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Cities of the United States were indelibly marked in the 1990’s by the impacts of 

the booming technology industry and digital economy, which began developing in the 

1970’s.  The U.S. economy underwent significant growth during the 1980’s and 1990’s 

as the technology sector burgeoned, fueled largely by information technology and the 

Internet.  Metropolitan areas with concentrations of technology sprang up throughout the 

U.S. led by the California’s Silicon Valley and Boston’s Route 128, reaping enormous 

economic prosperity.  Recent research reveals large gaps between the rich and poor in 

high-tech metros (Hicks 2003; Stolarick 2003).   

The present study evaluates income distribution inequality across various 

occupational groups in U.S. metros with a focus on high-tech centers.  The aims of the 

present study were met by calculating a Theil Index using Decennial Census Data from 

1980 and 2000 in order to track longitudinal changes in inequality and to determine the 

specific contributions of high-tech occupations to income distribution inequality in a 

selection of high-tech centers. 
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Results of these analyses indicate that income distribution inequality in U.S. cities 

has increased since the emergence of the digital economy, from 1980 to 2000.  Findings 

also indicate that income distribution inequality does not tend to be characteristic of U.S. 

technology regions, but that it increased to a greater magnitude in these regions than non-

technology metros from 1980-2000.  Further, general patterns reflect a pronounced 

polarization, with the Professional and High-Tech groups on the positive end of the 

spectrum of income distribution inequality and the remaining occupational groups—Sales 

and Office; Service; Production, Transportation and Material Moving; and Construction, 

Extraction and Maintenance—on the negative.   

Findings of this research challenge the recent literature that detects high levels of 

income distribution inequality in high-tech metros, which sorts occupations based on 

Florida 2002’s conception of creative class occupations.  This calls into question the use 

of this class scheme in studies of income.  Results also indicate that labor markets in 

2000 are bifurcated according to skill level and remuneration, suggesting that dual-labor 

market theory may be applicable to high-tech metros as well as global cities. 
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Chapter One 

 

Introduction 

 

1.1 Research Problem and Objectives 

 United States cities were indelibly marked in the 1990’s by the impacts of the 

booming technology industry and digital economy, which had begun developing in the 

1970’s.  Early economic and social theorists forecasted the emergence of a knowledge 

economy during the Postindustrial Era (Bell 1973; Drucker 1959, 1969; Machlup 1962).  

The economic boom that unfolded in the 1990’s as a result of the expanding technology 

sector fulfilled a number of these predictions.    

 Fueling the engines of the digital era were information technology (IT) and the 

Internet.  The U.S. experienced a quantum change in its economy during the 1980’s and 

1990’s as information technology boomed and technology industries burgeoned, 

experiencing vast financial growth (Tapscott 1999).  Technopoleis sprang up throughout 

the U.S. and world, led by the models of California’s Silicon Valley and Boston’s Route 

128 (Abetti et al. 1988; Botkin 1988; Gibson et al. 1992).   

Technopoleis are geographic regions that attract and foster technology-based 

firms and high-tech workers, and become centers of new economy industries.  

Technopoleis’ technology-based economic growth springs forth from institutional 

alliances between the private and public sectors of the community (Smilor et al. 1988a, 
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1988b).  The interrelation of the separate community elements to achieve technology-

based economic development is a cornerstone of technopoleis (Smilor 1988b).   

U.S. technopoleis, the innovative centers of knowledge and information, reaped 

enormous economic prosperity during the last decades of the twentieth century and 

became centers of wealth (Castells 2001; Kotkin 2000).  Along with prosperity in the 

technopolis came great change.  The growth of the technology sector transformed 

technopoleis, some of which were quiet university towns, into booming high-tech centers 

of the new economy.  This ushered in substantial changes in the labor forces of regions.  

An abundance of new jobs were created in technology and professional services 

industries (U.S. Department of Commerce 2000b).  Between 1991 and 1999, the high-

tech sector grew at a rate four times larger than the overall economy (DeVol et al. 1999).  

The cities that housed these industries attracted knowledge workers, leading to rapid 

population expansion (Frey 1996, 2002a).  High-tech workers were by and large the 

economic winners of the past two decades (Florida 2002; U.S. Department of Commerce 

2000b).  These findings suggest that the technology labor force garnered large financial 

rewards in technopoleis of the 1990’s. 

The rise of the new economy, information technology and the Internet during the 

1990’s was also accompanied by significant escalation of income inequality and 

polarization worldwide (Castells 2001).  Recent research reveals large gaps between the 

rich and poor in technopoleis (Hicks 2003; Stolarick 2003).  A possible outcome of 

growing inequalities is a dual labor force.  
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Past research has shown that a bifurcation of the labor force exists in high-

immigration global cities (Light 1983; Piore 1970; Massey et al. 1994; Sassen 1991, 

1995; Waldinger 1996).  However, new evidence suggests the dual labor force may 

extend beyond global cities (Frey 2002a, 2002b; Castells 1991, 2001; Kotkin 2000).  

Dual-labor force theory is defined and discussed in depth in Chapter Two.  Much like the 

patterns in global cities, inequalities that bifurcate the labor force may be emerging in 

technopoleis (Castells 1991). 

Relatively few empirical studies have examined these emerging processes of 

stratification in technopoleis with statistical rigor.  The present research seeks to extend 

current literature by examining labor force inequality through income distribution 

disparities in technopoleis and evaluating whether such inequality is characteristic of 

these regions.  This is accomplished in the present research by examining longitudinal 

occupational income distribution inequality in remuneration of workers in U.S. metro 

areas during the final two decades of the twentieth century, and by analyzing the intricate 

dynamics of this inequality within technopoleis in the year 2000.     

 

1.2 Aims 

 The specific aims of the current research are as follows: 

1. Analyze levels of occupational income distribution inequality from 1980 to 

2000 in U.S. metropolitan statistical areas (MSA’s). 

2. Develop a ranking system of income distribution inequality in U.S. MSA’s. 
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3. Evaluate whether income distribution inequality is characteristic of 

technopoleis. 

4. Analyze the contribution to inequality of various detailed occupational groups 

in a sample of U.S. technopoleis.   

 

 

1.3 Research Design 

 The aims of the present study are met using Decennial Census Data from 1980 

and 2000 in order to systematically track longitudinal changes in income inequality.  The 

analysis consists of two phases:  the first measures and ranks overall income distribution 

inequality in U.S. metropolitan statistical areas (MSA’s) from 1980-2000, and the second 

identifies the detailed contributions to inequality of occupational groups in six selected 

U.S. technopoleis.   

 

1.4 Organization of Dissertation 

 The study of high-tech workers in the U.S. labor force is grounded in the rise of 

high-tech industry, a phenomenon of economic and social import.  Thus, the theoretical 

background of this study begins in Chapter Two with a description of the patterns and 

processes involved in the high-technology sector of the U.S.  This section of the literature 

review naturally extends into the development of geographical concentrations of high-

tech industry and the emergence of technopoleis, a phenomenon prevalent in the digital 

era.  The discussion then flows into studies of high-tech workers and a review of 
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scholarly research into this relatively new sector of the American labor force.  The 

second section of the literature review discusses previous studies of dual labor market 

theory, income inequality, and labor force inequalities in technopoleis, offering recent 

research evidencing labor force polarization.  These studies suggest an emerging 

bifurcation of the labor market in high-tech regions.   

Chapter Three provides a description of the data and method utilized in the 

analysis.  The methods of the dual-phase analysis are clearly outlined in this chapter.  

Data are taken from the 1980 and 2000 Decennial Censuses.  Phase I of this analysis 

produces an index that ranks U.S. metro areas by income distribution inequality.  Aims 

one through three of the present study are accomplished in this phase.  Phase II employs 

an in-depth analysis of income distribution inequality in six sample technopoleis, 

determining the occupational groups that contribute most significantly to inequality.  The 

fourth aim of this research is accomplished in the Phase II analysis.  The primary 

contribution of this study to the current literature is an income inequality ranking of U.S. 

metro areas and a comprehensive statistical analysis of occupational income inequality in 

specific technopoleis.   

 Chapter Four presents results of the longitudinal Phase I analysis.  Chapters Five 

through Seven are each dedicated to comparing Phase II results for two of the six sample 

technopoleis.  Chapter Eight is a concluding chapter that discusses key findings of the 

research, highlights implications, and suggests future directions.   



   
 
 

 6

 

Chapter Two 

 

Theoretical Background 

 

2.1 High Technology, the Technopolis, and High-Tech Workers 

 

Rise of High Technology Industry  

 Early thought on the changing nature of industry and society posited the 

likelihood that knowledge and information would be the primary structural components 

of post-industrial society (Bell 1973, Malchup 1962, Drucker 1969).  These projections 

came to pass with the burgeoning of the high-technology sector that indelibly marked the 

last two decades of the twentieth century.  Information technology industries accounted 

for roughly one-third of real U.S. economic growth in 1995-1999 (U.S. Department of 

Commerce 2000b).  The rise of the high-technology sector is referred to in popular 

vernacular as the new economy, knowledge economy, digital economy, and other similar 

terms.  These various coined phrases all refer to the expansion of the Internet and the 

high-technology sector worldwide, a phenomenon so significant that it has been widely 

compared to the industrial revolution in its impact on the economic and social fabric of 

society (Castells 2001; Kotkin 2000).   

 The industries involved in the new economy tend to be dynamic sectors including 

science-based industries, information technology, electronics, pharmaceuticals, 
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semiconductors, e-commerce and professional services (Brint 2001; DeVol et al. 1999).  

Emerging industries associated with the advancing new economy include biotechnology, 

nanotechnology, clean energy, and multimedia (GACC 1998).  Some of these new fields 

are being combined with information technology to yield a hybrid of two industries, for 

example bioinformatics.  High-tech industries are those that demand a highly educated 

labor force heavily concentrated with scientists and engineers, experience rapid 

technological innovation, have a high ratio of research and development (R&D) to sales, 

and market their products globally (Larsen and Rogers 1988). 

Early theorists hypothesized that in contrast to the industries of the 1800’s, the 

new science-based industries of the postindustrial era would use theoretical knowledge as 

a source of innovation by applying it to new technologies during their development (Bell 

1973).  In fulfillment of this hypothesis, the knowledge economy is heavily invested in 

R&D, and produces many innovations labeled ‘smart technologies’.  Wright (2000) finds 

in the U.S. during 1960-1990 that there were overall patterns of decline in the classes of 

general workers, skilled workers and supervisors, while classes of managers, experts and 

expert managers increased.  This suggests, much in keeping with classic post-industrial 

theory, a decline in the ranks of working-class laborers accompanied by a concomitant 

increase in the numbers of professionals.  However, Wright’s analysis focuses more on 

traditionally Marxian classes and therefore does not completely capture the service 

classes, which may be emerging at pace with classes of managers and expert managers. 

Recent studies have investigated the economic impacts of high-tech and 

information technology.  Some research touches on the issue of productivity as related to 
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information technology and the new economy.  Research investigating Americans’ 

attitudes toward IT and the new economy reveals that one of the chief public concerns 

regarding the Internet is its impact on the economy and the private sector, including how 

the Internet has affected productivity in various economic sectors and the labor force 

(Glaser 2001).  Blinder (2001) defines the ‘so-called new economy’ as the superior 

macroeconomic performance of the U.S. in the nineties—especially the low levels of 

inflation and unemployment, as well as the acceleration of productivity growth.  While 

the author argues that the concept of the new economy is premature, acceleration of 

productivity growth (at 3.6% per year from 1992-1998) coincided with the diffusion of 

the Internet throughout the economy, which is at minimum an interesting coincidence.  

The author does assert that the U.S. economy can sustain a higher growth rate than was 

previously thought—this is the key factor that may define the new economy.  However, 

performance of the U.S. economy in recent years calls into question whether this higher 

growth rate can be sustained over the long term.  

 Cohen et al. (2001) respond to Blinder’s research, casting the new economy in a 

more positive light.  These authors assert that the acceleration in productivity can be 

sustained.  They also argue that the most significant impacts of IT will be found in 

structural changes in the economy brought on by new data processing and 

communication technologies.  These structural changes are achieved largely through the 

innovative approaches employed by information technology industries.  The dialogue 

between these researchers may, however, be undermined by its forward-looking approach 
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which was unable to predict the economic slump during the early years of the new 

millennium. 

Information industries are those that process, create and disseminate information 

(Kotkin 2000).  In the new economy, data are transformed first into information and then 

into knowledge that fuels innovation, the engine of the new economy (Tapscott 1999).  

Innovation in information technology is crucial to the new and rapid developments 

required for companies to remain competitive.  A ‘creative destruction' emerges in these 

industries (Bygrave 1994; Castells 2001; Tapscott 1999) that is key to success, such that 

innovative thinking creates new technologies that dominate markets by obliterating the 

use-value of their predecessors. 

As new technologies render their forerunners obsolete, similar threads may be 

detected in geographical economic centers.  During episodes of significant technological 

upheaval, there is a pattern of change in urban hierarchies, such that traditional industrial 

urban centers are left behind by new cities that support innovative industries (Bairoch 

1988).  Likewise, the present expansion of the high-technology sector has reformulated 

the economic geography of America (Kotkin, 2000).  The transition into the 

postindustrial era and the rise of the knowledge economy has restructured the landscape 

of urban economic centers.  

 

The Technopolis 

Geographic areas in which technology-based industry cluster has been the subject 

of much research (Castells 1985, 1991, 2001; Gibson et al. 1992; Kotkin 2000; Saxenian 
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1994; Smilor et al. 1988a, 1988b).  The changing technologies of the new economy 

initially suggested that information technology and the World Wide Web would free 

workers from the constraints of space and enable them to work from any location.  

However, the rise of geographic technology centers has largely rendered this idea of the 

decline of cities and end of geography a myth (Castells 2001, Kotkin 2000).  The 1990’s 

saw a burgeoning of population in high-tech centers.  For example, the California Bay 

Area, home to the high-tech giant Silicon Valley, experienced a net migration of 200,000 

people during 1996-2000, as compared with 35,000 in the first half of that decade.  

During 1996-2000 the region experienced a growth in jobs of 660,000, nearly five times 

as many as the 1991-1995 period (Economist, 2002).  Because wealth tends to 

accumulate in areas where intelligence clusters, the digital economy has a strong 

likelihood of determining the location of wealth concentrations (Kotkin 2000).   

In general, a different set of urban centers house the new knowledge economy 

than those that did the old industrial economy (Florida 2002).  Brezis and Krugman 

(1993) posit that cities have a life cycle, and explain the shift in economic centers to be a 

result of old centers rejecting the adoption of novel technologies due to their attachment 

to and expertise in existing ones.  Conversely, new, smaller city-regions may adopt 

emerging technologies and as the innovations develop the new city-regions gain 

ascendancy over the older established ones.  This life-cycle approach helps to explain the 

emergence of economic boom in emerging cities of the new economy.  

The rise of the modern technopolis has occurred in conjunction with the 

expansion of high-technology industry.  Technopolis is a term used in the literature in 
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which “techno” refers to the emphasis on technology, and “polis” refers to the structure 

of the Greek city-state that balanced public and private sectors (Smilor et al. 1988).  

Studies of technopoleis refer to these regions by many different names.  For the purposes 

of the present research, terms such as technopolis, technology region, and creative city 

are interchangeable.  Technopoleis are operationalized in the present study as 

geographical regions that house the leading industries of the new economy, in which a 

critical mass of technology firms and workers concentrate, and in which technology-

based economic development is linked to the public and private sectors of the 

community.        

The organization of community and industry in technopoleis, rather than being a 

collection of fragments, takes on the structure of an industrial system comprised of local 

institutions and culture, industrial structure, and corporate organization (Saxenian 1994).  

The theory of the technopolis is that of a city, based upon science and technology, which 

is the focal point of national economic growth and societal development (Abetti et al. 

1988).   

 Much has been written espousing the elements required in a region to build a 

successful technopolis.  Some research claims that industry and business are transitory, 

but financial institutions and universities remain regardless of the economy and are 

therefore the stabilizers of the technopolis (Botkin 1988).  A general consensus in 

research defines the elements desirable for successful creation and development of the 

technopolis: a visionary leader, a research university, leadership of a popular elite group 

of influencers, large and small technology companies, professional services and support 



   
 
 

 12

groups, a development plan, scientific and technological research and development, 

innovation and creativity, high quality of life and an appealing environment, a highly 

skilled labor force, incentives and government involvement, and technical education 

(Abetti 1988; Smilor et al. 1988a, 1988c).  A theme in technopolis literature is the study 

of the interrelation of these separate parts to achieve technology-based economic 

development (Smilor 1988c).   

         Scholars have widely studied entrepreneurialism as a vital force in the technopolis.  

Larsen and Rogers (1988) assert that the entrepreneurial spirit interacts with information 

technology and is a primary element in the new economy and technopoleis.  These 

authors posit that it is indispensable to the creation of new technologies and launching 

new venture firms, but is less compatible with managing established companies.  Abetti 

(1988) found that entrepreneurial firms, especially those in high-technology industries, 

are considered highly desirable candidates for technology parks.  Smilor and Wakelin 

(1990) highlight the importance of entrepreneurs in the technopolis in effectively 

identifying market opportunities and creating companies to capitalize on them.  The 

entrepreneurial spirit is a mainstay of the technopolis, and is manifested in the dichotomy 

of competition and cooperation. 

In research on the interrelations of organizational structures in the technopolis, the 

paradox of competition and cooperation has emerged (Ouchi 1984; Saxenian 1994; 

Smilor 1988b).  Technopoleis are simultaneously highly competitive in regards to R&D, 

innovative technologies and time to market, and cooperative in networking across 

different segments of the community (Smilor et al. 1988a).  A greater network of 
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institutional alliances yields greater technological development and innovation, which 

accelerates a technopolis’ development (Smilor and Wakelin 1990).  High-tech giant 

Silicon Valley was perhaps the first region to embody this paradox in a flexible industrial 

system which had a novel organization around the region as a whole and its embedded 

networks rather than single firms (Saxenian 1994).  Subsequent technopoleis followed 

suit, as evidenced by the Austin technopolis which was born out of George Kozmetsky’s 

vision of interlocking relationships between academia, business and government 

characterized by new institutional alliances (Sunder 1998; Smilor 1988b).   

 

The High Technology Labor Force 

In the literature of the technopolis, highly skilled labor is repeatedly cited as a key 

component in the competitive advantage of the technopolis (Abetti 1988; Florida 2002; 

Drucker 1969; Larsen and Rogers 1988; Leach 1998; Smilor and Wakelin 1990).  Highly 

skilled labor is arguably the foundation of productivity, innovation and competitiveness 

in the knowledge-based economy (Castells, 2001).   

The rise of the digital economy brought highly skilled workers into technopoleis 

in large numbers.  During the 1990’s internal migration of knowledge workers spurred 

growth in the economically booming West and Southeast regions of the United States 

(Frey 2002a).  Frey (1996) finds high internal migration in the early 1990’s to Western 

states outside California and in the metro areas of Denver and Austin.  He attributes this 

finding in part to corporate relocations in areas that experienced knowledge-based 
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industry growth around universities, to the rise of computer, telecommunications, and 

entertainment/recreation industries, and to areas that have better business environments.   

U.S. internal migration traditionally attracts younger, higher-paid college 

graduates to regions that offer abundant employment opportunities and high remuneration 

(Long 1988).  The workforce in the technopolis tends to have a relatively young core 

(Leach 1998).  Using Census 2000 data, Frey (2001) asserts that Post-Boomer/Young 

Adults are much more entrepreneurial, multicultural and Web-savvy than Baby Boomers, 

and are moving to economically booming regions in the New Sunbelt in large numbers, 

especially those that are faster growing and have large universities and immigrant 

populations.  Conversely, he found that members of the Baby Boom cohort are not 

moving to the U.S. economic ‘hot spots’.  

These emerging trends suggest that high-tech workers are attracted to specific 

areas by both income and occupational opportunities.  When internal migration selects on 

high-income, highly educated professionals, sending regions are diminished while 

receiving regions gain value from highly skilled workers (Frey 1995).  However, issues 

stemming from the influx of high-tech workers also emerge in receiving areas.  One such 

issue is the stratification of the labor force by occupation.   

2.2 Dual Labor Market Theory and Inequality 

 

Dual Labor Force 
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Much research has been undertaken into the existence of dual labor market 

economies (Castells 1991, 1996; Light 1983; Piore 1970; Sassen 1991, 1994; Waldinger 

1996).  Global cities develop into major centers for managing the worldwide economic 

system as a part of the internationalization of production, which affects labor migration 

(Sassen 1988).  Global cities are characterized as having a dual economy or dual labor 

markets that attract two different types of workers: professional elites and working class 

laborers.  Dual labor markets tend to arise in developed nations of the postindustrial era, 

in high-immigration global cities that have large primary sectors of highly paid 

managerial, technical, administrative occupations that create a need for a secondary 

sector of low-wage service workers (Frey 2002b; Massey et al. 1994; Sassen 1988).  The 

secondary sector attracts lower-skilled workers and international immigrants to the lower 

paying, less stable jobs of its secondary sector which native-borns may eschew (Massey 

et al. 1994).   

There is evidence of a clear relationship between socioeconomic restructuring and 

internal migration, which is manifested in part by a duality of migrant subgroups along 

education and poverty status lines that divides them into participants and non-participants 

in the contemporary economy (Brown et al. 1999).  Research tends to suggest that the 

dual labor market has a large concentration of workers in high-skill, highly educated 

occupations as well as in lower-skill, low-educated jobs.  As a result the labor market will 

be heavy on both ends of the spectrum, with a smaller proportion of workers between the 

extremes.  Sassen (1991) posits that the current era of globalization and international 

corporations has generated great affluence for corporate executives as well as a larger 
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proportion of low-paying jobs than did the leading firms when manufacturing dominated 

the economy.  Castells (1996) conducts a data analysis that indicates both ends of the 

polarized spectrum will be large, with upper-level jobs growing with greater speed and 

magnitude, and lower-level jobs eventually keeping pace in the service industries.  

While the substantive issues of a bifurcated labor market are quite similar for 

global cities and technopoleis, the research on the dual economy described here has 

focused on large, high immigration metropolitan areas.  Scant empirical research has 

been conducted on the existence of dual labor markets in technopoleis.  However, some 

evidence does suggest emerging dual labor market environments in technology centers of 

the new economy.  Kotkin (2000) notes that the largest metro areas of the U.S. are 

becoming increasingly bifurcated as some sections prosper from the digital economy 

while others continue to recede from economic restructuring.  Findings of a quantitative 

study conducted by McCall (2000b) indicate that technology and trade have strong 

explanatory power in the spatial variation of wage inequality.  This supports claims of 

labor market dualism that highly remunerates skilled workers in the technology and 

knowledge-intensive industries.  

Castells (1991) asserts that in the knowledge economy the primary sector is 

comprised of highly skilled and educated workers of upper social status, and constitutes 

the backbone of the economy particularly in advanced services and high-tech 

manufacturing.  On the other end of the spectrum, labor has been restructured to include 

larger proportions of women, ethnic minorities and immigrants, who may be taken 

advantage of through discrimination.  A new form of urban dualism is related to the rise 
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of the information economy, most pronounced in cities where knowledge-intensive 

industries are located.  This dualism is distinguished by an occupational transition in 

which a mismatch exists between the characteristics of the new labor force and those of 

the declining labor force.  This contributes to a highly stratified social structure.  While 

this research makes an invaluable contribution to the rise of the dual labor market city in 

the knowledge economy, its data are chiefly descriptive in nature, and higher-level 

analyses are required to more accurately quantify stratification in technology centers.   

Frey (2002a, 2002b) reports on new data from Census 2000 that reveal an 

unprecedented trend of secondary foreign-born migration from high-immigration port-of-

entry metros to cities of the New Sunbelt, which are high-domestic migration centers.  

This migration of the secondary foreign-borns is motivated in part by economic 

opportunities arising from population growth in these cities.  The two migrant groups are 

sociodemographically distinct, and as a result the cities receive migrants that are both 

high-skill and low-skill, college educated and high-school dropouts.  Because of the 

strong positive relationship between education and future income, this evidence suggests 

the potential for the emergence of “barbell” economies—economies with bulges at each 

end of the socioeconomic scale.  These findings suggest the dual labor market historically 

found in global cities may be evident in smaller, emerging metro areas.  While these 

metros of the New Sunbelt include technopoleis, this research does not apply exclusively 

to technology centers.   

Other research points to similar processes.  Florida (2002) points out that the 

Bureau of Labor Statistics in the late 1990’s projected the fastest-growing job categories 
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would be in both the service and professional-managerial industries.  The author asserts 

this to be a result of the growing need for services among creative workers, comprised 

largely of high-tech workers who are highly remunerated and have intensive and erratic 

work schedules.  However, this assertion is not statistically analyzed. 

Though most of these studies treat dual economies as a negative process, other 

scholars disagree.  Hicks (2003) argues that gaps emerging from wage and income 

inequality in innovative economies will likely widen as economic prosperity grows.  

They are an indication of a healthy economy, industry diversity, and differing skill levels 

workers contribute to occupations.  Rather than seeing this stratification as a social ill, 

Hicks asserts that strong economies provide many low-skill, lower-paying jobs to meet 

the needs of a variety of workers.  The author argues that providing jobs for modestly 

skilled newcomers to the region has historically been a wealth-generating competence of 

regions.   



   
 
 

 19

 The body of theory on the dual labor force provides a substantive context for 

emerging inequalities in technopoleis.  While much of this theory concentrates on large, 

high-immigration cities that are nodes of the international economic system, the 

significant impact of the digital economy may bring about similar labor force processes 

in technopoleis.  Some conditions in the labor force of technopoleis may parallel those 

found in global cities, one of which is income inequality.   

 

Income Inequality 

The study of income inequality involves an analysis of individual earnings or 

income from employment, and is distinct from the study of wealth inequality that 

incorporates overall measures of wealth such as home ownership, savings and assets.  

While the study of wealth inequality is an important pursuit and likely a future direction 

of this study, the present research analyzes income inequality only. 

After two decades of rapid mean wage increases in the U.S. accompanied by 

negligible changes in wage distribution, a shift occurred in the 1970’s that has continued 

through the 1990’s, with mean wages of U.S. workers growing at a slow rate and income 

inequality rapidly rising (Gottschalk 1997).  This earnings inequality that abruptly 

increased in the 1970’s intensified during the 1980’s and has only tempered to a small 

extent in the economic prosperity of the late 1990’s (McCall 2000b). 

Berman et al. (1998) report that in contrast to the rapid growth of the highly 

skilled workforce during the 1980’s and 1990’s, labor market outcomes of lower-skilled 

workers have deteriorated in developed countries in spite of growing scarcity of jobs.  
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Other research finds that relative wages of lower-skilled workers in the U.S. declined 

during the 1980’s and have not since rebounded (Bound and Johnson 1992). Gottschalk 

(1997) reports that income inequality between college grads and high-school grads with 

1-5 years of experience more than doubled from 1973 to 1994, chiefly due to a 5 percent 

increase among the college educated and a 20 percent decrease among high school grads 

in weekly earnings from 1979-1994.  Further, the relative cost of skill and skill intensity 

increased over this time period, signaling a greater demand for skilled workers.  One 

perspective of researchers proposes that technological change in the U.S. economy has 

brought about higher demand and remuneration of workers with specialized technical 

skills, net of education (McCall 2000a).     

Skill-biased technological change has become a widespread explanation for the 

increased income inequality of the U.S. since the 1970’s.  This theory postulates that 

decreased demand for lower-skilled workers and increased need for higher-skilled 

workers, such as those with information-based, computer and technical skills, brings 

about greater wage inequality between these two groups (Levy 1998).  Research focusing 

specifically on high-tech areas lends support for skill-biased technological change, 

finding a relatively lower demand for unskilled and higher demand for technology 

workers that results in a wage distribution that is more positively skewed than in other 

regions (Kilcoyne 2003).  However, research has mixed findings in analyzing skill-biased 

technological change in high-tech manufacturing, which calls into question the direction 

of causality in the relationship between new technologies and demand for highly-skilled 

workers (Luker and Lyons 1997).  Autor et al. (1998) argue for a long-term perspective, 
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and employ four data sets to study the impact of skill-biased technological change on the 

widening of the U.S. educational wage structure.  Overall, they find that large-scale 

changes in supplies and wages of workers from 1940-1996 indicate growth in the demand 

for college-educated workers, fueled mainly by skill-upgrading in industries, particularly 

those that are computer-intensive, since 1970.  Research that analyzes wage inequality by 

gender finds that in labor markets with high proportions of technology and trade, men 

have significantly higher, while women have significantly lower, college/non-college 

wage gaps (McCall 2000b). 

One proposed outcome of skill-biased technological change is that lower-skilled 

workers will fare better in high-tech geographical regions.  Some studies find that the 

wages of non-high-tech workers tend to be higher in high-tech MSA’s.  Possible reasons 

for this phenomenon include higher productivity of non-high-tech workers due to the 

high-tech environment, rent sharing, or substituting unskilled workers with higher-skilled 

labor (Kilcoyne 2003).  Other research postulates that a spillover effect should exist in 

high-tech regions such that demand for highly skilled workers will increase wages across 

all industries (McCall 2000b).  While these findings suggest the skill-biased 

technological change theory may operate differently across labor markets, gender, and 

industries, these studies together point to the overall income advantage of highly skilled 

technology workers.  

In 1998, workers in information technology-producing industries and IT 

occupations comprised 6.1 percent of the American labor force, and employment in 

software and computer services nearly doubled in the mid-nineties.  Workers in 
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information technology-producing industries made an average annual income of $58,000 

compared to $31,400 for all private workers.  From 1992-1998, the wage gap between 

workers in IT-producing industries and all private workers widened by two-thirds to over 

$10,000 (U.S. Department of Commerce 2000b). These findings suggest that gaps may 

be widening in the American labor force such that the workers are being sorted based on 

high-technology skills.  

Levy and Murnane (1996) investigate how computers complement skills utilized 

in the labor force, and find that while some occupational skills wane with the introduction 

of computers in the work place (for instance, mathematical calculations), workers in 

computerized occupations develop specific skill sets which increases demand in the field 

for college graduates.  Due the well-established relationship between education and 

income, these findings illustrate the potential for emerging economic inequalities in the 

labor force based upon information technology skills. 

In the U.S., there is a positive correlation between Internet usage and income.  

While Internet usage among all income categories is increasing over time, patterns 

indicate a steady and consistent rise in usage as income increases (U.S. Dept. of 

Commerce 2000a).  Other research found that, from 1984 to 1989, workers who used 

computers earned 10-15% higher wages than those who did not (Krueger 1993).  Results 

of this study also suggest that increased computer use of workers during the 1980’s 

accounts for one-third to one-half of the increase in the rate of return to education. 

Brint (2001) notes that workers receiving the largest shares of remuneration and 

wealth are a small group of eminent elites—partners, top managers, leading 
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entrepreneurs, and the like.  However, large earnings are not guaranteed by employment, 

but are dependent upon specific industry sector and occupation.  Hodson and Sullivan 

(1990) point out that not all jobs in high-tech industries have high remuneration, and 

suggest the possibility that high technology employment may exacerbate a segmentation 

of the occupational distribution, channeling the majority of workers into lower-paid jobs 

in the industry, with a limited number of high-paying jobs at on the top.  Even within 

high-technology industries, many newly created jobs may be located in low-technology 

occupations.   

This research underscores the differences between industry and occupation.  

While a worker may be employed in a high-technology industry such as computer 

software, his/her actual occupation may be a more traditionally low-skilled, low-paying 

job.  Likewise, high-skilled workers performing tasks that employ the latest technology 

may well be located in older, low-tech industries (Kilcoyne, 2003).  Some research has 

found that the occupational structure of a community is determined to a large degree by 

industrial structure, such that variations in the occupational composition of industries in 

different U.S. metro areas is accounted for by differences in the composition of the 

region’s industrial profile (Galle 1963).    

Sakamoto and Chen (1991) note that in studies of dual-labor market theory 

researches use a variety of classification systems to operationalize the labor market.  

Some studies classify workers by occupation, some by industry, and some by a 

combination of both.  The authors highlight that the classification systems used in 

different studies complement the theoretical concerns of the research.  Kilcoyne 2003 
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argues that attempts to identify high-tech workers by industry have failed because they 

ultimately include many workers who are unskilled and who do not use cutting-edge 

technology in work functions.  The author identifies high-tech workers in his own study 

by identifying detailed occupations whose workers typically use new technologies in the 

performance of their work duties.  

The present study is interested in the income distribution inequality between 

specific occupational groups, highlighting high-tech occupations.  The Bureau of Labor 

Statistics reported in 1998 that remuneration among IT workers varies according to skill 

and education levels; for example, computer engineers made an average annual income 

of $59,900 while calculating machine operators made only $21,300.  However, as 

technology innovation continues to gain momentum, the labor market for IT workers 

generally continues to seek higher-skilled, higher-paid workers (U.S. Department of 

Commerce 2000b).  Recent research reports that in the ten U.S. metro areas which house 

the largest percentages of high-tech workers, wages among the thirty-six occupations 

categorized as high-tech earned at minimum fifty percent higher than the average among 

non-high-tech (Kilcoyne 2003).               

Other research moves beyond inequalities between groups to analyze the income 

disparities within specific groups.  The U.S. Department of Commerce (2000b) notes that 

while remuneration among IT occupations was above average by the end of the 1990’s, 

some jobs in the industry continued to be low-skilled and low-paying.  However, 

occupations in the IT industry that demand the most education and garner the highest pay 

increased by 80 percent during the mid-1990’s.  Gottschalk (1997) reports that over half 
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of the overall increase in earnings inequality from 1973 to 1994 took place within groups.  

Other research finds that while regional within-group wage inequality had greater 

variation in 1990 than previous decades, technology and trade have little explanatory 

power in this dynamic in local labor markets (McCall 2000a).  Rather, the association 

between technology and wage inequality is mediated by labor market conditions that 

make up the environment of local labor markets.     

Very recent research has begun to analyze the patterns of inequality in 

technopoleis.  In his 2002 book, The Rise of the Creative Class, Richard Florida studies 

what he deems the “creative class”—workers employed in occupations that create new 

ideas, technologies, and creative content, a large proportion of which are high-tech 

workers.  Florida finds a statistical correlation between elements of the knowledge 

economy such as innovation, high-tech industry and employment growth and the 

geographic presence of creative class workers.  The creative class puts a high premium 

on living and working in areas characterized by abundant economic opportunities, 

diversity, urban vibrancy, high quality of life—a majority of which are technopoleis.  

Florida’s research conceptualizes a class of creative workers that at once includes 

traditionally lower-paid occupations such as hairdressers and artists along with 

technology workers, which may prove problematic in discussions of the economic 

characteristics of the creative class.  Nonetheless, Florida claims creative class workers 

are the economic winners in modern society, making average annual salaries of nearly 

$49,000 as opposed to their counterparts in the service and working classes who earn 

roughly $22,000 and $28,000 per year, respectively.   



   
 
 

 26

Stolarick (2003) measures income inequality in regions of ‘creative economic 

strength’, which are identified using Florida’s ranking system of creative class centers.  

Stolarick uses a half Theil Index to measure between-group income inequalities, and 

finds creative centers in the U.S. to be the most stratified regions.  For example, among 

metro areas with population of one million or more, established high-tech giants San Jose 

(home of Silicon Valley) and Raleigh-Durham-Chapel Hill (home of Research Triangle) 

are the top two most stratified regions by income.  He concludes that income 

stratification is the running mate of technologically innovative creative regions.  This 

study makes a needed contribution in its empirical analysis and is highly related to the 

present study; however, it is, like the work of Florida, based upon classes of creative 

workers rather than on more traditional occupational groups.   

 Citing Stolarick’s inequality findings, Florida (2003) argues that a basic pattern 

has emerged in the new economy such that innovative creative cities are at once the most 

highly stratified on wages and the winners in competitive advantage of regions.  Florida 

argues that this pattern is leading to uneven regional development within the U.S. 

precedented only by the Civil War Era, a pattern that is fueled by the concentration of 

creative workers in regions of creative economic strength—chiefly technopoleis.  While 

Florida’s contributions touch on important issues, some of his theories lack empirical 

evidence and should perhaps be approached with more statistical rigor.  Additionally, 

level of analysis is an important factor.  Florida claims that Stolarick (2003) analyzes 

income inequality of regions in order to study the relationship between inequality and 

regional prosperity, and then links these two items in his discussion.  However, income 
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inequality of regions does not directly translate to economic competitiveness between 

regions.  While perhaps related, caution should be exercised in drawing conclusions from 

differing levels of analyses to avoid overgeneralizations.    

 Hicks (2003), also citing Stolarick’s 2003 findings, posits that emerging 

differences between larger regions in the U.S. are reflected within economically booming 

cities, for example in degree of wage and income inequality.  Unlike Florida, who lists 

several negative outcomes to emerging economic gaps, Hicks sees stratification as a 

necessary element of innovative geographic regions.  He argues that with significant 

wage stratification eventually experience greater economic prosperity among the rich and 

poor.  He asserts that tracking inequalities over time is highly important these types of 

studies (Hicks 2002, 2003).  

 Piketty and Saez (2003) put forth the possible argument that rising U.S. income 

inequality since the 1970’s can be seen as an extension of Kuznet’s Curve, a hypothesis 

that posited income inequality would follow an inverse U-shaped curve corresponding to 

development.  Since the 1970’s, the increasing income inequality may be conceptualized 

as a result of a ‘new industrial revolution’, and inequality will again decline as 

innovations permeate the workforce—in essence, another inverse U will be formed 

behind the one created in the first half of the twentieth century.  While this research 

provides a helpful conceptualization that hints at the impact of the digital economy, it 

takes a more macro-level approach than is needed for the study of income inequality in 

U.S. metro areas. 
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 Robert Cushing undertook an analysis of IRS tax return data from 1992-2001 to 

investigate income migration to and from metropolitan statistical areas in Texas.  His 

study reveals that in general, migrants coming into Austin have higher income levels than 

those leaving.  This study suggests that Austin, a technopolis, is attracting workers with 

higher remuneration while losing lower-paid workers (Cushing, 2002; Florida 2003).  

However, this study, like Florida’s, examines regional inequalities rather than those that 

may exist within a single technopolis.    

 

The preceding studies have added much recent evidence to the body of research 

on the digital economy, the technopoleis and high-tech workers, and income inequality.  

However, significant gaps exist in the literature of inequality in technopoleis, as is 

evidenced by this literature review.  Rigorous statistical analyses are wanting in much of 

the literature specific to technopoleis.  Many studies do conduct statistical analyses of 

inequality and have made significant empirical contributions; however, the bulk of these 

studies have not focused primarily on technopoleis and high-tech occupations. 

Recent and forthcoming studies statistically test for inequality in high-tech centers 

are an excellent beginning.  However, they tend to embody measures of class rather than 

labor force.  Perhaps most glaringly absent in these studies is the changing nature of 

inequality in technopoleis over time.  The University of Texas Inequality Project has 

made excellent strides in measuring longitudinal income inequality with industry 

classifications, but does so only at the state and county levels.  The present research will 
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seek to fill some of these gaps in the literature by measuring longitudinal income 

distribution inequality in U.S. technopoleis.   

 

 

 

2.3 Conceptual Framework 

Economic prosperity in technopoleis creates employment growth in the high-tech 

and professional services occupations of the region.  In turn, the growth of these sectors 

creates a need for more services, and lower end service jobs such as food service and 

retail occupations are created.  Two different groups of workers experience rapid 

employment growth, which exacerbates income inequality in the region due to their 

different levels of remuneration. 

Widening gaps over time in the remuneration of these different groups of workers 

indicate increasing stratification in metro areas.   Such stratification may lead to 

polarization of the labor market.  Polarization generally occurs between two large groups 

of workers:  highly paid, highly skilled, highly educated workers in professional, 

managerial and administrative occupations, and lower paid, low-skilled, low-educated, 

largely immigrant workers in working- and service-class jobs.  A smaller proportion of 

middle-range workers generally exists between these two extremes.  One method of 

measuring these processes is to evaluate income distribution inequalities of various 

occupational groups in local labor markets. 
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Many studies analyze labor force wage inequality with statistical rigor, especially 

in the economics literature.  However, few of these studies focus specifically on 

technopoleis.  Nevertheless, their methodology is of substantive interest to studies of 

income distribution inequality. 

Research has been undertaken by a group of researchers in the University of 

Texas Inequality Project to examine wage inequality over time.  Galbraith and Cantú 

(1999) measure wage inequality from 1920-1998 using the Theil’s T measurement and 

data from the Bureau of Labor statistics.  Findings indicate that wage inequality actually 

began declining in 1994.  However, this study was conducted on wage inequality in the 

manufacturing sector, not specifically in high-tech industries or occupations.   

In a separate study, wage inequality was studied across counties using data from 

the Bureau of Economic Analysis (Conceição et al. 2000).  Findings indicate rising wage 

and income inequalities across counties of the U.S. during the late 1990’s.  The majority 

of increasing inequality takes place not across states, but across counties within states, 

often in just one county of the state—for example, Santa Clara County near California’s 

Silicon Valley.  The authors conclude that this finding is evidence of the existence of 

extreme regional concentration of economic profit.  This project also includes analyses 

that indicate the contribution of various industries to state-level inequality.  This study 

makes a significant empirical contribution.  However, the level of analysis is the county 

rather than the metropolitan statistical area, and industries rather than occupations.  Thus, 

this study is less helpful in identifying inequalities in technopoleis and the specific 

contributions of high-tech occupations to income distribution inequality. 
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Conceição and Galbraith (1998) analyze time-evolution of wage inequality using 

half of the Theil’s Index, thereby capturing between-group income inequalities.  This 

study is an excellent example of methodology for the measurement of dense time-series 

inequality in that it analyzes monthly data over several decades.  However, it is less 

substantively helpful to the present study as it examines wage inequality in the industrial 

sectors of Brazil, and wage inequality is not measured at the regional level.    

The preceding studies offer statistical methods of documenting the existence of 

wage inequalities in regions.  A longitudinal analysis of income distribution inequality 

among occupational groups will illuminate the nature of inequality in the labor forces of 

U.S. technopoleis. The development of dual labor markets is one possible implication of 

income distribution inequality in technopoleis.   

 

2.4 Hypotheses 

 

Hypothesis I:  Income distribution inequality in U.S. cities has increased since the 

emergence of the knowledge economy, from 1980 to 2000.   

 

Hypothesis II:  Income distribution inequality tends to be characteristic of U.S. 

technopoleis. 

 

Hypothesis III:  Occupations with larger proportions of high-technology workers will 

contribute more to technopolis income distribution inequality. 
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Chapter Three 

 

Data and Methods 

 

3.1 Data Sets 

The data employed in the current research are taken from the U.S. Decennial 

Census. The U.S. Census has been conducted since 1790 when it counted 3.9 million 

persons in the U.S.  Census 2000, in contrast, counted 281,421,906 persons in the fifty 

states, the District of Columbia, and Puerto Rico.  It is conducted every ten years in the 

form of basic short questionnaires administered to each household, commonly referred to 

as ‘short forms’.  A lengthier questionnaire known as the ‘long form’ is given to a smaller 

percentage of households and collects more detailed socioeconomic data that include 

income, occupation and work experience characteristics.   

The present research analyzes occupational income distribution inequality in 

metropolitan statistical areas of the U.S. in 1980 and 2000.  19.4 percent off all 

households in 1980 and approximately 17 percent in 2000 received the long form.  1980 

is chosen as the take-off point of the new economy, and 2000 is selected as the year of 

the most recent Census.  Due to the intricate nature of the present analysis at fine levels 

of geographic and occupational group distinction, Census data are chosen for their large n 

and detailed occupational classification system. 

Data for the present analysis come from the one percent file of Public Use 

Microdata Sample (PUMS) for 1980 and 2000 (Census 2000a; Census of Population and 
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Housing 1980a).  These files are released by the Census Bureau for public access and 

include individual-level population and housing data as well as social, economic and 

housing characteristics.  Because the PUMS files are stratified samples taken from 

Census long form data, they are estimates of population figures and are thus subject to 

sampling error.  Nonetheless, PUMS data are considered highly reliable.  For more 

information on the data selection, see Appendix A. 

While Census data are attractive because of their historic comparability, key 

differences exist between 1980 and 2000 data that have direct bearing on the present 

study.  The classification system of occupational codes was significantly altered in 

Census 2000 due to revisions of the Standard Occupational Classification (SOC) system.  

Detailed SOC lists are provided in Appendix B for 1980 and 2000 separately.  According 

to Census 2000b, “the conversion of the census classifications in 2000 means that the 

2000 classification systems are not comparable to the classifications used in the 1990 

census and earlier” (Census 2000b, p. B-25).  For the present research, this means that 

only analyses that measure overall inequality as an aggregate of all occupations within an 

MSA are comparable between 1980 and 2000 because comparisons of detailed 

occupational groups are not undertaken.  However, analyses of 1980 and 2000 

occupational income inequality that examine detailed occupational groups are not 

comparable over time; in these analyses, only inequality between MSA’s and 

occupational groups within MSA’s may be compared for the same year.  Detailed 

analyses of inequality in the present research are only conducted on 2000 data so 

comparability is not an issue.   
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A second issue of historical comparability between the 1980 and 2000 Censuses is 

the change over time in metropolitan area designations.  This is indicative of the 

expansion of some metro areas and contraction of others.  For example, thirteen PMSA’s 

in the 2000 sample of the present research are combinations of independently designated 

SMSA’s in 1980, two SMSA’s grew in size from 1980-2000 enough to be split into 

separate PMSA’s within one CMSA, and eight SMSA’s of 1980 are no longer designated 

at all in the data of this analysis.  These examples reflect the changing patterns of growth 

and decline in MSA’s over time, and are discussed in greater detail in Appendix C.   

Thus, while the present analysis discusses changes over time in income inequality 

of regions, it is not a comparison of exact geographical areas.  Research has been 

conducted to create a classification system that more precisely codes geographical areas 

across Census years in order to improve consistency in comparisons of exact 

metropolitan areas (Jaeger et al., 1998).  However, such a classification system is not 

appropriate or necessary for all studies (see Costa and Kahn, 2000).   

Such is the case with the present research.  Of greater import than precision of 

geographical borders is measurement of inequality in metropolitan areas as they exist in a 

given time period (see Burr et al. 1990).  For example, it is more accurate and useful to 

the present study to measure inequality in the Austin, TX area according to the borders 

separately delineated in 1980 and 2000.  To map and compare the precise geographical 

area of Austin during these two time periods using the 1980 standard, while providing an 

exact comparison of specific geography, would exclude a large portion of the current 

labor force and thereby fail to take into account the inequality that exists in the entire 
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labor market in 2000.  Further, it would fail to account for much of the technology-based 

labor force that has expanded to the North and Northwest of Austin due to the 

headquartering of technology giants such as Dell Computer and 3M.  Similarly, applying 

the 2000 designation of the Austin-San Marcos MSA to research with 1980 PUMS data 

would inappropriately include a good deal of non-metropolitan and rural area into the 

analyses, thereby yielding inaccurate results.  Thus, the present research employs separate 

MSA designations for 1980 and 2000 in order to most accurately capture income 

inequality as it existed in MSA’s of different time periods.   

 

3.2 Description of Variables 

The present study analyzes individual-level data categorized by specific 

metropolitan statistical area.  The pool of respondents included in the analysis are full-

time, year-round civilian workers aged 16 or older (for detail on identifying these 

respondents see Appendix G).  The following is a detailed description of variables 

employed. 

 

Sample As described in the preceding description of PUMS data, the present analysis 

employs data taken from the one percent PUMS files for both 1980 and 2000.  The 1980 

file lists its one percent sample as Sample B.  The 2000 file identifies the one percent data 

as the “1% sample”.     
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Metropolitan Statistical Area  Metropolitan Statistical Areas are employed in the present 

research in order to identify local labor markets.  This allows comparisons and contrasts 

of the income distribution inequality dynamics of different U.S. MSA’s.  Standard 

Metropolitan Statistical Areas (SMSA’s) are the geographical unit of measure in the 1980 

PUMS.  A SMSA is defined as “a large population nucleus and nearby communities 

which have a high degree of economic and social integration with that nucleus” (Census 

of Population and Housing 1980b, p. K-45).  Metropolitan Statistical Areas (MSA’s) are 

the geographical unit of measure in the 2000 PUMS and are defined as “…metropolitan 

areas that are not closely associated with other MAs. These areas typically are surrounded 

by non-metropolitan counties (county subdivisions in New England)” (Census 2000b, p. 

A-17).  SMSA’s and MSA’s are similar in concept and both require a city of at minimum 

50,000 and/or an urbanized area and a total SMSA population of at minimum 100,000 (or 

75,000 in New England) (Census 2000b; Census of Population and Housing 1980b).  The 

present analysis includes 100 of the 287 SMSA’s included in the 1980 PUMS.  Only 

metro areas that have matches between the 1980 and 2000 PUMS data are included in the 

present analysis.  For a detailed discussion of the selection and analysis of SMSA’s and 

MSA’s in the present research, see Appendix C. 

 

Age Respondents included in the present analysis are aged sixteen years or older.  Age is 

measured in single year increments based upon age of respondent on April 1 of the 

Census year.  Unreported age is usually derived from respondents’ date of birth of 

information.  Earlier Censuses included 14 and 15-year-olds in their employment data, 
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but the U.S. Department of Labor revised its official measurement of the labor force in 

1967.  While the 1970 Census still showed employment data for persons aged fourteen 

and fifteen, the 1980 Census was the first to change its employment data to include only 

persons aged sixteen and older (Census 2000b, p. B-10).  The age variable is highly 

comparable over time.         

 
Labor Force Status All respondents included in the present analysis are civilians 

classified as employed members of the labor force, either at work or temporarily absent 

from their job.  Excluded from the analysis are those employed with the Armed Forces 

either at work or temporarily absent from their job, and those classified as not in the labor 

force.  The present analysis includes employees for non-profit and for-profit companies, 

local, state and federal government workers, and the self-employed.  This variable is 

highly comparable across Censuses from 1970-2000 (Census 2000b).  See Appendix D 

for further detail on the labor force status variable. 

     

Occupation The occupation variable is used in the present analysis in order to assess 

income inequality among U.S. workers.  While studies of the labor force employ both 

industry and occupation variables, industry generally refers to the type of good or service 

produced by respondents’ employing organizations, while occupation relates to the actual 

job-related work a respondent performs.  Therefore, industry categories often group 

together workers in different occupations, while the occupation variables often group 

together workers in different industries who perform similar job-related tasks.  

Occupation is chosen for the analysis for three key reasons alluded to in Chapter Two.  
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First, many workers are misclassified when industry is used to identify high-tech 

workers.  Second, large income disparities exist within high-tech industries.  Third, the 

current research seeks to identify and isolate intricately detailed groups of high-tech 

workers in order to investigate their impact on the income distribution inequality of U.S. 

technopoleis.     

 The occupation variable in the present analysis refers to the respondent’s job 

during the reference week.  The 1980 and 2000 Censuses occupation variables employed 

are both based on the Standard Occupational Classification (SOC), which organizes all 

occupations in hierarchical fashion.  However, as mentioned above, significant 

modifications have been made to the occupational classification system between Census 

1980 and 2000.  See Appendix B for a listing of the 1980 and 2000 SOC system and 

Appendix E for a detailed discussion of the occupational variable in the present research.   

 High-tech occupations in the current study are identified as those that most 

closely resemble the occupations on the Bureau of Labor Statistic’s list of high-tech 

occupations, defined as those thirty-six occupations that employ new technology to the 

largest extent (Kilcoyne 2003).  For a full listing and explanation of high-tech 

occupations in the present research, see Appendix E. 

 

Income  The income variable employed in the present analysis asks a sample of 

respondents about remuneration for work performed in conjunction with employment or 

self-employment.  It represents total monies received in a year from wage/salary and self-

employment income (Census of Population and Housing 1980b).  The income variables 
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for the 1980 and 2000 Censuses are highly comparable.  For a full description of the 

income variable, see Appendix F. 

 

Weight The 1980 PUMS sample is self-weighted as a result of being subjected to a three-

stage ratio estimation procedure with three different weights.  The analysis of 2000 

PUMS data employs the person weight to compensate for underrepresentation of certain 

groups.   The weights in this data file are the product of the PUMS sampling weight and 

the weights of the Census long form, which assign varying single weights to each person 

and housing unit (Census 2000b).   

 

The preceding descriptions include all variables utilized in the analyses of 1980 

and 2000 PUMS data in the present research.  Table 3.1 provides descriptive statistics of 

the occupation, age and income PUMS variables employed in the present research. 

Table 3.1: Weighted Descriptive Statistics of Variables 
Employed   
    

1980 % of Total Mean Age 

Mean Total 
Income in 
Dollars 

Major Occupational Group    
   Managerial and Professional Specialty 27.4 40 23,418 
   Technical, Sales and Administrative Support 32.4 38 14,999 
   Service 8.7 40 11,551 
   Precision Production, Craft and Repair Occupations 14.8 39 18,320 
   Operators, Fabricators and Laborers 16.7 38 14,722 
    
 n=431,935   
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2000 
Major Occupational Group    
   Professional, Management, and Related 34.7 42 64,749 
   Sales and Office 27.1 41 40,330 
   Service 10.9 39 28,392 
   Production, Transportation, and Material Moving 12.9 41 34,745 
   Construction, Extraction, and Maintenance 9.2 39 39,087 
   High-Tech 5.2 39 60,803 
    
 n=46,206,908   
        
Source: One-Percent Public-Use Microdata Samples, 1980 and 2000   
 

 

 

3.3 Sampling Design 

Due to Census data’s high level of consistency across time in sampling design and 

magnitude, the comparability of these decennial datasets is generally excellent.  The data 

can be employed in historical comparisons that utilize a variety of different levels of 

analysis, including individual states, counties and other geographical areas.   

 PUMS microdata files are stratified sub-samples of the population of U.S. 

households that are enumerated with the long form.  Because the PUMS are sample data, 

estimates do not perfectly represent actual population data due to sampling error.  

However, great effort is made to enumerate the U.S. population with the highest possible 

degree of accuracy.  The vast majority of Census questionnaires are administered through 

mailings that correspond to the Bureau’s Master Address File (MAF).  Questionnaires are 

personally delivered in areas that pose challenges to mailings.  Housing units that do not 
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return a questionnaire to the Census Bureau are targeted in person by enumerators.  

Efforts are also taken to capture the population that does not have a usual residence; 

however, Census data should not be considered a complete count of these individuals. 

 The Census basic questionnaire is asked of every housing unit and person, and 

includes questions about demographic and housing characteristics such as age, race, and 

householder.  The long form collects more detailed information on socioeconomic 

variables such as income, employment, and housing characteristics from a sample of 

households.  Sampling rates are determined by incorporated places and every city, school 

district and county are represented in the sample.  Sampling rates vary according to area 

and special circumstances (i.e.: hard-to-reach populations), but overall roughly one in six 

housing units is included in the Census 2000 sample.   

 Nonresponse on particular questions and unreturned questionnaires introduce bias 

into the sample.  In processing the Census data, some values are imputed for missing 

items in order to obtain a reliable n size in geographic areas.  Nonresponses are generally 

imputed using data from comparable persons or housing units.  Imputation for small areas 

may in some cases be high, and as a result caution must be exercised in interpreting 

results in these regions.  Cases in which one person is included on more than one 

questionnaire, thereby being enumerated twice, are addressed in a series of steps.  

Ultimately, those included on more than one questionnaire are noted as such, and one of 

the enumerations is excluded from the household record.  
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3.4 Data Analysis 

The data analysis in the present research employs an analysis of income 

distributions.  This is distinct from the study of income ratios.  The measurement of 

income distribution inequalities takes into account both income and quantities, which 

yield income shares, and commonly utilizes inequality indexes (Odink and Smits 2001). 

The present analysis employs Theil’s T, also referred to as the Theil Index.  This is an 

entropy index used to measure the degree of inequality in a particular variable.  A value 

of zero indicates no inequality, and while the index theoretically has no upper bound (as 

this is dependent on population size), a value of .30 indicates a large level of inequality 

(Stolarick 2003).    

 Throughout the sociological and economic literature debates abound on the 

superiority and accuracy of a variety of inequality coefficients and indices.  However, 

some consensus has been reached on the properties required of an index.  Odink and 

Smits (2001) list the three axioms scholars generally require of an index.  First, it should 

fulfill homogeneity criterion such that the index remains unchanged when all incomes are 

multiplied by the same constant.  Second, the index must fulfill the axiom of symmetry, 

which requires that an alteration in income between two individuals does not exert an 

impact on inequality.  Third, the index must fulfill the criteria of Pigou-Dalton, meaning 

that a transfer from high to low income will reduce the index.  The Gini Coefficient as 

well as Theil’s T fulfill these three axioms; however, Theil’s T has been chosen as the 

method for this analysis due to its properties of decomposition.   
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A strength of Theil’s T is its decomposability due to the additive property of 

logarithms; thus, it is more mathematically elegant than some alternative measures (UTIP 

1998-2000).  Underlying Theil’s Index is the additive decomposability criterion, which 

states the entire index is equal to the sum of weighted within-group inequality plus 

between-group inequality (Foster 1983).  Theil’s T is also replication invariant, meaning 

that it is independent of population replications (Conceição and Galbraith 1998).  

Conceição and Ferreira (2000) highlight another strength of Theil’s Index.  It has 

a high level of sensitivity to income transfers between groups, which may be steep 

especially at the transition point of one income group to the next.  Theil’s T captures such 

transfers better than do linear measures of inequality, and its sensitivity to income 

transfers increases as gaps between groups widen.  

Theil’s T has been criticized for its arbitrariness and lack of appeal to intuitive 

understanding (Sen 1997) and, like other inequality coefficients, for its higher level of 

sensitivity to income transfers in the middle of the distribution.  Jargowsky (1996) 

criticizes the use of inequality coefficients that sort continuous variables into grouped 

data, arguing that cutpoints are arbitrary, some data are lost, and independence of the 

mean and variance of the income distribution are not achieved.  The author does indicate, 

however, the superiority of more advanced indices such as entropy measures (for 

example Theil’s T) in easily handling groups, but points out that they are still subject to 

transfers in the underlying income distribution.  However, other research points to the 

ability of Theil’s T to measure the discrepancy between the distribution of income across 

groups and across individuals within those groups (Conceição and Ferreira 2000).  The 
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across-industry Theil method is robust both to different classification systems and data 

aggregation levels (Galbraith and Cantú 1999). 

In the present study, the Theil Index is chosen primarily for its capability of 

accurately decomposing total inequality into within-group and between-group inequality.  

This is a primary advantage of the Theil over other inequality coefficients such as the 

Gini Coefficient, which is commonly used and intuitively comprehensible, but is unable 

to easily compute the within-group alongside the between-group inequality.  Using the 

Theil we are able to do so, and thus can assess the full contribution of occupation groups 

to overall income inequality in MSA’s.    

The present research employs the Theil Index in two phases.  Phase I computes 

one index of occupational income distribution inequality in U.S. metropolitan statistical 

areas for each Census year.  In this first phase, the major occupational group is the unit of 

analysis.  Variables utilized are MSA, major occupational group, population, and 

individual earnings.  The data analysis employs income shares relative to the entire 

group.  This calculation of Theil’s T provides earnings distribution inequality that is 

comparable across regions and time periods.  The metropolitan areas are then ranked 

according to their level of wage distribution inequality, from highest to lowest.  

Additionally, a measurement of inequality change over time is taken for each MSA by 

computing the difference between its Theil scores of 1980 and 2000, and the regions are 

again ranked according to these scores.     

This procedure employs half of Theil’s Index to yield between-group inequalities.  

Utilization of only half the index is deliberate.  This measure only captures income 
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inequalities between major occupational groups, not inequalities within them.  While 

overall income inequality across occupational groups is an aggregate of between-group 

and within-group inequalities, computation of within-group inequalities requires a 

complete Theil’s T.  Such a computation involves a large-scale analysis of the 

contribution to inequality of all major occupational groups as well as detailed 

occupational groups for every MSA—an undertaking that is beyond the scope of the 

present research.    

Phase I of the present research serves to construct an index of MSA’s based on 

income inequality, which illuminates the comparative economic health of regions in a 

given time period.  This index also allows for longitudinal comparisons that measure the 

level of growth or attenuation of income inequality of MSA’s between the take-off of the 

high-tech economy (1980) and the present (2000).  Without proving causation, this index 

suggests patterns of income inequality in technopoleis vs. non-technopoleis.   

Once the Phase I analysis is complete and the ranking of metropolitan areas by 

income distribution inequality has been obtained, Phase I-B of the analysis is undertaken.  

Phase I-B is an extension of the Phase I analysis, and duplicates the process of Phase I on 

2000 data only but includes a separate High-Tech occupational group.  This phase 

therefore computes one index of occupational income distribution inequality in each U.S. 

metropolitan statistical area in 2000, treating the High-Tech occupational group as a sixth 

separate and individual group.  Phase I includes only five groups and does not isolate 

high-tech workers.  This is the result of 1980 PUMS data not incorporating the BLS 

detailed high-tech occupations listed in Appendix E because they did not yet exist, and as 
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a result only five major groups are comparable over time.  Phase I-B is computed only to 

acquire the necessary between-group inequality component required for the computation 

of Phase II, which treats High-Tech occupations as a separate group. 

Phase II undertakes the computation of the full Theil Index using six major 

occupational groups.  As discussed above, computation of half of Theil’s Index provides 

an incomplete but feasible analysis of income distribution inequality given the large 

amount of data.  In the finer level of distinction of Phase II, the aim is to extend the first-

phase analysis of inequalities between major occupational groups by augmenting it with a 

measure of inequality within major occupational groups.  The inequality that exists within 

each major occupational group lies in its detailed occupational groups.  Due to limitations 

in the scope of the present research discussed above, Phase II consists of a complete Theil 

computed on a sample of six technopoleis for 2000 only.  The detailed occupational 

group is the unit of analysis in this computation.  In this phase of the analysis Census 

variables employed are PMSA, major occupational group, detailed occupational group, 

population, and individual earnings in sample technopoleis for 2000.  

In this second phase, the decomposability criterion of the Theil Index is of key 

importance.  The recursive nature of the computation of a full Theil’s Index requires data 

from both major and detailed occupational groups.  The finer level of distinction in the 

second phase of the analysis yields a measure of within-group inequality, which is 

summed with the between-group inequality of Phase I-B to compute a full Theil’s T.  

This method provides a complete analysis of full income distribution inequality of all six 

major occupational groups in the selected technopoleis.  Through decomposition, we 
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arrive at a measure of each major occupational group’s specific contribution to between-

group inequality in each selected city, as well as a measure of inequality within each 

major occupational group.    

Phase II provides insight into the contribution of detailed occupational groups to 

income distribution inequality in the in-depth analyses of the broad High-Tech 

occupational groups of each sample technopolis.  This illuminates the levels of income 

inequality between detailed high-tech occupational groups.  While the scope of these data 

limit observations to comparisons between MSA’s and occupational groups within the 

year 2000, this analysis allows us to compare and contrast the specific contributions to 

income inequality of high-technology occupations.  This augments our understanding of 

the high-tech sector’s role in the new economy by revealing the variation in income 

distribution across detailed high-tech occupations. 

The six sample technopoleis in Phase II are selected on the basis of Phase I 

rankings, the Phase I measurement of inequality change over time, the IC2 Institute’s 

Listing of Technopoleis (Gibson and Keniry 2003), the Milken Institute’s 1999 Tech-

Pole Rankings (De Vol et al. 1999), and Richard Florida’s Overall Ranking of Creative 

Regions (Florida 2002).  The IC2 Institute’s list of technopoleis identifies established and 

emerging U.S. technopoleis, defined as geographical city-states in which technology-

based economic development is linked to the public and private sectors of the 

community.  The Milken Institute’s tech-pole ranking is a widely used index of 

metropolitan areas that ranks them as “tech-poles” based on a method that combines the 

area’s location quotient with its share of national high-tech output in a multiplicative 



   
 
 

 48

fashion.  Florida’s Creativity Index ranks metropolitan areas overall and by size based on 

a composite measure of four equally-weighted but separate indices: creative class 

proportion of the workforce, innovation, high-tech industry, and diversity.  The metro 

areas selected for inclusion in Phase II analysis: Boston, MA-NH; San Jose, CA; Raleigh-

Durham-Chapel Hill, NC; Austin-San Marcos, TX; Boise City, ID; and Colorado 

Springs, CO.     

The present research serves several purposes.  First, Phase I analyses illuminate 

aggregate occupational income inequality of U.S. MSA’s in 1980 and 2000, which 

permits both comparisons of metro areas in a given time period and indicates patterns of 

changing inequality in these regions over time.  While no attempt at proving a causal 

relationship is undertaken, this analysis allows for a comparison of income inequality 

patterns in hi-tech and low-tech regions, which indicates whether such inequality tends to 

be higher in technopoleis and also sheds light on the possible impacts of the high 

technology sector in the American economy of the past two decades.  Second, Phase II of 

the present research undertakes a detailed exploration of income inequality between and 

within detailed occupational groups of the labor forces of high-technology MSA’s.  This 

allows for an exploration of the sources of inequality using between- and within-

occupational group differences.  Between-group differences indicate which occupational 

groups exert the greatest and least impact on overall income inequality.  Within-group 

differences show the level of income inequality within specific occupational groups, 

which affects both the groups themselves as well as overall MSA inequality.  Taken 

together, the purposes of the present research contribute to our understanding of the 
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mechanisms and climate of inequality in U.S. metro regions and have implication for 

dual-labor market theory.  

 

 

3.5 Organization of the Study 

The results of Phase I analyses are discussed in Chapter Four.  The Phase II 

analyses of the six sample technopoleis are discussed in Chapters Five, Six and Seven—

each of these chapters is dedicated to comparing and contrasting two of the six sample 

technopoleis, with statistical analyses and their implications discussed.  Chapter Eight 

presents discussion and conclusions.  
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Chapter Four 

Analytical Results of Phase I Analysis 

 

4.1 Introduction 

 Chapter Four is a discussion of the results of the Phase I analysis.  The Phase I 

analysis is performed on PUMS data at the two selected time points, 1980 and 2000, and 

consists of a half-Theil Index for each year.  The half-Theil indices produce a score for 

each metropolitan statistical area included in the analysis.  Results are reported in the 

form of 1980 Theil scores, 2000 Theil scores, Theil change scores, and longitudinal 

ranking changes.   

1980 and 2000 Theil score results present actual Theil Index inequality scores for 

each MSA in a given year.  Theil change scores measure the change in inequality in each 

metro area between the study years, thereby yielding the degree to which inequality has 

increased or decreased in each region over time.  Longitudinal ranking changes present 

the change in inequality ranking placement of each MSA in the study, which indicates the 

level of change in income inequality of each region relative to the others.   

Results are also presented from the Phase I-B analysis, which computes a half-

Theil on 2000 data with the occupational classification system of six major groups, one 

being the High-Tech occupational group.  In each set of results, MSA’s are ranked in 

descending order of scores, with higher magnitude of scores indicating greater inequality.   
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4.2 Literature Review and Hypotheses 

Literature in the field documents large gaps in earnings between 

technology/knowledge occupations and others (Florida 2002, U.S. Department of 

Commerce 2000b, Bureau of Labor Statistics 2003).  Some scholars theorize that the 

information economy will create economic dualism within cities related to disparate 

types of workers (Castells 1991, Kotkin 2000).  New research concludes that 

stratification is the running mate of technologically innovative, creative regions 

(Stolarick 2003).   

However, studies that conduct rigorous statistical analyses of income inequality 

do not focus specifically on technopoleis.  The literature that does target these regions is 

often void of quantitative research.  Further, recent studies that do undertake statistical 

analyses of income inequality in technopoleis sort occupations by a creative, service and 

working class scheme rather than by the SOC.  Quite absent from scholarly research are 

longitudinal studies of inequality in technopoleis.  The present research fills these gaps in 

the literature by undertaking a longitudinal analysis quantifies income distribution 

inequality in technopoleis. 

This chapter assesses results of Phase I analyses.  These results have implications 

for two of the testable hypotheses stated in the literature review of the present study.  

These hypotheses are: 
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Hypothesis I:  Income distribution inequality in U.S. cities has increased since the 

emergence of the knowledge economy, from 1980 to 2000.   

 

Hypothesis II:  Income distribution inequality tends to be characteristic of technopoleis. 

 

4.3 Analytical Results 

 The MSA’s chosen for inclusion in the present study according to aforementioned 

criteria are discussed in this chapter.  The total number of MSA’s included in the Phase I 

analysis is 100, and Theil scores are computed for each region in both time points of the 

present study.  Due to the large amount of data resulting from the analyses, emphasis is 

placed on the top one-third of MSA’s in discussions and comparisons of results.  Tables 

incorporate a black solid horizontal line, above which lie the top third of ranked metro 

areas in a given category.    

Identifying Technopoleis 

 The present study performs analyses on metro areas of the U.S. both high-tech 

and otherwise.  However, because this research is primarily concerned with exploring 

patterns of inequality in income distributions of high-tech regions, it is these areas that 

are highlighted in discussion.  Thus, it is necessary to justify the cities that are considered 

important to this research as high-tech centers. 

 The metro areas of greatest interest to this analysis are selected on the basis of the 

sources detailed in Chapter Three: the IC2 Listing of Technopoleis (Gibson and Keniry, 

2003), the Milken Institute Tech-Poles (DeVol et al., 1999), Florida’s Overall Ranking of 



   
 
 

 53

Creative Regions (Florida 2002), and results from the present research in the form of 

Phase I MSA rankings and Theil change scores.     

Table 4.1 depicts the technopoleis of greatest interest to the present study and 

their placement in several rankings.  The table illustrates that these metro areas are 

empirically defined as high-tech by presenting a grid of seventeen metro areas and their 

frequency of inclusion in the rankings.  Regions are arranged in descending order of raw 

count of inclusions in the selected sources.  The final column of Table 4.1 indicates the 

total number of inclusions of each metro area in the various sources.  All cities listed in 

Table 4.1 are defined as technopoleis in the present research.  Technopoleis that receive 

the most attention in discussion are those that are most compelling in the results of Table 

4.1 rankings and the Phase I analysis of the present research.   

 

Table 4.1  Technopoleis Rankings     

City 

IC2 
Technopol

is 
Milken 
Top 50 

Florida 
top 50 
overall 

2000 Theil 
Measure 

Top Third 

Theil 
Change 

Top Third 
# 

Inclusions 
Austin X X X X X 5 
Colorado 
Springs X X X X X 5 
Dallas X X X X X 5 
Los Angeles X X X X X 5 
New York X X X X X 5 
Raleigh-
Durham X X X X X 5 
San 
Francisco X X X X X 5 
Boise City   X X X X 4 
San Diego X X X  X 4 
San Jose X X N/A X X 4 
Boston X X X     3 
Minneapolis X X X   3 
Phoenix X X X   3 
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Portland X X X   3 
Seattle X X X   3 
Orlando X X    2 
Salt Lake 
City X  X   2 

 

1980 Theil Scores 

 These analyses employ 1980 PUMS data and half of Theil’s Index to compute 

between-group income distribution inequality for the 100 SMSA’s included in the study.  

Table 4.2 illustrates the complete 1980 Theil rankings of all metro areas included in this 

study, with MSA’s arranged in descending order according to Theil scores.  Technopoleis 

are shaded in the table.  A horizontal line separates the top third of technopoleis from 

others in order to highlight high-inequality metros, as is the case in other tables of this 

chapter.  The SMSA with the highest degree of income distribution inequality has the 

largest Theil score and is listed first, while the opposite is the case for the SMSA with the 

lowest income inequality. 

Table 4.2  1980 Theil Rankings  
      
Rank 1980 Name of MSA  1980 Theil 

1 McAllen-Pharr-Edinburg, TX 0.044540307
2 Newark, NJ 0.041257054

3 
Providence-Warwick-Pawtucket, RI-
MA 0.038229827

4 Knoxville, TN 0.037703092
5 Sarasota, FL 0.037487778
6 Miami, FL 0.036971916

7 
Greensboro-Winston Salem-High Point, 
NC 0.036086154

8 Jackson, MS 0.035751449
9 New York, NY-NJ 0.033928776

10 San Antonio, TX 0.033559046
11 Hartford, CT 0.032583638
12 Paterson-Clifton-Passaic, NJ 0.032552894
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13 Los Angeles-Long Beach, CA 0.032219809
14 Louisville, KY-IN 0.031813093
15 Orlando, FL 0.031704064
16 Raleigh-Durham, NC 0.030956869
17 Pittsburgh, PA 0.030908536
18 Washington DC-MD-VA 0.030288911
19 St. Louis, MO-IL 0.02994245 
20 Melbourne-Titusville-Cocoa, FL 0.029594573
21 Charlotte-Gastonia, NC 0.029504679
22 New Orleans, LA 0.029364874
23 Houston, TX 0.028745398
24 Omaha, NE-IA 0.028703688
25 West Palm Beach-Boca Raton, FL 0.028609253
26 Albuquerque, NM  0.028389335
27 Tulsa, OK 0.028191784
28 Modesto, CA 0.028061752
29 San Jose, CA 0.027857503
30 Albany-Schenectady-Troy, NY 0.027810641
31 Lancaster, PA 0.027799973
32 Memphis, TN-AR-MS 0.027575932
33 Cleveland, OH 0.02749126 
34 Akron, OH 0.027469186
35 Baton Rouge, LA 0.02739698 
36 Dallas-Forth Worth, TX 0.027298082
37 Indianapolis, IN 0.026800368
38 Syracuse, NY 0.026797015
39 Philadelphia, PA-NJ 0.026470998
40 Columbus, OH 0.026420409
41 Boise, ID 0.025718927
42 Oxnard-Simi Valley-Ventura, CA 0.025684849
43 Austin, TX 0.025665575
44 Denver-Boulder, CO 0.025461729
45 Honolulu, HI 0.025380867
46 Atlanta, GA 0.025086545
47 Boston, MA 0.025024486
48 Nassau-Suffolk, NY 0.024949916
49 Columbia, SC 0.024904476
50 Fort Lauderdale-Hollywood, FL 0.024669904
51 Oklahoma City, OK 0.024606975
52 Las Vegas, NV 0.024469618
53 Chicago, IL 0.024375508
54 Minneapolis-St. Paul, MN-WI 0.024305113
55 Sacramento, CA 0.024043376
56 Stockton, CA 0.024035487
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57 El Paso, TX 0.02390419 
58 Phoenix, AZ 0.023850594
59 Little Rock-North Little Rock, AR 0.023678981
60 Richmond, VA 0.023640308
61 Detroit, MI 0.02358734 
62 Rochester, NY 0.023563276
63 Allentown-Bethlehem-Easton, PA-NJ 0.02342315 
64 Wichita, KS 0.023301514
65 Dayton, OH 0.022886846
66 Birmingham, AL 0.022851828
67 Cincinnati, OH-KY-IN 0.022506236
68 Jacksonville, FL 0.022339046
69 Seattle-Everett, WA 0.022055475
70 Bakersfield, CA 0.021997517
71 San Francisco-Oakland, CA 0.021920166
72 Baltimore, MD 0.02190971 
73 Tampa-St. Petersburg, FL 0.021437543
74 San Diego, CA 0.021153089
75 Salt Lake City-Ogden, UT 0.021012528
76 Charleston-North Charleston, WV 0.020644986
77 Gary-Hammond-East Chicago, IN 0.020586842
78 Grand Rapids, MI 0.020564289
79 Nashville-Davidson, TN 0.02051708 
80 Milwaukee, WI 0.020245362

81 
Norfolk-Virginia Beach-Portsmouth, 
VA-NC 0.020009144

82 Tucson, AZ 0.019992115
83 Toledo, OH-MI 0.019406649
84 Fort Wayne, IN 0.019014325
85 Portland, OR-WA 0.018657688
86 Harrisburg, PA 0.018570678
87 Pensacola, FL 0.018372642
88 Springfield-Chicopee-Holyoke, MA-CT 0.018188484
89 Spokane, WA 0.017723406
90 Lakeland-Winter Haven, FL 0.017723135
91 Canton, OH 0.017668001
92 Buffalo, NY 0.017132142
93 Tacoma, WA 0.016200813
94 Colorado Springs, CO 0.015767217
95 Youngstown-Warren, OH 0.01501021 
96 Kansas City, MO-KS 0.014901509
97 Fresno, CA 0.013665492
98 Vallejo-Fairfield-Napa, CA 0.012910835
99 Riverside-San Bernardino-Ontario, CA 0.011958057
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100 Jersey City, NJ 0.009685706
 

 In 1980, McAllen-Pharr-Edinburg, TX is the SMSA with the greatest level of 

income inequality and has a Theil score of .0445.  In contrast, Jersey City, NJ ranks as 

the SMSA with the lowest level of inequality in its income distribution, with a Theil 

score of .0097.  Regarding the cities listed in Table 4.1 as most interesting to the current 

research, five of the seventeen technopoleis rank in the top third of U.S. SMSA’s with 

greatest income inequality.  The remaining twelve cities of interest to the present research 

are scattered throughout the ranking scheme without an apparent pattern.   

One purpose of this paper is to explore whether income inequality has increased 

in technopoleis as they develop over time.  The 1980 data represent the take-off point of 

the digital economy—a period in which the first U.S. technopoleis were either in their 

initial or developing stages.  As such, the results of Phase I analyses on 1980 data are not 

surprising.  The finding that only a handful of technology cities display upper levels of 

income inequality in 1980 is expected in the present study because this year marks the 

take-off point of the digital economy and technopoleis.  Results from 1980 data are most 

important as benchmarks in comparisons to findings from later years. 

 It is of interest to note, however, that of the five technopoleis that rank in the top 

third of high income inequality regions in 1980, two are international global cities posited 

by scholars to contain dual economies (Massey et al. 1994; Sassen 1988).  In keeping 

with the findings of such research, it is not surprising that New York and Los Angeles as 

global cities display high levels of income distribution inequality in 1980, given that they 

were already well-established international urban centers in that time period.   
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 Due to the decomposition property of the Theil Index, it is possible to more 

deeply examine inequalities in the labor force of each SMSA.  In calculating half of 

Theil’s Index, all occupational groups contribute in additive fashion to the overall Theil 

score for each SMSA.  Thus, by looking at the scores of each individual occupational 

group, we are able to see which groups make positive and negative contributions to 

overall income distribution inequality.  A positive contribution is taken to mean that the 

particular group has ‘more than its fair share’ of the income in the region, while a 

negative contribution indicates the group harnesses ‘less than its fair share’ (Conceição 

and Ferreira, 2000).   

 In Phase I analyses of 1980 PUMS data, both the Managerial and Professional 

Specialty and the Precision Production, Craft and Repair Occupations groups make 

positive contributions to the overall Theil scores in the overwhelming majority of 

SMSA’s.  With few exceptions, the remaining three occupational groups contribute 

negatively to each SMSA’s Theil score.  See Appendix H for data output.  These results 

indicate that in 1980 the Managerial, Professional and Specialty as well as the Precision 

Production, Craft and Repair occupational groups earned more than their fair shares of 

income in U.S. metro regions, while the remaining three occupational groups earned less 

than their fair shares 

2000 Theil Scores 

 Results of this section are obtained using 2000 PUMS data and half the Theil 

Index.  The same 100 metro areas analyzed in 1980 are included here, and are ranked in 

descending order based upon 2000 Theil scores.  Table 4.3 presents the complete ranking 
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of all MSA’s for 2000, with the highest-ranked MSA having the largest level of income 

distribution inequality. Again, technopoleis are shaded in the table. 

Table 4.3  2000 Theil Rankings  
      
Rank 2000 Name of MSA/PMSA 2000 Theil 

1 Knoxville, TN MSA 0.064511843 
2 Los Angeles-Long Beach, CA PMSA 0.064400441 
3 Miami, FL PMSA 0.064311822 
4 Jackson, MS MSA 0.062965915 
5 West Palm Beach-Boca Raton, FL MSA 0.062175792 
6 El Paso, TX MSA 0.058751149 
7 New York, NY PMSA 0.058519835 
8 Pensacola, FL MSA 0.055183099 
9 Harrisburg-Lebanon-Carlisle, PA MSA 0.055026809 
10 Houston, TX PMSA 0.054821191 
11 Birmingham, AL MSA 0.054457573 
12 Raleigh-Durham-Chapel Hill, NC MSA 0.053686198 
13 New Orleans, LA MSA 0.052846105 
14 Baton Rouge, LA MSA 0.052135671 
15 Little Rock-North Little Rock, AR MSA 0.051207319 
16 Dallas-Fort Worth CMSA 0.051071917 
17 McAllen-Edinburg-Mission, TX MSA 0.050737194 
18 Jersey City, NJ PMSA 0.050644986 
19 Hartford, CT MSA 0.04999853 
20 Austin-San Marcos, TX MSA 0.049986425 
21 San Francisco, CA PMSA 0.049120122 

22 
Greensboro--Winston-Salem--High Point, NC 
MSA 0.049110741 

23 San Jose, CA PMSA 0.048931971 
24 Columbia, SC MSA 0.048435468 
25 Boise City, ID MSA 0.046618348 
26 Akron, OH PMSA 0.045831462 
27 Kansas City, MO-KS MSA 0.04551777 
28 Lancaster, PA MSA 0.045176262 
29 Newark, NJ PMSA 0.044732443 
30 Bergen-Passaic, NJ PMSA 0.044717059 
31 Pittsburgh, PA MSA 0.044446021 
32 Canton-Massillon, OH MSA 0.04411327 
33 Colorado Springs, CO MSA 0.043567341 
34 San Diego, CA MSA 0.043354102 
35 Memphis, TN-AR-MS MSA 0.043322247 
36 Orlando, FL MSA 0.043180316 
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37 Columbus, OH MSA 0.043132127 
38 Fort Wayne, IN MSA 0.043130483 
39 Chicago, IL PMSA 0.042622447 
40 Honolulu, HI MSA 0.04245451 
41 Allentown-Bethlehem-Easton, PA MSA 0.042103304 
42 Phoenix-Mesa, AZ MSA 0.042092911 
43 Atlanta, GA MSA 0.041611811 
44 Tampa-St. Petersburg-Clearwater, FL MSA 0.04111429 
45 Springfield, MA MSA 0.041018248 
46 Las Vegas, NV-AZ MSA 0.04086746 
47 Grand Rapids-Muskegon-Holland, MI MSA 0.039637178 
48 Boston, MA-NH PMSA 0.03962957 
49 Washington, DC-MD-VA-WV PMSA 0.039551115 
50 Nashville, TN MSA 0.038481616 
51 Charleston-North Charleston, SC MSA 0.038102383 
52 Charlotte-Gastonia-Rock Hill, NC-SC MSA 0.037951131 
53 Richmond-Petersburg, VA MSA 0.037948469 
54 Melbourne-Titusville-Palm Bay, FL MSA 0.037720781 
55 St. Louis, MO-IL MSA 0.037407557 
56 Sarasota-Bradenton, FL MSA 0.037322704 
57 Wichita, KS MSA 0.037103295 
58 Vallejo-Fairfield-Napa, CA PMSA 0.036865591 
59 Salt Lake City-Ogden, UT MSA 0.036440187 
60 Philadelphia, PA-NJ PMSA 0.036320362 
61 Dayton-Springfield, OH MSA 0.036314238 
62 Tucson, AZ MSA 0.035968374 
63 Tulsa, OK MSA 0.03586885 
64 Detroit, MI PMSA 0.035661479 
65 Portland-Vancouver, OR-WA PMSA 0.035078807 
66 San Antonio, TX MSA 0.034149939 
67 Lakeland-Winter Haven, FL MSA 0.033849802 
68 Indianapolis, IN MSA 0.033712153 
69 Stockton-Lodi, CA MSA 0.033542306 
70 Omaha, NE-IA MSA 0.033383157 
71 Albany-Schenectady-Troy, NY MSA 0.033338855 
72 Ventura, CA PMSA 0.033004499 
73 Toledo, OH MSA 0.032420909 

74 
Norfolk-Virginia Beach-Newport News, VA-
NC MSA 0.031805923 

75 Cleveland-Lorain-Elyria, OH PMSA 0.031454659 
76 Seattle-Bellevue-Everett, WA PMSA 0.031265378 
77 Fresno, CA MSA 0.031204177 
78 Providence-Fall River-Warwick, RI-MA MSA 0.03107578 
79 Minneapolis-St. Paul, MN-WI MSA 0.030663948 
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80 Oklahoma City, OK MSA 0.030227689 
81 Jacksonville, FL MSA 0.029745386 
82 Gary, IN PMSA 0.029603673 
83 Cincinnati, OH-KY-IN PMSA 0.029133196 
84 Milwaukee-Waukesha, WI PMSA 0.028879785 
85 Fort Lauderdale, FL PMSA 0.028869298 
86 Denver-Boulder-Greeley CMSA 0.028839974 
87 Baltimore, MD PMSA 0.028498641 
88 Albuquerque, NM MSA 0.028012616 
89 Syracuse, NY MSA 0.02706167 
90 Nassau-Suffolk, NY PMSA 0.025956164 
91 Rochester, NY MSA 0.025773888 
92 Riverside-San Bernardino, CA PMSA 0.023883923 
93 Bakersfield, CA MSA 0.023141683 
94 Sacramento, CA PMSA 0.022912915 
95 Buffalo-Niagara Falls, NY MSA 0.021633573 
96 Spokane, WA MSA 0.018958813 
97 Louisville, KY-IN MSA 0.016876805 
98 Tacoma, WA PMSA 0.016624659 
99 Modesto, CA MSA 0.014515555 
100 Youngstown-Warren, OH MSA 0.013851103 

 

 In 2000, the Knoxville, TN MSA has the highest level of inequality in its income 

distribution with a Theil score of .0645.  The metro region with the lowest level of 

inequality is Youngstown-Warren, OH MSA, which has a Theil score of .0139.  The 

Theil scores of the highest and lowest ranked MSA’s of 2000 are both higher than their 

1980 counterparts, suggesting a pattern of increasing MSA income distribution inequality 

over time in both high- and low-inequality regions.   

 While five of the seventeen technopoleis ranked in the top third of highest 

inequality metros in 1980, this picture changes in the year 2000.  In Phase I analyses of 

2000 PUMS data these technopoleis nearly doubled their number in the top third with a 

count of nine, and another two (San Diego and Orlando) fell just short of the top third.  

New York, Los Angeles, Raleigh-Durham and San Jose are all ranked in the top third of 
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income inequality in metros of both 1980 and 2000.  Results of 2000 data illustrate that 

global cities New York and Los Angeles rank highest, respectively, among technopoleis 

on income distribution inequalities—this finding holds across time, although Los Angeles 

ranked higher than New York in 1980.  Orlando, interestingly, ranked in this group in 

1980 but falls out of the top third in 2000; however, it narrowly misses inclusion in this 

category by only three ranking places. 

Technopoleis that did not rank as top third inequality regions in 1980 but did in 

2000 include Dallas-Ft. Worth, Austin-San Marcos, San Francisco, Boise City, and 

Colorado Springs.  In the present study, technopoleis comprise seventeen percent of the 

overall sample of MSA’s.  In 2000, technopoleis constitute twenty-seven percent of the 

high-inequality metros, up from fifteen percent in 1980.  Thus, we see an increase over 

time in technopoleis numbering in the top third of metro areas with the highest inequality.  

This suggests that technopoleis tend to be increasing in inequality to a greater degree than 

non-technopoleis.   

 However, while we do see an increase in technopoleis included in the top third of 

high income inequality U.S. cities, this is not the only pattern born out in the data.  Table 

4.4 shades 1980’s top third of high inequality SMSA’s, and then arranges them according 

to the metros’ 2000 Theil scores in descending order.  The seventeen technopoleis of 

interest in Phase I are denoted by three asterisks behind their names.  The organization of 

this table illustrates how the high-inequality metros of 1980 fare in the 2000 rankings.   
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Table 4.4  High-Inequality Metros 
of 1980 Ranked by 2000 Theil 
Scores 
  

2000 Rankings 
Knoxville, TN 
Los Angeles-Long Beach, CA*** 
Miami, FL 
Jackson, MS 
West Palm Beach-Boca Raton, FL 
El Paso, TX 
New York, NY-NJ*** 
Pensacola, FL 
Harrisburg, PA 
Houston, TX 
Birmingham, AL 
Raleigh-Durham, NC*** 
New Orleans, LA 
Baton Rouge, LA 
Little Rock-North Little Rock, AR 
Dallas-Forth Worth, TX*** 
McAllen-Pharr-Edinburg, TX 
Jersey City, NJ 
Hartford, CT 
Austin, TX*** 
San Francisco-Oakland, CA*** 
Greensboro-Winston Salem-High 
Point, NC 
San Jose, CA*** 
Columbia, SC 
Boise, ID *** 
Akron, OH 
Kansas City, MO-KS 
Lancaster, PA 
Newark, NJ 
Paterson-Clifton-Passaic, NJ 
Pittsburgh, PA 
Canton, OH 
Colorado Springs, CO*** 
San Diego, CA*** 
Memphis, TN-AR-MS 
Orlando, FL*** 
Columbus, OH 
Fort Wayne, IN 
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Chicago, IL 
Honolulu, HI 
Allentown-Bethlehem-Easton, PA-NJ 
Phoenix, AZ *** 
Atlanta, GA 
Tampa-St. Petersburg, FL 
Springfield-Chicopee-Holyoke, MA-
CT 
Las Vegas, NV 
Grand Rapids, MI 
Boston, MA*** 
Washington DC-MD-VA 
Davidson-Davidson, TN 
Charleston-North Charleston, WV 
Charlotte-Gastonia, NC 
Richmond, VA 
Melbourne-Titusville-Cocoa, FL 
St. Louis, MO-IL 
Sarasota, FL 
Wichita, KS 
Vallejo-Fairfield-Napa, CA 
Salt Lake City-Ogden, UT*** 
Philadelphia, PA-NJ 
Dayton, OH 
Tucson, AZ 
Tulsa, OK 
Detroit, MI 
Portland, OR-WA*** 
San Antonio, TX 
Lakeland-Winter Haven, FL 
Indianapolis, IN 
Stockton, CA 
Omaha, NE-IA 
Albany-Schenectady-Troy, NY 
Oxnard-Simi Valley-Ventura, CA 
Toledo, OH-MI 
Virginia-Virginia Beach-Portsmouth, 
VA-NC 
Cleveland, OH 
Seattle-Everett, WA*** 
Fresno, CA 
Providence-Warwick-Pawtucket, RI-
MA 
Minneapolis-St. Paul, MN-WI*** 
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Oklahoma City, OK 
Jacksonville, FL 
Gary-Hammond-East Chicago, IN 
Cincinnati, OH-KY-IN 
Milwaukee, WI 
Fort Lauderdale-Hollywood, FL 
Denver-Boulder, CO 
Baltimore, MD 
Albuquerque, NM  
Syracuse, NY 
Nassau-Suffolk, NY 
Rochester, NY 
Riverside-San Bernardino-Ontario, 
CA 
Bakersfield, CA 
Sacramento, CA 
Buffalo, NY 
Spokane, WA 
Louisville, KY-IN 
Tacoma, WA 
Modesto, CA 
Youngstown-Warren, OH 
 

Table 4.4 indicates that excluding Orlando, all technopoleis ranking in the top 

third in 1980 have remained there in 2000, and that some additional technopoleis have 

made their way into 2000’s top third.  However, these results also show non-technopoleis 

cities such as El Paso, Birmingham and Little Rock rising in the ranks of high-inequality 

cities over time.  Further, some technopoleis such as Boston, Seattle, Minneapolis and 

Phoenix persistently elude the top third ranking of high-inequality cities across time.  

Thus, we cannot conclude that technopoleis as a group have higher income inequality 

than other cities.  Thus, Hypothesis II of this paper, that income distribution inequality 

tends to be characteristic of technopoleis, is not born out in the present study.  This is an 

interesting finding in that it directly contradicts recent literature (see Stolarick 2003).  It 
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is the contention of this paper that differences in the classification of occupations are at 

work behind the disparity in findings of such research and the present study.  

In exploring the decomposition of the Theil Index, additive results show that the 

preponderance of 2000 MSA’s receives positive contributions to their overall Theil 

scores only from the Professional, Management, and Related occupational group.  In the 

vast majority of metro areas, all other occupational groups contribute negatively to the 

overall Theil score.  Thus we conclude that in 2000, Professional, Management, and 

Related occupations receive the largest income shares in U.S. metro regions while all 

other occupational groups receive relatively smaller shares.   

An interesting note is that in 1980, two occupational groups contributed positively 

to the overall Theil, indicating that they garnered larger income shares in the region.  

However, in the 2000 data only one occupational group garners larger income shares.  

While these results must be carefully interpreted due to the change in the SOC system 

between the 1980 and 2000 Censuses, it is noteworthy that 1980 has positive 

contributions to inequality coming from two occupational groups while in 2000 they 

come from only one. 

Of note in both 1980 and 2000 is that Boston, the undisputed technopolis giant, is 

persistently absent from upper third rankings.  This is surprising, given other large and 

well-established technopoleis such as San Jose and Raleigh-Durham-Chapel Hill are 

there represented.  This curious finding will be further explored in Phase II analysis.  
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Theil Change Scores 
 
 Table 4.5 illustrates the Theil change scores computed to reflect the degree of 

change in income distribution inequality within each MSA between 1980 and 2000.  A 

change score is computed for each MSA that consists of the difference between its Phase 

I Theil scores for the two time points selected in this study.  The result is Theil change 

scores that measure the magnitude by which inequality has increased or decreased in each 

region over time.  Positive scores indicate an increase in inequality while negative scores 

indicate a decrease.  The MSA’s are then ranked in descending order based on the change 

scores.   This measure is computed chiefly to compare and contrast the degree of change 

in MSA’s over time.  Technopoleis are shaded in the table.    

Table 4.5  Theil Change Measure  
    

Theil Change Rankings 
1980-2000 Theil Change 

Scores 
Jersey City, NJ PMSA 0.04095928 
Pensacola, FL MSA 0.036810457 
Harrisburg-Lebanon-Carlisle, PA MSA 0.036456131 
El Paso, TX MSA 0.034846959 
West Palm Beach-Boca Raton, FL MSA 0.033566538 
Los Angeles-Long Beach, CA PMSA 0.032180632 
Birmingham, AL MSA 0.031605745 
Kansas City, MO-KS MSA 0.030616261 
Colorado Springs, CO MSA 0.027800125 
Little Rock-North Little Rock, AR MSA 0.027528338 
Miami, FL PMSA 0.027339906 
Jackson, MS MSA 0.027214466 
San Francisco, CA PMSA 0.027199957 
Knoxville, TN MSA 0.026808751 
Canton-Massillon, OH MSA 0.026445269 
Houston, TX PMSA 0.026075793 
Baton Rouge, LA MSA 0.024738691 
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New York, NY PMSA 0.02459106 
Austin-San Marcos, TX MSA 0.02432085 
Fort Wayne, IN MSA 0.024116158 
Vallejo-Fairfield-Napa, CA PMSA 0.023954756 
Dallas-Fort Worth CMSA***** 0.023773836 
Columbia, SC MSA 0.023530993 
New Orleans, LA MSA 0.023481231 
Springfield, MA MSA 0.022829763 
Raleigh-Durham-Chapel Hill, NC MSA 0.022729329 
San Diego, CA MSA 0.022201013 
San Jose, CA PMSA 0.021074469 
Boise City, ID MSA 0.020899421 
Tampa-St. Petersburg-Clearwater, FL MSA 0.019676747 
Grand Rapids-Muskegon-Holland, MI MSA 0.019072889 
Allentown-Bethlehem-Easton, PA MSA 0.018680153 
Akron, OH PMSA 0.018362276 
Chicago, IL PMSA 0.018246939 
Phoenix-Mesa, AZ MSA 0.018242318 
Nashville, TN MSA 0.017964536 
Fresno, CA MSA 0.017538685 
Charleston-North Charleston, SC MSA 0.017457396 
Hartford, CT MSA 0.017414892 
Lancaster, PA MSA 0.017376288 
Honolulu, HI MSA 0.017073643 
Columbus, OH MSA 0.016711718 
Atlanta, GA MSA 0.016525266 
Portland-Vancouver, OR-WA PMSA 0.016421119 
Las Vegas, NV-AZ MSA 0.016397842 
Lakeland-Winter Haven, FL MSA 0.016126667 
Tucson, AZ MSA 0.015976259 
Memphis, TN-AR-MS MSA 0.015746315 
Salt Lake City-Ogden, UT MSA 0.015427659 
Boston, MA-NH PMSA 0.014605085 
Richmond-Petersburg, VA MSA 0.014308161 
Wichita, KS MSA 0.013801781 
Pittsburgh, PA MSA 0.013537485 
Dayton-Springfield, OH MSA 0.013427392 
Greensboro--Winston-Salem--High Point, 
NC MSA 0.013024587 
Toledo, OH MSA 0.01301426 
Bergen-Passaic, NJ PMSA 0.012164165 
Detroit, MI PMSA 0.012074139 
Riverside-San Bernardino, CA PMSA 0.011925865 
Norfolk-Virginia Beach-Newport News, VA- 0.011796778 
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NC MSA 
Orlando, FL MSA 0.011476252 
Philadelphia, PA-NJ PMSA 0.009849364 
Stockton-Lodi, CA MSA 0.009506819 
Washington, DC-MD-VA-WV PMSA 0.009262204 
Seattle-Bellevue-Everett, WA PMSA 0.009209903 
Gary, IN PMSA 0.009016831 
Milwaukee-Waukesha, WI PMSA 0.008634423 
Charlotte-Gastonia-Rock Hill, NC-SC MSA 0.008446452 
Melbourne-Titusville-Palm Bay, FL MSA 0.008126208 
Tulsa, OK MSA 0.007677066 
St. Louis, MO-IL MSA 0.007465107 
Jacksonville, FL MSA 0.00740634 
Ventura, CA PMSA 0.00731965 
Indianapolis, IN MSA 0.006911786 
Cincinnati, OH-KY-IN PMSA 0.00662696 
Baltimore, MD PMSA 0.006588931 
Minneapolis-St. Paul, MN-WI MSA 0.006358835 
McAllen-Edinburg-Mission, TX MSA 0.006196887 
Oklahoma City, OK MSA 0.005620714 
Albany-Schenectady-Troy, NY MSA 0.005528214 
Omaha, NE-IA MSA 0.004679469 
Buffalo-Niagara Falls, NY MSA 0.00450143 
Fort Lauderdale, FL PMSA 0.004199394 
Cleveland-Lorain-Elyria, OH PMSA 0.003963399 
Newark, NJ PMSA 0.003475389 
Denver-Boulder-Greeley CMSA*** 0.003378245 
Rochester, NY MSA 0.002210612 
Spokane, WA MSA 0.001235407 
Bakersfield, CA MSA 0.001144166 
Nassau-Suffolk, NY PMSA 0.001006248 
San Antonio, TX MSA 0.000590893 
Tacoma, WA PMSA 0.000423846 
Syracuse, NY MSA 0.000264655 
Sarasota-Bradenton, FL MSA -0.000165074 
Albuquerque, NM MSA -0.000376719 
Sacramento, CA PMSA -0.001130461 
Youngstown-Warren, OH MSA -0.001159107 
Providence-Fall River-Warwick, RI-MA 
MSA -0.007154047 
Modesto, CA MSA -0.013546197 
Louisville, KY-IN MSA -0.014936288 
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  Table 4.5 illustrates that the metropolitan area that experienced the greatest 

increase in income distribution inequality from 1980-2000 is the Jersey City, NJ PMSA 

with a Theil change score of .0410.  The area with the greatest decrease is the Louisville, 

KY-IN MSA with a Theil change score of -.0149.  Global cities Los Angeles and New 

York again rank high on this measure of inequality change, indicating they are among the 

metro areas that experienced the greatest increase in income distribution inequality.  In 

general, the majority of metro areas included in the sample increased in inequality over 

the time period of this study, with ninety-three areas having a positive Theil change 

score.  Seven areas have a negative score, indicating that their levels of income 

distribution inequality decreased between 1980 and 2000.  Thus, Hypothesis I of the 

present paper is born out.  Indeed, income distribution inequality in U.S. cities has 

increased since the emergence of the knowledge economy, from 1980 to 2000. 

 While Hypothesis I is supported by the present research, it is vital to note that 

income distribution inequalities increased in ninety-three of the one hundred sample 

cities in this study.  This indicates income distribution inequality increased in the vast 

majority of regions, technopoleis and otherwise.  However, while technopoleis comprise 

only seventeen percent of cities in the sample, Table 4.5 shows that they make up thirty 

percent of the cities that underwent the greatest inequality increases between 1980 and 

2000.  This indicates that technopoleis comprise a relatively greater proportion of metros 

with increasing income inequality.  Further, an averaging of Theil change scores among 

metro areas reveals that technopoleis increased in inequality at an average of .0199, while 

non-technopoleis increased at a lower average of .0132 between 1980 and 2000.  This 
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illustrates that as a group, technopoleis are increasing in inequality over time to a greater 

degree than non-technopoleis.  Thus we conclude that Hypothesis I is supported and 

further, that income inequality is increasing to a greater degree in technopoleis than non-

technopoleis.    

 Table 4.5 indicates that ten of the seventeen technopoleis of the present study are 

included in the top third of Theil change scores.  This means that between 1980 and 2000 

ten of the thirty-three, or roughly one third, of the metros that experienced the greatest 

increases in income distribution inequality were technopoleis.  Much like the results of 

2000 Theil scores presented in Table 4.3, Table 4.5 indicates both that non-technopoleis 

are among the high-inequality metros, and that the technopoleis not among the top third 

of Theil change score rankings are scattered throughout the remainder of the rankings in 

no apparent pattern.  These findings are consistent with the conclusions drawn from 2000 

Theil scores, further bearing out that the present data do not support Hypothesis II. 

In sum, Hypothesis I is supported by the present research and we conclude that 

income distribution inequality in U.S. cities has increased since the emergence of the 

knowledge economy, from 1980 to 2000.  Further, such inequality is increasing on 

average at a greater magnitude in technopoleis than in other metro areas.  Over time the 

persistence of this pattern could result in technopoleis as a group having higher income 

distribution inequality.  Nonetheless, the present analysis of the 1980-2000 time period 

indicates that Hypothesis II is not born out, because income inequality does not tend to be 

characteristic of all technopoleis in these data. 
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Longitudinal Ranking Changes  
 

Table 4.6 presents longitudinal change in inequality rankings of metro areas in the 

present study.  These results illustrate the magnitude by which each MSA has increased 

or decreased in the inequality rankings from 1980 to 2000.  Technopoleis are shaded in 

the table.  Ranking changes are calculated by computing the difference between 1980 and 

2000 rankings for each MSA.  They are closely related to Theil change scores, but rather 

than reflecting the actual Theil scores they indicate each metro area’s standing in the 

inequality rankings.  Positive ranking change scores indicate that the MSA has risen in 

the rankings over the time period and has higher relative income distribution inequality in 

2000 than in 1980.  Negative scores indicate the MSA has slipped in the rankings and has 

lower relative income inequality in 2000 than it did in 1980.  Table 4.6 ranks MSA’s in 

descending order of the ranking change scores. 

Table 4.6  Ranking Change Measure    
        

MSA 
1980 
Rank 

2000 
Rank 

Rank Change 
1980-2000 

Akron, OH PMSA 34 26 8 
Albany-Schenectady-Troy, NY MSA 30 71 -41 
Albuquerque, NM MSA 26 88 -62 
Allentown-Bethlehem-Easton, PA MSA 63 41 22 
Atlanta, GA MSA 46 43 3 
Austin-San Marcos, TX MSA 43 20 23 
Bakersfield, CA MSA 70 93 -23 
Baltimore, MD PMSA 72 87 -15 
Baton Rouge, LA MSA 35 14 21 
Bergen-Passaic, NJ PMSA 12 30 -18 
Birmingham, AL MSA 66 11 55 
Boise City, ID MSA 41 25 16 
Boston, MA-NH PMSA 47 48 -1 
Buffalo-Niagara Falls, NY MSA 92 95 -3 
Canton-Massillon, OH MSA 91 32 59 
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Charleston-North Charleston, SC MSA 76 51 25 
Charlotte-Gastonia-Rock Hill, NC-SC 
MSA 21 52 -31 
Chicago, IL PMSA 53 39 14 
Cincinnati, OH-KY-IN PMSA 67 83 -16 
Cleveland-Lorain-Elyria, OH PMSA 33 75 -42 
Colorado Springs, CO MSA 94 33 61 
Columbia, SC MSA 49 24 25 
Columbus, OH MSA 40 37 3 
Dallas-Fort Worth CMSA 36 16 20 
Dayton-Springfield, OH MSA 65 61 4 
Denver-Boulder-Greeley CMSA 44 86 -42 
Detroit, MI PMSA 61 64 -3 
El Paso, TX MSA 57 6 51 
Fort Lauderdale, FL PMSA 50 85 -35 
Fort Wayne, IN MSA 84 38 46 
Fresno, CA MSA 97 77 20 
Gary, IN PMSA 77 82 -5 
Grand Rapids-Muskegon-Holland, MI 
MSA 78 47 31 
Greensboro--Winston-Salem--High 
Point, NC MSA 7 22 -15 
Harrisburg-Lebanon-Carlisle, PA MSA 86 9 77 
Hartford, CT MSA 11 19 -8 
Honolulu, HI MSA 45 40 5 
Houston, TX PMSA 23 10 13 
Indianapolis, IN MSA 37 68 -31 
Jackson, MS MSA 8 4 4 
Jacksonville, FL MSA 68 81 -13 
Jersey City, NJ PMSA 100 18 82 
Kansas City, MO-KS MSA 96 27 69 
Knoxville, TN MSA 4 1 3 
Lakeland-Winter Haven, FL MSA 90 67 23 
Lancaster, PA MSA 31 28 3 
Las Vegas, NV-AZ MSA 52 46 6 
Little Rock-North Little Rock, AR MSA 59 15 44 
Los Angeles-Long Beach, CA PMSA 13 2 11 
Louisville, KY-IN MSA 14 97 -83 
McAllen-Edinburg-Mission, TX MSA 1 17 -16 
Melbourne-Titusville-Palm Bay, FL 
MSA 20 54 -34 
Memphis, TN-AR-MS MSA 32 35 -3 
Miami, FL PMSA 6 3 3 
Milwaukee-Waukesha, WI PMSA 80 84 -4 
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Minneapolis-St. Paul, MN-WI MSA 54 79 -25 
Modesto, CA MSA 28 99 -71 
Nashville, TN MSA 79 50 29 
Nassau-Suffolk, NY PMSA 48 90 -42 
New Orleans, LA MSA 22 13 9 
New York, NY PMSA 9 7 2 
Newark, NJ PMSA 2 29 -27 
Norfolk-Virginia Beach-Newport News, 
VA-NC MSA 81 74 7 
Oklahoma City, OK MSA 51 80 -29 
Omaha, NE-IA MSA 24 70 -46 
Orlando, FL MSA 15 36 -21 
Pensacola, FL MSA 87 8 79 
Philadelphia, PA-NJ PMSA 39 60 -21 
Phoenix-Mesa, AZ MSA 58 42 16 
Pittsburgh, PA MSA 17 31 -14 
Portland-Vancouver, OR-WA PMSA 85 65 20 
Providence-Fall River-Warwick, RI-MA 
MSA 3 78 -75 
Raleigh-Durham-Chapel Hill, NC MSA 16 12 4 
Richmond-Petersburg, VA MSA 60 53 7 
Riverside-San Bernardino, CA PMSA 99 92 7 
Rochester, NY MSA 62 91 -29 
Sacramento, CA PMSA 55 94 -39 
Salt Lake City-Ogden, UT MSA 75 59 16 
San Antonio, TX MSA 10 66 -56 
San Diego, CA MSA 74 34 40 
San Francisco, CA PMSA 71 21 50 
San Jose, CA PMSA 29 23 6 
Sarasota-Bradenton, FL MSA 5 56 -51 
Seattle-Bellevue-Everett, WA PMSA 69 76 -7 
Spokane, WA MSA 89 96 -7 
Springfield, MA MSA 88 45 43 
St. Louis, MO-IL MSA 19 55 -36 
Stockton-Lodi, CA MSA 56 69 -13 
Syracuse, NY MSA 38 89 -51 
Tacoma, WA PMSA 93 98 -5 
Tampa-St. Petersburg-Clearwater, FL 
MSA 73 44 29 
Toledo, OH MSA 83 73 10 
Tucson, AZ MSA 82 62 20 
Tulsa, OK MSA 27 63 -36 
Vallejo-Fairfield-Napa, CA PMSA 98 58 40 
Ventura, CA PMSA 42 72 -30 
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Washington, DC-MD-VA-WV PMSA 18 49 -31 
West Palm Beach-Boca Raton, FL MSA 25 5 20 
Wichita, KS MSA 64 57 7 
Youngstown-Warren, OH MSA 95 100 -5 

 

Table 4.6 shows that the Jersey City, NJ PMSA experienced the greatest increase 

in the inequality rankings between 1980 and 2000 with a jump of 82 places.  This is a 

result of the PMSA having the largest Theil change score, as discussed earlier in this 

chapter.  Also noteworthy are the large ranking increases of Pensacola, FL and 

Harrisburg-Lebanon-Carlisle, PA.  The MSA experiencing the greatest drop in the 

rankings is Louisville, KY-IN that decreased 83 places in the rankings.  Louisville has the 

lowest Theil change score.   

Among technopoleis, the region that gained the most ground between 1980 and 

2000 is Colorado Springs with a gain of 61 places.  This region went from a 1980 

inequality ranking of 94 to a 2000 ranking of 33.  While it narrowly qualifies for the top 

third of high-inequality metros in 2000, its ranking change score is quite significant in 

illustrating that Colorado Springs is the technopolis that most significantly increased its 

relative inequality ranking.  Clearly, the income distribution inequality in Colorado 

Springs experienced a quantum change between 1980 and 2000. 

Also significant are San Francisco with a gain of 50 places and San Diego with 40 

places.  Nine of the seventeen technopoleis number in the top third of longitudinal 

ranking change scores.  Interestingly, not all of these technopoleis eventually rank in the 

top third of overall inequality based on 2000 Theil scores.  This is the case for San Diego, 

Portland, Phoenix-Mesa, and Salt Lake City-Ogden.  In these cases, while the 
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technopoleis gained ground in the rankings, such increases were not enough to qualify 

them for the top third of high inequality metro areas in 2000.  It is also important to note 

that global cities Los Angeles and New York did not rank in the top third of ranking 

change scores, indicating that they did not gain as much ground in the rankings as some 

other cities, both technopoleis and otherwise.  However, this is due to their overall high 

rankings on inequality in both the sample years.  Of the nine technopoleis that are in the 

top third on this measure, seven are newer, smaller, emerging technopoleis.  The two 

more established metropolitan areas that join their ranks are San Francisco and Dallas-

Fort Worth.   

Some technopoleis decreased in the rankings.  Boston, Seattle, Orlando and 

Minneapolis all have negative longitudinal ranking change scores.  This indicates that 

relative to all U.S. MSA’s in the sample, these technopoleis lost ground in the inequality 

rankings, which further underscores that the present research does not support Hypothesis 

I.  However, this is a minority of technopoleis, indicating that in general technopoleis 

tended to increase in the inequality rankings.   

Further, an averaging of longitudinal ranking changes reveals that technopoleis 

moved up in the rankings an average of 13.59 places, while non-technopoleis lost ground 

in the rankings by an average of 2.78 places.  We may conclude that on average, 

technopoleis significantly increased in the rankings while non-technopoleis decreased, 

further underscoring the finding in these data that technopoleis exhibit greater inequality 

increases over time than do their lower-tech counterparts. 
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Phase I-B 

 The Phase I analysis of the present study creates an inequality index to determine 

whether income distribution inequality in U.S. cities has increased since the emergence of 

the knowledge economy, and whether such inequality is characteristic of technopoleis.  

This assessment comes from an examination of income inequality among five major 

occupational groups in the labor forces of U.S. MSA’s.   

The Phase II analysis in the ensuing chapters builds upon Phase I, but goes further 

to explore in greater detail the nature of inequality among high-tech occupations in six 

sample technopoleis of 2000.  However, in order to more fully understand the specific 

impact of high-technology on the inequality distributions of U.S. MSA’s, an inequality 

ranking that specifically identifies the High-Tech occupational group is a useful 

benchmark.  To that end, a second half-Theil index is computed with 2000 PUMS data 

that isolates the High-Tech group, as defined in Chapter Three, into a separate 

occupational category.   

Table 4.7 compares the results of Phase I and Phase I-B analyses on 2000 data.  

MSA’s are arranged in descending rank order of income distribution inequality.  The 

“Rank Change” column indicates each MSA’s change in the rankings, positive or 

negative, between the Phase I and Phase I-B Indices.  Dashes indicate the MSA has the 

same place in the two rankings, and technopoleis are again shaded in the table.   

Table 4.7  Phase I-B Rankings for 2000    
      

Rank 
Change 

2000 Name of MSA/PMSA  
Phase I-B 

2000 Name of MSA/PMSA   
Phase I 

1 Los Angeles-Long Beach, CA PMSA Knoxville, TN MSA 
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1 Miami, FL PMSA Los Angeles-Long Beach, CA PMSA 
-2 Knoxville, TN MSA Miami, FL PMSA 
- Jackson, MS MSA Jackson, MS MSA 

- 
West Palm Beach-Boca Raton, FL 
MSA West Palm Beach-Boca Raton, FL MSA

1 New York, NY PMSA El Paso, TX MSA 
-1 El Paso, TX MSA New York, NY PMSA 
3 Birmingham, AL MSA Pensacola, FL MSA 
-1 Pensacola, FL MSA Harrisburg-Lebanon-Carlisle, PA MSA 

-1 
Harrisburg-Lebanon-Carlisle, PA 
MSA Houston, TX PMSA 

-1 Houston, TX PMSA Birmingham, AL MSA 

- 
Raleigh-Durham-Chapel Hill, NC 
MSA Raleigh-Durham-Chapel Hill, NC MSA

- New Orleans, LA MSA New Orleans, LA MSA 
- Baton Rouge, LA MSA Baton Rouge, LA MSA 

- 
Little Rock-North Little Rock, AR 
MSA Little Rock-North Little Rock, AR MSA

- Dallas-Fort Worth CMSA Dallas-Fort Worth CMSA 
1 Jersey City, NJ PMSA McAllen-Edinburg-Mission, TX MSA 
-1 McAllen-Edinburg-Mission, TX MSA Jersey City, NJ PMSA 
- Hartford, CT MSA Hartford, CT MSA 
- Austin-San Marcos, TX MSA Austin-San Marcos, TX MSA 
- San Francisco, CA PMSA San Francisco, CA PMSA 

- 
Greensboro--Winston-Salem--High 
Point, NC MSA 

Greensboro--Winston-Salem--High 
Point, NC MSA 

- San Jose, CA PMSA San Jose, CA PMSA 
- Columbia, SC MSA Columbia, SC MSA 
8 Colorado Springs, CO MSA Boise City, ID MSA 
-1 Boise City, ID MSA Akron, OH PMSA 
-1 Akron, OH PMSA Kansas City, MO-KS MSA 
1 Newark, NJ PMSA Lancaster, PA MSA 
-2 Kansas City, MO-KS MSA Newark, NJ PMSA 
- Bergen-Passaic, NJ PMSA Bergen-Passaic, NJ PMSA 
-3 Lancaster, PA MSA Pittsburgh, PA MSA 
-1 Pittsburgh, PA MSA Canton-Massillon, OH MSA 
-1 Canton-Massillon, OH MSA Colorado Springs, CO MSA 
4 Fort Wayne, IN MSA San Diego, CA MSA 
- Memphis, TN-AR-MS MSA Memphis, TN-AR-MS MSA 
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-2 San Diego, CA MSA Orlando, FL MSA 
- Columbus, OH MSA Columbus, OH MSA 
-2 Orlando, FL MSA Fort Wayne, IN MSA 
- Chicago, IL PMSA Chicago, IL PMSA 
- Honolulu, HI MSA Honolulu, HI MSA 

- 
Allentown-Bethlehem-Easton, PA 
MSA Allentown-Bethlehem-Easton, PA MSA

- Phoenix-Mesa, AZ MSA Phoenix-Mesa, AZ MSA 
3 Las Vegas, NV-AZ MSA Atlanta, GA MSA 

1 Springfield, MA MSA 
Tampa-St. Petersburg-Clearwater, FL 
MSA 

-2 Atlanta, GA MSA Springfield, MA MSA 

-2 
Tampa-St. Petersburg-Clearwater, FL 
MSA Las Vegas, NV-AZ MSA 

- 
Grand Rapids-Muskegon-Holland, MI 
MSA 

Grand Rapids-Muskegon-Holland, MI 
MSA 

1 Washington, DC-MD-VA-WV PMSA Boston, MA-NH PMSA 
-1 Boston, MA-NH PMSA Washington, DC-MD-VA-WV PMSA 
- Nashville, TN MSA Nashville, TN MSA 

- 
Charleston-North Charleston, SC 
MSA Charleston-North Charleston, SC MSA 

- 
Charlotte-Gastonia-Rock Hill, NC-SC 
MSA 

Charlotte-Gastonia-Rock Hill, NC-SC 
MSA 

- Richmond-Petersburg, VA MSA Richmond-Petersburg, VA MSA 

- 
Melbourne-Titusville-Palm Bay, FL 
MSA 

Melbourne-Titusville-Palm Bay, FL 
MSA 

1 Sarasota-Bradenton, FL MSA St. Louis, MO-IL MSA 
7 Tulsa, OK MSA Sarasota-Bradenton, FL MSA 
-2 St. Louis, MO-IL MSA Wichita, KS MSA 
-1 Wichita, KS MSA Vallejo-Fairfield-Napa, CA PMSA 
-1 Vallejo-Fairfield-Napa, CA PMSA Salt Lake City-Ogden, UT MSA 
2 Tucson, AZ MSA Philadelphia, PA-NJ PMSA 
-2 Salt Lake City-Ogden, UT MSA Dayton-Springfield, OH MSA 
-2 Philadelphia, PA-NJ PMSA Tucson, AZ MSA 
-2 Dayton-Springfield, OH MSA Tulsa, OK MSA 
- Detroit, MI PMSA Detroit, MI PMSA 
- Portland-Vancouver, OR-WA PMSA Portland-Vancouver, OR-WA PMSA 
3 Stockton-Lodi, CA MSA San Antonio, TX MSA 
6 Toledo, OH MSA Lakeland-Winter Haven, FL MSA 
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-2 San Antonio, TX MSA Indianapolis, IN MSA 
-2 Lakeland-Winter Haven, FL MSA Stockton-Lodi, CA MSA 
- Omaha, NE-IA MSA Omaha, NE-IA MSA 
-3 Indianapolis, IN MSA Albany-Schenectady-Troy, NY MSA 
-1 Albany-Schenectady-Troy, NY MSA Ventura, CA PMSA 
-1 Ventura, CA PMSA Toledo, OH MSA 

1 Cleveland-Lorain-Elyria, OH PMSA 
Norfolk-Virginia Beach-Newport News, 
VA-NC MSA 

-1 
Norfolk-Virginia Beach-Newport 
News, VA-NC MSA Cleveland-Lorain-Elyria, OH PMSA 

1 Fresno, CA MSA Seattle-Bellevue-Everett, WA PMSA 
-1 Seattle-Bellevue-Everett, WA PMSA Fresno, CA MSA 

- 
Providence-Fall River-Warwick, RI-
MA MSA 

Providence-Fall River-Warwick, RI-MA 
MSA 

- Minneapolis-St. Paul, MN-WI MSA Minneapolis-St. Paul, MN-WI MSA 
- Oklahoma City, OK MSA Oklahoma City, OK MSA 
- Jacksonville, FL MSA Jacksonville, FL MSA 
- Gary, IN PMSA Gary, IN PMSA 
- Cincinnati, OH-KY-IN PMSA Cincinnati, OH-KY-IN PMSA 
- Milwaukee-Waukesha, WI PMSA Milwaukee-Waukesha, WI PMSA 
- Fort Lauderdale, FL PMSA Fort Lauderdale, FL PMSA 
- Denver-Boulder-Greeley CMSA Denver-Boulder-Greeley CMSA 
- Baltimore, MD PMSA Baltimore, MD PMSA 
- Albuquerque, NM MSA Albuquerque, NM MSA 
- Syracuse, NY MSA Syracuse, NY MSA 
- Nassau-Suffolk, NY PMSA Nassau-Suffolk, NY PMSA 
- Rochester, NY MSA Rochester, NY MSA 
- Riverside-San Bernardino, CA PMSA Riverside-San Bernardino, CA PMSA 
- Bakersfield, CA MSA Bakersfield, CA MSA 
- Sacramento, CA PMSA Sacramento, CA PMSA 
- Buffalo-Niagara Falls, NY MSA Buffalo-Niagara Falls, NY MSA 
- Spokane, WA MSA Spokane, WA MSA 
2 Modesto, CA MSA Louisville, KY-IN MSA 
-1 Louisville, KY-IN MSA Tacoma, WA PMSA 
-1 Tacoma, WA PMSA Modesto, CA MSA 
- Youngstown-Warren, OH MSA Youngstown-Warren, OH MSA 
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Table 4.7 indicates that ranking changes of MSA’s between the Phase I and Phase 

I-B indices are negligible.  Results show that eight of the seventeen technopoleis have no 

rank change at all, indicating the two inequality indices yield the same results for these 

regions.  Eight of the technopoleis have a rank change of one or two places, indicating the 

isolation of the High-Tech occupational group has a negligible impact on income 

distribution inequality.  Only one technopoleis, Colorado Springs, has a significant rank 

change.  This metro area increases eight places in the rankings when occupations are 

classified with a separate group for high-tech workers, and has the largest change of all 

MSA’s in the study.  Overall findings indicate that while some changes do occur, the 

MSA inequality rankings in 2000 are unaffected in the majority of cases by the isolation 

of high-tech occupations into a separate group.  This suggests that the High-Tech group 

does not exert the strongest impact of all occupational groups on metro area income 

distribution inequality, but that its impact is most significant in Colorado Springs. 

Results of the Phase I analysis in 2000 indicate that among all occupations, larger 

income shares are received only by the Professional, Management, and Related 

occupations group in the vast majority of MSA’s.  The results of the Phase I-B analysis 

for 2000 indicate, however, that the Professional, Management and Related group as well 

as the High-Tech occupational group make positive contributions to the overall Theil 

score of the MSA.  Thus, we see that high-tech occupations, too, make more than their 

‘fair share’ of the income in the metro.   

However, this result is not surprising given that the BLS-defined high-tech 

occupations are detailed categories that are components of the broader Professional, 
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Management and Related occupational group.  Thus, high-tech workers are a subset of 

the Professional, Management and Related group, and thus it is not entirely surprising 

that in the present analysis these two occupational groups both contribute positively to 

the overall Theil score of the MSA.  Additionally, the High-Tech occupational group’s 

contribution to the Theil score of MSA’s is lower in magnitude than is the Professional, 

Management and Related group’s.  This illustrates that while the High-Tech occupational 

group does reap larger income shares in MSA’s of 2000, it does so to a lesser degree than 

does the Professional, Management and Related occupational group.    

Conclusions 
 
 The preceding discussion outlined the various results of Phase I analysis, which 

calculated half of Theil’s Index on a sample of 100 U.S. MSA’s.  This section illustrates 

that Hypothesis I of this research is supported, while Hypothesis II is refuted.  Thus we 

conclude that 1) Income distribution inequality in U.S. cities has increased since the 

emergence of the knowledge economy, from 1980 to 2000 and 2) Income distribution 

inequality does not tend to be characteristic of technopoleis.  Other findings include that 

income distribution inequality is diverse among various technopoleis.  Perhaps most 

interesting is the finding that overall, income inequality is increasing to a greater 

magnitude in technopoleis than non-technopoleis.  Should this pattern continue or 

accelerate in coming years, it is a distinct possibility that the claim of Hypothesis I could 

be born out due to income inequality eventually becoming characteristic of technopoleis.  

Results of the Phase I-B analysis indicate that ranking changes resulting from a 
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reclassification of the occupations into a scheme that isolates high-tech occupations into 

their own broad occupational group are negligible.   

 Phase I analyses of the present research served to track longitudinal occupational 

income distribution inequality and allowed comparisons between U.S. metro areas.  

Analysis of the additive property of the Theil Index revealed that in 1980 the Managerial, 

Professional and Specialty as well as the Precision Production, Craft and Repair 

occupational groups garnered disproportionately larger shares of income in U.S. metro 

regions, while in 2000 larger shares were generally reaped by only the Professional, 

Management, and Related occupations group alone.  This finding suggests that the 

Precision Production, Craft and Repair group lost ground in terms of income shares 

between 1980 and 2000.  The Phase I-B analysis revealed that in the majority of MSA’s 

in 2000, the Professional, Management and Related as well as the High-Tech 

occupational groups reaped greater income shares, with the former group doing so to a 

greater magnitude than the latter.   

While these findings provide some insight into the sources of income inequality 

during the separate time periods, further research is required to identify the specific 

occupational sources of income distribution inequality in technopoleis.  To that end, 

Phase II analyses will explore income distribution inequalities among more finely defined 

occupational groups of six sample technopoleis.  Hypothesis III of the current research, 

which posits that occupations with larger proportions of high-technology contribute more 

to technopolis income distribution inequality, will be evaluated in the following three 

chapters that employ findings of Phase II analysis.   
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4.4 Selection of Sample Technopoleis for Phase II Analysis  

 As described in Chapter Three, inequality in the income distributions of six 

selected technopoleis is discussed in the remainder of this study.  This embodies Phase II 

analyses, and comprises Chapters Five through Seven.  The metro areas selected for 

inclusion in the Phase II analyses are: San Jose, CA; Boston, MA-NH; Raleigh-Durham-

Chapel Hill, NC; Austin-San Marcos, TX; Colorado Springs, CO; and Boise City, ID.       

A primary aim of the present research is to study inequality in technopoleis; thus, 

the inequality change measure highlighted in Table 4.5 is of highest but not exclusive 

importance in the selection of sample technopoleis.  Other important factors include 

inclusion of the MSA in the remaining four sources listed in Table 4.1, Theil inequality 

rankings, and development stage and population size of the technopoleis.     

 As the first two technopoleis developed in the U.S., Boston, MA and San Jose, 

CA are natural choices for inclusion in the sample technopoleis. They are discussed in 

Chapter Five.  Because the two are the largest as well as cornerstone U.S. technopoleis, 

they are integral to an empirical understanding of the processes of inequality in these 

regions.  The San Jose, CA PMSA represents the core of Silicon Valley and as such is 

utilized as the most precise geographical measure of income inequality in the area.  The 

population of the San Jose, CA PMSA in 2000 is 1,682,585 (U.S. Bureau of the Census 

2001).   It is included in four of the five selected sources of Table 4.1—it is not included 

in Florida’s Creativity Ranking because this measure employs San Francisco, CA rather 

than San Jose, CA in its sample.  The population of the Boston, MA-NH PMSA is 

3,406,829 (U.S. Bureau of the Census 2001).  While the Boston PMSA ranks in neither 
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the top third of 1980 or 2000 Theil inequality rankings, nor the 1980-2000 Theil change 

measure, it nevertheless is included as a sample technopoleis.  Its absence in these three 

rankings, given its undisputed identity as a major U.S. technopolis and inclusion in the 

other three sources listed in Table 4.1, is a significant finding that has implications for 

income inequality in technopoleis and is deserving of further exploration.  Phase II 

analyses explore whether occupational income inequality has different sources in Boston 

than in San Jose. 

 Raleigh-Durham-Chapel Hill, NC and Austin-San Marcos, TX are the next two 

technopoleis selected for Phase II analysis and are discussed in a single chapter.  These 

two cities have both emerged as major technopoleis, and were both to a large degree 

planned technology communities.   The population of Austin-San Marcos, TX MSA is 

1,249,763 and the Raleigh-Durham-Chapel Hill, NC MSA is 1,187,941 (U.S. Bureau of 

the Census 2001).  As illustrated by Table 4.1, Raleigh and Austin are both included in 

five out of the five selected sources defining technology regions.  These two technopoleis 

are discussed in Chapter Six.        

 The final two technopoleis selected for Phase II analysis are Boise City, ID and 

Colorado Springs, CO.  These two regions are discussed in Chapter Seven.  As indicated 

in Table 4.1, Boise City is included in five of five and Colorado Springs in four of five 

sources that identify U.S. technology regions.  While the other four sample technopoleis 

have populations in excess of one million, these two regions are smaller in size, which 

will provide insight into the mechanisms of income inequality in smaller technopoleis. 

According to Census 2000, Boise City has a population of 432,345 and Colorado Springs 
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has a population of 516,929 (U.S. Bureau of the Census 2001).  In addition, these regions 

are newer to the U.S. technology stage, and are younger in that they were launched as 

technopoleis later in time that were the other four sample technopoleis.  As such, these 

technopoleis are selected in an effort to explore similarities and differences in the income 

inequality processes of larger and more established versus smaller and emerging 

technopoleis.   
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Chapter Five 

Analytical Results of Phase II Analysis 

 

San Jose, CA and Boston, MA-NH 

 

5.1 Introduction 

Chapter Five is a discussion of the results of the Phase II analysis.  While Phase I 

and I-B computed half-Theil Indices on a large sample of MSA’s in 1980 and 2000 

PUMS data, Phase II computes a full-Theil Index on only six selected technopoleis using 

the 2000 PUMS.  Chapter Five presents results for the first two of these six technopoleis, 

San Jose, CA and Boston, MA-NH.  Results reported include full Theil analyses, 

between-group inequality, within-group inequality, and an in-depth analysis of the High-

Tech occupational group.  The final section compares and contrasts results for the two 

regions and presents conclusions. 

 Results of the full Theil Index for each technopolis take into account both 

between- and within-group inequalities of six major occupational groups:  Professional, 

Management and Related; Sales and Office; Service; Production, Transportation and 

Material Moving, Construction, Extraction and Maintenance; and High-Tech.  Between-

group inequality illustrates the degree of inequality between major occupational groups.  

The Theil Index also computes each major occupational group’s contribution to this 

between-group inequality.   
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Within-group inequality represents the level of inequality within each major 

occupational group as a unit.  The full Theil Index is the sum of between- and within-

group inequality.  The within-group inequality component of the full Theil index requires 

a deeper analysis of occupational groups than does the between-group component in 

order to compute income distribution inequality.  In the present research, the within-

group detail extends to detailed and in many cases individual high-tech occupations.  

The in-depth analysis of the High-Tech major occupational group employs this 

detailed classification of high-tech occupations.  This section of the analysis isolates 

high-tech and computes the overall inequality between detailed high-tech occupations.  

This analysis reveals each specific high-tech occupation’s contribution to between-group 

inequality, identifying which high-tech occupations contribute the most to income 

distribution inequality in technopoleis. 

 This chapter evaluates the third testable hypotheses stated in the literature review 

for the cases of San Jose, CA and Boston, MA-NH.  Hypothesis Three is:  Occupations 

with larger proportions of high-technology contribute more to technopolis income 

distribution inequality. 

 

5.2 Analytical Results:  San Jose, CA 

 The first half of the present chapter focuses on the San Jose, CA PMSA.  With a 

population of 1,682,585 at last Census count (U.S. Bureau of the Census 2001), San Jose 

is located in the heart of Silicon Valley, widely considered a geographic cornerstone of 

the digital economy (Saxenian, 1994).  A booming technopolis, San Jose regularly scores 
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high on rankings of technology-based regions (DeVol et al., 1999; Kilcoyne 2003; 

Stolarick 2003).  The San Jose PMSA is the most accurate snapshot of income inequality 

in Silicon Valley in that it is comprised of Santa Clara County which houses the core of 

technology-based firms in the region, and because it is the geographical unit of measure 

used in studies that benchmark technology strength and inequality in the region (DeVol et 

al., 1999; Stolarick 2003).  However, because Silicon Valley is a large geographical area 

that spans several cities and communities and is closely tied to the greater Bay Area, it is 

likely that future research may also incorporate a study of the San Francisco-Oakland-San 

Jose CMSA.    

 The Phase I analysis of the present paper places San Jose in the top third of three 

rankings:  high income inequality metro areas in 1980 and 2000, and high income 

inequality increase from 1980-2000 as measured by Theil change scores.  In the 2000 

rankings, San Jose is the 23rd most unequal of all sample MSA’s in terms of income 

distribution.  To further explore these levels of inequality, a full Theil Index is computed 

on San Jose, which takes into account the inequality existing within major occupational 

groups.  This measure identifies specific occupational groups that contribute most 

significantly to income distribution inequality.   

Full Theil Analysis 

 Results of Phase II reveal that San Jose’s full Theil Index score is .07513.  This 

compares to its half-Theil Index score incorporating between-group inequality only of 

.04898.  The score of the Phase II analysis of the same data is larger because it 

incorporates both between- and within-group inequality, while the half-Theil is a 
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reflection of between-group inequality only.  The full Theil score in Phase II is the sum 

of between- and within-group inequality:   

.04898 (between-group Theil) + .02615 (within-group Theil) = .07513 (full Theil) 

 Between-Group Inequality 
 

The between-group inequality Theil score in San Jose is .04898.  This score 

represents the inequality that exists between the six major occupational groups, and is the 

sum of all groups’ contributions to the between-group inequality.  

Table 5.1 illustrates such contributions.  While Theil scores themselves are 

always positive because their minimum is zero, contributions of each group to an overall 

Theil can be positive or negative.  Positive scores indicate the group makes more than its 

‘fair share’ of income in the MSA, while negative scores indicate the opposite.   

Table 5.1  Total Between-Group Theil of Major Occupational Groups in San Jose 
  

Major Occupational Group Contribution to Between-Group Theil
Professional, Management and Related 0.12318 
Sales and Office -0.03931 
Service -0.02481 
Production, Transportation and Material Moving -0.03121 
Construction, Extraction and Maintenance -0.01825 
High-Tech 0.03939 

    
Between-Group Theil 0.04898 

 

Table 5.1 reveals that in San Jose, the Professional, Management and Related and 

the High-Tech occupational groups both make positive contributions to their PMSA’s 

between-group Theil score.  While the Professional, Management and Related group 

makes a contribution of  .12318 to the between-group Theil score, the High-Tech group 
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makes a comparatively smaller contribution of  .03939, indicating that the former group 

garners higher income shares than the latter.  This means that its income share is larger 

than its population share, and that it receives more than its fair share of income.  Though 

the Professional group receives larger income shares than the High-Tech group, these 

findings do illustrate that both groups make more than their fair share of income.   

This stands in contrast to the remaining occupational groups that all make 

negative contributions to the between-group Theil.  This indicates that these four 

categories—Sales and Office; Service; Production, Transportation and Material Moving; 

and Construction, Extraction and Maintenance—have population shares that are higher 

than their income shares, indicating they make less than their fair share of income in the 

MSA.  The Sales and Office contribution to the Theil Index has the lowest magnitude at  

-.03931, which indicates that this group’s income shares trail its population shares more 

so than any other major occupational group in San Jose.  The contributions of each 

occupational group are summed in the final column of Table 5.1 to yield the between-

group Theil.  To compute a full-Theil Index, this between-group inequality score is 

augmented by a score for within-group inequality.   

Within-Group Inequality 
 

Within group inequality is computed during this phase of the analysis by iterative 

calculations of the Theil Index that move beyond broad groupings of occupations.  Thus, 

this phase of the present research is able to analyze the inequality present within each 

major occupational group by incorporating a classification of detailed occupations.    
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Inequality exists within each major occupational group because all occupations in 

the same major group do not earn the same income.  For example, within the High-Tech 

major occupational group, computer software engineers and petroleum engineers do not 

necessarily earn the same income.  Thus, within-group inequality is measured in order to 

augment between-group inequality to arrive at a more complete measure of total MSA 

income distribution inequality—this is the Full Theil Index.   

The within-group Theil of all six major occupational groups in San Jose is .02615.  

This score signifies inequality existing within occupational groups, and is computed by 

summing the contributions to within-group inequality of all six major occupational 

groups.  Table 5.2 illustrates the individual within-group inequality contributions of each 

major occupational group in San Jose.  All scores are positive, because all major 

occupational groups have some level of inequality within them. 

Table 5.2  Total Within-Group Theil of Major Occupational Groups in San Jose 
  

Major Occupational Group Contribution to Within-Group Theil
Professional, Management and Related 0.01442 
Sales and Office 0.00552 
Service 0.00164 
Production, Transportation and Material Moving 0.00006 
Construction, Extraction and Maintenance 0.00009 
High-Tech 0.00443 

    
Within-Group Theil 0.02615 

 

Results presented in Table 5.2 indicate that the Professionals, Managers and 

Related occupational group has the highest within-group inequality at .01442.  Thus, 

within this group lies the largest discrepancy in income distribution among detailed 



   
 
 

 93

occupations.  This illustrates that while the Professional, Managers, and Related major 

group receives the highest income shares in San Jose as shown in Table 5.1, it also has 

the highest level of income distribution inequality among its detailed occupations.  The 

Sales and Office major occupational group ranks second highest in within-group 

inequality.  Thus, while Table 5.1 illustrates that this group has the lowest income shares 

of all occupational groups in San Jose, it has a relatively high level of income distribution 

inequality among detailed occupations of the group.  This means that detailed 

occupations in the group reap inordinately large income shares in comparison to others.   

Finally, the High-Tech occupational group ranks third in Table 5.2 with a Theil 

contribution of .00443, indicating that while it makes more than its fair share of income 

as shown in Table 5.1, its income distribution inequality across detailed occupations is 

relatively low.  This indicates that as a whole, High-Tech workers have more parity in 

income shares than do those in the Professional and Sales/Office groups.  The Service 

group has low within-group inequality, and the remaining two occupational groups—

Construction, Extraction and Maintenance; and Production, Transportation and Material 

Moving—have negligible within-group inequality in income distribution.  The final 

column of Table 5.2 sums the contributions of all major occupational groups to arrive at 

the within-group Theil score of .02615.   

Figure 5.1 is a graphical presentation of income distribution inequality in San 

Jose, summarizing the sources of income inequality in the metro area.  This type of 

graphical presentation follows the example of Conceição and Ferreira, 2000.  The figure 

depicts the amount of between-group inequality as well as each major occupational 
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group’s contribution to within-group inequality.  This graph makes a strong visual 

impact, showing that the majority of income distribution inequality in San Jose comes 

from between major occupational groups.   

Figure 5.1  Decomposition of Inequality in San Jose
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The within-group inequality decomposition illustrates that the Professional, 

Management and Related group has the highest level of within-group income distribution 
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inequality, followed by the Sales and Office and the High-Tech occupations, respectively.  

These major groups have the largest proportion of income share variation across the 

detailed occupations of which they are comprised.  The Service occupational group has a 

relatively low level of within-group inequality, and within the Construction, Extraction 

and Maintenance and Production, Transportation and Material Moving groups, inequality 

is negligible.  

Figure 5.2 summarizes the sources of income distribution inequality in San Jose 

by illustrating the magnitude of each major occupational group’s contributions to both 

between- and within-group inequalities.   

Figure 5.2 Theil Conributions by Major Occupational Group in San 
Jose
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Figure 5.2 shows clearly that the Professional, Management and Related 

occupational group makes the largest contribution to income distribution inequality in 

San Jose, both in terms of between- and within-group contributions to the Theil Index.  

The High-Tech occupational group contributes less to inequality than does the 

Professional group, but is nonetheless the clear second-runner in positive contributions to 

income distribution inequality.  Figure 5.2 graphically illustrates the positive and 

negative contributions of all groups to the full Theil Index, clearly depicting that only the 

Professional, Management and Related and the High-Tech occupational groups make 

more than their fair share of the income.   

In-depth Analysis of High-Tech Occupations 
 

The preceding analysis sheds light on the sources of income distribution 

inequality among major occupational groups in San Jose.  More in-depth research is 

required to assess the dynamics of inequality in the High-Tech occupational group.  Such 

research is able to identify which detailed high-tech occupations contribute the most to 

income distribution inequality in a metro area.  A key strength of the Theil Index is its 

additive property that makes possible such an analysis.  To that end, the following section 

further explores inequality of the High-Tech occupational group in San Jose using the 

Theil Index.  By further disaggregating occupational groups of this category, we isolate 

the inequality contributions of detailed occupations.  This is achieved by computing a 

half-Theil Index on the High-Tech occupational group alone.  This analysis identifies the 

income distribution inequality existing between High-Tech occupations. 
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Table 5.3 presents results of this between-group Theil Index.  In this analysis, the 

High-Tech major occupational group is disaggregated into the twenty-six detailed 

occupations described in Chapter Three.  In cases in which a detailed occupation is not 

represented in a certain MSA due to insufficient data, the term ‘N/A’ is listed in the table 

next to the occupation.  In 2000 PUMS data for San Jose, twenty of the twenty-six 

detailed High-Tech occupations are represented.  The final column of this table 

represents contributions of each detailed occupation to the Theil Index.  The sum of these 

contributions is the between-group Theil of the High-Tech major occupational group.   

Table 5.3  Total Between-Group Theil of High-Tech Major 
Occupational Groups in San Jose  

  

Detailed Occupational Group 
Contribution to 

Between-Group Theil
Computer and Information Scientists—research; Computer Systems 
Analysts; Misc. Computer Specialists -0.01375 
Computer Programmers 0.00917 
Computer Software Engineers—applications; Computer Software 
Engineers—systems software 0.03444 
Database Administrators  -0.00412 
Network Systems and Data Communications Analysts  -0.01054 
Aerospace Engineers  -0.00090 
Biomedical Engineers  -0.00036 
Chemical Engineers  -0.00046 
Computer Hardware Engineers  0.02081 
Electrical Engineers; Electronics Engineers—except computer 0.03135 
Mining and Geological Engineers, including Mining Safety Engineers N/A 
Nuclear Engineers N/A 
Petroleum Engineers N/A 
Aerospace Engineering & Operations Technicians; Electrical & 
Electronic Engineering Technicians; Electro-Mechanical Technicians;  
Misc. Engineering Technicians--except Drafters, all other -0.02522 
Biochemists and Biophysicists; Microbiologists; Zoologists and Wildlife 
Biologists; Biological Scientists—all other -0.00162 
Epidemiologists; Medical Scientists--except Epidemiologists -0.00275 
Astronomers; Physicists 0.00014 
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Atmospheric and Space Scientists N/A 
Chemists; Materials Scientists -0.00206 
Environmental Scientists and Specialists, Including Health; 
Geoscientists—except Hydrologists and Geographers; Hydrologists -0.002820333 
Biological Technicians -0.000468224 
Chemical Technicians -0.000938119 
Geological and Petroleum Technicians N/A 
Nuclear Technicians N/A 
Medical and Clinical Laboratory Technologists; Medical and Clinical 
Laboratory Technicians -0.005197562 
Cardiovascular Technologists and Technicians; Diagnostic Medical 
Sonographers; Nuclear Medicine Technologists; Radiological 
Technologists and Technicians -0.000414897 
  
    

Total Between-Group Theil of High-Tech Occupational Group 0.02429 
   

Table 5.3 shows that the between-group Theil score of the High-Tech 

occupational group in San Jose is .02429.  This score represents the inequality that exists 

between the detailed occupations that constitute the High-Tech broad group.  Positive 

scores indicate the detailed occupation makes more than its fair share of income in the 

major occupational group, while negative scores indicate the opposite.   

Results presented in Table 5.3 illustrate that only five of the twenty represented 

detailed occupations make positive contributions to the between-group Theil.  This 

indicates that in San Jose, only five detailed occupations make more than their fair share 

of the income within the major High-Tech occupational group.  In descending order of 

income shares these groups are: Computer Software Engineers—applications and 

systems software; Electrical Engineers and Electronics Engineers—except computer; 

Computer Hardware Engineers; Computer Programmers; and Astronomers and 

Physicists.  The remaining detailed occupations make negative contributions to the 
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between-group Theil of High-Tech occupations, indicating they make less than their fair 

share of income among all detailed high-tech occupations.  The group representing 

Miscellaneous Engineering Technicians has the contribution of the lowest magnitude at   

-.02522, indicating that this group’s income shares trail its population shares to the 

greatest degree of all detailed occupations in the High-Tech major group.   

Conclusions 
 

The preceding results have implications for the third hypothesis of this paper, 

which states that occupations with larger proportions of high-technology contribute more 

to technopolis income distribution inequality.   

Between-group inequality analyses reveal that occupations with large proportions 

of high-tech workers are one of only two occupational groups that make positive 

contributions to MSA income distribution inequality.  While the High-tech occupations 

trail the Professional, Management and Related occupational group in magnitude of 

contribution to income distribution inequality, findings illustrate that high-tech 

occupations as a group have larger proportions of income to population that four of the 

six major occupational groups. The High-Tech occupational group is one of only two 

groups that make more than their fair share of income in San Jose.   

Within-group inequality of the High-Tech occupational group is third highest of 

all groups in San Jose.  While not contributing among the highest levels of within-group 

inequality, these results show that some within-group inequality does exist in the High-

Tech group that in turn elevates the full Theil score of the wider MSA.   
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The in-depth analysis of the High-Tech major occupational group further 

investigates income distribution in this group, showing that disparity in the income shares 

of detailed high-tech occupations in San Jose.  Computer Software Engineers and 

Electrical and Electronics Engineers reap the largest income shares of all detailed high-

tech occupations.  These findings show that different high-tech occupations disparately 

affect income distribution inequality. 

In sum, results of the present analysis support Hypothesis Three to a certain 

degree.  High-technology occupations contribute more to technopolis income distribution 

inequality than most other occupational groups.   

 

 

5.3 Analytical Results:  Boston, MA-NH 

The second half of this chapter reports results computed for the Boston, MA-NH 

PMSA. Boston, generally considered the first U.S. technopolis (Saxenian 1994), had a 

population of 3,406,829 at the time of the 2000 Census (U.S. Bureau of the Census 

2001).  Illustrations of Boston’s preeminence as a U.S. technology region as well as its 

importance to the study of technopoleis are replete in the literature (Botkin 1988; DeVol 

et al., 1999; Saxenian 1994).   

 In the Phase I analysis of the present research paper, Boston interestingly does not 

place in the top third of any rankings of metro areas.  In the Theil rankings, Boston is 

positioned 47th in 1980 and 48th in 2000, showing virtually no change in its level of 

income distribution inequality over twenty years.  Boston places 50th on the Theil score 
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change ranking.  That Boston’s level of inequality is intermediate in overall rankings in 

1980 and 2000 suggests that income distribution inequality is not characteristic of all 

technopoleis—a finding which does not support Hypothesis Two of the present research.  

Results also show that Boston’s placement in Theil rankings actually dropped one place 

between 1980-2000, a surprising finding given that Phase I found a trend of increasing 

inequality in technopoleis during this time period.  Boston is chosen as a sample 

technopolis for more in-depth examination due to these unexpected results of the Phase I 

analysis as well as its long-standing reputation as a technology region.   

 To better identify the dynamics of income distribution inequality, a full Theil 

Index is calculated for the Boston PMSA.  Phase II outcomes, which accounts for both 

between- and within-occupational-group inequality, has implications for Hypothesis III in 

Boston.  Results indicate whether occupational groups with larger proportions of high-

technology workers contribute more to technopolis income distribution inequality in 

Boston, MA-NH.  

Full Theil Analysis 
 
 Phase II analyses compute a full Theil Index for Boston of .07120.  Boston’s 

Theil score for between-group inequality alone is only .03966.  The full Theil score in 

Phase II is the sum of between- and within-group inequality: 

.03966 (between-group Theil) + .03154 (within-group Theil) = .07120 (full Theil) 

Boston’s between-group inequality is lower, while its within-group inequality is 

higher, than San Jose’s.  This suggests that Boston has less income distribution inequality 

between major occupational groups than does San Jose, but larger gaps in income across 
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detailed occupations within some major categories.  Boston’s full Theil score is lower in 

magnitude than San Jose’s thus indicating lower overall income distribution inequality, as 

evidenced by the Theil score rankings for 2000 described in Chapter Four.   

While Boston’s full Theil score is still less than San Jose’s, it is much more 

comparable than outcomes of Phase I analysis.  This indicates that Boston has a high 

level of within-group inequality that went unmeasured in Phase I.  When it is 

incorporated in Phase II, the total income distribution inequality of the region becomes 

more comparable to other sample technopoleis.  This is an important finding, indicating 

that the computation of a full Theil score in some cases changes a MSA’s its comparative 

inequality level and inequality ranking.        

Between-Group Inequality 
 

Results of the Phase II analysis indicate the between-group Theil for Boston is 

.03966.  This score signifies the inequality that exists between the six major occupational 

groups of the metro area.  It is calculated by summing the contributions to between-group 

inequality of all six occupational groups.  Table 5.4 presents these findings.  Positive 

scores indicate the group makes more than its fair share of income, and negative scores 

indicate it makes less than its fair share. 

 

   

Table 5.4  Total Between-Group Theil of Major Occupational Groups in Boston 
  

Major Occupational Group Contribution to Between-Group Theil
Professional, Management and Related 0.12921 
Sales and Office -0.03966 
Service -0.03232 



   
 
 

 103

Production, Transportation and Material Moving -0.02330 
Construction, Extraction and Maintenance -0.01308 
High-Tech 0.01881 

    
Between-Group Theil 0.03966 

 

The Phase II analysis of Boston’s income distribution indicates that, like San Jose, 

only the Professional, Management and Related and the High-Tech major occupational 

groups make positive contributions to Boston’s between-group Theil.  The Professional, 

Management and Related group makes a contribution of  .12921 to the Theil, a score 

slightly higher but comparable to that group’s contribution in San Jose.  Boston’s High-

Tech group makes a contribution of .01881 to the between-group Theil, an amount less 

than half the magnitude of San Jose High-Tech group’s contribution, indicating high-tech 

workers make considerably higher relative income shares in San Jose than in Boston.  

Overall, these findings indicate that Boston’s Professional and High-Tech groups both 

receive more than their fair share of income, and also that they are the only two major 

occupational groups whose income shares outsize their population shares in the PMSA—

the Professional more so than the High-Tech group.   

The analysis also shows that in Boston, like in San Jose, the remaining four 

categories—Sales and Office; Service; Production, Transportation and Material Moving; 

and Construction, Extraction and Maintenance—all make negative contributions to 

between-group inequality.  This finding indicates that these groups have income shares 

that are smaller than their population shares within the MSA.  The Sales and Office 

contribution to the Theil Index has the lowest magnitude at -.03966, illustrating that this 

group’s population shares exceed its income shares more so than any other major 
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occupational group.  The contributions of each occupational group are summed in the 

final column of Table 5.4 to compute the total between-group Theil.   

In comparing Boston to San Jose, the Professional group fares about the same.  

Surprisingly, the High-Tech occupational group of Boston makes a smaller contribution 

to its PMSA’s between-group Theil, indicating that its income shares are relatively 

smaller in its own metro area than are those of its West Coast counterpart.  The only 

difference in the pattern of income distribution inequality between major groups of 

Boston and San Jose is the transposition of the Service and Production, Transportation, 

and Material Moving groups.  In Boston, the latter group reaps smaller income shares, 

while the situation for these groups is reversed in San Jose.   

Within-Group Inequality 
 

The Phase II analysis computes a full Theil Index, which is the sum of between- 

and within-group inequality of the six major occupational groups in Boston.  Within 

group inequality is computed in this measure through an iterative process that accounts 

for more detailed occupational categories.   

The within-group Theil score of Boston is .03154.  This score indicates the level 

of inequality that exists within all occupational groups.  Table 5.5 depicts the within-

group inequality contributions of each major occupational group in Boston.  All scores 

are positive, indicating each group has some level of inequality within it.  All six 

contributions are summed in the final column of the table to yield Boston’s total within-

group inequality.   
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Table 5.5  Total Within-Group Theil of Major Occupational Groups in Boston 
  

Major Occupational Group Contribution to Within-Group Theil
Professional, Management and Related 0.01729 
Sales and Office 0.00839 
Service 0.00278 
Production, Transportation and Material Moving 0.00002 
Construction, Extraction and Maintenance 0.00004 
High-Tech 0.00302 

    
Within-Group Theil 0.03154 

 

Boston’s within-group inequality is higher than San Jose’s, which is expected 

given its large comparative increase in Theil scores between Phase I and Phase II.  

Boston’s higher level of within-group inequality illustrates that the metro area tends to 

have larger gaps than does San Jose in income distribution among the occupations within 

some major categories.  Results shown in Table 5.5 illustrate that the Professional and the 

Sales and Office groups make the most significant contributions to within-group 

inequality, followed by the High-Tech occupational group.  The Construction, Extraction, 

Maintenance and Production, Transportation, Material Moving groups’ contributions to 

within-group inequality are negligible.     

The Professionals, Managers and Related occupational group has the greatest 

level of within-group inequality, meaning that the income shares among detailed 

occupations in this group are the most incongruous.  The Sales and Office occupational 

group ranks second highest for within-group inequality contributions.  Interestingly, 

Table 5.4 illustrates that this group ranks lowest on between-group inequality 

contributions in Boston.  This pattern is the same in San Jose.  This suggests that the 
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Sales and Office groups’ income shares are low compared to other major occupational 

groups in the two technopoleis, and in addition that large gaps exist in income 

distribution among the various detailed occupations that comprise the major group.  It is 

likely that some detailed occupations within this category have comparatively larger 

income shares, but these are offset by other occupations within the group that receive 

inordinately small shares.  Analyzing this possibility would require further iterative 

analyses with more detailed disaggregations of occupational classifications. 

The High-Tech occupational group ranks third in Table 5.5 as it did in San Jose.  

Boston’s High-Tech group contributes .00302 to the within-group Theil, an input of 

lesser magnitude than San Jose’s corresponding group.  These findings indicate that 

Boston’s High-Tech occupational group has less internal income distribution inequality 

than does San Jose’s.  Income is distributed relatively evenly across the detailed 

occupations of Boston’s High-Tech group, but it remains one of only two groups that 

make more than their fair share of income in the metro.  Thus, while its within-group 

inequality is moderate, its between group contribution to inequality is comparatively 

high. 

In comparing results of Table 5.5 for Boston and Table 5.2 for San Jose, the 

excess within-group inequality in Boston is contained in three groups:  Professionals, 

Managers and Related; Sales and Office; and Service.  The remaining three occupational 

groups have lower within-group inequality in Boston than in San Jose.  These findings 

illustrate that while Boston’s total inequality is higher and more comparable to that of 

other technopoleis than is its half-Theil score in Phase I, this increase is not due to greater 
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inequality within the High-Tech group.  Rather, Boston’s inequality jump between Phase 

I and Phase II is due to inequality within the Professional group to the greatest extent, 

followed by the Sales/Office and Service groups.  Thus, while Boston’s full Theil is more 

suggestive of high inequality, this heightened disparity does not stem from the High-Tech 

occupational group.   

Figure 5.3 recaps the contributions to income inequality of the major occupational 

groups in Boston.   

Figure 5.3  Decomposition of Inequality in Boston
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Between-group inequality is displayed along with detailed groups’ within-group 

inequality.  The figure shows that a slight majority of income distribution inequality in 

Boston comes from between-group inequality.  Within-group inequality comes chiefly 

from the Professional, Management and Related group, indicating that this major group 

has the largest variation in income among the detailed occupations that comprise it.  This 

finding suggests that certain detailed occupations in the category may reap the lion’s 

share of income in the major group, while others enjoy comparatively smaller income 

shares.  The Sales and Office and High-Tech occupations also have significant levels of 

within-group inequality.  The Service occupational group has comparatively little within-

group inequality, and the remaining groups’ levels of within-group inequality are 

negligible.   

Figure 5.4 summarizes each major occupational group’s contributions to between- 

and within-group inequalities.   
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Figure 5.4 Theil Conributions by Major Occupational Group in 
Boston
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This graph indicates that the Professional, Management and Related occupational 

group makes the most significant contribution to between-group inequality in Boston.  

The High-Tech occupational group contributes less to inequality than does the 

Professional group, but is nevertheless is quite significant as the only other occupational 

group that makes more than its fair share of income.  The remaining occupational groups 

in Boston all make less than a fair share.   

In comparing this figure to Figure 5.2 for San Jose, it is apparent that patterns of 

inequality are very similar in the two technopoleis.  Magnitudes of inequality differ, but 

the only variation in the pattern is the previously discussed transposition of the Service 

and Production, Transportation and Material Moving groups in between-group 

inequalities.  Thus, while Boston and San Jose differ in their magnitudes of inequality, 
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the patterns of such occupational income inequality are virtually the same for the two 

technopoleis. 

In-depth Analysis of High-Tech Occupations 
 

In order to assess which detailed High-Tech occupations contribute the most to 

income distribution inequality, this section computes a half-Theil Index on the High-Tech 

occupational group in Boston.  Between-group income distribution inequality is analyzed 

using detailed High-Tech occupations. 

Table 5.6 illustrates that twenty-one of the twenty-six detailed high-tech 

occupations are represented in the data for Boston.  The final column of this table 

presents contributions of each detailed occupational group to the between-group Theil 

score of the major occupational group.  These contributions are summed to compute the 

total between-group Theil score of the High-Tech group.     

Table 5.6  Total Between-Group Theil of High-Tech Major Occupational Groups in 
Boston 

  

Detailed Occupational Group 

Contributio
n to 

Within-
Group 
Theil 

Computer and Information Scientists—research; Computer Systems 
Analysts; Misc. Computer Specialists 0.00629 
Computer Programmers -0.01308 
Computer Software Engineers—applications; Computer Software 
Engineers—systems software 0.05974 
Database Administrators  -0.00160 
Network Systems and Data Communications Analysts  -0.00149 
Aerospace Engineers  -0.00061 
Biomedical Engineers  -0.00102 
Chemical Engineers  0.00742 
Computer Hardware Engineers  0.00324 
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Electrical Engineers; Electronics Engineers—except computer 0.01783 
Mining and Geological Engineers, including Mining Safety Engineers N/A 
Nuclear Engineers N/A 
Petroleum Engineers N/A 
Aerospace Engineering & Operations Technicians; Electrical & Electronic 
Engineering Technicians; Electro-Mechanical Technicians;  Misc. 
Engineering Technicians--except Drafters, all other -0.01215 
Biochemists and Biophysicists; Microbiologists; Zoologists and Wildlife 
Biologists; Biological Scientists—all other -0.00289 
Epidemiologists; Medical Scientists--except Epidemiologists -0.00871 
Astronomers; Physicists 0.00657 
Atmospheric and Space Scientists 0.00585 
Chemists; Materials Scientists -0.00198 
Environmental Scientists and Specialists, Including Health; Geoscientists—
except Hydrologists and Geographers; Hydrologists -0.00207 
Biological Technicians -0.00167 
Chemical Technicians -0.00258 
Geological and Petroleum Technicians N/A 
Nuclear Technicians N/A 
Medical and Clinical Laboratory Technologists; Medical and Clinical 
Laboratory Technicians -0.01712 
Cardiovascular Technologists and Technicians; Diagnostic Medical 
Sonographers; Nuclear Medicine Technologists; Radiological Technologists 
and Technicians -0.00725 
  
    

Between-Group Theil 0.03272 
 

The between-group inequality of the High-Tech occupational group is .03272, 

which reflects the level of inequality existing between all detailed occupations in the 

group.  This Theil score is higher than San Jose’s corresponding score of .02429, 

indicating that Boston has comparatively higher income distribution inequality between 

its detailed high-tech occupations.  Thus, while Boston’s High-Tech occupational group 

earns lower relative income shares than San Jose’s, there are larger disparities in the 

distribution of income among its detailed occupations.  
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Outcomes illustrated in Table 5.6 show that seven of the twenty-one represented 

occupations make more than their fair share of the income in the broad High-tech 

occupational group of Boston.  In descending rank order of income shares these groups 

are: Computer Software Engineers—applications and systems software, Computer 

Software Engineers—applications and systems software; Electrical Engineers and 

Electronics Engineers—except computer; Chemical Engineers; Astronomers and 

Physicists; Computer and Information Scientists—research, Computer Systems Analysts, 

and Misc. Computer Specialists; Atmospheric and Space Scientists; and Computer 

Hardware Engineers.  Each of these seven detailed occupations has higher income shares 

than population shares in the High-Tech group.  All other high-tech occupations make 

less than their fair share of the income among High-Tech occupations.  This shows that 

variation exists in the shares of income received by different detailed high-tech 

occupations, which affects income distribution inequality.   

One-third of Boston’s high-tech occupations make more than a fair share of the 

income among all high-tech workers, while only one-fourth of San Jose’s do so.  This 

indicates that a larger proportion of Boston’s high-tech workers are making more than 

their fair share, while a smaller proportion are making less than a fair share than in San 

Jose.  Of those high-tech occupations that make more than their fair share of the income, 

San Jose and Boston share four in common—Computer Software Engineers; 

Electrical/Electronics Engineers; Astronomers and Physicists; and Computer Hardware 

Engineers.  However, these detailed occupations have different magnitudes of 

contribution in the two technopoleis.  Interestingly, Computer Programmers is one of the 
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detailed occupations that makes more than its fair share of income in San Jose, but  rank 

second from the worst in Boston in terms of income shares.  This illustrates that the same 

occupation can have different affects on the income distribution of various technopoleis. 

Conclusions 
 

The results of the analyses performed on the Boston, MA-NH PMSA, much like 

those for San Jose, support Hypothesis Three to a certain extent.  Results of between-

group analyses for Boston illustrate the High-Tech major occupational group is again one 

of only two groups that make a positive contribution to the Theil Index.  The Professional 

group earns the largest income shares, and the remaining four groups make less than their 

fair share.     

The within-group analysis reveals that Boston has a higher level of income 

distribution inequality within major occupational groups than does San Jose, and the 

sources of such inequality lie in three groups:  Professionals, Managers and Related; 

Sales and Office; and Service.  Within-group inequalities are moderate in the High-Tech 

group, indicating a relatively even income distribution among detailed occupations of the 

group.  The High-Tech group contributes less to both between- and within-group 

inequality than does the Professional group, which is the largest contributor to both types 

of inequality.   

The in-depth half-Theil conducted on Boston’s High-Tech occupational group 

reveals that some high-tech occupations reap greater income shares than others, and that 

specific high-tech occupations may affect the income distributions of various 

technopoleis differently.   
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The income shares reaped by the Professional group do the most to exacerbate 

income distribution inequality in Boston.  However, the High-Tech group also 

contributes to inequality.  In sum, high-tech workers are earning more than their fair 

share in Boston, which supports Hypothesis Three of this paper to a certain degree:  high-

tech occupations contribute more to Boston’s income distribution inequality than do most 

other occupations. 

 

5.4 Comparisons, Contrasts, Conclusions 

 Results of analyses reveal that San Jose, CA has a relatively high level of 

inequality, consistently placing in the top third of 1980 and 2000 Theil score rankings.  

Boston, conversely, is surprisingly absent for these rankings.  This finding fails to support 

Hypothesis Two of this paper, and the present research concludes that income inequality 

is not characteristic of all technopoleis.  The analyses discussed in this chapter reveal that 

while the rankings of San Jose and Boston differ, these two technopoleis have remarkably 

similar patterns of occupational income distribution inequality.   

Full Theil Analysis 
 
 Boston’s between-group inequality is lower, while its within-group inequality is 

higher in comparison to San Jose.  This indicates that Boston has less income distribution 

inequality between major occupational groups than does San Jose, but larger gaps in 

income across occupations within some major categories.  Boston’s full Theil score is 

less than San Jose’s, which indicates less income distribution inequality, but is far more 

comparable in the computation of total inequality. 
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Between-Group Inequality 
 
 In both technopoleis, the Professional group reaps the largest income shares, 

followed by the High-Tech group.  All other major occupational groups contribute 

negatively to Theil scores, indicating that they make less than their fair share of the 

income.  While the Professional group contribution has a similar magnitude in both 

technopoleis, Boston’s High-Tech group contributes at less than half the magnitude of 

San Jose’s group, indicating its income shares are considerably smaller.  This means that 

the High-Tech occupations’ income shares do not exceed their population shares as much 

in Boston as in San Jose. 

 Figure 5.5 isolates the between- and within-group contributions of major 

occupational groups to the Theil Indices of San Jose and Boston.  The previously 

described transposition in the technopoleis of two occupational groups—Service; and 

Production, Transportation, and Material Moving—is evident in the figure.  The large 

income shares garnered by San Jose’s High-Tech group exacerbates the dichotomy 

between Professional/High-Tech occupations and all others, which points to a dual-labor 

force existing not just in large global cities but in technopoleis as well. 
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Figure 5.5 Inequality Contributions to Theil Index in San Jose and Boston
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The main feature of this chart is the aforementioned significant difference in 

between-group inequality contributions of the High-Tech groups in San Jose and Boston.  

San Jose’s group makes a much larger contribution to its between-group Theil than does 

Boston’s.  This significant finding illustrates that the large contribution to between-group 

inequality of San Jose’s High-Tech group drives up its comparative Theil score and 

rankings.  Conversely, the lesser contribution of Boston’s High-Tech group, indicating its 

smaller relative income shares, helps to explain its intermediate placing in rankings of 

MSA’s.   

Thus, Boston does not rank as a high-income metro area in 2000 due in large part 

to the smaller relative income shares of its High-Tech group.  This is a surprising finding 

for this well-established technopolis, given the literature that describes large income 
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advantages of high-tech workers as well as growing economic polarizations in high-tech 

regions.  This finding may have implications for other technopoleis that did not place in 

the top third of high-income inequality metros.       

Within-Group Inequality 
 

While the Professional group reaps the highest income shares in both San Jose 

and Boston, Figure 5.5 illustrates that it also has the highest level of within-group 

inequality in the two technopoleis.  This illustrates that income distribution is disparate 

across detailed occupations within the group, suggesting that certain occupations may 

reap the majority of income shares in the major occupational group.  

This figure also shows that Boston’s High-Tech group contributes to within-group 

inequality at a lesser magnitude than San Jose’s.  This indicates that Boston’s High-Tech 

occupational group has less internal income inequality than does San Jose’s, and income 

distribution across detailed high-tech occupations in Boston is more equal than in San 

Jose.   

Isolating High-Tech Occupations 
 

Boston, in comparison to San Jose, has a larger proportion of high-tech 

occupations that make more than a fair share of the income among all high-tech workers.  

This explains the group’s lower level of inequality between detailed High-Tech 

occupations in comparison to San Jose.  Of those high-tech occupations that make more 

than their fair share of the income, San Jose and Boston share four in common—

Computer Software Engineers; Electrical/Electronics Engineers; Astronomers and 

Physicists; and Computer Hardware Engineers.  Computer Programmers make more than 
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their fair share of income in San Jose, but earn less than a fair share in Boston.  These 

findings complement claims that inequality exists both between and within high-tech 

groups (U.S. Department of Commerce 2000b).  By isolating detailed occupational rather 

than industrial groups, this study provides a high level of precision in studying the 

dynamics of income among high-tech workers.  

Conclusion 
 

While magnitude of inequality differs between occupational groups and across the 

various Theil scores of Boston and San Jose, patterns of inequality are very similar in the 

two technopoleis.  Professional and High-Tech occupations consistently make more than 

their fair share of the income, the latter to a lesser degree than the former.    

Surprisingly, this analysis reveals that High-Tech occupations garner relatively 

smaller income shares in Boston than in San Jose, which helps to explain Boston’s 

intermediate placing in Phase I rankings.  Interestingly, the full Theil Index computed in 

Phase II reveals significant within-group inequality in Boston, which boosts its total 

inequality to a level comparable to San Jose’s.  This finding may have implications for 

other technopoleis that place low in Phase I inequality rankings.  Another unexpected 

result is that specific High-Tech occupations may affect the income distributions of 

various technopoleis in different ways.   

Overall, both the Professional and High-Tech groups consistently earn 

inordinately large shares of income compared to the other four occupation groups, which 

earn less than their fair shares of income in the technopoleis.  Thus we conclude that 

Hypothesis Three is supported to some extent by the present analysis:  high-tech 
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occupations contribute more to technopolis income distribution inequality in San Jose 

and Boston than do most other occupations. 
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Chapter Six 

Analytical Results of Phase II 

 

Raleigh-Durham-Chapel Hill, NC and Austin-San Marcos, TX 

 

6.1 Introduction 

Chapter Five discusses results of the Phase II analysis for the next pair of sample 

technopoleis.  Outcomes of the full-Theil Index for Raleigh-Durham-Chapel Hill, NC 

MSA and the Austin-San Marcos, TX MSA are presented.  Due to population size of the 

regions, both technopoleis are classified by the U.S. Office of Management and Budget 

as MSA’s, unlike San Jose and Boston that are PMSA’s.  Results in this chapter are 

comprised of a full Theil analyses, between-group inequality, within-group inequality, 

and an in-depth analysis of the High-Tech occupational group in each technopolis.  The 

final section compares results of the metro areas and presents conclusions. 

Phase II analyses compute both between- and within-group inequalities of the six 

major occupational groups:  Professional, Management and Related; Sales and Office; 

Service; Production, Transportation and Material Moving, Construction, Extraction and 

Maintenance; and High-Tech.  Computations of within-group inequality as well as the in-

depth analysis of the High-Tech occupational group employ the more intricate 

occupational classification system used in the previous chapter, which extends to detailed 

and in many cases individual high-tech occupations.  The in-depth study of the High-

Tech occupational group identifies the specific high-tech occupations that make the most 
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significant contributions to income distribution inequality in Raleigh-Durham-Chapel 

Hill and Austin-San Marcos. 

 This chapter assesses the merit of Hypothesis Three of the present research for 

the two selected technopoleis.  Outcomes of the Phase II analysis reveal whether 

occupations with larger proportions of high technology contribute more to technopolis 

income distribution inequality in Raleigh-Durham-Chapel Hill, NC and Austin-San 

Marcos, TX. 

 

6.2 Analytical Results:  Raleigh-Durham-Chapel Hill, NC 

 The first technopolis analyzed is the Raleigh-Durham-Chapel Hill, NC MSA.  For 

convenience, it is referred to as ‘Raleigh’ in the remainder of this paper.  The 2000 

Census counted a population of 1,187,941 in Raleigh  (U.S. Bureau of the Census 2001).  

Located in the high-tech Research Triangle region of North Carolina, Raleigh is a metro 

planned and built on high-tech industry, and as such emerged as an early U.S. 

technopolis.  A regular presence on the top of technology rankings of U.S. metro areas, 

Raleigh is a leading technopolis.   

 Phase I analyses of this research rank Raleigh in the top third of high income 

inequality metro areas in both 1980 and 2000, as well as in the top third of Theil change 

rankings.  Raleigh ranks as the MSA with the 12th highest inequality in income 

distribution in 2000.  These results indicate that Raleigh is a technopolis with high and 

relatively long-standing inequality, and it is chosen as a sample technopolis in the present 
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research in order to further analyze dynamics of income distribution inequality in the 

region.   

Full Theil Analysis 
 
 Raleigh’s Phase II full Theil Index score is .08180.  This compares to its between-

group inequality of .05377.  These results indicate that the Phase II analysis more 

precisely calculates inequality by including a significant level of within-group inequality.  

The full Theil score of the Phase II analysis, summing both between- and within-group 

inequality, is:   

.05377 (between-group Theil) + .02803 (within-group Theil) = .08180 (full Theil) 

This full Theil score is the highest yet seen in Phase II analyses, exceeding San 

Jose’s .07513 and Boston’s .07120 scores.  Raleigh has the highest level of occupational 

income distribution inequality among these three metro areas.   

 Between-Group Inequality 
 

Raleigh’s between-group inequality Theil score is .05377.  This score represents 

inequality between the six major occupational groups, and is calculated by summing each 

group’s contribution to between-group inequality.  

Table 6.1 illustrates between-group inequality in Raleigh.  Contributions of all 

occupational groups to inequality are summed in the final column of Table 6.1, producing 

the between-group Theil.   

Table 6.1  Total Between-Group Theil of Major Occupational Groups Raleigh 
  

Major Occupational Group Contribution to Between-Group Theil
Professional, Management and Related 0.14848 
Sales and Office -0.04753 



   
 
 

 123

Service -0.02807 
Production, Transportation and Material Moving -0.02402 
Construction, Extraction and Maintenance -0.02457 
High-Tech 0.02948 

    
Between-Group Theil 0.05377 

 

Results demonstrate that only the Professional, Management and Related and the 

High-Tech occupational groups make positive contributions to Raleigh’s between-group 

Theil score.  This pattern echoes findings for San Jose and Boston.  Raleigh’s 

Professional group makes a contribution of  .14848 to the between-group Theil score, 

while its High-Tech group makes a lesser contribution of  .02948.  These results illustrate 

again that the Professional group garners higher income shares than does the High-Tech 

group, and that it receives more than its fair share of income.  Overall, findings for 

Raleigh again show that both Professionals and High-Tech workers make more than their 

fair share of income, while the remaining groups—Sales and Office; Service; Production, 

Transportation and Material Moving; and Construction, Extraction and Maintenance—

earn less than a fair share.   

The Sales and Office occupational group makes the contribution of lowest 

magnitude to the between-group Theil Index at -.04753.  This indicates the Sales/Office 

occupational group’s income shares lag behind its population shares to the greatest 

degree of all groups in Raleigh.   

Within-Group Inequality 
 

The within-group Theil score of Raleigh’s six major occupational groups is 

.02803.  This score is a measure of the inequality existing within all occupational groups 
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in the MSA, and is depicted in the final column of Table 6.2 as the sum of contributions 

made by each major group.  All groups have within them some level of inequality, as 

indicated by their positive contributions. 

  
Major Occupational Group Contribution to Within-Group Theil

Professional, Management and Related 0.01788 
Sales and Office 0.00601 
Service 0.00028 
Production, Transportation and Material Moving 0.00008 
Construction, Extraction and Maintenance 0.00076 
High-Tech 0.00301 

    
Within-Group Theil 0.02803 

 

Table 6.2 depicts results that show the Professionals, Managers and Related 

occupational group has the highest level of within-group inequality in Raleigh.  This 

indicates that the income distribution among its detailed occupations is the most 

incongruous of all groups.  Though the Professional group earns the highest income 

shares in Raleigh, as depicted in Table 6.1, it also has the most unequal distribution of 

income among its detailed occupations.   

The Sales and Office major occupational group has the second largest level of 

within-group inequality.  Findings of the Phase II analysis for Raleigh again indicate that 

while the Sales/Office group earns the lowest income shares of all groups, it has 

relatively high disparities in the distribution of income among its detailed occupations.  

The High-Tech occupational group ranks third in Table 6.2 with a Theil contribution of 

.00301, illustrating its lower level of inequality in comparison to the Professional and 

Sales/Office groups.  The final three occupational groups—Service; Construction, 
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Extraction and Maintenance; and Production, Transportation and Material Moving—have 

very low levels of within-group inequality.     

Figure 6.1 graphs Raleigh’s income distribution inequality by total between-group 

and disaggregated within-group inequality.   

Figure 6.1  Decomposition of Inequality in Raleigh
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The largest contribution to the Theil Index comes from between-group inequality.  

Groups contributing the most to within-group inequality are firstly the Professional, 

Management and Related group, and secondly the Sales and Office occupations.  Figure 

6.1 illustrates that the High-Tech group’s contribution to within-group inequality in 

Raleigh is moderate.  Inequality within the Service, the Construction, Extraction and 

Maintenance, and the Production, Transportation and Material Moving groups is slight.  

Figure 6.2 illustrates Raleigh’s income distribution inequality by each group’s 

contribution to between- and within-group inequalities.   

Figure 6.2 Theil Conributions by Major Occupational Group in Raleigh
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Figure 6.2 illustrates that the Professional, Management and Related occupational 

group makes the largest contributions to both between- and within-group inequality.  The 

High-Tech occupational group also makes a positive contribution to between-group 

inequality, but has less variation in income distribution within its detailed occupations.  
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The Sales and Office group clearly fares the worst in terms of income shares, and also 

has a relatively high level of inequality in the distribution of income across its detailed 

occupations.  Figure 6.2 makes clear that only the Professional and the High-Tech 

occupational groups make more than their fair share of the income in Raleigh.   

In-depth Analysis of High-Tech Occupations 
 

The in-depth analysis of Raleigh’s High-Tech occupational group further 

disaggregates the classification system of this group into detailed occupations.  This 

scheme permits identification of those specific high-tech occupations that contribute most 

significantly to income distribution inequality.  This analysis illuminates the inequality 

existent between detailed high-tech occupations.  

Table 6.3 presents the half-Theil Index of the High-Tech occupational group.  The 

group is disaggregated into the detailed occupational classification system of twenty-six 

components also employed in Chapter Five.   

Table 6.3  Total Between-Group Theil of High-Tech Major 
Occupational Groups in Raleigh  
  

Detailed Occupational Group 

Contribution 
to Within-

Group Theil 
Computer and Information Scientists—research; Computer Systems 
Analysts; Misc. Computer Specialists 0.00755 
Computer Programmers 0.00981 
Computer Software Engineers—applications; Computer Software 
Engineers—systems software 0.05798 
Database Administrators  -0.00456 
Network Systems and Data Communications Analysts  -0.01293 
Aerospace Engineers  N/A 
Biomedical Engineers  -0.00017 
Chemical Engineers  0.00822 
Computer Hardware Engineers  0.00546 
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Electrical Engineers; Electronics Engineers—except computer -0.01396 
Mining and Geological Engineers, including Mining Safety Engineers N/A 
Nuclear Engineers -0.00137 
Petroleum Engineers N/A 
Aerospace Engineering & Operations Technicians; Electrical & Electronic 
Engineering Technicians; Electro-Mechanical Technicians;  Misc. 
Engineering Technicians--except Drafters, all other -0.00649 
Biochemists and Biophysicists; Microbiologists; Zoologists and Wildlife 
Biologists; Biological Scientists—all other N/A 
Epidemiologists; Medical Scientists--except Epidemiologists -0.00100 
Astronomers; Physicists N/A 
Atmospheric and Space Scientists N/A 
Chemists; Materials Scientists -0.00376 
Environmental Scientists and Specialists, Including Health; 
Geoscientists—except Hydrologists and Geographers; Hydrologists -0.00669 
Biological Technicians 0.00076 
Chemical Technicians -0.00148 
Geological and Petroleum Technicians N/A 
Nuclear Technicians N/A 
Medical and Clinical Laboratory Technologists; Medical and Clinical 
Laboratory Technicians -0.01210 
Cardiovascular Technologists and Technicians; Diagnostic Medical 
Sonographers; Nuclear Medicine Technologists; Radiological 
Technologists and Technicians -0.00134 
  
    

Between-Group Theil 0.02394 
 

The 2000 PUMS data includes eighteen of the twenty-six detailed high-tech 

occupations for Raleigh.  The final column of Table 6.3 depicts the contribution of each 

detailed occupation to the Theil Index, the sum of which constitutes the between-group 

Theil of the High-Tech major occupational group.     

Raleigh’s High-Tech between-group Theil is .02394.  This score represents the 

inequality that exists between the detailed occupations that comprise the High-Tech 

occupational group.  This score is lower than the corresponding scores for both San Jose 
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and Boston, indicating that income is more evenly distributed among Raleigh’s high-tech 

occupations than it is in the other two regions.  

Table 6.3 illustrates that six of Raleigh’s eighteen represented detailed 

occupations make positive contributions to the Theil.  In descending order of income 

shares these groups are: Computer Software Engineers—applications and systems 

software; Computer Programmers; Chemical Engineers; Computer and Information 

Scientists—research, Computer Systems Analysts, Misc. Computer Specialists; 

Computer Hardware Engineers; and Biological Technicians.  All other detailed 

occupations make negative contributions, meaning they make less than their fair share of 

income among all detailed high-tech occupations.  Electrical Engineers and Electronics 

Engineers—except computer make the contribution of least magnitude at -.01396.  This 

indicates that the group’s income shares lag behind its population shares to the greatest 

degree of all the high-tech occupations—a surprising finding given that 

Electrical/Electronic Engineers make more than their fair share of the income in both San 

Jose and Boston.  This  is further evidence that specific detailed high-tech occupations 

differently impact the income distributions of various technopoleis. 

Conclusions 
 

Between-group inequality patterns are quite similar between Raleigh and both San 

Jose and Boston.  The Professional, Management and Related and the High-Tech 

occupational groups make more than their fair share of income in Raleigh, the former to a 

greater extent than the latter.  Thus, these two groups exacerbate income distribution 

inequality in the technopolis.   
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Within-group inequality of Raleigh’s High-Tech occupational group ranks third in 

magnitude.  Some inequality does exist within the detailed occupations of this major 

group, but it is moderate in comparison to the inequality within the leading major 

occupational groups.     

The in-depth analysis of Raleigh’s High-Tech major occupational group reveals 

that income distribution inequality exists between the detailed high-tech occupations, 

with one-third of detailed occupations making more than a fair share of income in the 

broader group.  Computer Software Engineers and Computer Programmers earn the 

largest income shares of all detailed high-tech occupations, indicating their income shares 

exceed their population shares to the largest degree of all detailed occupations.  When 

compared with corresponding results from San Jose and Boston, results of the in-depth 

analysis of Raleigh’s High-Tech occupational group further illustrate that different high-

tech occupations disparately affect between-group income distribution inequality. 

Overall, results of the present analysis support Hypothesis Three to a certain 

degree.  Between-group analyses reveal that occupations with large proportions of high-

tech workers are one of only two occupational groups that make more than their fair 

share of income in Raleigh.  High-technology occupations contribute more to technopolis 

income distribution inequality than most other occupational groups.   

 

6.3 Analytical Results:  Austin-San Marcos, TX 

The section of Chapter Six presents analytical results of the Austin-San Marcos, 

TX MSA.   For expediency, this metro area is referred to as ‘Austin’ in the remainder of 
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this paper.  Austin, which was developed from a plan for technology-based economic 

growth, had a population of 1,249,763 in Census 2000 (U.S. Bureau of the Census 2001).  

Austin is consistently included in the literature on technopoleis and receives high scores 

in rankings of technology regions (DeVol et al., 1999; Forbes/Milken 2000).      

In the Phase I analysis of the present research, Austin places 43rd in 1980 Theil 

rankings.  By 2000, the MSA places 20th in Theil rankings, illustrating a vast increase in 

income distribution inequality over twenty years.  The Theil change rankings indicate 

that Austin had the 19th largest increase in inequality between 1980 and 2000 of all U.S. 

MSA’s included in the present research.  Given these findings along with Austin’s rise as 

a technopolis during this same time period, the region is included as a sample technopolis 

in the Phase II analysis.   

 Outcomes of Phase II illuminate the dynamics of income distribution inequality in 

Austin and identify the contributions of major and detailed occupational groups to 

inequality.  Results have implications for Hypothesis III, and indicate whether 

occupational groups with larger proportions of high-technology workers contribute more 

to technopolis income distribution inequality in Austin.  

Full Theil Analysis 
 
 The full Theil Index for Austin is .07967.  The metro area’s Theil score for 

between-group inequality alone is only .05006.  The full Theil score in Phase II is the 

sum of between- and within-group inequality: 

.05006(between-group Theil) + .02961 (within-group Theil) = .07967 (full Theil) 
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Austin’s between-group inequality is lower and its within-group inequality 

slightly higher than the corresponding scores for Raleigh.  This illustrates that Austin’s 

income distribution is more equal between major occupational groups, but that somewhat 

larger discrepancies exist in the income shares of occupations within some major 

categories.  Austin’s full Theil score is lower in magnitude than Raleigh’s, which 

indicates its overall income distribution inequality is lower.  However, the magnitudes of 

aggregate between- and within-group inequality in Raleigh and Austin are quite 

comparable.   

Between-Group Inequality 
 

The between-group Theil for Austin is .05006.  This score denotes the amount of 

inequality existing between Austin’s six major occupational groups.  Austin’s level of 

between-group inequality is lower than Raleigh’s, but higher than that of both San Jose 

and Boston.  This indicates that, among the technopoleis thus far analyzed, Austin has a 

relatively high level of inequality between different occupational groups.  Table 6.4 

illustrates the disaggregation of Austin’s between-group inequality.   

Table 6.4  Total Between-Group Theil of Major Occupational Groups in Austin 
  

Major Occupational Group Contribution to Between-Group Theil
Professional, Management and Related 0.14893 
Sales and Office -0.04316 
Service -0.02785 
Production, Transportation and Material Moving -0.02706 
Construction, Extraction and Maintenance -0.02552 
High-Tech 0.02471 

    
Between-Group Theil 0.05006 
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Results in this table indicate that, as in the three technopoleis already discussed,  

only the Professional, Management and Related and the High-Tech major occupational 

groups make more than their fair share of income in Austin.  The Professional group 

makes the largest contribution to Austin’s between-group Theil at .14893, a score that is 

only a shade larger than the group’s contribution in Raleigh.  Austin’s High-Tech group 

contributes .02471 to between-group inequality, which is lesser in magnitude than 

Raleigh’s corresponding group.   This indicates that High-Tech workers earn 

comparatively smaller income shares in Austin than in Raleigh.   

The remaining occupational groups make less than their fair share of the income, 

as is the case in San Jose, Raleigh and Boston.  The Sales and Office group’s contribution 

again has the lowest magnitude at -.04316, indicating that this group’s income shares trail 

its population shares to a greater extent than any other major occupational group in 

Austin.   

These results indicate that Austin’s total between-group inequality is relatively 

high.  The Professional group fares about the same in Raleigh and Austin.  Raleigh’s 

High-Tech group, however, earns larger relative income shares in its technopolis than 

does Austin’s High-Tech group.  The pattern of between-group income distribution 

inequality in Raleigh and Austin is remarkably similar, with the most notable difference 

being the lesser contribution of Austin’s High-Tech group.  The Sales/Office group 

contributes most negatively to between-group inequality in both metro areas, more so in 

Raleigh than in Austin.  Overall, analyses again reveal a pattern of only the Professional 
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and High-Tech groups making more than their fair shares of income, thereby intensifying 

income distribution inequality in Austin.   

Within-Group Inequality 

Table 6.5 depicts the within-group inequality in Austin.  The final column sums 

the contributions of all groups to generate the total within-group inequality.  

Table 6.5  Total Within-Group Theil of Major Occupational Groups in Austin 
  

Major Occupational Group Contribution to Within-Group Theil
Professional, Management and Related 0.01445 
Sales and Office 0.00857 
Service 0.00179 
Production, Transportation and Material Moving 0.00000 
Construction, Extraction and Maintenance 0.00050 
High-Tech 0.00430 

    
Within-Group Theil 0.02961 

 

Austin’s total within-group Theil score is .02961, which depicts the total level of 

inequality existent within all six occupational groups.  This score is higher than 

Raleigh’s, demonstrating that Austin has slightly larger discrepancies in distribution of 

income among detailed occupations in some major groups.  However, because aggregate 

scores on this measure are very similar in the two technopoleis, their within-group 

inequality is comparable.   

  A comparison of Table 6.5 to Raleigh’s Table 6.2 illuminates the major groups 

in which these larger discrepancies lie.  This comparison reveals that heightened within-

group inequality in Austin exists in three groups:  Sales and Office; Service; and High-
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Tech.  This indicates that the three groups have larger gaps in income distribution across 

detailed occupations in Austin than in Raleigh.  

Table 6.5 shows that three groups—Professionals, Managers and Related; Sales 

and Office; and High-Tech—make the largest contributions of all groups to within-group 

inequality in Austin.  This pattern of within-group inequality for these three groups is the 

same in Raleigh.      

The Professionals, Managers and Related occupational group has the greatest 

level of within-group inequality, signifying that its income shares among detailed 

occupations are the most unequal.  The Sales and Office occupational group again ranks 

second highest for within-group inequality contribution.  This group’s contributions are 

lowest on between-group inequality and second highest on within-group inequality in all 

technopoleis thus far studied, suggesting an emerging pattern.  It is likely that some 

detailed occupations of this major group earn consistently larger income shares while 

others garner inordinately small shares.  This emerging pattern across technopoleis 

suggests that the same dynamics of inequality may be at work within these metro areas, 

with identical detailed occupations consistently reaping the largest income shares within 

the Sales and Office major group.   

Table 6.5 indicates that, as in Raleigh, the High-Tech group in Austin ranks third 

in level of within-group inequality.  Austin’s High-Tech group contributes .00430 to the 

within-group Theil, a magnitude larger than the contribution of this group in Raleigh.  

These results show that the High-Tech group has more internal income distribution 

inequality in Austin than in Raleigh.   
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Figure 6.3 summarizes Austin’s full Theil Index by depicting the contributions to 

income inequality of the major occupational groups in Austin.  Between-group and 

disaggregated within-group inequalities are displayed.   

Figure 6.3  Decomposition of Inequality in Austin

0.05006

0.01445

0.00857

0.00179
0.00430

0.00000

0.00500

0.01000

0.01500

0.02000

0.02500

0.03000

0.03500

0.04000

0.04500

0.05000

0.05500

0.06000

0.06500

0.07000

0.07500

0.08000

0.08500

High-Tech

Construction, Extraction and
Maintenance
Production, Transportation
and Material Moving
Service

Sales and Office

Professional, Management
and Related
Between-Group Theil

 

This figure indicates that the majority of Austin’s income distribution inequality 

lies between major occupational groups.  Within-group inequality comes chiefly from the 

Professional group, indicating that detailed occupations of this group experience the 

largest variations in income distribution of all major groups.  The Sales and Office 
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occupational group also has significant levels of within-group inequality.  The High-Tech 

occupational group in Austin has some degree of inequality within it, but in comparison 

to the Professional and Sales/Office groups, it has relatively moderate levels of disparity 

across its detailed occupations.  The remaining occupational groups have negligible 

levels of within-group inequality.  A comparison of Figures 6.1 and 6.3 reveal that the 

dynamics of inequality are quite similar in Raleigh and Austin.   

Figure 6.4 presents contributions to between- and within-group inequalities by 

major occupational group.   

Figure 6.4 Theil Contribuitions by Major Occupational Group in Austin
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This figure shows that only the Professional and High-Tech groups make positive 

contributions to Austin’s between-group inequality.  Magnitude of contributions show 

that the Professional group garners considerably larger income shares than does the High-

Tech group, but again that all other occupational groups make less than their fair share of 
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income in Austin.  The Sales and Office group fares worst of all occupations in terms of 

income shares. 

A comparison of this figure to Raleigh’s Figure 6.2 reveals that patterns of 

between- and within-group inequality are remarkably similar in the two regions.  While 

magnitudes of inequality contributions by occupational group vary, the patterns of 

income distribution inequality are quite similar in these two technopoleis. 

In-depth Analysis of High-Tech Occupations 
 

This segment of the chapter computes a half-Theil Index on Austin’s High-Tech 

occupational group.  Between-group income distribution inequality is analyzed using the 

taxonomy of twenty-six detailed high-tech occupations. 

Table 6.6 illustrates the results of this in-depth analysis.  The final column of this 

table exhibits each detailed occupational group’s contribution to the between-group Theil 

score of the broad High-Tech group.  The total between-group Theil score of the High-

Tech group is the sum of these contributions.     

Table 6.6  Total Between-Group Theil of High-Tech Major 
Occupational Groups in Austin  

  

Detailed Occupational Group 

Contribution to 
Within-Group 

Theil 
Computer and Information Scientists—research; Computer Systems 
Analysts; Misc. Computer Specialists -0.02533 
Computer Programmers -0.00175 
Computer Software Engineers—applications; Computer Software 
Engineers—systems software 0.08870 
Database Administrators  -0.00313 
Network Systems and Data Communications Analysts  -0.01293 
Aerospace Engineers  0.00296 
Biomedical Engineers  N/A 
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Chemical Engineers  N/A 
Computer Hardware Engineers  -0.00320 
Electrical Engineers; Electronics Engineers—except computer 0.04516 
Mining and Geological Engineers, including Mining Safety Engineers N/A 
Nuclear Engineers N/A 
Petroleum Engineers N/A 
Aerospace Engineering & Operations Technicians; Electrical & 
Electronic Engineering Technicians; Electro-Mechanical Technicians;  
Misc. Engineering Technicians--except Drafters, all other -0.02077 
Biochemists and Biophysicists; Microbiologists; Zoologists and Wildlife 
Biologists; Biological Scientists—all other 0.00002 
Epidemiologists; Medical Scientists--except Epidemiologists -0.00139 
Astronomers; Physicists N/A 
Atmospheric and Space Scientists N/A 
Chemists; Materials Scientists -0.00519 
Environmental Scientists and Specialists, Including Health; 
Geoscientists—except Hydrologists and Geographers; Hydrologists -0.00051 
Biological Technicians -0.00109 
Chemical Technicians -0.00165 
Geological and Petroleum Technicians -0.00324 
Nuclear Technicians N/A 
Medical and Clinical Laboratory Technologists; Medical and Clinical 
Laboratory Technicians -0.00673 
Cardiovascular Technologists and Technicians; Diagnostic Medical 
Sonographers; Nuclear Medicine Technologists; Radiological 
Technologists and Technicians -0.00679 
  
    

Between-Group Theil 0.04314 
 

The between-group Theil of Austin’s High-Tech occupational group is .04314.  

This finding illustrates that Austin’s level of inequality between all detailed High-Tech 

occupations is higher than that of San Jose, Boston, and Raleigh.  This indicates that of 

the technopoleis thus far analyzed, Austin has the highest level of disparity between the 

income distributions of its detailed High-Tech occupations.   
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Results in Table 6.6 demonstrate that eighteen of the twenty-six detailed high-tech 

occupations are represented in the Austin PUMS data.  Of these eighteen detailed 

occupations, only four make more than their fair share of the income in the broad group, 

a lower proportion than in any technopolis thus far studied.  In descending rank order of 

income shares these groups are: Computer Software Engineers—applications and 

systems software, Computer Software Engineers—applications and systems software; 

Electrical Engineers and Electronics Engineers—except computer; Aerospace Engineers; 

and Biochemists and Biophysicists, Microbiologists, Zoologists and Wildlife Biologists, 

Biological Scientists—all other.  All other high-tech detailed occupations make less than 

their fair share of the income in the High-Tech group.   

These results reveal that only Computer Software Engineers make more than their 

fair share of the income in both Raleigh and Austin.  Further, this is the only detailed 

occupation to contribute positively to the between-group Theil of the broad High-Tech 

occupational group in every technopolis thus far analyzed.  This suggests an emerging 

characteristic in technopoleis of Computer Software Engineers consistently making more 

than their fair share of the income.  Results for Austin further support the previous 

finding that specific detailed high-tech occupations have disparate impacts on the income 

distributions of various technopoleis. 

Conclusions 
 

Outcomes of the between-group analysis of Austin’s six major occupational 

groups indicate that only the Professional and High-Tech groups earn more than their fair 

share of the income in the metro area.  The remaining four groups make less than a fair 
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share.  The results for Austin, like those of all other technopoleis thus far studied, support 

Hypothesis Three to a certain extent.   

The within-group analysis of major occupational groups demonstrates that while 

Austin’s level of inequality is slightly higher than Raleigh’s, the two technopoleis are 

comparable on this measure.  The three largest contributors to within-group inequality in 

Austin in descending order are:  Professionals, Managers and Related; Sales and Office; 

and High-Tech.  The High-Tech group’s contribution to within-group inequality is higher 

in Austin than in Raleigh, indicating larger gaps in income distribution among detailed 

High-Tech occupations.   

The in-depth analysis of the High-Tech occupational group indicates that of all 

technopoleis thus far studied, Austin has the highest level of inequality between its 

detailed High-Tech occupations.  Additionally, an emerging pattern suggests a possible 

characteristic in technopoleis of only Computer Software Engineers consistently making 

more than their fair share of the income.  Results support the previous finding that 

specific detailed high-tech occupations have disparate impacts on the income distribution 

of different technopoleis.    

Both the Professional and High-Tech groups in Austin exacerbate income 

distribution inequality by garnering more than their fair share of the income, while the 

remaining occupational groups earn less than a fair share.  Thus, Hypothesis Three of this 

paper is born out to a certain degree:  high-tech occupations contribute more to Austin’s 

income distribution inequality than do most other occupations. 
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6.4 Comparisons, Contrasts, Conclusions 

 The present research demonstrates that Raleigh has a comparatively high level of 

income distribution inequality, placing in the top third of both 1980 and 2000 Theil 

rankings.  The technopolis increases twelve places in the rankings during the 1980-2000 

time period.  Austin, on the other hand, has a high Theil change score that propels it from 

a low 1980 Theil ranking to a placement of 20th in 2000 Theil score rankings.  This large 

positive Theil change score over the time period of this study increases its position in the 

rankings by twenty places.  Thus, by 2000 both metro areas place in the top third of 

metro inequality rankings.   

Phase II analyses of 2000 data discussed in this chapter reveal that patterns of 

income distribution inequality are similar between these two technopoleis, as well as 

among the four technopoleis thus far analyzed. 

Full Theil Analysis 
 
 Austin’s full Theil score is lower than Raleigh’s, demonstrating it has lower 

overall income distribution inequality among major occupational groups.  As indicated by 

between-group Theil’s, Austin has less income distribution inequality between major 

occupational groups than does Raleigh.  Within-group inequality measures illustrate the 

two regions have comparable distributions of income across detailed occupations within 

major categories, with Austin’s level being slightly higher than Raleigh’s.   

Between-Group Inequality 
 
 The Professional and High-Tech groups earn the largest income shares in both 

Raleigh and Austin, Professionals more so than High-Tech occupations.  All other major 
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occupational groups make less than their fair share.  The Professional group contributions 

are comparable in both technopoleis with Austin’s group having only a slight relative 

advantage.  Austin’s High-Tech group contributes less to between-group inequality than 

does Raleigh’s.   

Figure 6.5 illustrates these findings by modeling the results of Phase II discussed 

in this chapter.  The figure concurrently displays the between- and within-group Theil 

contributions of major occupational groups in Raleigh and Austin.   

Figure 6.5 Inequality Contributions to Theil Index in Raleigh and Austin
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This figure clearly illustrates the remarkably similar patterns of income 

distribution inequality in Raleigh and Austin.  The feature of this figure most interesting 

to the present study is the dynamics of inequality of the High-Tech occupational group.  

The chart indicates that Austin’s High-Tech group makes a lesser contribution to the 
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between-group Theil than does Raleigh’s, meaning that it earns relatively smaller income 

shares in its MSA than does its counterpart in Raleigh.  

Within-Group Inequality 
 

Total within-group inequality contributions in Raleigh and Austin are comparable.  

Figure 6.5 illustrates that when this measure is disaggregated by major occupational 

group, the Professional group has the highest level of within-group inequality in both 

Raleigh and Austin.  Also notable is the comparatively high level of within-group 

inequality of the Sales and Office group, especially in Austin.  Such findings indicate that 

income distribution across detailed occupations of these broad groups is unequal.  This 

pattern emerges in all technopoleis thus far analyzed, suggesting a common pattern of 

certain detailed occupations in these groups consistently garnering larger income shares 

than others.  

Raleigh’s High-Tech group makes a smaller relative contribution to within-group 

inequality than does Austin’s.  This indicates that Austin’s High-Tech occupational group 

has more inequality in income distribution across detailed high-tech occupations.  Thus, 

Figure 6.5 shows that while the High-Tech occupational group earns smaller relative 

income shares in Austin than Raleigh, disparity in income distribution across detailed 

occupations of the group is higher in Austin. 

Isolating High-Tech Occupations 
 

The between-group Theil scores of the High-Tech major occupational group 

reveal that Austin has a considerably higher level of income distribution inequality 

among its detailed high-tech occupations than does Raleigh.  A larger proportion of high-
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tech occupations earn more than their fair share of income among all high-tech workers 

in Raleigh than in Austin.  Further, Austin’s proportion of detailed high-tech occupations 

that contribute positively to the between-group Theil of High-Tech occupations is lowest 

of all the technopoleis thus far analyzed.  These findings indicate that income is more 

highly concentrated in a fewer number of detailed high-tech occupations in Austin than in 

the other technopoleis studied.      

Computer Software Engineers is the only detailed occupation that makes more 

than a fair share of the income in both Raleigh and Austin; in fact, this is the case for all 

four technopoleis thus far analyzed.  This finding suggests an emerging pattern of 

Computer Software Engineers alone consistently making more than their fair share of 

income in technopoleis.  This trend will be assessed in further Phase II analyses of the 

following chapter.  By revealing that detailed high-tech occupations make differential 

contributions to between-group inequality of the High-Tech occupational groups in 

Raleigh and Austin, the in-depth analyses of the High-Tech occupational groups echo 

findings of Chapter Seven that indicate detailed occupations have disparate impacts on 

the income distribution of various technopoleis. 

Conclusion 
 

Full Theil computations reveal that income distribution inequality is higher in 

Raleigh than in Austin.  Patterns of inequality are remarkably similar in the two 

technopoleis.  Professional and High-Tech occupations continue to consistently make 

more than their fair share of the income, the former more so than the latter, in both metro 

areas.    
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Austin’s High-Tech occupational group earns smaller relative income shares than 

does Raleigh’s, but disparity in its income distribution across detailed occupations is 

comparatively higher.  Interestingly, Austin’s level of inequality between detailed high-

tech occupational groups is the highest of the four technopoleis.  Thus far in Phase II 

analyses, Computer Software Engineers have emerged as the only detailed occupation 

that makes more than a fair share of the income in all technopoleis.   

Overall, analyses demonstrate that both the Professional and High-Tech groups 

continue to earn inordinately large shares of income in sample technopoleis.  Hypothesis 

Three is again supported to some degree in the present analyses:  high-tech occupations 

contribute more to income distribution inequality than do most other occupational groups 

in Raleigh and Austin. 
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Chapter Seven 

Analytical Results of Phase II Analysis 

 

Colorado Springs, CO and Boise City, ID 

 

7.1 Introduction 

Chapter Seven discusses results of the Phase II analysis for the Colorado Springs, 

CO MSA and the Boise City, ID MSA.  These metro areas differ from the four previously 

analyzed in that they are smaller in population and are both newer, emerging 

technopoleis.  Presented in this chapter are results from full Theil analyses, between-

group inequality computations, within-group inequality computations, and in-depth 

analyses of the High-Tech major occupational groups of each technopolis.  The closing 

section compares and contrasts the two technopoleis and discusses conclusions. 

Phase II analyses employ the taxonomy of six major occupational groups:  

Professional, Management and Related; Sales and Office; Service; Production, 

Transportation and Material Moving, Construction, Extraction and Maintenance; and 

High-Tech.  The in-depth analysis of the High-Tech major occupational group analyzes 

the overall inequality between detailed high-tech occupations using the classification 

system of twenty-six groups.  This analysis pinpoints the high-tech occupations that 

contribute most substantially to income distribution inequality in the two technopoleis. 

 Results presented in this chapter have implications for Hypothesis Three of the 

present paper, assessing whether occupations with larger proportions of high technology 
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contribute more to income distribution inequality than do other occupations in Colorado 

Springs, CO and Boise City, ID. 

 

7.2 Analytical Results:  Colorado Springs, CO 

The first section of this chapter presents results of Phase II analyses for the 

Colorado Springs, CO MSA.  According to Census 2000, Colorado Springs has a 

population of 516,929 (U.S. Bureau of the Census 2001). 

Results of Phase I reveal that Colorado Springs places 94th in 1980 Theil 

rankings, indicating the MSA had very little income distribution inequality in comparison 

to other MSA’s of the U.S. in that year.  By 2000, Phase I analyses place Colorado 

Springs in the top third of metro area inequality rankings in the 33rd position, indicating a 

remarkable increase in income distribution inequality over the study’s time period.  This 

increase is substantiated by Colorado Springs’ Theil change ranking that shows the MSA 

has the 9th largest increase in inequality among U.S. MSA’s between 1980 and 2000.   

Because these results point to a significant inequality increase in Colorado 

Springs, and because the region experienced considerable technology-based economic 

development during the study period, this technopolis is chosen for further analysis in 

Phase II.  This analysis extends beyond Phase I to examine dynamics of inequality in the 

metro area by taking into account within-group inequality as well as an in-depth analysis 

of the High-Tech occupational group.  
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Full Theil Analysis 

 Colorado Springs has a full Theil Index score of .06565.  This compares to its 

between-group inequality score of .04736.  The full Theil score in Phase II is the sum of 

between- and within-group inequality:   

.04736 (between-group Theil) + .01829 (within-group Theil) = .06565 (full Theil) 

This full Theil score is the lowest in magnitude of all technopoleis thus far 

studied.  Interestingly, the magnitude of Colorado Springs’ between-group inequality is 

comparable with the other sample technopoleis.  Rather, the measure that decreases 

Colorado Springs’ full Theil is its within-group inequality, which is much lower in this 

technopolis than the others heretofore analyzed.  These findings indicate that income is 

distributed across major occupational groups in Colorado Springs in a pattern comparable 

to other sample technopoleis, but that little disparity exists in the distribution of income 

among detailed occupations within the same major occupational groups.     

 Between-Group Inequality 

The between-group inequality Theil score in Colorado Springs .04736.  This 

denotes the inequality existent between the six major occupational groups.  It is 

calculated by summing the contributions of all major groups to between-group inequality.  

The between-group inequality of Colorado Springs is illustrated in Table 7.1.  

Positive scores indicate the group makes more than its fair share of income in the 

technopolis, while negative scores indicate it makes less than its fair share.   
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Table 7.1  Total Between-Group Theil of Major Occupational Groups in Colorado 
Springs 

  
Major Occupational Group Contribution to Between-Group Theil

Professional, Management and Related 0.10664 
Sales and Office -0.04254 
Service -0.03238 
Production, Transportation and Material Moving -0.02612 
Construction, Extraction and Maintenance -0.02059 
High-Tech 0.06235 

    
Between-Group Theil 0.04736 

 

Table 7.1 reveals that in Colorado Springs, as in all other technopoleis thus far 

analyzed in Phase II, the Professional, Management and Related and the High-Tech 

occupations are the only groups that make positive contributions to the between-group 

Theil.  This means that their income shares exceed their population shares.  The 

Professional group makes a larger contribution of  .10664 to the between-group Theil in 

comparison to the High-Tech group’s input of  .06235.   

While these patterns of between-group inequality are quite similar to those found 

in the other sample technopoleis, results for Colorado Springs reveal some interesting 

deviations from findings presented thus far.  First, the Professional group in Colorado 

Springs makes a much lesser contribution to between-group inequality than its 

counterparts of the other technopoleis.  Second, Colorado Springs’ High-Tech 

occupational group makes by far the largest contribution to between-group inequality of 

its counterparts in all sample technopoleis.  The disparity between the Professional and 

High-Tech groups’ income share size is smallest in this region, indicating that while both 
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the Professional and High-Tech groups make more than their fair share in all 

technopoleis thus far studied, their income shares are most comparable in Colorado 

Springs.  Of all technopoleis thus far analyzed, the High-Tech group garners the largest 

relative income shares in Colorado Springs.  This finding explains the jump in rankings 

of Colorado Springs in Phase I and Phase I-B rankings of between-group inequality 

discussed in Chapter Four. 

The remaining four categories—Sales and Office; Service; Production, 

Transportation and Material Moving; and Construction, Extraction and Maintenance—

make negative contributions to the between-group Theil, indicating they make less than 

their fair share of income Colorado Springs.  The contribution of least magnitude again 

comes from the Sales and Office occupations, indicating this group’s population shares 

exceed its income shares to the greatest degree of all groups.   

The pattern is the same for all technopoleis thus far studied in Phase II:  the 

Professional groups garner higher income shares than the High-Tech, but these two are 

the only occupational groups to make more than their fair share of the income in 

technopoleis, thereby exacerbating income distribution inequality.   

Within-Group Inequality 
 

Within group inequality is computed using iterative calculations that measure the 

level of inequality within individual major occupational groups.  These scores are then 

summed to yield an overall level of within-group inequality in the technopolis. 

Colorado Springs’ total within-group Theil score is .01829.  This is the lowest 

level of within-group inequality of all technopoleis thus far studied, indicating the 
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distribution of income among detailed occupations within the major groups is relatively 

even.  Table 7.2 presents within-group inequality contributions of each major 

occupational group.   

Table 7.2  Total Within-Group Theil of Major Occupational Groups in Colorado 
Springs 

  
Major Occupational Group Contribution to Within-Group Theil

Professional, Management and Related 0.00807 
Sales and Office 0.00337 
Service 0.00222 
Production, Transportation and Material Moving 0.00000 
Construction, Extraction and Maintenance 0.00004 
High-Tech 0.00459 

    
Within-Group Theil 0.01829 

 

Results presented in this table indicate that, as is the case in every technopolis 

hitherto analyzed, the Professional group has the highest level of within-group inequality.   

While the Professional group receives the largest income shares in the technopoleis, it 

simultaneously has the largest disparities in income distribution across its detailed 

occupations.   

Colorado Springs does present some departures from patterns detected in the 

other technopoleis.  The Sales and Office group, usually second-highest in within-group 

inequality, ranks behind the High-Tech group in Colorado Springs.  The High-Tech 

occupational group ranks second in within-group inequality in Colorado Springs with a 

contribution of .00459 to the within-group Theil.  This pattern is unlike those seen in the 
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other sample technopoleis, and indicates that income is distributed among detailed high-

tech occupations in Colorado Springs at a relatively high level of disparity.   

While the Sales and Office group follows the previous pattern of faring the worst 

in terms of income shares, its within-group inequality level in Colorado Springs ranks 

third-highest at .00337 and is more moderate than in the other technopoleis.  This 

indicates that Sales and Office workers in Colorado Springs fare the worst of all 

occupational groups in income shares, but have a relatively even distribution of income 

across detailed occupations within the group.   

The Service group and the Construction, Extraction and Maintenance group both 

have negligible within-group inequality.  The Production, Transportation and Material 

Moving group makes no contribution to within-group inequality, indicating income is 

equally distributed among all its detailed occupations.     

Overall, within-group inequality is comparatively low in Colorado Springs, 

indicating that while patterns of inequality differ from the other technopoleis, the 

magnitude of inequality is much weaker and overall income distribution among detailed 

occupations is more equal.   

Figure 7.1 summarizes this discussion by presenting Colorado Springs’ total 

income distribution inequality by between- and within-group inequality.   
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Figure 7.1  Decomposition of Inequality in Colorado Springs
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This graph illustrates that the large majority of income distribution inequality in 

Colorado Springs comes from between major occupational groups, underscoring the 

MSA’s weak magnitude of within-group inequality previously mentioned.  This more 

modest level of within-group inequality serves to keep the full Theil Index of Colorado 

Springs low in comparison to some sample technopoleis, as illustrated by 2000 Theil 

score rankings.    
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Within-group inequality in this figure is disaggregated by contribution of each 

major occupational group.  The decomposition of within-group inequality in Figure 7.1 

illustrates that the distribution of income across detailed occupational groups in Colorado 

Springs is more equitable than in other technopoleis thus far studied.  The Professional, 

Management and Related group does have the largest within-group inequality within this 

region, but it is remarkably low compared to the group’s corresponding contributions in 

the other sample technopoleis.  The High-Tech and Sales and Office occupations rank 

second and third, respectively, in their levels of within-group inequality in Colorado 

Springs.  The High-Tech group’s level of within-group inequality is the highest yet seen 

in a sample technopolis, while the Sales and Office group’s is the lowest of all study 

regions.   

These findings indicate that the dynamics of inequality between groups in 

Colorado Springs differs from those of other technopoleis thus far studied.  The 

remaining occupational groups make little if any contribution to within-group inequality.  

These results illustrate that the comparatively lower total within-group inequality of 

Colorado Springs is due primarily to greater equality in the distribution of income across 

the detailed occupations that comprise the Professional and Sales/Office groups.  Within-

group inequality is prevented from becoming even lower by the comparatively large 

contribution of the High-Tech occupational group.     

Figure 7.2 illustrates the magnitude of contributions made by each major 

occupational group to between- and within-group inequalities.   
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Figure 7.2 Theil Conributions by Major Occupational Group in Colorado Springs
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This figure indicates that Colorado Springs’ Professional, Management and 

Related occupational group makes the largest contributions of all groups to both between- 

and within-group inequality of the Theil Index.  However, the magnitude of the 

Professional group’s contribution to both between and within-group inequality is lower in 

Colorado Springs than any other sample technopolis. This indicates that compared to its 

counterparts in the other sample technopoleis, the Professional group in Colorado Springs 

garners lower comparative income shares and also has less variation in the distribution of 

income among the detailed occupations that comprise it.   

These outcomes are due in large part to the High-Tech group’s larger relative 

contributions to both between- and within-group inequality in Colorado Springs.  Figure 

7.2 illustrates that the income shares of the High-Tech group of Colorado Springs are 

relatively large, and are distributed relatively unevenly across its detailed groups.  The 
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income shares of the High-Tech group converge with those of Professionals to a greater 

degree than any in any other technopolis studied.  This indicates that High-Tech workers 

of the sample technopoleis earn the largest relative income shares in Colorado Springs.  

Figure 7.2 illustrates that only the Professional and High-Tech occupational groups make 

more than their fair share of income in Colorado Springs.  

In-depth Analysis of High-Tech Occupations 
 

More in-depth research is required to build upon the foregoing analyses.  Such 

research explores the dynamics of inequality in the High-Tech occupational group of 

Colorado Springs by identifying which of its detailed high-tech occupations contribute 

most significantly to income distribution inequality.  This is achieved by computing a 

half-Theil Index on the High-Tech occupational group using the classification system of 

twenty-six detailed occupations.  Table 7.3 illustrates outcomes of this computation.   

Table 7.3  Total Between-Group Theil of High-Tech Major Occupational Groups in 
Colorado Springs 

  

Detailed Occupational Group 
Contribution to 

Within-Group Theil
Computer and Information Scientists—research; Computer Systems 
Analysts; Misc. Computer Specialists -0.00575 
Computer Programmers -0.00909 
Computer Software Engineers—applications; Computer Software 
Engineers—systems software 0.08882 
Database Administrators  -0.00502 
Network Systems and Data Communications Analysts  -0.01198 
Aerospace Engineers  0.00828 
Biomedical Engineers  N/A 
Chemical Engineers  N/A 
Computer Hardware Engineers  -0.00757 
Electrical Engineers; Electronics Engineers—except computer 0.02483 
Mining and Geological Engineers, including Mining Safety Engineers N/A 
Nuclear Engineers N/A 
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Petroleum Engineers -0.00307 
Aerospace Engineering & Operations Technicians; Electrical & 
Electronic Engineering Technicians; Electro-Mechanical Technicians;  
Misc. Engineering Technicians--except Drafters, all other -0.01975 
Biochemists and Biophysicists; Microbiologists; Zoologists and 
Wildlife Biologists; Biological Scientists—all other N/A 
Epidemiologists; Medical Scientists--except Epidemiologists N/A 
Astronomers; Physicists N/A 
Atmospheric and Space Scientists -0.00150 
Chemists; Materials Scientists N/A 
Environmental Scientists and Specialists, Including Health; 
Geoscientists—except Hydrologists and Geographers; Hydrologists -0.00241 
Biological Technicians N/A 
Chemical Technicians N/A 
Geological and Petroleum Technicians N/A 
Nuclear Technicians N/A 
Medical and Clinical Laboratory Technologists; Medical and Clinical 
Laboratory Technicians -0.00491 
Cardiovascular Technologists and Technicians; Diagnostic Medical 
Sonographers; Nuclear Medicine Technologists; Radiological 
Technologists and Technicians -0.01005 
  
    

Between-Group Theil 0.04083 
 

As evidenced by this table, 2000 PUMS data includes only fourteen of the twenty-

six detailed High-Tech occupations for Colorado Springs, largely due to the smaller 

population size of this metro area in comparison to other sample technopoleis.  The final 

column of this table illustrates contributions to the Theil Index of each detailed 

occupation, the sum of which amounts to the between-group Theil of the High-Tech 

major occupational group.     

Colorado Springs’ between-group Theil score for the High-Tech occupational 

group is .04083.  This is the second highest score on this measure of all sample 
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technopoleis thus far analyzed, indicating that Colorado Springs has a relatively high 

level of income distribution inequality between detailed high-tech occupations.     

Table 7.3 shows that only three of the fourteen represented occupations make 

positive contributions to the between-group Theil.  This demonstrates that, as in Austin, 

income is concentrated in a small minority of detailed high-tech occupations within the 

High-Tech major occupational group of Colorado Springs.  In descending rank order of 

income shares, the detailed occupations that make more than their fair share are: 

Computer Software Engineers—applications and systems software; Electrical Engineers 

and Electronics Engineers—except computer; and Aerospace Engineers.  The remaining 

detailed occupations all make less than their fair share of income among all detailed high-

tech occupations in Colorado Springs.   

Computer Software Engineers remain the only detailed occupation to contribute 

positively to the between-group Theil of the major High-Tech occupational group in 

every technopolis thus far analyzed. This finding lends further support to the pattern 

discussed in Chapter Six of only Computer Software Engineers consistently making more 

than their fair share of the income in technopoleis.   

Conclusions 
 

The preceding results assess the third hypothesis of this paper for Colorado 

Springs, indicating whether occupations with larger proportions of high technology 

contribute more to technopolis income distribution inequality.   

The analysis of between-group inequality demonstrates that the High-Tech 

occupational group is one of only two groups that earn more than their fair share of 
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income in Colorado Springs.  While contributions of the Professional, Management and 

Related group are larger in magnitude, they are comparatively smaller than those made in 

other technopoleis analyzed herein.  Further, the High-Tech occupational group makes a 

significantly larger comparative contribution to between-group inequality in Colorado 

Springs than any other sample technopolis.  This indicates that of all technopoleis thus far 

analyzed, the High-Tech group earns the largest relative income shares in Colorado 

Springs. 

Within-group inequality in Colorado Springs is the lowest of all technopoleis 

hitherto studied.  This is due in large part to the smaller relative within-group 

contributions of the Professional occupational group.  The High-Tech group ranks second 

in within-group contributions in Colorado Springs, which breaks the pattern of all other 

technopoleis thus far studied.  This illustrates that Colorado Springs’ High-Tech group 

has a higher relative inequality in the distribution of income among its detailed 

occupations.  The Sales and Office group ranks third in within-group inequality, and the 

remaining groups make little or no contribution.  Overall, the total within-group 

inequality in Colorado Springs is the lowest of all technopoleis yet studied, indicating its 

income distribution within major occupational groups is comparatively even.   

The in-depth analysis of the High-Tech occupational group shows that of the 

sample technopoleis yet studied, Colorado Springs has the second highest level of 

inequality between its detailed High-Tech occupations, ranking just behind Austin.  The 

emerging pattern regarding Computer Software Engineers holds true in Colorado 

Springs, lending further support to the pattern of only Computer Software Engineers 
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consistently making more than their fair share of the income in technopoleis.  Findings 

continue to show that detailed high-tech occupations have different effects on income 

distribution inequality in various technopoleis. 

 In sum, both the Professional and High-Tech groups in Colorado Springs earn 

more than their fair share of income and also have some level of internal inequality.  All 

other occupational groups earn less than their fair share.  These findings illustrate that the 

Professional and High-Tech groups exacerbate income distribution inequality.  Because 

the High-Tech group earns larger relative income shares in Colorado Springs than in any 

other sample technopolis, Hypothesis Three of this paper is supported to a greater degree 

in Colorado Springs than any other sample technopolis.  High-tech occupations 

contribute more to income distribution inequality in Colorado Springs than do most other 

occupations.  

 

7.3 Analytical Results:  Boise City, ID 

The second technopolis analyzed in this chapter is the Boise City, ID MSA. For 

convenience, this MSA is referred to as Boise in the remainder of this paper.  Boise is a 

newer technopolis in its emerging stages, and is smaller in population that the 

technopoleis analyzed in Chapters Five and Six.  Boise had a population of 432,345 at the 

time of the 2000 Census (U.S. Bureau of the Census 2001).  During the 1990’s Boise 

quickly expanded as a leading U.S. technopolis, experiencing large growth in high-tech 

companies and jobs, patent filings, and population growth.  Though in a comparatively 

early stage of development, the Boise technopolis has begun to place in the rankings of 
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preeminent technology regions alongside older, more well-established technopoleis 

(DeVol et al., 1999; Forbes/Milken 2000).   

 In the Phase I analysis of the present research paper, Boise ranks 41st in 1980 

Theil rankings.  However, the MSA placed in the top third of Theil change rankings, 

experiencing the 29th highest increase in inequality of all metro areas of this study.  This 

significant increase in income distribution inequality in the region boosts its Theil 

ranking to 25th in 2000, well within the top third of inequality metros.  Boise is chosen as 

a sample technopolis for Phase II due to its status as a newer, emerging technopolis as 

well as its significant jump in inequality over time that ranks it as a top inequality MSA 

in 2000.   

 The Phase II analysis calculates a full Theil Index is for Boise.  Results have 

implications for Hypothesis III in Boise, indicating whether occupational groups with 

larger proportions of high-technology workers contribute more to technopolis income 

distribution inequality in this technopolis.  

Full Theil Analysis 
 
 Phase II computes a full Theil score of .07233 for Boise.  The region’s half-Theil 

score for between-group inequality only is .04665.  The full Theil score of the Phase II 

analysis, summing both between- and within-group inequality, is:   

.04665 (between-group Theil) + .02568 (within-group Theil) = .07233 (full Theil) 

Boise’s between-group inequality is lower, while its within-group inequality is 

higher, than Colorado Springs’.  This is not entirely surprising given that the within-

group inequality in Colorado Springs was remarkably low, as discussed in section 7.2.  
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This finding does illustrate, however, that Boise’s income is more evenly distributed 

between major occupational groups, but is less evenly distributed across detailed 

occupations within some major occupations than is Colorado Springs’.  Boise’s full Theil 

score is larger than Colorado Springs’, indicating it has higher overall income distribution 

inequality.   

 Between-Group Inequality 
 

The between-group Theil score for Boise is .04665, denoting the inequality 

existent between the six major occupational groups of the region.  Table 7.4 depicts these 

findings.  Contributions of each occupational group to the half-Theil are displayed and 

summed in the final column of the table to yield the complete half-Theil. 

Table 7.4  Total Between-Group Theil of Major Occupational Groups in Boise City
  

Major Occupational Group Contribution to Between-Group Theil
Professional, Management and Related 0.14666 
Sales and Office -0.03233 
Service -0.03521 
Production, Transportation and Material Moving -0.03251 
Construction, Extraction and Maintenance -0.01495 
High-Tech 0.01498 

    
Between-Group Theil 0.04665 

 

Results of this table indicate that, once again, only the Professional, Management 

and Related and the High-Tech major occupational groups make positive contributions to 

the between-group Theil, the former group to a greater degree than the latter.  The 

Professional, Management and Related group earns the largest income shares in Boise 

with a between-group Theil contribution of  .14666, a score significantly higher than that 
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group’s contribution in Colorado Springs.  This indicates the Professional group garners 

larger relative income shares in Boise than in Colorado Springs.   

Boise’s High-Tech group makes a contribution of .01498 to between-group 

inequality, an amount that is considerably lower than the contribution made by the 

corresponding group in Colorado Springs.  In fact, the High-Tech group of Boise makes 

the smallest contribution to between-group inequality of all sample technopoleis.  This 

indicates that High-Tech workers make the smallest relative income shares in Boise than 

in any other technopolis.   

The analysis also shows that, as in all other technopoleis studied, the remaining 

four categories—Sales and Office; Service; Production, Transportation and Material 

Moving; and Construction, Extraction and Maintenance—all earn less than their fair 

share of income in Boise.  Interestingly, Boise is the only technopolis in which the Sales 

and Office contribution to the Theil Index does not have the lowest magnitude; rather, its 

contribution ranks third lowest in magnitude.  This is significant in that it breaks the 

pattern found in all other technopoleis, and indicates that the Sales and Office group’s 

population shares are more on par with its income shares in Boise than in any other 

technopolis studied.  In Boise’s case, the occupational group with the lowest magnitude 

of contribution to the between-group Theil is the Service group.   

A comparison of Colorado Springs and Boise reveals that in terms of income 

shares, the Professional group fares better in Boise, while the High-Tech group fares 

better in Colorado Springs.  Further, among all sample technopoleis, the High-Tech 

group earns the smallest comparative income shares in Boise and the largest in Colorado 
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Springs.  The Sales and Office group fares better in Boise than in Colorado Springs or 

any other sample technopolis—while it still makes less than its fair share, its population 

shares outweigh its income shares to a lesser degree in Boise.   

Within-Group Inequality 
 

The within-group Theil score of Boise is .02568.  While this score is higher than 

that of Colorado Springs, it is the second lowest in the group of sample technopoleis.  

This finding reveals that Colorado Springs and Boise rank lowest on within-group 

inequality among the sample technopoleis, indicating that income in the two regions 

tends to be more evenly distributed among detailed occupations within major 

occupational categories, in Colorado Springs even more so than in Boise.   

Table 7.5 illustrates the within-group inequality contributions of each major 

occupational group in Boise.  Contributions are summed in the final column of the table 

to generate Boise’s total within-group Theil score.   

Table 7.5  Total Within-Group Theil of Major Occupational Groups in Boise 
  

Major Occupational Group Contribution to Within-Group Theil
Professional, Management and Related 0.01413 
Sales and Office 0.00298 
Service 0.00208 
Production, Transportation and Material Moving 0.00009 
Construction, Extraction and Maintenance 0.00055 
High-Tech 0.00585 

    
Within-Group Theil 0.02568 

 

Outcomes illustrate that the Professional and High-Tech groups make the most 

significant contributions to within-group inequality in Boise.  The Sales and Office group 
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makes the third largest contribution followed by the Service group, while contributions of 

the remaining groups to within-group inequality are negligible.  This pattern of within-

group inequality is identical to Colorado Springs.   

The Professionals, Managers and Related occupational group makes the most 

sizeable input to within-group inequality in Boise with a contribution of .01413, 

indicating the income distribution among its detailed occupations is the most disparate of 

all groups.  The contribution of the Professional group is larger in Boise than Colorado 

Springs, indicating greater inequality in the distribution of income among its detailed 

groups.   

The High-Tech occupational group ranks second highest on within-group 

inequality with a contribution of .00585.  The High-Tech group makes a contribution of 

higher magnitude in Boise than in Colorado Springs, indicating it has a greater level of 

internal income distribution inequality.  Most notably, the within-group inequality 

contribution of the High-Tech group is larger in Boise than any other sample technopolis.  

This indicates that of all technopoleis, the High-Tech group has the most disparity in 

income distribution among its detailed groups in Boise.  

The Sales and Office group ranks third on within-group inequality in Boise.  This 

breaks the pattern found in all other sample technopoleis save Colorado Springs.  Thus, 

Boise and Colorado Springs differ from all other sample technopoleis, in which the Sales 

and Office group consistently ranked second in within-group inequality behind the 

Professional group.  This indicates that in Boise and Colorado Springs, this group has 
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greater relative parity in the distribution of income among detailed occupations than it 

does in all other technopoleis. 

Figure 7.3 summarizes the above-described contributions to income inequality of 

the major occupational groups in Boise.  Between-group and disaggregated within-group 

inequality is depicted.   

Figure 7.3  Decomposition of Inequality in Boise
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The figure illustrates that, similar to the other sample technopoleis, the majority of 

Boise’s income distribution inequality stems from between-group inequality.  Within-
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group inequality comes primarily from the Professional group, signifying that this major 

group has the largest disparities in income distribution among its detailed occupations.  

The High-Tech group also has sizeable levels of within-group inequality.  The Sales and 

Office as well as the Service group both have low levels of internal inequality, while the 

remaining groups have little to none. 

A summary of each major occupational group’s contributions to between- and 

within-group inequalities in Boise is displayed in Figure 7.4.  

Figure 7.4 Theil Conribuitions by Major Occupational Group in Boise
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 This figure shows that the Professional group makes by and large the most 

sizeable contribution to between-group inequality.  The High-Tech occupational group 

continues to make a significant, positive contribution to inequality, but to a lesser degree 

than in any other sample technopolis.  All other groups in Boise make less than a fair 

share of income and have relatively little internal inequality.   
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A comparison of this figure and Figure 7.2 for Colorado Springs reveals that in 

Boise, High-Tech workers earn the smallest relative income shares and have the highest 

inequality in the distribution of income across detailed occupations of any other 

technopolis.  In Colorado Springs, on the other hand, High-Tech workers earn the largest 

relative income shares of any technopolis, and also have relatively high inequality in the 

distribution of income across detailed occupations.  These findings indicate that the 

income shares of high-tech workers are quite different in both technopoleis, but that 

within-group inequality is high in both regions.     

In-depth Analysis of High-Tech Occupations 
 

This section of the chapter computes a half-Theil Index on Boise’s High-Tech 

occupational group.  Inequality between detailed occupations of the larger High-Tech 

major group is analyzed using the taxonomy of twenty-six detailed categories.  Table 7.6 

lists the detailed occupational classification, illustrating that twelve of the twenty-six 

categories are represented in the 2000 PUMS data for Boise.  This is largely due to 

Boise’s comparatively small population.  The final column of this table lists the 

contributions of each detailed occupational group to the between-group Theil score of the 

High-Tech group.  Individual contributions are summed to yield the total between-group 

Theil score, as indicated in the table.     

Table 7.6  Total Between-Group Theil of High-Tech Major 
Occupational Groups in Boise  

  

Detailed Occupational Group 

Contribution to 
Within-Group 

Theil 
Computer and Information Scientists—research; Computer Systems 
Analysts; Misc. Computer Specialists -0.00323 
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Computer Programmers N/A 
Computer Software Engineers—applications; Computer Software 
Engineers—systems software 0.04100 
Database Administrators  0.01058 
Network Systems and Data Communications Analysts  -0.00600 
Aerospace Engineers  N/A 
Biomedical Engineers  N/A 
Chemical Engineers  N/A 
Computer Hardware Engineers  0.04233 
Electrical Engineers; Electronics Engineers—except computer 0.13073 
Mining and Geological Engineers, including Mining Safety Engineers N/A 
Nuclear Engineers N/A 
Petroleum Engineers N/A 
Aerospace Engineering & Operations Technicians; Electrical & 
Electronic Engineering Technicians; Electro-Mechanical Technicians;  
Misc. Engineering Technicians--except Drafters, all other -0.10494 
Biochemists and Biophysicists; Microbiologists; Zoologists and 
Wildlife Biologists; Biological Scientists—all other N/A 
Epidemiologists; Medical Scientists--except Epidemiologists N/A 
Astronomers; Physicists N/A 
Atmospheric and Space Scientists N/A 
Chemists; Materials Scientists -0.00865 
Environmental Scientists and Specialists, Including Health; 
Geoscientists—except Hydrologists and Geographers; Hydrologists 0.00834 
Biological Technicians -0.00791 
Chemical Technicians 0.01233 
Geological and Petroleum Technicians N/A 
Nuclear Technicians N/A 
Medical and Clinical Laboratory Technologists; Medical and Clinical 
Laboratory Technicians N/A 
Cardiovascular Technologists and Technicians; Diagnostic Medical 
Sonographers; Nuclear Medicine Technologists; Radiological 
Technologists and Technicians -0.00873 
  
    

Between-Group Theil 0.10583 
 

The between-group Theil score of the High-Tech occupational group is .10583.  

This half-Theil for the High-Tech group exceeds all others, indicating the High-Tech 
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group has a higher level of income distribution inequality between its detailed 

occupations in Boise than in any other sample technopolis.  

Table 7.6 illustrates that half of the twelve detailed occupations represented in the 

data make more than their fair share of the income in Boise’s broad High-tech 

occupational group.  In descending order of income shares these groups are: Electrical 

Engineers and Electronics Engineers—except computer; Computer Hardware Engineers; 

Computer Software Engineers—applications and systems software, Computer Software 

Engineers—applications and systems software; Chemical Technicians; Database 

Administrators; and Environmental Scientists and Specialists—Including Health,  

Geoscientists—except Hydrologists and Geographers, and Hydrologists.  Each of these 

detailed occupations has higher income shares than population shares in the High-Tech 

occupational group.  All other detailed occupations make less than their fair share of the 

income in the major occupational group.   

Of all sample technopoleis, Boise has the largest proportion of detailed high-tech 

occupations that make more than their fair share of the income in the major High-Tech 

group.  Because Boise’s High-Tech group also has the highest inequality between its 

detailed occupations of all technopoleis, these results suggest the magnitude of income 

shares differs more substantially between detailed occupations than in other technopoleis. 

Computer Software Engineers emerge again in the Boise data as among those that 

make a positive contribution to the Theil Index, supporting the pattern of this 

occupational group alone consistently earning more than its fair share of income in 

technopoleis.  The results of the in-depth analysis of Boise’s High-Tech occupational 
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group support earlier findings that suggest individual detailed occupations exert different 

effects on the income distributions of various technopoleis. 

Conclusions 
 

The results of the Phase II analysis of Boise support Hypothesis Three to a certain 

extent.  Between-group analyses indicate the Professional and High-Tech major 

occupational groups are again the only two groups that make more than their fair share of 

the income in Boise.   

The total within-group Theil reveals that Boise has a higher level of income 

distribution inequality within major occupational groups than does Colorado Springs.  

The majority of this inequality comes from the Professional group, followed by the High-

Tech major group.  A key finding is that the within-group inequality contribution of 

Boise’s High-Tech group is larger than in any other sample technopolis.  This indicates 

there is more disparity in the distribution of income across detailed high-tech occupations 

in Boise than in any other sample technopolis.   

The in-depth analysis of Boise’s High-Tech occupational group demonstrates that 

it has the highest inequality between its detailed groups of all technopoleis studied.  

Results support findings in other technopoleis that indicate only Computer Software 

Engineers consistently make more than their fair share of the income in technopoleis, and 

that specific high-tech occupations disparately affect the income distributions of various 

technopoleis.   

Both the Professional and High-Tech occupational groups contribute to inequality 

in that they are the only groups to earn more than their fair share of income in Boise.  
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Both also have notable levels of within-group inequality.  Thus, Phase II analyses of 

Boise support Hypothesis Three of this paper to a certain extent:  high-tech occupations 

contribute more to Boise’s income distribution inequality than do most other occupations. 

 

7.4 Comparisons, Contrasts, Conclusions 

 The present research demonstrates that Colorado Springs has the ninth highest 

Theil change score of all regions, which propels it from a low Theil ranking in 1980 to 

the 33rd place in Theil rankings of 2000.  The technopolis gains sixty-one places in the 

rankings during the 1980-2000 time period of the study.  Boise, albeit to a lesser degree, 

also experiences gains in Theil rankings.  Its large Theil change score over the time 

period of the study boosts its position in the rankings by sixteen places to a position of 

25th in 2000 Theil rankings.  Both Colorado Springs and Boise experienced a 

considerable increase in inequality during the rise of the digital economy, and 

consequently place in the top third of income distribution inequality rankings of 2000. 

Full Theil Analysis 
 
 Colorado Springs has a lower full Theil score than does Boise, indicating its level 

of overall income distribution inequality is lower.  Between-group Theil scores indicate 

that Colorado Springs has greater income distribution inequality between major 

occupational groups than does Boise.  However, within-group inequality demonstrates 

that Colorado Springs has a considerably lower level of inequality in the distributions of 

income across detailed occupations of major categories.  The combined between- and 

within-group inequality reveals that while Boise’s between-group inequality is lower, its 
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larger within-group inequality compensates enough to yield a full Theil score that 

exceeds Colorado Springs’.  Thus, Boise has higher overall inequality in its distribution 

of income across occupations, which is evidenced in the 2000 Theil rankings. 

Between-Group Inequality 
 
 Colorado Springs has a greater level of between-group inequality than does Boise.  

The Professional and High-Tech groups again garner the largest income shares in both 

Colorado Springs and Boise, the former group to a greater degree than the latter.  All 

other groups earn less than their fair share.  Figure 7.5 illustrates all outcomes of the 

Phase II analysis discussed in this chapter by exhibiting decompositions of both between- 

and within-group inequality by major occupational group in Colorado Springs and Boise.  

 

Figure 7.5 Inequality Contributions to Theil Index in Colorado Springs and Boise
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Contributions to between-group inequality of the occupational groups do not 

follow the same pattern in both technopoleis.  Boise’s Professional group contributes 

significantly more to between-group inequality than does Colorado Springs’, indicating it 

earns larger relative income shares.  Also notable is the Sales and Office group, which 

does not have the lowest magnitude of contribution to between-group inequality in 

Boise—a departure from the patterns found in all other sample technopoleis.  This 

indicates the Sales and Office group fares better in Boise than it does in any other 

technopolis of this study. 

Perhaps most interesting in this figure are the dynamics of inequality in the High-

Tech occupational groups of the two technopoleis.  Colorado Springs’ High-Tech group 

makes the largest, while Boise’s makes the smallest contribution to between-group 

inequality of all technopoleis.  As a result, greater disparity in income shares of the High-

Tech group exists between this pair of technopoleis than any other pair.  These findings 

indicate that High-Tech workers earn the largest relative income shares in Colorado 

Springs, and the smallest in Boise, of all metro areas analyzed in Phase II.   

Within-Group Inequality 
 

Unlike between-group inequality, Phase II analyses reveal that Colorado Springs 

has less within-group inequality than Boise.  In fact, within-group inequality is lower in 

Colorado Springs than any other sample technopolis, indicating its major groups have the 

lowest level of disparity in income distribution across detailed occupational groups.  

Boise’s within-group inequality is the second lowest in magnitude of all technopoleis, 

indicating that while its distribution of income across detailed occupations of major 
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groups is more unequal than Colorado Springs’, both regions have a comparatively even 

income distribution in comparison to all sample technopoleis.    

Figure 7.5 demonstrates the disaggregation of within-group inequality in 

Colorado Springs and Boise.  Results show that, as in all other technopoleis studied, the 

Professional group has the highest level of within-group inequality in Colorado Springs 

and Boise.  However, the inequality of this group is considerably higher in Boise, 

indicating it has a higher degree of income distribution disparity across the detailed 

occupations that comprise it.   

Boise’s High-Tech group has a larger within-group inequality contribution than 

Colorado Springs’, illustrating it has more disparity in income distribution among its 

detailed groups.  Further, Boise’s High-Tech group makes the largest contribution to the 

within-group Theil of all sample technopoleis, indicating the greatest disparities in the 

relative income shares of high-tech workers is greatest in this metro area.  

In sum, Figure 7.5 shows that in comparison to Colorado Springs, the High-Tech 

occupational group of Boise earns significantly lesser relative income shares and has 

greater inequality in the distribution of income across its detailed occupations. 

Isolating High-Tech Occupations 
 

The in-depth analyses of the High-Tech major occupational groups of the two 

sample technopoleis of this chapter reveal that Boise’s group has a more unequal 

distribution of income between its detailed high-tech occupational groups.  A greater 

proportion of detailed high-tech occupations earn more than their fair share of income 

within the major High-Tech group in Boise than in Colorado Springs.  These results show 
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that while a larger relative number of detailed high-tech occupations earn more than their 

fair share of income in Boise’s High-Tech major group, magnitudes of income shares 

differ to a greater extent, yielding an overall higher level of inequality in the distribution 

of income shares among detailed high-tech occupations.   

Only the Computer Software Engineers detailed occupational group makes more 

than its fair share of income in Colorado Springs and Boise.  This finding supports the 

emerging pattern in Phase II analyses of Computer Software Engineers alone consistently 

making more of their fair share of income in technopoleis.   

In-depth analyses of Colorado Springs and Boise again reveal that specific 

detailed high-tech occupations make disparate contributions to the between-group Theil 

Indices of the High-Tech major groups.  This supports earlier findings that indicate 

detailed occupations have differential effects on the income distribution of various 

technopoleis. 

Conclusion 
 

The Full Theil Indices of the two sample technopoleis of this chapter illustrate 

that Boise has a higher degree of income distribution inequality than does Colorado 

Springs.  Boise’s between-group inequality is lower, but its within-group inequality 

higher than Colorado Springs’.  The Professional and High-Tech major occupational 

groups continue to repeatedly make more than their fair share of the income in both 

regions, the former group to a greater degree than the latter.  However, patterns of 

inequality are somewhat different in Colorado Springs and Boise.   
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In Colorado Springs, High-Tech workers earn larger relative income shares than 

in any other technopolis, while Boise’s High-Tech group earns the lowest relative income 

shares.  The two regions have the highest inequality in the distribution of income across 

detailed occupations of all sample technopoleis.  In Boise, the Professional group garners 

larger relative income shares than it does in Colorado Springs, and the Sales and Office 

group fares comparatively better than in any other technopolis.   

In-depth analyses reveal that the High-Tech occupational group has the highest 

level of inequality in the distribution of income between detailed high-tech occupational 

groups in Boise.  Computer Software Engineers is the only detailed high-tech occupation 

that earns more than its fair share of income in all sample technopoleis.  Detailed high-

tech occupations continue to have disparate effects on the income distribution of different 

technopoleis. 

  In sum, Phase II analyses again indicate that in Colorado Springs and Boise, 

both the Professional and High-Tech groups earn larger relative income shares than all 

other occupational groups.  The High-Tech occupational group earns the largest relative 

income shares in Colorado Springs.  Thus, Hypothesis Three is again supported to some 

extent in the present analyses:  high-tech occupations contribute more to income 

distribution inequality in Colorado Springs and Boise than do most other occupations. 
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Chapter Eight 

Conclusions 

 

8.1 Overall Patterns 

Phase I 

 The first aim of the present research is to analyze levels of occupational income 

distribution inequality from 1980 to 2000 in U.S. MSA’s.  This is accomplished in the 

Phase I analysis using half-Theil Indices.  These indices measure inequality between 

major occupational groups of individual MSA’s.  Each metro area receives a separate 

Theil score for 1980 and 2000. 

The second aim of this paper is to develop a ranking system of income 

distribution inequality in U.S. MSA’s.  This aim is also accomplished in the Phase I 

analysis by constructing two separate ranking systems for 1980 and 2000, arranging 

MSA’s in descending order of their half-Theil scores.  Results are presented in tables of 

Chapter Four, and show the placement of various technopoleis in the rankings.  From 

these two ranking systems a Theil change score measure is constructed for each MSA, 

computed as the difference between its Theil scores for the two sample years.  This 

measure indicates the degree to which income distribution inequality has increased or 

decreased over time in each MSA.  

Results of these measures show that occupational income distribution inequality 

increased in U.S. MSA’s between 1980 and 2000.  Of the hundred MSA’s analyzed in 
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Phase I, only seven encountered drops in inequality.  This indicates that overall, the U.S. 

experienced increased occupational inequality within its MSA’s from 1980 to 2000.  

These findings support research that documents rising inequality from 1970 into the 

1990’s (Autor et al. 1998; Gottschalk 1997; McCall 2000b; Piketty and Saez 2003).  The 

results of Phase I analyses support Hypothesis I of this paper:  Income distribution 

inequality in U.S. cities has increased since the emergence of the knowledge economy, 

from 1980 to 2000.  

Aim Three of the present paper is to evaluate whether income distribution 

inequality is characteristic of technopoleis.  This evaluation is conducted by examining 

inequality rankings of technopoleis in 1980 and 2000, as well as Theil change scores.  

Results, as outlined in Chapter Four, indicate that Hypothesis II of the present research is 

not supported:  Income distribution inequality does not tend to be characteristic of U.S. 

technopoleis.  However, the patterns evidenced in this analysis indicate that overall, 

income inequality is increasing to a greater magnitude in technopoleis than non-

technopoleis.   This finding suggests that if this pattern continues or accelerates over 

time, income inequality could become characteristic of technopoleis.  These results echo 

research suggesting that technology may be linked to increasing within-group inequality 

rather than to high inequality, in high-tech regions as well as the wider country (McCall’s 

2000). 

Of final note is the analysis of the additive property of the Theil Index in Phase I 

analyses.  This property allows an examination of the specific contributions to MSA 

between-group inequality of each major occupational group.  Results reveal that in 1980, 
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the Managerial, Professional and Specialty as well as the Precision Production, Craft and 

Repair occupational groups earned more than their fair share of income in the majority of 

U.S. metro regions.  Conversely, Phase I analyses of 2000 data show that in most MSA’s 

only the Professional, Management and Related occupational group earned more than a 

fair share.  While caution must be exercised in interpreting these findings, they suggest 

that the Precision Production, Craft, and Repair occupational group lost ground in income 

shares with the emergence of the knowledge economy, lending support to the theory of 

skill-biased technological change (Bound and Johnson 1992; Berman et al. 1998; 

Kilcoyne 2003; Krueger 1993; McCall 2000a; McCall 2000b).  That the High-Tech 

occupational group makes more than its fair share of income in Phase I-B analyses of 

2000 data also suggests skill-biased technological change is at work, though results are 

inconclusive in the absence of a longitudinal comparison.   

Phase II  

The fourth and final aim of this research is to analyze the contribution to 

inequality of various detailed occupational groups in a sample of U.S. technopoleis.  This 

aim is achieved in Phase II analyses, which examine data for San Jose, Boston, Raleigh, 

Austin, Colorado Springs, and Boise and are discussed in Chapters Five through Seven.  

Results indicate that Hypothesis III of this paper is supported to some extent:  

Occupations with larger proportions of high-technology workers contribute more to 

technopolis income distribution inequality than most other occupations.  The 

Professional, Managerial and Related group still contributes by far the most to income 

distribution inequality in every sample technopolis.  However, the High-Tech 



   
 
 

 182

occupational group remains the only other group to make more than its fair share of 

income in the regions, and Hypothesis III is to some extent supported by the present 

research.    

 As indicated in the foregoing chapters, patterns of income distribution in the six 

sample technopoleis are remarkably similar.  Magnitudes of Theil Indices and 

contributions do differ to some degree between the regions, and there are a few 

differences in inequality patterns.  However, more similarities than differences exist 

among the sample technopoleis. 

The Professionals, Managers and Related occupational group has the greatest 

level of both between- and within-group inequality in every technopolis.  This indicates 

that the Professional group earns the largest income shares, but that these shares are 

concomitantly most unequal in distribution among the group’s detailed occupations.  

While these findings are understandable given that the inordinately large shares of MSA 

income of the group allow for greater diversity in distribution, they nonetheless reveal 

that Professionals still contribute the most to both types of inequality in the sample 

technopoleis.  These results support research that posits the greatest remuneration and 

benefits go to professionals and top managers (Brint 2001; Piore 1970; Sassen 1988, 

1991). 

While the Professional group is the leader in shares of income received, the High-

Tech occupational group remains the only other group in every sample technopolis to 

earn more than a fair share of income.  All other occupational groups earn less than their 

fair shares of income in every sample technopolis.  This is not surprising given the wealth 
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of literature outlining the high remuneration of technology workers (Kilcoyne 2003; 

Krueger 1993; U.S. Department of Commerce 2000b), as well as claims that 

technological change in the U.S. economy has brought about higher demand and 

remuneration of workers with specialized technical skills while workers without such 

skills are increasingly left behind (Berman et al. 1998; McCall 2000a).  These findings 

also support conclusions of other research on stratification in high-tech cities of the 

knowledge economy (Castells 1991; Kotkin 2000; McCall 2000b).  The High-Tech group 

typically ranks second or third on within-group inequality, indicating that the group tends 

to have moderate to moderately high levels of inequality in the distribution of income 

among its detailed occupations, which makes some contribution to its overall level of 

inequality as measured by the full Theil.  These findings illustrate that the Professional 

and High-Tech groups consistently earn more than their fair share of income in 

technopoleis, thereby exacerbating income distribution inequality.   

The Sales and Office major occupational group shows a general pattern of having 

the lowest between-group Theil contributions, indicating that its population shares 

consistently surpass its income shares to the greatest extent of all groups.  This pattern 

holds for all sample technopoleis except Boise, in which the contribution to the between-

group Theil of the Sales and Office group ranks third lowest in magnitude.  This is 

significant in that it breaks the pattern of all other sample technopoleis, and indicates that 

Boise’s Sales and Office workers as a group make larger relative income shares than their 

counterparts in all other technopoleis.  The Sales and Office group also shows a pattern of 

making the second- and third-highest contributions to the within-group Theil in all 
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sample technopoleis, illustrating that inequality in its distribution of income among 

detailed occupations is moderate to moderately-high in comparison to other occupational 

groups in the sample technopoleis.  This may suggest that certain detailed occupations 

within the group consistently garner larger proportions of income while others are left 

behind.  Overall, the present analysis indicates that the Sales and Office occupational 

group fares the worst in technopoleis in terms of income shares and has significant levels 

of income disparity among its detailed groups.   

The remaining three groups—Service; Production, Transportation and Material 

Moving; and Construction, Extraction and Maintenance—all make negative contributions 

to between-group inequality in every technopolis, a finding that generally corroborates 

claims made in dual-labor force literature (Sassen 1991; Castells 1991; Piore 1970).  

Additionally, these three groups generally make little or no contribution to within-group 

inequality, a result that supports previous research asserting the secondary sector in dual-

labor force economies has little bargaining power for wages and embodies the 

equilibrium in wages described by neoclassical economic theory (for review see 

Sakamoto and Chen 1991).  In the present research, these three groups generally cluster 

together in magnitude of contributions to both types of inequality.  Overall, findings of 

the present research indicate that these three groups make less than their fair share of the 

income in technopoleis, but usually have equitable distributions of income among the 

detailed occupational groups that comprise them.  

Because a primary focus of the present research is the impact of high-tech 

workers on income distribution inequality, the following section summarizes Theil 
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computations specific to the High-Tech major occupational group.  Findings discussed 

include full Theil scores, between-group contributions, within-group contributions, and 

in-depth analyses of the High-Tech group in the six sample technopoleis.  

 

8.2 Results of the High-Tech Occupational Group 

Full Theil Scores 

 The full Theil scores computed in Phase II of the present research reveal the total 

inequality contained in the occupational groups of the six sample technopoleis.  While the 

half-Theil measure incorporated in Phase I is a reasonable measure of income distribution 

inequality, it is cruder than the full Theil measure in that it ignores inequalities that lie 

within broad occupational groups, thereby underestimating to some degree the inequality 

existing in metro areas.  Phase II’s addition of within-group inequality provides a more 

comprehensive examination of income distribution inequality in the sample technopoleis. 

 The full-Theil results for each of the six sample technopoleis are displayed in 

Figure 8.1.  Three separate measures of inequality are included in this figure, each 

signified by a separate series:  the full-Theil Index, between-group inequality, and within-

group inequality.  The full-Theil computations denote the total sum of between- and 

within-group inequality in each technopolis.  
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Figure 8.1  Theil Scores of All Sample Technopoleis
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Figure 8.1 shows the level of total inequality in each technopolis, illustrating that 

Raleigh is the leader followed by Austin and then San Jose.  Colorado Springs has the 

lowest level of inequality.  By comparing the magnitudes of the full- and half-Theil 

results, it is apparent that the full-Theil enhances the measurement of technopolis 

inequality.  Boston’s inequality score is most affected by the full-Theil analysis, as it has 

the largest within-group inequality of all six technopoleis.  Conversely, Colorado 

Springs’ score is impacted the least by Phase II analyses.  The figure reveals that this 

metro’s full Theil and between-group inequality results are more comparable than in any 

other sample technopoleis, and its within-group inequality the lowest.   

The most significant finding illustrated by Figure 8.1 is the alteration in 

comparative inequality of Boston with the computation of a full Theil.  As shown by the 

series illustrating full-Theil Index results, Boston’s full Theil ranks fifth highest among 
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the six technopoleis, overtaking Colorado Springs in magnitude of inequality.  This is an 

unexpected and significant departure from Phase I analysis rankings, which place Boston 

well outside the top third of inequality metros.  This finding indicates that the addition of 

within-group inequality to a region’s overall Theil is able to drastically change its 

placement in MSA inequality rankings.  In the case of Boston, its large level of within-

group inequality went unmeasured in Phase I.  When it is incorporated in Phase II, the 

total income distribution inequality of the region becomes comparable to those of the 

other sample technopoleis, even overtaking the inequality level of Colorado Springs that 

ranks in the top third of inequality metros in Phase I.     

These findings explain Boston’s persistently low rankings in Phase I analysis, 

which are unexpected given its long-standing history as a major U.S. technopolis.  

Unmeasured within-group inequality may similarly be behind the low Phase I rankings of 

other technopoleis.  Because the largest contributor to the large within-group inequality 

in Boston is the Professional group, as indicated in Figure 5.5, we cannot conclude that 

the High-Tech occupational group is the primary source of greater inequality in full Theil 

results.  Nonetheless, it is possible that a full-Theil Index computed for all metro areas in 

this sample, while beyond the scope of the present research, could substantially modify 

the overall MSA inequality rankings and therefore alter the conclusion of this research 

that income distribution inequality is not characteristic of technopoleis. 

 Phase II analyses of the six sample technopoleis illustrate the dynamics of 

inequality among occupational groups.  Of greatest import to the present study is the 

analysis of income distribution specific to the High-Tech major occupational group.  In 
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order to highlight inequality patterns in this group, specific contributions to the Theil 

Index of the High-Tech groups of each sample technopolis are here discussed. 

Between-Group Inequality of High-Tech Major Occupational Groups 

 Figure 8.2 displays contributions to the between-group Theil of the High-Tech 

occupational group in each sample technopolis.  This figure provides a comparison of the 

relative contributions made by each High-Tech group to the inequality existing between 

the six major occupational groups of its own technopolis. 

Figure 8.2 Between-Group Theil Contributions of High-Tech 
Occupational Group
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 The figure illustrates that Colorado Springs’ High-Tech group makes the largest 

contribution of all the High-Tech groups, indicating it earns the largest relative income 

shares of all sample technopoleis.  High-tech workers also fare well in San Jose and 

Raleigh, which is not surprising given the standing of these two regions as competitive 

U.S. technopoleis.  However, that high-tech workers as a group earn the largest income 

shares in Colorado Springs is surprising given the metro’s relatively recent emergence as 
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a technopolis.  Figure 8.1 shows Colorado Springs has the lowest full Theil, denoting it 

has the least amount of total income distribution inequality of all sample technopoleis.  

Results for Colorado Springs from Figures 8.1 and 8.2 together indicate that the 

technopolis has the lowest relative income distribution inequality, and that high-tech 

workers fare best there.  This is likely the result of labor market conditions specific to 

Colorado Springs and its High-Tech occupational group.  Given that total income 

inequality in Colorado Springs is low, and that its Professional group earns the smallest 

relative income shares of all technopoleis, it is possible that high-tech incomes are more 

able to rival those of Professionals and therefore the High-Tech group fares 

comparatively better than in other sample technopoleis.      

 Conversely, Figure 8.2 indicates that Boise’s High-Tech group has the lowest 

comparative contribution to between-group inequality, indicating that its relative income 

shares are the lowest of all sample technopoleis.  Thus, high-tech workers as a group fare 

worst in Boise.  One possibility to explain this finding is Boise’s status as an emerging 

technopolis.  However, taken together with the favorable results of the emerging 

Colorado Springs technopolis on the same measure, this explanation is not sufficient.  On 

the whole, the larger income shares garnered by high-tech workers in Colorado Springs 

and San Jose juxtaposed against the smaller ones of Boise and Boston provide no 

evidence that size or age of technopolis affects magnitude of relative income shares 

earned by high-tech workers.  A more plausible explanation is that the wage structure of 

technology workers is lower in Boise.  This possibility is supported by Kilcoyne’s (2003) 

research, which reports that Boise has the 9th largest share of high-tech workers in the 
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U.S., but that their average annual wage is $49,940 in comparison to eight of the other 

top ten regions that earn $60,000 – 80,000.  This lower wage structure is likely the result 

of labor market conditions in the region such as unemployment, demand for high-tech 

workers, or state controls. 

Within-Group Inequality of High-Tech Major Occupational Groups 

  Within-group inequality is the second component of the full Theil Index, and 

indicates the level of inequality that exists in the distribution of income across the 

detailed high-tech occupations of High-Tech occupational group.  Figure 8.3 depicts the 

contribution of each major occupational group to the within-group Theil of its respective 

technopolis.   

Figure 8.3  Within-Group Theil Contributions of High-Tech 
Occupatioanl Group
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 This figure indicates that Boise scores highest on the measure of within-group 

inequality, illustrating that its High-Tech group has the most unequal distribution of 
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income among its detailed groups of all sample technopoleis.  This finding stands in stark 

contrast to results shown in Figure 8.2 indicating Boise scores lowest on the measure of 

between-group inequality.  These results of the two figures, taken together, illustrate that 

in comparison to the other sample technopoleis, Boise’s high-tech workers at once garner 

the smallest relative income shares but have the greatest discrepancies among the 

incomes of their detailed occupations.   

Research on within-group wage inequality may help to explain these findings.  

Gottschalk (1997) finds that one-third of within-group wage inequality is explained by 

instability of earnings.  McCall (2000a) also finds that flexible and insecure employment 

are highly correlated with within-group wage inequality in local labor markets, and 

further that labor market conditions mediate the association between technology and 

wage inequality within groups.  Given these findings, it is possible that factors such as 

unemployment or large proportions of contingent workers may have strong impacts on 

the within-group inequality of Boise’s High-Tech group. 

 Figure 8.3 also illustrates that Colorado Springs and San Jose have relatively high 

within-group inequalities.  On the other hand, Raleigh and Boston both have lower 

within-group inequality in comparison to the other sample metro areas, which shows that 

income is distributed more evenly across detailed occupational groups in these 

technopoleis such that income shares of high-tech workers as a group are more 

comparable.  

 Interestingly, Figures 8.2 and 8.3 indicate that San Jose’s High-Tech group has 

relatively high between- and within-group inequality, while Boston’s corresponding 
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group has low inequality on both these measures.  This indicates that San Jose’s high-

tech workers earn relatively more, but have more disparity between specific high-tech 

occupations.  Conversely, Boston’s high-tech workers earn relatively less, but incomes of 

detailed occupations within the High-Tech group are more comparable.  Further, Boise 

has low between- and high within-group inequality while Colorado Springs has high-

between and moderately high within-group inequality.  These disparate results for the 

four technopoleis underscore the previous finding that age and size of technopolis do not 

appear to affect the dynamics of between- or within-group inequality.  While all six 

sample technopoleis have high and comparable levels of inequality as evidenced by full 

Theil scores, the present research indicates that the dynamics of inequality operate 

independently of longevity and size of technopoleis, and that other factors such as labor 

market conditions may be at work.   

In-Depth Analyses of High-Tech Occupational Group  

 The in-depth analyses of the High-Tech occupational groups provide greater 

insight into the dynamics of inequality of high-tech workers.  Figure 8.4 models results of 

the half-Theil Index computed on the High-Tech major occupational group of each 

sample technopolis. 
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Figure 8.4  In-Depth Analysis of High-Tech Occupational Group
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 This figure indicates that Boise’s High-Tech group has the greatest level of 

between-group inequality. This indicates that of all sample technopoleis, Boise’s detailed 

occupational groups have the most inequality in the distribution of income between them.  

This is not surprising given that Boise’s High-Tech group had the highest level of within-

group inequality in the full Theil analysis.  The High-Tech groups of Austin and 

Colorado Springs also have high levels of inequality between their detailed occupations, 

while Raleigh’s group has the lowest such levels of inequality. 

Results of the in-depth analyses of the High-Tech groups discussed in the 

preceding chapters indicate that of all BLS defined high-tech occupations, only Computer 

Software Engineers make more than their fair share of income in every sample 

technopolis of the present study.  Findings indicate that the Computer Software Engineers 

group has income shares that consistently exceed its population shares, and that of all 

detailed high-tech occupations, it does the most to exacerbate income inequality in the 

sample technopoleis.  Electrical and Electronics Engineers as well as Computer Hardware 
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Engineers tend to usually make more than their fair share of income, though not in every 

sample technopolis.   

Several detailed high-tech occupations tend to make less than their fair share of 

income within the broad High-Tech occupational groups in the majority of technopoleis 

in which they are represented.  These occupations are:  Network Systems and Data 

Communications Analysts; Biomedical Engineers; Misc. Engineering Technicians; 

Epidemiologists and Medical Scientists; Chemists and Material Scientists; Environmental 

Scientists, Geoscientists, and Hydrologists; Medical and Clinical Laboratory 

Technologists and Technicians; and Cardiovascular Technologists and Technicians, 

Diagnostic Medical Sonographers, Nuclear Medicine Technologists, Radiological 

Technologists and Technicians, Medical and Clinical Laboratory Technicians. This 

listing of occupations is marked by an abundance of physical scientists.  When compared 

to the detailed occupations that tend to consistently do well in terms of income shares, 

this finding may suggest income disparities that divide high-tech occupations based on 

engineering vs. physical science.  These findings overall indicate that a larger number of 

high-tech occupations make less than their fair share of income in technopoleis, belying 

the inequality in distribution of income across detailed high-tech occupations.   

Interestingly, the remaining occupations exert different impacts on the income 

distributions of the High-Tech major occupational groups of different technopoleis, in 

some cases earning more, in other cases less than a fair share.  For example, Computer 

Programmers make less than their fair share of income in Colorado Springs, Boston and 

Austin, but more than their fair share in Raleigh and San Jose.  This illustrates that 
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dynamics of inequality differ across technopoleis, and detailed occupations operate 

differently in the income distributions of various technology regions.  Nonetheless, while 

some detailed groups do better than others, high-tech workers as a whole earn more than 

their fair share of income in technopoleis and contribute more to income distribution 

inequality than all occupational groups except Professionals.         

 

8.3 Discussion and Implications 

 Key contributions of the present study fall under three broad categories.  This 

section will discuss implications of the current study for these areas:  challenging the 

work of Richard Florida’s research group, dual-labor market theory, and the emerging 

phenomenon of global outsourcing. 

Challenging Richard Florida’s Research Group 
 

A key contribution of the present study is the challenge it presents to the work of 

Richard Florida’s research group, Catalytix, which is published in Stolarick 2003.  This 

work is drawn upon in other recent studies that assert that creative regions, or 

technopoleis, have the highest level of income distribution inequality in the U.S. (Florida 

2003; Hicks 2003).  Stolarick’s research uses Occupational Employment Statistics data 

from the BLS to compute a half-Theil using an occupational classification scheme based 

on creative, service, and working-class jobs.  Outcomes indicate that technopoleis have 

the greatest level of income distribution inequality of all U.S. MSA’s; for example, San 

Jose and Raleigh are found to be the two regions of over one million in population that 

have the greatest income inequality in the U.S.  Surprisingly, results of the present 
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research tell a different story, indicating that income distribution inequality is not 

characteristic of technopoleis.  While Stolarick 2003 finds that technopoleis have the 

highest income distribution inequality existing in U.S. MSA’s, the present study finds 

that technopoleis have experienced the greatest increases in this inequality since 1980 but 

that such inequality is not characteristic of all technopoleis.  Should these increases 

continue, it is likely that technopoleis could become regions characterized by inordinately 

high levels of income stratification, especially since occupations with large proportions of 

high-technology workers in the present research contribute more to technopolis income 

distribution inequality than most other occupations.  However, the differences between 

Stolarick 2003 and the present research are significant because high existing inequality is 

certainly not the same phenomenon as growing inequality. 

The conflicting results of the two studies are likely due to the different 

classification systems employed:  while Stolarick classifies occupations by creative, 

working and service class, the present research classifies them by the traditional SOC 

system.  This is a key finding in that it calls into question the appropriate classification of 

occupations for studies of inequality in the knowledge economy.  Whereas the current 

research uses a more traditional classification system, Florida’s colleagues employ his 

typology of a creative class of workers that lumps together, for instance, both hair 

dressers and computer software engineers into one class.  While perhaps helpful to the 

cultural make-up of U.S. technopoleis, this class scheme is intuitively less appropriate in 

analyses of the economic dynamics of labor markets.  Because this classification system 

used by Florida and colleagues is the foundation of their claims about creative cities that 
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have received much attention in the literature and media, the findings of the present 

research pose a significant challenge to their theories on the economic climate of regions 

as well as the zeitgeist of technopoleis.      

Dual-Labor Market Theory   

 The current research contributes to the literature on dual-labor force economies by 

showing that the Precision Production, Craft, and Repair occupational group appears to 

have lost ground in income shares during the past two decades.  The present research 

goes beyond existing theory to suggest that the dual-labor market theory can now be 

extended to include high-tech workers along with the Professional group in the primary 

sector, and to extend beyond global cities to technopoleis.   

By 2000, high-tech workers had joined the Professional group in earning more 

than their fair share of income, while all other groups earned less than a fair share.  

Outcomes of Phase II analyses indicate that a bifurcation of the labor market exists 

between higher- and lower-skilled occupational groups.  General patterns reflect a 

pronounced polarization, with the Professional and High-Tech groups on one end of the 

spectrum of income distribution inequality and the remaining occupational groups—Sales 

and Office; Service; Production, Transportation and Material Moving; and Construction, 

Extraction and Maintenance—on the other.  Evidence exists in the sample technopoleis 

of a labor market bifurcated according to skill level, type of occupation, and 

remuneration.   

All six sample technopoleis studied in this research show a pattern of high-tech 

workers reaping large financial rewards in 2000 while most other occupational groups 
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earn smaller income shares.  However, this research also shows that the Professionals 

remain the largest income-share earners in all sample technopoleis.  While high-tech 

occupations have fared well economically in technopoleis, Professionals have reaped the 

highest income-shares.  It is Professionals, therefore, that have exacerbated income 

distribution inequality in technopoleis to the greatest degree of all occupational groups.   

Nevertheless, technology workers have in fact emerged over the past two decades 

as economic contenders in the labor market.  The emergence of the high-tech labor force 

during the rise of the digital economy clearly changed the landscape of income 

distribution inequality in U.S. technopoleis.  High-tech occupations were born and by 

2000 were garnering high comparative income shares in local labor markets, as shown by 

the present research.  While bifurcation of the labor market has traditionally existed 

between Professionals and all other groups, high-tech workers have now joined 

Professionals in the ranks of high-income earners.  In the wake of this process new 

patterns of inequality have emerged in technopoleis of Professionals and high technology 

workers acquiring the better shares of income while all other groups are increasingly left 

behind.  These processes represent a new extension of dual-labor market theory brought 

about by the knowledge economy. 

While dual-labor market theory has traditionally located the segmented labor 

market in large global cities, the present study finds segmentation in technopoleis that 

comprise both global cities and smaller, emerging metro areas.  Though technopoleis are 

a new creation of the digital economy, results of the current research indicate their labor 

markets resemble the dual-labor markets of global cities.  Thus, the current research 
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contributes to the existing literature by pointing to the extension of dual-labor market 

theory to include technopoleis in addition to global cities.   

Outsourcing 

 While the quantitative analysis of this study is concerned with income distribution 

inequality, findings also have implications for the emerging phenomenon of global 

outsourcing.  Because history has shown that occupations and skills can become outdated 

and even extinct in a matter of decades, it is nearly inevitable that the occupations 

considered high-tech today will not always enjoy high status and remuneration.  As high-

tech workers multiply, research and development progresses, and technological 

innovations proliferate, demand for and remuneration of workers with aging technology 

skills may wane.   

This process has occurred among Computer Programmers, who were once on the 

cutting edge of technology at the advent of the digital economy in the late seventies and 

early eighties.  Results of Phase II analyses show that this occupational group does not 

currently garner the largest income shares among detailed high-tech occupations.  As 

computer programmers have multiplied in number and some programming languages 

have become obsolete, this occupational group has transformed in many cases from 

producers of revolutionary technologies to hired hands that perform routinized tasks.  

Computer Software Engineers, the only group in the present analysis that consistently 

earns more than its fair share of income among the High-Tech occupational major group, 

may follow this example of Computer Programmers.  Given that software engineers now 

develop emerging technologies such as artificial intelligence, voice recognition 
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computing, and security/privacy software, progress is largely dependent upon them and 

they are economically rewarded in kind.  However, as their skills proliferate the labor 

force, the relative economic advantage of Computer Software Engineers is at risk.   

This conversion of highly-skilled labor into rote work is at the heart outsourcing, 

an issue at the forefront of current events.  As specific technology skills become more 

routinized and widespread, companies have a larger pool of labor from which to draw 

and are increasingly moving operations to countries in which wages and operation costs 

are lower.  While this phenomenon once applied chiefly to lower-skill manufacturing 

jobs, the same processes are now occurring with highly-skilled technology and 

professional services occupations such as computer programming, software engineering 

and accounting.  Occupations formerly considered ‘safe’ are now at risk of outsourcing 

given the growing education- and skill-levels of foreign labor markets in conjunction 

with the development of telecommunications, computers, and the World Wide Web.  

Modern-day job competition is extending from local, to national, to global labor markets 

in the increasingly networked knowledge economy.   

 

The present study has contributed to the current body of research by challenging 

the research of Richard Florida and colleagues and by illustrating that dual-labor market 

theory can be extended to encompass hi-tech workers along with Professionals in the 

primary sector, and technopoleis along with global cities.  The current research also has 

implications for the emerging process of global outsourcing, indicating that high-tech 
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workers helped to craft the architecture of global system that is now threatening their 

economic advantages.   

As skill-biased technological change theory suggests, demand for the current 

high-tech workers may decline as newer technologies and cheaper labor move into the 

marketplace.  U.S. technology workers will need to frequently upgrade their skills and 

remain progressive in order to retain the economic advantages they have enjoyed during 

recent decades. Whether they are competing for income shares in local labor markets or 

jobs in the global marketplace, high-tech workers that fuel the engines of innovation and 

emerging technologies will likely fare better than those looking over their shoulders at 

the gaining competition.         

While results have shown that high-tech workers have enjoyed financial 

prosperity in U.S. technopoleis since the rise of the knowledge economy, they are not 

guaranteed longevity of high wages and abundant job prospects as the economy develops.  

Rather, because technologies and markets quickly change, high-tech workers are at risk 

of becoming antiquated.  For example, the economic prospects of software engineers 

could be severely hampered by the proliferation of Linux or competition in Bangalore.  In 

the current economic slump, the occupations that will enjoy future success depend largely 

on which technology, of several that sit perched for take-off, is the next big boom.  

Should it be biotechnology or nanotechnology, for example, the physical scientists whose 

income shares lagged behind those of engineers in the present study could become the 

future economic winners.  The central theme is that in an age of rapidly changing 

technology and global competition, the best indicator of continued economic success 
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among high-tech workers may be innovation.  The theory of creative destruction 

(Tapscott 1999) applies to the current marketplace, in which high-tech occupations that 

stagnate will be superseded and those that are progressive and linked to new research and 

development will likely retain the largest income shares and job prospects by creating 

next-generation technologies. 

This focus on replacing existing urban landscapes with new technology-based 

development was a key process in the emergence of U.S. technopoleis throughout the 

1980’s and 1990’s.  In the labor forces of technopoleis, entrepreneurship and innovation 

are vital, and they may well be for workers of many more regions in the emerging 

economy.  Increasing income distribution inequality has been another component 

characteristic of the labor forces in technopoleis, one that remuneration of high-tech 

workers has served to exacerbate.  As local labor markets are exposed to competition 

internally, nationally and globally, the relative income advantages of high-tech workers 

will likely depend on their ability to dynamically change and innovate with the tides of 

economic development.     

 

8.4 Future Directions 

 This study affords several opportunities for future research.  First, the in-depth 

analyses of income distribution inequality in the present research are limited to only six 

sample technopoleis.  As such, no comparison of detailed income dynamics between 

technopoleis and non-technopoleis is possible.  Future research should incorporate a 
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comprehensive analysis of both types of regions in order to assess how dynamics of 

income inequality differ between them.   

Secondly, longitudinal research employing a full Theil Index would be 

instrumental in ascertaining the specific impacts on income distribution inequality 

exerted over time by the High-Tech occupational group.  This would take into account 

between- as well as within-group inequality and also elucidate the contribution of high-

tech workers to MSA income inequality throughout the various stages of development of 

the knowledge economy.  The quantitative analysis of the present study reveals that 

within-group inequalities are an important component of overall income distribution 

inequality.  While computation of a full Theil Index at the detailed occupational level 

with large-scale data is a significant undertaking, the present research shows that such an 

analysis may change inequality rankings based on the cruder half-Theil measure, as was 

the case with the Boston technopolis.  Computing a full Theil for all MSA’s in the 

sample, while beyond the scope of the present study, would build upon the current 

research and have the potential to alter conclusions of the present study and perhaps 

support Hypothesis II, which posits that income inequality is characteristic of 

technopoleis.  However, given the need for large-scale data with highly detailed 

occupational and geographic variables, such an analysis may have to wait until the 

release of Census 2010 data.    

Thirdly, a quantitative study that builds upon the current research with a model of 

causation would be integral to further analyze the relationship between technology and 

income inequality.  The present research is able to identify patterns and dynamics of 
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inequality, but does not pinpoint causation in these trends.  Of particular interest is how 

industry, education, gender and race/ethnicity mediate the association between high 

technology and income inequality.  A study that identifies high-tech occupations by the 

industries in which they are located will be a powerful instrument in identifying the 

association between technology and income distribution inequality in the labor forces of 

U.S. MSA’s.   
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Appendix A 

PUMS Data File Detail 

Public-Use Microdata Sample data consist of two files, one representing a one 

percent stratified sample and the other a five percent stratified sample of the U.S. 

population, which amount to sub-samples of the full Census sample containing 

respondents to the long form.  The files are created with the goal of maximizing data 

detail while protecting confidentiality of respondents.  The one percent data of the 1980 

PUMS, commonly referred to as the ‘B sample’, identify 282 Standard Metropolitan 

Statistical Areas (SMSA’s), the geographical unit of interest in the present research.  

1980 PUMS five-percent sample identifies only 180 SMSA’s of import to the present 

research, and excludes technology regions such as Atlanta, Denver-Boulder and 

Washington D.C.-MD-VA that are of particular interest to the present study.  Therefore, 

the one percent data file is chosen for the present analysis.  Conversely, the 2000 PUMS 

one percent file has a different geographic scheme than the 1980 file, and identifies fewer 

Metropolitan Statistical Areas (MSA’s) than does the 2000 five percent file.  However, 

because the occupation variable in the 2000 one percent file encompasses a finer 

distinction of detail required by this analysis than does the five percent file, as well as in 

the interest of using the same sample across years, PUMS one percent data are chosen for 

all phases of the present analysis.   
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Appendix B 

 
 
Standard Occupational Classification 
Overseen by the U.S. Office of Management and Budget  
 
 
1980 Standard Occupational Classification 

MANAGERIAL AND PROFESSIONAL SPECIALTY OCCUPATIONS  

Executive, Administrative, and Managerial Occupations  
003 Legislators  
004 Chief executives and general administrators, public administration  
005 Administrators and officials, public administration  
006 Administrators, protective service  
007 Financial managers  
008 Personnel and labor relations managers  
009 Purchasing managers  
013 Managers, marketing, advertising, and public relations  
014 Administrators, education and related fields  
015 Managers, medicine and health  
016 Managers, properties and real estate  
017 Postmasters and mail superintendents  
018 Funeral directors  
019 Managers and administrators, n.e.c.  
       Management Related Occupations:  
023     Accountants and auditors  
024     Underwriters  
025     Other financial officers  
026     Management analysts  
027     Personnel, training, and labor relations specialists  
028     Purchasing agents and buyers, farm products  
029     Buyers, wholesale and retail trade, except farm products  
033     Purchasing agents and buyers, n.e.c.  
034     Business and promotion agents  
035     Construction inspectors  
036     Inspection and compliance officers, except construction  
037     Management related occupations, n.e.c.  
Professional Specialty Occupations:  
       Engineers, Architects, and Surveyors:  
043 Architects  
       Engineers:  
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044     Aerospace  
045     Metallurgical and materials  
046     Mining  
047     Petroleum  
048     Chemical  
049     Nuclear  
053     Civil  
054     Agricultural  
055     Electrical and electronic  
056     Industrial  
057     Mechanical  
058     Marine and naval architects  
059     Engineers, n.e.c.  
063 Surveyors and mapping scientists  
       Mathematical and Computer Scientists:  
064     Computer systems analysts and scientists  
065     Operations and systems researchers and analysts  
066     Actuaries  
067     Statisticians  
068     Mathematical scientists, n.e.c.  
       Natural Scientists:  
069     Physicists and astronomers  
073     Chemists, except biochemists  
074     Atmospheric and space scientists  
075     Geologists and geodesists  
076     Physical scientists, n.e.c.  
077     Agricultural and food scientists  
078 Biological and life scientists  
079 Forestry and conservation scientists  
083 Medical scientists  
       Health Diagnosing Occupations:  
084     Physicians  
085     Dentists  
086     Veterinarians  
087     Optometrists  
088     Podiatrists  
089     Health diagnosing practitioners, n.e.c.  
       Health Assessment and Treating Occupations:  
095     Registered nurses  
096     Pharmacists  
097     Dietitians  
       Therapists:  
098     Inhalation therapists  
099     Occupational therapists  
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103     Physical therapists  
104     Speech therapists  
105     Therapists, n.e.c.  
106 Physicians’ assistants  
       Teachers, Postsecondary:  
113     Earth, environmental, and marine science teachers  
114     Biological science teachers  
115     Chemistry teachers  
116     Physics teachers  
117     Natural science teachers, n.e.c.  
118     Psychology teachers  
119     Economics teachers  
123     History teachers  
124     Political science teachers  
125     Sociology teachers  
126     Social science teachers, n.e.c.  
127     Engineering teachers  
128     Mathematical science teachers  
129     Computer science teachers  
133     Medical science teachers  
134     Health specialties teachers  
135     Business, commerce, and marketing teachers  
136     Agriculture and forestry teachers  
137     Art, drama, and music teachers  
138     Physical education teachers  
139     Education teachers  
143     English teachers  
144     Foreign language teachers  
145     Law teachers  
146     Social work teachers  
147     Theology teachers  
148     Trade and industrial teachers  
149     Home economics teachers  
153     Teachers, postsecondary, n.e.c.  
154     Postsecondary teachers, subject n.s.  
       Teachers, Except Postsecondary:  
155     Teachers, prekindergarten and kindergarten  
156     Teachers, elementary school  
157     Teachers, secondary school  
158     Teachers, special education  
159     Teachers, n.e.c.  
163 Counselors, educational and vocational  
       Librarians, Archivists, and Curators:  
164      Librarians  
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165     Archivists and curators  
       Social Scientists and Urban Planners:  
166     Economists  
167     Psychologists  
168     Sociologists  
169     Social scientists, n.e.c.  
173     Urban planners  
       Social, Recreation, and Religious Workers:  
174     Social workers  
175     Recreation workers  
176     Clergy  
177     Religious workers, n.e.c.  
       Lawyers and Judges:  
178     Lawyers  
179     Judges  
       Writers, Artists, Entertainers, and Athletes:  
183     Authors  
184     Technical writers  
185     Designers  
186     Musicians and composers  
187     Actors and directors  
188     Painters, sculptors, craft-artists, and artist printmakers  
189     Photographers  
193     Dancers  
194     Artists, performers, and related workers, n.e.c.  
195     Editors and reporters  
197     Public relations specialists  
198     Announcers  
199     Athletes   

TECHNICAL, SALES, AND ADMINISTRATIVE SUPPORT OCCUPATIONS  

Technicians and Related Support Occupations  
       Health Technologists and Technicians:  
203     Clinical laboratory technologists and technicians  
204     Dental hygienists  
205     Health record technologists and technicians  
206     Radiologic technicians  
207     Licensed practical nurses  
208     Health technologists and technicians, n.e.c.  

Technologists and Technicians, Except Health:  
       Engineering and Related Technologists and Technicians:  
213     Electrical and electronic technicians  
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214     Industrial engineering technicians  
215     Mechanical engineering technicians  
216     Engineering technicians, n.e.c.  
217     Drafting occupations  
218     Surveying and mapping technicians  
       Science Technicians:  
223     Biological technicians  
224     Chemical technicians  
225     Science technicians, n.e.c.  
       Technicians, Except Health, Engineering and Science:  
226     Airplane pilots and navigators  
227     Air traffic controllers  
228     Broadcast equipment operators  
229     Computer programmers  
233     Tool programmers, numerical control  
234     Legal assistants  
235     Technicians, n.e.c.  

Sales Occupations  
243 Supervisors and proprietors, sales occupations  
       Sales Representatives, Finance and Business Services:  
253     Insurance sales occupations  
254     Real estate sales occupations  
255     Securities and financial services sales occupations  
256     Advertising and related sales occupations  
257     Sales occupations, other business services  
       Sales Representatives, Commodities, Except Retail:  
258     Sales engineers  
259     Sales representatives, mining, manufacturing, and wholesale  
       Sales Workers, Retail and Personal Services:  
263     Sales workers, motor vehicles and boats  
264     Sales workers, apparel  
265     Sales workers, shoes  
266     Sales workers, furniture and home furnishings  
267     Sales workers, radio, TV, hi-fi, and appliances  
268     Sales workers, hardware and building supplies  
269     Sales workers, parts  
274     Sales workers, other commodities  
275     Sales counter clerks  
276     Cashiers  
277     Street and door-to-door sales workers  
278     News vendors  
       Sales-Related Occupations:  
283     Demonstrators, promoters and models, sales  
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284     Auctioneers  
285     Sales support occupations, n.e.c.  

Administrative Support Occupations, Including Clerical:  
       Supervisors, Administrative Support Occupations:  
303     Supervisors, general office  
304     Supervisors, computer equipment operators  
305     Supervisors, financial records processing  
306     Chief communications operators  
307     Supervisors, distribution, scheduling, and adjusting clerks  
       Computer Equipment Operators:  
308     Computer operators  
309     Peripheral equipment operators  
       Secretaries, Stenographers and Typists:  
313     Secretaries  
314     Stenographers  
315     Typists  
       Information Clerks:  
316     Interviewers  
317     Hotel clerks  
318     Transportation ticket and reservation agents  
319     Receptionists  
323     Information clerks, n.e.c.  
       Records Processing Occupations, Except Financial:  
325     Classified-ad clerks  
326     Correspondence clerks  
327     Order clerks  
328     Personnel clerks, except payroll and timekeeping  
329     Library clerks  
335     File clerks  
336     Records clerks  
       Financial Records Processing Occupations:  
337     Bookkeeping, accounting, and auditing clerks  
338     Payroll and timekeeping clerks  
339     Billing clerks  
343     Cost and rate clerks  
344     Billing, posting, and calculating machine operators  
       Duplicating, Mail, and Other Office Machine Operators:  
345     Duplicating machine operators  
346     Mail preparing and paper handling machine operators  
347     Office machine operators, n.e.c.  
       Communications Equipment Operators:  
348     Telephone operators  
349     Telegraphers  
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353     Communications equipment operators, n.e.c.  
       Mail and Message Distributing Occupations:  
354     Postal clerks, except mail carriers  
355     Mail carriers, postal service  
356     Mail clerks, except postal service  
357     Messengers  
       Material Recording, Scheduling, and Distributing Clerks:  
359     Dispatchers  
363     Production coordinators  
364     Traffic, shipping, and receiving clerks  
365     Stock and inventory clerks  
366     Meter readers  
368     Weighers, measurers, and checkers  
369     Samplers  
373     Expediters  
374     Material recording, scheduling, and distributing clerks, n.e.c.  
       Adjusters and Investigators:  
375     Insurance adjusters, examiners, and investigators  
376     Investigators and adjusters, except insurance  
377     Eligibility clerks, social welfare  
378     Bill and account collectors  
       Miscellaneous Administrative Support Occupations:  
379     General office clerks  
383     Bank tellers  
384     Proofreaders  
385     Data-entry keyers  
386     Statistical clerks  
387     Teachers' aides  
389     Administrative support occupations, n.e.c.   

SERVICE OCCUPATIONS  

       Private Households Occupations  
403     Launderers and Ironers  
404     Cooks, private household  
405     Housekeepers and butlers  
406     Child care workers, private household  
407     Private household cleaners and servants  

Protective Service Occupations  
       Supervisors, Protective Service Occupations:  
413     Supervisors, firefighting and fire prevention occupations  
414     Supervisors, police and detectives  
415     Supervisors, guards  
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       Firefighting and Fire Prevention Occupations:  
416     Fire inspection and fire prevention occupations  
417     Firefighting occupations  
       Police and Detectives:  
418     Police and detectives, public service  
423     Sheriffs, bailiffs, and other law enforcement officers  
424     Correctional institution officers  
       Guards:  
425     Crossing guards  
426     Guards and police, except public service  
427     Protective service occupations, n.e.c.  

Service Occupations, Except Protective and Household:  
       Food Preparation and Service Occupations:  
433     Supervisors, food preparation and service occupations  
434     Bartenders  
435     Waiters and waitresses  
436     Cooks, except short order  
437     Short-order cooks  
438     Food counter, fountain, and related occupations  
439     Kitchen workers, food preparation  
443     Waiters'/waitresses' assistants  
444     Miscellaneous food preparation occupations  
       Health Service Occupations:  
445     Dental assistants  
446     Health aides, except nursing  
447     Nursing aides, orderlies, and attendants  
       Cleaning and Building Service Occupations, except Household:  
448     Supervisors, cleaning and building service workers  
449     Maids and housemen  
453     Janitors and cleaners  
454     Elevator operators  
455     Pest control occupations  
       Personal Service Occupations:  
456     Supervisors, personal service occupations  
457     Barbers  
458     Hairdressers and cosmetologists  
459     Attendants, amusement and recreation facilities  
463     Guides  
464     Ushers  
465     Public transportation attendants  
466     Baggage porters and bellhops  
467     Welfare service aides  



   
 
 

 214

468     Child care workers, except private household  
469     Personal service occupations, n.e.c.   

FARMING, FORESTRY, AND FISHING OCCUPATIONS  

       Farm Operators and Managers:  
473     Farmers, except horticultural  
474     Horticultural specialty farmers  
475     Managers, farms, except horticultural  
476     Managers, horticultural specialty farms   

Other Agricultural and Related Occupations:  
       Farm Occupations, Except Managerial:  
477     Supervisors, farm workers  
479     Farm workers  
483     Marine life cultivation workers  
484     Nursery workers  
       Related Agricultural Occupations:  
485     Supervisors, related agricultural occupations  
486     Groundskeepers and gardeners, except farm  
487     Animal caretakers, except farm  
488     Graders and sorters, agricultural products  
489     Inspectors, agricultural products  
       Forestry and Logging Occupations:  
494     Supervisors, forestry and logging workers  
495     Forestry workers, except logging  
496     Timber cutting and logging occupations  
       Fishers, Hunters, and Trappers:  
497     Captains and other officers, fishing vessels  
498     Fishers  
499     Hunters and trappers   

PRECISION PRODUCTION, CRAFT, AND REPAIR OCCUPATIONS  

Mechanics and Repairers  
503 Supervisors, mechanics and repairers  

Mechanics and Repairers, Except Supervisors:  
       Vehicle and Mobile Equipment Mechanics and Repairers:  
505     Automobile mechanics, except apprentices  
506     Automobile mechanic apprentices  
507     Bus, truck, and stationary engine mechanics  
508     Aircraft engine mechanics  
509     Small engine repairers  
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514     Automobile body and related repairers  
515     Aircraft mechanics, except engine  
516     Heavy equipment mechanics  
517     Farm equipment mechanics  
518     Industrial machinery repairers  
519     Machinery maintenance occupations  
       Electrical and Electronic Equipment Repairers:  
523     Electronic repairers, communications and industrial equipment  
525     Data processing equipment repairers  
526     Household appliance and power tool repairers  
527     Telephone line installers and repairers  
529     Telephone installers and repairers  
533     Miscellaneous electrical and electronic equipment repairers  
534     Heating, air conditioning, and refrigeration mechanics  
       Miscellaneous Mechanics and Repairers:  
535     Camera, watch, and musical instrument repairers  
536     Locksmiths and safe repairers  
538     Office machine repairers  
539     Mechanical controls and valve repairers  
543     Elevator installers and repairers  
544     Millwrights  
547     Mechanics and repairers, n.e.c.  
549     Mechanics and repairers, n.s.  

Construction Trades  
       Supervisors, Construction Occupations:  
553     Supervisors, brickmasons, stonemasons, and tile setters  
554     Supervisors, carpenters and related workers  
555     Supervisors, electricians and power transmission installers  
556     Supervisors, painters, paperhangers, and plasterers  
557     Supervisors, plumbers, pipefitters, and steamfitters  
558     Supervisors, n.e.c.  
       Construction Trades, Except Supervisors:  
563     Brickmasons and stonemasons, except apprentices  
564     Brickmason and stonemason apprentices  
565     Tile setters, hard and soft  
566     Carpet installers  
567     Carpenters, except apprentices  
569     Carpenter apprentices  
573     Drywall installers  
575     Electricians, except apprentices  
576     Electrician apprentices  
577     Electrical power installers and repairers  
579     Painters, construction and maintenance  
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583     Paperhangers  
584     Plasterers  
585     Plumbers, pipefitters, and steamfitters, except apprentices  
587     Plumber, pipefitter, and steamfitter apprentices  
588     Concrete and terrazzo finishers  
589     Glaziers  
593     Insulation workers  
594     Paving, surfacing, and tamping equipment operators  
595     Roofers  
596     Sheetmetal duct installers  
597     Structural metal workers  
598     Drillers, earth  
599     Construction trades, n.e.c.  

Extractive Occupations  
613 Supervisors, extractive occupations  
614 Drillers, oil well  
615 Explosives workers  
616 Mining machine operators  
617 Mining occupations, n.e.c.  

Precision Production Occupations  
633 Supervisors production occupations  
       Precision Metal Working Occupations:  
634     Tool and die makers, except apprentices  
635     Tool and die maker apprentices  
636     Precision assemblers, metal  
637     Machinists, except apprentices  
639     Machinist apprentices  
643     Boilermakers  
644     Precision grinders, fitters, and tool sharpeners  
645     Patternmakers and model makers, metal  
646     Lay-out workers  
647     Precious stones and metals workers  
649     Engravers, metal  
653     Sheet metal workers, except apprentices  
654     Sheet metal worker apprentices  
655     Miscellaneous precision metal workers  
       Precision Woodworking Occupations:  
656     Patternmakers and model makers, wood  
657     Cabinet makers and bench carpenters  
658     Furniture and wood finishers  
659     Miscellaneous precision woodworkers  
       Precision Textile, Apparel, and Furnishings Machine Workers:  
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666     Dressmakers  
667     Tailors  
668     Upholsterers  
669     Shoe repairers  
673     Apparel and fabric patternmakers  
674     Misc. precision apparel and fabric workers  
       Precision Workers, Assorted Materials:  
675     Hand molders and shapers, except jewelers  
676     Patternmakers, lay-out workers, and cutters  
677     Optical goods workers  
678     Dental laboratory and medical appliance technicians  
679     Bookbinders  
683     Electrical and electronic equipment assemblers  
684     Miscellaneous precision workers, n.e.c.  
       Precision Food Production Occupations:  
686     Butchers and meat cutters  
687     Bakers  
688     Food batchmakers  
       Precision Inspectors, Testers, and Related Workers:  
689     Inspectors, testers, and graders  
693     Adjusters and calibrators  
       Plant and System Operators:  
694     Water and sewage treatment plant operators  
695     Power plant operators  
696     Stationary engineers  
699     Miscellaneous plant and system operators   

OPERATORS, FABRICATORS, AND LABORERS  

Machine Operators, Assemblers and Inspectors  

Machine Operators and Tenders, except Precision:  
Metalworking and Plastic Working Machine Operators:  
703 Lathe and turning machine set-up operators  
704 Lathe and turning machine operators  
705 Milling and planing machine operators  
706 Punching and stamping press machine operators  
707 Rolling machine operators  
708 Drilling and boring machine operators  
709 Grinding, abrading, buffing, and polishing machine operators  
713 Forging machine operators  
714 Numerical control machine operators  
715 Miscellaneous metal, plastic, stone, and glass working machine operators  
717 Fabricating machine operators, n.e.c.  
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Metal and Plastic Processing Machine Operators:  
719 Molding and casting machine operators  
723 Metal plating machine operators  
724 Heat treating equipment operators  
725 Miscellaneous metal and plastic processing machine operators  
Woodworking Machine Operators:  
726 Wood lathe, routing, and planing machine operators  
727 Sawing machine operators  
728 Shaping and joining machine operators  
729 Nailing and tacking machine operators  
733 Misc. woodworking machine operators  
Printing Machine Operators:  
734 Printing machine operators  
735 Photoengravers and lithographers  
736 Typesetters and compositors  
737 Miscellaneous printing machine operators  
Textile, Apparel, and Furnishings Machine Operators:  
738 Winding and twisting machine operators  
739 Knitting, looping, taping, and weaving machine operators  
743 Textile cutting machine operators  
744 Textile sewing machine operators  
745 Shoe machine operators  
747 Pressing machine operators  
748 Laundering and dry cleaning machine operators  
749 Miscellaneous textile machine operators  
Machine Operators, Assorted Materials:  
753 Cementing and gluing machine operators  
754 Packaging and filling machine operators  
755 Extruding and forming machine operators  
756 Mixing and blending machine operators  
757 Separating, filtering, and clarifying machine operators  
758 Compressing and compacting machine operators  
759 Painting and paint spraying machine operators  
763 Roasting and baking machine operators, food  
764 Washing, cleaning, and pickling machine operators  
765 Folding machine operators  
766 Furnace, kiln, and oven operators, except food  
768 Crushing and grinding machine operators  
769 Slicing and cutting machine operators  
773 Motion picture projectionists  
774 Photographic process machine operators  
Miscellaneous and Not Specified Machine Operators:  
777 Miscellaneous machine operators  
779 Machine operators, n.s.  
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Fabricators, Assemblers, and Hand Working Occupations:  
783 Welders and cutters  
784 Solderers and blazers  
785 Assemblers  
786 Hand cutting and trimming occupations  
787 Hand molding, casting, and forming occupations  
789 Hand painting, coating, and decorating occupations  
793 Hand engraving and printing occupations  
794 Hand grinding and polishing occupations  
795 Miscellaneous hand working occupations  
Production Inspectors, Testers, Samplers, and Weighers:  
796 Production inspectors, checkers, and examiners  
797 Production testers  
798 Production samplers and weighers  
799 Graders and sorters, except agricultural  
Transportation and Material Moving Occupations  
Motor Vehicle Operators:  
803 Supervisors, motor vehicle operators  
804 Truck drivers, heavy  
805 Truck drivers, light  
806 Driver-sales workers  
808 Bus drivers  
809 Taxicab drivers and chauffeurs  
813 Parking lot attendants  
814 Motor transportation occupations, n.e.c.  
Transportation Occupations, Except Motor Vehicles:  
Rail Transportation Occupations:  
823 Railroad conductors and yardmasters  
824 Locomotive operating occupations  
825 Railroad brake, signal, and switch operators  
826 Rail vehicle operators, n.e.c.  
Water Transportation Occupations:  
828 Ship captains and mates, except fishing boats  
829 Sailors and deckhands  
833 Marine engineers  
834 Bridge, lock, and lighthouse tenders  
Material Moving Equipment Operators:  
843 Supervisors, material moving equipment operators  
844 Operating engineers  
845 Longshore equipment operators  
848 Hoist and winch operators  
849 Crane and tower operators  
853 Excavating and loading machine operators  
855 Grader, dozer, and scraper operators  
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856 Industrial truck and tractor equipment operators  
859 Misc. material moving equipment operators  
Handlers, Equipment Cleaners, Helpers, and Laborers  
863 Supervisors, handlers, equipment cleaners, and laborers, n.e.c.  
864 Helpers, mechanics and repairers  
Helpers, Construction and Extractive Occupations:  
865 Helpers, construction trades  
866 Helpers, surveyor  
867 Helpers, extractive occupations  
869 Construction laborers  
873 Production helpers  
Freight, Stock, and Material Handlers:  
875 Garbage collectors  
876 Stevedores  
877 Stock handlers and baggers  
878 Machine feeders and offbearers  
883 Freight, stock, and material handlers, n.e.c.  
885 Garage and service station related occupations  
887 Vehicle washers and equipment cleaners  
888 Hand packers and packagers  
889 Laborers, except construction  
WORKERS NOT CLASSIFIED BY OCCUPATION  
905 Unemployed, last worked in Armed Forces (within past 5 years)  
909 Unemployed, no work within past 5 years  

 
 
 
2000 Standard Occupational Classification 

110000 Management Occupations  
111011 Chief executives 
111021 General and operations managers 
111031 Legislators 
112011 Advertising and promotions managers 
112020 Marketing and sales managers 
112031 Public relations managers 
113011 Administrative services managers 
113021 Computer and information systems managers 
113031 Financial managers 
113040 Human resources managers 
113051 Industrial production managers 
113061 Purchasing managers 
113071 Transportation, storage, and distribution managers 
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119011 Farm, ranch, and other agricultural managers 
119012 Farmers and ranchers 
119021 Construction managers 
119030 Education administrators 
119041 Engineering managers 
119051 Food service managers 
119061 Funeral directors 
119071 Gaming managers 
119081 Lodging managers 
119111 Medical and health services managers 
119121 Natural sciences managers 
119131 Postmasters and mail superintendents 
119141 Property, real estate, and community association managers 
119151 Social and community service managers 
119199 Managers, all other 
 
130000 Business and Financial Operations Occupations 
131011 Agents and business managers of artists, performers, and athletes 
131021 Purchasing agents and buyers, farm products 
131022 Wholesale and retail buyers, except farm products 
131023 Purchasing agents, except wholesale, retail, and farm products 
131030 Claims adjusters, appraisers, examiners, and investigators 
131041 Compliance officers, except agriculture, construction, health and safety, and 
transportation 
131051 Cost estimators 
131070 Human resources, training, and labor relations specialists 
131081 Logisticians 
131111 Management analysts 
131121 Meeting and convention planners 
1311XX Other business operations specialists 
132011 Accountants and auditors 
132021 Appraisers and assessors of real estate 
132031 Budget analysts 
132041 Credit analysts 
132051 Financial analysts 
132052 Personal financial advisors 
132053 Insurance underwriters 
132061 Financial examiners 
132070 Loan counselors and officers 
132081 Tax examiners, collectors, and revenue agents 
132082 Tax preparers 
132099 Financial specialists, all other 
 
150000 Computer and Mathematical Occupations  
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1510XX Computer scientists and systems analysts 
151021 Computer programmers 
151030 Computer software engineers 
151041 Computer support specialists 
151061 Database administrators 
151071 Network and computer systems administrators 
151081 Network systems and data communications analysts 
152011 Actuaries 
152021 Mathematicians 
152031 Operations research analysts 
152041 Statisticians 
152090 Miscellaneous mathematical science occupations 
 
170000 Architecture and Engineering Occupations  
171010 Architects, except naval 
171020 Surveyors, cartographers, and photogrammetrists 
172011 Aerospace engineers 
172021 Agricultural engineers 
172031 Biomedical engineers 
172041 Chemical engineers 
172051 Civil engineers 
172061 Computer hardware engineers 
172070 Electrical and electronics engineers 
172081 Environmental engineers 
172110 Industrial engineers, including health and safety 
172121 Marine engineers and naval architects 
172131 Materials engineers 
172141 Mechanical engineers 
172151 Mining and geological engineers, including mining safety engineers 
172161 Nuclear engineers 
172171 Petroleum engineers 
172199 Engineers, all other 
173010 Drafters 
173020 Engineering technicians, except drafters 
173031 Surveying and mapping technicians 
 
190000 Life, Physical, and Social Science Occupations  
191010 Agricultural and food scientists 
191020 Biological scientists 
191030 Conservation scientists and foresters 
191040 Medical scientists 
192010 Astronomers and physicists 
192021 Atmospheric and space scientists 
192030 Chemists and materials scientists 
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192040 Environmental scientists and geoscientists 
192099 Physical scientists, all other 
193011 Economists 
193020 Market and survey researchers 
193030 Psychologists 
193041 Sociologists 
193051 Urban and regional planners 
193090 Miscellaneous social scientists and related workers 
194011 Agricultural and food science technicians 
194021 Biological technicians 
194031 Chemical technicians 
194041 Geological and petroleum technicians 
194051 Nuclear technicians 
1940XX Other life, physical, and social science technicians 
 
210000 Community and Social Services Occupations  
211010 Counselors 
211020 Social workers 
211090 Miscellaneous community and social service specialists 
212011 Clergy 
212021 Directors, religious activities and education 
212099 Religious workers, all other 
 
230000 Legal Occupations  
231011 Lawyers 
231020 Judges, magistrates, and other judicial workers 
232011 Paralegals and legal assistants 
232090 Miscellaneous legal support workers 
 
250000 Education, Training, and Library Occupations  
251000 Postsecondary teachers 
252010 Preschool and kindergarten teachers 
252020 Elementary and middle school teachers 
252030 Secondary school teachers 
252040 Special education teachers 
253000 Other teachers and instructors 
254010 Archivists, curators, and museum technicians 
254021 Librarians 
254031 Library technicians 
259041 Teacher assistants 
2590XX Other education, training, and library workers 
 
270000 Arts, Design, Entertainment, Sports, and Media Occupations  
271010 Artists and related workers 
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271020 Designers 
272011 Actors 
272012 Producers and directors 
272020 Athletes, coaches, umpires, and related workers 
272030 Dancers and choreographers 
272040 Musicians, singers, and related workers 
272099 Entertainers and performers, sports and related workers, all other 
273010 Announcers 
273020 News analysts, reporters and correspondents 
273031 Public relations specialists 
273041 Editors 
273042 Technical writers 
273043 Writers and authors 
273090 Miscellaneous media and communication workers 
274010 Broadcast and sound engineering technicians and radio operators 
274021 Photographers 
274030 Television, video, and motion picture camera operators and editors 
274099 Media and communication equipment workers, all other 
 
290000 Healthcare Practitioners and Technical Occupations  
291011 Chiropractors 
291020 Dentists 
291031 Dietitians and nutritionists 
291041 Optometrists 
291051 Pharmacists 
291060 Physicians and surgeons 
291071 Physician assistants 
291081 Podiatrists 
291111 Registered nurses 
291121 Audiologists 
291122 Occupational therapists 
291123 Physical therapists 
291124 Radiation therapists 
291125 Recreational therapists 
291126 Respiratory therapists 
291127 Speech-language pathologists 
291129 Therapists, all other 
291131 Veterinarians 
291199 Health diagnosing and treating practitioners, all other 
292010 Clinical laboratory technologists and technicians 
292021 Dental hygienists 
292030 Diagnostic related technologists and technicians 
292041 Emergency medical technicians and paramedics 
292050 Health diagnosing and treating practitioner support technicians 
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292061 Licensed practical and licensed vocational nurses 
292071 Medical records and health information technicians 
292081 Opticians, dispensing 
292090 Miscellaneous health technologists and technicians 
299000 Other healthcare practitioners and technical occupations 
 
310000 Healthcare Support Occupations  
311010 Nursing, psychiatric, and home health aides 
312010 Occupational therapist assistants and aides 
312020 Physical therapist assistants and aides 
319011 Massage therapists 
319091 Dental assistants 
31909X Medical assistants and other healthcare support occupations 
 
330000 Protective Service Occupations  
331011 First-line supervisors/managers of correctional officers 
331012 First-line supervisors/managers of police and detectives 
331021 First-line supervisors/managers of fire fighting and prevention workers 
331099 Supervisors, protective service workers, all other 
332011 Fire fighters 
332020 Fire inspectors 
333010 Bailiffs, correctional officers, and jailers 
333021 Detectives and criminal investigators 
333031 Fish and game wardens 
333041 Parking enforcement workers 
333051 Police and sheriff's patrol officers 
333052 Transit and railroad police 
339011 Animal control workers 
339021 Private detectives and investigators 
339030 Security guards and gaming surveillance officers 
339091 Crossing guards 
33909X Lifeguards and other protective service workers 
 
350000 Food Preparation and Serving Occupations  
351011 Chefs and head cooks 
351012 First-line supervisors/managers of food preparation and serving workers 
352010 Cooks 
352021 Food preparation workers 
353011 Bartenders 
353021 Combined food preparation and serving workers, including fast food 
353022 Counter attendants, cafeteria, food concession, and coffee shop 
353031 Waiters and waitresses 
353041 Food servers, nonrestaurant 
359011 Dining room and cafeteria attendants and bartender helpers 
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359021 Dishwashers 
359031 Hosts and hostesses, restaurant, lounge, and coffee shop 
359099 Food preparation and serving related workers, all other 
 
370000 Building and Grounds Cleaning and Maintenance Occupations  
371011 First-line supervisors/managers of housekeeping and janitorial workers 
371012 First-line supervisors/managers of landscaping, lawn service, and 
groundskeeping workers 
37201X Janitors and building cleaners 
372012 Maids and housekeeping cleaners 
372021 Pest control workers 
373010 Grounds maintenance workers 
 
390000 Personal Care and Service Occupations  
391010 First-line supervisors/managers of gaming workers 
391021 First-line supervisors/managers of personal service workers 
392011 Animal trainers 
392021 Nonfarm animal caretakers 
393010 Gaming services workers 
393021 Motion picture projectionists 
393031 Ushers, lobby attendants, and ticket takers 
393090 Miscellaneous entertainment attendants and related workers 
394000 Funeral service workers 
395011 Barbers 
395012 Hairdressers, hairstylists, and cosmetologists 
395090 Miscellaneous personal appearance workers 
396010 Baggage porters, bellhops, and concierges 
396020 Tour and travel guides 
396030 Transportation attendants 
399011 Child care workers 
399021 Personal and home care aides 
399030 Recreation and fitness workers 
399041 Residential advisors 
399099 Personal care and service workers, all other 
 
410000 Sales Occupations  
411011 First-line supervisors/managers of retail sales workers 
411012 First-line supervisors/managers of non-retail sales workers 
412010 Cashiers 
412021 Counter and rental clerks 
412022 Parts salespersons 
412031 Retail salespersons 
413011 Advertising sales agents 
413021 Insurance sales agents 
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413031 Securities, commodities, and financial services sales agents 
413041 Travel agents 
413099 Sales representatives, services, all other 
414010 Sales representatives, wholesale and manufacturing 
419010 Models, demonstrators, and product promoters 
419020 Real estate brokers and sales agents 
419031 Sales engineers 
419041 Telemarketers 
419091 Door-to-door sales workers, news and street vendors, and related workers 
419099 Sales and related workers, all other 
 
430000 Office and Administrative Support Occupations  
431011 First-line supervisors/managers of office and administrative support workers 
432011 Switchboard operators, including answering service 
432021 Telephone operators 
432099 Communications equipment operators, all other 
433011 Bill and account collectors 
433021 Billing and posting clerks and machine operators 
433031 Bookkeeping, accounting, and auditing clerks 
433041 Gaming cage workers 
433051 Payroll and timekeeping clerks 
433061 Procurement clerks 
433071 Tellers 
434011 Brokerage clerks 
434021 Correspondence clerks 
434031 Court, municipal, and license clerks 
434041 Credit authorizers, checkers, and clerks 
434051 Customer service representatives 
434061 Eligibility interviewers, government programs 
434071 File clerks 
434081 Hotel, motel, and resort desk clerks 
434111 Interviewers, except eligibility and loan 
434121 Library assistants, clerical 
434131 Loan interviewers and clerks 
434141 New accounts clerks 
434151 Order clerks 
434161 Human resources assistants, except payroll and timekeeping 
434171 Receptionists and information clerks 
434181 Reservation and transportation ticket agents and travel clerks 
434199 Information and record clerks, all other 
435011 Cargo and freight agents 
435021 Couriers and messengers 
435030 Dispatchers 
435041 Meter readers, utilities 
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435051 Postal service clerks 
435052 Postal service mail carriers 
435053 Postal service mail sorters, processors, and processing machine operators 
435061 Production, planning, and expediting clerks 
435071 Shipping, receiving, and traffic clerks 
435081 Stock clerks and order fillers 
435111 Weighers, measurers, checkers, and samplers, recordkeeping 
436010 Secretaries and administrative assistants 
439011 Computer operators 
439021 Data entry keyers 
439022 Word processors and typists 
439031 Desktop publishers 
439041 Insurance claims and policy processing clerks 
439051 Mail clerks and mail machine operators, except postal service 
439061 Office clerks, general 
439071 Office machine operators, except computer 
439081 Proofreaders and copy markers 
439111 Statistical assistants 
439199 Office and administrative support workers, all other 
 
450000 Farming, Fishing, and Forestry Occupations  
451010 First-line supervisors/managers of farming, fishing, and forestry workers 
452011 Agricultural inspectors 
452021 Animal breeders 
452041 Graders and sorters, agricultural products 
452090 Miscellaneous agricultural workers 
453011 Fishing and hunting workers 
453021 Hunters and trappers 
454011 Forest and conservation workers 
454020 Logging workers 
 
470000 Construction and Extraction Occupations  
471011 First-line supervisors/managers of construction trades and extraction workers 
472011 Boilermakers 
472020 Brickmasons, blockmasons, and stonemasons 
472031 Carpenters 
472040 Carpet, floor, and tile installers and finishers 
472050 Cement masons, concrete finishers, and terrazzo workers 
472061 Construction laborers 
472071 Paving, surfacing, and tamping equipment operators 
472072 Pile driver operators 
472073 Construction equipment workers, except paving, surfacing, and tamping 
equipment operators 
472080 Drywall installers, ceiling tile installers, and tapers 
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472111 Electricians 
472121 Glaziers 
472130 Insulation workers 
472141 Painters, construction and maintenance 
472142 Paperhangers 
472150 Pipelayers, plumbers, pipefitters, and steamfitters 
472161 Plasterers and stucco masons 
472171 Reinforcing iron and rebar workers 
472181 Roofers 
472211 Sheet metal workers 
472221 Structural iron and steel workers 
473010 Helpers, construction trades 
474011 Construction and building inspectors 
474021 Elevator installers and repairers 
474031 Fence erectors 
474041 Hazardous materials removal workers 
474051 Highway maintenance workers 
474061 Rail-track laying and maintenance equipment operators 
474071 Septic tank servicers and sewer pipe cleaners 
474090 Miscellaneous construction and related workers 
475010 Derrick, rotary drill, and service unit operators, oil, gas, and mining 
475021 Earth drillers, except oil and gas 
475031 Explosives workers, ordnance handling experts, and blasters 
475040 Mining machine operators 
475061 Roof bolters, mining 
475071 Roustabouts, oil and gas 
475081 Helpers - extraction workers 
4750XX Other extraction workers 
 
490000 Installation, Maintenance, and Repair Workers  
491011 First-line supervisors/managers of mechanics, installers, and repairers 
492011 Computer, automated teller, and office machine repairers 
492020 Radio and telecommunications equipment installers and repairers 
492091 Avionics technicians 
492092 Electric motor, power tool, and related repairers 
492093 Electrical and electronics installers and repairers, transportation equipment 
49209X Electrical and electronics repairers, industrial and utility 
492096 Electronic equipment installers and repairers, motor vehicles 
492097 Electronic home entertainment equipment installers and repairers 
492098 Security and fire alarm systems installers 
493011 Aircraft mechanics and service technicians 
493021 Automotive body and related repairers 
493022 Automotive glass installers and repairers 
493023 Automotive service technicians and mechanics 
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493031 Bus and truck mechanics and diesel engine specialists 
493040 Heavy vehicle and mobile equipment service technicians and mechanics 
493050 Small engine mechanics 
493090 Miscellaneous vehicle and mobile equipment mechanics, installers, and repairers 
499010 Control and valve installers and repairers 
499021 Heating, air conditioning, and refrigeration mechanics and installers 
499031 Home appliance repairers 
49904X Industrial and refractory machinery mechanics 
499042 Maintenance and repair workers, general 
499043 Maintenance workers, machinery 
499044 Millwrights 
499051 Electrical power-line installers and repairers 
499052 Telecommunications line installers and repairers 
499060 Precision instrument and equipment repairers 
499091 Coin, vending, and amusement machine servicers and repairers 
499092 Commercial divers 
499094 Locksmiths and safe repairers 
499095 Manufactured building and mobile home installers 
499096 Riggers 
499097 Signal and track switch repairers 
499098 Helpers--installation, maintenance, and repair workers 
49909X Other installation, maintenance, and repair workers 
 
510000 Production Occupations  
511011 First-line supervisors/managers of production and operating workers 
512011 Aircraft structure, surfaces, rigging, and systems assemblers 
512020 Electrical, electronics, and electromechanical assemblers 
512031 Engine and other machine assemblers 
512041 Structural metal fabricators and fitters 
512090 Miscellaneous assemblers and fabricators 
513011 Bakers 
513020 Butchers and other meat, poultry, and fish processing workers 
513091 Food and tobacco roasting, baking, and drying machine operators and tenders 
513092 Food batchmakers 
513093 Food cooking machine operators and tenders 
514010 Computer control programmers and operators 
514021 Extruding and drawing machine setters, operators, and tenders, metal and plastic 
514022 Forging machine setters, operators, and tenders, metal and plastic 
514023 Rolling machine setters, operators, and tenders, metal and plastic 
514031 Cutting, punching, and press machine setters, operators, and tenders, metal and 
plastic 
514032 Drilling and boring machine tool setters, operators, and tenders, metal and plastic 
514033 Grinding, lapping, polishing, and buffing machine tool setters, operators, and 
tenders, metal and plastic 
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514034 Lathe and turning machine tool setters, operators, and tenders, metal and plastic 
514035 Milling and planing machine setters, operators, and tenders, metal and plastic 
514041 Machinists 
514050 Metal furnace and kiln operators and tenders 
514060 Model makers and patternmakers, metal and plastic 
514070 Molders and molding machine setters, operators, and tenders, metal and plastic 
514081 Multiple machine tool setters, operators, and tenders, metal and plastic 
514111 Tool and die makers 
514120 Welding, soldering, and brazing workers 
514191 Heat treating equipment setters, operators, and tenders, metal and plastic 
514192 Lay-out workers, metal and plastic 
514193 Plating and coating machine setters, operators, and tenders, metal and plastic 
514194 Tool grinders, filers, and sharpeners 
514199 Metalworkers and plastic workers, all other 
515010 Bookbinders and bindery workers 
515021 Job printers 
515022 Prepress technicians and workers 
515023 Printing machine operators 
516011 Laundry and dry-cleaning workers 
516021 Pressers, textile, garment, and related materials 
516031 Sewing machine operators 
516041 Shoe and leather workers and repairers 
516042 Shoe machine operators and tenders 
516050 Tailors, dressmakers, and sewers 
516061 Textile bleaching and dyeing machine operators and tenders 
516062 Textile cutting machine setters, operators, and tenders 
516063 Textile knitting and weaving machine setters, operators, and tenders 
516064 Textile winding, twisting, and drawing out machine setters, operators, and 
tenders 
516091 Extruding and forming machine setters, operators, and tenders, synthetic and 
glass fibers 
516092 Fabric and apparel patternmakers 
516093 Upholsterers 
516099 Miscellaneous textile, apparel, and furnishings workers, except upholsterers 
517011 Cabinetmakers and bench carpenters 
517021 Furniture finishers 
517030 Model makers and patternmakers, wood 
517041 Sawing machine setters, operators, and tenders, wood 
517042 Woodworking machine setters, operators, and tenders, except sawing 
517099 Woodworkers, all other 
518010 Power plant operators, distributors, and dispatchers 
518021 Stationary engineers and boiler operators 
518031 Water and liquid waste treatment plant and system operators 
518090 Miscellaneous plant and system operators 
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519010 Chemical processing machine setters, operators, and tenders 
519020 Crushing, grinding, polishing, mixing, and blending workers 
519030 Cutting workers 
519041 Extruding, forming, pressing, and compacting machine setters, operators, tenders 
519051 Furnace, kiln, oven, drier, and kettle operators and tenders 
519061 Inspectors, testers, sorters, samplers, and weighers 
519071 Jewelers and precious stone and metal workers 
519080 Medical, dental, and ophthalmic laboratory technicians 
519111 Packaging and filling machine operators and tenders 
519120 Painting workers 
519130 Photographic process workers and processing machine operators 
519141 Semiconductor processors 
519191 Cementing and gluing machine operators and tenders 
519192 Cleaning, washing, and metal pickling equipment operators and tenders 
519193 Cooling and freezing equipment operators 
519194 Etchers and engravers 
519195 Molders, shapers, and casters, except metal and plastic 
519196 Paper goods machine setters, operators, and tenders 
519197 Tire builders 
519198 Helpers--production workers 
519199 Production workers, all other 
 
530000 Transportation and Material Moving Occupations  
531000 Supervisors, transportation and material moving workers 
532010 Aircraft pilots and flight engineers 
532020 Air traffic controllers and airfield operations specialists 
533011 Ambulance drivers and attendants, except emergency medical technicians 
533020 Bus drivers 
533030 Driver/sales workers and truck drivers 
533041 Taxi drivers and chauffeurs 
533099 Motor vehicle operators, all other 
534010 Locomotive engineers and operators 
534021 Railroad brake, signal, and switch operators 
534031 Railroad conductors and yardmasters 
5340XX Subway, streetcar, and other rail transportation workers 
535011 Sailors and marine oilers 
535020 Ship and boat captains and operators 
535031 Ship engineers 
536011 Bridge and lock tenders 
536021 Parking lot attendants 
536031 Service station attendants 
536051 Transportation inspectors 
5360XX Other transportation workers 
537011 Conveyor operators and tenders 
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537021 Crane and tower operators 
537030 Dredge, excavating, and loading machine operators 
537041 Hoist and winch operators 
537051 Industrial truck and tractor operators 
537061 Cleaners of vehicles and equipment 
537062 Laborers and freight, stock, and material movers, hand 
537063 Machine feeders and offbearers 
537064 Packers and packagers, hand 
537070 Pumping station operators 
537081 Refuse and recyclable material collectors 
537111 Shuttle car operators 
537121 Tank car, truck, and ship loaders 
537199 Material moving workers, all other 
 
550000 Military Specific Occupations  
551000 Military officer special and tactical operations leaders/managers 
552000 First-line enlisted military supervisors/managers 
553000 Military enlisted tactical operations and air/weapons specialists and crew 
members 
       -     Military, rank not specified 
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Appendix C 

Metropolitan Statistical Areas 

A Metropolitan Area (MA) is defined by the Census Bureau as “a large 

population nucleus, together with adjacent communities that have a high degree of 

economic and social integration with that nucleus” (Census 2000b, p. A-16).  Standard 

Metropolitan Statistical Areas (SMSA’s) are the geographical unit of measure in the 1980 

PUMS and are defined as “a large population nucleus and nearby communities which 

have a high degree of economic and social integration with that nucleus.  Each SMSA 

consists of one or more entire counties (or county equivalents) that meet specified 

standards pertaining to population, commuting ties, and metropolitan character” (Census 

of Population and Housing 1980b, p. K-45).  SMSA’s of the 1980 PUMS are required to 

include a city of at minimum 50,000 and/or an urbanized area and a total SMSA 

population of at minimum 100,000 (or 75,000 in New England) (Census of Population 

and Housing 1980b).  SMSA’s that do not meet the above-described population threshold 

are identified in pairs, which allows for the study of metropolitan vs. non-metropolitan 

areas throughout the U.S.  The present analysis includes 100 of the 287 SMSA’s included 

in the 1980 PUMS.  Only metro areas that have matches between the 1980 and 2000 

PUMS data are included in the present analysis.  

Metropolitan Statistical Areas (MSA’s) employed in the 2000 PUMS are defined 

as “…metropolitan areas that are not closely associated with other MAs. These areas 

typically are surrounded by non-metropolitan counties (county subdivisions in New 

England)” (Census 2000b).  MSA’s are quite similar in concept to the SMSA’s of 1980 
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and have the same population requirements as the 1980 concept of SMSA’s.  

Metropolitan areas are defined by the U.S. Office of Management and Budget, and are 

reclassified over time according to population growth patterns.  Geographic 

classifications frequently change over time with population growth patterns, and different 

Decennial Censuses employ different definitions of metropolitan areas. 

The one percent file of the 2000 PUMS identifies metropolitan areas according to 

their relationship to Super Public Use Microdata Samples (Super-PUMA’s), which have a 

minimum population requirement of 400,000.  Thus, MSA’s are identified in the data as 

“MSA/CMSA or MSA/PMSA for Super-PUMA”, indicating the metropolitan statistical 

area associated with a given Super-PUMA.  Metropolitan areas of one million or more 

inhabitants may be subdivided into primary metropolitan statistical areas (PMSA’s) that 

have strong economic and social ties.  Taken in pairs or small groups, PMSA’s are 

designated as consolidated metropolitan statistical areas (CMSA’s).  For example, Dallas 

and Fort Worth, Texas are each independent PMSA’s.  Together, they comprise the 

Dallas-Ft. Worth, TX CMSA.  MSA/PMSA’s are both more numerous in the data and 

more geographically targeted than are MSA/CMSA’s and thus are chosen as the 

geographical unit in the present study.  Additionally, MSA/PMSA’s are the common unit 

of analysis of metro areas in recent studies of the technology labor force and creative 

class (Kilcoyne 2003; Stolarick 2003).  As the one percent PUMS file does not include all 

metro regions, the present analysis is limited to 100 U.S. MSA/PMSA’s in its ranking of 

occupational income inequality in 2000.   
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Many metropolitan areas experienced tremendous growth during the two decades 

between the 1980 and 2000 Censuses, and in thirteen cases in the present research 

separate SMSA’s of 1980 merged into single PMSA’s in the 2000 Census.  In these 

cases, longitudinal comparisons are made between 1980 and 2000 using the most 

populous place in the MSA, usually a central city.  This emulates the method used by 

Jaeger et al. 1998 in coding PUMA’s to MSA’s in 1970-1990 Census data.  In two cases, 

SMSA’s in 1980 grew large enough that they separated into PMSA’s within a larger 

CMSA in 2000.   

The first instance of this is the 1980 SMSA Dallas-Forth Worth, TX that split into 

two separate PMSA’s in 2000.  However, these two PMSA’s remain the only two 

components of the Dallas-Fort Worth CMSA, and so in this case the CMSA measure is 

employed to compare longitudinal inequality.   

The second instance is the San Francisco Bay Area, which merged from five 

separately designated SMSA’s in 1980 to one large CMSA with five component PMSA’s 

in 2000.  Of these five PMSA’s, only three are represented in 2000 PUMS data.  Santa 

Cruz-Watsonville and Santa Rosa PMSA’s are not present in the 2000 PUMS one percent 

file, and thus are not included in the analysis.  Exact matches for the San Jose and 

Vallejo-Fairfield-Napa PMSA’s are included in the analysis.  Finally, the 1980 San 

Francisco-Oakland SMSA is compared to the 2000 San Francisco PMSA, in keeping 

with the aforementioned method used in this research of using the most populous place in 

the MSA in longitudinal comparisons of inexact MSA’s.   
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Special provisions are also made for the Denver, CO area, whose designation 

changed from two separate SMSA’s in 1980 (Denver-Boulder and Greeley) into one 

combined 2000 CMSA of Denver-Boulder-Greeley, CO.  In this case, the longitudinal 

comparison is between 1980’s Denver-Boulder SMSA and 2000’s Denver-Boulder-

Greeley CMSA, which also follows the method of making longitudinal comparisons 

using the most populous place in the MSA. 

Additionally, several new MSA’s appeared in 2000 PUMS data that were 

unclassified in 1980.  This indicates the regions grew in population over the two decades 

enough to be classified in 2000 as independent MSA’s.  Because no longitudinal data is 

available in the PUMS for these regions, they are excluded from the present analysis.  

The four regions that appeared in the one percent 2000 PUMS that were unclassified in 

1980 and thus excluded from the present research are:  Middlesex-Somerset-Hunterdon, 

NJ PMSA; Monmouth-Ocean, NJ PMSA; Orange County, CA PMSA; and Scranton-

Wilkes-Barre-Hazleton, PA MSA.    

On the other hand, eight SMSA’s of 1980 were unclassified in 2000 PUMS data, 

indicating they had declined to the point of no longer being listed as U.S. metropolitan 

statistical areas.  These were excluded from the present analysis.  These eight SMSA’s 

are:  Anderson, IN; Anaheim-Santa Ana-Garden Grove, CA; Long Branch-Asbury Park, 

NJ; New Brunswick-Perth Amboy-Sayreville, NJ; Newark, OH; Northeast Pennsylvania; 

Poughkeepsie, NY; and Salisbury-Concord, NC.  

Finally, two regions presented some difficulty for longitudinal comparisons.  

These regions experienced significant change over the two decades of this study, in both 
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cases being reassigned new MSA code numbers and having alterations in their names.  

However, some overlap still exists in the 1980 and 2000 metro areas, and each retains at 

least one city name in the overall MSA name across the two decades.  Thus, the regions 

are included in the present longitudinal analysis.  These regions are:  1980’s Oxnard-Simi 

Valley-Ventura, CA SMSA which is compared to Ventura, CA PMSA in 2000, and 

1980’s Paterson-Clifton-Passaic, NJ SMSA which is compared to 2000’s Bergen-Passaic, 

NJ PMSA.  While not perfect matches, these regions are similar enough in 1980 and 

2000 to provide a reasonable comparison according to the parameters of the present 

research.   

Finally, all analyses in the present research employ geographical variables 

relating to the place of residence of respondents.  While a variable does exist in PUMS 

data that measures a respondent’s place of work, this question is administered to only a 

sample of all long-form respondents and n sizes are insufficient for the present analysis.  

More importantly, rather than focusing on where income is earned, this research places a 

higher premium on where earnings are spent and into what economy they are reinvested.  

Further, the present study follows the Census Bureau’s method of tabulating employment 

figures, which classifies individuals based on place of residence regardless of where they 

work (Census 2000b).   



   
 
 

 239

Appendix D 

 

The 1980 Census refers to this variable as “labor force status” while the 2000 

Census renamed it “employment status” and recodes it into a six-category employment 

status recode variable.  In both Censuses this variable measures respondents’ status in the 

labor force during the reference week—that seven-day calendar week from Sunday 

through Saturday that directly precedes the date the Census form is completed.  The 

reference week varies for respondents based upon when they are enumerated.  All 

respondents included in the present analysis are civilians classified as in the labor force 

and employed, either at work or with a job but not at work.   

 ‘In the labor force’ refers to persons in the civilian labor force both employed and 

unemployed, as well as persons on active duty in the U.S. Armed Forces.  ‘Not in the 

labor force’ includes those aged 16 and above who do not fit this definition of ‘in the 

labor force’.  This group consists mainly of students, the retired, persons caring for 

home/family, incidental unpaid family workers, seasonal workers enumerated during 

their off-season who were not looking for work, and the institutionalized (Census 2000b. 

‘Employed’ includes respondents who worked fifteen or more hours in an unpaid 

position on a family farm or in a family business; however, the present analysis excludes 

any respondent working less than 35 hours per week, as discussed in greater detail later in 

this section.  Working around one’s house, unpaid volunteer work, active duty in the 

Armed Forces and institutionalized persons are classified by the Census Bureau as 

employed and are also excluded from this analysis.   (Census 2000b). 
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‘With a job but not at work’ refers to respondents who had a job or business but 

did not work during the reference week due to inclement weather, vacation, illness, 

industrial dispute or other personal reasons.  Those on layoff from jobs are not included 

in this category.    

Of note regarding the variables of the present study is that they are not completely 

uniform with regard to time frame.  The variables labor force/employment status recode 

and occupation refer to the reference week; MSA and age refer to April 1 of the Census 

year; worked last year, weeks worked last year, hours worked per week last year, and 

income all refer to the previous calendar year.  Thus, the Census data lack an exact 

chronological fit among these variables.  However, while the variables do not reflect 

identical points in time, they are proximate.  Given the substantive issues and 

requirements of these characteristics, this is a necessary limitation of Census data.    
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Appendix E 

Occupation Variable Detail 

The occupation variable in the present analysis refers to the respondent’s job 

during the reference week.  In the case of respondents who worked more than one job, the 

occupation variable relates to that job in which the respondent worked the most hours 

during the reference week. 

The 1980 and 2000 Censuses occupation variables employed are both based on 

the Standard Occupational Classification (SOC), first issued in 1977, which organizes all 

occupations in hierarchical fashion.  However, significant modifications have been made 

to the occupational classification system between Census 1980 and 2000, chiefly in order 

to identify new and eliminate obsolete occupations.  Such modifications over time are 

important in a changing population and serve to track the growth and decline of economic 

sectors as well as provide greater precision in respondent terminology and data analyses.  

While necessary and useful in these ways, classification changes have resulted in the re-

positioning of entire segments of occupational categories.  Thus, the alterations in the 

occupational classification system in Census 2000 have rendered direct comparisons with 

specific occupational groups of earlier censuses unfeasible.  As such, only aggregate 

income distribution inequality can be compared across years for individual MSA’s.   

Phase I analyses employ the occupational classification system established by the 

SOC.  This phase of the research divides workers into five traditional occupational 

groups based on the classification system for each year of analysis.  Efforts were made to 
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enumerate these groups in like fashion.  Phase I analyses performed on 1980 PUMS data 

classify the occupations into the following five broad categories: Managerial and 

Professional Specialty; Technical, Sales and Administrative Support; Service; Precision 

Production, Craft and Repair Occupations; and Operators, Fabricators and Laborers.  The 

Phase I analyses performed on 2000 PUMS data also classify the occupations into five 

broad groups:  Professional, Management, and Related; Sales and Office; Service; 

Production, Transportation, and Material Moving; and Construction, Extraction, and 

Maintenance.  

Phase I-B analyses employing 2000 PUMS data classify the occupations into six 

broad categories in order to compute accurate between-group inequality required for the 

full Theil Index of Phase II, which isolates High-Tech occupations.  Thus, Phase I-B also 

isolates High-Tech, and both Phases classify workers into six major occupational groups:  

Professional, Management, and Related; Sales and Office; Service; Production, 

Transportation, and Material Moving; and Construction, Extraction, and Maintenance; 

and High-Tech. 

 

In the Phase II analyses performed on 2000 PUMS data, the SOC categories are 

further broken down to facilitate exploration of income inequality in the labor force.  Of 

particular interest to the present research is the impact on income distribution inequality 

of detailed high-technology occupations.   

Phase II’s finer level of distinction classifies all occupations into 48 detailed 

groups.  The ‘non-high-tech’ detailed occupational groups consist of: Management; 
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Business and Financial; Computers and Math; Architecture and Engineering; Physical 

and Social Science; Social Services; Legal; Education and Library; Art, Entertainment 

and Media; Healthcare Practitioners and Technical; Healthcare Support; Protective 

Services; Food Preparation and Service; Building and Grounds Maintenance; Personal 

Care and Service; Sales and Related; Office and Administrative Support; Construction 

and Extraction; Installation, Maintenance, and Repair; Production; Transportation and 

Material Moving.   

High-tech occupations in the present research are identified as those that most 

closely resemble the occupations on the Bureau of Labor Statistic’s list of high-tech 

occupations, defined as those thirty-six occupations that employ new technology to the 

largest extent (Kilcoyne 2003).  The high-tech detailed occupational groups of this 

research identify occupations according to the finest level of detail available in the PUMS 

data.  The categories are:  

1. Computer and Information Scientists—research; Computer Systems 

Analysts; (Miscellaneous Computer Specialists)***  

2. Computer Programmers 

3. Computer Software Engineers—applications; Computer Software 

Engineers—systems software** 

4. Database Administrators  

5. Network Systems and Data Communications Analysts  

6. Aerospace Engineers  

7. Biomedical Engineers  
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8. Chemical Engineers  

9. Computer Hardware Engineers  

10. Electrical Engineers; Electronics Engineers—except computer** 

11. Mining and Geological Engineers, including Mining Safety Engineers 

12. Nuclear Engineers 

13. Petroleum Engineers 

14. Aerospace Engineering and Operations Technicians; Electrical and 

Electronic Engineering Technicians; Electro-Mechanical Technicians;  

(Civil Engineering Technicians); (Environmental Engineering 

Technicians); (Industrial Engineering Technicians); (Mechanical 

Engineering Technicians); (Engineering Technicians—except Drafters, 

all other)******** 

15. Biochemists and Biophysicists; Microbiologists; (Zoologists and 

Wildlife Biologists); (Biological Scientists—all other)**** 

16. Epidemiologists; Medical Scientists—except Epidemiologists** 

17. Astronomers; Physicists** 

18. Atmospheric and Space Scientists 

19. Chemists; (Materials Scientists)** 

20. (Environmental Scientists and Specialists, Including Health); 

Geoscientists—except Hydrologists and Geographers; 

(Hydrologists)*** 

21. Biological Technicians 



   
 
 

 245

22. Chemical Technicians 

23. Geological and Petroleum Technicians 

24. Nuclear Technicians 

25. Medical and Clinical Laboratory Technologists; (Medical and Clinical 

Laboratory Technicians)** 

26. (Cardiovascular Technologists and Technicians); (Diagnostic Medical 

Sonographers); Nuclear Medicine Technologists; Radiological 

Technologists and Technicians**** 

 

 

In the above categories, semi-colons separate individual detailed occupations.  

These high-tech occupational groups are constructed by sorting high-tech occupations 

into categories using the lowest levels of aggregation available in PUMS data, at the five- 

and six-digit levels of SOC codes.  Every effort is made to construct detailed 

occupational groups that resemble the BLS list of high-tech occupations to the greatest 

extent allowed by the data.  However, while the BLS identifies high-tech occupations 

according to detailed occupational groups at the six-digit code level, PUMS data 

frequently aggregates several detailed occupations into one broad occupational category.  

This classification system results in the loss of some detail and renders exact matches to 

BLS high-tech occupations impossible in some cases.  One percent PUMS data has finer 

levels of distinction in this regard than does the five percent, which employs a cruder 

level of distinction of high-tech occupations by collapsing larger numbers of occupations 
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into broad groups.  Thus, the one percent PUMS is the superior data product for the 

present analysis. 

Fifteen exact classification matches exist between the BLS high-tech occupations 

and the one-percent PUMS data classifications.  Eleven categories included in the present 

research are composites of BLS occupations that collapse two or more BLS occupations 

into one category, and are identified in the above listing by asterisks.  The number of 

asterisks behind the description of occupations in a given group indicates the number of 

BLS detailed occupations that are combined into one PUMS group.  Fourteen 

occupations not identified as high-tech occupations by the BLS are included in the 

present analysis due to collapsing of occupational categories in PUMS data, and are 

designated in the above listing by parentheses.  These occupations are:  Miscellaneous 

Computer Specialists; Civil Engineering Technicians; Environmental Engineering 

Technicians; Industrial Engineering Technicians; Mechanical Engineering Technicians; 

Engineering Technicians—except Drafters, all other; Zoologists and Wildlife Biologists; 

Biological Scientists—all other; Materials Scientists; Environmental Scientists and 

Specialists, Including Health; Hydrologists; Medical and Clinical Laboratory 

Technicians; Cardiovascular Technologists and Technicians; and Diagnostic Medical 

Sonographers.  Due to the collapsing of categories performed by PUMS, it is impossible 

to eradicate these occupations from the present research.   

Finally, one BLS defined high-tech occupation is not included in the present research:  

Multi-Media Artists and Animators.  This detailed occupation is collapsed into a PUMS 

category that includes several non-high-tech occupations such as Artists and Sculptors 
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and is thus excluded from the analysis.  However, the n of Multi-Media Artists and 

Animators is negligible in one-percent PUMS 2000 data, and thus the exclusion of this 

BLS high-tech occupation has little effect on the present analysis.  While classifications 

of this research are not an exact match to BLS high-tech occupations due to the 

limitations of the data, this classification resembles the BLS listing as closely as is 

possible.  Additionally, it is well within the guidelines and far more precise than other, 

cruder methods employed to classify high-tech occupations (Kilcoyne 2003). 
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Appendix F 

Income Variable Detail 

         The income variable employed in the present analysis asks a sample of respondents 

about remuneration for work performed in conjunction with employment or self-

employment.  This variable represents money earnings received during the previous 

calendar year (in this case 1979 and 1999), a time frame that matches that of the 

previously described variables detailing weeks worked per year and hours worked per 

week.  For a detailed description of this time frame in conjunction with the variables 

relating to work, see Appendix G. 

          The Census Bureau defines earnings as “the sum of wage or salary income and net 

self-employment income from non-farm and farm sources.  Earnings are those sources of 

income most appropriately interrelated with labor force characteristics such as hours and 

weeks worked in 1979 or occupation” (Census of Population and Housing 1980b, p. K-

23).  In the analysis of 1980 Census data, three income variables are summed into one 

composite variable representing total earnings.  These three income variables represent 

monies received for wage or salary, non-farm self-employment, and farm self-

employment.  In the 2000 Census, a variable labeled “earns” is included in the data that 

represent earnings—the identical types of monies represented by the aforementioned 

composite variable created from 1980 Census data.  As described by the Census 2000b, 

the “earns” variable refers to “the sum of wage or salary income and net income from 

self-employment” that is regularly received.  Because respondents have reported farm 

self-employment income in dwindling numbers over the years, the 2000 Census 
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combined farm and non-farm self-employment earnings into one category; thus, the 

income variable for 1980 and 2000 analyses represent identical types of earnings.  Due to 

extremely small cell sizes of the occupational group ‘farming, fishing and forestry’ in 

MSA’s of the present research, this group has been eliminated from the all analyses. 

           As operationalized for this analysis, income refers to monies received before 

deductions for income tax, social security, bonds, union dues, Medicare, pensions etc.  

These monies include wages, salary, commissions, cash bonuses, and tips.  Excluded 

from income in the present analysis are food stamps and public assistance, monies 

received from real estate transactions, employer contributions, tax refunds, gifts and 

inheritances, insurance payoffs, interest and dividends, rental income, social security 

income, supplemental security income, and retirement income (Census 2000b; Census of 

Population and Housing 1980b).  Because the method used for this data analysis is based 

on income shares of the target population at two distinct points in time rather than actual 

raw income in dollar amounts, inflation over time is not a factor in the present research.    

 Some limitations in the present analysis do exist.  Income is at risk of being 

underreported due to respondents’ tendency to forget intermittent or small amounts, or 

omit answers to the income question in their self-reports.  However, the Census Bureau 

undertakes detailed computer editing measures in order to minimize reporting errors, 

which improve accuracy and consistency of self-reported income data.  Imputation of 

non-reported income data is also undertaken based upon respondents with similar 

characteristics.  The income variables for the 1980 and 2000 Censuses are highly 

comparable.   
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Some differences do exist in the rounding and classification methods of computer 

derivation undertaken by the Census Bureau in each year, but impacts are negligible and 

the data are highly comparable (Census 2000b).   

 

These differences exist in rounding and classification methods of computer derivation of 

aggregate income from individual amounts.  In 1980, individual income reports are 

subjected to a rounding system, and anything over $999,000 is coded simply as $999,500.  

Conversely, Census 2000 records all income amounts of less than $999,999 to the closest 

dollar, and all income reports of $999,999 or more simply as $999,999.  Both 1980 and 

2000 Censuses treat losses of $9,999 or more as minus $9,999.  However, impacts of 

these differences in coding are negligible and the data are highly comparable from 1980 

to 2000 (Census 2000b).   
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Appendix G 

Work Variables Detail 

Work Variables in 1980 and 2000 Censuses 

The present analysis includes only full-time, year-round workers.  These are 

defined as persons aged 16 and older who usually work at minimum 35 hours per week 

for 50-52 weeks per year.  The 1980 and 2000 Censuses both identify full-time, year-

round workers according to their work experience in the previous year (1979 and 1999, 

respectively), regardless of current labor force status.  Full-time, year-round work status 

is measured by a series of variables asked of a sample of respondents on the long-form 

questionnaire.  These work variables include “worked last year”, “weeks worked last 

year”, and “hours worked per week last year”.   

 

Worked Last Year  This variable identifies respondents aged 16 and above who worked 

for pay during the previous year at least a few days in 1980 and at least one week in 

2000.  Paid vacation and sick leave are included in this concept, as is working without 

pay on a family farm or business.  Only respondents classified as “worked last year” are 

asked the questions on weeks and hours worked last year.  The income variable measures 

money earnings received during the previous calendar year, which corresponds to the 

time frame of these work variables.  It is likely that the data that identify respondents who 
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worked last year are understated due to individuals omitting sporadic or unpaid periods of 

work in their reporting.  These data are highly comparable from 1960-2000. 

 

Weeks Worked Last Year This variable identifies the sample of year-round workers 

needed in the present analysis.  It refers to persons aged 16 years or more who, regardless 

of current labor force status, performed work for pay, took paid vacation or sick leave, or 

worked without pay on a family farm or business during the previous year.  This variable 

measures the actual number of weeks worked during the previous year, and data are 

comparable from the 1960 to the 2000 Census.  The present analysis includes only those 

respondents who worked year-round, which are identified by reports of working 50-52 

weeks during the previous year.  It is probable that respondents tended to omit paid 

vacation in their answers, resulting in an understatement of those working 50-52 weeks in 

the previous year.     

 

Hours Worked Per Week Last Year This variable pinpoints full-time workers, which are 

the sample of interest in the present paper.  It defines the usual number of hours worked 

during the weeks in which the respondent worked, in terms of actual hours ranging from 

1 to 99.  In cases in which hours worked per week varied widely, the respondent is 

instructed to make an approximate average of hours worked in each week.  The present 

analysis includes only respondents who worked full-time, defined as 35 or more hours 

per week.  These data are highly comparable for the 1980 and 2000 Censuses.    
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Appendix H:   
1980 Phase I Results    
       

SMSA 
Occupational 

Group 
Contribution to 

Theil  
Abilene, TX 1 0.073620238  
Abilene, TX 2 -0.028939294  
Abilene, TX 3 -0.035477483  

Abilene, TX 4 0.039079071 
Occupational Group 
Key 

Abilene, TX 5 -0.017931268  

Akron, OH  1 0.107159917 

1= Managerial and 
Professional 
Specialty 

Akron, OH  2 -0.04307397 

2= Technical, Sales 
and Administrative 
Support 

Akron, OH  3 -0.026686051 3= Service 

Akron, OH  4 0.008453448 

4= Precision 
Production, Craft and 
Repair  

Akron, OH  5 -0.018384158 

5= Operators, 
Fabricators and 
Laborers 

Albany, GA 1 0.087845051  
Albany, GA 2 -0.051655381  
Albany, GA 3 -0.017652023  
Albany, GA 4 0.010762749  
Albany, GA 5 -0.008791452  
Albany-Schenectady-Troy, NY 1 0.112460647  
Albany-Schenectady-Troy, NY 2 -0.059894492  
Albany-Schenectady-Troy, NY 3 -0.021186427  
Albany-Schenectady-Troy, NY 4 0.006380545  
Albany-Schenectady-Troy, NY 5 -0.009949632  
Albuquerque, NM 1 0.117800218  
Albuquerque, NM 2 -0.042041044  
Albuquerque, NM 3 -0.022485441  
Albuquerque, NM 4 -0.000236343  
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Albuquerque, NM 5 -0.024648055  
Alexandria, LA 1 0.09247748  
Alexandria, LA 2 -0.030545973  
Alexandria, LA 3 -0.038614592  
Alexandria, LA 4 0.014222807  
Alexandria, LA 5 -0.013164894  
Allentown-Bethlehem, PA-NJ 1 0.093354543  
Allentown-Bethlehem, PA-NJ 2 -0.027622531  
Allentown-Bethlehem, PA-NJ 3 -0.021154822  
Allentown-Bethlehem, PA-NJ 4 0.017226214  
Allentown-Bethlehem, PA-NJ 5 -0.038380254  
Altoona, PA 1 0.029294586  
Altoona, PA 2 -0.039307296  
Altoona, PA 3 -0.018589857  
Altoona, PA 4 0.025855601  
Altoona, PA 5 0.014966084  
Amarillo, TX 1 0.093914506  
Amarillo, TX 2 -0.036457598  
Amarillo, TX 3 -0.025121884  
Amarillo, TX 4 0.007661538  
Amarillo, TX 5 -0.014379744  
Anaheim-Santa Ana-Garden 
Grove, CA 1 0.115421106  
Anaheim-Santa Ana-Garden 
Grove, CA 2 -0.046712467  
Anaheim-Santa Ana-Garden 
Grove, CA 3 -0.016851668  
Anaheim-Santa Ana-Garden 
Grove, CA 4 0.001236815  
Anaheim-Santa Ana-Garden 
Grove, CA 5 -0.027567207  
Anchorage, AK 1 0.08431066  
Anchorage, AK 2 -0.053730055  
Anchorage, AK 3 -0.020394784  
Anchorage, AK 4 0.014209525  
Anchorage, AK 5 -0.007652183  
Anderson, IN 1 0.053646987  
Anderson, IN 2 -0.047134463  
Anderson, IN 3 -0.027527041  
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Anderson, IN 4 0.05062589  
Anderson, IN 5 -0.005662178  
Anderson, SC 1 0.070967558  
Anderson, SC 2 0.00398881  
Anderson, SC 3 -0.018243999  
Anderson, SC 4 0.024879218  
Anderson, SC 5 -0.058979709  
Ann Arbor, MI 1 0.102973433  
Ann Arbor, MI 2 -0.051266867  
Ann Arbor, MI 3 -0.023988441  
Ann Arbor, MI 4 0.023196864  
Ann Arbor, MI 5 -0.021664036  
Anniston, AL 1 0.075079793  
Anniston, AL 2 -0.025378383  
Anniston, AL 3 -0.010333896  
Anniston, AL 4 0.029957648  
Anniston, AL 5 -0.048470007  
Appleton-Oshkosh, WI 1 0.067053728  
Appleton-Oshkosh, WI 2 -0.042049993  
Appleton-Oshkosh, WI 3 -0.020259879  
Appleton-Oshkosh, WI 4 0.018729154  
Appleton-Oshkosh, WI 5 -0.005713217  
Asheville, NC 1 0.111929432  
Asheville, NC 2 -0.019269128  
Asheville, NC 3 -0.02618106  
Asheville, NC 4 0.004781606  
Asheville, NC 5 -0.041982899  
Athens, GA 1 0.107564667  
Athens, GA 2 0.001186512  
Athens, GA 3 -0.032506876  
Athens, GA 4 0.002402446  
Athens, GA 5 -0.048700144  
Atlanta, GA 1 0.106715002  
Atlanta, GA 2 -0.028169595  
Atlanta, GA 3 -0.022172739  
Atlanta, GA 4 -0.002595801  
Atlanta, GA 5 -0.028690323  
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Atlantic City, NJ 1 0.093868417  
Atlantic City, NJ 2 -0.031470217  
Atlantic City, NJ 3 -0.02935931  
Atlantic City, NJ 4 0.020062141  
Atlantic City, NJ 5 -0.029444425  
Augusta, GA-SC 1 0.103185354  
Augusta, GA-SC 2 -0.022351906  
Augusta, GA-SC 3 -0.029981151  
Augusta, GA-SC 4 0.00431337  
Augusta, GA-SC 5 -0.028889407  
Austin, TX 1 0.113701767  
Austin, TX 2 -0.038633389  
Austin, TX 3 -0.025739974  
Austin, TX 4 -0.006752057  
Austin, TX 5 -0.016910771  
Bakersfield, CA 1 0.087440415  
Bakersfield, CA 2 -0.058122534  
Bakersfield, CA 3 -0.015645116  
Bakersfield, CA 4 0.021518648  
Bakersfield, CA 5 -0.013193896  
Baltimore, MD 1 0.099819739  
Baltimore, MD 2 -0.041039214  
Baltimore, MD 3 -0.024154439  
Baltimore, MD 4 0.004320559  
Baltimore, MD 5 -0.017036935  
Baton Rouge, LA 1 0.089667502  
Baton Rouge, LA 2 -0.061970352  
Baton Rouge, LA 3 -0.021564645  
Baton Rouge, LA 4 0.027135137  
Baton Rouge, LA 5 -0.005870662  
Battle Creek, MI 1 0.069173703  
Battle Creek, MI 2 -0.041707178  
Battle Creek, MI 3 -0.028478925  
Battle Creek, MI 4 0.019574213  
Battle Creek, MI 5 0.000348462  
Bay City, MI 1 0.036628362  
Bay City, MI 2 -0.062041979  
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Bay City, MI 3 -0.012712491  
Bay City, MI 4 0.062381823  
Bay City, MI 5 -0.000670502  
Beaumont-Port Arthur-Orange, 
TX 1 0.073785686  
Beaumont-Port Arthur-Orange, 
TX 2 -0.061807525  
Beaumont-Port Arthur-Orange, 
TX 3 -0.024075548  
Beaumont-Port Arthur-Orange, 
TX 4 0.050071863  
Beaumont-Port Arthur-Orange, 
TX 5 -0.006649202  
Bellingham, WA 1 0.089938981  
Bellingham, WA 2 -0.029460678  
Bellingham, WA 3 -0.025862623  
Bellingham, WA 4 -0.008381935  
Bellingham, WA 5 -0.005991704  
Benton Harbor, MI 1 0.128192699  
Benton Harbor, MI 2 -0.050558328  
Benton Harbor, MI 3 -0.023352017  
Benton Harbor, MI 4 0.013668636  
Benton Harbor, MI 5 -0.030067409  
Billings, MT 1 0.083057726  
Billings, MT 2 -0.03396375  
Billings, MT 3 -0.023522364  
Billings, MT 4 0.002947664  
Billings, MT 5 -0.007687914  
Biloxi-Gulfport, MS 1 0.077267584  
Biloxi-Gulfport, MS 2 -0.015969848  
Biloxi-Gulfport, MS 3 -0.031795816  
Biloxi-Gulfport, MS 4 0.022900042  
Biloxi-Gulfport, MS 5 -0.027188608  
Binghamton, NY-PA 1 0.106574531  
Binghamton, NY-PA 2 -0.025023375  
Binghamton, NY-PA 3 -0.020978439  
Binghamton, NY-PA 4 -0.002471044  
Binghamton, NY-PA 5 -0.034224956  
Birmingham, AL 1 0.095377543  
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Birmingham, AL 2 -0.041920089  
Birmingham, AL 3 -0.021206824  
Birmingham, AL 4 0.008989966  
Birmingham, AL 5 -0.018388767  
Bloomington-Normal, IL 1 0.132991071  
Bloomington-Normal, IL 2 -0.064332552  
Bloomington-Normal, IL 3 -0.023465092  
Bloomington-Normal, IL 4 -0.002548539  
Bloomington-Normal, IL 5 -0.004226252  
Boise City, ID 1 0.099894613  
Boise City, ID 2 -0.045569629  
Boise City, ID 3 -0.02219295  
Boise City, ID 4 0.013415518  
Boise City, ID 5 -0.019828624  
Boston, MA 1 0.118205766  
Boston, MA 2 -0.046364104  
Boston, MA 3 -0.020461669  
Boston, MA 4 -0.00407636  
Boston, MA 5 -0.022279147  
Bradenton, FL 1 0.086570718  
Bradenton, FL 2 0.015683604  
Bradenton, FL 3 -0.050307956  
Bradenton, FL 4 0.011476385  
Bradenton, FL 5 -0.028339611  
Bremerton, WA 1 0.048936038  
Bremerton, WA 2 -0.034631975  
Bremerton, WA 3 -0.006641135  
Bremerton, WA 4 0.011010972  
Bremerton, WA 5 -0.010519367  
Bridgeport-Milford, CT 1 0.13350963  
Bridgeport-Milford, CT 2 -0.049565615  
Bridgeport-Milford, CT 3 -0.019754843  
Bridgeport-Milford, CT 4 0.015258296  
Bridgeport-Milford, CT 5 -0.041363232  
Brockton, MA 1 0.047163065  
Brockton, MA 2 -0.029433711  
Brockton, MA 3 -0.004122798  
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Brockton, MA 4 0.013966705  
Brockton, MA 5 -0.020019463  
Brownsville-Harlingen-San 
Benito, TX 1 0.151920089  
Brownsville-Harlingen-San 
Benito, TX 2 -0.005385807  
Brownsville-Harlingen-San 
Benito, TX 3 -0.036006959  
Brownsville-Harlingen-San 
Benito, TX 4 -0.013389311  
Brownsville-Harlingen-San 
Benito, TX 5 -0.046812146  
Buffalo, NY 1 0.066262161  
Buffalo, NY 2 -0.0445641  
Buffalo, NY 3 -0.019842405  
Buffalo, NY 4 0.026352079  
Buffalo, NY 5 -0.011075593  
Burlington, VT 1 0.122951816  
Burlington, VT 2 -0.047134075  
Burlington, VT 3 -0.017192526  
Burlington, VT 4 -0.008286517  
Burlington, VT 5 -0.022105486  
Canton, OH 1 0.044581359  
Canton, OH 2 -0.041655803  
Canton, OH 3 -0.020735927  
Canton, OH 4 0.032320888  
Canton, OH 5 0.003157483  
Cedar Rapids, IA 1 0.086741746  
Cedar Rapids, IA 2 -0.044220067  
Cedar Rapids, IA 3 -0.027221582  
Cedar Rapids, IA 4 0.029104926  
Cedar Rapids, IA 5 -0.019024695  
Champaign-Urbana-Rantoul, 
IL 1 0.1119439  
Champaign-Urbana-Rantoul, 
IL 2 -0.076034576  
Champaign-Urbana-Rantoul, 
IL 3 -0.016192374  
Champaign-Urbana-Rantoul, 
IL 4 0.008774418  
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Champaign-Urbana-Rantoul, 
IL 5 0.001383386  
Charleston-North Charleston, 
SC 1 0.072760742  
Charleston-North Charleston, 
SC 2 -0.034200023  
Charleston-North Charleston, 
SC 3 -0.02718857  
Charleston-North Charleston, 
SC 4 0.028094866  
Charleston-North Charleston, 
SC 5 -0.018822028  
Charleston, WV 1 0.091682206  
Charleston, WV 2 -0.044570059  
Charleston, WV 3 -0.026786184  
Charleston, WV 4 0.009191601  
Charleston, WV 5 -0.004086371  
Charlotte-Gastonia, NC 1 0.113569271  
Charlotte-Gastonia, NC 2 -0.018935321  
Charlotte-Gastonia, NC 3 -0.018006718  
Charlotte-Gastonia, NC 4 0.001595522  
Charlotte-Gastonia, NC 5 -0.048718076  
Charlottesville, VA 1 0.146128492  
Charlottesville, VA 2 -0.038793301  
Charlottesville, VA 3 -0.027591319  
Charlottesville, VA 4 -0.003378616  
Charlottesville, VA 5 -0.034909246  
Chattanooga, TN-GA 1 0.095658144  
Chattanooga, TN-GA 2 -0.038276577  
Chattanooga, TN-GA 3 -0.029378278  
Chattanooga, TN-GA 4 0.024591576  
Chattanooga, TN-GA 5 -0.025355235  
Chicago, IL 1 0.101398617  
Chicago, IL 2 -0.044224427  
Chicago, IL 3 -0.021182898  
Chicago, IL 4 0.014822138  
Chicago, IL 5 -0.026437922  
Chico, CA 1 0.053809287  
Chico, CA 2 0.001791187  
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Chico, CA 3 -0.028451069  
Chico, CA 4 -0.000866895  
Chico, CA 5 -0.013707318  
Cincinnati, OH-KY-IN 1 0.098040579  
Cincinnati, OH-KY-IN 2 -0.040035774  
Cincinnati, OH-KY-IN 3 -0.021717428  
Cincinnati, OH-KY-IN 4 0.005012609  
Cincinnati, OH-KY-IN 5 -0.018793751  
Clarksville-Hopkinsville, TN-
K 1 0.08110634  
Clarksville-Hopkinsville, TN-
K 2 -0.026813315  
Clarksville-Hopkinsville, TN-
K 3 -0.033104411  
Clarksville-Hopkinsville, TN-
K 4 0.042785549  
Clarksville-Hopkinsville, TN-
K 5 -0.035955099  
Cleveland, OH 1 0.106876223  
Cleveland, OH 2 -0.051459247  
Cleveland, OH 3 -0.022250477  
Cleveland, OH 4 0.013209236  
Cleveland, OH 5 -0.018884475  
Colorado Springs, CO 1 0.082983372  
Colorado Springs, CO 2 -0.034660068  
Colorado Springs, CO 3 -0.021745926  
Colorado Springs, CO 4 0.006620572  
Colorado Springs, CO 5 -0.017430733  
Columbia, MO 1 0.126267201  
Columbia, MO 2 -0.056437965  
Columbia, MO 3 -0.027595741  
Columbia, MO 4 0.006637547  
Columbia, MO 5 -0.014659858  
Columbia, SC 1 0.098444128  
Columbia, SC 2 -0.027113359  
Columbia, SC 3 -0.023466792  
Columbia, SC 4 0.009597342  
Columbia, SC 5 -0.032556844  
Columbus, GA-AL 1 0.136826973  
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Columbus, GA-AL 2 -0.016069277  
Columbus, GA-AL 3 -0.03034888  
Columbus, GA-AL 4 0.002719694  
Columbus, GA-AL 5 -0.050089762  
Columbus, OH 1 0.10761808  
Columbus, OH 2 -0.054024729  
Columbus, OH 3 -0.023270166  
Columbus, OH 4 0.008597309  
Columbus, OH 5 -0.012500086  
Corpus Christi, TX 1 0.116361014  
Corpus Christi, TX 2 -0.050938402  
Corpus Christi, TX 3 -0.030268896  
Corpus Christi, TX 4 0.011023012  
Corpus Christi, TX 5 -0.012118973  
Cumberland, MD-WV 1 0.063450073  
Cumberland, MD-WV 2 -0.046328842  
Cumberland, MD-WV 3 -0.027995698  
Cumberland, MD-WV 4 0.022120592  
Cumberland, MD-WV 5 0.009255429  
Dallas-Ft. Worth, TX 1 0.112869592  
Dallas-Ft. Worth, TX 2 -0.031373914  
Dallas-Ft. Worth, TX 3 -0.021214228  
Dallas-Ft. Worth, TX 4 -0.003224722  
Dallas-Ft. Worth, TX 5 -0.029758646  
Danbury, CT 1 0.140317487  
Danbury, CT 2 -0.03137206  
Danbury, CT 3 -0.023914955  
Danbury, CT 4 -0.009714623  
Danbury, CT 5 -0.036622081  
Danville, VA 1 0.127290508  
Danville, VA 2 -0.032918002  
Danville, VA 3 -0.02836893  
Danville, VA 4 0.012312108  
Danville, VA 5 -0.037229421  
Davenport-Rock Island-
Moline, IA-IL 1 0.09001839  
Davenport-Rock Island-
Moline, IA-IL 2 -0.040887518  
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Davenport-Rock Island-
Moline, IA-IL 3 -0.02480479  
Davenport-Rock Island-
Moline, IA-IL 4 0.015724903  
Davenport-Rock Island-
Moline, IA-IL 5 -0.014775478  
Dayton, OH 1 0.094926203  
Dayton, OH 2 -0.042273846  
Dayton, OH 3 -0.020762869  
Dayton, OH 4 0.012679237  
Dayton, OH 5 -0.021681879  
Daytona Beach, FL 1 0.135084337  
Daytona Beach, FL 2 -0.047343359  
Daytona Beach, FL 3 -0.02958139  
Daytona Beach, FL 4 -0.00195135  
Daytona Beach, FL 5 -0.020695513  
Decatur, IL 1 0.0389124  
Decatur, IL 2 -0.044995143  
Decatur, IL 3 -0.026142352  
Decatur, IL 4 0.039382546  
Decatur, IL 5 0.012112885  
Denver-Boulder, CO 1 0.10838302  
Denver-Boulder, CO 2 -0.042946497  
Denver-Boulder, CO 3 -0.022903333  
Denver-Boulder, CO 4 0.004557591  
Denver-Boulder, CO 5 -0.021629052  
Des Moines, IA 1 0.10428028  
Des Moines, IA 2 -0.06478995  
Des Moines, IA 3 -0.024734766  
Des Moines, IA 4 0.01814249  
Des Moines, IA 5 -0.004549476  
Detroit, MI 1 0.086889637  
Detroit, MI 2 -0.047827754  
Detroit, MI 3 -0.023701282  
Detroit, MI 4 0.026261634  
Detroit, MI 5 -0.018034894  
Duluth-Superior, MN-WI 1 0.032600971  
Duluth-Superior, MN-WI 2 -0.027769284  
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Duluth-Superior, MN-WI 3 -0.027387266  
Duluth-Superior, MN-WI 4 0.031005014  
Duluth-Superior, MN-WI 5 0.002969824  
Eau Claire, WI 1 0.077465592  
Eau Claire, WI 2 -0.010696972  
Eau Claire, WI 3 -0.02723384  
Eau Claire, WI 4 0.010221836  
El Paso, TX 5 -0.029707471  
El Paso, TX 1 0.094130477  
El Paso, TX 2 -0.017865906  
El Paso, TX 3 -0.029327165  
El Paso, TX 4 0.013266997  
El Paso, TX 5 -0.036300213  
Elkhart, IN 1 0.083198464  
Elkhart, IN 2 -0.033247025  
Elkhart, IN 3 -0.012314498  
Elkhart, IN 4 0.003063124  
Elkhart, IN 5 -0.024536196  
Erie, PA 1 0.078028342  
Erie, PA 2 -0.03654316  
Erie, PA 3 -0.023306915  
Erie, PA 4 0.018905693  
Erie, PA 5 -0.01739054  
Eugene-Springfield, OR 1 0.063503933  
Eugene-Springfield, OR 2 -0.044519282  
Eugene-Springfield, OR 3 -0.022354656  
Eugene-Springfield, OR 4 0.010778464  
Eugene-Springfield, OR 5 0.009650751  
Evansville, IN-KY 1 0.065521775  
Evansville, IN-KY 2 -0.032121573  
Evansville, IN-KY 3 -0.02881961  
Evansville, IN-KY 4 0.030455375  
Evansville, IN-KY 5 -0.014159322  
Fall River, MA-RI 1 0.124732855  
Fall River, MA-RI 2 -0.021629947  
Fall River, MA-RI 3 -0.012793212  
Fall River, MA-RI 4 -0.002312711  
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Fall River, MA-RI 5 -0.05722017  
Fargo-Moorhead, ND-MN 1 0.083051146  
Fargo-Moorhead, ND-MN 2 -0.040998522  
Fargo-Moorhead, ND-MN 3 -0.026468693  
Fargo-Moorhead, ND-MN 4 -0.003166586  
Fargo-Moorhead, ND-MN 5 0.00597092  
Fayetteville, NC 1 0.087166545  
Fayetteville, NC 2 -0.028610947  
Fayetteville, NC 3 -0.036028988  
Fayetteville, NC 4 0.013871986  
Fayetteville, NC 5 -0.013397911  
Fayetteville-Springdale, AR 1 0.085688141  
Fayetteville-Springdale, AR 2 -0.031597773  
Fayetteville-Springdale, AR 3 -0.021288467  
Fayetteville-Springdale, AR 4 0.012600501  
Fayetteville-Springdale, AR 5 -0.023239704  
Flint, MI 1 0.038111339  
Flint, MI 2 -0.042969151  
Flint, MI 3 -0.018296393  
Flint, MI 4 0.056060014  
Flint, MI 5 -0.015108179  
Florence, AL 1 0.06903564  
Florence, AL 2 -0.055744291  
Florence, AL 3 -0.023789552  
Florence, AL 4 0.047867321  
Florence, AL 5 -0.01049309  
Florence, SC 1 0.066825359  
Florence, SC 2 -0.017924808  
Florence, SC 3 -0.025757167  
Florence, SC 4 0.018842113  
Florence, SC 5 -0.023735147  
Fort Collins, CO 1 0.094021072  
Fort Collins, CO 2 -0.048185759  
Fort Collins, CO 3 -0.023223494  
Fort Collins, CO 4 0.020817541  
Fort Collins, CO 5 -0.018874383  
Fort Lauderdale-Hollywood, 
FL 1 0.093029701  
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Fort Lauderdale-Hollywood, 
FL 2 -0.035437983  
Fort Lauderdale-Hollywood, 
FL 3 -0.031536538  
Fort Lauderdale-Hollywood, 
FL 4 0.017394865  
Fort Lauderdale-Hollywood, 
FL 5 -0.01878014  
Fort Myers-Cape Coral, FL 1 0.056955783  
Fort Myers-Cape Coral, FL 2 -0.019823696  
Fort Myers-Cape Coral, FL 3 -0.030709425  
Fort Myers-Cape Coral, FL 4 0.034338822  
Fort Myers-Cape Coral, FL 5 -0.02041436  
Fort Smith, AR-OK 1 0.137314073  
Fort Smith, AR-OK 2 -0.021284225  
Fort Smith, AR-OK 3 -0.02957326  
Fort Smith, AR-OK 4 0.000535764  
Fort Smith, AR-OK 5 -0.041106095  
Fort Wayne, IN 1 0.089145904  
Fort Wayne, IN 2 -0.032289225  
Fort Wayne, IN 3 -0.021703258  
Fort Wayne, IN 4 -0.000461967  
Fort Wayne, IN 5 -0.01567713  
Fresno, CA 1 0.065286248  
Fresno, CA 2 -0.015127699  
Fresno, CA 3 -0.022354977  
Fresno, CA 4 0.009649177  
Fresno, CA 5 -0.023787256  
Gadsden, AL 1 0.040417581  
Gadsden, AL 2 -0.055172754  
Gadsden, AL 3 -0.018609014  
Gadsden, AL 4 0.034762502  
Gadsden, AL 5 0.016663861  
Gainesville, FL 1 0.144506037  
Gainesville, FL 2 -0.068601982  
Gainesville, FL 3 -0.02477968  
Gainesville, FL 4 -0.004720372  
Gainesville, FL 5 -0.010721197  
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Galveston-Texas City, TX 1 0.099809364  
Galveston-Texas City, TX 2 -0.057993057  
Galveston-Texas City, TX 3 -0.029812069  
Galveston-Texas City, TX 4 0.024674999  
Galveston-Texas City, TX 5 -0.004663653  
Gary-Hammond-East Chicago, 
IN 1 0.026737812  
Gary-Hammond-East Chicago, 
IN 2 -0.046419868  
Gary-Hammond-East Chicago, 
IN 3 -0.024715654  
Gary-Hammond-East Chicago, 
IN 4 0.061372895  
Gary-Hammond-East Chicago, 
IN 5 0.003611657  
Glens Falls, NY 1 0.101699225  
Glens Falls, NY 2 -0.032622917  
Glens Falls, NY 3 -0.033587894  
Glens Falls, NY 4 0.031710279  
Glens Falls, NY 5 -0.034998224  
Grand Rapids, MI 1 0.08577462  
Grand Rapids, MI 2 -0.038873768  
Grand Rapids, MI 3 -0.017389267  
Grand Rapids, MI 4 0.016069817  
Grand Rapids, MI 5 -0.025017114  
Greeley, CO 1 0.044723616  
Greeley, CO 2 -0.01565926  
Greeley, CO 3 -0.024464668  
Greeley, CO 4 0.016313379  
Greeley, CO 5 -0.010443931  
Green Bay, WI 1 0.072956193  
Green Bay, WI 2 -0.038669987  
Green Bay, WI 3 -0.018502494  
Green Bay, WI 4 -0.00235975  
Green Bay, WI 5 0.002396894  
Greensboro--Winston-Salem--
High Point, NC 1 0.125355772  
Greensboro--Winston-Salem--
High Point, NC 2 -0.023850981  
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Greensboro--Winston-Salem--
High Point, NC 3 -0.019885619  
Greensboro--Winston-Salem--
High Point, NC 4 0.008504114  
Greensboro--Winston-Salem--
High Point, NC 5 -0.054037133  
Greenville-Spartanburg, SC 1 0.129391805  
Greenville-Spartanburg, SC 2 -0.010962522  
Greenville-Spartanburg, SC 3 -0.021588251  
Greenville-Spartanburg, SC 4 0.000744715  
Greenville-Spartanburg, SC 5 -0.059260941  
Hagerstown, MD 1 0.070078067  
Hagerstown, MD 2 -0.037678071  
Hagerstown, MD 3 -0.023134983  
Hagerstown, MD 4 0.006652127  
Hagerstown, MD 5 -0.0009849  
Hamilton-Middletown, OH 1 0.054232381  
Hamilton-Middletown, OH 2 -0.06082964  
Hamilton-Middletown, OH 3 -0.015631717  
Hamilton-Middletown, OH 4 0.036845044  
Hamilton-Middletown, OH 5 0.004999364  
Harrisburg, PA 1 0.085314661  
Harrisburg, PA 2 -0.035916039  
Harrisburg, PA 3 -0.01963378  
Harrisburg, PA 4 0.009975275  
Harrisburg, PA 5 -0.02116944  
Hartford, CT 1 0.129394729  
Hartford, CT 2 -0.049477345  
Hartford, CT 3 -0.021493375  
Hartford, CT 4 0.002594037  
Hartford, CT 5 -0.028434408  
Hickory, NC 1 0.17617177  
Hickory, NC 2 -0.012838064  
Hickory, NC 3 -0.016326735  
Hickory, NC 4 -0.010336532  
Hickory, NC 5 -0.075996223  
Honolulu, HI 1 0.098010643  
Honolulu, HI 2 -0.050419381  
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Honolulu, HI 3 -0.031877302  
Honolulu, HI 4 0.022192259  
Honolulu, HI 5 -0.012525352  
Houston, TX 1 0.113034766  
Houston, TX 2 -0.046779327  
Houston, TX 3 -0.020445898  
Houston, TX 4 0.005804002  
Houston, TX 5 -0.022868145  
Huntington-Ashland, WV-KY-
OH 1 0.131516353  
Huntington-Ashland, WV-KY-
OH 2 -0.062554046  
Huntington-Ashland, WV-KY-
OH 3 -0.029356222  
Huntington-Ashland, WV-KY-
OH 4 0.016940088  
Huntington-Ashland, WV-KY-
OH 5 -0.010107881  
Huntsville, AL 1 0.177808687  
Huntsville, AL 2 -0.044499518  
Huntsville, AL 3 -0.024265274  
Huntsville, AL 4 8.90904E-05  
Huntsville, AL 5 -0.053449312  
Indianapolis, IN 1 0.101259095  
Indianapolis, IN 2 -0.046445797  
Indianapolis, IN 3 -0.02680629  
Indianapolis, IN 4 0.016282299  
Indianapolis, IN 5 -0.017488939  
Jackson, MI 1 0.10254983  
Jackson, MI 2 -0.054619165  
Jackson, MI 3 -0.023031227  
Jackson, MI 4 0.032578648  
Jackson, MI 5 -0.023242866  
Jackson, MS 1 0.130211656  
Jackson, MS 2 -0.041898088  
Jackson, MS 3 -0.027106836  
Jackson, MS 4 0.000925507  
Jackson, MS 5 -0.02638079  
Jacksonville, FL 1 0.095438751  
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Jacksonville, FL 2 -0.050469871  
Jacksonville, FL 3 -0.022113762  
Jacksonville, FL 4 0.013212457  
Jacksonville, FL 5 -0.013728529  
Jacksonville, NC 1 0.109274151  
Jacksonville, NC 2 -0.040162114  
Jacksonville, NC 3 -0.011235043  
Jacksonville, NC 4 0.011774905  
Jacksonville, NC 5 -0.042821739  
Janesville-Beloit, WI 1 0.078842044  
Janesville-Beloit, WI 2 -0.041101201  
Janesville-Beloit, WI 3 -0.017511577  
Janesville-Beloit, WI 4 0.013263924  
Janesville-Beloit, WI 5 -0.01273289  
Jersey City, NJ 1 0.05999406  
Jersey City, NJ 2 -0.021030316  
Jersey City, NJ 3 -0.016750257  
Jersey City, NJ 4 -0.000494913  
Jersey City, NJ 5 -0.012032868  
Johnson City-Kingsport-
Bristol, TN-VA 1 0.095404633  
Johnson City-Kingsport-
Bristol, TN-VA 2 -0.028583366  
Johnson City-Kingsport-
Bristol, TN-VA 3 -0.019550378  
Johnson City-Kingsport-
Bristol, TN-VA 4 0.009861544  
Johnson City-Kingsport-
Bristol, TN-VA 5 -0.033005462  
Johnstown, PA 1 0.043084453  
Johnstown, PA 2 -0.023570801  
Johnstown, PA 3 -0.033226678  
Johnstown, PA 4 0.03160404  
Johnstown, PA 5 9.3553E-05  
Joplin, MO 1 0.075029321  
Joplin, MO 2 -0.034010668  
Joplin, MO 3 -0.018047594  
Joplin, MO 4 0.01299428  
Joplin, MO 5 -0.019047259  
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Kalamazoo-Portage, MI 1 0.100661759  
Kalamazoo-Portage, MI 2 -0.041591775  
Kalamazoo-Portage, MI 3 -0.018327709  
Kalamazoo-Portage, MI 4 0.016332435  
Kalamazoo-Portage, MI 5 -0.031818179  
Kankakee, IL 1 0.052077063  
Kankakee, IL 2 -0.054341381  
Kankakee, IL 3 -0.032478039  
Kankakee, IL 4 0.031204766  
Kankakee, IL 5 0.02803982  
Kansas City, MO-KS 1 0.068333529  
Kansas City, MO-KS 2 -0.037588903  
Kansas City, MO-KS 3 -0.020038178  
Kansas City, MO-KS 4 0.017720658  
Kansas City, MO-KS 5 -0.013525597  
Kenosha, WI 1 0.072789276  
Kenosha, WI 2 -0.042300003  
Kenosha, WI 3 -0.025140956  
Kenosha, WI 4 0.04821256  
Kenosha, WI 5 -0.024822798  
Killeen-Temple, TX 1 0.115615883  
Killeen-Temple, TX 2 -0.049591747  
Killeen-Temple, TX 3 -0.020014421  
Killeen-Temple, TX 4 0.000213441  
Killeen-Temple, TX 5 -0.019960334  
Knoxville, TN 1 0.131427341  
Knoxville, TN 2 -0.030535521  
Knoxville, TN 3 -0.033079577  
Knoxville, TN 4 0.003610973  
Knoxville, TN 5 -0.033720123  
Kokomo, IN 1 0.062421708  
Kokomo, IN 2 -0.010657633  
Kokomo, IN 3 -0.022657721  
Kokomo, IN 4 0.03106375  
Kokomo, IN 5 -0.038565353  
Lafayette, LA 1 0.111277474  
Lafayette, LA 2 -0.048395611  
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Lafayette, LA 3 -0.016584893  
Lafayette, LA 4 0.003700098  
Lafayette, LA 5 -0.02362899  
Lafayette-West Lafayette, IN 1 0.132576461  
Lafayette-West Lafayette, IN 2 -0.049957497  
Lafayette-West Lafayette, IN 3 -0.027851667  
Lafayette-West Lafayette, IN 4 0.004261455  
Lafayette-West Lafayette, IN 5 -0.024968156  
Lake Charles, LA 1 0.04095983  
Lake Charles, LA 2 -0.042576391  
Lake Charles, LA 3 -0.029424521  
Lake Charles, LA 4 0.051997673  
Lake Charles, LA 5 -0.000783716  
Lakeland-Winter Haven, FL 1 0.077270773  
Lakeland-Winter Haven, FL 2 -0.027962834  
Lakeland-Winter Haven, FL 3 -0.025038487  
Lakeland-Winter Haven, FL 4 0.012287967  
Lakeland-Winter Haven, FL 5 -0.018834284  
Lancaster, PA 1 0.098190541  
Lancaster, PA 2 -0.030499595  
Lancaster, PA 3 -0.02069903  
Lancaster, PA 4 0.019762926  
Lancaster, PA 5 -0.038954868  
Lansing-East Lansing, MI 1 0.082602142  
Lansing-East Lansing, MI 2 -0.053468861  
Lansing-East Lansing, MI 3 -0.018220665  
Lansing-East Lansing, MI 4 0.022019065  
Lansing-East Lansing, MI 5 -0.01257642  
Las Vegas, NV 1 0.086119676  
Las Vegas, NV 2 -0.039986842  
Las Vegas, NV 3 -0.050023484  
Las Vegas, NV 4 0.032491215  
Las Vegas, NV 5 -0.004130947  
Lawrence-Haverhill, MA-NH 1 0.120567848  
Lawrence-Haverhill, MA-NH 2 -0.025550913  
Lawrence-Haverhill, MA-NH 3 -0.014411362  
Lawrence-Haverhill, MA-NH 4 -0.012074547  



   
 
 

 273

Lawrence-Haverhill, MA-NH 5 -0.041778259  
Lexington-Fayette, KY 1 0.110026909  
Lexington-Fayette, KY 2 -0.054897027  
Lexington-Fayette, KY 3 -0.02663662  
Lexington-Fayette, KY 4 0.029313348  
Lexington-Fayette, KY 5 -0.02425027  
Lima, OH 1 0.05068041  
Lima, OH 2 -0.033780478  
Lima, OH 3 -0.022069682  
Lima, OH 4 0.024274991  
Lima, OH 5 -0.003424355  
Lincoln, NE 1 0.130410462  
Lincoln, NE 2 -0.053497736  
Lincoln, NE 3 -0.024723572  
Lincoln, NE 4 -0.001937778  
Lincoln, NE 5 -0.016859507  
Little Rock-North Little Rock, 
AR 1 0.103157358  
Little Rock-North Little Rock, 
AR 2 -0.029492664  
Little Rock-North Little Rock, 
AR 3 -0.021704013  
Little Rock-North Little Rock, 
AR 4 0.001956315  
Little Rock-North Little Rock, 
AR 5 -0.030238015  
Long Branch-Asbury Park, NJ 1 0.131186347  
Long Branch-Asbury Park, NJ 2 -0.045136242  
Long Branch-Asbury Park, NJ 3 -0.025829441  
Long Branch-Asbury Park, NJ 4 -0.004139655  
Long Branch-Asbury Park, NJ 5 -0.023373666  
Longview-Marshall, TX 1 0.059243765  
Longview-Marshall, TX 2 -0.010728925  
Longview-Marshall, TX 3 -0.023252079  
Longview-Marshall, TX 4 0.006135574  
Longview-Marshall, TX 5 -0.015410495  
Lorain-Elyria, OH 1 0.050324875  
Lorain-Elyria, OH 2 -0.033304156  
Lorain-Elyria, OH 3 -0.022795527  
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Lorain-Elyria, OH 4 0.023483508  
Lorain-Elyria, OH 5 -0.00199071  
Los Angeles-Long Beach, CA 1 0.127555445  
Los Angeles-Long Beach, CA 2 -0.038932675  
Los Angeles-Long Beach, CA 3 -0.021872388  
Los Angeles-Long Beach, CA 4 0.000946379  
Los Angeles-Long Beach, CA 5 -0.035476952  
Louisville, KY-IN 1 0.113608146  
Louisville, KY-IN 2 -0.045990356  
Louisville, KY-IN 3 -0.024634771  
Louisville, KY-IN 4 0.014548131  
Louisville, KY-IN 5 -0.025718057  
Lowell, MA-NH 1 0.097494539  
Lowell, MA-NH 2 -0.027546107  
Lowell, MA-NH 3 -0.013654428  
Lowell, MA-NH 4 0.019063786  
Lowell, MA-NH 5 -0.049069687  
Lubbock, TX 1 0.107811466  
Lubbock, TX 2 -0.042731771  
Lubbock, TX 3 -0.021396093  
Lubbock, TX 4 -0.000301416  
Lubbock, TX 5 -0.019479985  
Lynchburg, VA 1 0.10750858  
Lynchburg, VA 2 -0.032795471  
Lynchburg, VA 3 -0.02263038  
Lynchburg, VA 4 0.002322312  
Lynchburg, VA 5 -0.028956543  
Macon, GA 1 0.071700954  
Macon, GA 2 -0.011558843  
Macon, GA 3 -0.028153361  
Macon, GA 4 0.013324137  
Macon, GA 5 -0.025093432  
Madison, WI 1 0.103417662  
Madison, WI 2 -0.044314114  
Madison, WI 3 -0.02530756  
Madison, WI 4 0.004758191  
Madison, WI 5 -0.016245026  
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Manchester, NH 1 0.08368108  
Manchester, NH 2 -0.03640513  
Manchester, NH 3 -0.014712345  
Manchester, NH 4 0.015809504  
Manchester, NH 5 -0.030087873  
Mansfield, OH 1 0.045510852  
Mansfield, OH 2 -0.036282393  
Mansfield, OH 3 -0.020863909  
Mansfield, OH 4 0.045127057  
Mansfield, OH 5 -0.017449015  
McAllen-Pharr-Edinburg, TX 1 0.131833463  
McAllen-Pharr-Edinburg, TX 2 -0.017679437  
McAllen-Pharr-Edinburg, TX 3 -0.025463226  
McAllen-Pharr-Edinburg, TX 4 0.013334039  
McAllen-Pharr-Edinburg, TX 5 -0.057484532  
Medford, OR 1 0.115128168  
Medford, OR 2 -0.046583183  
Medford, OR 3 -0.028149638  
Medford, OR 4 -0.004862617  
Medford, OR 5 -0.005278933  
Melbourne-Titusville-Cocoa, 
FL 1 0.123420918  
Melbourne-Titusville-Cocoa, 
FL 2 -0.036844653  
Melbourne-Titusville-Cocoa, 
FL 3 -0.024566115  
Melbourne-Titusville-Cocoa, 
FL 4 -0.007478845  
Melbourne-Titusville-Cocoa, 
FL 5 -0.024936733  
Memphis, TN-AR-MS 1 0.097596466  
Memphis, TN-AR-MS 2 -0.02655317  
Memphis, TN-AR-MS 3 -0.031660774  
Memphis, TN-AR-MS 4 0.014587427  
Memphis, TN-AR-MS 5 -0.026394018  
Miami, FL 1 0.137991876  
Miami, FL 2 -0.030837504  
Miami, FL 3 -0.029289043  
Miami, FL 4 -0.006739399  
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Miami, FL 5 -0.034154014  
Milwaukee, WI 1 0.089329825  
Milwaukee, WI 2 -0.039989156  
Milwaukee, WI 3 -0.021046295  
Milwaukee, WI 4 0.012756472  
Milwaukee, WI 5 -0.020805483  
Minneapolis-St. Paul, MN-WI 1 0.108257077  
Minneapolis-St. Paul, MN-WI 2 -0.049046336  
Minneapolis-St. Paul, MN-WI 3 -0.02079479  
Minneapolis-St. Paul, MN-WI 4 0.003666948  
Minneapolis-St. Paul, MN-WI 5 -0.017777786  
Mobile, AL 1 0.091913699  
Mobile, AL 2 -0.045521307  
Mobile, AL 3 -0.021784673  
Mobile, AL 4 0.019607899  
Mobile, AL 5 -0.020024158  
Modesto, CA 1 0.120130919  
Modesto, CA 2 -0.048551436  
Modesto, CA 3 -0.01927172  
Modesto, CA 4 0.000882428  
Modesto, CA 5 -0.025128438  
Monroe, LA 1 0.102990523  
Monroe, LA 2 -0.032008288  
Monroe, LA 3 -0.029572087  
Monroe, LA 4 0.011704672  
Monroe, LA 5 -0.024529997  
Montgomery, AL 1 0.074706731  
Montgomery, AL 2 -0.019309017  
Montgomery, AL 3 -0.024958272  
Montgomery, AL 4 -0.010532236  
Montgomery, AL 5 -0.005592726  
Muncie, IN 1 0.068612926  
Muncie, IN 2 -0.028629751  
Muncie, IN 3 -0.025652051  
Muncie, IN 4 0.020808743  
Muncie, IN 5 -0.017231611  
Muskegon-Norton Shores-
Muskegon Heights, MI 1 0.092730463  
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Muskegon-Norton Shores-
Muskegon Heights, MI 2 -0.037290235  
Muskegon-Norton Shores-
Muskegon Heights, MI 3 -0.028158265  
Muskegon-Norton Shores-
Muskegon Heights, MI 4 0.023287392  
Muskegon-Norton Shores-
Muskegon Heights, MI 5 -0.023989041  
Nashua, NH 1 0.11788937  
Nashua, NH 2 -0.023955678  
Nashua, NH 3 -0.014543602  
Nashua, NH 4 -0.007538966  
Nashua, NH 5 -0.041815517  
Nashville-Davidson, TN 1 0.089481223  
Nashville-Davidson, TN 2 -0.031184823  
Nashville-Davidson, TN 3 -0.023585873  
Nashville-Davidson, TN 4 0.009061481  
Nashville-Davidson, TN 5 -0.023254928  
Nassau-Suffolk, NY 1 0.116058702  
Nassau-Suffolk, NY 2 -0.042056006  
Nassau-Suffolk, NY 3 -0.020571405  
Nassau-Suffolk, NY 4 -0.005749432  
Nassau-Suffolk, NY 5 -0.022731944  
New Bedford, MA 1 0.128005256  
New Bedford, MA 2 -0.042654708  
New Bedford, MA 3 -0.012156835  
New Bedford, MA 4 0.023446876  
New Bedford, MA 5 -0.057647814  
New Britain, CT 1 0.107928933  
New Britain, CT 2 -0.056973691  
New Britain, CT 3 -0.01792151  
New Britain, CT 4 0.030390012  
New Britain, CT 5 -0.031821528  
New Brunswick-Perth Amboy-
Sayreville, NJ 1 0.093253584  
New Brunswick-Perth Amboy-
Sayreville, NJ 2 -0.051938475  
New Brunswick-Perth Amboy-
Sayreville, NJ 3 -0.016766818  
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New Brunswick-Perth Amboy-
Sayreville, NJ 4 0.019604165  
New Brunswick-Perth Amboy-
Sayreville, NJ 5 -0.021423733  
New Haven-West Haven, CT 1 0.131296519  
New Haven-West Haven, CT 2 -0.04512878  
New Haven-West Haven, CT 3 -0.020398952  
New Haven-West Haven, CT 4 -0.009095265  
New Haven-West Haven, CT 5 -0.02624377  
New London-Norwich, CT 1 0.116333433  
New London-Norwich, CT 2 -0.027738712  
New London-Norwich, CT 3 -0.018275008  
New London-Norwich, CT 4 -0.012055292  
New London-Norwich, CT 5 -0.032428095  
New Orleans, LA 1 0.108097313  
New Orleans, LA 2 -0.053647307  
New Orleans, LA 3 -0.029792148  
New Orleans, LA 4 0.017060601  
New Orleans, LA 5 -0.012353585  
New York, NY-NJ 1 0.137633226  
New York, NY-NJ 2 -0.046967535  
New York, NY-NJ 3 -0.028216184  
New York, NY-NJ 4 -0.001865557  
New York, NY-NJ 5 -0.026655175  
Newark, NJ 1 0.15218033  
Newark, NJ 2 -0.048300708  
Newark, NJ 3 -0.023644463  
Newark, NJ 4 -0.002516807  
Newark, NJ 5 -0.036461298  
Newark, OH 1 0.077596903  
Newark, OH 2 -0.04744211  
Newark, OH 3 -0.026859908  
Newark, OH 4 0.026218658  
Newark, OH 5 -0.005585865  
Newburgh-Middletown, NY 1 0.080466236  
Newburgh-Middletown, NY 2 -0.030849996  
Newburgh-Middletown, NY 3 -0.019146274  
Newburgh-Middletown, NY 4 0.021050357  
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Newburgh-Middletown, NY 5 -0.032906017  
Newport News-Hampton, VA 1 0.104471897  
Newport News-Hampton, VA 2 -0.045210908  
Newport News-Hampton, VA 3 -0.024615634  
Newport News-Hampton, VA 4 0.009866279  
Newport News-Hampton, VA 5 -0.018340387  
Norfolk-Virginia Beach-
Portsmouth, VA-NC 1 0.078905352  
Norfolk-Virginia Beach-
Portsmouth, VA-NC 2 -0.035419811  
Norfolk-Virginia Beach-
Portsmouth, VA-NC 3 -0.02413182  
Norfolk-Virginia Beach-
Portsmouth, VA-NC 4 0.022233056  
Norfolk-Virginia Beach-
Portsmouth, VA-NC 5 -0.021577633  
Northeast Pennsylvania 1 0.071190748  
Northeast Pennsylvania 2 -0.018462034  
Northeast Pennsylvania 3 -0.022774742  
Northeast Pennsylvania 4 0.016945563  
Northeast Pennsylvania 5 -0.02946491  
Norwalk, CT 1 0.226442307  
Norwalk, CT 2 -0.06194335  
Norwalk, CT 3 -0.028147029  
Norwalk, CT 4 -0.026648942  
Norwalk, CT 5 -0.033212016  
Ocala, FL 1 0.085373574  
Ocala, FL 2 -0.029344573  
Ocala, FL 3 -0.031976144  
Ocala, FL 4 0.059697245  
Ocala, FL 5 -0.04752764  
Odessa, TX 1 0.130012252  
Odessa, TX 2 -0.059701701  
Odessa, TX 3 -0.022611601  
Odessa, TX 4 0.036952157  
Odessa, TX 5 -0.038028847  
Oklahoma City, OK 1 0.101842365  
Oklahoma City, OK 2 -0.045593594  
Oklahoma City, OK 3 -0.021100449  
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Oklahoma City, OK 4 0.007835044  
Oklahoma City, OK 5 -0.018376392  
Olympia, WA 1 0.086950697  
Olympia, WA 2 -0.057665047  
Olympia, WA 3 -0.012381324  
Olympia, WA 4 0.001414475  
Olympia, WA 5 -0.000617141  
Omaha, NE-IA 1 0.117073488  
Omaha, NE-IA 2 -0.055835128  
Omaha, NE-IA 3 -0.023175189  
Omaha, NE-IA 4 0.003665527  
Omaha, NE-IA 5 -0.013025011  
Orlando, FL 1 0.12178424  
Orlando, FL 2 -0.029588295  
Orlando, FL 3 -0.029643006  
Orlando, FL 4 -0.00194098  
Orlando, FL 5 -0.028907895  
Oxnard-Simi Valley-Ventura, 
CA 1 0.115552641  
Oxnard-Simi Valley-Ventura, 
CA 2 -0.044339843  
Oxnard-Simi Valley-Ventura, 
CA 3 -0.022352327  
Oxnard-Simi Valley-Ventura, 
CA 4 -0.000879335  
Oxnard-Simi Valley-Ventura, 
CA 5 -0.022296286  
Parkersburg-Marietta, WV-OH 1 0.033256076  
Parkersburg-Marietta, WV-OH 2 -0.036887221  
Parkersburg-Marietta, WV-OH 3 -0.020225187  
Parkersburg-Marietta, WV-OH 4 0.032721131  
Parkersburg-Marietta, WV-OH 5 0.006032649  
Pascagoula-Moss Point, MS 1 0.081478325  
Pascagoula-Moss Point, MS 2 -0.053128837  
Pascagoula-Moss Point, MS 3 -0.011984182  
Pascagoula-Moss Point, MS 4 0.034135744  
Pascagoula-Moss Point, MS 5 -0.026205173  
Paterson-Clifton-Passaic, N 1 0.130873794  
Paterson-Clifton-Passaic, N 2 -0.032183993  
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Paterson-Clifton-Passaic, N 3 -0.019246681  
Paterson-Clifton-Passaic, N 4 -0.006670253  
Paterson-Clifton-Passaic, N 5 -0.040219973  
Pensacola, FL 1 0.067580059  
Pensacola, FL 2 -0.00913318  
Pensacola, FL 3 -0.032213466  
Pensacola, FL 4 0.00808378  
Pensacola, FL 5 -0.015944551  
Peoria, IL 1 0.088896684  
Peoria, IL 2 -0.04604022  
Peoria, IL 3 -0.028070661  
Peoria, IL 4 0.023398371  
Peoria, IL 5 -0.01319437  
Petersburg-Colonial Heights-
Hopewell, VA 1 0.061939754  
Petersburg-Colonial Heights-
Hopewell, VA 2 -0.025080225  
Petersburg-Colonial Heights-
Hopewell, VA 3 -0.040208293  
Petersburg-Colonial Heights-
Hopewell, VA 4 0.017695443  
Petersburg-Colonial Heights-
Hopewell, VA 5 0.003046136  
Philadelphia, PA 1 0.1105919  
Philadelphia, PA 2 -0.047442478  
Philadelphia, PA 3 -0.022391467  
Philadelphia, PA 4 0.008204412  
Philadelphia, PA 5 -0.022491369  
Phoenix, AZ 1 0.102576051  
Phoenix, AZ 2 -0.036752277  
Phoenix, AZ 3 -0.023513505  
Phoenix, AZ 4 0.00419109  
Phoenix, AZ 5 -0.022650766  
Pittsburgh, PA 1 0.110478452  
Pittsburgh, PA 2 -0.05439594  
Pittsburgh, PA 3 -0.027051949  
Pittsburgh, PA 4 0.013039337  
Pittsburgh, PA 5 -0.011161364  
Portland, ME 1 0.129923516  
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Portland, ME 2 -0.029255803  
Portland, ME 3 -0.023327717  
Portland, ME 4 -0.011078326  
Portland, ME 5 -0.033564797  
Portland, OR-WA 1 0.091518216  
Portland, OR-WA 2 -0.047172665  
Portland, OR-WA 3 -0.017262871  
Portland, OR-WA 4 0.00410508  
Portland, OR-WA 5 -0.012530072  
Portsmouth-Dover-Rochester, 
NH-ME 1 0.07737066  
Portsmouth-Dover-Rochester, 
NH-ME 2 -0.005482511  
Portsmouth-Dover-Rochester, 
NH-ME 3 -0.022079562  
Portsmouth-Dover-Rochester, 
NH-ME 4 0.015785887  
Portsmouth-Dover-Rochester, 
NH-ME 5 -0.04307054  
Poughkeepsie, NY 1 0.138913424  
Poughkeepsie, NY 2 -0.038980087  
Poughkeepsie, NY 3 -0.035163614  
Poughkeepsie, NY 4 -0.006178739  
Poughkeepsie, NY 5 -0.024711476  
Providence-Warwick-
Pawtucket, RI-MA 1 0.141911453  
Providence-Warwick-
Pawtucket, RI-MA 2 -0.033665673  
Providence-Warwick-
Pawtucket, RI-MA 3 -0.017923077  
Providence-Warwick-
Pawtucket, RI-MA 4 -0.002322713  
Providence-Warwick-
Pawtucket, RI-MA 5 -0.049770163  
Provo-Orem, UT 1 0.073303289  
Provo-Orem, UT 2 -0.045256662  
Provo-Orem, UT 3 -0.017523285  
Provo-Orem, UT 4 0.004617617  
Provo-Orem, UT 5 0.002331339  
Pueblo, CO 1 0.02425601  
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Pueblo, CO 2 -0.033427415  
Pueblo, CO 3 -0.035335903  
Pueblo, CO 4 0.014492516  
Pueblo, CO 5 0.054343484  
Racine, WI 1 0.086757543  
Racine, WI 2 -0.039880849  
Racine, WI 3 -0.021562856  
Racine, WI 4 0.014836956  
Racine, WI 5 -0.018165045  
Raleigh-Durham, NC 1 0.122167002  
Raleigh-Durham, NC 2 -0.043840827  
Raleigh-Durham, NC 3 -0.025030563  
Raleigh-Durham, NC 4 0.004262601  
Raleigh-Durham, NC 5 -0.026601344  
Reading, PA 1 0.085416187  
Reading, PA 2 -0.038005775  
Reading, PA 3 -0.016896042  
Reading, PA 4 0.012979499  
Reading, PA 5 -0.023214537  
Redding, CA 1 0.076542887  
Redding, CA 2 -0.040203655  
Redding, CA 3 -0.022447891  
Redding, CA 4 -0.006036958  
Redding, CA 5 0.007496439  
Reno, NV 1 0.101759665  
Reno, NV 2 -0.028653064  
Reno, NV 3 -0.043610789  
Reno, NV 4 0.012409597  
Reno, NV 5 -0.016547831  
Richland-Kennewick-Pasco, 
WA 1 0.068444562  
Richland-Kennewick-Pasco, 
WA 2 -0.054250691  
Richland-Kennewick-Pasco, 
WA 3 -0.019457348  
Richland-Kennewick-Pasco, 
WA 4 0.037251539  
Richland-Kennewick-Pasco, 
WA 5 -0.010565946  
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Richmond, VA 1 0.093604136  
Richmond, VA 2 -0.034170078  
Richmond, VA 3 -0.028628321  
Richmond, VA 4 0.012871078  
Richmond, VA 5 -0.020036508  
Riverside-San Bernardino-
Ontario, CA 1 0.061922699  
Riverside-San Bernardino-
Ontario, CA 2 -0.027899975  
Riverside-San Bernardino-
Ontario, CA 3 -0.022916581  
Riverside-San Bernardino-
Ontario, CA 4 0.012908383  
Riverside-San Bernardino-
Ontario, CA 5 -0.012056468  
Roanoke, VA 1 0.116898591  
Roanoke, VA 2 -0.014275168  
Roanoke, VA 3 -0.027156675  
Roanoke, VA 4 -0.005464303  
Roanoke, VA 5 -0.03817895  
Rochester, NY 1 0.088791673  
Rochester, NY 2 -0.04144535  
Rochester, NY 3 -0.022535257  
Rochester, NY 4 0.023845726  
Rochester, NY 5 -0.025093517  
Rockford, IL 1 0.101899844  
Rockford, IL 2 -0.046578724  
Rockford, IL 3 -0.019601436  
Rockford, IL 4 0.019259679  
Rockford, IL 5 -0.027713912  
Rock Hill, SC 1 0.143843882  
Rock Hill, SC 2 0.004270396  
Rock Hill, SC 3 -0.012921639  
Rock Hill, SC 4 -0.005817881  
Rock Hill, SC 5 -0.081321649  
Sacramento, CA 1 0.104938959  
Sacramento, CA 2 -0.058555306  
Sacramento, CA 3 -0.022035769  
Sacramento, CA 4 0.008810204  
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Sacramento, CA 5 -0.009114712  
Saginaw, MI 1 0.031467075  
Saginaw, MI 2 -0.022173676  
Saginaw, MI 3 -0.022707731  
Saginaw, MI 4 0.051520949  
Saginaw, MI 5 -0.021742231  
St. Cloud, MN 1 0.083439105  
St. Cloud, MN 2 -0.05337182  
St. Cloud, MN 3 -0.034789222  
St. Cloud, MN 4 0.022597815  
St. Cloud, MN 5 0.011431375  
St. Joseph, MO 1 0.05215024  
St. Joseph, MO 2 -0.042672591  
St. Joseph, MO 3 -0.025847284  
St. Joseph, MO 4 0.022409088  
St. Joseph, MO 5 0.008388094  
St. Louis, MO-IL 1 0.107874798  
St. Louis, MO-IL 2 -0.050726316  
St. Louis, MO-IL 3 -0.027348768  
St. Louis, MO-IL 4 0.015581695  
St. Louis, MO-IL 5 -0.01543896  
Salem, OR 1 0.062248784  
Salem, OR 2 -0.043332591  
Salem, OR 3 -0.031490518  
Salem, OR 4 0.017199743  
Salem, OR 5 0.012888523  
Salinas-Seaside-Monterey, CA 1 0.089981316  
Salinas-Seaside-Monterey, CA 2 -0.037661413  
Salinas-Seaside-Monterey, CA 3 -0.034229069  
Salinas-Seaside-Monterey, CA 4 0.017473913  
Salinas-Seaside-Monterey, CA 5 -0.012024908  
Salisbury-Concord, NC 1 0.107664685  
Salisbury-Concord, NC 2 0.002753998  
Salisbury-Concord, NC 3 -0.021218792  
Salisbury-Concord, NC 4 0.018019759  
Salisbury-Concord, NC 5 -0.070927343  
Salt Lake City-Ogden, UT 1 0.091329505  
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Salt Lake City-Ogden, UT 2 -0.050940656  
Salt Lake City-Ogden, UT 3 -0.016806552  
Salt Lake City-Ogden, UT 4 0.014617138  
Salt Lake City-Ogden, UT 5 -0.017186907  
San Antonio, TX 1 0.129857075  
San Antonio, TX 2 -0.035273152  
San Antonio, TX 3 -0.024785579  
San Antonio, TX 4 -0.006864787  
San Antonio, TX 5 -0.02937451  
San Diego, CA 1 0.096894123  
San Diego, CA 2 -0.039331064  
San Diego, CA 3 -0.026658815  
San Diego, CA 4 0.003777458  
San Diego, CA 5 -0.013528613  
San Francisco-Oakland, CA 1 0.100724086  
San Francisco-Oakland, CA 2 -0.046708796  
San Francisco-Oakland, CA 3 -0.023877042  
San Francisco-Oakland, CA 4 0.006546706  
San Francisco-Oakland, CA 5 -0.014764789  
San Jose, CA 1 0.122846376  
San Jose, CA 2 -0.043461249  
San Jose, CA 3 -0.017356063  
San Jose, CA 4 -0.008423244  
San Jose, CA 5 -0.025748318  
Santa Barbara-Santa Maria-
Lompoc, CA 1 0.107884308  
Santa Barbara-Santa Maria-
Lompoc, CA 2 -0.029224711  
Santa Barbara-Santa Maria-
Lompoc, CA 3 -0.025098578  
Santa Barbara-Santa Maria-
Lompoc, CA 4 0.001294013  
Santa Barbara-Santa Maria-
Lompoc, CA 5 -0.026119865  
Santa Cruz, CA 1 0.086932673  
Santa Cruz, CA 2 -0.034815513  
Santa Cruz, CA 3 -0.032830969  
Santa Cruz, CA 4 0.009485138  
Santa Cruz, CA 5 -0.007345533  



   
 
 

 287

Santa Rosa, CA 1 0.061090646  
Santa Rosa, CA 2 -0.039393034  
Santa Rosa, CA 3 -0.018551103  
Santa Rosa, CA 4 0.017877398  
Santa Rosa, CA 5 -0.009001242  
Sarasota, FL 1 0.115535824  
Sarasota, FL 2 -0.050005303  
Sarasota, FL 3 -0.035395997  
Sarasota, FL 4 0.028922212  
Sarasota, FL 5 -0.021568957  
Savannah, GA 1 0.079605392  
Savannah, GA 2 -0.042598261  
Savannah, GA 3 -0.028451751  
Savannah, GA 4 0.031971911  
Savannah, GA 5 -0.01722847  
Seattle-Everett, WA 1 0.098088622  
Seattle-Everett, WA 2 -0.05191208  
Seattle-Everett, WA 3 -0.021473382  
Seattle-Everett, WA 4 0.005325467  
Seattle-Everett, WA 5 -0.007973152  
Sharon, PA 1 0.055965132  
Sharon, PA 2 -0.019209298  
Sharon, PA 3 -0.02763964  
Sharon, PA 4 0.014993655  
Sharon, PA 5 -0.010245307  
Sheboygan, WI 1 0.048617461  
Sheboygan, WI 2 -0.029860651  
Sheboygan, WI 3 -0.020079696  
Sheboygan, WI 4 0.033915512  
Sheboygan, WI 5 -0.019002338  
Shreveport, LA 1 0.110306545  
Shreveport, LA 2 -0.042007416  
Shreveport, LA 3 -0.025205919  
Shreveport, LA 4 0.015879203  
Shreveport, LA 5 -0.028342523  
Sioux City, IA-NE 1 0.104083328  
Sioux City, IA-NE 2 -0.032953894  
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Sioux City, IA-NE 3 -0.024789035  
Sioux City, IA-NE 4 -0.000228908  
Sioux City, IA-NE 5 -0.021118723  
Sioux Falls, SD 1 0.103399494  
Sioux Falls, SD 2 -0.034033788  
Sioux Falls, SD 3 -0.029933245  
Sioux Falls, SD 4 -0.002424321  
Sioux Falls, SD 5 -0.012650954  
South Bend, IN 1 0.105802377  
South Bend, IN 2 -0.052583232  
South Bend, IN 3 -0.021247313  
South Bend, IN 4 0.012676112  
South Bend, IN 5 -0.016544168  
Spokane, WA 1 0.079365975  
Spokane, WA 2 -0.048723056  
Spokane, WA 3 -0.020055501  
Spokane, WA 4 0.011422653  
Spokane, WA 5 -0.004286665  
Springfield, IL 1 0.075154908  
Springfield, IL 2 -0.052080091  
Springfield, IL 3 -0.017812762  
Springfield, IL 4 0.017290501  
Springfield, IL 5 -0.007492755  
Springfield, MO 1 0.087135306  
Springfield, MO 2 -0.032200383  
Springfield, MO 3 -0.024855379  
Springfield, MO 4 0.007318788  
Springfield, MO 5 -0.016796597  
Springfield, OH 1 0.092275947  
Springfield, OH 2 -0.03729157  
Springfield, OH 3 -0.032658291  
Springfield, OH 4 0.020677956  
Springfield, OH 5 -0.013550209  
Springfield-Chicopee-Holyoke, 
MA-CT 1 0.08521311  
Springfield-Chicopee-Holyoke, 
MA-CT 2 -0.030896483  
Springfield-Chicopee-Holyoke, 3 -0.023801791  
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MA-CT 
Springfield-Chicopee-Holyoke, 
MA-CT 4 0.007684673  
Springfield-Chicopee-Holyoke, 
MA-CT 5 -0.020011025  
Stamford, CT 1 0.214899141  
Stamford, CT 2 -0.063908045  
Stamford, CT 3 -0.027412641  
Stamford, CT 4 -0.024621824  
Stamford, CT 5 -0.0267677  
State College, PA 1 0.170382735  
State College, PA 2 -0.059382489  
State College, PA 3 -0.035962237  
State College, PA 4 -0.00697468  
State College, PA 5 -0.015793184  
Steubenville-Weirton, OH-WV 1 0.006366449  
Steubenville-Weirton, OH-WV 2 -0.052897164  
Steubenville-Weirton, OH-WV 3 -0.020221431  
Steubenville-Weirton, OH-WV 4 0.057512118  
Steubenville-Weirton, OH-WV 5 0.037894286  
Stockton, CA 1 0.09224642  
Stockton, CA 2 -0.057851047  
Stockton, CA 3 -0.020829765  
Stockton, CA 4 0.024196619  
Stockton, CA 5 -0.01372674  
Syracuse, NY 1 0.103794275  
Syracuse, NY 2 -0.046120065  
Syracuse, NY 3 -0.02430099  
Syracuse, NY 4 0.010482636  
Syracuse, NY 5 -0.01705884  
Tacoma, WA 1 0.0719408  
Tacoma, WA 2 -0.044543669  
Tacoma, WA 3 -0.017890625  
Tacoma, WA 4 0.020531964  
Tacoma, WA 5 -0.013837658  
Tallahassee, FL 1 0.143548827  
Tallahassee, FL 2 -0.065350095  
Tallahassee, FL 3 -0.030639522  
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Tallahassee, FL 4 -0.01051637  
Tallahassee, FL 5 -0.002306932  
Tampa-St. Petersburg, FL 1 0.095623617  
Tampa-St. Petersburg, FL 2 -0.028829911  
Tampa-St. Petersburg, FL 3 -0.02345333  
Tampa-St. Petersburg, FL 4 7.86307E-05  
Tampa-St. Petersburg, FL 5 -0.021981463  
Terre Haute, IN 1 0.034653564  
Terre Haute, IN 2 -0.023448873  
Terre Haute, IN 3 -0.034268358  
Terre Haute, IN 4 0.035412273  
Terre Haute, IN 5 0.004085947  
Texarkana, TX-Texarkana, AR 1 0.067816665  
Texarkana, TX-Texarkana, AR 2 -0.024926784  
Texarkana, TX-Texarkana, AR 3 -0.024093004  
Texarkana, TX-Texarkana, AR 4 0.026754463  
Texarkana, TX-Texarkana, AR 5 -0.026074585  
Toledo, OH-MI 1 0.065261843  
Toledo, OH-MI 2 -0.037254474  
Toledo, OH-MI 3 -0.02643902  
Toledo, OH-MI 4 0.021409247  
Toledo, OH-MI 5 -0.003570947  
Topeka, KS 1 0.119717622  
Topeka, KS 2 -0.064258521  
Topeka, KS 3 -0.029675536  
Topeka, KS 4 0.019173547  
Topeka, KS 5 -0.007957269  
Trenton, NJ 1 0.133630886  
Trenton, NJ 2 -0.058535807  
Trenton, NJ 3 -0.024751771  
Trenton, NJ 4 0.000441165  
Trenton, NJ 5 -0.018114739  
Tucson, AZ 1 0.084056659  
Tucson, AZ 2 -0.050211891  
Tucson, AZ 3 -0.022694102  
Tucson, AZ 4 0.013576332  
Tucson, AZ 5 -0.004734884  
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Tulsa, OK 1 0.109970004  
Tulsa, OK 2 -0.050718889  
Tulsa, OK 3 -0.016456367  
Tulsa, OK 4 0.009204669  
Tulsa, OK 5 -0.023807632  
Tuscaloosa, AL 1 0.12425683  
Tuscaloosa, AL 2 -0.029905903  
Tuscaloosa, AL 3 -0.055914672  
Tuscaloosa, AL 4 0.011693692  
Tuscaloosa, AL 5 -0.002999445  
Tyler, TX 1 0.151922194  
Tyler, TX 2 -0.049991993  
Tyler, TX 3 -0.026676609  
Tyler, TX 4 0.009343929  
Tyler, TX 5 -0.037597881  
Utica-Rome, NY 1 0.071525257  
Utica-Rome, NY 2 -0.024992005  
Utica-Rome, NY 3 -0.024361835  
Utica-Rome, NY 4 0.005751604  
Utica-Rome, NY 5 -0.014236981  
Vallejo-Fairfield-Napa, CA 1 0.045498343  
Vallejo-Fairfield-Napa, CA 2 -0.045939865  
Vallejo-Fairfield-Napa, CA 3 -0.014048085  
Vallejo-Fairfield-Napa, CA 4 0.039358545  
Vallejo-Fairfield-Napa, CA 5 -0.011958104  
Vineland-Millville-Bridgeton, 
NJ 1 0.06720804  
Vineland-Millville-Bridgeton, 
NJ 2 -0.013175737  
Vineland-Millville-Bridgeton, 
NJ 3 -0.027528577  
Vineland-Millville-Bridgeton, 
NJ 4 0.029470771  
Vineland-Millville-Bridgeton, 
NJ 5 -0.037916798  
Visalia-Tulare-Porterville, CA 1 0.082869063  
Visalia-Tulare-Porterville, CA 2 -0.02759112  
Visalia-Tulare-Porterville, CA 3 -0.024946607  
Visalia-Tulare-Porterville, CA 4 0.004728645  
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Visalia-Tulare-Porterville, CA 5 -0.016881244  
Waco, TX 1 0.14144917  
Waco, TX 2 -0.053659306  
Waco, TX 3 -0.026304677  
Waco, TX 4 0.013448491  
Waco, TX 5 -0.031829228  
Washington, DC-MD-VA 1 0.133790306  
Washington, DC-MD-VA 2 -0.057908809  
Washington, DC-MD-VA 3 -0.022985677  
Washington, DC-MD-VA 4 -0.008896864  
Washington, DC-MD-VA 5 -0.013710045  
Waterbury, CT 1 0.124907707  
Waterbury, CT 2 -0.038847616  
Waterbury, CT 3 -0.022106242  
Waterbury, CT 4 0.000134062  
Waterbury, CT 5 -0.033941873  
Waterloo-Cedar Falls, IA 1 0.030496112  
Waterloo-Cedar Falls, IA 2 -0.048988338  
Waterloo-Cedar Falls, IA 3 -0.014943493  
Waterloo-Cedar Falls, IA 4 0.051597999  
Waterloo-Cedar Falls, IA 5 -5.79969E-05  
Wausau, WI 1 0.069883055  
Wausau, WI 2 -0.022692635  
Wausau, WI 3 -0.029825547  
Wausau, WI 4 0.022101343  
Wausau, WI 5 -0.01900463  
West Palm Beach-Boca Raton, 
FL 1 0.100117615  
West Palm Beach-Boca Raton, 
FL 2 -0.028552818  
West Palm Beach-Boca Raton, 
FL 3 -0.03787257  
West Palm Beach-Boca Raton, 
FL 4 0.017259751  
West Palm Beach-Boca Raton, 
FL 5 -0.022342724  
Wheeling, WV-OH 1 0.077947123  
Wheeling, WV-OH 2 -0.065649621  
Wheeling, WV-OH 3 -0.01859312  
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Wheeling, WV-OH 4 0.037463733  
Wheeling, WV-OH 5 -0.001693861  
Wichita, KS 1 0.099568444  
Wichita, KS 2 -0.038918661  
Wichita, KS 3 -0.018032198  
Wichita, KS 4 0.007883482  
Wichita, KS 5 -0.027199553  
Wichita Falls, TX 1 0.101330771  
Wichita Falls, TX 2 -0.035989345  
Wichita Falls, TX 3 -0.029468565  
Wichita Falls, TX 4 0.029766868  
Wichita Falls, TX 5 -0.032844333  
Williamsport, PA 1 0.071260733  
Williamsport, PA 2 -0.027707086  
Williamsport, PA 3 -0.005667252  
Williamsport, PA 4 0.015370558  
Williamsport, PA 5 -0.038744575  
Wilmington, DE-NJ-MD 1 0.109485013  
Wilmington, DE-NJ-MD 2 -0.043563391  
Wilmington, DE-NJ-MD 3 -0.02379477  
Wilmington, DE-NJ-MD 4 0.002990334  
Wilmington, DE-NJ-MD 5 -0.018932335  
Wilmington, NC 1 0.062771795  
Wilmington, NC 2 -0.021052257  
Wilmington, NC 3 -0.019451088  
Wilmington, NC 4 0.023782083  
Wilmington, NC 5 -0.0318963  
Worcester, MA 1 0.095996098  
Worcester, MA 2 -0.027725892  
Worcester, MA 3 -0.021402786  
Worcester, MA 4 0.014393865  
Worcester, MA 5 -0.037901349  
Yakima, WA 1 0.072552868  
Yakima, WA 2 -0.032594519  
Yakima, WA 3 -0.026711869  
Yakima, WA 4 0.022091596  
Yakima, WA 5 -0.017647898  
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York, PA 1 0.094539368  
York, PA 2 -0.02609635  
York, PA 3 -0.016829702  
York, PA 4 0.010907008  
York, PA 5 -0.039121298  
Youngstown-Warren, OH 1 0.049250392  
Youngstown-Warren, OH 2 -0.042554858  
Youngstown-Warren, OH 3 -0.017594704  
Youngstown-Warren, OH 4 0.03013971  
Youngstown-Warren, OH 5 -0.004230329  
Yuba City, CA 1 0.088999549  
Yuba City, CA 2 -0.064233682  
Yuba City, CA 3 -0.004644853  
Yuba City, CA 4 0.024446882  
Yuba City, CA 5 -0.02047252  
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