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Abstract
This article examines the effects of specialized knowledge on the geographic
concentration of occupations across US metropolitan areas. Controlling for a wide
range of other attributes, empirical results reveal that occupations with a unique
knowledge base exhibit higher levels of concentration than those with generic
knowledge requirements. This result is robust to the use of several model specifications
and instrumental variables estimation that relies on an instrument set representing the
means by which people acquire knowledge. Thus, the study suggests that the benefits
of labor market pooling are particularly apparent in cases where workers require a
specialized knowledge base.
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1. Introduction

One of the most striking features of the US economy is the high geographic
concentration of people and firms.1 Indeed, the mere existence of cities is testament to
the idea that people—and the businesses that employ them—benefit from the close
proximity of others (Lucas, 1988). Textile manufacturing, which generates a large share
of its output at a very few locations, is one of the most-cited examples of an industry
with a high geographic concentration of activity (Krugman, 1991; Ellison and Glaeser,
1997; Duranton and Overman, 2005). A frequently mentioned example of an industry
cluster is the strong presence of computer programming and other high-technology
firms located in and around Silicon Valley (Saxenian, 1994; Fallick et al., 2006).

These locational patterns are advantageous to workers and firms: people can move
among employers without retooling and businesses have access to a deep pool of labor
with the skills they need. Indeed, in their study of industry co-agglomeration, Ellison
et al. (2010) found that sectors employing the same types of workers tend to

1 This statement applies to many other nations (Maurel and Sedillot, 1999; Devereux et al., 2004;
Andersson et al., 2005; Barrios et al., 2005; McCann and Simonen, 2005).
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co-agglomerate. Moreover, several studies have uncovered empirical evidence of
increased labor mobility (i.e. movement among jobs) that is facilitated by industry
agglomeration (Fallick et al., 2006; Freedman, 2008). A common theme in the existing
literature is that the benefit of agglomeration resulting from labor market pooling is

particularly helpful when workers require a specialized skill set, whether it is the ability
to turn fibers into textiles or write computer programs.

This article examines the geographic concentration of occupations across the US
metropolitan areas. We focus on the importance of labor market pooling as measured
by the extent to which occupations require a specialized knowledge base related to a
wide variety of topics. Our analysis of occupations provides a new way to look at the
forces that influence the geographic concentration of economic activity. Industry-

centric studies focus on where similar types of goods and services are made, since
sectors are assigned based on a firm’s primary output. In contrast, recent occupational-
based approaches to urban and regional analysis emphasize what people do in their jobs
(Feser, 2003; Markusen, 2004; Florida et al., 2008; Gabe, 2009; Scott, 2009; Bacolod
et al., 2009a, 2009b). Here, we use occupations to understand the knowledge required to

perform a job.
For at least two of Marshall’s (1920) ideas about the benefits of agglomeration, the

effects seem to be more pronounced for occupations (i.e. tasks and activities people
perform in their jobs) than industries (i.e. goods and services provided). Agglomeration
facilitates knowledge spillovers because it allows individuals to share ideas and tacit
knowledge (Kloosterman, 2008; Ibrahim et al., 2009). A computer programmer, for
example, presumably benefits more from proximity to others involved in similar

day-to-day activities (e.g. interacting with computers, using technology) than he or she
gains from working next to others in the same industry (e.g. a software company’s
receptionist, human resources specialist, or chief executive).

Likewise, the basic idea behind labor market pooling—that agglomeration provides a
thick labor market for those who possess or require a particular skill set—seems to
apply more readily to occupations than industries. In an analysis of industry

agglomeration, Rosenthal and Strange (2001, 205) suggest that labor market pooling
is the most problematic of the Marshallian micro-foundations to measure because ‘it is
difficult to identify industry characteristics that are related to the specialization of the
industry’s labor force’.2 This is not the case with occupations. Some jobs require a very
specific knowledge and skill set that is specialized to the task at hand, while other
occupations call for a more generic set of knowledge and skills.

Knowledge is measured in the study using data from the US Department of Labor’s

Occupational Information Network (O*NET), which covers 33 subject areas ranging
from physics to fine arts. We incorporate information on all 33 topics into a single
measure of the extent to which an occupation’s overall knowledge profile differs from
the average US job. Locational Gini coefficients, based on micro-level data from the
2008 American Community Survey on 1.3 million individuals in 284 US metropolitan

2 Rosenthal and Strange (2001) use three measures (e.g. net productivity, an indicator of ‘brains to brawn’
and the percentage of workers with advanced degrees) as proxies for the importance of labor market
pooling. Overman and Puga (2010) point out the limitations of these indicators and, instead, focus on the
effects of idiosyncratic firm-level employment shocks on industry agglomeration. Their results suggest
establishments that expand while the overall industry declines (or vice versa) benefit more from
agglomeration than plants in sectors with homogeneous employment shocks.
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areas, are used to represent the geographic concentration of occupations.
The regression models estimated in the article examine the relationship between the
locational Gini coefficients and our measure of specialized knowledge, while controlling
for other occupational-level attributes expected to influence the geographic concentra-
tion of economic activity.

Explanations about the forces influencing the locational patterns of economic
activity have evolved from Marshall’s (1920) discussion of the sources of indus-
try agglomeration (i.e. pooled labor force, availability of non-traded inputs and
knowledge spillovers) to Duranton and Puga’s (2004) more formal exposition of
these micro-foundations based on spatial externalities arising from sharing,
matching and learning. In our analysis, the preferred explanation for the agglomer-
ation effects of labor market pooling is that it makes workers and businesses better off
when firms face idiosyncratic demand shocks (Krugman, 1991; Overman and Puga,
2010).

Duranton and Puga (2004, 2085) characterize this explanation as one of ‘sharing
risk’, in which there are ‘efficiency gains from sharing resources (e.g. skilled workforce)
among firms that do not know ex ante how many of these resources they will need’. An
important feature of the existing theories of agglomeration is that they predict benefits
of labor market pooling [or, using the terminology of Duranton and Puga (2004), ‘risk
sharing’] in cases where firms require a specific type of labor. For example, in
Krugman’s (1991, 38) labor market pooling model, he assumes that firms ‘use the same
distinctive kind of skilled labor’. Likewise, Overman and Puga (2010) assume that
workers have skills that are specific to a given sector.

Consistent with this idea, our regression results show that occupations with
knowledge profiles that differ from the average US job have higher levels of
concentration than those with more generic knowledge requirements. This finding is
robust to the use of several model specifications, including fixed-effects models that
control for an occupation’s major occupational category and instrumental variables
estimation that relies on an instrument set representing the means by which people
acquire knowledge. Thus, as commonly assumed in models of industry concentration,
the main findings from this research suggest that the benefits of labor market pooling
are particularly apparent in cases where workers require a specialized skill set.

2. The geographic concentration of the US occupations

Following Krugman (1991), Audretsch and Feldman (1996) and Jensen and Kletzer
(2006), we use locational Gini coefficients to measure the geographic concentration of
occupations across US metropolitan areas.3 The locational Gini coefficient (LGINI) for
the US Census occupations, indexed by k, is calculated as (Kim et al., 2000):

LGINIk ¼ �=4 u, ð1Þ

3 Although Rosenthal and Strange (2001) found that the determinants of agglomeration differ somewhat at
the zip code, county and state levels, metropolitan areas are an appropriate geographic unit of
observation to examine the concentration of occupations because they represent the labor market areas in
which workers interact and move among jobs. Moreover, data limitations prevent us from examining
occupational concentration at the zip code and county levels. Our reliance on occupations as the unit of
observation necessarily excludes any within-occupation variation that may exist.
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where � ¼ f1=½nðn� 1Þ�g
Pn

i¼1

Pn
j¼1 j xi � xj j

i, j ¼ US metropolitan areas ði 6¼ jÞ,
u ¼ mean of xi,

xi(j) ¼ [metro area i’s (j’s) share of employment in k/
metro area i’s (j’s) share of total employment],

and, n¼ 284, the number of US metropolitan areas included in the analysis.
Locational Gini values close to zero suggest that employment in the occupation is

widely dispersed across US metropolitan areas and spread out in a manner similar to
the distribution of overall employment. Values close to 0.5 suggest that workers in the
occupation are geographically concentrated in a single metropolitan area, or located in
very few places.

We used individual-level data from the 1% Public Use Microdata Sample (PUMS) of
the 2008 American Community Survey to construct locational Gini coefficients
(Ruggles et al., 2010). This dataset contains over 3 million observations, but our sample
size is smaller because we focus on individuals for whom we know their occupation and
metropolitan area location. After removing people without an identified occupation
(e.g. retirees, students, etc.) and those who live outside of metropolitan areas, we
constructed the locational Gini coefficients using data on 1,321,889 individuals. The
2008 American Community Survey includes information on 284 metropolitan areas, as
defined by the US Census, and 470 occupations.4

To assess whether the geographic concentration of occupations reveals anything
beyond what is already known through previous studies on the geographic patterns of
industries, we estimated a second set of locational Gini coefficients using occupational
employment figures that were estimated based on the industries present in a given
metropolitan area. To do so, we used information on the 1.3 million individuals from
the 2008 American Community Survey to construct an occupational-industry matrix.
Then, we used this matrix along with industry employment data for each metropolitan
area to estimate occupational employment. If the occupational Gini coefficients were
dictated solely by the location patterns of the industries they support, we would expect
the predicted values to be reasonably close approximations of the actual geographic
concentration of occupations. However, the correlation between these two measures is
only 0.60, which—although positive—suggests that the forces influencing concentration
differ between industries and occupations.

Table 1 presents information on the actual geographic concentration of the US
occupations, summarized by major standard occupational classification (SOC)
category. We find that the most geographically concentrated jobs are in the broad
categories of farming, fishing and forestry occupations; production occupations; and
life, physical and social science occupations. The major occupational categories that
exhibit the lowest average values of the locational Gini coefficients include food
preparation and serving related occupations; building and grounds cleaning and
maintenance occupations; and community and social services occupations. Workers in
these latter broad job categories tend to be geographically dispersed across the group of
284 US metropolitan areas.

4 The sample size is less than 470 occupations in our regression analysis because we removed public
administration- and military-related categories, as well as occupations with missing information for one
or more of the explanatory variables.
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Tables 2 and 3 show the 20 most and least geographically concentrated US
occupations. Jobs that involve aspects of textile manufacturing (e.g. textile knitting and
weaving machine setters; textile winding, twisting and drawing out machine setters)
exhibit high levels of geographic concentration, similar to the ranking of textiles among
the most concentrated manufacturing industries reported by Krugman (1991), Ellison
and Glaeser (1997) and Duranton and Overman (2005). As expected, southern
metropolitan areas such as Danville, Virginia and Chattanooga, Tennessee–Georgia,
have the highest relative employment shares in these textile-related occupations. Other
occupations that are highly concentrated include gaming workers (e.g. gaming cage
workers), shoemakers (e.g. shoe machine operators and tenders) and specialized
engineers (e.g. marine engineers and naval architects; petroleum, mining and geological
engineers). On the other end of the spectrum, the least geographically concentrated
occupations include secretaries and administrative assistants; retail salespersons;
elementary and middle school teachers and registered nurses. These jobs tend to be
evenly dispersed in proportions similar to overall employment across the US
metropolitan areas.

This descriptive analysis provides insight into some of the factors that might influence
the concentration of occupations in the United States. For example, natural advantage
appears to be important for the locational patterns of several of the most concentrated
occupations (e.g. petroleum, mining and geological engineers; riggers). However, it is

Table 1. Geographic concentration of major occupational categories, 2008

SOC category Description Average LGINI

11-0000 Management occupations 0.2204

13-0000 Business and financial operations occupations 0.2765

15-0000 Computer and mathematical occupations 0.2766

17-0000 Architecture and engineering occupations 0.3210

19-0000 Life, physical and social science occupations 0.3662

21-0000 Community and social services occupations 0.1769

23-0000 Legal occupations 0.1829

25-0000 Education, training and library occupations 0.1909

27-0000 Arts, design, entertainment, sports and media occupations 0.2797

29-0000 Healthcare practitioners and technical occupations 0.2900

31-0000 Healthcare support occupations 0.2252

33-0000 Protective service occupations 0.2901

35-0000 Food preparation and serving related occupations 0.1514

37-0000 Building and grounds cleaning and maintenance occupations 0.1751

39-0000 Personal care and service occupations 0.2819

41-0000 Sales and related occupations 0.1888

43-0000 Office and administrative support occupations 0.2417

45-0000 Farming, fishing and forestry occupations 0.4137

47-0000 Construction and extraction occupations 0.3143

49-0000 Installation, maintenance and repair occupations 0.3057

51-0000 Production occupations 0.3675

53-0000 Transportation and material moving occupations 0.3188

Notes: Locational Gini values are based on 1,321,889 people included in the 2008 American Community

Survey 1% Public Use Microdata Sample (PUMS). Individuals are located in one of 284 US metropolitan

areas.
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also clear that many of the most concentrated occupations require highly specialized
skills (e.g. textile knitting and weaving machine setters, operators, and tenders; marine

engineers and naval architects). Moreover, the least geographically concentrated

occupations tend to have generic knowledge requirements that are easily transferable
across a wide range of jobs (e.g. secretaries and receptionists; salespersons and cashiers).

With this in mind, we now turn to a more formal analysis of the determinants of

occupational concentration.

3. Determinants of occupational concentration

To investigate whether specialized knowledge influences the geographic concentration

of occupations in the United States, we estimate a regression model that examines the

relationship between the locational Gini coefficients described above and a new
measure of the distinctiveness of the cognitive skills required to perform a job. The

regression model controls for a wide range of factors that may also influence

occupational concentration, such as other agglomerative forces (e.g. knowledge
spillovers), natural advantage and transport costs, to isolate the effect of specialized

knowledge. Specifically, using occupations as observations, we estimate the following

model:

LGINIk ¼ �1 specialized knowledgek þ �Xkþ"k, ð2Þ

Table 3. Twenty least geographically concentrated occupations, 2008

Occupation Locational Gini

Secretaries and administrative assistants 0.0518

First-line supervisors/managers of retail sales workers 0.0579

Retail salespersons 0.0592

Elementary and middle school teachers 0.0614

Cashiers 0.0627

First-line supervisors/managers of office and administrative support workers 0.0761

Janitors and building cleaners 0.0766

Bookkeeping, accounting and auditing clerks 0.0771

Registered nurses 0.0775

Receptionists and information clerks 0.0818

Stock clerks and order fillers 0.0823

Cooks 0.0836

Customer service representatives 0.0849

Miscellaneous managers, including postmasters and mail superintendents 0.0857

Waiters and waitresses 0.0885

Office clerks 0.0895

Child care workers 0.0900

Driver/sales workers and truck drivers 0.0911

Construction laborers 0.0930

Food service managers 0.0943

Notes: Locational Gini values are based on 1,321,889 people included in the 2008 American Community

Survey 1% Public Use Microdata Sample (PUMS). Individuals are located in one of 284 US metropolitan

areas.
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where k� occupation, X� vector of controls and " � error term. This is the same
general approach used by Rosenthal and Strange (2001) to examine the concentration
of manufacturing industries. With this specification, the key coefficient we estimate is
identified by the cross-sectional variation in the knowledge requirements across
occupations. Summary statistics for the variables used in the regression analysis are
presented in Table 4, while a detailed description of these variables is provided below.

3.1. Specialized knowledge

The explanatory variable of key interest, used to measure the distinctiveness of the
cognitive skills required in a job, is the extent to which an occupation’s knowledge
profile differs from the US norm. This variable, specialized knowledge, is constructed
using information from the US Department of Labor’s Occupational Information
Network (O*NET, version 12.0) on the importance and level of knowledge required in
33 subjects (see Table 5).5 The O*NET, which is based on employee surveys and input
from professional occupational analysts, asks respondents to rate on a scale of 1–5 the
importance of these knowledge areas to a person’s job. For topics that are rated as at
least ‘somewhat important’ (i.e. a score of 2 or higher), the respondent is asked to rate
on a scale of 1–7 the level of knowledge required.

Using data from 33 different questions (i.e. one for each of the subject areas) included
on the O*NET survey, we multiplied the importance (i.e. scale of 1–5) and level (i.e.
scale of 1–7) ratings to construct occupational-level knowledge indices (Feser, 2003).
With this information and estimates from the 2008, American Community Survey on
total US employment by occupation, we calculated the (weighted) average US
knowledge requirements in each of the 33 topics. To measure the extent to which an
individual occupation’s knowledge profile differs from the norm, we constructed the
specialized knowledge variable as:

Specialized knowledgek ¼
X33

z¼1

ðKIk,z�KIave,zÞ
2, ð3Þ

where the subscript z indicates the knowledge area, KI is the knowledge index, the
subscript k indicates the occupation, and the subscript ave indicates the average US
occupation. Low values of this variable indicate that the occupation’s knowledge profile
is similar to the average US job, while high values suggest that the occupation requires
specialized knowledge.

3.2. Other determinants of occupational concentration

Of Marshall’s three explanations of the benefits of agglomeration, knowledge spillovers
have received the most attention in the literature (Jaffe et al., 1993; Audretsch and
Feldman, 1996; Kloosterman, 2008; Ibrahim et al., 2009). The idea here is that
agglomeration (and, in our case, a high geographic concentration of activity) allows
workers to learn job-specific tasks and stay with current new developments as if they
were ‘in the air’. The variable update knowledge is used to measure the extent to which

5 See Peterson et al. (2001) for a detailed discussion of O*NET.
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an occupation requires workers to keep up with new information relevant to the job.
Presumably, a high geographic concentration of employment would be beneficial to
workers in occupations that place a high premium on keeping current with new
developments. Update knowledge is constructed as an index (i.e. ‘importance’ multiplied
by the ‘level’ of this activity required in an occupation) using O*NET data on an
occupational activity titled ‘updating and using relevant information’. Unlike the
specialized knowledge variable that is constructed using information from 33 questions
included on the O*NET survey, the update knowledge variable uses information from a
single O*NET question.

Along with ideas about labor market pooling and knowledge spillovers, Marshall
(1920) suggested that agglomeration (and, in our case, the geographic concentration of
economic activity) facilitates the sharing of intermediate inputs. Specialized machinery
and equipment, especially items that exhibit increasing returns to scale in their use, are
examples of inputs that workers and firms may locate around. Marshall (1920, 225)
notes ‘the economic use of expensive machinery can sometimes be attained in a very
high degree in a district in which there is a large aggregate production of the same kind,
even though no individual capital employed in the trade be very large’. We use the
variable, labeled as machinery, to represent the use of machinery in a person’s job. It is
constructed as an index, similar to the update knowledge variable, using information on
the importance and level of the O*NET occupational activity titled ‘controlling
machines and processes’.

The explanatory variable interaction with public represents a sort of transport cost
that is expected to affect agglomeration. In an analysis of the agglomeration of service
industries, Kolko (2010) suggests that transport costs dictate that low-value services
delivered through face-to-face contact should be geographically dispersed. Moreover,
jobs characterized by heavy interaction with the general public typically require
face-to-face contact, which limits an occupation’s tendency to agglomerate (Storper and
Venables, 2004). We constructed the interaction with public variable as an index using
information from O*NET on the importance and level of an occupational activity titled
‘performing for or working directly with the public’.

To account for the importance of establishment-level economies of scale, the
regression model includes the variable average establishment size. It is constructed by
matching occupations to industries using individual-level data from the 2008 American
Community Survey. After determining the sectors that correspond to each of the

Table 5. Knowledge areas

Administration and Management Building and Construction Education and Training

Clerical Mechanical English Language

Economics and Accounting Mathematics Foreign Language

Sales and Marketing Physics Fine Arts

Customer and Personal Service Chemistry History and Archeology

Personnel and Human Resources Biology Philosophy and Theology

Production and Processing Psychology Public Safety and Security

Food Production Sociology and Anthropology Law and Government

Computers and Electronics Geography Telecommunications

Engineering and Technology Medicine and Dentistry Communications and Media

Design Therapy and Counseling Transportation
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occupations, we calculated an average employment size using industry-level data from
County Business Patterns. The explanatory variables labeled as agriculture and mining
measure the percentage of occupational employment in agricultural- or mining-related
industries. These variables, which were constructed in a similar fashion using
information from the 2008 American Community Survey, account for the importance
of natural advantage and raw material use in geographic locational patterns (Kim,
1995; Ellison and Glaeser, 1999).

The final two explanatory variables used in our analysis of the geographic
concentration of occupations are industry distribution and occupation size. The variable
industry distribution uses a simple entropy measure to capture the distribution of
workers across 19 major NAICS industrial categories. Low values indicate that workers
in an occupation are spread across industries, while high values of industry distribution
suggest that occupational employment is concentrated in a few sectors. This variable,
constructed using individual-level data from the 2008 American Community Survey,
controls for instances in which the locational patterns of occupations are intimately
connected to the industries that they support. Finally, a weakness of the locational Gini
when studying industries is that it could suggest high levels of concentration in cases
where sectors comprised of a few large companies locate in a dispersed, random pattern
(Ellison and Glaeser, 1997).6 To address this limitation of the locational Gini
coefficient, the regression models estimated in the paper control for the number of
workers employed in each occupation. This variable, occupation size, accounts for cases
in which a high geographic concentration might be explained by the location decisions
of a relatively small group of individuals.

4. Regression results

4.1. Baseline results and robustness checks

Table 6 presents OLS regression results on the effects of specialized knowledge on the
geographic concentration of occupations. Findings from the baseline regression
analysis, reported in the first column of results, indicate that our measure of specialized
knowledge has a positive and significant effect on the geographic concentration of
occupations. Since the dependent variable and specialized knowledge both enter into the
regression as natural logs, the estimated coefficient can be interpreted as an elasticity.
Specifically, our baseline estimate suggests that a doubling of the specialized knowledge
variable, greater than a one and one-half standard deviation increase, is associated with
a 4.1% increase in the locational Gini coefficient.

Other results from the baseline regression model are generally consistent with
expectations based on Marshall’s ideas and other studies that have examined the
geographic concentration of economic activity. The positive relationship between the
locational Gini coefficient and the update knowledge variable suggests occupations that
require workers to keep current with new information are associated with high levels of
geographic concentration. Results from the baseline regression model also show that,

6 The Ellison–Glaeser concentration measure addresses this concern by incorporating information about
the size distribution of firms in the industry (i.e. the Herfindahl index). In the case of occupations,
information needed to calculate Herfindahl indices—namely, firm-level employment data—is not readily
available.
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surprisingly, jobs requiring the use of machinery exhibit low levels of geographic
concentration, other things being equal. In addition, as expected, jobs that involve
substantial interaction with the public tend to be geographically dispersed.

With respect to the variable average establishment size, the baseline regression results
suggest that internal economies of scale do not appear to influence the geographic
concentration of occupations. To explain this somewhat counterintuitive finding, we
note that many of the jobs characterized by the largest average employment size fall in
the major SOC categories of Healthcare Practitioners and Technical Occupations (SOC
29-0000) and Healthcare Support Occupations (SOC 31-0000). Hospitals—which
employ a large proportion of workers in these occupations—tend to be large in size and
geographically dispersed across metropolitan areas. Focusing on the remaining control
variables used in the baseline regression model, we find that occupations steeped in
agricultural-related industries, as well as those with small numbers of people, tend to be
geographically concentrated.

The other results shown in Table 6 provide robustness checks of the estimates from
our baseline analysis. The second column of results is from a regression model that
includes a set of 21 dummy variables that indicate the occupation’s major SOC
category. Rosenthal and Strange (2001, 207) used a similar approach in their analysis of
the geographic concentration of industries; however, they noted that ‘the fixed effects
potentially soak up much of the meaningful variation in the data’. The third column of
results is from a model that includes a set of 18 variables that indicate the share of
occupational employment by major industrial (e.g. NAICS) category. Whereas the fixed
effects model controls for omitted factors that vary by broad occupational category,
this version of the model accounts for missing variables related to the industries
associated with the occupations.

The final two columns of Table 6 show results from regression models that selectively
exclude occupations from the sample used in the baseline analysis. First, we removed
occupations that have more than 50% of employment in ‘non-tradable’ industries. We
used information from Jensen and Kletzer (2006), reported by major NAICS category,
to identify industries categorized as non-tradable. Jensen and Kletzer (2006, 77)
examined the geographic concentration of industries and occupations to determine
‘activities that are potentially exposed to international trade’. Their approach is based
on the logic that geographically concentrated activities are traded domestically and,
thus, are ‘potentially tradable internationally’. By focusing our analysis on occupations
with 50% or less employment in non-tradable industries, we have omitted occupations
that have geographically dispersed locational patterns in order to serve local residents.

It is also likely that occupations with a high percentage of employment in extractive
industries have locational patterns dictated by the presence of natural resources (Ellison
and Glaeser, 1999). Thus, in the final column of Table 6, we remove occupations with
more than 50% of employment in agricultural- and mining-related industries. Whereas
the fourth column of results focuses on occupations that are not dependent on the
settlement patterns of people, the final set of results shown in the table examine the
geographic concentration of occupations that are not dependent on the location of
natural resources.

Regression results from the models used as robustness checks suggest, as was the case
in the baseline analysis, that occupations with distinctive cognitive skills are more
geographically concentrated than jobs with knowledge profiles that are similar to the
norm. Estimated coefficients corresponding to the specialized knowledge variable are in
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the range of 0.036–0.046, which is similar to the estimate from the baseline model (i.e.
0.041). In the two right-hand columns of Table 6, the estimated coefficients
corresponding to the other explanatory variables are generally similar to the baseline
results. However, in the fixed effects model and the specification that accounts for
the share of employment by major industrial category, several of the control
variables (e.g. update knowledge, interaction with public, agriculture) have lower
t-statistics than in the baseline regression analysis. This suggests, as anticipated by
Rosenthal and Strange (2001), that the occupational fixed effects and industry controls
remove meaningful variation in some of the factors expected to influence geographic
concentration.

4.2. Instrumental variables estimation

The final set of regression results are from an IV model used to account for potential
endogeneity between the locational Gini coefficient and the specialized knowledge
variable. Focusing on industries, Ellison et al. (2010, 1196) employed a similar approach
to mitigate the concern that ‘industrial relationships may be the result of co-location
instead of the cause of co-location’. In our analysis of occupations, it is possible that
patterns of geographic concentration might influence the types of knowledge that are
required in a job. Instrumental variables estimation provides a strategy to address this
identification problem. However, implementing IV estimation requires that we identify
instruments that are correlated with the extent to which an occupation’s knowledge
requirements differ from the norm (i.e. relevant) but unrelated to its level of geographic
concentration (i.e. exogenous).

To construct our instrument set, we focus on the means by which people acquire
knowledge to explain differences in the knowledge profiles among occupations. We use
information on an occupation’s experience, training and educational requirements—
specifically, how these ways of obtaining knowledge differ from the average
occupation—as instruments for the specialized knowledge variable. The experience
and training variables measure the amount of work experience and job training required
by someone in an occupation. For these job attributes, the O*NET survey includes a set
of response categories, such as ‘up to and including 1 month’ and ‘over 8 years, up to
and including 10 years’. Using this information and the percentage of O*NET survey
respondents who selected each category, we calculated the average amounts of
experience and training required by workers. The education variable, calculated using
data from the 2008 American Community Survey, is the percentage of individuals in an
occupation with at least a 4-year college degree. For all three of these ways that people
acquire knowledge, the variables enter into the first-stage regression model as the
squared difference between the value for a given occupation and the average US job.
The logic of our instrument set is that distinct knowledge profiles likely arise from
distinct education, experience, or training; while the extent to which an occupation’s
education, experience and training differs from the norm is not directly related to the
geographic concentration of occupations.

First-stage regression results presented in Table 7 indicate that, as expected, the
difference in education, difference in experience and difference in training variables have a
positive and statistically significant effect on the distinctiveness of an occupation’s
knowledge profile. To assess the strength of these instruments, we used the Stock and
Yogo (2005) weak instrument test that compares the first-stage F-statistic to a critical
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value that depends on the number of endogenous variables, the size of the instrument

set, and the tolerance for the ‘size distortion’ of a test (�¼ 0.05) of the null hypothesis

that the instruments are weak.7 We can reject the null hypothesis of weak instruments

based on the Stock and Yogo (2005) test using a 10% maximal size threshold.

Table 7. IV Regression results: effects of specialized knowledge on the geographic concentration of

occupations

Variable Estimated coefficients (robust standard errors in parentheses)

First stage Second stage

Constant 5.290*** �0.021

(0.249) (0.288)

Difference in education 0.073*** NA

(0.016)

Difference in experience 0.024** NA

(0.012)

Difference in training 0.029** NA

(0.011)

Specialized knowledge NA 0.138***

(0.053)

Update knowledge 0.546*** �0.0004

(0.051) (0.033)

Machinery �0.022 �0.021***

(0.025) (0.008)

Interaction with public �0.066*** �0.021**

(0.024) (0.009)

Average establishment size 0.042 �0.022**

(0.033) (0.009)

Agriculture 0.448** 0.136

(0.186) (0.101)

Mining 0.237 �0.063

(0.183) (0.053)

Industry distribution 0.019 �0.002

(0.037) (0.014)

Occupation size �0.037** �0.301***

(0.016) (0.007)

F-statistic for weak instrument test 13.303þ NA

p-value for over-identification test NA 0.406

p-value for endogeneity test NA 0.042

Notes: All variables except agriculture and mining are measured in logs. ***, ** denote significance at the

0.01 and 0.05 levels, respectively. IV estimates obtained using limited information maximum likelihood

(LIML) estimator. The symbol ‘þ’ denotes we can reject the null hypothesis of weak instruments based on

the Stock and Yogo test (�¼ 0.05) using the 10% maximal LIML size threshold (i.e. critical value of 6.46 in

a model with three instruments).

7 The size distortion tolerance (e.g. 10%) accounts for the idea that using the weakest combination of
instruments might lead to a conclusion of biased second-stage estimates (from a Wald test), whereas using
the entire group of instruments does not.
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With the relevance criterion satisfied, we now consider the exogeneity of the
instrument set. Our key identifying assumption here is that any relationship between the
geographic concentration of occupations and the means by which people acquire
knowledge occurs though the specialized knowledge variable. That is, firms and
workers locate around a specific skill set and do not typically consider how the skills
were acquired (Marshall, 1920; Krugman, 1991). While some recent theoretical papers
point out some exceptions to this rule, either when firms bear the costs of training or
when human capital investments are general to an industry (Matouschek and
Robert-Nicoud, 2005; Almazan et al., 2007), the education, experience and training
variables used in our analysis do not consider these more nuanced dimensions of skill
acquisition. Additionally, since the variables we employ are measured as squared
differences relative to the average US job rather than their actual levels, occupations
that require exceptionally low or high amounts of human capital investments exhibit
similar values for these variables. This means that, even if a relationship exists between
the amount of education, training or experience required in an occupation and its
geographic concentration, the construction of our instrumental variables breaks this
link. Thus, it is plausible that our instrument set is exogenous. Indeed, Sargan
over-identification test results, with a p-value of 0.406, indicate that the instruments are
uncorrelated with the error term.8 As our instrument set satisfies the relevance and
exogeneity conditions, we conclude that they are valid.

Second-stage regression results presented in Table 7 suggest that the specialized
knowledge variable has a positive and significant effect on the locational Gini coefficient
when potential endogeneity is taken into account.9 The estimated coefficient corres-
ponding to the specialized knowledge variable is 0.138 in the IV model, which is
considerably higher than our OLS estimates. The difference between the IV and OLS
estimates suggests that there may be some measurement error in the specialized
knowledge variable. However, as is typically the case, it is important to note that the
precision of our estimates is reduced considerably in the IV model. The baseline OLS
estimate of the effect of specialized knowledge on the geographic concentration of
occupations is contained within the 95% confidence interval of the IV estimate.
Nonetheless, a Wu–Hausman test indicates that the results from the IV model differ
from those obtained using OLS. Overall, though, findings from the IV model diminish
concerns that our main results are being driven by endogeneity between patterns of
geographic concentration and the distinctiveness of an occupation’s knowledge profile.

5. Conclusions

Researchers have long been interested in understanding the factors that influence the
concentration of economic activity. Alfred Marshall’s (1920, 225) ideas about labor
market pooling, which suggest employers locate around ‘workers with the skills which
they require’ and workers seek out places ‘where there are many employers who need

8 This test of over-identifying restrictions is computed as N�R2, where N is the number of observations
and the r-squared value is from a regression of the residuals from the second-stage regression on all of the
exogenous variables and instruments. The test statistic is distributed �2 with degrees of freedom
equivalent to the number of over-identifying restrictions.

9 We employ LIML for our instrumental variables regression analysis as Stock and Yogo (2005)
demonstrate that it is superior to 2SLS in the presence of weak instruments.
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such skill as theirs’ emphasize the strong connection between geographic concentration
and the specialization of work-related tasks. Focusing on the knowledge requirements
of a wide variety of jobs, this paper presents new evidence on the importance of labor
market pooling as a factor influencing the locational patterns of occupations.
Specifically, our findings suggest jobs that draw from a specialized knowledge base
are geographically concentrated, whereas occupations with generic knowledge require-
ments are more dispersed across US metropolitan areas.

This article extends the existing literature in several ways. First, our analysis
considers the entire spectrum of the economy—ranging from service providers (e.g.
waiters and waitresses) and medical professionals (e.g. registered nurses) to jobs that are
closely associated with manufactured goods (e.g. shoe machine operators, tire builders).
In contrast, previous studies on the geographic concentration of industries have
generally focused on sectors within a major industrial sector, such as manufacturing
(Ellison and Glaeser, 1997; Rosenthal and Strange, 2001; Ellison et al., 2010) or services
(Kolko 2010). The broader approach taken in this study provides a more complete
understanding of the factors that influence the geographic concentration of economic
activity.

Second, this article focuses on the distinctiveness of a worker’s knowledge profile as a
key factor influencing the geographic concentration of occupations. Conceptual models
proposed by Krugman (1991) and Overman and Puga (2010) predict benefits of labor
market pooling in cases where firms use specific types of labor. Our analysis of
occupations, unlike industries for which it is difficult to identify ‘characteristics that are
related to the specialization of the industry’s labor force’ (Rosenthal and Strange 2001,
205), allows us to develop a new measure of specialization. This gets at the heart of
Marshall’s argument about the benefits of labor market pooling. Such behavior is
advantageous if firms need and workers possess a specialized knowledge base, whereas
a high geographic concentration of activity is less important in occupations with generic
knowledge requirements where suitable workers and jobs are easy to find.

Third, following Ellison et al. (2010), this article presents one of the first attempts to
account for endogeneity between geographic concentration and, in our case, the
knowledge required in a job. Our IV regressions utilize a set of valid instruments that
represent the means by which people obtain knowledge (i.e. education, experience and
training). The IV results, along with additional regressions that use different
sub-samples of the data and that include ‘tight controls’ for occupational and industrial
categories, confirm the robustness of our baseline regression results demonstrating a
positive relationship exists between the locational Gini coefficients and the specialized
knowledge variable.

Along with this key result, we found that several of the control variables provide
evidence (although not consistent across all of the models estimated in the article) on
the importance of occupation size, interaction with the public, establishment size and
the process of updating knowledge as determinants of the geographic concentration of
occupations. This represents what we believe to be one of the first attempts to examine
these types of locational patterns. Numerous studies have looked at both the causes and
consequences of the geographic concentration of industries. Thus, we have a developed
a good understanding about why similar goods and services are produced within a close
geographic proximity, and what these types of locational patterns mean for regional
economic growth. What has been missing is an empirical analysis of the locational
patterns of workers involved in similar job-related tasks and activities. Our work on this
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topic has helped to illuminate the importance of specialized knowledge as a key
determinant of geographic concentration, which has been an illusive task in many past
studies focusing on industries.
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