regions of Greece; and Haslem, Scheraga, and Bedingfield (1999) evaluated 

financial practice among banks operating internationally. The relative efficiency of 

biomedical research infrastructure (Haynes, Philogene, & Dinc, 2000), airport facilities 

(Fernandes & Pacheco, 2003), maritime ports (Tongzon, 2001), and telecommunications 

infrastructure (Dinc et al., 1998) has also been studied.  

 In any case, existing infrastructure must already be used to capacity before 

additional capacity is effective. Hazlett (2008) observed that although regional 

governments invested in Internet infrastructure and services, they could not redress the 

phenomenon of digital divide. More recently, Kenny and Kenny (2011) found that optical 

fiber networks are not often utilized optimally and that service providers are reluctant to 

make additional investment. Hence, it is important to understand or assess existing 

efficiency before adding new capacity because efficiency determines the success of 

resource utilization and a technically efficient entity has the ability to avoid wastage by 

producing as much output as possible, or by using as little input as a production process 

allows (see Koopmans, 1951). 
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 Grubesic (2010) examined the efficiency of broadband availability at the zip code 

level. However, the study has a number of limitations. First, it examined service 

provisioning rather than adoption and use. Service can be efficiently provided, but if it is 

not efficiently used it would be difficult for state governments to formulate appropriate 

future policies. Second, the study did not take into account the change in efficiency over 

time, which limits the ability of policy makers to understand the dynamics of broadband 

adoption and use. Third, in the absence of the ranking, it is difficult to differentiate 

efficient DMUs.  

 Broadband adoption and use at the state level will be analyzed for a number of 

reasons. First, the subscriber data is only available at the state level for the entire country. 

Second, deregulation at the federal level has left states as the legal regulatory units for 

telecommunication management including broadband (see Dinc et al., 1998). Although 

the FCC provides the availability data at the zip code level, the zip code is not a legal 

decision making entity for regulation purposes. While the federal government has 

formulated the National Broadband Plan and the U.S. Department of Agriculture 

provides subsidies to expand broadband initiatives, after the deregulation of 

telecommunications sector in the U.S., state policies and regulatory environments have 

played a central role in influencing the overall telecommunications market (Ai & 

Sappington, 2002; Teske, 1991; Travis, 2006). 

 Third, state governments have taken different initiatives to foster digital 

ecosystems that they see as most relevant to their states in this information age. Former 

state governors, such as Bob Riley of Alabama, Arnold Schwarzenegger of California, 
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and Tim Kaine of Virginia took the leadership role and worked alongside service 

providers, vendors, state regulatory agencies, and consumers to push their broadband 

agenda. Other states, as diverse as Connecticut, Maine, Alabama, and New York, have 

also promoted their own broadband programs (see National Conference of State 

Legislatures, 2010). In addition, state governments supply various electronic government 

services (see West, 2010). These services not only support state strategies in transparency 

and accountability, but are also consumed by businesses, government agencies, and 

citizens. While the uptake of electronic government services might not follow the 

broadband subscription for various reasons, such as access, provision, and awareness, the 

OECD reported that member countries with a high electronic participation index, such as 

the U.S., are most likely to be the countries that provide advanced transaction-oriented 

services (OECD, 2009). 

 On the one hand, the federal government with its National Broadband Plan and 

state governments with their state-level agendas are promoting broadband policies as well 

as providing electronic government services to increase Internet users. On the other hand, 

broadband efficiency in terms of adoption and use has not been fully measured in the 

U.S. For this reason this study attempts to assess the efficient utilization of existing 

broadband capacity at the state level as a precursor to making decisions for adding 

additional capacity. Since the inputs to create new infrastructure are multifaceted and 

capacity is also multidimensional, a multiple input/multiple DEA is used to accomplish 

this goal. In the DEA models, socio-economic and technological variables will be used as 
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inputs and the number of broadband subscribers and electronic government index will be 

used as outputs. 

 Once efficiencies are measured, their spatial association will be examined. The 

assumption is that spatial dependencies can exist due to interstate imitation, spillover, or 

competition. For instance, since the individual states have regulatory power to shape their 

broadband agenda, the involvement of governors and local agencies can further provide 

impetus which can easily influence neighboring states. Once the dependencies related to 

efficient use are known states can formulate policies to maintain their efficiencies, if they 

are efficient, or improve their efficiencies, if they are inefficient in terms of broadband 

adoption and use.  

The research questions are then, for the given inputs:  

 Question 3a: Are all states efficient in adopting and using broadband services? 

 Question 3b: How does efficiency vary over time? 

 Question 3c: Do efficient states rank the same over time? 

 Question 3d: Is efficiency spatially associated?  

 

3.3 Methodology and data 
DEA is a non-parametric approach to efficiency measurement that allows one to 

measure different production processes in a multiple-input/multiple-output format 

without monetizing all inputs and outputs. DEA optimizes on each individual DMU and 

calculates the relative efficiency of each DMU in relation to all (or a set of) DMUs by 

using the actual observed values for the inputs and outputs of each DMU. It also 

identifies, for inefficient DMUs, the sources and level of inefficiency for each of the 
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inputs and outputs. The level of inefficiency is determined by comparing a single referent 

DMU or a combination of referent DMUs. These referent DMUs are located on the 

efficiency frontier and they use the same ratio of inputs to produce similar levels of 

outputs. In addition, an efficiency reference set (ERS) is obtained that includes the group 

of efficient DMUs and shows their relationship with the inefficient DMUs. Hence, all 

findings are in terms of ‘relative’ efficiency with respect to any existing set of the best 

DMUs that create the optimal frontier at a given point in time and with respect only to the 

DMUs being assessed (Cooper, Seiford, & Tone, 2007).  

The Charnes, Cooper, and Rhodes (1978) model (CCR) is the simplest  

DEA model and assumes a constant returns to scale (CRS) of activities. An output-

oriented CCR model in the envelopment form is given by: 
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where x is an input and m is the number of inputs; y is an output and s is the 

number of outputs; n is the number of DMUs; γ
-
 is the input excess and γ

+
 is the output 

shortfall and are referred to as the DEA slacks; ε is a non-Archimedean that is defined to 
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be greater than zero but less than any real positive number; and λ is the weight of the 

DMU being evaluated. We solve the model by maximizing ϕ. 

 The Banker, Charnes, and Cooper (1984) extension (BCC) is employed to take 

into account the effect of variable returns to scale (VRS). The output-oriented BCC 

model in the envelopment form is given by Equation (3.1) with its constraints in addition 

to the convexity constraint introduced by the BCC extension, which is given in Equation 

(3.2). 
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 The CCR and the BCC technical efficiency are often referred to as global 

technical efficiency and local pure technical efficiency, respectively. This implies that if a 

DMU is BCC-efficient but has a low CCR score it is operating efficiently locally but not 

globally. This happens because of the scale size of the DMU. Thus, scale efficiency (SE) 

is related to these two different technical efficiencies as follows (Cooper et al., 2007):  

SE    

Efficiency Scale  Efficiency Technical Pure (Local)  Efficiency Techincal (Global)

*

BCC

*

CCR 




       (3.3)

 

 Sensitivity analysis is often used to assess the effect of inputs on outputs. 

Formally, it can be defined as “the study of how the uncertainty in the output of a model 

(numerically or otherwise) can be apportioned to different sources of uncertainty in the 

model input” (Saltelli, Tarantola, Campolongo, & Ratto, 2004, 45). In a DEA model, 

influential observations or outliers can affect the technical efficiency scores. The 
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influential DMUs are often deleted or added to the program to assess their level of impact 

on technical efficiencies (Wilson, 1995). 

In DEA, the Malmquist productivity index is used to measure the change in total 

factor productivity (TFP), which is the ratio of all outputs to all inputs, among DMUs 

over time under the multiple-input/multiple-output framework. For the Malmquist index 

(MI) greater than one, DMU0 experiences an increase in the TFP, and for MI less than 

one, it experiences a decrease in the TFP. If MI remains one, the TFP from one period to 

the other does not change (Cooper et al., 2007).  

According to Fare, Grosskopf, Norris, and Zhang (1994), the MI can be written 

as: 

                                                          TECH EFF  MI                                            (3.4) 

where ΔEFF represents the efficiency change (catch-up) and ΔTECH represents 

the technical change (frontier-shift). In other words, the catch-up measures the change in 

efficiency of DMU0 over two different observation periods. For two observation periods 

t1 and t2:   
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The frontier-shift, in relation to DMU0, reflects the change in frontier between 

time period t1 and t2. Mathematically, it is defined by the geometric mean as: 
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21 shift -Frontier                      (3.6) 
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 By introducing the distance function δ
t
((x0, y0)

t
) for all t as the efficiency score of 

DMU0, the MI can be equivalently written as: 
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The efficiency change can be further decomposed into pure technological 

efficiency change, ΔPTEFF, and scale efficiency change, ΔSEFF, such that: 

                                                     SEFF  PTEFF  EFF                                        (3.11) 
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 Note that while ΔTECH and ΔEFF are calculated under CRS, ΔPTEFF is 

calculated under VRS. In addition, Equation (3.9) and (3.10) suggest that the TFP change 

is a product of technical change, pure technological efficiency change, and scale 

efficiency change. 

There is a number of DMUs ranking methodologies (see Adler, Friedman, & 

Sinuany-Stern, 2002). One of the super-efficiency methods ranks all efficient DMUs by 

excluding the DMU under consideration and helps to discriminate efficient DMUs 

(Andersen & Petersen, 1993). The model is identical to given by Equation (3.1) except 

that in the first and the second constraints, the DMU under consideration is not taken into 

account to calculate the super-efficiency score.  

The measurement of spatial dynamics is not that simple and one often needs to 

take into account different factors, such as spatial interdependency, geographical 

asymmetry, and space-distance components, to set up spatial models (Paelinck & 

Klaassen, 1979). Among different tools, spatial econometrics has been adopted to 

examine spatial dependency and spatial structure (Anselin, 1988).  

If the value of a variate for a region or location depends on the value of 

neighboring regions or locations, the variate is said to show spatial dependency (Cliff & 

Ord, 1970). According to Anselin (1988), the spatial externalities and spillover effects 

influence the dependency over a spatial dimension. This dependency can be 

mathematically assessed by the Moran’s I statistic and for a variate z is given by 
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 where η is the number of regions in the study area, wικ are the elements of the 

spatial adjacency weight matrix, W, and z is the mean of the variate z. In general, the 

adjacency weight matrix, such as rook and queen, takes into account the spatial 

contiguity without standardization. On the other hand, in the row-standardized form, wικ 

assumes either 0 or 1, where 0 indicates the absence and 1 the presence of contiguity in a 

direction under consideration with reference to the current observation (see Anselin, 

1988).  

 Anselin (1995) developed a general class of local indicators of spatial association 

(LISA) and showed how they allow for the decomposition of the global Moran’s I into 

the contribution of each observation. The LISA statistics serve two purposes—they may 

be interpreted as indicators of local pockets of nonstationarity, or hot spots, and may be 

used to assess the influence of individual locations on the magnitude of the global 

statistic and to identify outliers. 

Let  zzq    and  zzz l  . Then, the local Moran’s I for an observation ι 

may be defined as: 
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 where the summation over κ considers only neighboring values κ  Jι. The sum of 

local Moran’s statistic is then given by: 
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 Finally, Moran’s statistics will be used to examine the association of efficiencies 

among states.  

The data for this study is collected from different sources at the state level for 

years ranging from 2005 to 2007. The input variables include annual population estimates 

from the Census Bureau (CB); average personal income (in dollars) from the Bureau of 

Economic Analysis (BEA); non-farm employment based on the North American Industry 

Classification System (NAICS) from the BEA; population at 25 years and over with a 

bachelor’s degree or higher from the CB; and the total number of switches, which is the 

sum of local switches, tandems, host switches, and remote switches, reported by the 

incumbent local exchange carriers that include Regional Bell Operating Companies 

(RBOCs) and available through the Automated Reporting Management Information 

System (ARMIS) of the FCC. In the DEA models, population proxies the possible market 

size, income the ability to pay for broadband services, non-farm employment the industry 

mix that needs information services for production processes, the percentage of 
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population at 25 with a certain level of education for the most likely user group, and 

switches for technological investment. Likewise, the output variables are the number of 

broadband subscribers and the electronic government index. State governments can 

influence the input/output variables through policies to ensure that resources are 

optimally utilized. 

 

3.4 Results 
Since the interest is to maximize broadband adoption and use for the given inputs, 

the CCR and BCC models with output-orientation will be used to assess efficiency. The 

results are subdivided into five parts. First, we present the results of the CCR and BCC 

models. Sensitivity analysis is followed by the discussion on intertemporal efficiency. 

Fourth, results of super-efficiency are discussed. Finally, the spatial relationship of 

efficiency is presented. 

3.4.1 CCR and BBC models 
The outputs of the CCR and BCC models with five inputs and two outputs of 

2007 for some select states out of a program of 48 states (DMUs) are shown in Table 1. 

Among 48 states under consideration, nine states are CCR-efficient and 20 states 

are BCC-efficient. The mean CCR efficiency score is 0.850 and the mean BCC efficiency 

score is 0.915. Excluding the fully efficient states, 15 states in the CCR model and 8 

states in the BCC model have efficiency scores above their mean values. Mississippi is 

the least efficient (0.625) in the CCR model and Wisconsin is the least efficient (0.705) in 

the BCC model. 
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Among 48 states under consideration, nine states are CCR-efficient and 20 states 

are BCC-efficient. The mean CCR efficiency score is 0.850 and the mean BCC efficiency 

score is 0.915. Excluding the fully efficient states, 15 states in the CCR model and 8 

states in the BCC model have efficiency scores above their mean values. Mississippi is 

the least efficient (0.625) in the CCR model and Wisconsin is the least efficient (0.705) in 

the BCC model. 

 

Table 1 Efficiency scores, 2007  

State CCR score BCC score Scale efficiency Returns to scale 

Alabama (AL) 0.701 0.890 0.798 Increasing 

Arizona (AZ) 0.911 1.000 0.911 Increasing 

Arkansas (AR) 0.718 0.824 0.872 Increasing 

California (CA) 1.000 1.000 1.000 Constant 

Colorado (CO) 0.795 0.816 0.974 Increasing 

… … … … … 

Virginia (VA) 0.776 0.790 0.982 Increasing 

Washington (WA) 0.842 0.866 0.972 Increasing 

West Virginia (WV) 0.698 1.000 0.698 Increasing 

Wisconsin (WI) 0.672 0.705 0.952 Increasing 

Wyoming (WY) 0.921 1.000 0.921 Increasing 

Source: Author’s calculation 

 

The SE scores vary. Wisconsin has a low BCC score (0.705) and a relatively high 

SE score (0.952). This implies that the CCR inefficiency (0.672), which is the global 

inefficiency, is caused by inefficient operations rather than scale efficiency. Likewise, 
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Mississippi and New Mexico are both BCC-efficient and have low SE scores—0.625 and 

0.680, respectively. This means that while the states are operating efficiently locally, the 

global inefficiency is due to disadvantageous environmental conditions limiting scale 

development. 

States that are CCR-efficient and also BCC-efficient have inputs and outputs that 

show CRS. Thirty-six states are characterized by increasing returns and three states by 

decreasing returns to scale. This means that thirty-six states are not operating at their 

optimal scale and over utilizing their capacities. Hence, they have the possibilities to 

improve their efficiency by scaling up their inputs and/or scaling back their outputs. The 

remaining three states—Maryland, Massachusetts, and New York—are characterized by 

decreasing returns to scale in that they are utilizing their capacities below the optimal 

level. They could scale down their inputs and/or scale up their outputs to become 

efficient. 

As noted before, the ERS includes the group of efficient states and their 

relationships to the inefficient states. Consider three least BCC-efficient states—Kansas 

(0.752), Minnesota (0.728), and Wisconsin (0.705). The ERS (with λ in the parentheses) 

for these three states are given in Table 2. The λ values in every ERS add up to 1, which 

satisfies the condition that the sum of all λs is equal to one. 

For Wisconsin, the ERS comparison consists of West Virginia, California, Maine, 

Delaware, and Montana. By multiplying the inputs and outputs of efficient states in the 

ERS by their respective λs (in the parentheses in Table 2) and adding them, it is possible 
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to obtain new inputs and outputs for Wisconsin. By using these new inputs and outputs, 

Wisconsin becomes efficient, that is, moves to the efficient frontier. 

 

Table 2 ERS for three least BCC-efficient state 

State BCC score ERS (λ) 

KS 0.752 ME (0.412); NJ (0.200); CA (0.004); MT (0.384) 

MN 0.728 CA (0.083); NJ (0.172); ME (0.084); DE (0.661) 

WI 0.705 WV (0.158); CA (0.126); ME (0.255); DE (0.335); MT (0.126) 

Source: Author’s calculations 

 

For Wisconsin, the ERS comparison consists of West Virginia, California, Maine, 

Delaware, and Montana. By multiplying the inputs and outputs of efficient states in the 

ERS by their respective λs (in the parentheses in Table 2) and adding them, it is possible 

to obtain new inputs and outputs for Wisconsin. By using these new inputs and outputs, 

Wisconsin becomes efficient, that is, moves to the efficient frontier.  

Based on the output-oriented model, Wisconsin can increase its efficiency by 

increasing the number of broadband subscribers from 1,485,891 to 2,107,144 (an increase 

in 42%) and electronic government rating from 38.4 to 54.46 (an increase in 42%). At the 

same time, theoretically, it could reduce the non-farm employment from 3,497,057 to 

3,208,327 (a decrease in 8 %) and reduce the number of switches from 249 to 218 (a 

decrease in 12 %). The reduction in the number of telecommunications switches and non-

farm employment implies that, for the given conditions, there is an over-investment in 

telecommunications equipment that is not being used to capacity and that there are 
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certain industry sectors that do not use broadband Internet sufficiently including 

electronic government services.  

In the operational terms, the inefficiency related to Wisconsin could have been 

due to different initiatives taken before and during the study period. In 1993, provisions 

of the Wisconsin Act 496 sought to ensure that all residents have access to basic and 

advanced telecommunications services. Soon after, BadgerNet, a network that was 

proposed to cover all areas of the state and provide backbone, middle, and last-mile 

solutions, was started with the initial contract with Ameritech. BadgerNet was a statewide 

system provider and its resources were used for the Internet traffic via WiscNet, a not-

for-profit entity associated with the University of Wisconsin-Madison. Its purpose was to 

promote high-speed access in public schools and libraries through subsidies from 

universal service funds (Wisconsin Department of Administration, 2004). The library 

program, however, did not get enough radio spectrum needed for high-speed services 

(Bocher, 2006).   

In addition, the local Internet Service Providers (ISPs) came up with different 

price models to compete with BadgerNet. For instance, ISPs could use their dark fiber to 

lower the prices in urban areas (Plas, 2008). Ward (2005) referred to the publication of 

the American Electronics Association, Cyberstates 2005, according to which there was a 

decline in the information and communications technology sector jobs from 2002 to 2003 

and that Wisconsin ranked 21
st
 in high-tech employment and 34

th
 in average wages for 

high-tech positions with respect to other states. 
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Broadband Internet was an important component of Wisconsin’s economic 

development strategy. On the one hand, Wisconsin was attempting to create an 

environment to attract and promote sectors that use or needed broadband services. On the 

other hand, the limited availability of radio spectrum, market competition, and the decline 

in the number of jobs in the high-tech sector adversely affected its development strategy. 

These limiting factors could have reduced the number of Internet users as well as 

minimized the returns on investment such that Wisconsin became inefficient in 

broadband provisioning and use. 

The CCR and BCC scores and their mean for some states for 2005, 2006, and 

2007 are given in Table 3. In 2005, 14 states were CCR-efficient and 22 states were 

BBC-efficient. The mean CCR efficiency was 0.882 and the mean BCC efficiency was 

0.922. Similarly, in 2006, 16 states were CCR-efficient and 22 states were BCC-efficient. 

The mean CCR and BCC efficiencies were 0.920 and 0.946, respectively. Likewise, in 

2007, 9 states were CCR-efficient and 20 were BCC-efficient. The mean CCR efficiency 

was 0.850 and the mean BCC efficiency was 0.915. 

Table 3 indicates that efficiency can either remain the same or change from one 

point to the other point of time. This is due to the fact that as the inputs and outputs 

change from one period to another, the efficiency frontier for each year also changes.  For 

some DMUs, the changes are optimal in that they lie on the efficiency frontier. However, 

for others, the mix of inputs and outputs is not optimal and thus, they move below the 

efficiency frontier and continue to be less efficient.  
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For instance, California and New Jersey were both CCR- and BCC-efficient in all 

study periods. On the other hand, Indiana was CCR- and BCC-efficient in 2006 only. 

However, it should be noted that such a comparison does not take into account the 

intertemporal efficiency change, but only the instantaneous efficiency. Finally, as before, 

it is possible to calculate the values of projected inputs and outputs that make inefficient 

states efficient.  

 

Table 3 CCR and BCC scores and their means, 2005-2007 

 

2005 2006 2007 

State CCR score BCC score CCR score BCC score CCR score BCC score 

AL 0.679 0.720 0.716 0.758 0.701 0.890 

AZ 0.806 0.835 0.960 1.000 0.911 1.000 

AR 1.000 1.000 0.855 0.865 0.718 0.824 

CA 1.000 1.000 1.000 1.000 1.000 1.000 

CO 0.823 0.824 0.810 0.818 0.795 0.816 

… … … … … … … 

VA 0.798 0.834 0.805 0.814 0.776 0.790 

WA 0.861 0.919 0.898 0.909 0.842 0.866 

WV 0.956 1.000 1.000 1.000 0.698 1.000 

WI 0.773 0.802 0.768 0.775 0.672 0.705 

WY 0.787 1.000 1.000 1.000 0.921 1.000 

Mean 0.882 0.922 0.920 0.946 0.850 0.915 

Source: Author’s calculations 
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3.4.2 Sensitivity analysis 
In sensitivity analysis, both outputs are kept constant but one input variable is 

removed at a time from the original model and the influence of its removal on the 

efficiency score is examined. If the efficiency values of the new model are larger than the 

efficiency values of the original model, this variable signifies a potential weakness for the 

DMU. On the contrary, if the efficiency scores decrease compared to the original scores, 

it implies that this variable is a competitive strength. 

 The results of sensitivity analysis for some select states for 2007 are shown in 

Table 4. Columns 2 to 6 are the BCC scores without (w/o) the variables indicated. 

Originally, there were 20 BCC-efficient states in 2007. By removing population and non-

farm employment, one at a time, the number of BCC-efficient states remained the same. 

However, when the average personal income was removed, the number of BCC-efficient 

states declined from 20 to 12 (with Arizona, Idaho, Maine, Mississippi, Montana, New 

Mexico, Utah, and Vermont becoming less efficient). Likewise, when the education and 

switch variables were removed, the number of BCC-efficient states decreased from 20 to 

19 (with Tennessee becoming less efficient) and 18 (with Arizona and New Mexico 

becoming less efficient), respectively. Similar results were obtained for 2005 and 2006.  

The BCC scores in Table 4 are used to determine whether an input variable is the 

weakness or the strength of a state’s broadband adoption and use. For Alabama, personal 

income (0.766), education (0.763), and switches (0.779) are the competitive strength in 

broadband adoption and use. Population (0.890) and non-farm employment (0.890) that 

were equal to the original BCC score (0.890) indicate that these two input variables do 

not influence the adoption and use of broadband services. For Louisiana, population 
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(0.848), non-farm employment (0.853), and education (0.705) are the strength while 

personal income and switches did not affect the original BCC score.  

 

Table 4 Sensitivity analysis, 2007 

State w/o 

population 

w/o 

average 

personal 

income 

w/o non-farm 

employment 

w/o 

education 

w/o 

switches 

BCC 

score 

AL 0.890  0.776  0.890  0.763  0.779 0.890 

AZ 1.000  0.908  1.000  1.000  0.967 1.000 

AR 0.823  0.824  0.824  0.791  0.824 0.824 

CA 1.000 1.000 1.000 1.000 1.000 1.000 

CO 0.766  0.796  0.816  0.816  0.816 0.816 

… … … … … … … 

VA 0.751 0.743 0.790 0.790 0.790 0.790 

WA 0.855 0.824 0.866 0.865 0.866 0.866 

WV 1.000 1.000 1.000 1.000 1.000 1.000 

WI 0.662 0.672 0.705 0.687 0.705 0.705 

WY 1.000 1.000 1.000 1.000 1.000 1.000 

Source: Author’s calculations 

  

From the policy perspective, the efficiency of each state is driven by a different 

mix of input variables and sensitivity analysis allows decision makers a diagnostic edge 

in deciding how to better manage inputs. For example, in the case of Alabama, since 

personal income, education, and switches are the state’s strength and since population 
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and non-farm employment do not influence adoption and use, the state should look to 

other variables, such as gender or household type, which can influence broadband 

adoption and use. Similarly, Louisiana has a right population size, non-farm industry mix, 

and the level of education for broadband adoption and use so that the level of personal 

income and switches does not affect its efficiency score. It should not adopt a policy, for 

instance, to change its industrial or educational environments because they are the state’s 

strengths. Like Alabama, Louisiana should focus on other factors that have the potential 

to increase its efficiency. However, if new variables are introduced then the efficiency 

values should be compared with the new models, and not the ones that have been 

obtained in this study. 

3.4.3 Efficiency over time 
Tables 5 and 6 summarize the Malmquist indices and the associated components 

for some states. 

For the period 2005 to 2006, 44 states increased their broadband adoption and use 

efficiency. The TFP for Arkansas, Maine, Mississippi, and West Virginia, however, 

decreased. For the period of 2006 to 2007, North Dakota, Oregon, South Carolina, South 

Dakota, and West Virginia experienced a decrease in the TFP. While Nebraska did not 

experience any efficiency change, the remaining 42 states saw an increase in their 

efficiency. In order to elaborate on these changes and their implications on state 

broadband policies, let us consider the case of Arizona. MI is equal to 1.636 from 2005 to 

2006. This implies Arizona had more broadband adopters and users for the given inputs 

in 2006, and that the efficiency increased by 63.6%. Comparing 2005 and 2006, average 
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personal income, population of 25 years and over with a bachelor’s degree or higher, and 

number of switches decreased. That is, Arizona was still able to increase its broadband 

adoption and use by decreasing three inputs relative to 2005. This means that simply 

increasing the investment in education or infrastructure does not necessarily increase the 

efficiency. Had Arizona implemented a policy to increase telecommunications 

investment and the service providers had invested in additional technologies during this 

period, it would have been wasted. Moreover, Arizona’s efficiency performance was 

better on average compared to the other states because its TFP was above the mean of 

1.304. 

 

Table 5 Summary of Malmquist index, 2005-2006 

State ΔEFF ΔTECH ΔPTEFF ΔSEFF MI 

AL 1.055  1.165  1.053  1.002  1.229 

AZ 1.192  1.373  1.198  0.995  1.636 

AR 0.855  0.902  0.865  0.989  0.771 

CA 1.000  1.704  1.000  1.000  1.704 

… … … … … … 

WV 1.046 0.920 1.000 1.046 0.962 

WI 0.993 1.220 0.967 1.027 1.212 

WY 1.270 1.283 1.000 1.270 1.629 

Mean 1.046 1.247 1.028 1.017 1.304 

Source: Author’s calculations 

 

From 2006 to 2007, the change in TFP is 1.089, which implies that the efficiency 

change is 8.9%. This is lower than the average TFP change of 1.103. In Arizona, from 
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2006 to 2007, while broadband adoption and use increased, all the inputs except switches 

also increased. This implies that for the increased inputs, the number of broadband 

adopters and users could have been more. However, Arizona did not have a policy to 

achieve that. 

 

Table 6 Summary of Malmquist index, 2006-2007 

State ΔEFF ΔTECH ΔPTEFF ΔSEFF MI 

AL 0.990  1.268  1.173  0.844  1.256 

AZ 0.949  1.147  1.000  0.949  1.089 

AR 0.840  1.287  0.953  0.882  1.082 

CA 1.000  1.180  1.000  1.000  1.180 

… … … … … … 

VA 0.964  1.150  0.970  0.993  1.108 

WA 0.937 1.161 0.953 0.983 1.088 

WV 0.698 1.263 1.000 0.698 0.882 

WI 0.874 1.235 0.909 0.962 1.080 

WY 0.921 1.314 1.000 0.921 1.210 

Mean 0.919 1.200 0.965 0.953 1.103 

Source: Author’s calculations 

 

3.4.4 Super-efficient states 
While this is not unusual, the commonly used DEA methods—the CCR model 

and the BCC extension—do not rank the efficient DMUs. The super-efficiency method 

overcomes the inherent limitations of the common DEA methods and allows for ranking 

the efficient DMUs. 
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Figure 1 CCR-based super-efficiency scores, 2007 

 

 

Based on the CCR scores, the ranking of states for 2007 is shown in Figure 1. In 

2007, there were nine efficient states—California, Delaware, Florida, Kentucky, Maine, 

Michigan, Nevada, New Jersey, and North Dakota. Among them, California was the most 

efficient state with the CCR-based super-efficiency score of 1.751. The radial change 

score was 55.29%, which suggests that California could decrease its outputs for the given 

inputs by 44.71% and still remain efficient. North Dakota, on the other hand, was the 

least super-efficient state with a super-efficiency score of 1.030. Its radial change score of 

97.08% suggests that it could reduce its outputs by 2.92% and still remain efficient. 

Table 31 suggests that super-efficiency ranking is not consistent across time. In 

2005, 2006, and 2007, there are 14, 16, and nine CCR-efficient states, respectively. 

Because the number of efficient states varies and that it is not always that the same states 
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are efficient over time, it is difficult to compare super-efficiency rankings. However, by 

limiting states that are efficient across all observation periods, it can be noted that 

California always ranked number one. Similarly, from 2005 to 2007, Florida is another 

state that ranked high in terms of CCR-based super-efficiency score. 

The BCC-based super-efficiency scores are difficult to compare because of the 

infeasible solutions that are denoted by “Big” in Table 31. Theoretically, this means that 

DMUs remain efficient even after reducing arbitrarily large outputs. Hence, care should 

be taken in the presence of infeasible solutions. 

3.4.5 Spatial dependence of efficiency 
The spatial distributions of BCC scores for 2007 are shown in Figure 3. The 

global Moran’s I statistics (Table 7) are based on the BCC scores from 2005 through 

2007 and were calculated using the first-order queen contiguity matrix. At the 

significance level α = 0.05, the spatial distribution of BCC scores is statistically 

significant for only 2007. 

 

Table 7 Global Moran’s I, 2005-2007 

Year Global Moran’s I Pseudo p-value 

2005 0.1405 0.06 

2006 0.0580 0.20 

2007 0.2890 0.02* 

Source: Author’s calculations 
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Figure 2 Distribution of BCC efficiency scores, 2007 

 

 

 

 
Source: Author’s calculations 

Figure 3 Cluster and significance maps based on BCC scores, 2007 
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The local Moran's I statistics indicate that there are states that show spatial 

dependency with reference to the BCC scores. In other words, states with similar 

input/output characteristics are spatially correlated, which could have been the result of 

state-specific policy. For example, Figure 3 shows there are two significant clusters—one 

made of eight states (Minnesota, Wisconsin, Nebraska, Iowa, Illinois, Kansas, Missouri, 

and Oklahoma) and another made of two states (Utah and Nevada). These clusters are 

statistically significant, which implies that they did not happen by chance. The cluster 

map in Figure 3 shows a cluster of eight states with low efficiencies, and a cluster of two 

states with high (100%) efficiencies. In other words, the inefficient cluster resulted from 

inefficient utilization of resources and the efficient cluster resulted from efficient 

utilization of resources. This can be attributed to the specific policy of each state. 

Alabama, however, is a potential outlier in terms of BCC score. 

3.5 Conclusion 
This chapter investigated the efficiency of broadband adoption and use in the 48 

contiguous states. The major finding is that not all states are efficient in adopting and 

using broadband services. Inefficient states are those that are not utilizing their inputs to 

achieve optimal outputs. Next, the 2007 sensitivity analysis suggests that the impact of 

the input variables to the overall efficiency was not consistent across states. That is, the 

same set of inputs can be the competitive strength in broadband adoption and use for one 

state, but not for another. The intertemporal TFP change, on the other hand, suggests that 

most of the states become increasingly efficient over time. Further, California was the 

most efficient state in terms of broadband adoption and use from 2005 through 2007. 
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Other efficient states, however, did not rank consistently during the study period. In 

addition, it was noted also that there exists the spatial dependency of efficiency at the 

regional level. This dependency could be the result of spillover effects from interstate 

competition or from imitative behavior.   

In terms of future research, it is important to determine the external environmental 

factors that are associated with efficiency. However, since there is a significant spatial 

autocorrelation, an ordinary least squares model cannot give efficient estimators. A 

spatial autoregressive or spatial error model will be needed to take into account the 

impact of these spatial interactions. For a model with the BCC score as the dependent 

variable, it will be important to include urbanization levels, outputs of information-

intensive sectors, such as financial services, real estate, and retail (in dollars), public 

sector investment in infrastructure, and the size of the state as independent variables in a 

spatially sensitive regression assessment. In addition, there are various techniques for 

ranking efficient DMUs. These techniques will be used to examine the variation of 

ranking among efficient states for broadband adoption and use.   
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4 NEW FIRM FORMATION AND BROADBAND 

Because broadband services are important for performing daily business 

activities, such as acquisitions, marketing, recruitment, and sales, entrepreneurs creating 

new firms could potentially be attracted to regions that are endowed with broadband. This 

chapter examines the formation of new firms and its association with the provision of 

broadband infrastructure at the county level in 2006.  

4.1 Economic growth and entrepreneurship  
Several models have been conceptualized to explain the mechanism of long-run 

economic growth. Solow (1956, 1957) adopted the neoclassical approach, which assumes 

that agents in the economic system are rational and self-interested and attempt to 

maximize utilities, to explain economic growth. The exogenous growth model proposed 

by Solow assumed that capital stock accumulation and technical change help an economy 

to grow. The model was successful in quantifying productivity in terms of residuals, but 

did not account for the role of entrepreneurs in economic growth. 

New growth or endogenous growth theory addresses the limitations of the 

neoclassical formulation of long-run growth by taking into account human capital and 

technological change. Lucas (1988) attributed economic growth to human capital 

accumulation that is endogenous to an economic process. According to 

Romer (1986, 1990), technological change is an improvement in the production process, 
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and on the basis of market incentives, individuals deliberately promote technological 

change. Hence, technological change is endogenous and so is economic growth. 

Romer (1990) also emphasized the role of intermediate goods, innovations, patents, and 

the stock of human capital for economic growth. Grossman and Helpman (1990) and 

Aghion and Howitt (1992) identified innovations and the profit-maximizing behavior of 

entrepreneurs as the drivers of economic growth using variants of the endogenous growth 

model. 

The idea of entrepreneurs contributing to economic growth and development is 

not new. According to Schumpeter (1934, 1942), a continuous increase of the national 

supply of productive means and savings are important, but without entrepreneurs, 

economies would not move forward. Entrepreneurs disrupt economic equilibrium by 

creating or innovating new goods, technologies and production processes, markets, 

organizations, and raw materials employing the existing supplies of productive means in 

the economy to derive benefits and contribute to long-term economic growth. Hence, 

entrepreneurship is important for capitalism to continuously evolve. 

According to Knight (1971), an entrepreneurs faces the uncertainty of profit that 

needs to be accrued to pay the workers and owners of capital. Kirzner (1973) suggested 

that individuals that are alert to information become entrepreneurs. Thus, 

entrepreneurship is the dynamics of spontaneous learning in purely competitive economy 

that drives the market. Kirchhoff (1994, 3) noted that entrepreneurship involves “the 

dynamic process of new firm formation and growth [that] creates new owners and jobs, 

thereby creating and distributing wealth.” Entrepreneurship is also the intersection of 
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history and new technology that leads to the discovery, evaluation, and exploitation of 

opportunities (Acs & Audretsch, 2003). 

4.2 ICTs and economic growth and development 
Scholars have noted that ICTs could be that transformative force that can bring 

about paradigmatic changes in our society. Machlup (1962) popularized the concept of 

the “information society” and the importance of knowledge production; Bell (1973) 

envisaged a “post-industrial society” in which the shift from a manufacturing-based 

economy to a service-based economy would be supported by the ICTs; Lyotard (1979) 

advocated about the “postmodern society” that would break the centralize structure of 

governance and benefit the laymen through the use of ICTs; and  Castells (1996) argued 

that a “network society” would diffuse networks to modify the operation and outcomes in 

processes of productions, experience, power, and culture. 

ICTs facilitate the provision of public services and goods, achieve productivity 

gains, improve quality of life, enhance access to information, and facilitate knowledge 

sharing. ICTs also allow for the effective utilization of business and personal networks 

and to create new institutional arrangements (see Mansell & Wehn, 1998; von Braun & 

Torero, 2006).  

Several properties of ICT networks and services make them supportive of 

economic growth and development. First, because economic activities span across space, 

physical locations need to be connected among each other (see Beaverstock, Smith, & 

Taylor, 2000). ICT networks physically and virtually connect geographic regions and 

overcome the barrier of distance that reduces the transaction costs associated with 

information gathering and dissemination (Cairncross, 2001; Robinson, 1984). In the 
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1800s, with the electric telegraph networks spanning across the globe, distance became 

less than an inhibiting factor for information exchange. Although the bulk information 

continued to rely on postal services, the critical and costly information was routed via 

telegraph (Kaukiainen, 2001). Today, with the proliferation of mobile technologies, the 

rural and underdeveloped markets that were once disenfranchised of communications 

services are becoming more integrated into the overall economy (Abraham, 2006). 

Second, ICT networks can be characterized in terms of their effect and scale. 

Network effect can be gauged by the utility of a product or service to a user due to the 

use of the same product or service by other users. Positive externality is associated with 

this increase in utility (see Katz & Shapiro, 1985) and gives rise to positive feedback that 

increases the scale of a network (see Arthur, 1990). According to Rohlfs (1974, 16), “the 

utility that a subscriber derives from a communications service increases as other join the 

system.” ICT networks essentially exhibit positive externalities. In addition, call 

externalities permit a subscriber to receive a call free of charge; subscriber externalities 

allow for the opportunities to call large number of subscribers in a network; and route 

externalities permit operators to route calls to reduce congestion and vulnerability (K. 

Hayashi, 1992).         

Third, ICT services are generally available without interruptions. Because of this, 

various innovative business solutions, such as just-in-time production, zero-inventory 

models, and 24/7 marketing strategy, have been adopted by small and large firms to 

increase efficiency and reduce costs (Sharma, 2002). Fourth, the seamless convergence of 

communications and information technologies, and the availability of high capacity and 
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high-speed access as well as mobility opened new service possibilities, such as electronic 

commerce, online education, telecommuting, and telemedicine. These electronic services 

have a reinforcing effect that allows for the transformation of innovative ideas into new 

goods and services and maintain the dynamics of innovation.    

ICTs are essentially general purpose technologies (GPTs) (see David & Wright, 

2003; Harris, 1998; Ruttan, 2008). GPTs are “characterized by pervasiveness, inherent 

potential for technical improvements, and innovational complementarities” (Bresnahan & 

Trajtenberg, 1995, 83). They are “enabling technologies” that open opportunities rather 

than offer complete, final solution. GPTs evolve and spread in the economy and 

contribute to the productivity gains and sustain long-term economic growth (Bresnahan 

& Trajtenberg, 1995; Lipsey, Carlaw, & Bekar, 2005). Harris (1998) found that 

information networks as GPTs facilitate trade and factor services of skilled labor. Further, 

Majumdar, Carare, and Chang (2010) noted that the adoption of 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. 

Several studies have examined the impact of ICT infrastructures and services on 

the U.S. economy. Cronin, Parker, Colleran, and Gold (1991) found a positive effect of a 

telecommunications infrastructure on economic growth. However, Greenstein and Spiller 

(1995) noted that telecommunications positively influences the service sector more than 

the manufacturing sector. Yilmaz, Haynes, and Dinc (2001) also observed that the 
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accumulation of telecommunications infrastructure improves productivity, but the 

magnitude varies significantly by sector.  

The availability of the Internet opened many entrepreneurial opportunities in the 

U.S. By the mid-1990s, the electronic marketplace witnessed the emergence of 

companies, such as Amazon.com (retail), eBay (auction), Google (search engine and 

other Internet-related services), Yahoo! (Web portal), Craigslist (classified 

advertisement), Netflix (streaming media), and Priceline (market intermediary). Over 

time, many top U.S. traditional retailers adopted Web-based services for sales, 

communications, and customer services (Griffith & Krampf, 1998) and 90% of large U.S. 

corporations moved online for recruitment (Cappelli, 2001).  Other traditional businesses, 

such as Dell, UPS, and FedEx (Bakos, 1998) and Wells Fargo and Citibank (Furst, Lang, 

& Nolle, 2001), and small and medium enterprises (Grandon & Pearson, 2004) made 

virtual presence for a strategic necessity. 

The proliferation of the Internet and its associated technologies has influenced 

U.S. commerce. According to the CB (2012), in 2010, electronic commerce sales in 

manufacturing, merchant wholesale, retail trade, and selected services industries was 

almost comparable to total sales in their respective sectors. In addition, productivity in 

the business sector increased and continued to growth with new innovations. The lower 

transaction costs and prices as well as the downward pressure on inflation benefitted 

consumers directly (Willis, 2004).   

Cellular and mobile technologies offer several mobile commerce application 

frameworks like transaction-oriented services—payments and shopping, digital content 
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delivery services—electronic mail, short messaging, and information browsing, and 

telemetry services—interactive marketing and stock quotations (Senn, 2000). The U.S. 

lagged in mobile commerce market for various reasons (Clarke, 2008; Kehoe, 2000; 

Venkatesh, Ramesh, & Massey, 2003). Nonetheless, there are signs that banking and 

retail sectors and service providers collaborate to provide services on mobile devices and 

entrepreneurs continue developing applications to promote mobile commerce (G. Lee, 

2010; Verizon Wireless, 2011). By 2016, the mobile commerce sector is expected to 

grow in the U.S. to $16 billion (Rao, 2011). 

4.3 Research problem and hypotheses 
Broadband infrastructure that influences economic growth and development is an 

essential component of the new economy. In the U.S., Gillett, Lehr, Osorio, and Sirbu 

(2006) found a positive impact of broadband in the local economy. Greenstein and 

McDevitt (2011), on the other hand, observed a much lower impact of broadband than the 

earlier findings. Holt and Jamison (2009) noted a positive influence of broadband 

deployment and adoption on the U.S. economy, but also recognized the difficult in 

measuring the impact precisely because of data limitation. More recently, Mack, Anselin, 

and Grubesic (2011) established that metropolitan statistical areas that have broadband 

access attract knowledge-intensive firms. However, access is not the only determinants, 

and that other local resources are equally important to attract firms. 

Although previous empirical studies examined the association of broadband and 

economic growth, none have studied the relationship between new firm formation and the 

provision of broadband services. 
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New firms generally form in two different ways—new ventures either start up 

with some innovative ideas or old firms create new branches and become multi-unit 

firms. For economic growth, Schumpeter’s “perennial gale of creative destruction” is 

crucial. In other words, new, innovative firms should continuously replace old, less-

innovative firms to maintain productivity gain and thus the formation of new firms and 

not just the expansion of old firms is important for an economy. Assuming that economic 

growth can be achieved by new entrepreneurial ventures and that broadband is an 

essential infrastructure of new economy, in the U.S., are new firms attracted to areas that 

have provisions of broadband Internet access? 

As telecommunications, broadband also has differential impact across industry 

sectors. Crandall, Lehr, and Litan (2007) observed a positive and significant relationship 

between the availability of broadband and output in certain sectors, especially the service 

sector, in the U.S.; Shideler, Badasyan, and Taylor (2007) also found a positive and 

significant relationship between broadband and employment growth in mining, 

construction, information, and administrative, support, and waste management and 

remediation services in Kentucky; and Kolko (2012) found a positive relationship 

between broadband expansion and employment growth in utilities, information, finance 

and insurance, professional, scientific, and technical services, management of companies 

and enterprises, and administrative and business support services at the Zip Code 

Tabulation Area (ZCTA) level in the U.S. 

Economic growth can be achieved by new entrepreneurial ventures and that 

broadband is an essential infrastructure of the new economy. This leads to the research 
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question: are new firm births across industry sectors and provisions of broadband in the 

U.S. associated? 

Since physical and virtual networks favor industrial diversity, entrepreneurial 

spirit, and resource mobilization (Nijkamp, 2003), there is a synergistic relationship 

between infrastructure and business location. Producers are close to their suppliers 

because of increasing returns and transportation costs (Fujita et al., 1999), innovations are 

concentrated in regions with technological infrastructure (Feldman & Florida, 1994), and 

new businesses are located in areas with transportation services (Holl, 2004) and 

specialized infrastructure (Porter, 2000). Overall, the absence of or inadequacy of 

infrastructure in likely to hinder new firm formation (see Brunetti, Kisunko, & Weder, 

1997). Thus, the first research hypothesis is: 

Hypothesis 4a: In a region, new firm formation and the provision of broadband 

infrastructure are positively associated with each other.     

 

Several other factors influence new firm births and population growth is one of 

them. According to Acs and Armington (2006), population growth functions as both 

supply and demand variables. As population grows in a region, it supplies more potential 

entrepreneurs, and also increases the demand and types of goods and services. Guesnier  

(1994), Audretsch and Fritsch (1994), Reynolds, Miller, and Maki (1995), and Armington 

and Acs (2002) found that regional variation in new firm formation is positively 

influenced by population growth. Sutaria and Hicks (2004), on the contrary, found that 

population growth was not positively significant in explaining firm growth. However, 
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they accepted the modeling limitations that could not capture the expected (positive) 

relationship between new firm formation and population growth. Based on these 

arguments, the second hypothesis is:  

Hypothesis 4b: In a region, new firm formation is positively related to population 

growth.  

 

Income growth indicates that individuals are more productive and there is more 

disposable income in the region (Acs & Armington, 2006). As productivity increases, an 

individual’s opportunity time to focus on new things is in likely to increase. Time is a 

major source creativity (Amabile, Hadley, & Kramer, 2002), and high income, high 

human capital, and experienced individuals with time are likely to be more creative and 

innovative. With innovative ideas and disposable income, individuals are more likely to 

start new ventures. Armington and Acs (2002) and Lee, Florida, and Acs (2004) found a 

positive association between income growth and new firm births. Likewise, Reynolds et 

al. (1995) also found that the presence of greater personal wealth and firm formation are 

positively related to each other. The next hypothesis is then: 

Hypothesis 4c: In a region, new firm formation and income growth are positively 

related.   

 

Sutaria and Hicks (2004) found a positive relationship between mean 

establishment size and new firm formation arising from the dependence of small firms on 

large firms. New firms are attracted to regions with large firms to provide goods and 
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services and in-source various jobs that large firms find inefficient to carry out in-house. 

On the contrary, Armington and Acs (2002) and Fritsch and Falck (2002) observed a 

negative association between new firm births and establishment size.  According to 

Armington and Acs (2002), the negative association could be due to the existence of 

large firms and/or their branch plants that hindered the formation of new firms. Since this 

study is interested to examine the relationship between single-unit firm births and their 

association with broadband infrastructure, the fourth hypothesis is: 

Hypothesis 4d: In a region, new firm formation and mean establishment size are 

negatively related.  

 

Although the effect of unemployment was small, regions that have higher 

unemployment experienced higher firm births. This could be the result of desperation that 

individuals unable to find jobs started new firms (Reynolds et al., 1995). In a review of 

the previous studies, Storey (1991) found both positive and negative effects of 

unemployment on firm formation. Audretsch and Fritsch (1994) found both negative and 

positive association, Sutaria and Hicks (2004) found a negative relationship, and Fritsch 

and Falck (2002) found no evidence between employment rate and new firm births. 

Armington and Acs (2002) suggested that because of low capital requirements, new firm 

are likely to start up in sectors with low rather than high capital requirements. Since there 

is no clear understanding of the relationship between unemployment rate and new firm 

formation, the fifth hypothesis is: 
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Hypothesis 4e: In a region, there is a relationship between new firm formation 

and unemployment rate, but its direction is indeterminate.    

 

Financial capital is necessary for translating innovative ideas into actual business 

ventures. Entrepreneurs accrue financial capital from various sources—personal savings, 

social contacts, venture capital organizations, and banks. However, individuals with 

embedded relationships and networks in a local environment are most likely to get seed 

and long-term capital (Gompers & Lerner, 2001; Porter, 2000; Uzzi, 1999). Sutaria and 

Hicks (2004) found a positive relationship between local bank deposit per capita and new 

firm formation. The next research hypothesis is: 

Hypothesis 4f: In a region, new firm formation and the availability of local 

financial capital are positively related to each other.  

 

Government spending can have mixed effects on the process of new firm 

formation. Entrepreneurs are often willing to sacrifice low initial earnings, but findings 

may be quite different in highly paid and less stressful jobs (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 & Yohe, 1970) and 

government pork-barrel spending simply advances the reelection agenda of politicians 

instead of contributing to development (Cadot, Roller, & Stephan, 2006). On the 

contrary, public spending in infrastructure is positively and significantly related to 
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productivity (Aschauer, 1989; Munnell, 1990). Government contracts and welfare 

payments can also increase demand for new goods and services in a region and attract 

new firms. Thus, the next hypothesis is: 

Hypothesis 4g: In a region, there exists a relationship between new firm 

formation and public spending, but the direction of 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 eighth hypothesis is: 

  Hypothesis 4h: In a region, there exists a positive relationship between new 

firm formation and cultural diversity.  

 

Regional variations of economic activities can be explained by their 

configurations and spatial structures (Fujita et al., 1999; Krugman, 1998; Markusen, 

1996). Knowledge spillover is more in cities where local competition and urban variety 

encourages employment growth (Glaeser, Kallal, Scheinkman, & Shleifer, 1992). New 

businesses form in clusters that supply specialized inputs and require specialized 

infrastructure (Porter, 2000). New firms that spin-off from existing firms are found in 

close geographic proximity to their genetic parent (Arthur, 1990), and agglomeration 

economies are important for entrepreneurial ventures (Acs & Varga, 2005). The final 

research hypothesis is: 
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Hypothesis 4i: Diversified and agglomerated metro regions compared to 

nonmetro counties are more likely to be attractive for new firm births.  

Finally, the same set of hypotheses is will be tested at the both aggregate and 

disaggregate levels. For the disaggregate-level analyses, the hypotheses will be tested at 

the county level, but separately for a number of randomly selected states and some 

specific sectors.   

4.4 Methodology and data 
Many of the previous empirical studies have adopted two models—an ecological 

approach that standardizes the number of start-ups to the number of existing 

establishments and a labor market approach that standardizes the number of new firms to 

the size of labor force—to examine the process of new firm formation (see Acs & 

Armington, 2006). Since the primary interest of this research is to examine the 

association between single-unit new firm births and the provision of broadband access 

and not firm growth with respect to the existing establishments or the size of labor force 

in an economy, multiple regression models with single-unit firm births as the dependent 

variable will be estimated without taking into account the separate approaches.    

A multiple regression model in a compact form is written as following (Hayashi, 

2000):    

                                                                                                                  (4.1) 

 where y is a vector of dependent variables and X is a matrix of the dependent 

variables, and ε is a vector of independent and identically distributed error terms with 

mean zero and variance σ
2
 for η observations and κ independent variables. For i = 1, 2, 
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…, η, the ith element is   
  , where T denotes matrix transpose. Equation (4.1) is used for 

estimating the values of parameter β.     

Data for the study come from various sources. The raw, non-public single-unit 

firm births data are from the CB. For 2006, the county level dataset contains single-unit 

firm births across the five-digit North American Industry Classification System (NAICS). 

The FCC, on the other hand, 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 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 ZCTA. The online tool called Dexter provided by 

Missouri Census Data Center (MCDC) is used for matching zip codes and ZCTAs (see 

MCDC, 2010). 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 is the percentage change in per capita income from 2005 to 2006. Both of these 

indicators are obtained from the 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 
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in 2005 and serves as a proxy for locally available financial capital; per capita federal 

spending in dollars in 2006 and indicates an additional source of capital; and the share of 

white population as a percentage of total population in 2006 is 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 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.  

Table 4.1 summarizes variables, their descriptions, expected signs based on 

research hypotheses, and data sources. Based on Table 4.1, the multiple regression 

model, with county as the unit of observation, to be estimated can be written as: 

          logsub          logmxprov      popgr      perincgr      estsize 

                         unemprt     fincap      fedspnd      white       metro      (4.2)   

 Since firm births and broadband service providers are count data, they are 

transformed to their logarithmic equivalents and are denoted by “logsub” and 

“logmxprov,” respectively.  

  

 



 

 

 

Table 8 Variable description  

Variable Description Expected sign Source 

Dependent variable 

Firm birth (sub) Number of single-unit firm births in 2006   

Explanatory 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 

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 

7
4
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A regressor is said to be endogenous if it is not orthogonal to the error term. This 

violates one of the conditions of the method of least squares, which assumes that the 

regressors are independent of the error term. Endogeneity arises from within a model due 

to the omission of variables, measurement error, or simultaneity. In such a case, the 

estimators will be inconsistent, which means that they do not converge to their true 

population values regardless of sample size (see Gujarati & Porter, 2009; Hayashi, 2000).  

 Residuals will be plotted to check for the validity of the regression model. If the 

regressors and the error term are independent, then the plot of residuals against the fitted 

values of the model must be independent and identically distributed (iid) with a zero 

mean and a constant variance. Formal tests, such as the Shapiro-Wilk test (Shapiro & 

Wilk, 1965) or the Shapiro-Francia test (Shapiro & Wilk, 1965) that assumes that a 

variable is normally distributed, can also be used to test for orthogonality.  

 If the problem of endogeneity exists, the method of two-stage least squares 

(2SLS) that uses instrumental variables (IVs) is often used to estimate the coefficients of 

a model (see F. Hayashi, 2000; Stock & Trebbi, 2003). For example, if y is the dependent 

variable and k is the policy variable in the OLS model, then the 2SLS model in the matrix 

form can be conceptualized as: 

                                                                                                     (4.3) 

                                                                                                     (4.4) 

 where Z is the matrix of IVs. Equations 4.3 and 4.4 are simultaneously estimated 

to obtain a consistent estimate of policy variable k and the Hausman test is used for 

testing the consistency of the estimators obtained from the OLS and 2SLS methods. 
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However, it should be noted that the identification of the correct instruments is difficult. 

As a rule of thumb, a good instrument correlates with the endogenous variable, but not 

with the main dependent variable. If a weak instrument is used, the estimators obtained 

by the IV method are likely to be more inconsistent than the estimators found by OLS 

(see Hausman, 1978; Stock & Trebbi, 2003; Stock, Wright, & Yogo, 2002).   

 The issue of endogeneity has been one of the main concerns in the empirical 

analysis of broadband in the U.S. (Holt & Jamison, 2009) and some earlier studies have 

addressed it by using the 2SLS models (Mack et al., 2011; Van Gaasbeck, 2008). Based 

on the theory of IV, this study will also examine endogeneity in the models to obtain 

consistent estimators.  

Finally, since the policy and dependent variables are limited to a single instance in 

time, it is not possible to examine the causality associated with them using the Granger 

causality test.  

4.4 Results 
Of the contiguous states, the randomly sampled states include Colorado, Florida, 

Montana, New Jersey, Ohio, Oregon, South Carolina, and Wisconsin and are shown in 

Figure 4.  

In 2006, in Colorado, Denver County had the largest single-unit firm births 

(2,094). The maximum number of service providers, which is 20, was in Denver and 

Arapahoe counties. Hinsdale and Kiowa counties had only two single-unit firm births. 

Both of these counties had at most five broadband service providers. San Juan County 

had the lowest number of service providers. 
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Figure 4 Sample states 

 

In Florida, with the maximum number of service providers of 19, Miami-Dade 

County had the largest single-unit births (9,793). Other counties that had 19 operators 

include Broward, Hillsborough, and Seminole. Liberty County had seven single-unit 

births and had at most six providers.  

Although Gallatin County had the largest single-unit births (641) in Montana, the 

maximum number of operators (14) was in Yellowstone County. Carter and McCone 

counties saw one single-unit birth and had at most four service providers each. 

In New Jersey, Salem County had the lowest (111) and Bergen County had the 

highest (3,055) single-unit births. There were seven and 16 maximum number of 

providers in Salem and Bergen counties, respectively. Cuyahoga County, Ohio 

experienced the largest single-unit firm births (2,239). However, Franklin County had the 

largest number of service providers (16). Nobel County had 11 single-unit births and 
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seven maximum providers. Other counties that had at most seven operators include 

Vinton, Monroe, and Harrison.   

In Oregon, Multnomah County had the highest number of single-unit firm births 

(2,803). However, there were at most 17 service providers in Multnomah. Washington 

County had eighteen operators, which is the largest among all the counties in Oregon. 

Sherman County had the lowest firm growth (three). Harney, Sherman, and Wheeler had 

the lowest number of service providers (four maximum).     

In South Carolina, Greenville County experienced the largest single-unit firm 

formation (1,059) and also had the largest number of broadband providers (14). 

Allendale, Chester, Hampton, and Jasper counties had at most six operators and had 10, 

38, 34, and 52 single-unit firm formation, respectively.   

Although Milwaukee County in Wisconsin had the largest formation of single-

unit firms (1,491), there were at most 12 service providers in that county. The county that 

experienced the lowest firm birth was Menominee (two) where there were one to three 

providers. Both Burnett and Pepin County were served by at most five operators, and the 

single-unit firm birth was 27 and 18, respectively. 

Table 9 shows the top five and bottom five counties in terms of single-unit firm 

births in 2006 for South Carolina and Wisconsin. It can be inferred that counties with a 

large number of operators experience a higher single-unit firm births. 
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Table 9 Counties, single-unit births, and the maximum number of providers  

South Carolina Wisconsin 

County Births  Providers County Births  Providers 

Charleston 1,098 13 Milwaukee 1,491 12 

Greenville 1,059 14 Dane 974 15 

Horry 990 11 Waukesha 916 11 

Richland 699 13 Brown 445 14 

Spartanburg 545 13 Racine 308 11 

Allendale 10 6 Menominee 2 . 

Calhoun 14 8 Iron 5 6 

Lee 14 8 Florence 12 6 

McCormick 17 8 Richland 14 8 

Bamberg 19 8 Buffalo 18 8 

Source: Author’s calculations 

 

As an example, Table 10 is the correlation matrix (without dummy variables) for 

Colorado.  In Colorado, there is a strong, positive association between single-unit firm 

births and the maximum number of broadband service providers. The positive association 

suggests that firm birth and broadband service providers move together in the same 

positive direction. Population growth and personal income growth are positive and 

moderately correlated with firm formation and that direction of association suggests that 

growths in population and personal income favor new firm formation. 
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Table 10 Correlation matrix, Colorado  

 logsub logmxprov popgr perincgr estsize unemprt fincap fedspnd white 

logsub 1.0000         

logmxprov 0.8698 1.0000        

popgr 0.4931 0.3158 1.0000       

perincgr 0.5237 0.4293 0.3285 1.0000      

estsize -0.3438 -0.1384 -0.1338 -0.5263 1.0000     

unemprt -0.1333 -0.0926 0.0061 -0.0608 0.4161 1.0000    

fincap 0.0077 0.0142 -0.1890 -0.1333 -0.3734 -0.4537 1.0000   

fedspnd -0.4209 -0.3302 -0.5400 -0.7292 0.2364 -0.0547 0.4247 1.0000  

white -0.3686 -0.4883 -0.1985 -0.0454 -0.2541 -0.4161 0.1635 0.0288 1.0000 

Source: Author’s calculations 

 

 

The association between establishment size and new firm birth is small and 

negative. This supports the view that as establishments becomes bigger, they branch out 

and that inhibits the birth of new firms. The unemployment rate is negatively associated 

with new firm birth. Note that unemployment can either support or hinder firm birth, and 

in the case of Colorado, it is likely to be detrimental to firm formation. Likewise, 

government spending can foster or obstruct new firm formation. Government provides 

retirement and disability support and other kinds of payments as well as supports 

procurements and public spending on infrastructure. While these factors can increase the 

demand and supply in a region, they can also hinder the same due to local taxation and 

complacency toward entrepreneurial activities. 
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Entrepreneurs are more likely to be attracted to regions that have the choice and 

volume of financial support. In Colorado, financial capital and new firm birth is small, 

but still positively associated. There is a strong, negative association between diversity 

and single-unit firm birth. This suggests that Colorado was less diverse and was not 

attractive to entrepreneurial individuals. 

Table 11 shows the results of multiple regressions for each state. Standard errors 

are shown in parentheses. In all models, the dependent variable is the logarithm of single-

unit births. It can be noted that the coefficient of “logmxprov,” which is the logarithmic 

transformation of the maximum number of providers, is positive and significant across all 

models. 

In Colorado, holding other variables constant, a 1% increase in the maximum 

number of service providers, single-unit firm births increase by 3.33%. In New Jersey 

and Oregon, holding everything else constant, the increase is by 1.88% and 2.83%, 

respectively. Since the coefficient estimates are consistent with the expectation, this 

suggests that new firms are attracted to regions that have provisions of broadband. 

The coefficient of population growth is positive and significant for Colorado 

(0.1960), Montana (0.2436), Oregon (0.1264), South Carolina (0.1156), and Wisconsin 

(0.2057). Everything else constant, a 1% increase in population growth, it can be 

expected to see about 20%, 24%, 13%, 12%, and 21% of increase in the number of new 

firm births in Colorado, Montana, Oregon, South Carolina, and Wisconsin, respectively. 

These findings are consistent with Guesnier (1994), Audretsch and Fritsch (1994), 



82 

 

Reynolds, Miller, and Maki (1995), and Armington and Acs (2002). However, the results 

also suggest that the earlier findings might not be consistent across all states. 

Personal income growth is positive and significant in Montana and Wisconsin 

only. In Montana, for a 1% increase in personal income, single-unit firm births increases 

by about 7%, ceteris paribus. Similarly, in Wisconsin, for a 1% increase in personal 

income, single-unit firm births increases by about 15%, ceteris paribus. Although the 

results are generally consistent with the findings of Armington and Acs (2002) and Lee, 

Florida, and Acs (2004), not all states experience a positive and significant relationship 

between new firm births and income growth. 

Of the eight randomly selected states, Colorado (-0.0742), Florida (-0.0451), 

Montana (-0.0686), Ohio (-0.0594), Oregon (-0.1553), and South Carolina (-0.1004) each 

has a negative and significant coefficient on mean establishment size. In other words, all 

other things being held constant, with an increase in the mean establishment size, single-

unit births is expected to decrease by about 7%, 5%, 7%, 6%, 16%, and 10% in Colorado, 

Florida, Montana, Ohio, Oregon, and South Carolina, respectively. Except for New 

Jersey and Wisconsin, 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 significant in 

Florida (0.0401) and Wisconsin (0.0333). All other things being equal, a US$100,000 

dollar increase in the availability of local financial capital, increases single-unit firm 

births by about 4% in Florida and about 3% in Wisconsin. This result is consistent with 

the findings of Sutaria and Hicks (2004).  



 

 

Table 11 Multiple regression models, Aggregate single-unit firm births 

 Colorado Florida Montana New Jersey Ohio Oregon South Carolina Wisconsin 

logmxprov 3.3281*** 

*** 

3.7655*** 1.5530*** 1.8791* 0.7714** 2.8278** 1.4018*** 1.9247*** 

 (0.4246) (0.3198) (0.4272) (1.0180) (0.3509) (0.3090) (0.4828) (0.3643) 

popgr 0.1960*** 

*** 

0.0336 0.2436*** 0.1295 0.1042 0.1264**      0.1156** 0.2057*  

 (0.0602) (0.0331) (0.0693) (0.3260) (0.0754) (0.0608) (0.0523) (0.0165) 

perincgr 0.0098 -0.0007 0.0718*** -0.0677 0.0538 0.0013 -0.0086 0.1439*** 

 (0.0293) (0.0321) (0.0209) (0.1795) (0.0423) (0.0307) (0.0316) (0.0528) 

estsize -0.0742*** 

*** 

-0.0451***      -0.0686** -0.1143 -0.0594*** -0.1553*** -0.1004*** -0.0182 

 (0.0212) (0.0167) (0.0310) (0.0654) (0.0169) (0.0307) (0.0196) (0.0250) 

unemprt 0.0469 0.0271 0.0555 -0.0120   -0.1353**      0.2562**        -0.1166* -0.0090 

 (0.0212) (0.1123) (0.1146) (0.2132) (0.0648) (0.0933) (0.0587) (0.1267) 

fincap -0.0019 

 

      0.0401** 0.1811 0.0160 -0.0112 0.0027 -0.0054 0.0333* 

 (0.0128) (0.0162) (0.0185) (0.0172) (0.0165) (0.0274) (0.0270) (0.0189) 

fedspnd 0.0147      -0.0464* -0.0038 0.0290 -0.0230 -0.0978** 0.0403 -0.0707 

 (0.0362) (0.0271) (0.0428) (0.0840) (0.0149) (0.0450) (0.0285) (0.0467) 

white 0.0025 -0.0035 -0.0064 -0.0200 -0.0890***      -0.0469**         0.0122*        -0.0359* 

 (0.0349) (0.0081) (0.0000) (0.0173) (0.0149) (0.0213) (0.0064) (0.0169) 

metro     0.7768*        0.1138        0.9269**  0.6085***       0.6048** 0.6359***         0.3383* 

 (0.3056) (0.2127) (0.3886)  (0.1507) (0.2282) (0.2249) (0.1804) 

constant -2.794      -2.7391** 1.1791 5.6987    12.9785***       4.2615**        3.1911** 3.1137 

 (4.1966) (1.2385) (1.7345) (3.8135) (2.1863) (2.4397) (1.3044) (2.8450) 

Observations 63 67 54 21 88 36 46 71 

Adj. R-squared 0.8489 0.9062 0.8482 0.5041 0.7696 0.9402 0.8676 0.7572 

 
Shapiro-Wilk statistic 0.9763 0.9916 0.9647 0.9695 0.9828 0.9772 0.9875 0.9756 

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

Source: Author’s calculations 

8
3
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Federal spending, on the other hand, is negative and significant in Florida and 

Oregon. In Florida, an increase in the federal spending by US$100,000, single-unit births 

decrease by about 5% and in Oregon by about 9%, ceteris paribus. This might be the 

result 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). The government 

spending could also have been a political motive for the reelection as noted by Cadot et 

al. (2006). Federal spending is not significantly related to new firm formation when other 

things are held constant. 

The variable “white” is the proxy for cultural diversity. It is negative and 

significant in three states—Ohio (-0.0890), Oregon (-0.0469), and Wisconsin (-0.0359). 

However, for South Carolina the coefficient of diversity is positive and statistically 

significant (0.0122). In other states, diversity is not significant. With other things the 

same, a 1% increase in white population decreases new firm formation by almost 9%, 

5%, and 4% in Ohio, Oregon, and Wisconsin, respectively. These results are consistent 

with Audretsch et al. (2010) and Lee et al. (2004). On the other hand, a 1% increase in 

white population increases new firm births by almost 1% in South Carolina, ceteris 

paribus.   

 The only other coefficient that was positive and significant across all models 

except Florida is for the variable “metro”. All the counties in New Jersey are metro 

counties, so the “metro” variable was dropped. It was also anticipated that metro counties 

are attractive to new firms compared to nonmetro counties. In Colorado, all other things 
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being equal, metro compared to nonmetro counties are about 17.45% more likely to 

observe new firm births. Similarly, metro compared to nonmetro counties in Oregon are 

83.09% more likely to experience single-unit births, ceteris paribus. The results are 

consistent with the earlier findings of Fujita et al. (1999), Krugman (1998), and Porter 

(2000) that suggested that regional spillover, agglomeration, and specialized 

infrastructure are crucial for innovation and starting new ventures. 

 The R-squared is a measure of goodness-of-fit and explains the variation in the 

dependent variable resulting from the independent variables. While 93% variation in 

single-unit births is explained by the independent variables in Oregon, only about 50% of 

the variation in the dependent variable is explained by the explanatory variables in New 

Jersey. In addition, the Shapiro-Wilk tests suggest that the residuals are iid with N∼ (0, 

σ
2
).  

The aggregate new firm births data is disaggregated to 2-digit NAICS. The 

sectoral regression models are limited to states that have enough observations such that 

population can be approximated by the normal distribution with the sample mean. The 

same set of hypotheses is tested. 
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Table 12 Multiple regression models, NAICS 11 

  Florida Wisconsin 

logmxprov 1.1002 -0.2023 

 (0.7713) (0.7379) 

popgr -0.0113 -0.0827 

 (0.0898) (0.2772) 

perincgr 0.0309 0.0345 

 (0.0681) (0.0916) 

estsize -0.0093 -0.0179 

 (0.0373) (0.0397) 

unemprt 0.1518 -0.0650 

 (0.1975) (0.2249) 

fincap 0.0124 -0.0080 

 (0.0326) (0.0387) 

fedspnd -0.0682 0.0259 

 (0.0445) (0.1171) 

white -0.0188 0.0163 

 (0.0155) (0.0282) 

metro -0.3139 -0.0852 

 (0.4237) (0.2840) 

constant -0.3437 -0.1586 

 (2.7789) (4.7461) 

Observations 42 31 

Adj. R-squared 0.1305 -0.2554 

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

Source: Author’s calculations 

 

Table 12 shows the models with the logarithmic transformation of single-unit firm 

births in the agriculture, forestry, fishing, and hunting sector (NAICS 11) for Florida and 

Wisconsin. In both states, with other things the same, the provision of broadband is not 

associated with the number of new firm formation at the county level in this sector. The 

results suggest that firms in the agriculture sector probably do not need high-speed access 

for their daily operations and that the provision of broadband might not be a critical 

component in starting a new venture in these sectors at least in these states.  
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Table 13 Multiple regression models, NAICS 31-33 

 Colorado Florida New Jersey Ohio Oregon South  Carolina Wisconsin 

logmxprov 2.9065*** 3.0046*** 2.9841*** 0.1871 2.0073*** 2.1854*** 1.0845** 

 (0.5505) (0.7712) (0.9509) (0.5633) (0.6430) (0.6478) (0.4860) 

popgr 0.1894** -0.0988 0.0933 0.0992 0.0742 0.0535 0.2129 

 (0.0781) (0.0624) (0.3045) (0.1255) (0.0981) (0.0800) (0.1495) 

perincgr -0.0602 -0.0716 -0.1781 0.1157* -0.0473 -0.0590 0.1368 

 (0.0455) (0.0719) (0.1676) (0.0676) (0.0500) (0.0821) (0.0823) 

estsize -0.0578* -0.0116 -0.1754* -0.0597* -0.1055** -0.0816** 0.0091 

 (0.0307) (0.0482) (0.0610) (0.0273) (0.0500) (0.0299) (0.0410) 

unemprt 0.0331 0.1664 0.0462 -0.0861 0.3680* 0.0459 0.1436 

 (0.1796) (0.1900) (0.1991) (0.1116) (0.1940) (0.0976) (0.1929) 

fincap -0.0265 0.0717* 0.0082 -0.0298 -0.0810 -0.0012 0.0211 

 (0.0187) (0.0378) (0.0160) (0.0263) (0.0524) (0.0351) (0.0261) 

fedspnd 0.0299 -0.0988** -0.0556 -0.1040* -0.2276* -0.0083 -0.0096 

 (0.0435) (0.0421) (0.0785) (0.0571) (0.1141) (0.0347) (0.0623) 

white -0.0349 -0.0099 -0.0120 -0.1111*** -0.0017 -0.0011 -0.0116 

 (0.0435) (0.0181) (0.0163) (0.0238) (0.0558) (0.0079) (0.0241) 

metro 0.2127 0.3082  -0.0362 1.0986** 0.9835*** 0.5214** 

 (0.3194) (0.4231)  (0.2384) (0.4185) (0.2761) (0.2449) 

constant -0.8463 -4.9341 1.3980 13.7882*** -2.5824 -2.3173 -1.9061 

 (5.270) (3.3785) (3.5620) (3.5491) (6.5891) (2.2750) (4.2572) 

Observations 42 49 21 80 31 34 64 

Adj. R-squared 0.7499 0.7056 0.6485 0.4548 0.7594 0.7352 0.4471 

Shapiro-Wilk statistic 0.9731 0.9816 0.9432 0.9782 0.9640 0.9691 0.9857 

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

Source: Author’s calculations 

 

Table 13 shows the multiple regression models for Colorado, Florida, New Jersey, 

Ohio, Oregon, South Carolina, and Wisconsin. In these models, the dependent variable is 

the logarithmic transformation of single-unit births in the manufacturing sector (NAICS 

31-33). Except for Ohio, the provision of broadband is positive and statistically 

significant, ceteris paribus.  

 



 

88 

 

In Colorado, Florida and New Jersey, holding everything else constant, for a 1% 

increase in the provision of broadband service, single-unit firm births increases by about 

3%. In Oregon and South Carolina, for a 1% increase in the provision of broadband 

service, firm formation increases by 2%, ceteris paribus. With other things the same, for a 

1% increase in broadband provision, new firm births increases by 1% in Wisconsin. 

These results suggest that new firms in the manufacturing sector are attracted to regions 

with broadband services. 

 

   

Figure 5 Manufacturing sector output as the percentage of total U.S. output 

 

In 1997, Ohio’s manufacturing output was more than 6% of the national 

manufacturing output. Although it was still more than 5% of the U.S. manufacturing 

output in 2005, the manufacturing output of Ohio rapidly declined compared to other 



 

89 

 

states (see Figure 5). In any case, Ohio seems not be an attractive region for new 

manufacturing start-ups and the provision of broadband is not significant in changing that 

role with respect to generating the birth of new manufacturing firms. 

 

Table 14 Multiple regression models, NAICS 52 

  Colorado Florida Ohio South Carolina Wisconsin 

logmxprov 1.8759*** 3.7186*** 1.5507*** 0.9149 1.5029*** 

 (0.6307) (0.5237) (0.4979) (0.8919) (0.5343) 

popgr 0.2744*** 0.0331 0.1580 0.1982* 0.0310 

 (0.0918) (0.0510) (0.1016) (0.1091) (0.1490) 

perincgr -0.0891* -0.0818* 0.0016 -0.0005 0.2067** 

 (0.0467) (0.0470) (0.0589) (0.0533) (0.0797) 

estsize -0.1119** -0.0663* -0.0300 -0.0442 -0.0195 

 (0.0420) (0.0378) (0.0259) (0.0396) (0.0402) 

unemprt 0.1532 -0.1923 0.0755 -0.0336 -0.2328 

 (0.1765) (0.1606) (0.1096) (0.1264) (0.1985) 

fincap 0.0091 0.0746** 0.0179 0.0489 0.0121 

 (0.0184) (0.0276) (0.0222) (0.0474) (0.0274) 

fedspnd -0.0157 -0.0928** -0.0324 0.0735 -0.0075 

 (0.0718) (0.0360) (0.0467) (0.0115) (0.0583) 

white -0.0718 -0.0071 -0.0808*** 0.0005 0.0630** 

 (0.0498) (0.0119) (0.0198) (0.0115) (0.0236) 

metro 1.4166*** 0.2604 0.7856*** 1.0050** 0.4241* 

 (0.3673) (0.2896) (0.2066) (0.3864) (0.2423) 

constant 4.8280 -4.2425 5.2021* -1.2741 4.1551 

 (5.9958) (2.3256) (2.9433) (2.8881) (4.2169) 

Observations 43 53 69 35 55 

Adj. R-squared 0.7702 0.8438 0.7207 0.7212 0.6524 

Shapiro-Wilk statistic 0.9721 0.9755 0.9885 0.9682 0.9837 

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

Source: Author’s calculations 
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Finance and insurance (NAICS 52) and real estate and rental and leasing (NAICS 

53) are two major service sectors that significantly use ICT services (see Crandall et al., 

2007; Greenstein & Spiller, 1995; Yilmaz et al., 2001). 

 

Table 15 Multiple regression models, NAICS 53 

  Colorado Florida Ohio Wisconsin 

logmxprov 2.9221*** 3.4430*** 0.2261 1.1500** 

 (0.6346) (0.4337) (0.4563) (0.5349) 

popgr 0.3087*** 0.0832* 0.1520 0.0702 

 (0.0816) (0.0431) (0.1011) (0.1544) 

perincgr 0.0555 0.0287 0.0001 0.2381*** 

 (0.0431) (0.0449) (0.0581) (0.0737) 

estsize -0.0907** -0.0164 -0.0904*** 0.0336 

 (0.0423) (0.0230) (0.0264) (0.0368) 

unemprt -0.1866 -0.0394 -0.0475 -0.0886 

 (0.1650) (0.1479) (0.1194) (0.1951) 

fincap -0.0040 0.0689*** -0.0244 0.0699** 

 (0.0199) (0.0213) (0.0216) (0.0275) 

fedspnd 0.0555 -0.0418 -0.0663 -0.0608 

 (0.0594) (0.0355) (0.0475) (0.0612) 

white -0.0047 -0.0292** -0.1149*** -0.0451* 

 (0.0436) (0.0000) (0.0189) (0.0237) 

metro 0.7534** 0.2912 0.7223*** 0.2935 

 (0.3474) (0.2831) (0.1963) (0.2578) 

constant -3.0646 -3.5405* 14.2670*** 0.8595 

 (5.2304) (1.9303) (2.9320) (4.1292) 

Observations 46 60 75 58 

Adj. R-squared 0.7991 0.8478 0.7203 0.6279 

Shapiro-Wilk statistic 0.9845 0.9799 0.9846 0.9809 

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

Source: Author’s calculations 

 

Table 14 and 15 show the multiple regression models for these two sectors, 

respectively. In the finance and insurance sector, holding other variables constant, a 1% 
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increase in the provision of broadband, increases the probability of new firm formation 

by almost 2%, 4%, 1.5%, and 1.5% in Colorado, Florida, Ohio, and Wisconsin, 

respectively. However, the provision of broadband and single-unit firm births is not 

associated in South Carolina.  

The share of South Carolina’s output to the national output in the finance and 

insurance sector was 0.66 in 1997 and 0.71 in 2005 (see Figure 6). However, the increase 

was very small. This could be one of the reasons that even with the provision of 

broadband South Carolina might not be an attractive state for starting new firms in the 

finance and insurance sector. Further, there could be a negative spillover resulting from 

finance and broadband expansion in the neighboring regions that could have a 

detrimental effect in South Carolina (see Yilmaz, Haynes, & Dinc, 2002).  

 

 

Figure 6 Finance and insurance sector output as the percentage of total U.S. output 
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In the case of real estate and rental and leasing, except for Ohio, the provision of 

broadband has a positive and significant association with single-unit firm births. With 

other things the same, a 1% increase in the provision of broadband service, firm 

formation increases by about 3%, 3.5%, and 1% for Colorado, Florida, and Wisconsin, 

respectively. 

A number of factors could have affected new firm births in Ohio and one of them 

could be the declining real estate and leasing sector as shown in Figure 7. The share of  

Ohio’s output to the national output in the real estate and rental and leasing sector was 

3.33 in 1997 and went down to 2.93 in 2005. 

 

 

Figure 7 Real estate and rental and leasing sector output as the percentage of total U.S. output 
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In general, with other things the same, the provision of broadband services and 

single-unit firm births are positive and significantly associated across 2-digit NAICS 

sectors in eight sample states. Of the 13 sectors in Colorado, single-unit firm births and 

the provision of broadband services were positive and significantly associated across all 

13 industry sectors. However, in Ohio, of the 15 sectors examined, the relationship 

between broadband provision and single-unit firm births was significant and positive in 

only six sectors. 

The association between single-unit firm births and the provision of broadband is 

not consistent across the 2-digit NAICS. In Florida, of the 16 sectors examined, single-

unit firm births and the provision of broadband was positive and significant in 14 sectors. 

Figure 8 shows the outputs of three sectors—professional, scientific, and technical 

services (NAICS 54), wholesale trade (NAICS 42), and administrative and support and 

waste management and remediation services (NAICS 56)—as the percentage of the U.S. 

output by sectors from 1999 to 2005. 

Figure 8 shows three high growth sectors in Florida. Across all these sectors, with 

other things the same, there is a positive and significant relationship between single-unit 

births and the provision of broadband. In NAICS 54, for a 1% increase in the provision of 

broadband, there is about 5% increase in single-unit births, ceteris paribus. Similarly, 

holding other variables constant, for a 1% unit increase in the provision of broadband, 

there is about 4% increase in single-unit births in both NAICS 42 and NAICS 56. Thus, 

with the positive provision of broadband and single-unit firm births, new firms are likely 

to be attracted to or stimulated in such growing sectors. 
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Figure 8 Outputs of three sectors in Florida as the percentage of total U.S. output 

 

 

Figure 9 Broadband lines per 100 individuals 
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Although the broadband data collection method was not consistent across years, 

the existing data suggest that Florida’s broadband adoption was increasing since 1999 as 

shown in Figure 9. 

 

 

Figure 10 Gross state products of Florida, Ohio, and Wisconsin 

 

In 2005, the number of broadband lines per 100 individuals in Florida was 19.76, 

which is higher than the overall U.S. lines per 100 individuals (16.95). Florida had also 

adopted various policy initiatives to promote Internet use (Florida Public Service 

Commission, 2002; Lewis, 1999). Moreover, it was found that broadband services in 

Lake County, Florida were beneficial to businesses (Ford & Koutsky, 2005). In essence, 

Florida was a large economy in terms of its gross state product (see Figure 10) and the 

use of Internet was already an integral part of Florida’s economy. Thus, single-unit firm 
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births across multiple sectors were positively and significantly associated with the 

provision of broadband. 

However, it should also be noted that firm births are significantly associated with 

other variables as well. In NAICS 56, financial capital is positive and significant; in 

NAICS 42, the mean establishment size, federal spending, and the diversity percentage 

are negative and financial capital is positive and statistically significant; and in NAICS 

54 the mean establishment size and federal spending are negative and financial capital is 

positive and significant. 

 

 

Figure 11 Outputs of three sectors in Wisconsin as the percentage of total U.S. output 

 

In 11 out of 15 sectors, single-unit firm births and the provision of broadband are 

positive and significantly associated in Wisconsin. NAICS 11, 42, 61, and 71 did not 
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exhibit significant association between firm formation and broadband provision. With 

everything else equal, for a 1% increase in the provision of broadband, there was 2.36%, 

2.23%, and 2.02% increase in the formation new firms in the professional, scientific, and 

technical services (NAICS 54), other services except public administration (NAICS 81), 

and retail trade (NAICS 44-45) sectors, respectively. 

In Wisconsin, the number of broadband lines per 100 individuals was on the rise 

since 1999, but was still lower than the U.S. average (see Figure 9). The contributions to 

the U.S. sectoral outputs were small or even declining (see Figure 11) and the overall 

state economy also was small compared to Florida and Ohio (see Figure 10).  

As noted in earlier (Chapter 3), ISPs had different price models to compete with 

BadgerNet, which was a government-support broadband initiative. There was not only 

more competition to provide cheaper services, but ISPs also shared their dark fiber to 

extend services. More competition and lower price could have attracted some sectors to 

use broadband services and that new firm births could have been positively associated 

with the provision of broadband services in Wisconsin. However, there are also other 

variables in the multiple regression models that have to do with firm formation. For the 

NAICS 54 model, personal income growth and metro variables and for the NAICS 81 

model, personal income growth are positive and significantly associated with single-unit 

births. On the other hand, for the NAICS 44-45 model, personal income growth is 

positive and the diversity index “white” is negative and significantly associated with 

single-unit firm births. 
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Figure 12 Outputs of three sectors in Ohio as the percentage of total U.S. output 

 

Although Ohio was comparatively a big and diversified economy (see Figure 10), 

there were only six sectors out of 15 that showed a positive and significant relationship 

between single-unit births and the provision of broadband. In Ohio, holding other 

variables constant, for a 1% increase in the provision of broadband, there was 1.55%, 

1.15%, and 1.05% increase in single-unit firm births in the finance and insurance, 

accommodation and food services, and retail trade sectors, respectively. Even then, from 

Figure 12 it can be argued that two of these sectors were declining in terms of output. In 

such a case, entrepreneurs are less likely to be attracted to start new ventures in declining 

sectors like retail trade and finance and insurance. In addition, other county-level factors 

also contribute to firm formation. For instance, the mean establishment size, 

unemployment rate, and diversity index were negatively significant and the metro 

variable was positively significant in the finance and insurance sector. 
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In order to check the validity of both the aggregate and disaggregate models, 

residuals were plotted and the Wilk-Shapiro test was used for testing the null hypothesis 

that the residuals are normally distributed. Because residuals are iid with a zero mean and 

a constant variance, it can be argued that the OLS estimators of the aggregate models 

should be unbiased and consistent. However, the Wilk-Shapiro W test statistics suggest 

that the residuals are not iid and that endogeneity might be a problem in some 

disaggregate models.  

Since a large number of variables were already used as control variables in the 

models, the choice for the IVs was limited. The number of housing units for 2005 and the 

number of individuals per household for 2000 were obtained from the CB’s Web site. 

Both of these variables were highly correlated with the dependent and policy variables, 

which violated the basic rule of IV modeling. Thus, it was not possible to estimate 

consistent parameters using the 2SLS regression technique for the disaggregate models 

that might have the problem of endogeneity.  

 

4.5 Conclusion 

The objective of this chapter was to examine the relationship between single-unit 

firm births and the provision of broadband. Overall, controlling for other variables, the 

aggregate-level analyses suggest that single-unit firm births and the provision of 

broadband are positive and significantly associated. However, after disaggregating firm 

formation and estimating the sectoral models, the results varied across sectors as well as 
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states. These results are possibly due to the endogenous nature of firm births across 

regions and sectors.      

In general, the positive and significant association between new firm formation 

and broadband provision is likely to play an important role in attracting entrepreneurs to 

start up their business ventures in regions that have access to broadband services. Local 

governments in today’s economic environment might thus be faced with the challenge of 

addressing issues related to broadband provision and economic growth. However, it 

should also be noted that comparative advantage varies across regions and that regional 

policies should not be merely based on promoting broadband Internet. Instead, regional 

policy formulation should take a more holistic approach by taking into account the local 

economic environment.  

ZCTA was used to match the number of providers from zip codes to counties. 

Since some zip codes cross county boundaries, the ZCTA-based matching might have 

overestimated as well as underestimated the number of providers in some counties. In the 

future research, intersection-based technique or any other relevant methods can be used 

to match providers from zip codes to counties and use in the models. However, given the 

size of the sample and sector aggregate it is believed that alternative spacing will not 

generate significant differences with these results. Agglomeration might play a big role in 

new firm formation and that administrative boundaries might have negligible influence 

on the location of a new firm with respect to the provision of broadband. 
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5 SPATIAL ANALYSIS OF NEW FIRM FORMATION AND BROADBAND 

The formation of new firms and its association with the provision of broadband 

infrastructure at the county level and by various economic sectors were examined using 

non-spatial multiple regression in Chapter 4. In order to examine spatial dependence and 

spatial heterogeneity, this chapter extends the earlier analysis by taking into account the 

spatial dimension. 

5.1 Economic activities and space 
The distribution of economic activities varies across regions. Although 

mainstream economics overlooks the relationship between economic activities and space 

(Enke, 1942; Isard, 1949), a number theories has been conceptualized to account for 

space within the framework of economic dynamics. Among them, Johann-Heinrich von 

Thunen proposed a location theory of land use, which identifies the importance of 

infrastructure for economic activities. According to von Thunen, agricultural activities 

are located in the proximity of transportation facilities (Isard, 1949). Of course, von 

Thunen’s space model is not free from criticisms. Nonetheless, his conceptualization has 

in it elements of various economic theories and that his contributions cannot be 

overlooked (see Samuelson, 1983). 

The least cost industrial location theory by Alfred Weber, the central place theory 

by Walter Christaller and August Losch, and the growth poles theory by Francois Perroux 
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are other formulations that recognized space as an integral part of economic activities 

(see Haynes, Button, Nijkamp, & Qiangsheng, 1996; Stimson, Stough, & Roberts, 2006). 

More recent works of Krugman (1991), Glaeser, Kallal, Scheinkman, and Shleifer 

(1992), and Fujita, Krugman, and Venables (1999) also regarded space as an important 

aspect of overall economic dynamics. Krugman (1991, 1998) suggested that regional 

differences can only be understood by taking into account a “new economic geography” 

that has been discarded in conventional economic analysis. 

Spatial dynamics is highly complex. The First Law of Geography, which states 

that “everything is related to everything else, but near things are more related than distant 

things,” (Tobler, 1970, 236) suggests that there exists dependence and heterogeneity 

across space.  

Spatial dependence is closely associated with local spatial characteristics (see 

Durlauf, 1994; Glaeser, Sacerdote, & Scheinkman, 1996) and have been extensively 

studied in relation to firms. Acs, Audretsch, and Feldman (1994) found that smaller firms 

that have a limited R&D resources exploit spillovers from university laboratories in their 

proximities; Anselin, Varga, and Acs (1997) confirmed a positive and significant 

relationship between the spillovers of university research on innovative activities within 

regions; and Audretsch and Feldman (1996) observed that industries in which knowledge 

spillovers are prevalent tend to become more innovative in geographic clusters. 

Spatial heterogeneity is the spatially varying phenomenon (see Anselin, 1988). 

Lomi (1995) and van Wissen (2004) recognized the importance of spatial heterogeneity 

in firm formation; Porter (2000) and Stuart and Sorenson (2003) found that local clusters 
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are associated with entrepreneurship and economic development; and 

Cheng and Li (2011) observed spatial variation in new firm formation in the U.S.   

5.2 Research problem and hypotheses 
It can be maintained that space matters, and as explained in Chapter 3, spatial 

dependence can exist due to spillover effects. Thus, an entrepreneur’s decision to start a 

new firm can be influenced by spillovers resulting from factors, such as the establishment 

of a new firm in close proximity, cross-border government policy, human capital 

movement and technology transfer across regions, and research and innovative activities 

in a region. Does this mean new firm formation in a region associated with new firm 

formation in its spatial neighborhood? This question leads to the following research 

hypothesis:   

Hypothesis 5a: In a region, new firm formation is positively associated with new 

firm formation in neighboring regions.  

 

Next, in smaller regions embedded in a large region, is the relationship between 

new firm formation and the provision of broadband same across all smaller regions?   

5.3 Methodology and data 
Spatial econometrics can be adopted to examine spatial interaction (spatial 

autocorrelation or spatial dependence) and spatial structure (spatial heterogeneity), 

collectively termed as spatial effects, in regression models for cross-sectional and panel 

data (Anselin, 1988).   
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Spatial dependence of single-unit firm births are estimated using Equations (3.12) 

– (3.14). If dependence exists, spatial regression models will be estimated as 

conceptualized by Anselin (1988).  

 In a linear regression model, spatial dependence is either incorporated as an 

additional independent variable or in the error structure. For η number of observations 

and κ independent variables, a spatial lag or spatial autoregressive model (SAR) in matrix 

form is given by: 

                                                                                                   (5.1) 

 where y is a dependent variable vector of size η; ρ is a scalar of spatial 

autocorrelation coefficient on the dependent variable; W is a spatial matrix of size η; X is 

an independent variable matrix of size η × κ; β is a parameter vector of size κ; and ε is an 

iid error vector with mean zero and variance σ
2
 of size η.   

 For the estimation purpose, Equation (5.1) can be written in reduced form as:  

                                                                                (5.2) 

 where I is an identity matrix of size η.  

Likewise, a spatial error model (SEM) in matrix form is written as: 

                                         (5.3) 

 and 

                                        (5.4)  

where u is a spatially correlated error vector of size η and λ is a scalar of spatial 

autocorrelation coefficient on the error term. Using Equations (5.3) and (5.4), the reduced 

form of SEM can be written as: 
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                                       (5.5) 

 where and I is an identity matrix of size η. Both Equations (5.2) and (5.5) are 

estimated using maximum likelihood estimation.  

Since the spatial autocorrelation term can occur in either the lagged dependent 

variable as ρ or in the error term as λ, Lagrange Multiplier (LM) test statistics (LMρ and 

LMλ for SAR and SEM, respectively) are calculated to select the proper spatial 

econometric model. If the standard LM tests are both statistically significant, robust LM 

test statistics can be calculated to specify the correct spatial model. In general,  

If  robust        robust       estimate SAR 

                                If  robust          robust       estimate SEM                         (5.6)                                                                         

The hypotheses will be tested at the county level, but separately for a number of 

randomly selected states.  

 SAR and SEM models are:      

SAR  logsub       logsub          logmxprov          metro                                       

SEM  logsub          logmxprov          metro                                     (5.7)    

The fit of (spatial process) models is often assessed by techniques, such as the 

log-likelihood ratio test and Akaike Information Criterion (AIC)  (see Anselin & Bera, 

1998). For two competing models, the log-likelihood ratio test gives a test statistic based 

on the difference between the log-likelihood values of two models and has a chi-squared 

distribution. Based on the degrees of freedom of the test statistic and a threshold value of 

chi-square for a predetermined significance level, the fit of the competing models can be 

compared (see Gujarati & Porter, 2009). On the other hand, if AIC scores are to be used 
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for comparing two models, AIC values must differ by greater than 3 for a genuine 

difference between the models. The model with the lower AIC value is a better fit 

(Fotheringham, Brunsdon, & Charlton, 2002).  

Ordinary regression and spatial regression techniques, such as SAR and SEM, are 

used for estimating global parameters and that the estimates of coefficients are constant 

across a study area of interest. However, spatial heterogeneity can exist within regions 

and is not captured by global parameters. 

Geographically weighted regression (GWR) technique, which is basically an 

extension of traditional OLS method, is useful for capturing local parameters that are 

nonstationary across space (Brunsdon, Fotheringham, & Charlton, 1996; Fotheringham, 

Charlton, & Brunsdon, 1998). A global regression model is given by: 

                                                  ∑                                    (5.8) 

where y is the dependent variable, x are the independent variables, i is the number 

of observations, and k is the number of independent variables. The error term ε is iid with 

zero mean and a constant variance. The calibration of Equation 5.8 gives the global 

parameter estimates of β.   

The model given by Equation 5.8 can be rewritten as: 

                                                         ∑                                         (5.9) 

   where (ui, vi) denotes the coordinates of the ith point in space and bk(ui, vi) is a 

realization of the continuous function bk(u, v) at point i. This transformation allows us to 

estimate localized parameters that vary across space (Brunsdon et al., 1996).  

The estimates of b are obtained by solving: 
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                               ̂        [            ]                                            (5.10) 

 where  ̂ represents the matrix representation of the estimates of b and          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 (Brunsdon et al., 1996).  

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: 

                                                             
                    (5.11) 

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 (Fotheringham et al., 2002). This implies that observations 

near i influence parameter estimations more than observations farther away from i 

(Brunsdon et al., 1996), which is the general premise of Tobler’s First Law of 

Geography. B can be fixed or adaptive based on the nature of kernel function. It can be 

selected using a cross-validation approach or the AIC approach (Fotheringham et al., 

2002).       

Finally, data used in the non-spatial models in Chapter 4 are used to estimate the 

spatial models. 
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5.4 Results 
Five out of eight states have data for broadband provisions across all counties, and 

they include Florida, New Jersey, Ohio, Oregon, and South Carolina. Thus, the spatial 

analysis was limited to these five states. 

5.4.1 Spatial dependence models 
Table 16 shows the values of global Moran’s I and their associated p-statistics for 

single-unit birth in five states. Queen contiguity matrices of the first-order were used for 

calculating these values.  

 

Table 16 Global Moran’s I for single-unit births  

State 
Global 

Moran’s I 

Pseudo p-value 

with 499 permutations 

Florida 0.4768 0.001 

New Jersey 0.4984 0.002 

Ohio 0.4422 0.001 

Oregon 0.4837 0.001 

South Carolina 0.0812 0.121 

Source: Author’s calculations   

 

Assuming that the level of significance is 0.1, the global Moran’s I statistics are 

significant in all states except South Carolina. This suggests that firm birth across 

counties experience spatial spillover effects. In other words, firm formation in a county is 

associated with firm formation in its neighboring counties in Florida, New Jersey, Ohio, 

and Oregon. 
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The global Moran’s I statistics indicate that there is spatial autocorrelation of firm 

formation. However, with such a global statistic, it is not possible to discern the extent of 

clustering among counties in terms of firm formation. Hence, using the first-order queen 

contiguity weight matrices the local Moran’s I statistics were calculated to examine the 

clustering of single-unit births in each state except South Carolina. 

 

  

 

Figure 13 Single-unit births and cluster and significance maps, Florida 

 

Figure 13 shows the cluster and significance maps of Florida. In the southern and 

central Florida, there are clusters of high single-unit firm births. In the northern part, 

there are two distinct clusters that have low single-unit firm births. These clusters are 

statistically significant. Similarly, significant cluster patterns were also observed in New 

Jersey, Ohio, and Oregon. 

For four states, Table 17 shows the LM test statistics. For selecting the correct 

spatial model, the level of significance was set to p < 0.1. In the case of Florida, LMρ was 
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greater than LMλ and was statistically significant. Further, the robust LM test also 

suggested that a SAR model should be used for the estimation purpose. In the case of 

New Jersey, it was found that LMρ was greater than LMλ and was statistically significant. 

In addition, the robust LMρ statistic was also greater than the robust LMλ statistic and 

statistically significant. Thus, a SAR model was estimated for New Jersey. 

 

Table 17 LM test statistics  

 LMρ LMλ Robust LMρ Robust LMλ 

Florida 8.2870*** 0.2145 8.8322*** 0.7597 

New Jersey 2.9510* 1.0630 2.7767* 0.8888 

Ohio 26.8401*** 16.6613*** 12.1530*** 1.9742 

Oregon 1.9413 0.9819 1.2599 0.3004 

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

Source: Author’s calculations 

 

For Ohio, both LMρ and LMλ were large and highly significant. The robust LM 

test suggested that robust LMρ was statistically significant and greater than robust LMλ. 

Thus, a SAR model was estimated for Ohio. For Oregon, LMρ was greater than LMλ, but 

was not statistically significant. The robust LMρ and robust LMλ statistics were also not 

statistically significant and thus did not provide any conclusive evidence for model 

selection. 
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Table 18 OLS and SAR model, Florida, New Jersey, and Ohio  

 Florida (OLS) Florida (SAR) New Jersey (OLS) New Jersey (SAR) Ohio (OLS) Ohio (SAR) 

ρ   0.2046***  0.5746***  0.4021*** 

  (0.0706)  (0.1721)  (0.0730) 

logmxprov 3.7655*** 3.2589*** 1.8791* 1.5310** 0.7714** 0.9091*** 

 (0.3198) (0.3271) (1.0180) (0.6577) (0.3509) (0.2810) 

popgr 0.0336 0.0338 0.1295 0.2878 0.1042 0.0776 

 (0.0331) (0.0286) (0.3260) (0.2194) (0.0754) (0.0604) 

perincgr -0.0007 -0.0240 -0.0677 -0.1026 0.0538 0.0426 

 (0.0321) (0.0289) (0.1795) (0.1177) (0.0423) (0.0340) 

estsize -0.0451*** -0.0476*** -0.1143 -0.1280*** -0.0594*** -0.0516*** 

 (0.0167) (0.0145) (0.0654) (0.0423) (0.0169) (0.0136) 

unemprt 0.0271 -0.0155 -0.0120 0.0153   -0.1353** -0.1198** 

 (0.1123) (0.0984) (0.2132) (0.1409) (0.0648) (0.0522) 

fincap       0.0401** 0.0394*** 0.0160 0.0103 -0.0112 -0.0121 

 (0.0162) (0.0140) (0.0172) (0.0118) (0.0165) (0.0132) 

fedspnd      -0.0464* -0.0316 0.0290 0.0246 -0.0230 0.0175 

 (0.0271) (0.0237) (0.0840) (0.0553) (0.0149) (0.0300) 

white -0.0035 -0.0092 -0.0200 -0.0170 -0.0890*** -0.0760*** 

 (0.0081) (0.0073) (0.0173) (0.0112) (0.0149) (0.0121) 

metro        0.1138 0.2054   0.6085*** 0.3625*** 

 (0.2127) (0.1862)   (0.1507) (0.1277) 

constant      -2.7391** -1.9901* 5.6987 2.9556    12.9785*** 9.3032*** 

 (1.2385) (1.1023) (3.8135) (2.7070) (2.1863) (1.8378) 

Observations 67 67 21 21 88 88 

AIC 116.55 110.45 44.07 41.63 152.07 128.73 

Log-likelihood -48.27 -44.23 -13.04 -10.82 -66.03 -53.05 

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

Source: Author’s calculations 

 

In Table 18, the dependent variable is the logarithmic equivalent of single-unit 

firm births. It can be noted that the coefficient for spatial association (ρ) in each SAR 

model is positive and statistically significant. While a significant spatial autoregressive 

coefficient is not always easy to interpret, one of the situations of the significant lag term 

indicates true contagion (see Anselin & Bera, 1998). Thus, the coefficients of spatial 
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association of 0.5746 in New Jersey, 0.4021 in Ohio, and 0.2046 in Florida suggest that 

single-unit firm births are spatially associated. The counties in New Jersey experienced 

the highest spillovers while the counties in Florida have the smallest spillover effects. 

However, all have statistically significant spillovers. The estimates may also reflect the 

effect of distance, the location of economic activities, and localized inter-industry 

spillovers (see Anselin et al., 1997; Ciccone & Hall, 1996; Ellison & Glaeser, 1997) 

The improved fit of the spatial models resulted from the addition of the spatially-

lagged dependent variable. In comparing the OLS and SAR mode for Florida, the log-

likelihood test statistic is 8.08 with one degrees of freedom. At a significant level of 0.05 

and for one degrees of freedom, the threshold chi-squared is 3.38. Since the test statistic 

is greater than the threshold value, the log-likelihood test suggests that the SAR model is 

a better fit than the OLS model. This can be further corroborated by the difference in the 

AIC values of the OLS and SAR models. For Florida, the AIC value went from 116.55 in 

the OLS to 110.45 in the SAR model, which is greater than three. The log-likelihood test 

results and the AIC values of models for New Jersey and Ohio also suggest that the SAR 

model is better than the OLS model in explaining single-unit births. 

There are some differences in terms of the estimated parameters between the non-

spatial and spatial modeling approaches. In the case of Florida, there are five independent 

variables that were significant in the OLS model. However, after filtering the spatial 

dependence of the single-unit births variable, only three of them remained statistically 

significant. Since the spatial model is a better fit, it can be argued that the significant 

parameters were over-estimated in the non-spatial model. Similar arguments can be made 



 

113 

 

for the models of New Jersey and Ohio. Finally, it can be noted that the provision of 

broadband remained positive and statistically significant across all spatial models.   

Because of the data constraints, economic sector analyses were limited to the 

construction (NAICS 23) and retail trade (NAICS 44-45) sectors and across three 

states—Florida, New Jersey, and Ohio. 

   

Table 19 Global Moran’s I for single-unit births, NAICS 23 and NAICS 44-45  

State 

Global 

Moran’s I 

(NAICS 23) 

Pseudo p-value 

with 499 permutations 

(NAICS 23) 

Global 

Moran’s I 

(NAICS 44-45) 

Pseudo p-value 

with 499 permutations 

(NAICS 44-45) 

Florida 0.4504 0.002 0.4517 0.002 

New Jersey 0.3776 0.006 0.5320 0.002 

Ohio 0.4103 0.002 0.3777 0.002 

Source: Author’s calculations 

 

Table 19 shows the values of global Moran’s I and their associated p-statistics for 

single-unit births in five states in the construction and retail trade sectors. Queen 

contiguity matrices of the first-order were used for calculating these values. Assuming 

that the level of significance is 0.1, the global Moran’s I statistics are significant in all 

states across both sectors. This suggests that single-unit firm births across counties 

experience spatial spillover effects. In other words, firm formation in a county is 

associated with firm formation in its neighboring counties in Florida, New Jersey, and 

Ohio in both sectors under consideration. 
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As before, the local Moran’s I statistics were calculated to identify significant 

clusters of firm formation. Figures 5.2 and 5.3 show the cluster and significance maps of 

Florida associated with the construction and retail trade sectors, respectively. 

 

  

 

Figure 14 Single-unit births and cluster and significance maps of NAICS 23, Florida 

 

  

 

Figure 15 Single-unit births and cluster and significance maps of NAICS 44-45, Florida 

 

In the southern and central Florida, there are clusters of high single-unit firm 

births in both the sectors. In the northern part, there are two distinct clusters that have low 
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single-unit firm births. These clusters are statistically significant. Similarly, significant 

cluster patterns were also observed in New Jersey and Ohio.  

 

Table 20 LM test statistics of NAICS 23 and NAICS 44-45, Florida  

 LMρ LMλ Robust LMρ Robust LMλ 

NAICS 23 3.4999* 0.5281 6.0908** 3.1189* 

NAICS 44-45 5.8431** 0.0004 7.9528*** 2.1102 

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

Source: Author’s calculations 

 

Table 20 shows the LM test statistics of Florida in the construction and retail trade 

sectors. Further, the test statistics suggested that the estimation of parameters should be 

based on SAR models.  

Table 21 shows both the non-spatial and spatial regression models of the 

construction and retail trade sectors in Florida. In each model, the dependent variable is 

the logarithmic equivalent of single-unit firm births in the sector of interest. It can be 

noted that the coefficient for spatial association (ρ) in each SAR model is positive and 

statistically significant. As before, the spatial autoregressive coefficients indicate true 

contagion. However, the contagion is more among counties in the retail trade sector.  
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Table 21 OLS and SAR models of NAICS 23 and NAICS 44-45, Florida  

 NAICS 23 (OLS) 

 

NAICS 23 (SAR) NAICS 44-45 (OLS) NAICS 44-45 (SAR) 

ρ   0.1367*  0.2102** 

  (0.0771)  (0.0857) 

logmxprov 3.4271*** 3.0885*** 3.8808*** 3.392*** 

 (0.3346) (0.3554) (0.3985) (0.4050) 

popgr 0.0589* 0.0554* 0.0445 0.0456 

 (0.0346) (0.0313) (0.0412) (0.0362) 

perincgr 0.0162 0.0019 -0.0258 -0.0501 

 (0.0336) (0.0313) (0.0401) (0.0184) 

estsize -0.0537*** -0.0552*** -0.0356* -0.0378* 

 (0.0175) (0.0158) (0.0208) (0.0184) 

unemprt -0.0938 -0.1109 0.0689 0.0149 

 (0.1175) (0.1068) (0.1399) (0.1245) 

fincap 0.0176 0.0184 0.0490** 0.0487*** 

 (0.0169) (0.0152) (0.0202) (0.0177) 

fedspnd -0.0291 -0.0322 -0.0534 -0.0380 

 (0.0284) (0.0257) (0.0377) (0.0300) 

White 0.0067 0.0029 -0.0097 -0.0153* 

 (0.0085) (0.0078) (0.0101) (0.0091) 

metro 0.3672 0.4280** 0.0501 0.1209 

 (0.2226) (0.2027) (0.2651) (0.2355) 

constant -3.843*** -3.1560** -4.9709*** -3.8076*** 

 (1.2961) (1.2325) (1.5434) (0.2355) 

Observations 67 67 67 67 

AIC 122.64 121.39 146.04 142.32 

Log-likelihood -51.32 -49.70 -63.02 -60.15 

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

Source: Author’s calculations 

 

The log-likelihood test and the AIC values suggest that the SAR model is a better 

fit than the OLS model in the retail trade sector (NAICS 44-45). However, in the 

construction sector (NAICS 23), both the log-likelihood test and the AIC values suggest 

that the SAR model is not a better fit compared to the OLS model. Although spatial 

spillover effects exist in the construction sector, new firm formation due to spillover 
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could have been limited by various factors within counties in Florida. 

Anselin et al. (1997) found that spatial spillover is often a function of distance; 

Ciccone and Hall (1996) observed that the density of economic activities; and  

Ellison and Glaeser (1997) noticed that localized industry-spillover effects occur in 

space. Thus, smaller counties that have dense economic activities with localized 

spillovers could have benefited more due to positive externalities than larger counties 

with sparse economic activities and no localized effects.   

The LM test statistics did not give any conclusive evidence to select the correct 

spatial model for the construction sector of New Jersey. However, it was possible to 

identify the correct spatial model for the retail trade sector. For Ohio, based on the results 

of the LM tests, spatial dependence of single-unit firm births in both the construction and 

retail trade sectors were estimated using SAR models. 

5.4.2 Spatial heterogeneity models 
In order to examine spatial heterogeneity, GWR models are calibrated. Since the 

OLS and SAR models were calibrated for three states—Florida, New Jersey, and Ohio—

GWR models are also limited to these states. The optimal bandwidth for all GWR 

calibrations is based on the fixed Gaussian kernel function.  

Table 22 lists the parameter estimates of the OLS, SAR, and GWR models with 

single-unit firm births as the dependent variable for Florida. The bandwidth of the 

Gaussian kernel function required to estimate the local predictors was determined by 

cross-validation as shown in Figure 16, which suggests that the bandwidth of the 

aggregate single-unit firm births model is approximately equal to 3.10. Thus, for a 
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regression point i, only three nearest neighboring counties have non-zero weights and that 

the weight decreases with the distance (see Fotheringham et al., 2002). 

 

Table 22 OLS, SAR, and GWR models, Florida  

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd quar.  Max 

ρ   0.2046***      

logmxprov 3.7655*** 3.2589*** 3.3400 3.7570 3.7020 3.8470 3.9730 

popgr 0.0336 0.0338 0.0294 0.0314 0.0329 0.0354 0.0372 

perincgr -0.0007 -0.0240 -0.0117 0.0012 0.0094 0.0190 0.0265 

estsize -0.0451*** -0.0476*** -0.0529 -0.0515 -0.0483 -0.0454 -0.0412 

unemprt 0.0371 -0.0155 -0.0144 0.0232 0.0406 0.0483 0.0533 

fincap       0.0401** 0.0394*** 0.0319 0.0327 0.0335 0.0351 0.0408 

fedspnd      -0.0464* -0.0316 -0.0522 -0.0390 -0.0352 -0.0337 -0.0284 

white -0.0035 -0.0092 -0.0183 -0.0071 -0.0032 0.0006 0.0055 

metro        0.1138 0.2054 0.0880 0.1059 0.1219 0.1444 0.2199 

constant      -2.7391** -1.9901* -2.8350 -2.7180 -2.6520 -2.5180 -1.6750 

Observations 67 67 67 

AIC 116.55 110.45 98.68 

Log-likelihood -48.27 -44.23  

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

Source: Author’s calculations 

      

The AIC score of the GWR model (98.68) is smaller than the AIC scores of the 

OLS (116.55) and SAR (110.45) models. Thus, it can be argued that the GWR model 

provides the best fit among all the models.  

Next, unlike the global estimates of OLS and SAR, GWR estimates are generally 

unique at each location. For example, for the logarithm of maximum number of providers 

(logmxprov), the OLS estimate is 3.7655 and the SAR estimate is 3.2589. The GWR 
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estimators, on the other hand, range from 3.340 to 3.973 and each county has its own 

estimator for logmxprov within this range.   

  

 

Figure 16 Cross-validation and bandwidth, Florida 

 

Figure 17 shows the distribution of the parameter estimates of the maximum 

number of service providers in Florida. For the global OLS and SAR models, the 

parameter estimate of the logarithm of the maximum number of service providers was 

3.7655 and 3.2589, respectively. However, the GWR model suggests that parameter 

estimates vary across counties. For the given interval range, the parameter values are 

higher in the south. This suggests that controlling for other variables the variation in 

single-unit firm births for a unit change in the provision of broadband is higher in the 

southern part of Florida. Similar arguments can be made for other estimates. Finally, it 

should also be noted that the OLS and SAR estimates do not take into account spatial 
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heterogeneity and thus over- and under-estimate the association between the dependent 

and the independent variables.  

 

   

Figure 17 GWR parameter estimates of the maximum number of service providers, Florida 

 

Figure 18 shows the distribution of local R-squared values associated with the 

GWR model. Although the R-squared values are not directly comparable across OLS, 

SAR, and GWR, the GWR modeling technique takes into account spatial heterogeneity 

and gives locally-relevant R-squared values that are different from the global goodness-

of-fit values given by the OLS and SAR models.  
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Figure 18 GWR local R-squared values, Florida 

 

Table 22 shows the parameter estimates of the OLS, SAR, and GWR models for 

the construction sector (NAICS 23) in Florida. The optimum bandwidth for the Gaussian 

kernel function was approximately equal to 2.01, which implies that the kernel function 

gives non-zero weights for two nearest neighbors.  

The AIC score of the GWR model (104.81) is smaller than the AIC scores of the 

OLS (122.64) and SAR (121.39) models, which suggests that the GWR model provides a 

better fit compared to the OLS and SAR models.  

For the logarithm of the maximum number of providers (logmxprov), the OLS 

estimate is 3.4271 and the SAR estimate is 3.0885. The GWR estimators, on the other 

hand, range from 3.346 to 3.393 and each county has its own estimator for logmxprov 
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within this range. Since the OLS estimate is larger than the GWR estimates, it suggests 

that OLS overestimated the coefficient of the provision of broadband. Likewise, the SAR 

estimate is smaller than the GWR estimates and suggests that the same coefficient has 

been underestimated.   

The local goodness-of-fit values are shown in Figure 20. These values are not 

directly comparable with the global R-squared values, but still suggest the variation in 

new firm formation explained by the independent variables in the GWR model. 

 

Table 23 OLS, SAR, and GWR models of NAICS 23, Florida  

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd quar.  Max 

ρ   0.1367*      

logmxprov 3.4271*** 3.0885*** 3.3460 3.3600 3.3660 3.3800 3.3930 

popgr 0.0539* 0.0554* 0.0452 0.0493 0.0540 0.0590 0.0683 

perincgr 0.0162 0.0019 -0.0102 0.0103 0.0205 0.0356 0.0565 

estsize -0.0537*** -0.0552*** -0.0731 -0.0625 -0.0536 -0.0454 -0.0333 

unemprt -0.0938 -0.1109 -0.1058 -0.0813 -0.0762 -0.0706 -0.0619 

fincap 0.0176 0.0184 0.0097 0.0116 0.0155 0.0208 0.0317 

fedspnd -0.0291 -0.0322 -0.0409 -0.0359 -0.0337 -0.0309 -0.0275 

white 0.0067 0.0029 -0.0057 0.0038 0.0070 0.0101 0.0125 

metro 0.3672 0.4280** 0.0344 0.3637 0.3722 0.3786 0.3912 

constant -3.8443*** -3.1560** -4.9560 -4.3500 -3.8260 -3.2680 -1.9810 

Observations 67 67 67 

AIC 122.64 121.39 104.81 

Log-likelihood -51.32 -49.70  

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

Source: Author’s calculations 
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Figure 19 GWR parameter estimates of the maximum number of service providers of NAICS 23, 

Florida 

 

   

Figure 20 GWR local R-squared values of NAICS 23, Florida  
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Table 24 OLS, SAR, and GWR models of NAICS 44-45, Florida  

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd quar.  Max 

ρ   0.2102**      

logmxprov 3.8808*** 3.3920*** 3.5630 3.6890 3.8080 3.9740 4.1510 

popgr 0.0445 0.0456 0.0270 0.0344 0.0405 0.0525 0.0705 

perincgr -0.0258 -0.0501 -0.0292 -0.0214 -0.0182 -0.0160 -0.0147 

estsize -0.0356* -0.0378* -0.0292 -0.0442 -0.0407 -0.0348 -0.0285 

unemprt 0.0689 0.0149 0.0153 0.0562 0.0736 0.0838 0.0907 

fincap 0.0490** 0.0487*** 0.0374 0.0390 0.0403 0.0434 0.0558 

fedspnd -0.0534 -0.0380 -0.0560 -0.0510 -0.0444 -0.0400 -0.0303 

white -0.0097 -0.0153* -0.0193 -0.0103 -0.0080 -0.0074 -0.0071 

metro 0.0501 0.1209 -0.0580 -0.0166 -0.0267 0.0981 0.3034 

constant -4.9709*** -3.8076*** -5.0650 -4.9310 -4.8000 -4.6480 -4.9709 

Observations 67 67 67 

AIC 146.04 142.32 130.40 

Log-likelihood -63.02 -60.16  

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

Source: Author’s calculations 

  

 Table 24 shows the parameter estimates of the OLS, SAR, and GWR models for 

the retail trade sector (NAICS 44-45) in Florida. The optimum bandwidth for the 

Gaussian kernel function was approximately equal to 4.3, which implies that the kernel 

function gives non-zero weights for four nearest neighbors. 

 For “logmxprov”, the OLS and SAR estimates are 3.8803 and 3.3920, 

respectively. The GWR estimates of this variable ranges from 3.5630 to 4.1510 and that 

both the global estimators are within this range. 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 and SAR models.  
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Figure 21 GWR parameter estimates of the maximum number of service providers of NAICS 44-45, 

Florida 

 

   

Figure 22 GWR local R-squared values of NAICS 44-45, Florida    
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Figure 21 and Figure 22 show the distribution of the GWR estimates and local 

goodness-of-fit values, respectively. As before, both of these figures suggest that 

estimators and R-squared values vary spatially. Finally, GWR models were also 

calibrated for New Jersey and Ohio. Similar results were obtained for both the aggregate 

and economic sector analyses.   

5.5 Conclusion 
The purpose of this chapter was to examine spatial dependence and heterogeneity 

associated with single-unit firm births. Based on the SAR models, it was found that firm 

formation in a county is associated with firm formation in its neighboring counties and 

this effect was captured by the coefficient of spatial dependence. However, the amount of 

positive association of firm formation varied across the examined states and sectors. The 

other important finding was that with other county-specific characteristics held constant 

the association between single-unit firm births and the provision of broadband was 

positive and statistically significant even after taking into account the spatial dimension. 

Interestingly, even though the SAR models fitted better than the OLS models, the overall 

results were very similar.     

 In essence, the positive and significant association between single-unit firm births 

and broadband provision, and the spatial spillover phenomenon associated with firm 

formation are likely to play an important role in a state’s economic growth.  

Entrepreneurs that play an important role in innovating and commercializing their 

innovations through new business ventures are more likely to be attracted to regions that 

have access to broadband services and experience positive spillover effects in terms of 



 

127 

 

firm formation. Based on the spatial regression models, it can be argued that significant 

spillover effects are limited within a state and that mere expansion of broadband might 

not attract new firms in regions that do not experience spatial clustering of new, 

innovative firms. Hence, policy makers need to understand the spatial dynamics of firm 

formation and the provision of broadband before formulating a state’s broadband and 

economic policies. 

 Spatial heterogeneity was examined using the GWR models. The estimates of the 

GWR models were able to capture the spatially-varying effects, which indicate that firm 

formation and broadband provision are nonstationary. In addition, it was also found that 

the local models provided better fit compared to the global, OLS and SAR models.  

 While the SAR models allow one to capture the phenomenon of spatial 

dependence, the modeling approach itself is challenging. First, it was found that there 

was no spatial dependence of single-unit firm births in South Carolina. Was there actually 

no spatial association of firm formation in South Carolina in 2006 or was it because of 

the scope of the first-order spatial weight matrix used in calculating the spatial 

autocorrelation coefficient that the spatial dependence was not captured? If the first-order 

weight matrix was replaced by a second-order matrix or a distance-based matrix, what 

would have been the result?      

Second, the coefficient estimates capture both direct and indirect spillover effects 

and cannot be interpreted as the coefficients of OLS models. This difficulty has been 

acknowledged (see Anselin & Bera, 1998; LeSage & Pace, 2009).Third, apart from the 
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SAR and SEM models, there are other spatial models that can used to examine spatial 

effects.  

From the methodological perspective, future research should focus on three 

different aspects—(1) the use of different types of weight matrices to capture spatial 

dependence, (2) the interpretation of the coefficients of spatial models as proposed 

LeSage and Pace (2009), and (3) the use of different spatial modeling approaches (see 

LeSage & Pace, 2009). 

Similarly, the GWR models were able to capture the spatially-varying local 

structure of firm formation and the provision of broadband. However, since the 

significance of the estimators and the model differences were not be statistically verified, 

GWR results should be used for the exploratory purpose. In addition, the outputs of a 

GWR model can be voluminous and are often difficult to report 

(see Ali, Partridge, & Olfert, 2007; Cheng & Li, 2011).    

Finally, based on the FCC data, it was not possible to identify the number of 

providers in all counties. In addition, some counties did not experience single-unit firm 

births across all sectors. It is possible to calibrate models with missing data. However, in 

order to avoid problems associated with missing data, this study focused on states and 

sectors that have firm births and service provision in all counties. Future research should 

also deal with the missing data issue such that the study regions and sectors could be 

increased.   
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6 CONCLUSION 

The purpose of this dissertation has been to examine the utilization of broadband 

Internet at the state level and the association between new firm formation and the 

provision of broadband at the county level across some randomly sampled states and 

economic sectors in the U.S. This research is an empirical contribution and provides new 

insights to broadband-related issues. This chapter summarizes research background and 

major findings, provides policy recommendations, and outlines the direction of future 

research. 

6.1 Research background and findings 
 Resource utilization is an important public policy issue. In order to understand the 

role of government and industry in promoting broadband, earlier studies have examined 

the issue of Internet access and use in relation to resource utilization. For instance, 

Hazlett (2008) observed that government initiatives does not necessarily promote Internet 

access and Kandilov and Renkow (2010) found that the federal broadband grant program 

made a minimal or almost no economic impact in the local communities. 

Stenberg et al. (2009), on the contrary, found a positive impact of broadband in the rural 

U.S., especially in the regions that had broadband access earlier than other regions. In the 

private sector, Kenny and Kenny (2011) noted that network capacities are not often 
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optimally utilized and that private operators are reluctant to make additional investment 

in telecommunications infrastructure. 

 Although Grubesic (2010) examined the efficiency of broadband at the zip code 

level, the focus of the study was on provision instead of adoption and use. While service 

can be efficiently provided, if it is not efficiently used it would be difficult for policy 

makers to appraise the status of resource utilization and thus formulate future policies. 

This study examines the issue of resource utilization in relation to broadband adoption 

and use at the state level. In doing so, the focus is on four issues: (a) efficiency associated 

with broadband adoption and use, (b) the variation of efficiency over time, (c) efficiency 

ranking, and (d) the spatial dependence of efficiency. 

 DEA is a commonly used technique for assessing infrastructure efficiency. This 

study uses a multiple-input/multiple-output DEA with a program of 48 contiguous states 

as DMUs to assess instantaneous as well as intertemporal efficiencies from 2005 to 2007. 

The input variables include annual population estimates, average personal income, non-

farm employment, population at 25 years and over with a bachelor’s or higher degree, 

and the total number of switches of incumbent local exchange carriers. The output 

variables are the number of broadband subscribers and the electronic government index. 

 In general, not all states are efficient in the adoption and use of broadband 

services. For the given inputs, the number of broadband subscribers and the use of 

electronic government services are not optimal in many states. Sensitivity analysis 

suggests that the impact of the input variables to the overall efficiency was not consistent 

across states. That is, the same set of inputs can be the competitive strength in broadband 
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adoption and use for one state, but not for another. The intertemporal TFP change, on the 

other hand, suggests that most of the states become increasingly efficient over time. 

Further, California was the most efficient state in terms of broadband adoption and use in 

time. Other efficient states, however, did not rank consistently over time. In addition, it 

was noted also that there exists the spatial dependency of efficiency at the regional level. 

This dependency could be the result of spillover effects from interstate competition or 

from imitative behavior. 

 Entrepreneurs play an important role in economic growth (Acs & Armington, 

2006; Schumpeter, 1934, 1942). Kirchhoff (1994) suggested that entrepreneurs create 

new firms that lead to job creation and wealth distribution. Endogenous growth theory 

also emphasizes the importance of entrepreneurs, innovation, human capital, and 

technological change for economic growth and development (Lucas, 1988; Romer, 1986, 

1990).  

 Broadband services are important for various reasons, such as, connecting 

physical locations to collect and exchange information (Bobzin, 2006) and to invent and 

innovate business processes (Bakos, 1998; Furst et al., 2001; Griffith & Krampf, 1998; 

Sharma, 2002). Moreover, Internet services are GPTs (Harris, 1998; Majumdar et al., 

2010) that open opportunities rather than solutions to businesses.  

 Assuming that broadband is an essential infrastructure of today’s economic 

environment and that entrepreneurs are likely to be attracted to regions that have the 

provision of broadband services, this study examines the association between single-unit 

firm births and broadband provision in a number of randomly sampled states—Colorado, 
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Florida, Montana, New Jersey, Ohio, Oregon, South Carolina, and Wisconsin—and 

economic sectors using multiple regression models. In these models, counties are the 

observation units and the number of single-unit births is the dependent variable and the 

maximum number of service providers is the policy variable. Population growth, personal 

income growth, mean establishment size, unemployment rate, deposits per individuals as 

financial capital, federal spending, white percentage as the diversity index, and metro as 

an index of agglomeration are used as control variables. 

 Overall, controlling for other variables, the aggregate level analyses suggest that 

single-unit firm births and the provision of broadband are positive and significantly 

associated. However, after disaggregating firm formation and estimating the sectoral 

models, the results varied across sectors as well as states. These results are possibly due 

to the endogenous nature of firm births across regions and sectors. Moreover, metro 

counties seem to attract more new firms compared to non-metro counties, which suggests 

that agglomeration appears to plays an important role in new firm formation and 

administrative boundaries seem to have a negligible influence on the location of a new 

firm with respect to the provision of broadband. 

 Economic activities are in close proximity to infrastructure. Businesses often 

locate themselves close to infrastructure for various reasons, such as the acquisition of 

factors of production, sales, and marketing. Thus, space is an important aspect of 

economic dynamics (Fujita et al., 1999; Krugman, 1991). Krugman (1991, 1998) also 

noted that space needs to be taken into account, which is often discarded in conventional 

economic analysis, to understand regional differences. 
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 Activities in space, however, exhibit two distinctive characteristics—spatial 

dependence and spatial heterogeneity—and new firm formation is associated with both 

(Acs et al., 1994; Anselin et al., 1997; Cheng & Li, 2011; Porter, 2000). In order to 

examine spatial dependence, this study hypothesizes that new firm formation and the 

provision of broadband infrastructure are closely associated and new firm formation in a 

region is associated with new firm formation in its spatial neighborhood, that is, spatial 

dependence exists.  

 The earlier non-spatial multiple regression models are extended to spatial models 

by incorporating the spatial dimension to examine spillover effects. First, for new firm 

formation, the global and local Moran’s I statistics measure spatial dependence and are 

positive and statistically significant across states and economic sectors. However, spatial 

dependence is not consistent across them. In other words, not all states and economic 

sectors experience equal spatial spillover. In addition, even within a state, some regions 

exhibit high and others low spillover effects. Second, spatial regression models, namely 

SAR models, across various states and economic sectors suggest that, after controlling for 

other variables, the provision of broadband is positive and statistically significant with 

firm formation and firm formation experiences spatial dependence.  

 The OLS and SAR estimates are global in nature and their parameters are 

assumed to be the same for all smaller spatial units embedded in a large region. GWR 

calibration, on the other hand, provides estimates that are specific to each smaller entity. 

This allows one to examine unobserved, individual heterogeneity. This study examines 
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the spatially-varying relationship between new firm formation and the provision of 

broadband.  

 It is found that the coefficient estimates vary across counties in each state as well 

as economic sector. Some counties experience a larger change in the number of single-

unit births for one unit change in the provision of broadband, while others experience a 

smaller change for the same condition, ceteris paribus. In addition, the GWR models are 

better in explaining the variation in the formation of new firms. The results imply that 

spatial heterogeneity exists in firm formation and are not captured by the global OLS and 

SAR models. However, it was not possible to statistically determine the significance of 

the GWR estimates as well as the AIC values.  

6.2 Policy implications 
Infrastructure in general positively contributes to economic growth and 

development. In today’s economic environment, broadband Internet is an essential 

infrastructure and its access and use are important public policy issues. The formulation 

of the National Broadband Plan by the federal government might be an important step 

toward achieving universal broadband access. Similarly, broadband initiatives at the state 

level are important in promoting broadband in the U.S. However, there are various issues 

related to increasing broadband access and use. 

First, the U.S. broadband definition is not standard. This study adopts broadband 

as service that has a transmission rate of 200 kbps in at least one direction. In addition, 

broadband definition has changed over time. While technological advancement can make 

definitions obsolete, the FCC must focus on adopting and collecting data of at least one 
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standard definition. The collected data can be split up according to various transmission 

rates to provide a better picture of broadband access rates.  

Second, it should be noted that government initiatives in the telecommunications 

sector have experienced some less than favorable outcomes in the past (Dinc et al., 1998; 

Garbacz & Thompson, 1997; Hazlett, 2008; Johnson, 1988; Kandilov & Renkow, 2010). 

This study also finds that states are inefficient in adopting and using broadband services. 

One of the ways to increase efficiency is that policy makers need to understand the input 

and output mixes and the sources of inefficiencies. For example, some states do not need 

to invest in additional infrastructure and some states have capacity to increase the number 

of subscribers and use at the existing input levels. Otherwise, as 

Crandall and Waverman (2000) noted, subsidy programs will always remain complex and 

controversial because of the redistribution of revenues.  

Third, while entrepreneurs and new firms are important for economic growth and 

development and new firm formation is positive and significantly associated with the 

provision of broadband, agglomeration is a dominant factor in influencing the location of 

new firms. Other factors that are significantly associated with firm formation differ 

across regions and sectors. In addition, positive and significant spatial dependence is 

localized within certain neighboring regions and spatial heterogeneity is unique to each 

region with respect to new firm formation. Thus, a “one size fit all” broadband policy is 

not likely to be beneficial to the U.S. Broadband as related to economic development 

policies should be specific to regions.            
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Fourth, data collection is a challenging task. While the initiatives taken by the 

National Broadband Plan are laudable, incomplete data and sample selection bias have 

limited public policy analysis (Grubesic, 2012). Government as well as other parties 

involved in sharing, collecting, and reporting broadband data should be serious about 

these issues.      

6.3 Future research 
While this study examined the efficiency of broadband adoption and use, it did 

not determine the external environmental factors associated with efficiency. Spatial 

patterns of broadband efficiency needs to be taken into account to understand the 

distribution of efficiency in the U.S. SAR or SEM models should be calibrated to account 

for these spatial interactions. For a model with the BCC score as the dependent variable, 

it will be important to include urbanization levels, outputs of information-intensive 

sectors, such as financial services, real estate, and retail (in dollars), public sector 

investment in infrastructure, and the size of the state as independent variables in a 

spatially sensitive regression assessment. In addition, there are various techniques for 

ranking efficient DMUs. These techniques can be used to examine the variation of 

ranking among efficient states for broadband adoption and use. 

 It was difficult to extract operator data from the password-protected files released 

by the FCC. Thus, both the non-spatial and spatial dimensions of new firm formation and 

the provision of broadband were limited to a number of randomly sampled states. Future 

research should attempt to automate the data extraction process and expand the study 

area.  
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Causality is a key issue, especially when examining an important policy issue 

such as the relationship between economic growth and broadband. Due to the limitation 

of data, it was not possible to draw any conclusive inference on the causal nature of 

broadband and new firm formation. However, a multiple time series model in relation to 

broadband was examined. The limitation of time periods of the sample limited the 

validity of the model. Future research should also address the issue of causality by 

obtaining longer time series or creating a valid functional relationship between time 

series in a multiple time series model.     

Finally, there are various broadband-related issues, such as pricing, transmission 

rate, spectrum management, technologies and services, and regulation and competition. 

Future research should also focus in these directions.      
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APPENDIX A 

Table 25 Efficiency scores, 2007  

State CCR score BCC score Scale Efficiency Returns to scale 

Alabama (AL) 0.701 0.890 0.798 Increasing 

Arizona (AZ) 0.911 1.000 0.911 Increasing 

Arkansas (AR) 0.718 0.824 0.872 Increasing 

California (CA) 1.000 1.000 1.000 Constant 

Colorado (CO) 0.795 0.816 0.974 Increasing 

Connecticut (CT) 0.943 0.947 0.996 Increasing 

Delaware (DE) 1.000 1.000 1.000 Constant 

Florida (FL) 1.000 1.000 1.000 Constant 

Georgia (GA) 0.966 0.996 0.970 Increasing 

Idaho (ID) 0.759 1.000 0.759 Increasing 

Illinois (IL) 0.808 0.816 0.990 Increasing 

Indiana (IN) 0.816 0.861 0.949 Increasing 

Iowa (IA) 0.708 0.782 0.905 Increasing 

Kansas (KS) 0.718 0.752 0.956 Increasing 

Kentucky (KY) 1.000 1.000 1.000 Constant 

Louisiana (LA) 0.794 0.856 0.928 Increasing 

Maine (ME) 1.000 1.000 1.000 Constant 

Maryland (MD) 0.859 0.894 0.961 Decreasing 

Massachusetts (MA) 0.884 0.929 0.951 Decreasing 

Michigan (MI) 1.000 1.000 1.000 Constant 

Minnesota (MN) 0.727 0.728 0.999 Increasing 

Mississippi (MS) 0.625 1.000 0.625 Increasing 

Missouri (MO) 0.741 0.756 0.980 Increasing 

Montana (MT) 0.857 1.000 0.857 Increasing 

Nebraska (NE) 0.729 0.763 0.955 Increasing 

Nevada (NV) 1.000 1.000 1.000 Constant 
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State CCR score BCC score Scale Efficiency Returns to scale 

New Hampshire (NH) 0.910 0.932 0.976 Increasing 

New Jersey (NJ) 1.000 1.000 1.000 Constant 

New Mexico (NM) 0.680 1.000 0.680 Increasing 

New York (NY) 0.855 0.859 0.995 Decreasing 

North Carolina (NC) 0.903 0.948 0.952 Increasing 

North Dakota (ND) 1.000 1.000 1.000 Constant 

Ohio (OH) 0.865 0.920 0.940 Increasing 

Oklahoma (OK) 0.755 0.762 0.991 Increasing 

Oregon (OR) 0.824 0.881 0.936 Increasing 

Pennsylvania (PA) 0.827 0.849 0.974 Increasing 

Rhode Island (RI) 0.991 1.000 0.991 Increasing 

South Carolina (SC) 0.820 0.947 0.866 Increasing 

South Dakota (SD) 0.649 0.864 0.752 Increasing 

Tennessee (TN) 0.999 1.000 0.999 Increasing 

Texas (TX) 0.959 0.966 0.993 Increasing 

Utah (UT) 0.938 1.000 0.938 Increasing 

Vermont (VT) 0.809 1.000 0.809 Increasing 

Virginia (VA) 0.776 0.790 0.982 Increasing 

Washington (WA) 0.842 0.866 0.972 Increasing 

West Virginia (WV) 0.698 1.000 0.698 Increasing 

Wisconsin (WI) 0.672 0.705 0.952 Increasing 

Wyoming (WY) 0.921 1.000 0.921 Increasing 

Source: Author’s calculations 

 

 

 

 

 

 

 

 

 

 

 

 



 

140 

 

 

 
Table 26 CCR and BCC efficiency scores and their means, 2005-2007 

State 2005 2006 2007 

 CCR score BCC score CCR score BCC score CCR score BCC score 

AL 0.679 0.720 0.716 0.758 0.701 0.890 

AZ 0.806 0.835 0.960 1.000 0.911 1.000 

AR 1.000 1.000 0.855 0.865 0.718 0.824 

CA 1.000 1.000 1.000 1.000 1.000 1.000 

CO 0.823 0.824 0.810 0.818 0.795 0.816 

CT 1.000 1.000 0.942 0.943 0.943 0.947 

DE 1.000 1.000 1.000 1.000 1.000 1.000 

FL 1.000 1.000 1.000 1.000 1.000 1.000 

GA 0.855 0.904 0.894 0.942 0.966 0.996 

ID 0.851 0.996 0.879 1.000 0.759 1.000 

IL 0.818 0.841 0.873 0.933 0.808 0.816 

IN 0.805 0.815 1.000 1.000 0.816 0.861 

IA 0.690 0.710 0.862 0.881 0.708 0.782 

KS 0.857 0.937 0.819 0.863 0.718 0.752 

KY 0.783 0.827 1.000 1.000 1.000 1.000 

LA 0.772 0.807 0.918 0.928 0.794 0.856 

ME 1.000 1.000 0.867 0.913 1.000 1.000 

MD 0.855 0.864 0.833 0.833 0.859 0.894 

MA 1.000 1.000 0.892 0.892 0.884 0.929 

MI 0.941 0.946 0.992 0.995 1.000 1.000 

MN 0.752 0.779 0.795 0.901 0.727 0.728 

MS 0.959 1.000 0.806 1.000 0.625 1.000 

MO 0.712 0.759 0.881 0.897 0.741 0.756 

MT 0.821 1.000 1.000 1.000 0.857 1.000 

NE 0.877 0.901 0.891 0.916 0.729 0.763 

NV 1.000 1.000 1.000 1.000 1.000 1.000 

NH 1.000 1.000 0.959 0.961 0.910 0.932 

NJ 1.000 1.000 1.000 1.000 1.000 1.000 

NM 0.706 1.000 0.792 1.000 0.680 1.000 

NY 0.972 0.989 0.911 0.966 0.855 0.859 
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State 2005  2006  2007  

 CCR score BCC score CCR score BCC score CCR score BCC score 

NC 1.000 1.000 0.935 0.939 0.903 0.948 

ND 1.000 1.000 1.000 1.000 1.000 1.000 

OH 0.899 0.906 0.975 0.977 0.865 0.920 

OK 0.747 0.840 0.805 0.810 0.755 0.762 

OR 0.896 0.969 0.960 1.000 0.824 0.881 

PA 0.805 0.807 0.933 0.962 0.827 0.849 

RI 1.000 1.000 1.000 1.000 0.991 1.000 

SC 0.686 0.785 0.984 0.997 0.820 0.947 

SD 0.977 1.000 0.936 1.000 0.649 0.864 

TN 0.944 0.950 1.000 1.000 0.999 1.000 

TX 0.989 1.000 1.000 1.000 0.959 0.966 

UT 1.000 1.000 1.000 1.000 0.938 1.000 

VT 0.898 1.000 1.000 1.000 0.809 1.000 

VA 0.798 0.834 0.805 0.814 0.776 0.790 

WA 0.861 0.919 0.898 0.909 0.842 0.866 

WV 0.956 1.000 1.000 1.000 0.698 1.000 

WI 0.773 0.802 0.768 0.775 0.672 0.705 

WY 0.787 1.000 1.000 1.000 0.921 1.000 

Mean 0.882 0.922 0.920 0.946 0.850 0.915 

Source: Author’s calculations 
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Table 27 Sensitivity analysis, 2007 

State w/o 

population 

w/o 

average 

personal 

income 

w/o 

non-farm 

employment 

w/o 

education 

w/o 

switches 

BCC 

score 

AL 0.890 0.776 0.890 0.763 0.779 0.890 

AZ 1.000 0.908 1.000 1.000 0.967 1.000 

AR 0.823 0.824 0.824 0.791 0.824 0.824 

CA 1.000 1.000 1.000 1.000 1.000 1.000 

CO 0.766 0.796 0.816 0.816 0.816 0.816 

CT 0.883 0.947 0.947 0.947 0.947 0.947 

DE 1.000 1.000 1.000 1.000 1.000 1.000 

FL 1.000 1.000 1.000 1.000 1.000 1.000 

GA 0.996 0.877 0.996 0.996 0.885 0.996 

ID 1.000 0.815 1.000 1.000 1.000 1.000 

IL 0.804 0.799 0.816 0.815 0.816 0.816 

IN 0.851 0.847 0.860 0.836 0.861 0.861 

IA 0.736 0.733 0.782 0.742 0.782 0.782 

KS 0.724 0.680 0.752 0.752 0.752 0.752 

KY 1.000 1.000 1.000 1.000 1.000 1.000 

LA 0.848 0.856 0.853 0.705 0.856 0.856 

ME 1.000 0.945 1.000 1.000 1.000 1.000 

MD 0.881 0.894 0.894 0.894 0.894 0.894 

MA 0.892 0.929 0.929 0.929 0.929 0.929 

MI 1.000 1.000 1.000 1.000 1.000 1.000 

MN 0.708 0.724 0.728 0.728 0.728 0.728 

MS 1.000 0.756 1.000 1.000 1.000 1.000 

MO 0.734 0.725 0.756 0.743 0.756 0.756 

MT 1.000 0.855 1.000 1.000 1.000 1.000 

NE 0.734 0.691 0.763 0.763 0.752 0.763 

NV 1.000 1.000 1.000 1.000 1.000 1.000 

NH 0.893 0.926 0.932 0.932 0.932 0.932 

NJ 1.000 1.000 1.000 1.000 1.000 1.000 

NM 1.000 0.729 1.000 1.000 0.976 1.000 

NY 0.859 0.859 0.854 0.859 0.859 0.859 

NC 0.942 0.869 0.948 0.929 0.862 0.948 
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State w/o 

population 

w/o 

average 

personal 

income 

w/o 

non-farm 

employment 

w/o 

education 

w/o 

switches 

BCC 

score 

ND 1.000 1.000 1.000 1.000 1.000 1.000 

OH 0.895 0.890 0.920 0.902 0.920 0.920 

OK 0.759 0.750 0.761 0.735 0.762 0.762 

OR 0.865 0.750 0.881 0.881 0.878 0.881 

PA 0.831 0.841 0.849 0.836 0.849 0.849 

RI 1.000 1.000 1.000 1.000 1.000 1.000 

SC 0.944 0.810 0.945 0.929 0.942 0.947 

SD 0.851 0.728 0.864 0.799 0.864 0.864 

TN 1.000 1.000 1.000 0.997 1.000 1.000 

TX 0.966 0.959 0.966 0.966 0.966 0.966 

UT 1.000 0.869 1.000 1.000 1.000 1.000 

VT 1.000 0.999 1.000 1.000 1.000 1.000 

VA 0.751 0.743 0.790 0.790 0.790 0.790 

WA 0.855 0.824 0.866 0.865 0.866 0.866 

WV 1.000 1.000 1.000 1.000 1.000 1.000 

WI 0.662 0.672 0.705 0.687 0.705 0.705 

WY 1.000 1.000 1.000 1.000 1.000 1.000 

Source: Author’s calculations 
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Table 28 Summary of Malmquist index, 2005-2006 

State ΔEFF ΔTECH ΔPTEFF ΔSEFF MI 

AL 1.055 1.165 1.053 1.002 1.229 

AZ 1.192 1.373 1.198 0.995 1.636 

AR 0.855 0.902 0.865 0.989 0.771 

CA 1.000 1.704 1.000 1.000 1.704 

CO 0.984 1.445 0.992 0.991 1.422 

CT 0.942 1.758 0.943 0.999 1.657 

DE 1.000 1.233 1.000 1.000 1.233 

FL 1.000 1.445 1.000 1.000 1.445 

GA 1.046 1.380 1.043 1.003 1.443 

ID 1.034 1.128 1.004 1.030 1.166 

IL 1.068 1.500 1.110 0.963 1.603 

IN 1.242 1.026 1.227 1.012 1.274 

IA 1.249 1.074 1.240 1.007 1.342 

KS 0.955 1.345 0.921 1.036 1.285 

KY 1.277 0.951 1.209 1.056 1.215 

LA 1.188 1.107 1.149 1.034 1.316 

ME 0.867 1.046 0.913 0.950 0.907 

MD 0.974 1.695 0.964 1.011 1.650 

MA 0.892 1.649 0.892 1.000 1.470 

MI 1.054 1.112 1.051 1.003 1.172 

MN 1.056 1.469 1.157 0.913 1.552 

MS 0.841 0.858 1.000 0.841 0.721 

MO 1.236 1.120 1.181 1.047 1.385 

MT 1.218 1.167 1.000 1.218 1.421 

NE 1.016 1.238 1.016 1.000 1.258 

NV 1.000 1.224 1.000 1.000 1.224 

NH 0.959 1.500 0.961 0.998 1.437 

NJ 1.000 1.539 1.000 1.000 1.539 

NM 1.121 1.203 1.000 1.121 1.349 

NY 0.937 1.489 0.976 0.960 1.395 

NC 0.935 1.155 0.939 0.996 1.081 

ND 1.000 1.086 1.000 1.000 1.086 

OH 1.085 1.265 1.078 1.006 1.372 



 

145 

 

State ΔEFF ΔTECH ΔPTEFF ΔSEFF MI 

OK 1.078 1.122 0.965 1.117 1.209 

OR 1.071 1.216 1.032 1.038 1.303 

PA 1.159 1.270 1.192 0.972 1.472 

RI 1.000 1.537 1.000 1.000 1.537 

SC 1.434 1.084 1.314 1.092 1.555 

SD 0.958 1.110 1.000 0.958 1.063 

TN 1.060 1.080 1.053 1.006 1.144 

TX 1.011 1.245 1.000 1.011 1.259 

UT 1.000 1.008 1.000 1.000 1.008 

VT 1.113 1.272 1.000 1.113 1.416 

VA 1.009 1.554 0.976 1.034 1.567 

WA 1.044 1.486 0.989 1.056 1.552 

WV 1.046 0.920 1.000 1.046 0.962 

WI 0.993 1.220 0.967 1.027 1.212 

WY 1.270 1.283 1.000 1.270 1.629 

Mean 1.046 1.247 1.028 1.017 1.304 

Source: Author’s calculations 
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Table 29 Summary of Malmquist index, 2006-2007 

State ΔEFF ΔTECH ΔPTEFF ΔSEFF MI 

AL 0.990 1.268 1.173 0.844 1.256 

AZ 0.949 1.147 1.000 0.949 1.089 

AR 0.840 1.287 0.953 0.882 1.082 

CA 1.000 1.180 1.000 1.000 1.180 

CO 0.982 1.201 0.998 0.984 1.179 

CT 1.001 1.228 1.004 0.996 1.229 

DE 1.000 1.278 1.000 1.000 1.278 

FL 1.000 1.134 1.000 1.000 1.134 

GA 1.080 1.085 1.057 1.022 1.173 

ID 0.863 1.193 1.000 0.863 1.029 

IL 0.925 1.177 0.874 1.058 1.089 

IN 0.816 1.254 0.861 0.949 1.023 

IA 0.821 1.229 0.888 0.924 1.009 

KS 0.878 1.172 0.871 1.007 1.029 

KY 1.000 1.291 1.000 1.000 1.291 

LA 0.865 1.263 0.923 0.938 1.093 

ME 1.153 1.179 1.095 1.053 1.359 

MD 1.031 1.178 1.073 0.961 1.215 

MA 0.991 1.193 1.042 0.951 1.182 

MI 1.008 1.276 1.005 1.003 1.286 

MN 0.915 1.150 0.808 1.133 1.052 

MS 0.807 1.248 1.000 0.807 1.007 

MO 0.841 1.225 0.843 0.998 1.030 

MT 0.857 1.218 1.000 0.857 1.044 

NE 0.818 1.223 0.833 0.982 1.000 

NV 1.000 1.215 1.000 1.000 1.215 

NH 0.950 1.258 0.971 0.978 1.195 

NJ 1.000 1.163 1.000 1.000 1.163 

NM 0.858 1.192 1.000 0.858 1.023 

NY 0.939 1.191 0.890 1.055 1.118 

NC 0.965 1.106 1.009 0.956 1.067 

ND 1.000 0.986 1.000 1.000 0.986 

OH 0.887 1.222 0.941 0.942 1.084 
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State ΔEFF ΔTECH ΔPTEFF ΔSEFF MI 

OK 0.938 1.263 0.941 0.998 1.186 

OR 0.859 1.134 0.881 0.975 0.974 

PA 0.887 1.222 0.882 1.005 1.084 

RI 0.991 1.152 1.000 0.991 1.142 

SC 0.834 1.180 0.950 0.878 0.983 

SD 0.694 1.319 0.864 0.804 0.915 

TN 0.999 1.207 1.000 0.999 1.206 

TX 0.959 1.114 0.966 0.993 1.068 

UT 0.938 1.083 1.000 0.938 1.016 

VT 0.809 1.263 1.000 0.809 1.022 

VA 0.964 1.150 0.970 0.993 1.108 

WA 0.937 1.161 0.953 0.983 1.088 

WV 0.698 1.263 1.000 0.698 0.882 

WI 0.874 1.235 0.909 0.962 1.080 

WY 0.921 1.314 1.000 0.921 1.210 

Mean 0.919 1.200 0.965 0.953 1.103 

Source: Author’s calculations 

 

 

 

 
Table 30 CCR-based super-efficiency scores and ranking, 2007  

 

State CCR-base super-efficiency score 

 

Rank 

 

Radial change score (in %) 

CA 1.809 1 55.29 

DE 1.480 2 67.56 

FL 1.305 3 76.51 

KY 1.108 7 90.23 

ME 1.062 8 94.18 

MI 1.109 6 90.19 

NV 1.143 5 87.50 

NJ 1.202 4 83.18 

ND 1.030 9 97.08 

Source: Author’s calculations 
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Table 31 Super-efficiency ranking, 2005-2007  

 
2005 2006 2007 

State CCR-based 

super-

efficiency 

score (Rank) 

BCC-based 

super-

efficiency 

score 

CCR-based 

super-

efficiency 

score (Rank) 

BCC-based 

super-

efficiency 

score 

CCR-based 

super-

efficiency 

score (Rank) 

BCC-based 

super-

efficiency 

score 

AZ    1.088  1.059 

AR 1.108 (8) 1.117     

CA 1.751 (1) 1.961 1.846 (1) 2.090 1.809 (1) 2.064 

CT 1.048 (12) 1.050     

DE 1.087 (11) 1.107 1.122 (8) 1.138  1.480 (2) 1.480 

FL 1.524 (2) 1.624 1.324 (2) 1.413 1.305 (3) 1.393 

ID    1.005  1.080 

IN   1.013 (15) 1.023   

KY   1.038 (13) 1.067 1.108 (7) 1.405 

ME 1.229 (4) 1.254   1.062 (8) 1.173 

MA 1.004 (14) 1.010     

MI     1.109 (6) 1.128 

MS  1.301  Big  Big 

MT  Big 1.152 (5) Big  Big 

NV 1.124 (7) 1.391 1.062 (10) 3.517 1.143 (5) Big 

NH 1.043 (13) 1.043     

NJ 1.100 (10) 1.140 1.234 (4) 1.244 1.202 (4) 1.215 

NM  Big  Big  Big 

NC 1.105 (9) 1.114     

ND 1.213 (5) Big 1.324 (3) Big 1.030 (9) Big 

OR    1.006   

RI 1.125 (6) 1.282 1.041 (12) 1.170  1.226 

SD  1.122  Big   

TN   1.052 (11) 1.053  1.053 

TX  1.024 1.147 (7) 1.149   

UT 1.338 (3) Big 1.152 (6) Big  Big 

VT  Big 1.019 (14) Big  Big 

WV  Big 1.066 (9) Big  Big 

WY  Big 1.011 (16) Big  Big 

Source: Author’s calculations 
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Table 32 Counties, single-unit firm births, and the maximum number of providers  

Colorado Florida 

County Births Providers County Births Providers 

Denver 2,094 20 Miami-Dade 9,793 19 

Jefferson 1,778 17 Broward 7,571 19 

Arapahoe 1,773 20 Palm Beach 5,257 18 

El Paso 1,771 15 Orange 4,011 18 

Boulder 1,208 18 Hillsborough 3,770 19 

Hinsdale 2 5 Liberty 7 6 

Kiowa 2 5 Calhoun 14 7 

Bent 3 5 Glades 17 8 

Cheyenne 3 5 Lafayette 21 7 

Crowley 3 6 Dixie 25 7 

Jackson 3 6 Jefferson 25 8 

Sedgwick 3 7 Union 25 8 

Montana New Jersey 

County Births Providers County Births Providers 

Gallatin 641 13 Bergen 3,055 16 

Yellowstone 480 14 Middlesex 2,247 15 

Missoula 401 13 Monmouth 1,911 14 

Lewis and Clark 215 10 Essex 1,836 15 

Ravalli 198 9 Morris 1,400 14 

Carter 1 4 Salem 111 7 

McCone 1 4 Cumberland 261 9 

Wibaux 3 4 Cape May 349 7 

Garfield 4 4 Sussex 363 10 

Golden Valley 4 5 Gloucester 511 11 

Liberty 4 6    
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Ohio Oregon 

County Births Providers County Births Providers 

Cuyahoga 2,239 15 Multnomah 2,803 17 

Franklin 1,991 16 Washington 1,709 18 

Summit 911 14 Clackamas 1,306 16 

Montgomery 737 14 Lane 1,068 15 

Lucas 611 15 Deschutes 1,005 11 

Noble 11 7 Sherman 3 4 

Vinton 15 7 Gilliam 5 5 

Monroe 17 7 Wheeler 6 4 

Harrison 18 7 Morrow 18 8 

Morgan 19 8 Harney 20 4 

Source: CB, FCC, and author’s calculations 
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Table 33 Two-digit NAICS 

NAICS  Description 

11 Agriculture, forestry, fishing, and hunting 

21 Mining 

22 Utilities 

23 Construction 

31-33 Manufacturing 

42 Wholesale trade 

44-45 Retail trade 

48-49 Transportation and warehousing 

51  Information 

52 Finance and insurance 

53 Real estate and rental and leasing 

54 Professional, scientific, and technical services 

55 Management of companies and enterprises 

56 Administrative and support and waste management and remediation services 

61 Educational services 

62 Health care and social assistance 

71 Arts, entertainment, and recreation 

72 Accommodation and food services 

81 Other services (except public administration) 

Source: BEA 

 

 

 

 

 



 

 

 

Table 34 Multiple regression models by two-digit NAICS, Colorado 

 23 31-33 42 44-45 48-49 52 53 54 56 62 71 72 81 

logmxprov 2.4326*** 2.9065*** 2.5662*** 2.7946*** 2.1657*** 1.8759*** 2.9222*** 3.1519*** 1.7711** 2.7232*** 2.4714*** 1.6912*** 2.6509*** 

 (0.4645) (0.5505) (0.6882) (0.4360) (0.5113) (0.6307) (0.6346) (0.4707) (0.6435) (0.4681) (0.6469) (0.4313) (0.4506) 

popgr 0.3105*** 0.1894** 0.3106** 0.2102*** 0.2137*** 0.2744*** 0.3087*** 0.2169*** 0.2304** 0.1988*** 0.0738 0.2379*** 0.2651*** 

 (0.0669) (0.0781) (0.1148) (0.0578) (0.0723) (0.0918) (0.0816) (0.0618) (0.0957) (0.0654) (0.0791) (0.0664) (0.0663) 

perincgr 0.0288 -0.0602 -0.0213 -0.0221 -0.0216 -0.0891* 0.0555 0.0146 0.0148 -0.0649* -0.0630 -0.0315 -0.0638* 

 (0.0358) (0.0455) (0.0502) (0.0289) (0.0287) (0.0467) (0.0432) (0.0380) (0.0480) (0.0368) (0.0441) (0.0317) (0.0317) 

estsize -0.0687*** -0.0578* -0.0358 -0.0982*** -0.0149 -0.1119* -0.0961** -0.1292*** -0.0096 -0.1270*** -0.1517*** -0.0587*** -0.1042*** 

 (0.0233) (0.0307) (0.0476) (0.0254) (0.1154) (0.0420) (0.0423) (0.0320) (0.0370) (0.0309) (0.0383) (0.0207) (0.0232) 

unemprt 0.0302 0.0331 0.0793 0.0241 -0.0000 0.1532 -0.1866 -0.0953 -0.0096 -0.1101 -0.0307 0.1114 0.0698 

 (0.1186) (0.1796) (0.1834) (0.0974) (0.0000) (0.1764) (0.1650) (0.1300) (0.1718) (0.1244) (0.2069) (0.1068) (0.1272) 

fincap 0.0111 -0.0265 0.0168 -0.0063 -0.0145 0.0091 -0.004 -0.0121 0.0053 0.0050 -0.0263 0.0205 -0.0099 

 (0.0153) (0.0187) (0.0207) (0.0136) (0.1154) (0.0184) (0.0199) (0.0142) (0.0181) (0.0154) (0.0184) (0.0141) (0.0123) 

 (0.0458) (0.0650) (0.0709) (0.0407) (0.0523) (0.0718) (0.0594) (0.0480) (0.0759) (0.0617) (0.0560) (0.0412) (0.0358) 

white -0.0043 -0.0349 -0.0069 -0.0214 0.0147 -0.0718 -0.0047 -0.0340 -0.0280 0.0332 -0.0487 -0.0569 -0.0153 

 (0.0368) (0.0435) (0.0448) (0.0350) (0.0391) (0.0498) (0.0436) (0.0391) (0.0515) (0.0428) (0.0456) (0.0344) (0.0336) 

metro 0.8745** 0.2127 0.8631** 0.7945*** 0.5714* 1.4166*** 0.7534** 1.4175*** 1.0455*** 1.2352*** 0.7328* 0.8812*** 0.8116*** 

 (0.3287) (0.3194) (0.3805) (0.2727) (0.3325) (0.3673) (0.3474) (0.2853) (0.3594) (0.3103) (0.3866) (0.2904) (0.2780) 

constant -2.0411 -0.8463 -4.8841 -0.7633 -4.6008 4.8280 -3.0646 0.4013 0.4778 0.9420 3.2119 3.6373 -1.4051 

 (4.5009) (5.2699) (5.4579) (4.1915) (4.7295) (5.9958) (5.2304) (4.7305) (6.2129) (5.0924) (5.4369) (4.1813) (4.0883) 

Observations 58 42 33 55 51 43 46 49 41 45 35 57 51 

Adj. R-squared 0.8141 0.7499 0.8157 0.8412 0.6778 0.7702 0.7991 0.8822 0.7371 0.8306 0.7640 0.7831 0.82227 

Shapiro-Wilk statistic 0.9847 0.9731 0.9826 0.9913 0.9811 0.9721 0.9845 0.9786 0.9765 0.9846 0.9779 0.9684 0.9697 

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

Source: Author’s calculations 
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Table 35 Multiple regression models by two-digit NAICS, Florida (I) 

 11 23 31-33 42 44-45 48-49 51 52 

logmxprov 1.1002 3.4271*** 3.0046*** 3.9140*** 3.8808*** 3.0829*** 3.1601*** 3.7186*** 

 (0.7713) (0.3346) (0.7712) (0.4959) (0.3985) (0.4161) (0.5989) (0.5237) 

popgr -0.0113 0.0589* -0.0988 -0.0343 0.0445 0.0152 -0.0358 0.0331 

 (0.0898) (0.0346) (0.0624) (0.0455) (0.0412) (0.0424) (00585) (0.0510) 

perincgr 0.0309 0.0162 0.0716 -0.0145 -0.0258 -0.0362 -0.0495 -0.0818* 

 (0.0681) (0.0336) (0.0719) (0.0455) (0.0401) (0.0436) (0.0628) (0.0470) 

estsize -0.0093 -0.0537*** -0.0116 -0.0419* -0.0356* -0.0346 -0.0393 -0.0663* 

 (0.0373) (0.0175) (0.0482) (0.0224) (0.0208) (0.0209) (0.0563) (0.0378) 

unemprt 0.1518 -0.0938 0.1664 0.2411 0.0689 0.1050 -0.3140 -0.1923 

 (0.1975) (0.1175) (0.1900) (0.1437) (0.1399) (0.1430) (0.0563) (0.1606) 

fincap 0.1239 0.0176 0.0717* 0.0544** 0.0490** 0.0403* 0.0627* 0.0746** 

 (0.0326) (0.0169) (0.0378) (0.0242) (0.0202) (0.0206) (0.0945) (0.0276) 

fedspnd -0.0682 -0.0291 -0.0988** -0.0910** -0.0534 -0.0614* -0.0945* -0.0928** 

 (0.0445) (0.0284) (0.0421) (0.0340) (0.0377) (0.0346) (0.0423)s (0.0360) 

white -0.0188 0.0067 -0.0099 -0.0234* -0.0097 0.0035 -0.0275* -0.0071 

 (0.0155) (0.0085) (0.0181) (0.0123) (0.0101) (0.0102) (0.0154) (0.0119) 

metro -0.3139 0.3672 0.3082 0.0285 0.0501 0.1310 0.0973 0.2604 

 (0.4237) (0.2226) (0.4231) (0.2959) (0.2651) (0.2788) (0.3724) (0.2896) 

constant -0.3437 -3.843*** -4.9341 -5.246*** -4.9713*** -4.1735** -2.3287 -4.2425* 

 (2.7789) (1.2961) (3.3785) (1.9095) (1.5434) (1.6194) (3.2164) (2.3256) 

Observations 42 67 49 58 67 64 47 58 

Adj. R-squared 0.1305 0.8939 0.7056 0.8509 0.8566 0.7771 0.6925 0.8438 

Shapiro-Wilk statistic 0.9845 0.9833 0.9816 0.9730 0.9762 0.9719 0.9930 0.9755 

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

Source: Author’s calculation 
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Table 36 Multiple regression models by two-digit NAICS, Florida (II) 

 53 54 56 61 62 71 72 81 

logmxprov 3.443*** 5.0160*** 3.9056*** 2.2785* 3.4560*** 2.7003*** 3.5838*** 3.6701*** 

 (0.4337) (0.4181) (0.3510) (0.9123) (0.4547) (0.4577) (0.3521) (0.4080) 

popgr 0.0832* 0.0335 0.0467 -0.0133 -0.0060 -0.0532 0.0341 -0.0016 

 (0.0431) (0.0409) (0.0363) (0.0811) (0.0457) (0.0404) (0.0359) (0.0423) 

perincgr 0.0287 -0.0148 0.0484 -0.0556 0.0038 0.0216 -0.0076 -0.0178 

 (0.0449) (0.0397) (0.0353) (0.0803) (0.0448) (0.0471) (0.0345) (0.0409) 

estsize -0.0164 -0.0409* -0.0322 -0.1867* -0.0449* -0.0630* -0.0765*** -0.0638*** 

 (0.1479) (0.0207) (0.0196) (0.0847) (0.0245) (0.0324) (0.0266) (0.0227) 

unemprt -0.0164 -0.1654 0.1307 -0.0612 0.1526 0.0872 -0.1290 0.0472 

 (0.1479) (0.1387) (0.1238) (0.2522) (0.1609) (0.1237) (0.1222) (0.1433) 

fincap 0.0689*** 0.0584*** 0.0366** -0.0203 0.0403* 0.0276 0.0301 0.0169 

 (0.0213) (0.0201) (0.0182) (0.0452) (0.0229) (0.0255) (0.0194) (0.0211) 

fedspnd -0.0418 -0.0589* -0.0459 -0.0768 -0.0468 -0.0676** -0.0174 -0.0509 

 (0.0355) (0.0335) (0.0299) (0.0519) (0.0382) (0.0284) (0.0292) (0.0345) 

white -0.0292** -0.0070 -0.0062 -0.0385* -0.0023 -0.0246** -0.0062 -0.0069 

 (0.0130) (0.0100) (0.0089) (0.0184) (0.0114) (0.0104) (0.0087) (0.0103) 

metro 0.2912 -0.2083 0.2333 0.4199 0.5206 0.3892 0.0417 0.1510 

 (0.2811) (0.2790) (0.2334) (0.5720) (0.3105) (0.2939) (0.2296) (0.2699) 

constant -3.5405* -7.2209*** -6.3738*** 3.6870 -5.5275*** -1.7946 -3.5593** -4.3982*** 

 (1.9303) (1.5517) (1.3631) (4.0427) (1.7647) (1.7063) (1.5450) (1.5850) 

Observations 60 66 66 47 62 54 65 65 

Adj. R-squared 0.8478 0.9004 0.8940 0.5056 0.8336 0.8453 0.8822 0.8369 

Shapiro-Wilk statistic 0.9799 0.9900 0.9821 0.9968 0.9587** 0.9846 0.9846 0.9738 

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

Source: Author’s calculations 
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Table 37 Multiple regression models by two-digit NAICS, Montana 

 23 44-45 48-49 54 62 71 72 81 

logmxprov 1.8737*** 1.2620** 1.2264* 1.2527** 2.0545*** 0.8610 1.5508*** 1.5044** 

 (0.5674) (0.5868) (0.6336) (0.5937) (0.6800) (0.5714) (0.5652) (0.6063) 

popgr 0.2489** 0.2030* 0.1186 0.3113*** 0.1972 0.0662 0.1369 0.2669** 

 (0.0945) (0.1039) (0.1191) (0.1076) (0.1223) (0.1004) (0.1002) (0.1176) 

perincgr 0.0762** 0.0710** -0.0051 0.0524 0.0255 0.0326 0.0053 0.0611* 

 (0.0293) (0.0337) (0.0332) (0.0332) (0.0381) (0.0389) (0.0309) (0.0312) 

estsize -0.0708 -0.0820 -0.0557 -0.1494** -0.0997* -0.1107* -0.0954** -0.2015*** 

 (0.0448) (0.0495) (0.0542) (0.0599) (0.0575) (0.0548) (0.0469) (0.0520) 

unemprt 0.0948 -0.2436 0.1450 -0.2869 0.1066 -0.2104 0.0791 0.0014 

 (0.1651) (0.2047) (0.1982) (0.1836) (0.2177) (0.1774) (0.1559) (0.1421) 

fincap 0.0228 -0.0428 0.0419 -0.0875** 0.0322 -0.0250 -0.0219 0.0017 

 (0.0316) (0.0405) (0.0331) (0.0374) (0.0420) (0.0348) (0.0298) (0.0239) 

fedspnd 0.0597 0.0312 -0.0056 0.5483 0.0686 -0.0486 0.0974 0.1003 

 (0.0603) (0.0586) (0.0577) (0.0590) (0.0667) (0.0585) (0.0605) (0.0633) 

white 0.0056 -0.0097 0.0111 -0.0010 0.0053 -0.0129 0.0047 -0.0136 

 (0.0103) (0.0135) (0.0147) (0.0122) (0.0153) (0.0120) (0.0099) (0.0118) 

metro 0.7093 0.8748* 0.7933 0.4135 0.9510* 1.2113** 0.6360 0.8323* 

 (0.4829) (0.4881) (0.5017) (0.4509) (0.5074) (0.4843) (0.4934) (0.4169) 

constant -2.5795 1.5877 -2.8536 2.4553 -3.8253 3.0605 -1.5063 0.7110 

 (2.4928) (3.3147) (2.9265) (2.9796) (3.4322) (2.8660) (2.3344) (2.3391) 

Observations 45 43 34 36 36 33 47 37 

Adj. R-squared 0.7358 0.6277 0.3626 0.7200 0.6054 0.6005 0.4747 0.6968 

Shapiro-Wilk statistic 0.9742 0.9858 0.9704 0.9853 0.9642 0.9695 0.9796 0.9631 

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

Source: Author’s calculations 
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Table 38 Multiple regression models by two-digit NAICS, New Jersey 

 23 31-33 42 44-45 48-49 51 53 54 56 62 71 72 81 

logmxprov 1.7736 2.9841*** 2.9685** 1.7406* 2.2679 2.2321* 1.7524 2.4314* 1.2754 1.9314 0.7542 2.5682** 1.5881 

 (1.1321) (0.9509) (1.2285) (0.9734) (1.2889) (1.0557) (1.3971) (1.1191) (1.0128) (1.1603) (1.2579) (1.0613) (1.0382) 

popgr 0.1567 0.0933 0.1191 -0.0770 0.0106 0.0457 0.2775 0.1116 0.1509 0.2317 -0.1649 0.2223 0.2494 

 (0.3625) (0.3045) (0.3934) (0.3117) (0.4127) (0.3380) (0.4473) (0.3583) (0.3243) (0.3715) (0.4028) (0.3398) (0.3324) 

perincgr -0.0342 -0.1781 0.0077 -0.0549 -0.0715 -0.0313 -0.0569 -0.1102 -0.0254 -0.0411 -0.0795 -0.2221 -0.0227 

 (0.1996) (0.1676) (0.2166) (0.1716) (0.0827) (0.0678) (0.2463) (0.1973) (0.1786) (0.2046) (0.2218) (0.1871) (0.1830) 

estsize -0.0943 -0.1754** 0.0394 -0.0657 -0.0710 -0.1164 -0.1646* -0.1349* -0.1228* -0.0719 -0.1016 -0.1810** -0.0944 

 (0.0727) (0.0610) (0.2572) (0.0625) (0.0827) (0.2211) (0.2925) (0.0718) (0.0650) (0.0745) (0.0808) (0.0179) (0.0666) 

unemprt 0.0759 0.0462 0.0394 0.0728 0.0793 -0.0503 0.1376 -0.3585 -0.1030 0.1740 -0.2361 0.1174 -0.0190 

 (0.2370) (0.1991) (0.2572) (0.2038) (0.2699) (0.2211) (0.2925) (0.2343) (0.2121) (0.2429) (0.2634) (0.2222) (0.2174) 

fincap 0.0021 0.0082 0.0163 0.0123 0.0262 0.0654 0.0256 0.0235 0.0071 0.0072 0.0191 0.0180 0.0164 

 (0.0191) (0.0160) (0.0207) (0.0164) (0.0217) (0.0872) (0.0235) (0.0189) (0.0171) (0.0195) (0.0212) (0.0179) (0.0175) 

fedspnd 0.0287 -0.0556 -0.1216 0.0053 0.0262 0.0654 0.0091 0.0434 0.0353 0.0405 0.0468 0.0910 0.0342 

 (0.0935) (0.0785) (0.1014) (0.0804) (0.0217) (0.0872) (0.1153) (0.0924) (0.0836) (0.0958) (0.1039) (0.0876) (0.0857) 

white -0.0047 -0.0199 -0.0241 -0.0189 -0.1142 0.0172 -0.0211 -0.0368* -0.0166 -0.0337 -0.0135 -0.0178 -0.0261 

 (0.0192) (0.0161) (0.0208) (0.0165) (0.1064) (0.0179) (0.0237) (0.0190) (0.0172) (0.0197) (0.0213) (0.0180) (0.0176) 

constant 2.0822 1.3976 -1.0141 2.7793 2.0871 -0.7264 2.8656 5.5721 4.6141 3.7598 4.6350 2.7567 3.8713 

 (4.2407) (3.5620) (4.6021) (3.6464) (4.8283) (3.9547) (5.2333) (4.1920) (3.7939) (4.346) (4.7121) (3.9757) (3.8889) 

Observations 21 21 21 21 21 21 21 21 21 21 21 21 21 

Adj. R-squared 0.1604 0.6485 0.6194 0.4687 0.5148 0.6815 0.3224 0.7036 0.3880 0.4739 0.2172 0.5090 0.4626 

SW statistic 0.9705 0.9527 0.9527 0.9502 0.9810 0.9364 0.9358 0.9699 0.9315 0.9635 0.9684 0.9192** 0.9674 

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

Source: Author’s calculations 
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Table 39 Multiple regression models by two-digit NAICS, Ohio (I) 

 23 31-33 42 44-45 48-49 51 52 53 

logmxprov 0.1988 0.1871 0.6048 1.0514** 0.3891 0.4791 1.5507*** 0.2261 

 (0.4382) (0.5633) (0.5010) (0.4701) (0.3884) (0.4885) (0.4979) (0.4563) 

popgr 0.0359 0.0992 0.0571 0.0691 0.1100 0.0775 0.1580 0.1520 

 (0.0942) (0.1255) (0.1141) (0.1010) (0.0836) (0.1074) (0.1016) (0.1011) 

perincgr -0.0045 0.1157* 0.0484 0.0551 0.0570 -0.1025 0.0016 0.0001 

 (0.0528) (0.0273) (0.0666) (0.0567) (0.0487) (0.0616) (0.0589) (0.0581) 

estsize -0.0485** 0.0597** -0.0273 -0.0552** -0.0387** 0.0670** -0.0300 -0.0904*** 

 (0.0211) (0.0273) (0.0968) (0.0226) (0.0190) (0.0296) (0.0259) (0.0264) 

unemprt -0.2260*** -0.0863 -0.0986 -0.0368 -0.0329 -0.0776 0.0754 -0.0475 

 (0.0809) (0.1116) (0.0968) (0.0868) (0.0847) (0.1374) (0.1096) (0.1194) 

fincap -0.0030 -0.0298 0.0157 -0.0232 0.0094 0.0458** 0.0179 -0.0244 

 (0.0206) (0.0263) (0.0238) (0.0221) (0.0184) (0.0206) (0.0222) (0.0216) 

fedspnd -0.0274 -0.1040* -0.0476 0.0150 -0.0563 -0.0164 -0.0324 -0.0663 

 (0.0456) (0.0571) (0.0533) (0.0489) (0.0406) (0.0386) (0.0467) (0.0475) 

white -0.0780*** -0.1111*** -0.0850*** -0.0844*** -0.0777*** -0.0860*** -0.0808*** -0.1149*** 

 (0.0186) (0.0238) (0.0212) (0.0200) (0.0165) (0.0168) (0.0198) (0.0189) 

metro 0.8290*** -0.0362 0.6753*** 0.5830*** 0.1966 0.2694 0.7856*** 0.7223*** 

 (0.1882) (0.2384) (0.2293) (0.2019) (0.1676) (0.2023) (0.2066) (0.1963) 

constant 11.6452*** 13.7882*** 8.4886** 9.0597*** 8.854*** 6.2926** 5.2021* 14.2670*** 

 (2.7299) (3.5491) (3.2286) (2.9288) (2.4617) (2.9337) (2.9433) (2.9321) 

Observations 88 80 68 88 83 40 69 75 

Adj. R-squared 0.6502 0.4548 0.6545 0.6196 0.5735 0.7730 0.6523 0.7203 

Shapiro-Wilk statistic 0.9805 0.9782 0.9803 0.9741 0.9886 0.9604 0.9885 0.9846 

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

Source: Author’s calculations 
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Table 40 Multiple regression models by two-digit NAICS, Ohio (II) 

 54 56 61 62 71 72 81 

logmxprov 0.5513 0.7693 0.9381** 0.8579* 0.6479 1.1504*** 1.0163** 

 (0.5093) (0.4956) (0.4336) (0.4546) (0.4719) (0.3656) (0.4355) 

popgr 0.2519** 0.2843** 0.2844** 0.1413 0.0988 0.0068 0.0552 

 (0.1080) (0.1095) (0.1105) (0.0992) (0.1065) (0.0792) (0.0942) 

perincgr 0.0302 0.0921 -0.0032 0.0497 0.0408 0.0647 0.0693 

 (0.0631) (0.0652) (0.0630) (0.0578) (0.0644) (0.0447) (0.0539) 

estsize -0.0694*** -0.0834*** 0.0046 -0.0376 -0.0625** -0.0513*** -0.0591*** 

 (0.0259) (0.0242) (0.0285) (0.0230) (0.0278) (0.0178) (0.0212) 

unemprt -0.1669* 0.1039 -0.0005 0.0142 0.0528 -0.1507** -0.1088 

 (0.0956) (0.1030) (0.1456) (0.0965) (0.1009) (0.0687) (0.0828) 

fincap -0.0029 -0.0160 0.0206 -0.0171 -0.0113 -0.0227 -0.0140 

 (0.0236) (0.0231) (0.0192) (0.0215) (0.0222) (0.0175) (0.0208) 

fedspnd -0.0359 -0.1014* 0.0249 0.0161 -0.0385 -0.0080 -0.0386 

 (0.0501) (0.0518) (0.0405) (0.0511) (0.0456) (0.0381) (0.0452) 

white -0.1089*** -0.1014* -0.0921*** -0.1109*** -0.0822*** -0.0916*** -0.0821*** 

 (0.0209) (0.0210) (0.0181) (0.0191) (0.0188) (0.0155) (0.0185) 

metro 0.9147*** 0.4963** 0.2933 0.4494** 0.5399** 0.3712** 0.4940** 

 (0.2203) (0.2129) (0.2050) (0.1893) (0.2138) (0.1569) (0.1870) 

constant 13.1158*** 11.7198*** 6.2370** 10.6727*** 8.2235*** 10.3321*** 9.3485*** 

 (3.1718) (3.0681) (2.8174) (2.9885) (2.9074) (2.2807) (2.7128) 

Observations 78 82 41 80 65 87 86 

Adj. R-squared 0.7401 0.6688 0.7881 0.6858 0.6489 0.7324 0.6445 

Shapiro-Wilk statistic 0.9752 0.9759 0.9683 0.9663** 0.9880 0.9880 0.9913 

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

Source: Author’s calculations 

 

1
5
8
 



 

 

 

Table 41 Multiple regression models by two-digit NAICS, Oregon 

 23 31-33 44-45 48-49 53 54 72 81 

logmxprov 2.4358*** 2.0073*** 2.6673*** 3.0122*** 1.8182*** 2.8193*** 3.1376*** 3.0457*** 

 (0.3422) (0.6430) (0.3762) (0.4412) (0.3708) (0.4687) (0.4510) (0.6317) 

popgr 0.2045** 0.0742 0.1277 0.1243 0.1933** 0.1259 0.0786 0.0599 

 (0.0730) (0.0981) (0.0759) (0.0100) (0.0835) (0.1121) (0.0877) (0.1338) 

perincgr -0.0032 -0.0473 -0.0329 -0.1348*** 0.0894 -0.1343 -0.0728 -0.1688* 

 (0.0407) (0.0500) (0.0423) (0.0456) (0.0627) (0.0923) (0.0469) (0.0833) 

estsize -0.1461*** -0.1055** -0.1944*** -0.1519*** -0.1740*** -0.2652*** -0.2386*** -0.2085*** 

 (0.0339) (0.0500) (0.0353) (0.0445) (0.0406) (0.0606) (0.0459) (0.0660) 

unemprt 0.1559 0.3680* -0.0625 0.3953** 0.3419** 0.0113 0.2275 0.1435 

 (0.1371) (0.1940) (0.1427) (0.1499) (0.1537) (0.1908) (0.1349) (0.2038) 

fincap 0.0308 0.0810 -0.0389 -0.0516 -0.0210 -0.0697 -0.0726* -0.0542 

 (0.0322) (0.0524) (0.0335) (0.0431) (0.0380) (0.0523) (0.0405) (0.0564) 

fedspnd -0.1103 -0.2276* 0.0261 -0.0990 -0.1434 -0.1087 0.0152 -0.0462 

 (0.0830) (0.1141) (0.0864) (0.1144) (0.0911) (0.0333) (0.0310) (0.0963) 

white -0.0239 -0.0017 -0.0619** -0.0186 -0.1097*** -0.1077*** -0.0445 -0.0256 

 (0.0238) (0.0558) (0.0248) (0.0306) (0.0268) (0.0333) (0.0310) (0.0439) 

metro 0.6750** -0.0017 0.2410 0.3684 1.3111*** 1.0222*** 0.6007* 0.7870* 

 (0.2484) (0.0558) (0.2585) (0.3199) (0.2702) (0.3437) (0.3300) (0.4575) 

constant 1.5567 1.0986** 6.3215** -1.3684 9.0347*** 12.0779*** 3.2513 1.8124 

 (2.6589) (0.4185) (2.7674) (3.5731) (3.0713) (3.9674) (3.6668) (5.0901) 

Observations 34 31 34 33 32 30 35 34 

Adj. R-squared 0.9060 0.7594 0.8796 0.7701 0.8875 0.8620 0.8341 0.6838 

Shapiro-Wilk statistic 0.9324** 0.9640 0.9683 0.9766 0.9710 0.8922** 0.9748 0.9499 

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

Source: Author’s calculations 
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Table 42 Multiple regression models by two-digit NAICS, South Carolina 

 23 31-33 42 44-45 48-49 52 53 54 56 62 71 72 81 

logmxprov 1.1430* 2.1854*** 0.7726 1.1301* 0.7754 0.9149 1.1801** 2.2461*** 0.7490 1.6338*** 1.0308 1.1734* 1.320** 

 (0.5910) (0.6478) (0.7732) (0.6428) (0.7422) (0.8919) (0.5551) (0.7810) (0.6576) (0.5712) (0.7668) (0.6112) (0.6042) 

popgr 0.0885 0.0545 0.0257 0.0888 0.1384 0.1982* 0.2643*** 0.2157** 0.0971 0.1164* 0.1112 0.1275* 0.1137 

 (0.0662) (0.0800) (0.1031) (0.0697) (0.0846) (0.1091) (0.0701) (0.0828) (0.0664) (0.0633) (0.0749) (0.0665) (0.0734) 

perincgr 0.0491 -0.0590 -0.0424 -0.0048 0.0066 -0.0442 0.0421 0.0883 -0.0069 0.0520 0.0174 -0.0319 0.0200 

 (0.0597) (0.0821) (0.0850) (0.0420) (0.0839) (0.0396) (0.0378) (0.0807) (0.0415) (0.0382) (0.0883) (0.0400) (0.0720) 

estsize -0.1012*** -0.0816** -0.0801** -0.0960*** -0.0896*** -0.0442 -0.0850*** -0.0693* -0.1115*** -0.1451*** -0.0384 -0.1054*** -0.1015*** 

 (0.0243) (0.0299) (0.0356) (0.0261) (0.0295) (0.0396) (0.0762) (0.0364) (0.0246) (0.0261) (0.0319) (0.0247) (0.0255) 

unemprt -0.2650*** 0.0459 -0.1373 -0.0780 0.0145 -0.0336 -0.0081 -0.1117 -0.1729** -0.0581 -0.1144 -0.0900 -0.0658 

 (0.0731) (0.0976) (0.0426) (0.0781) (0.0933) (0.1264) (0.0762) (0.0926) (0.0742) (0.0723) (0.0938) (0.0741) (0.0811) 

fincap -0.0289 -0.0012 0.0303 -0.0053 -0.0363 0.0489 0.0650* 0.0232 -0.0136 -0.0360 0.0629* -0.0016 -0.0164 

 (0.0333) (0.0079) (0.0426) (0.0360) (0.0398) (0.0474) (0.0337) (0.0438) (0.0358) (0.0325) (0.0350) (0.0340) (0.0358) 

fedspnd 0.0444 -0.0083 -0.0404 0.0433 0.0060 0.0735 0.0234 0.0534 0.0121 0.0361 -0.0244 0.0457 0.0194 

 (0.0349) (0.0347) (0.0424) (0.0379) (0.0404) (0.0461) (0.0326) (0.0438) (0.0358) (0.0334) (0.0356) (0.0362) (0.0358) 

white 0.0195** -0.0011 -0.0007 0.0071 -0.0056 0.0005 0.0131* 0.0019 0.0124 0.0053 -0.0080 0.0095 0.0036 

 (0.0079) (0.0079) (0.0105) (0.0085) (0.0094) (0.0115) (0.0077) (0.0101) (0.0083) (0.0077) (0.0092) (0.0081) (0.0081) 

metro 0.4736* 0.9835*** 0.6754* 0.8062** 0.9196*** 1.0050** 0.5131* 0.8884** 0.6775** 0.6729** 0.4167 0.5613* 0.8612*** 

 (0.2760) (0.2761) (0.3343) (0.2994) (0.3188) (0.3864) (0.2615) (0.3484) (0.2840) (0.2860) (0.3192) (0.2877) (0.2829) 

constant 2.6924 -2.3173 2.2518 1.6905 1.8567 -1.2741 -1.3222 -2.6342 2.9908 0.8689 -0.0058 1.6251 1.2104 

 (1.6317) (2.2750) (2.7359) (1.7366) (2.2316) (2.8881) (1.4963) (-2.6342) (1.8612) (1.5933) (2.2162) (1.6610) (1.7597) 

Observations 45 34 36 46 39 35 40 41 41 41 31 45 44 

Adj. R-squared 0.8414 0.7352 0.6236 0.7345 0.5410 0.7212 0.8612 0.8049 0.8143 0.8196 0.6218 0.7800 0.7588 

Shapiro-Wilk statistic 0.9830 0.9691 0.9730 0.9284*** 0.9835 0.9687 0.9201*** 0.9840 0.9927 0.9808 0.9515 0.9796 0.9739 

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

Source: Author’s calculations 
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Table 43 Multiple regression models by two-digit NAICS, Wisconsin (I) 

 11 23 31-33 42 44-45 48-49 52 53 

logmxprov -0.2023 1.9934*** 1.0845** 0.5968 2.0245*** 1.5524** 1.5029*** 1.1500** 

 (0.7379) (0.4271) (0.4860) (0.5752) (0.4768) (0.5829) (0.5343) (0.5349) 

popgr -0.0827 0.3062** 0.2129 0.0041 0.1358 0.0372 0.0310 0.0702 

 (0.2772) (0.1265) (0.1495) (0.1770) (0.1394) (0.1643) (0.1490) (0.1544) 

perincgr 0.0345 0.1183* 0.1368 0.0491 0.1550** 0.0501 0.2067** 0.2381*** 

 (0.0916) (0.0620) (0.0823) (0.0870) (0.0692) (0.0785) (0.0797) (0.0737) 

estsize -0.0179 -0.0273 0.0091 -0.0172 -0.0230 0.0353 -0.0195 0.0336 

 (0.0397) (0.0294) (0.0410) (0.0413) (0.0327) (0.0372) (0.0402) (0.0368) 

unemprt -0.0650 0.0473 0.1436 -0.2065 0.1023 0.1803 -0.2328 -0.0886 

 (0.2249) (0.1507) (0.1929) (0.2099) (0.1658) (0.1946) (0.1985) (0.1951) 

fincap -0.0080 0.0480** 0.0211 0.0241 0.0383 0.0132 0.0121 0.0699** 

 (0.0387) (0.0221) (0.0261) (0.0303) (0.0247) (0.0289) (0.0274) (0.0275) 

fedspnd 0.0259 -0.0984* -0.0096 -0.0774 0.0383 -0.0827 -0.0075 -0.0608 

 (0.1171) (0.0549) (0.0623) (0.0707) (0.0247) (0.0700) (0.0583) (0.0612) 

white 0.0163 -0.0092 -0.0116 -0.0648** -0.0403* -0.0152 0.0630** -0.0451* 

 (0.0282) (0.0198) (0.0241) (0.0294) (0.0222) (0.0257) (0.0236) (0.0237) 

metro -0.0852 0.3141 0.5214** 0.6523** 0.2676 0.3417 0.4241* 0.2935 

 (0.2840) (0.2123) (0.2449) (0.2888) (0.2360) (0.2712) (0.2423) (0.2578) 

constant -0.1586 -1.4987 -1.9061 6.8791 0.6597 -2.0277 4.1551 0.8595 

 (4.7461) (3.3343) (4.2572) (4.8687) (0.2360) (4.3207) (4.2169) (4.1292) 

Observations 31 70 64 53 71 68 55 58 

Adj. R-squared -0.2554 0.6919 0.4471 0.4937 0.6056 0.2877 0.6524 0.6279 

Shapiro-Wilk statistic 0.9858 0.9742 0.9857 0.9827 0.9374*** 0.9763 0.9837 0.9809 

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

Source: Author’s calculations 
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Table 44 Multiple regression models by two-digit NAICS, Wisconsin (II) 

 54 56 61 62 71 72 81 

logmxprov 2.3598*** 1.6990*** -0.2690 1.5411** 0.7518 2.0660*** 2.2230*** 

 (0.5656) (0.4463) (0.5057) (0.5736) (0.4964) (0.4213) (0.5060) 

popgr 0.1648 0.2399* 0.1935 0.0373 -0.0791 0.0719 -0.0013 

 (0.1605) (0.1354) (0.1333) (0.1591) (0.1574) (0.1232) (0.1395) 

perincgr 0.2461*** 0.1569** 0.0957 0.0677 0.1558* 0.0897 0.2072*** 

 (0.0759) (0.0720) (0.0778) (0.0863) (0.0835) (0.0611) (0.0688) 

estsize 0.0199 -0.0139 0.0393 -0.0395 -0.0563 -0.0273 0.0306 

 (0.0359) (0.0633) (0.0453) (0.0448) (0.0423) (0.0289) (0.0330) 

unemprt -0.0071 0.0055 0.0923 0.0433 -0.3731* 0.0011 -0.0045 

 (0.1943) (0.1855) (0.1940) (0.0287) (0.2029) (0.1465) (0.1719) 

fincap 0.0319 0.0510** 0.0944** 0.0433 -0.0055 0.0124 0.0336 

 (0.0293) (0.0239) (0.0346) (0.0287) (0.0275) (0.0218) (0.0256) 

fedspnd -0.0654 -0.0959* -0.0213 -0.0659 -0.0579 -0.0511 -0.0917 

 (0.0663) (0.0556) (0.0484) (0.0682) (0.0275) (0.0540) (0.0608) 

white -0.0279 -0.0325 -0.0201 -0.0655** -0.0695*** -0.0416** -0.0188 

 (0.0246) (0.0222) (0.0255) (0.0284) (0.0231) (0.0196) (0.0222) 

metro 0.4363* 0.3477 0.9042*** 0.7675*** 0.3340 0.2453 0.2488 

 (0.2594) (0.2213) (0.2651) (0.2782) (0.2435) (0.2086) (0.2377) 

constant -2.6136 0.0758 -0.3595 4.2175 8.4049 2.1008 -2.7300 

 (4.1509) (3.9002) (4.5237) (4.9613) (4.2248) (3.2903) (3.7577) 

Observations 63 61 35 61 53 71 67 

Adj. R-squared 0.6751 0.6762 0.6915 0.6071 0.5575 0.6202 0.6246 

Shapiro-Wilk statistic 0.9872 0.9569** 0.9429* 0.9357*** 0.9723 0.9642* 0.9715 

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

Source: Author’s calculations 
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Table 45 LM test statistics of NAICS 23 and NAICS 44-45, New Jersey 

 LMρ LMλ Robust LMρ Robust LMλ 

NAICS 23 2.4848 1.2979 2.0325 0.8455 

NAICS 44-45 4.5369** 1.1383 6.7149*** 3.3163* 

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

Source: Author’s calculations 

 

Table 46 OLS and SAR models of NAICS 44-45, New Jersey 

 NAICS 44-45 (OLS) NAICS 44-45 (SAR) 

ρ   0.6797*** 

  (0.1434) 

logmxprov 1.7406* 1.4631** 

 (0.9734) (0.5772) 

popgr -0.0770 0.0694 

 (0.3117) (0.1908) 

perincgr -0.0549 -0.1174 

 (0.1716) (0.1036) 

estsize -0.0657 -0.0806* 

 (0.0625) (0.1036) 

unemprt 0.0728 0.0567 

 (0.2038) (0.1217) 

fincap 0.0123 0.0406 

 (0.0164) (0.0984) 

fedspnd 0.0053 0.0596 

 (0.0804) (0.0487) 

white -0.0189 -0.0167* 

 (0.0165) (0.0098) 

constant 2.7793 1.0820 

 (3.6464) (2.2372) 

Observations 21 21 

AIC 42.19 37.30 

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

Source: Author’s calculations 
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Table 47 LM test statistics of NAICS 23 and NAICS 44-45, Ohio 

 LMρ LMλ Robust LMρ Robust LMλ 

NAICS 23 13.1568*** 7.3771*** 5.9903** 0.2107 

NAICS 44-45 17.4769*** 10.1769*** 7.4197*** 0.1207 

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

Source: Author’s calculations 

 

 
Table 48 OLS and SAR models of NAICS 23 and NAICS 44-45, Ohio 

 NAICS 23 (OLS) 

 

NAICS 23 (SAR) NAICS 44-45 (OLS) NAICS 44-45 (SAR) 

ρ   0.3311***  0.4184*** 

  (0.0929)  (0.0947) 

logmxprov 0.1988 0.4199 1.0514** 1.2440*** 

 (0.4382) (0.3815) (0.4701) (0.3959) 

popgr 0.0359 0.0186 0.0691 0.0277 

 (0.0942) (0.0820) (0.1010) (0.0851) 

perincgr -0.0045 -0.0111 0.0551 0.0461 

 (0.0528) (0.0461) (0.0567) (0.0479) 

estsize -0.0485** -0.0422** -0.0552** -0.0443** 

 (0.0211) (0.0185) (0.0226) (0.0191) 

unemprt -0.2260*** -0.0422*** -0.0233 -0.0276 

 (0.0809) (0.0710) (0.0221) (0.0732) 

fincap -0.0030 0.0008 -0.0232 -0.0218 

 (0.0206) (0.0179) (0.0221) (0.0186) 

fedspnd -0.0274 0.0231 0.0150 0.0576 

 (0.0456) (0.0405) (0.0489) (0.0419) 

white -0.0780*** -0.0627*** -0.0844*** -0.0701*** 

 (0.0186) (0.0164) (0.0200) (0.0169) 

metro 0.8290*** 0.6496*** 0.5830*** 0.3354* 

 (0.1882) (0.1700) (0.2019) (0.1784) 

constant 11.6452*** 8.4894*** 9.0597*** 5.8780** 

 (2.7299) (2.4520) (2.9288) (2.5069) 

Observations 88 88 88 88 

AIC 191.16 181.44 203.53 189.35 

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

Source: Author’s calculations 
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Table 49 OLS, SAR, and GWR models, New Jersey  

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd quar.  Max 

ρ   0.5746*** 

 

 

 

 

888 

     

logmxprov 1.8791* 1.5310** 1.7520 1.8010 1.8490 1.9500 2.0440 

popgr 0.1295 0.2878 0.1239 0.1258 0.1274 0.1327 0.1369 

perincgr -0.0677 -0.1026 -0.1034 -0.0834 -0.0627 -0.0449 -0.0449 

estsize -0.1143 -0.1280*** -0.1182 -0.1157 -0.1139 -0.1131 -0.1122 

unemprt -0.0120 0.0153 -0.0380 -0.0235 -0.0102 -0.0035 0.0021 

fincap 0.0160 0.0109 0.0154 0.0157 0.0160 0.0164 0.0169 

fedspnd 0.0290 0.0225 0.0253 0.0275 0.0285 0.0300 0.0328 

white -0.0200 -0.0170 -0.0208 -0.0202 -0.0197 -0.0194 -0.0190 

constant 5.6987 2.9556 5.6450 5.6600 5.6740 5.6940 5.7150 

Observations 21 21 21 

AIC 44.07 41.63  

Log-likelihood -13.04 -10.82  

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

Source: Author’s calculations 

 

 
Table 50 OLS, SAR, and GWR models of NAICS 44-45, New Jersey 

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd quar.  Max 

ρ   0.6797***      

logmxprov 1.7406* 1.4631** 1.6500 1.6850 1.7190 1.7910 1.8580 

popgr -0.0770 0.0694 -0.0855 -0.0830 -0.0810 -0.0747 -0.0700 

perincgr -0.0549 -0.1174 -0.0854 -0.0684 -0.0507 -0.0428 -0.0360 

estsize -0.0657 -0.0806** -0.0671 -0.0665 -0.0662 -0.0658 -0.0652 

unemprt 0.0728 0.0567 0.0515 0.0683 0.0845 0.0923 0.0995 

fincap 0.0123 0.0406 0.0118 0.0120 0.0123 0.0127 0.0131 

fedspnd 0.0053 0.0596 0.0029 0.0045 0.0053 0.0063 0.0083 

white -0.0189 -0.0167* -0.0197 -0.0192 -0.0184 -0.0179 -0.0175 

constant 2.7793 1.0820 2.6610 2.6890 2.7110 2.7860 2.8540 

Observations 21 21 21 

AIC 42.19 37.30  

Log-likelihood -12.10 -8.65  

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

Source: Author’s calculations 



 

166 

 

Table 51 OLS, SAR, and GWR models, Ohio 

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd quar.  Max 

ρ   0.4021***      

logmxprov 0.7714** 0.9091*** 0.1891 0.6316 0.9209 1.2590 1.7950 

popgr 0.1042 0.0776 -0.0430 0.0405 0.0980 0.1421 0.1986 

perincgr 0.0538 0.0426 0.0251 0.0451 0.0622 0.0961 0.1365 

estsize -0.0594*** -0.0516*** -0.0642 -0.0560 -0.0484 -0.0432 -0.0379 

unemprt -0.1353** -0.1198** -0.2228 -0.1824 -0.1272 -0.1042 -0.0360 

fincap -0.0112 -0.0121 -0.0201 -0.0127 -0.0098 -0.0077 -0.0033 

fedspnd -0.0230 0.0175 -0.0629 -0.0281 -0.0179 -0.0152 -0.0005 

white -0.0880*** -0.0760*** -0.0983 -0.0944 -0.0884 -0.0811 -0.0766 

metro 0.6085*** 0.3625*** 0.2746 0.4292 0.4887 0.5303 0.6540 

constant 12.9785*** 9.3032*** 9.9850 11.1300 12.1100 13.2600 15.0900 

Observations 88 88 88 

AIC 152.07 128.73 120.67 

Log-likelihood -66.03 -53.05  

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

Source: Author’s calculations 

 

Table 52 OLS, SAR, and GWR models of NAICS 23, Ohio 

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd 

quar.  

Max 

ρ   0.3311***      

logmxprov 0.1988 0.4199 -0.3334 -0.0197 0.2690 0.9449 1.8580 

popgr 0.0359 0.0186 -0.1976 -0.0659 0.0456 0.1178 0.1637 

perincgr -0.0045 -0.0111 -0.0253 -0.0038 0.0135 0.0277 0.0664 

estsize -0.0485** -0.0422** -0.0572 -0.0440 -0.0334 -0.0262 -0.0146 

unemprt -0.2260*** -0.2054*** -0.3794 -0.2871 -0.1994 -0.1614 -0.1015 

fincap -0.0030 0.0007 -0.0146 -0.0052 0.0008 0.0069 0.0132 

fedspnd -0.0274 0.0023 -0.0492 -0.0343 -0.0292 -0.0176 0.0391 

white -0.0780*** -0.0627*** -0.0931 -0.0874 -0.0790 -0.0628 -0.0502 

metro 0.8290*** 0.6496*** 0.3957 0.6058 0.7360 0.7850 0.8379 

constant 11.6452*** 8.4894*** 5.7290 8.5370 11.0600 12.1400 13.0100 

Observations 88 88 88 

AIC 191.16 181.44 156.04 

Log-likelihood -85.58 -79.72  

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

Source: Author’s calculations 
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Table 53 OLS, SAR, and GWR models of NAICS 44-45, Ohio 

 OLS 

 

SAR GWR 

   Min 1st quar. Median 3rd 

quar.  

Max 

ρ   0.4184***      

logmxprov 1.0514** 1.2440*** 0.6087 0.8139 1.1050 1.4860 2.0620 

popgr 0.0691 0.0277 -0.0866 0.0042 0.0634 0.1048 0.1437 

perincgr 0.0551 0.0461 0.0349 0.0625 0.0837 0.1141 0.1391 

estsize -0.0552** -0.0443** -0.0687 -0.0551 -0.0491 -0.0412 -0.0247 

unemprt -0.0368 -0.0276 -0.1334 -0.0937 -0.0352 -0.0024 0.0197 

fincap -0.0232 -0.0218 -0.0534 -0.0258 -0.0217 -0.0177 -0.0106 

fedspnd 0.0150 -0.0576 -0.0526 0.0039 0.0162 0.0277 0.0599 

white -0.0844*** -0.0701*** -0.0910 -0.0887 -0.0859 -0.0773 -0.0704 

metro 0.5830*** 0.3354* 0.1798 0.3252 0.4137 0.5164 0.6914 

constant 9.0597*** 5.8780** 6.0210 7.7570 8.6996 9.2700 10.1200 

Observations 88 88 88 

AIC 203.53 189.35 180.72 

Log-likelihood -91.77 -83.67  

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

Source: Author’s calculations 
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APPENDIX B 

 

Figure 23 CCR-based super-efficiency scores, 2005 

 

 

 
 
Figure 24 CCR-based super-efficiency scores, 2006 
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Figure 25 Distribution of BCC efficiency scores, 2005 

 

 

Figure 26 Distribution of BCC efficiency scores, 2006 
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Cluster and significance maps, 2005 

 

 
Source: Author’s calculations 

 
Figure 27 Cluster and significance maps based on BCC scores, 2005 

 

Cluster and significance maps, 2006 

 

 
Source: Author’s calculations 

 
Figure 28 Cluster and significance maps based on BCC scores, 2006 
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Figure 29 Single-unit births and cluster and significance maps, New Jersey 

 

  

Figure 30 Single-unit births and cluster and significance maps of NAICS 44-45, New Jersey 
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Figure 31 Single-unit births and cluster and significance maps, Ohio 

 

  

Figure 32 Single-unit births and cluster and significance maps of NAICS 23, Ohio 

 

 

 

 

 

 



 

173 

 

  

Figure 33 Single-unit births and cluster and significance maps of NAICS 44-45, Ohio 
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Figure 34 GWR parameter estimates of the maximum number of service providers, New Jersey 

 

 

 
Figure 35 GWR local R-squared values, New Jersey 
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Figure 36 GWR parameter estimates of the maximum number of service providers of NAICS 44-45, 

New Jersey 

 

 
Figure 37 GWR local R-squared values of NAICS 44-45, New Jersey 
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Figure 38 GWR parameter estimates of the maximum number of service providers, Ohio 

 

 
 

Figure 39 GWR local R-squared values, Ohio 
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Figure 40 GWR parameter estimates of the maximum number of service providers of NAICS 23, Ohio 

 

 
 

Figure 41 GWR local R-squared values of NAICS 23, Ohio 
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Figure 42 GWR parameter estimates of the maximum number of service providers of NAICS 44-45, 

Ohio 

 

 
 

Figure 43 GWR local R-squared values of NAICS 44-45, Ohio 
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APPENDIX C 

Table 54 Software  

Application 

 

Software 

Data Envelopment Analysis models Data Envelopment Analysis Program (DEAP)  

Super-efficiency models Efficiency Measurement System (EMS) 

Non-spatial regression models Stata 

Spatial dependence and spatial regression models GeoDa 

Geographically Weighted Regression models “spgwr” package in R 

Mapping ArcGIS 
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