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Abstract

This research applies a task-based approach to measure and interpret changes in the
employment structure of the 168 largest US cities in the period 1990-2009. As a result
of technological change some tasks can be placed at distance, while others require
proximity. We construct a measure of task connectivity to investigate which tasks
are more likely to require proximity relative to others. Our results suggest that cities
with higher shares of connected tasks experienced higher employment growth. This
result is robust to a variety of other explanations including industry composition,
routinisation, and the complementarity between skills and cities.
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1 INTRODUCTION
The division of labor has changed over the past two decades. Technological change and es-
pecially rapid progress in information and communication technologies (ICT) has enabled
a break-up of the production process, which has had implications for the organization of
work and the structure of employment in many countries (Bresnahan et al., 2002; Autor
et al., 2003). ICT has changed the way individual tasks can be carried out and created
new possibilities for communication between workers. Not only is this observed within
and between firms, but also across space. In many cases, physical distance becomes less
important for production because communication at distance can be as effective as com-
munication in person (Bloom et al., 2009). At the same time cities flourish because of the
increasing importance of human interactions in modern production processes (Glaeser and
Maré, 2001). These trends have been accompanied by new research approaches to relax
the implicit equivalence between workers’ skills and the tasks that have to be carried out
at work. The core feature of these approaches is that workers apply their skills to tasks
in exchange for wages. This distinction between skills and tasks becomes important when
the assignment of skills to tasks is evolving with time, because the set of tasks demanded
in the economy is altered by technological change that changes the need for proximity.
Recent evidence on the effects of ICT and new possibilities for offshoring suggest that
certain tasks have been more vulnerable to computerization and offshoring than others
(Grossman and Rossi-Hansberg, 2008) and that a task-based approach to study and un-
derstand these developments is worthwhile pursuing (Baldwin and Robert-Nicoud, 2010;
Acemoglu and Autor, 2011; Autor, 2013).

This paper uses a task-based approach to document and interpret recent employment
trends in the 168 largest US metropolitan areas in the period 1990-2009. These cities cover
about 75 percent of total US employment in 2009. Employment trends across cities are
often explained by differences in industrial structure (Ellison and Glaeser, 1997). Duran-
ton and Puga (2001) and Desmet and Rossi-Hansberg (2009) argue that new industries
clustered in expensive locations benefit from knowledge spillovers, while more mature in-
dustries relocate to less expensive places because production processes have become more
standardized. The main benefit of a task-based approach is that it allows us to analyze
how employment growth across cities is caused by interactions among job tasks and ag-
glomeration forces. Understanding this mechanism is potentially important in explaining
why some cities have fared well, while others have been in decline.

We first show how tasks are connected to cities. To do so, occupations are viewed
as bundles of tasks. Connectivity explains to what extent tasks are benefiting from the
presence of other tasks and to what extent they are clustering. Empirically, our measure
of task connectivity measures the importance of proximity or co-agglomeration for 41
job tasks defined in the Occupational Information Network (ONET) database across 326
(three-digit) occupations and 142 (three-digit) industries. ONET classifies all occupations
in terms of the importance of job tasks. In our empirical analysis, we present changes in
employment in the period 1990-2009. We construct a database of the 168 largest US cities
in which we pair representative data on job task requirements from the ONET database
with samples of employed workers from the Current Population Survey and Census to form
a consistent panel of industry, occupation and spatial task input. The validity and strength
of our empirical analysis is addressed by presenting estimates of alternative measures of
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task composition and alternative divisions and slices of the sample of cities, workers and
occupations.

Our main results can be summarized as follows. The measure of task connectivity
explains a significant part of the changes in employment in US cities over the last two
decades. We document that a one standard deviation increase in task connectivity relates
to an increase in employment of 30 to 45 percent of a standard deviation in our period
of analysis from 1990 to 2009. Cities with a larger share of connected tasks have grown
faster relative to other cities, conditional on initial employment, location characteristics
and a set of other covariates. Other measures of the task composition of cities, such as
the spatial concentration of tasks, do not explain changes in employment patterns in this
period in the United States. The main results of our empirical analysis are robust to the
inclusion of differences in the structure of employment or industries (Glaeser et al., 1992;
Ellison and Glaeser, 1997; Glaeser and Kerr, 2009), the rise in the importance of social
skills (Bacolod et al., 2009), and the routinisation and computerization of some parts of
employment (Autor et al., 2003). In addition, the importance of connectivity between
tasks in explaining changes in employment in this period is not limited to either some
manufacturing or services industries or particular skill groups.

This paper is related to a relatively new and growing body of empirical research doc-
umenting and interpreting changes in the structure of employment and wages using a
task-based approach in which worker skills are allocated to job tasks. Contributions to
this way of analyzing trends have been made by Autor et al. (2003), Autor et al. (2006),
Borghans and Ter Weel (2006), Goos and Manning (2007), Goos et al. (2009), Firpo et al.
(2009), Blinder (2006) and Criscualo and Garicano (2010). These papers show across
a variety of data sources that certain types of occupations seem to be disappearing in
terms of employment shares and/or seem to be paying lower wages over time, while others
grow and obtain wage growth. Duranton and Puga (2005) focus on a related issue by
distinguishing sectoral and functional specialization of employment. Acemoglu and Autor
(2011) review these international trends and argue that a task-based approach is helpful
when the assignment of worker skills to job tasks is evolving with time, either because
shifts in market prices command reallocation of skills to tasks or because the set of tasks
demanded in the economy is changed by technological developments, trade, or offshoring.
We add to these approaches a spatial dimension because reallocation of skills to tasks
changes the division of tasks across space too.1 This helps to understand employment
developments across different types of cities in the United States.

By addressing the spatial dimension of employment our work is related to the recent
contributions of Glaeser and Maré (2001), Bacolod et al. (2009), Bacolod et al. (2010),
Autor and Dorn (2013) and Florida et al. (2012). They document trends in regional
employment and show that the structure of employment reveals path dependence. In
addition, some tasks seem to be associated with employment growth, while others predict
declines. Especially human capital seems to be important for employment growth. In our
empirical analysis, we also use measures of human capital and obtain estimated coefficients
that suggest it to be an important determinant of employment change across cities. We
add to this that the structure of employment in terms of task combinations seems to be
even more important. Our arguments and findings are related to the empirical work on the
division of labor across space. Duranton and Jayet (2011) show, based on occupations, that
the distribution of workers across occupations in dense urban areas is different relative to
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more rural areas. We obtain estimates that suggest that connectivity of tasks is positively
correlated to employment growth.

Finally, the importance of cities in bundling tasks and occupations is also used in the
approaches developed in Jensen and Kletzer (2005) and Akcomak et al. (2011). They
develop and apply measures of task connectivity similar to the ones we use here. Charlot
and Duranton (2004) and Bacolod et al. (2009) emphasise the importance of communi-
cation and social skills in changes in city employment. Michaels et al. (2013) empirically
show a change in the nature of agglomeration over time towards an increased emphasis
on human interaction driven by ICT developments. Our measure includes this mecha-
nism but also emphasizes the combination of tasks associated with employment changes.
The research by Duranton and Puga (2001), Duranton and Puga (2005) and Desmet and
Rossi-Hansberg (2009) points to the complementary relationship between cities and tech-
nological change in explaining changes in employment structure. We take advantage of
this argument to explain why some tasks seem to be placed at distance (i.e., outside the
168 large cities in our sample, which could be either elsewhere in the United States or
abroad).

This paper proceeds as follows. In the next section both the theoretical background and
the empirical strategy are presented. Section 3 documents the most salient details of the
data sources. In Section 4 the main estimation results are shown. Section 5 discusses other
measures of task composition and Section 6 applies the analyses to several sub-samples.
Section 7 concludes.

2 BACKGROUND AND EMPIRICAL APPROACH
Before documenting the impact of a city’s initial task structure on changes in US employ-
ment in the period 1990-2009, this section discusses the intuition behind the empirical
analysis. We first discuss the division of tasks across space and present the main idea
behind this paper. Next, we translate this idea into an empirical measure will be used in
the analysis to investigate changes in employment.

Main Idea

A large number of tasks are combined to produce output. These tasks are divided across
workers working for a certain firm in a certain location. Worker tasks are not carried out
in isolation, but bundled in the occupations of workers in the economy. Also, the output of
some tasks (e.g., planning) is the input of others (e.g., production). Tasks can be carried
out by a single worker, but also by different workers. A firm can choose to produce all
the tasks inside the firm but it is also possible to outsource a subset of tasks. Lastly,
the production process can be located in one location, but it is also possible to produce
in several locations or even worldwide. The division of tasks across workers, firms and
locations depends on the trade-off between coordination and production costs. A more
extensive division generates advantages in production costs: each task can be produced
by the most efficient worker, in the most efficient firm and at the optimal location. Costs
of the coordination between tasks do however increase with the division of labor. We
measure the task content along 41 worker tasks in 326 occupations and focus on the
trade-off between these costs and benefits.
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The division of tasks across space is determined by a trade-off between coordination
and production costs. On the one hand, carrying out tasks at one location saves on
transport, communication and other coordination costs and utilizes positive agglomera-
tion forces. Beyond the physical distribution of goods and services, production requires
coordination, consultation, and planning, which are easier in close proximity. Tacit, non-
codified knowledge is more easily transferred face-to-face than via other communication
technologies. Face-to-face contact furthermore helps to solve incentive issues and facili-
tates learning and human capital externalities (Storper and Venables, 2004). On the other
hand, carrying out different tasks at different locations has cost advantages in the produc-
tion of specific intermediate products. The resulting division of worker tasks across space
depends on these economic forces.

The spatial trade-off between coordination and production costs varies across tasks.
There is a tendency for some tasks to cluster with other tasks to save on coordination
costs and to benefit from agglomeration advantages. This effect is counterbalanced by the
possible cost advantage of placing the performance of some tasks elsewhere. It depends
on the balance between proximity and cost advantages whether or not some tasks will be
placed at distance. In particular, whether or not tasks will be placed at distance depends
on three facets of the division of labor.

First, it depends on the time lost with the coordination of a specific task relative to
the gains of the division of tasks across space. This balance has been changing over the
last decades as a result of technological change. Improved communication technologies
reduce the time lost communicating when placing tasks at distance (Duranton and Jayet,
2011). In addition, technological change affects the organization of work. The division of
production time might change, which changes the decision on the division of tasks across
workers and space (Borghans and Ter Weel, 2006; Garicano and Rossi-Hansberg, 2006).
Finally, worker skills could complement or substitute for computer technology. Some tasks
could be taken over by computer technology, which also changes the performance of other
tasks (Borghans and Ter Weel, 2004). Lower coordination costs induce a further division
of tasks across space to those places in which it is most cost effective to carry out the
work.

Second, it depends on the nature of the worker tasks. Some tasks are non-tradable
and cannot be done at distance at reasonable costs (e.g., cleaning offices). Hence, in all
cities we observe the presence of a certain number of basic tasks that have to be carried
out in close vicinity. This is a similar argument as the one noted in Autor et al. (1998),
who find that computerization has a detrimental effect on the labor-market outcomes of
low-skilled workers, but not at the very low end because some low-end service occupations
are unaffected by this type of technological change.

Finally, tasks are connected in cities because of the existence of agglomeration forces.
Coordination costs in terms of sharing inputs and transmitting information and knowl-
edge are lower when tasks are performed closely together (Duranton and Puga, 2004).
Tasks for which input sharing and information and knowledge transmission are important
complement other tasks and connect in space. This seems especially true for tasks that
demand higher levels of skill (Glaeser and Resseger, 2010), tasks that require more co-
ordination and face-to-face interactions (Gaspar and Glaeser, 1998; Blum and Goldfarb,
2006) and knowledge tasks (Von Hippel, 1994). Bacolod et al. (2009) and Florida et al.
(2012) show that urban wage premiums tend to be higher for analytical and social tasks
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and lower for physical and technical tasks. Charlot and Duranton (2004) argue that larger
and more educated cities require workers to communicate more. They find support for
this hypothesis in a sample of French firms and show that workers who communicate more
earn higher wages. Agglomeration disadvantages such as congestion costs limit the size of
the city and benefit smaller cities.

Recent technological change affected transport, coordination and production costs and
through these channels the division of tasks across space. The trade-off between the
proximity advantages and production costs of cities changes with these technological de-
velopments. For certain tasks this led to a move away from (US) cities (either to the
countryside or abroad). Proximity advantages of cities gained however in importance in
modern production processes (Glaeser and Maré, 2001). Furthermore, some tasks are au-
tomated and no longer require labor input. The economic structure of cities adjusts only
at a slow pace to these developments. Therefore, we expect cities that initially focused on
tasks that complement recent technological developments to prosper relative to cities that
did not.

Measuring Connectivity

To bring the main idea to the data, we need to measure the extent to which tasks are
connected to each other. We consider the extent to which one task is performed in close
vicinity of other tasks. To do so, we follow Akcomak et al. (2011) and construct a measure
of task connectivity based on correlations between observed patterns of task combinations
across different cities. The construction of the measure consists of two steps. First, we
define a measure for the spatial pattern of task performance. This measure tells us the
level of spatial connectivity for each task. Next, we employ this measure to calculate the
average importance of spatial connectivity of the tasks package for each city.

To construct a measure of the spatial connectivity for each task, we proceed in three
steps. First, we measure the 41 worker tasks in the economy. For all 326 occupations we
observe to what extent the 41 worker tasks are carried out or not. Second, we weight the
presence of a worker task with its importance. ONET contains importance weights to do
so. Finally, we append this information to the composition of employment shares in terms
of occupations in each of the 168 cities of our sample. Hence, we create a database with
168 rows (cities) and 41 columns (tasks). Cells represent the employment share of the
task (weighted by its importance) in the overall task package of a city. The correlations
between the cells in each of the rows measure the extent to which tasks are spatially
connected to each other.

More formally, we measure employment shares by information about the importance
of the 41 worker tasks within each of the 326 occupations. Importance of worker tasks
is measured on a scale from 1 (not important at all) to 5 (extremely important).2 Em-
ployment of task t in city l is measured by the sum of the score on task t of all workers
in city l. Total task employment of city l is measured by the sum of all task scores of all
workers in the city. Next, the employment share of a task in a city is defined to be equal
to the share of the importance of that task in the total task score of the city (Ẽl). Task
connectivity for task t is constructed as follows:

tct =
t′=41∑
t′=1

c(Ẽt,l | Ẽt′,l) for t′ 6= t.(1)

6



The measure is a task specific indicator with a value for each of the 41 tasks.3 The term
c(Ẽt,l | Ẽt′,l) represents the correlation between the estimated employment shares of task
t and task t′ in city l. We use correlation coefficients across all pairs of tasks to measure
the extent to which task t is connected with the other 40 tasks. Or, in terms of the
agglomeration literature, the extent to which a task co-agglomerates with others (Ellison
et al., 2010). The sum of the connectivity with all other tasks generates the measure of
spatial connectivity of task t. The higher the value of this measure, the more task t is
found to be performed together in space with other tasks.

Some tasks connect with many other tasks, while others only connect with a few other
tasks. A high (low) value of task connectivity corresponds to a location pattern consistent
with that of many (a few) other tasks. For example, the worker task of controlling machines
is always carried out at the location of the relevant machines, but this task does not depend
on the proximity of the performance of many other tasks. As a result, its location pattern
likely matches the one of the machine operators but not the one of many other tasks.
Communicating with supervisors occurs in many different environments and is more likely
to co-locate with a broad spectrum of other tasks. As a result, it has a high value of
task connectivity. In our dataset, the connectivity measure provides the highest levels
of task connectivity for tasks such as providing consultation and advice to others and
interpreting the meaning of information. Apparently, these tasks are relatively strongly
correlated with other tasks in space. By contrast, tasks such as handling and moving
objects and repairing and maintaining mechanical equipment have the lowest level of task
connectivity according to our measure.

Table 1 shows the task connectivity measure for a sample with five cities and eight
tasks. Although the differences between employment shares in these tasks are rather small,
there is a spatial pattern in task connectivity. Spatially, the tasks getting information,
processing information, scheduling work and activities and developing and building teams
co-agglomerate. The same holds for handling and moving objects together with controlling
machines and processes. The higher the employment share of the first four tasks, the lower
the share of the second group of tasks. Employment seems to have a pattern such that a
relatively high share of information input tasks and interacting with others tasks go along
as well as a relatively high share of work output tasks. The work output tasks have a
negative value on our connectivity measure as they seem to be only loosely connected to the
performance of the other tasks. Especially the task developing and building teams depends
on the co-location of several other tasks. Table 2 presents a list of the employment shares
of all 41 tasks and their levels of task connectivity. We have grouped the tasks according to
the four ONET categories. At the level of single tasks, most tasks of the group interacting
with others have high connectivity levels on our measure, which is consistent with the
analysis of Bacolod et al. (2009).

Finally, we use the task connectivity measure (tct) to define the spatial connectivity
of the task packages for each city (l). For each task in the city, its spatial connectivity
is weighted by its employment share in the city. Summing this measure for all performed
tasks in the city yields an indicator for the spatial connectivity of the city’s task package:

Cl =
t=41∑
t=1

tct ∗ Ẽt,l.(2)
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In particular, Cl measures the average connectivity of the (estimated) employment of tasks.
The last column in the example of Table 1 presents the connectivity of task employment
of five cities for eight tasks. According to our measure of task connectivity, the performed
worker tasks in Boston are the most connected, while in Los Angeles and Detroit worker
tasks are relatively loosely connected.

3 DATA AND DESCRIPTIVE STATISTICS
We combine the information from several data sources to construct a database on the
division of tasks in the 168 largest US cities in the period 1990-2009. The tasks in the
database are broadly defined and could be performed in all occupations and industries.
The construction of the database from the several sources is visualised in Figure 1.

Data

The main indicators for the division of labor are collected from the Current Population
Survey (CPS). For about 140,000 individuals we obtain information about occupation,
industry and city of residence (defined as Metropolitan Statistical Area (MSA)) in each
year between 1990 and 2009.4 We distinguish 326 three-digit occupations and 142 three-
digit industries. Cities are defined as MSAs, as the classification of MSAs is based on
the nature of their economic activity.5 In 2009 MSAs were responsible for more than 85
percent of the employment, income, and production of products and services in the United
States (Bureau of Economic Analysis, 2009). The MSA definitions, in terms of borders,
change over time. This complicates analyses of employment developments of cities. To
be able to analyze a consistent sample of cities and a sound match between several data
sources, MSAs are defined as combined counties following the 1990 definition. The borders
of counties are consistent over time. A dataset of 168 MSAs is obtained.

Information about job tasks is collected from the ONET Database. ONET provides
information about the importance of abilities, interest, knowledge, skills, work activities,
work context and work values within occupations. The work activities represent the job
tasks of the worker. ONET distinguishes 41 broadly defined work activities. All tasks could
be performed within all 326 occupations and are therefore not industry-related. Examples
are thinking creatively, scheduling work and activities and processing information. For
each occupation the importance of the 41 tasks is provided by ONET on a scale from 1 (not
important at all) to 5 (extremely important). The importance of the tasks by occupation
are matched to the occupations observed in the CPS. Aggregating the task information at
the city level generates the division of tasks by city over time (1990-2009). Table 2 lists
all tasks and presents information on type, employment shares and connectivity.

ONET categorizes the work activities into four groups: information input, mental pro-
cesses, work output and interacting with others. The second column of Table 3 presents
an example of a task within each group, columns (1) to (4) show the average importance
of the four task groups within four broad occupational groups that cover employment in
our sample. The average task importance varies between 2.24 (work output for clerical
and sale occupations) and 3.58 (information input for production and operator occupa-
tions). Information input tasks define where and how the information and data are gained
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that are needed to perform the job. These tasks have high importance levels in all occupa-
tional groups. Mental processes tasks indicate what processing, planning, problem-solving,
decision-making and innovating activities are performed in the occupation. These tasks
are especially important within professional, managerial and technical occupations. The
standard errors of the importance of these tasks are low within the broad occupational
groups. The work output tasks refer to ’what physical activities are performed, what
equipment and vehicles are operated/controlled and what complex/technical activities are
accomplished as job outputs’. For production and operators occupations these tasks are
relatively. Lastly, the importance of interacting with others is relatively important within
professional, managerial and technical occupations.

The last two rows of Table 3 present the employment shares of the occupations in
1990 and 2009, while the last two columns present these for the task groups. Profes-
sional, managerial and technical occupations have both the highest employment share in
1990 and the highest employment growth between 1990 and 2009. Also service occupa-
tions grow in terms of employment shares, while the shares of clerical, sales, production
and operators occupations seem to be in decline. These findings are consistent with the
findings of Acemoglu and Autor (2011). Information input is the largest task group in
terms of employment, while interacting with others and mental processes experience the
largest growth. Remarkably, changes between occupational groups are larger than changes
between task groups.

The division of tasks across US cities is constructed from the matching of task in-
formation to occupations. We have to assume that the task structure of jobs does not
differ by city characteristics. This is a strong assumption but a necessary one because we
only observe the task content of occupations once. Bacolod et al. (2009) and Autor et al.
(2003) face the same problem. For example, a car mechanic in Detroit conducts the same
tasks relative to a car mechanic in New York. The extent of the market might however
affect the task package of workers and generate specialization possibilities (Baumgardner,
1988). If this is the case, differences are caused by the extent of the city suggesting that
all the tasks are still performed within the city. This would not affect our measurement
of connectivity of tasks within the city. In addition, the ONET data are based on data
collected in 1998 (released in 2001). This means that we only have of a cross-section of
task data at our disposal, which implies that the time variation in the division of tasks is
based on the employment development of individual occupations. To deal with this issue,
the task structure of cities in the initial year (1990) is used to document and interpret
employment changes. This is similar to the approach taken in Autor et al. (2003), who
use the Dictionary of Occupational Titles of 1977 to explain employment changes from
1963 onwards. We discuss the consequences of using this approach in Section 6, where we
examine the robustness of our approach in more detail.

Next, employment figures for cities over the period 1990 to 2009 are collected from the
Local Area Unemployment Statistics from the Bureau of Labor Statistics (BLS). Lastly,
a city’s share of high-skilled inhabitants is gathered from the Census Decennial Database.
High-skilled workers are defined as those workers with at least a bachelor’s degree.

The Appendix presents the features of the data sources in more detail and provides
insight in the construction of the classification of cities, industries, occupations and tasks.
The Appendix also includes a list of all variables, their aggregation level and their sources.
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Descriptive statistics

The database we use for the empirical analysis contains information on the division of
labor and other characteristics of the 168 largest US cities. Table 9 in the Appendix
presents the raw and standardized summary statistics of the core variables used in the
empirical analysis. We employ only standardized variables (with a mean of zero and a
standard deviation of one) in the analyses.

Table 10 in the Appendix presents correlation coefficients of the most important vari-
ables used in the empirical analysis. Cities vary in terms of characteristics such as size,
skill level and economic structure. Figure 2 shows the development of the division of the
four task categories over time. The importance of tasks is measured as its share in the
city’s total task importance of all 41 tasks for all workers. We have set 1990 to zero. Rel-
ative to 1990, the employment share of mental processes and interacting with others has
risen. This is consistent with the observations of Borghans et al. (2014), Borghans et al.
(2008) and Bacolod et al. (2009) that interpersonal skills gain importance. Employment
shares of information input tasks and especially work output tasks decreased during the
period. The discontinuity in 2001 results from a change in definition in the CPS. Our
definition of cities is not affected as we employ county information. Results are robust to
different time periods.

Employment in our sample of cities grows. Urbanization seems to go along with
increased city size: in 1990 about 65 percent of the US population lived in one of the 168
largest cities; in 2009 this share has risen to almost 75 percent. In addition, the relatively
larger cities in our sample of 168 are growing faster than the relatively smaller cities. The
rank size of cities is fairly stable with Los Angeles, New York and Chicago being the top
3 (more than 4,000,000 employees in 2009). At the bottom of the distribution the same
cities turn up in both 1990 and 2009. Table 4 lists the five largest and five smallest cities in
our list of 168 cities in 1990 and 2009. The next columns list the five fastest growing cities
and the five slowest growing or shrinking cities in the period 1990-2009 both in absolute
numbers of employees and in percentages. Phoenix, Atlanta, Houston, Washington D.C.
and Las Vegas are the fastest growers, adding over 500,000 employees between 1990 and
2009. On the other hand, Detroit is shrinking in both absolute and percentage terms
relatively fast.

The skill level of the largest US cities varies too. Boulder-Longmont, Washington D.C.
and San-Francisco form the top 3 of high-skilled cities over the whole time period. In
these cities more than 40 percent of the workforce is highly skilled, which holds for only
10 to 12 percent of the workforce in cities with the lowest skilled workforce. The average
share of high-skilled workers in cities increases from 20 to 24 percent in the sample period.
Computer use (in terms of average importance in occupations) varies across US cities as
well. In 1990 computer use was valued the most in the occupations in Huntsville, San
Jose and Washington D.C. (all with an average importance above 2 on a scale from 0 to
4). Since we only have cross-sectional information on the importance of computer use,
changes in computer use over time are based on changes in the division of labor across
occupations. The average importance of computer use increases slightly from 1.82 to 1.85,
which indicates that occupations in which computer use is relatively important in 1990
increased in terms of employment shares.
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Finally, Figure 3 shows the division of tasks across city sizes. We define three size
classes. Small cities employ less than 250,000 workers, medium-sized cities have a working
population in between 250,000 and 1 million, and large cities employ over 1 million workers.
In larger cities mental processes and interaction with others seem to be relatively more
important, while work output and information input tasks are relatively less important.

4 RESULTS
Because our database contains only 168 observations we first display simple graphical
analyses of the task connectivity of cities and several bi-variate patterns in the data. We
continue by presenting regression analyses and add several co-variates to the analysis.
The sensitivity of the estimated coefficients to different sets of covariates and approaches
to measure agglomeration effects is addressed in Section 5 which discusses various other
measures of the task structure of cities. Section 6 shows a set of estimated coefficients for
different samples.

Graphical Analysis

Figure 4 plots the (standardized) measures of task connectivity for all 41 tasks against
changes in employment shares of these tasks in the period 1990-2009. Task connectivity is
defined at the task level (see Equation (1)). Each dot represents a task. The figure displays
a positive correlation between task connectivity and subsequent employment change, which
suggests that more connected tasks have gained in terms of employment shares over the last
two decades. The correlation coefficient equals 0.75 and is significant at the one percent
level. The different markers in Figure 4 represent the four different types of tasks as
defined by ONET. Task connectivity is relatively high among the different interacting with
others tasks and mental processes tasks. Among most work output tasks the connectivity
is relatively low, exceptions are computer use and documenting/recording information.
Information input tasks reveal a more scattered pattern.

Figure 5 provides information about the characteristics of cities and consists of five
panels. The horizontal axis measures the standardized task connectivity in 1990 for the
168 cities in our sample and the vertical axis the standardized log of employment in 1990.
Here, task connectivity is measured at the city level (see Equation (2)). The dots in all
five panels are cities, the markers define several city characteristics. Panel A presents
a scatter plot of the correlation between task connectivity and city size. The correlation
coefficient (standard error) between the two variables equals 0.88 (0.00). Florence, Visalia-
Tulare-Porterville, Johnstown, Fort Wayne and Pueblo are the cities with the lowest task
connectivity. Boston, New York, Chicago, Washington D.C. and Los Angeles have the
highest connectivity in their task employment. In the four remaining panels we split the
sample of 168 cities according to different characteristics.

Panel B splits the sample into different regions. We have defined four regions: the
North-east, the Midwest, the South and the West. The figure does not return a clear
pattern; cities with relatively high shares of connected tasks do not seem to be spatially
concentrated in the United States.

Differences in the industrial structure of cities partly explain the development of cities
(Glaeser et al., 1992; Henderson et al., 1995). A useful measure to account for such
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differences is the relative specialization index (RSI). The level of specialization measures
the over-representation of an industry within a city relative to other cities. We define the
RSI index using the employment shares E for industry j and city l:

RSIl = max(log(Ej,l)− log(Ej)).(3)

RSIl measures industry j’s employment share in the city (Ej,l) relative to the share of
the industry in national employment (Ej). A high specialization level indicates that em-
ployment is relatively concentrated in a certain industry. The correlation between task
connectivity and RSIl equals -0.59 (0.00).6 In Panel C we again present the correlation be-
tween task connectivity and employment, but characterize cities by different categories of
relative specialization. We have split the sample into three categories using the standard-
ized RSI: unspecialized cities (a negative deviation from the mean), medium specialized
cities (a small positive deviation from the mean) and highly specialized cities (more than
one standard deviation above the mean). The picture suggests that the highly specialized
cities are the ones with the lowest level of task connectivity. This seems plausible, since
specialization means a strong division of labor with fewer tasks being carried out at home
and more tasks being outsourced to other places. For the two measures of lower levels of
specialization there is no clear pattern in the data in relation to task connectivity.

The structure of human capital in cities explains another major part of the develop-
ment of cities (Glaeser and Maré, 2001; Glaeser and Resseger, 2010; Moretti, 2004; Berry
and Glaeser, 2005; Venables, 2011). Glaeser and Resseger (2010) document that particu-
larly cities with a relatively high-skilled population benefit from agglomeration economies.
Connected tasks turn out to be more likely to be performed by relatively high-skilled work-
ers. The importance of connected tasks for performing a job ranges (on a standardized
scale) from 0.018 for high-school graduates to 0.125 for workers with at least a bachelor
degree. In Panel D of Figure 5 we have split the sample of cities according to skill level.
There are four categories defined based on the deviations from the mean: very low-skilled
cities (less than 14.6 percent of the employees is skilled), low-skilled cities (between 14.6
and 20.2 percent is skilled), high-skilled cities (between 20.2 and 25.8 percent is skilled)
and very high-skilled cities (more than 25.8 percent is skilled). The picture shows that
cities with a more highly skilled workforce have higher levels of task connectivity. The
correlation between the share of high-skilled workers and task connectivity equals 0.48
(0.00). In our regression analysis we control for the skill level of the workforce.

Finally, Panel E addresses the importance of social skills. Recent work by Charlot
and Duranton (2004), Bacolod et al. (2009) and Florida et al. (2012) suggests that people
skills are important in explaining the success of cities. The existence and wealth of dense
areas indicates that interaction is valuable. Social or people skills ease interaction and
are therefore more valued in larger cities (Bacolod et al., 2009). In terms of our analysis
this could imply that our measure of connectivity picks up social skills. We define social
(or people) skills by the share of the ONET social skills in city employment. The task
connectivity of city employment correlates with the share of social skills (0.17 (0.03)) but
much less than human capital and specialization. Panel E of Figure 5 shows no clear-cut
pattern when discriminating between the importance of social skills across cities to explain
the correlation between task connectivity and employment in 1990. The picture suggests
that task connectivity is not only picking up the effect of social skills on employment.
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We take from this graphical analysis that cities with a relatively highly connected task
structure seem to be larger, less specialized and more skilled than cities with lower levels
task connectivity. These cities also seem to employ workers for which social skills are
relatively more important. In the next subsection we distinguish between different city
characteristics and their impact on employment growth.

Estimation Results

We estimate a number of specifications in which we explain changes in employment across
our sample of cities (∆E90−09,l) by our connectivity measure in the initial year (C90,l),
location characteristics (Ll) and a set of covariates in the initial year (X90,l). The equation
we estimate is:

∆E90−09,l = α0 + α1E90,l + α2C90,l + α3Ll + α4X90,l + εl,(4)

where l is an index for cities, α0 is a constant term, E90,l is the initial employment and
εl an error term with the usual assumptions. The summary statistics of the variables are
shown in Table 9.

Table 5 presents the results of estimating a number of straightforward regression mod-
els. We estimate the determinants of the employment growth (in logs) of cities between
1990 and 2009. It should be noted that all the presented results are not sensitive to the
choice of the end year, e.g. employment effects of the crisis of 2008, and our measure of
employment growth. We standardize the dependent variable for convenience of interpre-
tation. The impact of several factors in terms of standard deviations employment growth
seems to be more easily to grasp than the impact on log employment change. By doing
so, the coefficients show the impact of a one standard deviation change in independent
variables on employment growth (measured in standard deviations).

We find that a one standard deviation increase in task connectivity relates to an
increase in employment of 30 to 45 percent of a standard deviation, that is between 1990
and 2009 (after 20 years). We include initial employment (in logs) in all models. This
always returns negative and significant coefficients, which suggests a tendency towards
convergence in city size in our sample. In the estimates presented in column (1) of Table 5
we show the effect of task connectivity on employment growth. The coefficient is positive
and significant. The interpretation of the coefficient is that a one standard deviation
increase in connectivity increases the growth of the employment by about 43 percent of a
standard deviation or about 144,000 employees.

The second column of Table 5 includes common controls for location characteristics.
Three main trends determined the growth of cities the last decades. First, cities with
a high level of human capital grew faster than relatively low-skilled cities (Glaeser and
Resseger, 2010; Eeckhout et al., 2010). Second, workers were attracted to the warmer,
drier places in the US. The rise of the ’Sunbelt’ is associated with capital accumulation
(Caselli and Coleman, 2001), improvements in the political institutions and local policies
(Besley et al., 2010) and consumption amenities (Mueser and Graves, 1995; Rappaport,
2007). And lastly, public transport routes became less important for city development
(Glaeser and Shapiro, 2003). As a counterforce, density in cities often results in congestion
and higher costs of living and especially housing (Moretti, 2013). To capture these main
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trends we add the city’s share of high-skilled workers, housing prices, January and July
temperature and regional dummies to the regression equation of which the results can be
found in column (2). Consistent with the results obtained by Glaeser and Resseger (2010)
and Eeckhout et al. (2010), cities with a one standard deviation higher share of high-
skilled workers grow about 18 percent of a standard deviation faster. The cost of housing
decreases the growth of cities: a one standard deviation higher housing price results in
about 45 percent of a standard deviation lower employment growth. The coefficient of
July temperature is significant and positive, while January temperature does not seem to
affect employment growth. Given temperature, the western part of the US experienced
the highest growth. Adding our measure of task connectivity to the equation with only
the location variables increases the adjusted R-square from 0.418 to 0.432. The task
connectivity of the employment in the city seems to have an additional and seizable impact
in explaining employment growth during this period.

Other City-structure Indicators

Next, we add various other city-structure indicators to the analyses. Columns (3) to (8) in
Table 5 present the results and the relations between these indicators and task connectivity
and employment growth. We also visualize these relationships in Figures 6 and 7.

First, our results could potentially be driven by differences in industrial structure of
the city (e.g., Glaeser et al. (1992), Henderson et al. (1995)). Besides the previously
used relative specialization index we define the local industrial structure by labor pool
suitability as in Glaeser and Kerr (2009). The labor pool suitability index measures the
quality of the city’s employment in terms of its industrial structure. The Glaeser-Kerr
index for city l is defined as follows:

GKl = −
∑

j

Ej

∑
o

|Ej,o − (
∑

j

Ej,lEj,o)|

 .(5)

The index measures the occupational relatedness of industries in the city or labor pool
suitability. The availability of employment by occupation is measured by the industry
structure of the city (

∑
j Ej,lEj,o). This measure is compared with the national employ-

ment share of the occupation in the industry. Hence, Ej,o − (
∑

j Ej,lEj,o) defines the
absolute difference between the national employment share of an occupation in an indus-
try and the local availability of employment given the industrial structure. Aggregated at
the city-industry level this measure shows the suitability of the overall city employment
for a certain industry. This is calculated for all industries and weighted by the importance
of the industry in city employment (

∑
Ej).

Panels A and B in Figure 6 show that the connectivity of employment correlates with
the industrial specialization level (-0.59, significant at the 1 percent level) and with our
measure of labor pool suitability (0.89, significant at the 1 percent level). It could be the
case that our measure picks up the impact of spatial variation in industrial structure on
employment growth. The correlation between the indicators for industrial structure do not
correlate with employment growth (see Panels A and B in Figure 7). In column (3) we show
the effect of adding the city’s industrial specialization level to our baseline regression, while
in column (4) we include labor pool suitability. The coefficient for industrial specialization
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is negative and statistically significant, while labor pool suitability does not seem to have
a significant impact on employment growth. Both measures do not affect the significance
or size of the connectivity coefficient. The decrease of the adjusted R-square indicates that
these measures do not seem to add explanatory value in explaining employment growth
in this period.7

Column (5) in Table 5 shows the effect of adding the importance of social skills. Ba-
colod et al. (2009) show that the presence of social skills positively influences employment.
In terms of our analysis this could imply that our measure of connectivity indirectly mea-
sures social skills. Indeed, there is a positive and significant correlation between the
relative importance of social skills and task connectivity (see Panel C in Figure 6, 0.17
(0.03)). Panel C in Figure 7 shows a positive correlation (0.20 (0.01)) between employment
growth and social skills. When we control for size and local characteristics, the coefficient
of social skills becomes insignificant. This suggests that task connectivity does not seem
to be picking up the effect of social skills on employment growth.

Finally, we address the importance of routine and non-routine job tasks and the use of
computers. Tasks that are connected seem to require more interactions. Communication
technologies make these interactions easier and less costly (e.g., Gaspar and Glaeser (1998),
Blum and Goldfarb (2006)). Autor et al. (2003) have carefully introduced the notion of
routine and non-routine job tasks. Their analysis focuses on changes in the importance of
job tasks to explain changes in wages and employment in the United States. The definitions
of routine and non-routine tasks used in the analysis are based on the complementarity and
substitutability of job tasks and computer technology. Routine tasks are substituted and
likely to lose in terms of employment and wages, while non-routine tasks are complemented
by computers. The latter set of tasks gains in terms of labor-market prospects. Autor and
Dorn (2013) add a spatial dimension and show that cities with employment specialization
in routine-intensive occupations in the 1960s experience employment and wage polarization
after 1980. A possible concern with our results could be that non-routine tasks and tasks
that require more computer use are more connected relative to routine tasks. We define
the importance of routines and the importance of computer use in cities. The routines
variable is defined as the ratio of the importance of routine tasks relative to the importance
of non-routine tasks in city employment. Routine and non-routine tasks are defined as in
Autor et al. (2003). Task importance by occupation from the DOT 1977 is matched to
the CPS data in the same way the task data from ONET are matched. The importance
of routine tasks (r) and non-routine tasks (nr) in US cities is defined by their average
importance measured via occupation distributions, see Autor et al. (2003) for a detailed
description. As in the connectivity measure, we employ the importance scores to proxy
the employment shares of tasks in cities:

Routinesl = Ẽr,l

Ẽnr,l

.(6)

Computer use is defined as the ONET task ’using computers and computer systems (in-
cluding hardware and software) to program, write software, set up functions, enter data,
or process information.’ This way of using computers does not reflect all types of uses,
but forms a relatively good approximation for the analysis of clustering tasks together or
placing some of them at distance (for a discussion of computer measures in analyses such
as ours, see Katz (2000)). Indeed, Figure 6 shows that the share of connected tasks cor-
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relates with both the share of routine tasks (0.31 (0.00)) and the importance of computer
use (0.61 (0.00)). Columns (6) and (7) of Table 5 present the results of a regression model
in which we explain changes in employment between 1990 and 2009 by the importance of
routines and computer use. The insignificant coefficients of both indicators suggest that
this measure of routines does not add explanatory power to our estimates. The effect of
task connectivity remains significant.

Lastly, column (8) includes all covariates in one regression. Both the significance and
the point estimate of the connectivity coefficient remains similar, the size of the point
estimate even increases a bit.

5 ALTERNATIVE MEASURES Of TASK COMPOSITION
The estimates documented in Table 5 suggest that task connectivity is correlated with
employment growth across our sample of cities. We now analyze whether the connec-
tivity between tasks is the appropriate measure for analysis of the task composition of
cities. First, this Section defines two alternative measures of task connectivity. Second,
we present estimates with the employment shares of the task groups and defines three
other indicators that could capture task connectivity: the labor pool suitability of tasks
and the specialization and diversity level of the task structure.

Measures Of Task Connectivity

Table 6 presents the results. Column (1) displays the baseline results with our measure
of task connectivity, which is copied from Table 5, column (2). We first construct spatial
connectivity between required job skills. ONET defines skills as ’Developed capacities that
facilitate learning or the more rapid acquisition of knowledge’. Examples are speaking,
writing, programming and repairing. 46 separate skills are distinguished. We measure
connectivity between these 46 skills in the same way as our task connectivity measure.
Connectivity between skills refers to the importance of human capital in cities (Glaeser
and Resseger, 2010). Column (2) presents the results of an analysis with this indicator
of skill connectivity instead of our preferred indicator. The coefficient of connectivity
between worker skills is insignificant. The connectivity between worker skills does not
explain employment growth of cities. If we include both the connectivity between tasks
and the connectivity between skills the coefficient of task connectivity is not affected. This
suggests that worker tasks seem to capture the concept of task connectivity better than
required skills.

Ellison and Glaeser (1997) and Ellison et al. (2010) use an indicator to define the
co-agglomeration of industries. Here, we apply their indicator at the task level. The
co-agglomeration index for city l is defined as:

CAl =
t=41∑
t=1

Ẽt,l

(∑l=168
l=1 (Ẽt,l − Ēl)(Ẽt′,l − Ēl)

1−
∑l=168

l=1 Ē2
l

)
.(7)

Ẽt,l refers to the estimated employment share of task t in city l. Ēl refers to the average
employment share of tasks in city l. The fraction on the right-hand side calculates the co-
agglomeration of task t. The numerator in the fraction calculates the over-representation

16



of task t in city l relative to the over-representation of task t′. The denominator controls
for city size. The left part of the right-hand side generates the average co-agglomeration of
the city by multiplying task employment by task co-agglomeration. In contrast with our
connectivity measure, the co-agglomeration index includes information about the diversity
of the city’s employment. Task connectivity and co-agglomeration strongly correlate (0.63
(0.00)). However, when co-agglomeration is included in the analysis instead of task con-
nectivity the task composition has no significant impact on employment growth. Including
both measures does not change the results. The co-agglomeration index is originally used
to measure the co-agglomeration of industries. The insignificant coefficient of this index
suggests that spatial concentration seem to be less important at the task level.

Measures Of Task Composition

We next consider the effect of the four task groups separately to investigate whether
employment growth is driven by one particular set of tasks. First, we define the city’s
task composition by the employment share of the four task groups. Columns (4) to
(7) of Table 6 present the estimates in which the employment shares of the four tasks
groups are included instead of the city’s task connectivity. The city’s employment share of
information input returns a negative coefficient (significant at the 10 percent level). A one
standard deviation larger employment share of one of these task groups relates to about
14 percent of a standard deviation lower employment growth. The coefficients of the share
of work output and mental processes tasks are insignificant (column (5) and (6)). Lastly,
the employment share of interacting with others has a positive impact on employment
growth. The coefficient is smaller than the one of task connectivity and is significant at
the 10 percent level only. Table 11 in the appendix shows the estimates of regressions
in which cross-terms between task groups are included. None of the cross-terms between
task groups is statistically significant.

Next, we define the task structure of the city by constructing the relative specializa-
tion index, the Hirschman-Herfindahl index and the Glaeser-Kerr index at the task level.
Duranton and Puga (2004) indicate three micro-foundations for the efficiency mechanism
of cities; increasing the possibilities to share, match and learn. Spatial concentration of
industries enhances possibilities to share facilities and suppliers, match employees to em-
ployers and learn from similar workers and firms. Empirical evidence in favour of these
mechanisms is substantial (for an overview of the literature, see Glaeser and Gottlieb
(2009)). Here, we test whether these mechanisms also exist at the task level using indirect
measures for the benefits of sharing, matching and learning.

First, the spatial concentration of tasks could ease the possibilities to share facilities
and suppliers for these tasks. Column (8) in Table 6 presents the results of an analysis
including the regional specialization index at the task level. The index measures the over-
representation of a task within the city relative to the importance of the task in national
employment. The coefficient is insignificant and the point estimate is low. The spatial
concentration of our 41 tasks does not seem to explain employment growth.

As Jacobs (1969) suggested, learning might be especially beneficial under cross-fertilization
with workers with different task packages. The idea is that the combination of workers
with different experiences and skills results into radical new ideas. To apply this idea at
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the task level, we also consider the impact of a diverse task composition. The inverse
Hirschman-Herfindahl index measures the diversity of tasks in the city employment:

HHIl = 1∑
t Ẽ

2
t,l

,(8)

where Ẽt,l represents the estimated employment share of task t in city l. The lower
the index, the more dominant a certain task is in city employment. A high value indi-
cates a diverse composition of employment in tasks. The results of including the inverse
Hirschman-Herfindahl index is reported in column (9). The coefficient is small and shows
an insignificant effect of the index on employment growth.

Lastly, the matching possibilities of workers with similar task packages is measured
using the labor pool suitability measure of Glaeser and Kerr. Instead of measuring oc-
cupational suitability of industries, the index (defined in Equation (5)) now measures the
task suitability of occupations. Hence, the index values the quality of the task packages
of workers given the occupational structure of the city. The estimated coefficient for this
index is shown in column (10). It is insignificant and small.

The three alternative indicators for task connectivity do not seem to explain employ-
ment growth. Including the measures together with our measure of task connectivity does
not change the results: the coefficient of task connectivity remains positive and significant.
We conclude that the spatial connectivity between tasks correlates more strongly with city
growth than the level of specialization, diversity and labor pool suitability of tasks.

6 ALTERNATIVE SAMPLES OF OCCUPATIONS, WORK-
ERS AND CITIES

We continue by testing whether our findings are robust across different samples of occupa-
tions, workers and cities. First, our estimates result from spatial variation in employment
shares; they are not based on variation in the importance of tasks within occupations. We
test the impact of this static measure of task importance and construct a sample which
only considers the most important tasks within occupations. The analysis focuses on the
main tasks within occupations, assuming that the main job tasks do not vary across space.
Another possible concern is that the division of labor has changed because of the intro-
duction of ICT. This technology has created new communication possibilities, which could
have changed task connectivity. Second, we present estimates of our connectivity measure
using two separate samples of computer intensive and computer extensive occupations.
Third, we address the issue of the possible differences in tasks performance between cities
that are relatively manufacturing and services intensive. Fourth, we deal with the ques-
tion whether our results are driven by the importance of interactions between high-skilled
workers or other subsamples of workers. Finally, we deal with possible biases in our results
caused by a few successful metropolitan areas such as New York City and Los Angeles.
These cities belong to the largest, most connected and fastest growing cities in our sample.
Lastly, we present estimates in which we exclude these cities from the sample. Table 7
shows the regression results of these analyses.

Spatial Variation Within Occupations
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Our analysis exploits spatial variation in occupational composition to measure variation
in task input. The reason is that we only observe national task inputs. This approach
suffers from the problem that it assumes that tasks carried out within occupations are
static. Baumgardner (1988) and Duranton and Jayet (2011) suggest that this is unlikely
to be true. A car mechanic in New York might carry out a different task package than a
car mechanic in Detroit. Bacolod et al. (2009) also point at this caveat in their analysis.

To deal with this issue, we conduct an additional analysis using only the ’core’ tasks
of an occupation. Task connectivity is calculated across the most important tasks. The
assumption is that the task composition of occupations varies across space but that the
’core’ tasks do not vary. For example, the task packages of a car mechanic vary between
cities but the task ’repairing’ will be an important task in all car mechanic jobs. The
distribution of tasks across US cities is now defined by the tasks within occupations with
an importance above the mean of all 41 tasks in that same occupation. Column (1) of
Table 7 shows the results of a regression analysis with task connectivity defined for the
most important tasks only (instead of all 41 tasks). The coefficient of task connectivity in
explaining changes in employment growth drops, but the coefficient remains significant at
the 10 percent level.

Computer Intensity

Job tasks that need to be performed in close vicinity are likely to require more face-to-face
interactions. These interactions are affected by computers. The use of computers either
complements or substitutes face-to-face interactions (Ioannides et al., 2008). Acemoglu
and Autor (2011) indicate a crucial distinction between the employment development of
computer intensive and computer extensive occupations. In Section 4 we have shown that
the importance of computer use and routine tasks is unlikely to explain the impact of task
connectivity on employment growth. Here, we extend this analysis and focus on the role of
computer intensive occupations. Column (2) shows estimates for the correlation between
the connectivity of a city’s computer intensive occupations and employment growth. For
computer intensive occupations the importance of computer use is at least one standard
deviation larger than the average importance. The task connectivity between tasks of com-
puter intensive occupations has a positive and significant impact on employment growth.
Column (3) presents the estimates for all other occupations. The coefficient is positive and
insignificant. The size of the coefficient is comparable to the one for computer intensive
occupations, but it is estimated with less precision. The coefficients of both samples are
smaller than the one of the baseline sample. This suggests that the connectivity between
computer intensive occupations and all other occupations relates to employment growth
as well.

Idea-producing Versus Product-producing Cities

The changing economy and especially the de-industrialization of the US economy has been
beneficial to cities, such as New York, but detrimental to others, such as Detroit. Glaeser
and Ponzetto (2010) show that improvements in transport and communication technologies
increased the returns to ideas. Idea-producing cities, such as New York and Boston, are
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favored by this trend while product-producing places, such as Detroit, are hurt. Here, we
test whether task connectivity is beneficial for idea-producing cities, product-producing
places or both.

Column (4) of Table 7 shows estimates for a sample of manufacturing sectors only.
The correlation between task connectivity and employment growth is somewhat smaller
for these sectors, relative to the estimate for connectivity in Table 5, but substantial and
statically significant. Next, column (5) presents the estimates for a sample of service sec-
tors. For service sectors, the impact of task connectivity is stronger than for manufacturing
sectors. Hence, changes in the employment of both product-producing and idea-producing
cities seem to be partly explained by our measure of task connectivity.

Worker Skills

We continue by addressing the importance of the complementary between skills and cities.
High-skilled workers tend to sort into larger cities and this sorting explains spatial wage and
employment differences (Combes et al., 2008; Glaeser et al., 2012). The relation between
skills and cities seems to be complementary (Glaeser and Resseger, 2010; Elvery, 2010).
Urban density particularly stimulates human capital spillovers Rosenthal and Strange
(2008) and human capital accumulates more quickly in urban areas Glaeser and Maré
(2001). Large cities are however characterized by relatively fat tails and their inhabitants
are more likely to be high and low-skilled workers, while medium-skilled workers seem to
sort into smaller cities (Eeckhout et al., 2010). New York and Detroit seem to employ
both the best workers of the country, with degrees from the best universities, and the
lowest-skilled of the nation. A possible concern with our results is that they might be
driven by the strong connectivity between the tasks of high-skilled workers.

We analyze whether our findings hold for several groups of workers. Column (6) in
Table 7 shows the estimates for a sample of high-skilled workers who obtained at least a
bachelor degree. Second, columns (7) and (8) show the estimates for samples of medium-
and low-skilled workers. In all three samples the coefficient for task connectivity is positive
and significant. As expected, task connectivity of high-skilled workers has a stronger
impact on employment growth than task connectivity of low-skilled workers. An increase
of one standard deviation in connectivity relates to a rise in employment of about 50
percent of a standard deviation in the sample of high-skilled workers and of 36 percent of
a standard deviation in the sample of low-skilled workers. In line with the work of Eeckhout
et al. (2010), the connectivity between tasks of medium-skilled workers is only moderately
correlated with employment growth. This finding is also consistent with the estimates
presented by (Autor and Dorn, 2013). They obtain a picture suggesting complementarity
between low- and high-skilled workers in US cities together with a decline in labor-market
opportunities of medium-skilled workers.

As often shown in the literature (Borghans et al., 2014; Bacolod et al., 2009) different
demographic groups tend to perform different worker tasks. The content of jobs substan-
tially varies between females and males and older and younger workers. Likely, the spatial
connectivity of job tasks varies as well between these demographic groups. In columns (9)
to (12) we test whether our results hold for samples of demographic groups. Columns (9)
and (10) in Table 7 show the estimates for a sample of males and females. The coefficient
of task connectivity is similar for both samples. Second, columns (11) and (12) present
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the estimates for workers below and above the age of 45, i.e. ’young’ and ’old’ work-
ers. The connectivity of job tasks of young workers has a stronger impact on employment
growth than the connectivity of job tasks of older workers. This is in line with the findings
that older workers perform more ’declining’ job tasks (Autor and Dorn, 2009; Bosch and
Ter Weel, 2013). We conclude that the estimated effects of connectivity on employment
growth seem to hold for different sub-samples of workers.

Excluding large metropolitan cities

Finally, we test whether some large metropolitan cities dominate our results. The largest
cities in our sample of 168 cities are the cities with the highest shares of high-skilled peo-
ple, the strongest connectivity between the performed tasks and the highest employment
growth. The estimates shown in column (13) are from a model in which we exclude cities
with levels of employment that are more than two standard deviations above the mean.
These cities are Detroit, Philadelphia, Washington D.C., Chicago, New York and Los
Angeles. The coefficient of task connectivity hardly decreases and remains statistically
significant. The adjusted R-square increases a bit, which seems to be caused by a stronger
impact of location characteristics, such as rents and July temperature in this sample.

7 CONCLUSION
This paper is concerned with measuring and interpreting changes in employment across 168
US cities in the period 1990-2009. Within this period (characterized by rapid technological
change) not only the division of labor between and within occupation has changed, but
also the division across space. Our analysis provides a task-based approach, which allows
us to investigate the relationship between task connectivity and employment growth.

Our framework relies upon the idea that employment grows when job tasks need to
be performed in close vicinity and human interactions are important. The importance
of vicinity and human interactions for tasks could lead to clustering of tasks or spread-
ing to other places, which we measure by task connectivity. The extent to which tasks
are spatially connected indicates whether they require face-to-face contacts or could be
carried out at distance at reasonable costs. To analyze employment effects of changes in
the division of tasks, we apply an empirical measure of task connectivity based on the
correlation between several tasks in cities.

Our estimates suggest that differences in task connectivity contribute to explaining
changes in employment growth across US cities. In particular we show that changes in
employment across US cities can partially be explained by our measure of task connectivity.
Higher task connectivity at the city level implies less room for placing tasks at distance.
When tasks are more connected to the location (and to other tasks) cities are more likely
to grow relative to cities with lower levels of task connectivity. We find that a one standard
deviation increase in task connectivity relates to an increase in employment of 30 to 45
percent of a standard deviation in the period 1900-2009.

The coefficient of task connectivity is not affected by the inclusion of several other
city characteristics. Furthermore, spatial connectivity between tasks seems to be more
effective than spatial concentration of certain tasks and labor pool suitability to explain
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employment growth in this period. We investigate the sensitivity of our estimates by
considering the effects of computerization of work, de-industrialization, sorting of workers
and the impact of excluding large cities. We also investigate the limitations of our cross-
section of task data. We find that our results do not seem to be driven by other trends
and they do also not seem to be influenced by measures of spatial concentration.

This paper adds to the literature in labor economics and urban economics by offering
a measure to explain employment changes across space. This complements the literature
in labor economics focusing on changes in the task composition of work, see Acemoglu and
Autor (2011) for a review, and to the literature in urban economics explaining changes in
employment in cities, see Glaeser and Gottlieb (2009) for a review. Future work should
consider deepening of the exact anatomy of task connectivity for explaining the success
and decline of cities.

Notes

1Rosenthal and Strange (2004) and Glaeser and Resseger (2010) extensively review the literature in

urban economics. This literature mostly analyses employment changes at the level of occupations.
2This is the original ONET scaling.
3It should be noted that tasks and occupations show similar location patterns. As different occupations

possess similar tasks, the connectivity measure of tasks provides additional insight in the co-location of

tasks relative to a similar measure at the occupational level.
4We apply the Current Population Survey because this dataset provides us with information that allows

for the possibility to distinguish trends of several demographic groups.
5The CPS contains information about the person’s location of living, not on the location of work.

Therefore, our data exclude workers who work within a MSA but live outside the MSA. We assume that

the task-package of the workers who live in the MSA is a representative sample of all the workers in the

MSA.
6This RSI measure defines the local level of industrial specialization, while the connectivity measure

defines the local level connectivity between tasks. Therefore, the correlation does not result from the

construction of the variables. The industrial and task structure of cities likely interfere. However, as

Duranton and Puga (2001) note, recent changes in city structures seem to be related to occupations and

functions more than to industries.
7When we exclude task connectivity from the regressions the coefficient of labor pool suitability becomes

statistically significant.

22



References
Acemoglu, Daron and Autor, David. 2011. ‘Skills, tasks and technologies: Implications
for employment and earnings’. In Handbook for Labour Economics Volume 4, Part B
(Amsterdam: Elsevier) pp. 1043–1171.

Akcomak, Semih, Borghans, Lex and Weel, Bas Ter. 2011. ‘Measuring and interpreting
trends in the division of labour in the Netherlands’. De Economist 159 (4), 435–482.

Autor, David. 2013. ‘The ’task approach’ to labor markets: An overview’. NBER Working
Paper No. 18711.

Autor, David and Dorn, David. 2009. ‘This job is ’getting old’: Measuring changes in job
opportunities using occupational age structure’. American Economic Review Papers and
Proceedings 99 (2), 45–51.

Autor, David and Dorn, David. 2013. ‘The growth of low-skill service jobs and the polar-
ization of the U.S. labor market’. American Economic Review 103 (5), 1553–1597.

Autor, David, Katz, Lawrence and Kearney, Melissa. 2006. ‘The polarization of the U.S.
labor market’. American Economic Review 96 (2), 189–194.

Autor, David, Katz, Lawrence and Krueger, Alan. 1998. ‘Computing inequality: Have
computers changed the labor market?’. Quarterly Journal of Economics 113 (4), 1169–
1214.

Autor, David, Levy, Frank and Murnane, Richard. 2003. ‘The skill content of recent
technological change: An empirical exploration’. Quarterly Journal of Economics 118
(4), 1279–1334.

Bacolod, Marigee, Blum, Bernardo and Strange, William. 2009. ‘Skills in the city’. Journal
of Urban Economics 65 (2), 136–153.

Bacolod, Marigee, Blum, Bernardo and Strange, William. 2010. ‘Elements of skill: Traits,
intelligences, education, and agglomeration’. Journal of Regional Science 50 (1), 245–
280.

Baldwin, Richard and Robert-Nicoud, Frederic. 2010. ‘Trade-in-goods and trade-in-tasks:
An integrating framework’. NBER Working Paper No. 15882.

Baumgardner, James. 1988. ‘The division of labor, local markets, and worker organization’.
Journal of Political Economy 96, 509–527.

Berry, Christopher and Glaeser, Edward. 2005. ‘The divergence of human capital levels
across cities’. Papers in Regional Science 84 (3), 407–444.

Besley, Timothy, Persson, Torsten and Sturm, Daniel. 2010. ‘Political competition, pol-
icy and growth: Theory and evidence from the US’. Review of Economic Studies 77
(4), 1329–1352.

Blinder, Alan. 2006. ‘Offshoring: The next industrial revolution’. Foreign Affairs 85, 113–
128.

23



Bloom, Nicholas, Garicano, Luis, Sadun, Raffaella and Van Reenen, John. 2009. ‘The
distinct effects of information technology and communication technology on firm orga-
nization’. NBER working paper No. 14975.

Blum, Bernardo and Goldfarb, Avi. 2006. ‘Does the internet defy the law of gravity?’.
Journal of International Economics 70 (2), 384–405.

Borghans, Lex and Ter Weel, Bas. 2004. ‘What happens when agent T gets a computer?
The labor market impact of cost efficient computer adoption’. Journal of Economic
Behavior & Organization 54 (2), 137–151.

Borghans, Lex and Ter Weel, Bas. 2006. ‘The division of labour, worker organisation, and
technological change’. Economic Journal 116 (509), F45–F72.

Borghans, Lex, Ter Weel, Bas and Weinberg, Bruce. 2008. ‘Interpersonal styles and labor
market outcomes’. Journal of Human Resources 43 (4), 815–858.

Borghans, Lex, Ter Weel, Bas and Weinberg, Bruce. 2014. ‘People skills and the labor-
market outcomes of underrepresented groups’. Industrial and labor relations review 67
(2), 287–334.

Bosch, Nicole and Ter Weel, Bas. 2013. ‘Labour-market outcomes of older workers in
the Netherlands: Measuring job prospects using the occupational age structure’. De
Economist 161 (2), 199–2018.

Bresnahan, Timothy, Brynjolfsson, Erik and Hitt, Lorin. 2002. ‘Information technology,
workplace organization and the demand for skilled labor: Firm-level evidence’. Quarterly
Journal of Economics 117 (1), 339–376.

Caselli, Francesco and Coleman, Wilbur. 2001. ‘Cross-country technology diffusion: The
case of computers’. American Economic Review 91 (2), 328–335.

Charlot, Sylie and Duranton, Gilles. 2004. ‘Communication externalities in cities’. Journal
of Urban Economics 56 (3), 581–613.

Combes, Pierre-Philippe., Duranton, Gilles and Gobillon, Laurent. 2008. ‘Spatial wage
disparities: Sorting matters!’. Journal of Urban Economics 63 (2), 723–742.

Criscualo, Chiara and Garicano, Luis. 2010. ‘Offshoring and wage inequality: Using oc-
cupational licensing as a shifter of offshoring costs’. American Economic Review 100
(2), 439–443.

Desmet, Klaus and Rossi-Hansberg, Esteban. 2009. ‘Spatial growth and industrial age’.
Journal of Economic Theory 144 (6), 2477–2502.

Duranton, Gilles and Jayet, Hubert. 2011. ‘Is the division of labour limited by the extent
of the market? Evidence from French cities’. Journal of Urban Economics 69 (1), 56–71.

Duranton, Gilles and Puga, Diego. 2001. ‘Nursery cities: Urban diversity, process innova-
tion, and the life cycle of products’. American Economic Review 91 (5), 1454–1477.

24



Duranton, Gilles and Puga, Diego. 2004. ‘Micro-foundations of urban agglomeration
economies’. In Handbook of Regional and Urban Economics, Volume 4 (Amsterdam:
Elsevier) pp. 2063–2117.

Duranton, Gilles and Puga, Diego. 2005. ‘From sectoral to functional urban specialisation’.
Journal of Urban Economics 57 (2), 343–370.

Eeckhout, Jan, Pinheiro, Roberto and Schmidheiny, Kurt. 2010. ‘Spatial Sorting: Why
New York, Los Angeles and Detroit attract the greatest minds as well as the unskilled’.
CEPR Discussion Paper No. 8151.

Ellison, Glenn and Glaeser, Edward. 1997. ‘Geographic concentration in US manufacturing
industries: A dartboard approach’. Journal of Political Economy 105 (5), 889–927.

Ellison, Glenn, Glaeser, Edward and Kerr, William. 2010. ‘What causes industry ag-
glomeration? Evidence of coagglomeration patterns’. American Economic Review 100
(3), 1195–1213.

Elvery, Joel. 2010. ‘City size and skill intensity’. Regional Science and Urban Economics
40, 367–379.

Firpo, Sergio, Fortin, Nicole and Lemieux, Thomas. 2009. ‘Occupational Tasks and
Changes in the Wage Structure’. IZA Discussion Paper, University of British Columbia
No. 5542.

Florida, Richard, Mellander, Charlotta, Stolarick, Kevin and Ross, Adrienne. 2012. ‘Cities,
skills and wages’. Journal of Economic Geography 12 (2), 355–377.

Garicano, Luis and Rossi-Hansberg, Esteban. 2006. ‘Organization and inequality in a
knowledge economy’. Quarterly Journal of Economics 121 (4), 1383–1435.

Gaspar, Jess and Glaeser, Edward. 1998. ‘Information technology and the future of cities’.
Journal of Urban Economics 43 (1), 136–156.

Glaeser, Edward and Gottlieb, Joshua. 2009. ‘The wealth of cities: Agglomeration
economies and spatial equilibrium in the United States’. Journal of Economic Liter-
ature 47 (4), 983–1028.

Glaeser, Edward, Kallal, Hedi, Scheinkman, José and Shleifer, Andrei. 1992. ‘Growth in
cities’. Journal of Political Economy 100 (6), 1126–1152.

Glaeser, Edward and Kerr, William. 2009. ‘Local industrial conditions and entrepreneur-
ship: How much of the spatial distribution can we explain?’. Journal of Economics and
Management Strategy 18 (3), 623–663.

Glaeser, Edward and Maré, David. 2001. ‘Cities and skills’. Journal of Labor Economics
19 (2), 316–342.

Glaeser, Edward and Ponzetto, Giacomo. 2010. Agglomeration economics. The University
of Chicago Press. chapter Did the death of distance hurt Detroit and help New York?,
pp. 303 – 337.

25



Glaeser, Edward, Ponzetto, Giacomo and Tobio, Kristina. 2012. ‘Cities, Skills and Re-
gional Change’. Regional Studies Forthcoming.

Glaeser, Edward and Resseger, Matthew. 2010. ‘The complementarity between cities and
skills’. Journal of Regional Science 50 (1), 221–244.

Glaeser, Edward and Shapiro, Jesse. 2003. ‘Urban growth in the 1990s: Is city living
back?’. Journal of Regional Science 43 (1), 139–165.

Goos, Maarten and Manning, Alan. 2007. ‘Lousy and lovely jobs: The rising polarization
of work in Britain’. Review of Economics and Statistics 89 (1), 118–133.

Goos, Maarten, Manning, Alan and Salomons, Anna. 2009. ‘Job polarization in Europe’.
American Economic Review: Papers and Proceedings 99 (2), 58–63.

Grossman, G.M and Rossi-Hansberg, E. 2008. ‘Trading tasks: A simple theory of off-
shoring’. American Economic Review 98 (5), 1978–1997.

Henderson, J. Vernon, Kuncoro, Ari and Turner, Matthew. 1995. ‘Industrial development
in cities’. Journal of Political Economy 103 (5), 1067–1090.

Ioannides, Yannis, Overman, Henry, Esteban, Rossi-Hansberg and Schmidheiny, Kurt.
2008. ‘The effect of information and communication technologies on urban structure’.
Economic Policy 23 (54), 201–242.

Jacobs, Jane. 1969. The economy of cities. Random house, New York.

Jensen, Bradford and Kletzer, Lori. 2005. ‘Tradable services: Understanding the scope
and impact of services offshoring’. Institute for International Economics Working Paper
No. 05-9.

Katz, Lawrence. 2000. Understanding the digital economy: Data, tools and research. MIT
Press, Cambridge Mass. chapter Technological change, computerization and the wage
structure, pp. 217–244.

Michaels, Guy, Rauch, Ferdinand and Redding, Stephen. 2013. ‘Task Specialization in
U.S. cities from 1880-2000’. NBER Working Paper No. 18715.

Moretti, Enrico. 2004. ‘Workers’ education, spillovers and productivity : Evidence from
plant-level production functions’. American Economic Review 94 (3), 656–691.

Moretti, Enrico. 2013. ‘Real wage inequality’. American Economic Journal: Applied Eco-
nomics 5 (1), 65–103.

Mueser, Peter and Graves, Philip. 1995. ‘Examining the role of economic opportunity
and amenities in explaining population redistribution’. Journal of Urban Economics 37
(2), 176–200.

Rappaport, Jordan. 2007. ‘Moving to nice weather’. Regional Science and Urban Eco-
nomics 37, 375–398.

26



Rosenthal, Stuart and Strange, William. 2004. ‘Evidence on the nature and sources of
agglomeration economies’. In Handbook of Urban and Regional Economics, Volume 4
(Amsterdam: Elsevier) pp. 2119–2172.

Rosenthal, Stuart and Strange, William. 2008. ‘The attunuation of human capital
spillovers’. Journal of Urban Economics 64, 373–389.

Storper, Michael and Venables, Anthony. 2004. ‘Buzz: Face-to-face contact and the urban
economy’. Journal of Economic Geography 4 (4), 351–370.

Venables, Anthony. 2011. ‘Productivity in cities: Self-selection and sorting’. Journal of
Economic Geography 11, 241–252.

Von Hippel, Eric. 1994. ‘Sticky information and the locus of problem solving: Implications
for innovation’. Mangement Science 40 (4), 429–439.

A DATA APPENDIX - DATA SOURCES
Current Population Survey | May Outgoing Rotation Group

The Current Population Survey (CPS) is a monthly household survey of the US govern-
ment. It contains information about employment and other labor-market variables. For
each person it provides information on occupation, industry, hours worked, earnings, ed-
ucation, and unionization. The data also contain background variables such as age, sex,
race, ethnicity, geographic location. We use the May Merged Outgoing Rotation Group
(MORG) files in which more detailed information about earnings and working hours are
available. We use the years 1990-2009 because the residence of the respondent is available
in terms of Metropolitan Statistical Areas (MSA). We assume that the respondents work
in the same MSA as they live. In 1990 67 percent of the respondents lives in a MSA, in
2009 this is almost 75 percent.

ONET

Task information is gathered from the ONET Database (www.onetcenter.org). For each
occupation, this database provides information about the importance of 41 work activities.
Work activities are defined as ’General types of job behaviors occurring on multiple jobs’.
Initial information of the ONET database is based on data from occupation analysts.
This information is supplemented and updated by ongoing surveys of each occupation’s
worker population and occupation experts. The level of importance of the activities is
measured by the question: How important is the work activity to the performance of the
job? The importance is scaled from 1 (not important at all) to 5 (extremely important).
The database consists of a cross-section, which is updated over time. The 3.0 version is
used for this study.

DOT
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Another source of information on job tasks in the United States is the Fourth (1977) version
of the Dictionary of Occupational Titles (DOT). The task information in this data source
matches the routine / non-routine distinction more accurate than the ONET Database. We
apply the cross-walk provided by (Autor et al., 2003) between the occupation classification
in the DOT, which is much more detailed, and the one in the CPS. For detailed discussions
on this dataset and the difference with the ONET dataset we refer to (Autor et al., 2003;
Autor, 2013).

Local Area Unemployment Statistics

The employment data for counties is collected from the Local Area Unemployment Statis-
tics of the Bureau of Labor Statistics (BLS). We use county data for employment statistics
instead of Metropolitan Statistical Areas (MSAs). The border definitions of MSAs change
over time, so growth statistics are biased. Counties are merged into MSAs following the
1990 definition of the Census. Details on the construction of the city classifications are
given below.

Census 1990 and 2000

The share of high-skilled people and the mean rent by MSA is gathered from the Census
data. For each MSA it contains information on the number of people that have obtained
at least a Bachelor’s degree in 1990 and 2000. We do not have information on the share
of high-skilled people or rents by city for other years.

B DATA APPENDIX CLASSIFICATIONS
Cities

In 2009, MSAs were responsible for more than 85 percent of the employment, income, and
production of products and services in the United States (Bureau of Economic Analysis).
MSAs are defined by the nature of their economic activity. The scope of regional economic
activity increases over time, which is replicated in the borders of the MSA classification.
To analyze the development of economic structure within cities, we need a consistent
city classification. To do so, we use MSA definitions by combining counties following the
1990 definition of the Census. Since county borders do not change over time, our MSA
classification represents cities, which do not change in geographical size over time. Due to
a change in classification of MSAs in 2005 we loose a small fraction of our sample. The
definition of the Census is optimized for this break in classification. Our city classification
consists of 168 MSAs, which are stable over time.

Industries

The Census industry classification changes within the period 1990-2009. We use a three-
digit consistent classification provided by David Dorn and used in Autor and Dorn (2013).
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The classification includes 142 industries at the three-digit level. For the two-digit level
we distinguish 11 industries. We exclude the agriculture industry. To verify the CPS
distribution of industries over MSAs we compare it with the County Business Pattern
data. Using data from the County Business Patterns instead of the CPS does not change
the results.

Occupations

The Census classification for occupations changes over time as well. We make use of
the occupation classification in Autor and Dorn (2013). This classification includes 326
occupations, which are consistently defined over time.

Tasks are defined as ’General types of job behaviors occurring on multiple jobs’. The
ONET database provides the importance of 41 work activities for occupations following
the Standard Occupation Classification (SOC 2000). The SOC occupational classification
scheme of the ONET database is matched to the Census 2000 occupational classification
scheme. This scheme is collapsed to the 326 consistent occupations. Table 2 shows the 41
tasks, their task group and descriptive statistics.
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Table 2. Descriptive information about the tasks used in the empirical analysis (employ-
ment and connectivity)

Employment share Task
Task 1990 2009 Connectivity

ONET task group ’Information input tasks’

Getting Information 3.40 3.38 0.30
Monitor Processes, Materials, or Surroundings 2.74 2.71 -1.39
Identifying Objects, Actions, and Events 2.99 2.96 -0.97
Inspecting Equipment, Structures, or Material 2.46 2.38 -1.65
Estimating the Quantifiable Characteristics of Products, Events, or Information 2.31 2.29 -0.84

ONET task group ’Mental processes’

Judging the Qualities of Things, Services, or People 2.59 2.61 -0.50
Processing Information 2.76 2.74 0.84
Evaluating Information to Determine Compliance with Standards 2.69 2.70 0.19
Analyzing Data or Information 2.48 2.51 0.97
Making Decisions and Solving Problems 3.00 3.02 0.86
Thinking Creatively 2.53 2.56 0.92
Updating and Using Relevant Knowledge 2.84 2.85 0.86
Developing Objectives and Strategies 2.26 2.32 0.98
Scheduling Work and Activities 2.45 2.46 0.89
Organizing, Planning, and Prioritizing Work 2.90 2.92 0.86

ONET task group ’Work output’

Performing General Physical Activities 2.32 2.26 -1.69
Handling and Moving Objects 2.36 2.25 -1.71
Controlling Machines and Processes 2.12 1.99 -1.68
Operating Vehicles, Mechanized Devices, or Equipment 1.86 1.80 -1.68
Interacting With Computers 2.73 2.69 0.96
Drafting, Laying Out, and Specifying Technical Devices. Parts. and Equipment 1.51 1.44 -1.00
Repairing and Maintaining Mechanical Equipment 1.63 1.55 -1.70
Repairing and Maintaining Electronic Equipment 1.54 1.47 -1.48
Documenting or Recording Information 2.72 2.72 0.77

ONET task group ’Interacting with others’

Interpreting the Meaning of Information for Others 2.45 2.49 1.01
Communicating with Supervisors, Peers, or Subordinates 3.21 3.20 0.29
Communicating with Persons Outside Organization 2.68 2.74 0.82
Establishing and Maintaining Interpersonal Relationships 3.00 3.03 0.84
Assisting and Caring for Others 2.31 2.34 -0.80
Selling or Influencing Others 2.08 2.14 0.31
Resolving Conflicts and Negotiating with Others 2.49 2.56 0.70
Performing for or Working Directly with the Public 2.56 2.63 0.00
Coordinating the Work and Activities of Others 2.46 2.49 0.60
Developing and Building Teams 2.39 2.43 0.41
Training and Teaching Others 2.50 2.51 -0.81
Guiding, Directing, and Motivating Subordinates 2.20 2.26 0.44
Coaching and Developing Others 2.32 2.37 -0.21
Provide Consultation and Advice to Others 2.13 2.16 1.02
Performing Administrative Activities 2.33 2.31 0.87
Staffing Organizational Units 1.67 1.70 0.77
Monitoring and Controlling Resources 2.04 2.06 0.62

Note: Summary statistics based on the task values across 326 occupations following the classification
as defined in the Appendix. ONET Groups refer to the work activities groups as defined by ONET.
Employment share is the average employment share in city employment as defined in Section 2. Task
connectivity is defined in Equation (1).
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Table 4. The largest, smallest, fastest growing and shrinking MSAs

Size (number of workers) Growth

1990 2009 Employment Percentage
(number of workers)

Largest MSAs Fastest growers

Los Angeles Los Angeles Phoenix-Mesa Las Vegas
(4,259,705) (4,328,589) (814,075) (11.42)
New York New York Atlanta McAllen-Edinburg-Mission
(3,745,220) (4,256,376) (792,870) (107.07)
Chicago Chicago Houston Provo-Orem

(3,645,767) (4,000,905) (630,134) (85.66)
Boston Boston, Washington D.C. Fayetteville-Springdale-Rogers

(2,910,471) (3,101,796) (606,593) (85.38)
Philadelphia Philadelphia Las Vegas Austin-San Marcos
(2,355,639) (2,454,509) (524,178) (81.99)

Smallest MSAs Slowest growers

Pueblo Florence Detroit Hickory-Morgantown
(48,728) (60,580) (-178,313) (-12.19 )
Florence Monroe New Orleans Benton Harbor
(58,064) (66,048) (-50,632) (-10.52 )

Waterloo-Cedar Falls Jackson San Jose Binghamton
(58,862) (66,162) (-37,472) (-9.37)

Fort Walton Beach Pueblo Dayton-Springfield Detroit
(62,143) (67,660) (-28,604) (-9.15)
Monroe Benton Harbor Newark New Orleans
(62,704) (67,730) (-21,371) (-9.08)
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Table 5. The estimated effect of task connectivity on employment growth, 1990-2009

Employment growth 1990-2009
(1) (2) (3) (4) (5) (6) (7) (8)

Employment -0.464*** -0.286** -0.339** -0.284* -0.264* -0.257* -0.297** -0.332**
[0.147] [0.143] [0.146] [0.149] [0.144] [0.143] [0.145] [0.150]

Connectivity 0.425*** 0.375** 0.318** 0.387** 0.344** 0.384** 0.400** 0.440**
[0.143] [0.158] [0.146] [0.193] [0.156] [0.156] [0.172] [0.213]

Industrial specialization -0.194** -0.219***
[0.076] [0.076]

Labor suitability -0.014 -0.037
[0.148] [0.155]

Social skills 0.046 -0.017
[0.065] [0.070]

Routine tasks -0.077 -0.121
[0.069] [0.079]

Computer use -0.042 -0.116
[0.082] [0.088]

High skilled 0.179* 0.162 0.177* 0.184* 0.163 0.200* 0.185*
[0.103] [0.099] [0.104] [0.101] [0.103] [0.107] [0.102]

Rent -0.450*** -0.465*** -0.451*** -0.449*** -0.464*** -0.452*** -0.500***
[0.087] [0.086] [0.088] [0.087] [0.090] [0.087] [0.089]

January temperature -0.117 -0.191 -0.117 -0.121 -0.108 -0.119 -0.190
[0.146] [0.145] [0.147] [0.147] [0.147] [0.147] [0.147]

July temperature 0.391*** 0.440*** 0.391*** 0.389*** 0.369*** 0.392*** 0.413***
[0.128] [0.131] [0.129] [0.127] [0.127] [0.129] [0.130]

North-east -0.295 -0.293 -0.296 -0.270 -0.284 -0.290 -0.278
[0.230] [0.239] [0.231] [0.237] [0.233] [0.229] [0.241]

Midwest -0.535** -0.546*** -0.537** -0.533** -0.565*** -0.532** -0.592***
[0.208] [0.207] [0.208] [0.208] [0.208] [0.207] [0.206]

West 1.439*** 1.518*** 1.441*** 1.433*** 1.402*** 1.441*** 1.481***
[0.252] [0.249] [0.253] [0.247] [0.253] [0.252] [0.249]

Constant -0.000 -0.193 -0.209 -0.192 -0.174 -0.179 -0.194 -0.201
[0.076] [0.130] [0.127] [0.130] [0.129] [0.130] [0.130] [0.126]

Observations 168 168 168 168 168 168 168 168
Adjusted R-squared 0.039 0.432 0.451 0.428 0.430 0.433 0.429 0.449
Note: Variables are for 1990 and defined as in Table 8 in the Appendix, Table 9 in the Appendix displays summary statistics of these variables. All
variables are standardized with a mean of zero and a standard deviation of one. There are three regional dummies, region ’South’ is the reference
group. Robust standard errors are in parentheses. *** significant at the 1% level, ** significant at the 5% level, * significant at the 10% level.

34



T
ab

le
6.

U
sin

g
di
ffe

re
nt

m
ea
su
re
s
of

ta
sk

co
m
po

sit
io
n
to

ex
pl
ai
n
em

pl
oy
m
en
t
gr
ow

th
,1

99
0-
20

09

Em
pl
oy
m
en
t
gr
ow

th
19
90
-2
00
9

C
on

ne
ct
iv
ity

Sk
ill
s

C
o-

In
fo
rm

at
io
n

W
or
k

M
en
ta
l

In
te
ra
ct
in
g

Ta
sk

H
H
I

La
bo

r
ag
gl
om

er
at
io
n

in
pu

t
ou

tp
ut

pr
oc
es
se
s

w
ith

ot
he

rs
sp
ec
ia
liz

at
io
n

su
ita

bi
lit
y

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

Em
pl
oy
m
en
t

-0
.2
86
**

0.
01
1

-0
.2
12

0.
01
4

0.
01
4

0.
02
9

0.
01
6

-0
.0
04

0.
07
6

0.
02
5

[0
.1
43
]

[0
.0
67
]

[0
.1
57
]

[0
.0
67
]

[0
.0
67
]

[0
.0
70
]

[0
.0
66
]

[0
.0
76
]

[0
.0
90
]

[0
.0
65
]

M
ea
su
re

of
co
nn

ec
tiv

ity
0.
37
5*
*

0.
09
5

0.
25
6

-0
.1
36
*

-0
.0
75

-0
.0
45

0.
13
1*

-0
.0
64

-0
.0
83

0.
01
4

[0
.1
58
]

[0
.0
82
]

[0
.1
60
]

[0
.0
71
]

[0
.0
82
]

[0
.0
79
]

[0
.0
76
]

[0
.0
71
]

[0
.0
61
]

[0
.0
63
]

H
ig
h
sk
ill
ed

0.
17
9*

0.
20
7*

0.
26
3*
**

0.
18
7*

0.
22
1*
*

0.
30
1*
**

0.
20
1*
*

0.
23
8*
**

0.
28
6*
**

0.
27
1*
**

[0
.1
03
]

[0
.1
09
]

[0
.0
85
]

[0
.0
99
]

[0
.1
08
]

[0
.0
98
]

[0
.0
99
]

[0
.0
87
]

[0
.0
82
]

[0
.0
84
]

R
en
t

-0
.4
50
**
*

-0
.4
81
**
*

-0
.4
69
**
*

-0
.4
65
**
*

-0
.4
85
**
*

-0
.4
88
**
*

-0
.4
73
**
*

-0
.4
70
**
*

-0
.5
25
**
*

-0
.4
91
**
*

[0
.0
87
]

[0
.0
89
]

[0
.0
87
]

[0
.0
88
]

[0
.0
89
]

[0
.0
88
]

[0
.0
87
]

[0
.0
87
]

[0
.0
92
]

[0
.0
90
]

Ja
nu

ar
y
te
m
pe

ra
tu
re

-0
.1
17

-0
.0
95

-0
.0
95

-0
.1
10

-0
.0
85

-0
.0
95

-0
.1
01

-0
.0
94

-0
.0
87

-0
.0
85

[0
.1
46
]

[0
.1
49
]

[0
.1
46
]

[0
.1
49
]

[0
.1
47
]

[0
.1
49
]

[0
.1
47
]

[0
.1
47
]

[0
.1
50
]

[0
.1
51
]

Ju
ly

te
m
pe

ra
tu
re

0.
39
1*
**

0.
36
1*
**

0.
39
1*
**

0.
36
4*
**

0.
35
2*
**

0.
36
3*
**

0.
35
0*
**

0.
35
7*
**

0.
37
3*
**

0.
36
2*
**

[0
.1
28
]

[0
.1
25
]

[0
.1
31
]

[0
.1
25
]

[0
.1
23
]

[0
.1
26
]

[0
.1
22
]

[0
.1
25
]

[0
.1
25
]

[0
.1
25
]

N
or
th
-e
as
t

-0
.2
95

-0
.2
42

-0
.2
61

-0
.2
43

-0
.2
41

-0
.2
62

-0
.2
26

-0
.2
73

-0
.2
15

-0
.2
48

[0
.2
30
]

[0
.2
22
]

[0
.2
20
]

[0
.2
27
]

[0
.2
21
]

[0
.2
14
]

[0
.2
25
]

[0
.2
20
]

[0
.2
07
]

[0
.2
27
]

M
id
w
es
t

-0
.5
35
**

-0
.5
12
**

-0
.4
92
**

-0
.5
31
**

-0
.5
12
**

-0
.5
21
**

-0
.5
21
**

-0
.5
33
**
*

-0
.4
88
**

-0
.5
02
**

[0
.2
08
]

[0
.2
03
]

[0
.2
00
]

[0
.2
06
]

[0
.2
02
]

[0
.2
00
]

[0
.2
02
]

[0
.2
01
]

[0
.1
94
]

[0
.2
20
]

W
es
t

1.
43
9*
**

1.
40
1*
**

1.
44
3*
**

1.
37
7*
**

1.
39
8*
**

1.
41
0*
**

1.
36
9*
**

1.
39
2*
**

1.
47
5*
**

1.
42
3*
**

[0
.2
52
]

[0
.2
46
]

[0
.2
55
]

[0
.2
48
]

[0
.2
45
]

[0
.2
49
]

[0
.2
36
]

[0
.2
52
]

[0
.2
56
]

[0
.2
45
]

C
on

st
an

t
-0
.1
93

-0
.1
99

-0
.2
10

-0
.1
87

-0
.1
99

-0
.1
97

-0
.1
90

-0
.1
87

-0
.2
28
*

-0
.2
07

[0
.1
30
]

[0
.1
28
]

[0
.1
28
]

[0
.1
30
]

[0
.1
28
]

[0
.1
26
]

[0
.1
27
]

[0
.1
28
]

[0
.1
22
]

[0
.1
31
]

O
bs
er
va
tio

ns
16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
8

A
dj
us
te
d
R
-s
qu

ar
ed

0.
43
2

0.
40
9

0.
41
5

0.
41
6

0.
40
7

0.
40
5

0.
41
6

0.
40
6

0.
40
8

0.
40
4

N
ot
e:

A
ll
in
de

pe
nd

en
tv

ar
ia
bl
es

ar
e
m
ea
su
re
d
in

19
90

va
lu
es

an
d
de

fin
ed

in
Ta

bl
e
8
in

th
e
A
pp

en
di
x.

Ta
bl
e
9
in

th
e
A
pp

en
di
x
di
sp
la
ys

su
m
m
ar
y
st
at
is
tic

so
f

th
es
e
va
ria

bl
es
.
A
ll
va
ria

bl
es

ar
e
st
an

da
rd
iz
ed

w
ith

a
m
ea
n
of

ze
ro

an
d
a
st
an

da
rd

de
vi
at
io
n
of

on
e.

T
he

re
ar
e
th
re
e
re
gi
on

al
du

m
m
ie
s,
re
gi
on

’S
ou

th
’i
s
th
e

re
fe
re
nc
e
gr
ou

p.
In

co
lu
m
n
(2
)
th
e
co
nn

ec
tiv

ity
be

tw
ee
n
O
N
E
T

sk
ill
s
is
us
ed

in
st
ea
d
of

th
e
co
nn

ec
tiv

ity
be

tw
ee
n
O
N
E
T

w
or
k
ac
tiv

iti
es
.
C
o-
ag
gl
om

er
at
io
n

re
fe
rs

to
th
e
in
de

x
de

fin
ed

in
E
qu

at
io
n
(7
).

T
he

sh
ar
e
of

th
e
ta
sk

gr
ou

p
in

co
lu
m
ns

(4
)
to

(7
)
re
pr
es
en
ts

th
e
ci
ty
’s

st
an

da
rd
iz
ed

em
pl
oy

m
en
t
sh
ar
e
in

th
e

re
sp
ec
tiv

e
ta
sk

gr
ou

p
in

19
90
.
Ta

sk
sp
ec
ia
liz
at
io
n
de

fin
es

th
e
re
la
tiv

e
ta
sk

sp
ec
ia
liz
at
io
n
an

d
is

m
ea
su
re
d
as

in
E
qu

at
io
n
(3
).

H
H
I
re
fe
rs

to
th
e
in
ve
rs
e

H
irs

ch
m
an

-H
er
fin

da
hl
-I
nd

ex
an

d
is
de

fin
ed

in
E
qu

at
io
n
(8
).

La
bo

r
po

ol
su
ita

bi
lit
y
is
m
ea
su
re
d
by

th
e
G
la
es
er
-K

er
r
in
de

x
us
in
g
ta
sk
s
in
st
ea
d
of

oc
cu
pa

tio
ns

(s
ee

E
qu

at
io
n
(5
))
.
R
ob

us
t
st
an

da
rd

er
ro
rs

ar
e
in

pa
re
nt
he

se
s.

**
*
si
gn

ifi
ca
nt

at
th
e
1%

le
ve
l,
**

si
gn

ifi
ca
nt

at
th
e
5%

le
ve
l,
*
si
gn

ifi
ca
nt

at
th
e
10
%

le
ve
l.

35



T
ab

le
7.

Es
tim

at
ed

co
effi

ci
en
ts

fo
r
di
ffe

re
nt

sa
m
pl
es

an
d
ty
pe

s
of

w
or
ke
rs

Em
pl
oy
m
en
t
gr
ow

th
19
90
-2
00
9

C
om

pu
te
r

N
ot

co
m
pu

te
r

W
ith

ou
t

M
os
t
im

po
rt
an

t
in
te
ns
iv
e

in
te
ns
iv
e

M
an

uf
ac
tu
rin

g
Se

rv
ic
es

H
ig
h-
sk
ill
ed

M
ed

iu
m
-s
ki
lle

d
Lo

w
-s
ki
lle

d
M
al
es

Fe
m
al
es

45
−

45
+

la
rg
es
t

ta
sk
s

oc
cu

pa
tio

ns
oc
cu

pa
tio

ns
se
ct
or
s

se
ct
or
s

w
or
ke
rs

w
or
ke
rs

w
or
ke
rs

ci
tie

s
(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

(1
1)

(1
2)

(1
3)

Em
pl
oy
m
en
t

-0
.1
28

-0
.2
17

-0
.2
41

-0
.2
66
*

-0
.3
11
**

-0
.2
45
*

-0
.2
18

-0
.2
83
**

-0
.2
98
**

-0
.2
86
**

-0
.3
37
**

-0
.1
94

-0
.2
87
**

[0
.1
39
]

[0
.1
35
]

[0
.1
68
]

[0
.1
40
]

[0
.1
44
]

[0
.1
31
]

[0
.1
35
]

[0
.1
42
]

[0
.1
44
]

[0
.1
41
]

[0
.1
59
]

[0
.1
30
]

[0
.1
45
]

C
on

ne
ct
iv
ity

0.
23
8*

0.
28
6*
*

0.
29
1

0.
34
1*
*

0.
40
2*
*

0.
33
8*
*

0.
29
7*

0.
36
5*
*

0.
38
2*
*

0.
37
0*
*

0.
41
2*
*

0.
27
1*

0.
37
0*
*

[0
.1
40
]

[0
.1
43
]

[0
.1
78
]

[0
.1
49
]

[0
.1
61
]

[0
.1
46
]

[0
.1
52
]

[0
.1
58
]

[0
.1
59
]

[0
.1
55
]

[0
.1
70
]

[0
.1
41
]

[0
.1
59
]

H
ig
h
sk
ill
ed

0.
25
0*

0.
24
0*
**

0.
26
6*
**

0.
22
5*
*

0.
21
4*
*

0.
21
5*
*

0.
22
5*
*

0.
22
7*
*

0.
21
8*
*

0.
21
9*
*

0.
21
8*
*

0.
23
2*
*

0.
17
0

[0
.1
38
]

[0
.0
91
]

[0
.0
84
]

[0
.0
93
]

[0
.0
92
]

[0
.0
94
]

[0
.0
94
]

[0
.0
91
]

[0
.0
93
]

[0
.0
93
]

[0
.0
92
]

[0
.0
92
]

[0
.1
05
]

R
en
t

-0
.4
71
**
*

-0
.4
60
**
*

-0
.4
72
**
*

-0
.4
59
**
*

-0
.4
66
**
*

-0
.4
95
**
*

-0
.4
84
**
*

-0
.4
66
**
*

-0
.4
59
**
*

-0
.4
65
**
*

-0
.4
45
**
*

-0
.4
90
**
*

-0
.4
85
**
*

[0
.1
16
]

[0
.0
89
]

[0
.0
83
]

[0
.0
84
]

[0
.0
80
]

[0
.0
78
]

[0
.0
81
]

[0
.0
82
]

[0
.0
82
]

[0
.0
81
]

[0
.0
84
]

[0
.0
80
]

[0
.0
79
]

Ja
nu

ar
y
te
m
pe

ra
tu
re

-0
.1
13

-0
.0
79

-0
.0
89

-0
.1
00

-0
.0
87

-0
.0
68

-0
.0
70

-0
.0
91

-0
.0
93

-0
.0
93

-0
.0
97

-0
.0
84

-0
.0
91

[0
.1
98
]

[0
.1
45
]

[0
.1
47
]

[0
.1
46
]

[0
.1
42
]

[0
.1
41
]

[0
.1
43
]

[0
.1
43
]

[0
.1
44
]

[0
.1
44
]

[0
.1
45
]

[0
.1
45
]

[0
.1
48
]

Ju
ly

te
m
pe

ra
tu
re

0.
17
7

0.
36
0*
**

0.
38
8*
**

0.
39
0*
**

0.
38
9*
**

0.
37
7*
**

0.
37
1*
**

0.
38
2*
**

0.
39
0*
**

0.
38
8*
**

0.
39
1*
**

0.
37
8*
**

0.
41
4*
**

[0
.1
45
]

[0
.1
28
]

[0
.1
29
]

[0
.1
27
]

[0
.1
26
]

[0
.1
26
]

[0
.1
27
]

[0
.1
25
]

[0
.1
27
]

[0
.1
27
]

[0
.1
27
]

[0
.1
28
]

[0
.1
30
]

N
or
th
-e
as
t

-0
.8
08
**

-0
.3
03

-0
.2
40

-0
.2
68

-0
.2
61

-0
.2
68

-0
.2
64

-0
.2
79

-0
.2
65

-0
.2
68

-0
.2
44

-0
.2
82

-0
.2
18

[0
.3
69
]

[0
.2
31
]

[0
.2
23
]

[0
.2
28
]

[0
.2
24
]

[0
.2
21
]

[0
.2
23
]

[0
.2
29
]

[0
.2
26
]

[0
.2
26
]

[0
.2
27
]

[0
.2
27
]

[0
.2
31
]

M
id
w
es
t

-0
.7
40
**

-0
.5
46
**
*

-0
.5
10
**

-0
.5
31
**
*

-0
.5
00
**

-0
.4
99
**

-0
.5
13
**

-0
.5
26
**
*

-0
.5
15
**

-0
.5
16
**

-0
.5
28
**

-0
.5
15
**

-0
.4
50
**

[0
.3
27
]

[0
.2
06
]

[0
.2
04
]

[0
.2
03
]

[0
.1
98
]

[0
.1
96
]

[0
.1
99
]

[0
.2
01
]

[0
.2
00
]

[0
.2
00
]

[0
.2
04
]

[0
.1
99
]

[0
.2
06
]

W
es
t

0.
87
7*
**

1.
37
1*
**

1.
40
2*
**

1.
41
4*
**

1.
41
3*
**

1.
45
4*
**

1.
41
6*
**

1.
41
1*
**

1.
40
8*
**

1.
41
5*
**

1.
38
6*
**

1.
44
2*
**

1.
57
0*
**

[0
.3
13
]

[0
.2
49
]

[0
.2
47
]

[0
.2
46
]

[0
.2
39
]

[0
.2
50
]

[0
.2
51
]

[0
.2
41
]

[0
.2
42
]

[0
.2
42
]

[0
.2
41
]

[0
.2
54
]

[0
.2
49
]

C
on

st
an

t
0.
14
1

-0
.1
75

-0
.1
99

-0
.1
91

-0
.2
01

-0
.2
13
*

-0
.2
00

-0
.1
91

-0
.1
95

-0
.1
96

-0
.1
88

-0
.2
04

-0
.2
65
**

[0
.2
70
]

[0
.1
31
]

[0
.1
30
]

[0
.1
29
]

[0
.1
25
]

[0
.1
23
]

[0
.1
26
]

[0
.1
28
]

[0
.1
27
]

[0
.1
27
]

[0
.1
29
]

[0
.1
26
]

[0
.1
27
]

O
bs
er
va
tio

ns
86

16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
8

16
3

A
dj
us
te
d
R
-s
qu

ar
ed

0.
44
6

0.
42
3

0.
41
7

0.
42
7

0.
43
8

0.
42
5

0.
42
0

0.
43
3

0.
43
4

0.
43
2

0.
43
6

0.
41
8

0.
44
6

N
ot
e:

A
ll
in
de

pe
nd

en
t
va
ria

bl
es

ar
e
m
ea
su
re
d
in

19
90

va
lu
es

an
d
de

fin
ed

in
Ta

bl
e
8
in

th
e
A
pp

en
di
x.

Ta
bl
e
9
in

th
e
A
pp

en
di
x
di
sp
la
ys

su
m
m
ar
y
st
at
is
tic

s
of

th
es
e
va
ria

bl
es
.
A
ll
va
ria

bl
es

ar
e
st
an

da
rd
iz
ed

w
ith

a
m
ea
n
of

ze
ro

an
d
a
st
an

da
rd

de
vi
at
io
n
of

on
e.

C
ol
um

n
(1
)
di
sp
la
ys

re
su
lts

fr
om

in
cl
ud

in
g
co
re

ta
sk
s
on

ly
in

th
e
co
nn

ec
tiv

ity
m
ea
su
re
.
In

co
lu
m
n
(2
)
th
e
m
ea
su
re

of
co
nn

ec
tiv

ity
on

ly
in
cl
ud

es
ta
sk
s
w
ith

a
na

tio
na

le
m
pl
oy

m
en
t
sh
ar
e
of

m
or
e
th
an

0.
02

w
hi
ch

re
su
lts

in
a
sa
m
pl
e
of

ab
ou

t
75
%

of
al
lt

as
ks
.
O
cc
up

at
io
ns

fo
r
w
hi
ch

th
e
im

po
rt
an

ce
of

co
m
pu

te
r
us
e
is

m
or
e
th
an

on
e
st
an

da
rd

de
vi
at
io
n
ab

ov
e

av
er
ag
e
ar
e
de

fin
ed

as
’c
om

pu
te
r
in
te
ns
iv
e’

(c
ol
um

n
(3
))
.
H
ig
h-
sk
ill
ed

w
or
ke
rs

ob
ta
in
ed

at
le
as
t
a
ba

ch
el
or

de
gr
ee

w
hi
le

lo
w
-s
ki
lle

d
w
or
ke
rs

ob
ta
in
ed

at
m
os
t
a
hi
gh

-s
ch
oo

ld
eg
re
e,

m
ed

iu
m
-s
ki
lle
d
w
or
ke
rs

co
nt
in
ue

d
st
ud

yi
ng

af
te
r
hi
gh

-s
ch
oo

lb
ut

di
d
no

t
ob

ta
in

a
ba

ch
el
or

de
gr
ee
.
La

st
ly
,c

ol
um

n
(1
3)

ex
cl
ud

es
ci
tie

s
w
hi
ch

ar
e
m
or
e
th
an

tw
o
st
an

da
rd

de
vi
at
io
ns

la
rg
er

th
an

th
e
m
ea
n:

D
et
ro
it,

P
hi
la
de

lp
hi
a,

W
as
hi
ng

to
n
D
.C
.,
C
hi
ca
go
,N

ew
Yo

rk
an

d
Lo

s
A
ng

el
es
.

**
*
si
gn

ifi
ca
nt

at
th
e
1%

le
ve
l,
**

si
gn

ifi
ca
nt

at
th
e
5%

le
ve
l,
*
si
gn

ifi
ca
nt

at
th
e
10
%

le
ve
l.

36



T
ab

le
8.

Va
ria

bl
es

Va
ria

bl
e

D
efi

ni
tio

n
Ye

ar
of

m
ea
su
re
m
en
t

M
ea
su
re
m
en
t

So
ur
ce

Em
pl
oy
m
en
t
gr
ow

th
M
SA

s
em

pl
oy
m
en
t
gr
ow

th
19
90

-2
00
9

19
90
-2
00
9

St
an

da
rd
iz
ed

ch
an

ge
in

lo
gs

Lo
ca
lA

re
a
U
ne

m
pl
oy

m
en
t
St
at
ist

ic
s

Em
pl
oy
m
en
t

M
SA

s
em

pl
oy
m
en
t

19
90

St
an

da
rd
iz
ed

lo
g

Lo
ca
lA

re
a
U
ne

m
pl
oy

m
en
t
St
at
ist

ic
s

C
on

ne
ct
iv
ity

M
SA

s
av
er
ag
e
ta
sk

co
nn

ec
tiv

ity
,s

ee
Eq

ua
tio

n
(1
)

19
90

St
an

da
rd
iz
ed

m
ea
n

C
PS

m
at
ch
ed

to
O
N
ET

In
du

st
ria

ls
pe

ci
al
iz
at
io
n

M
SA

s
m
ax

im
um

ov
er
-r
ep

re
se
nt
at
io
n
of

an
in
du

st
ry
,s

ee
Eq

ua
tio

n
(3
)

19
90

St
an

da
rd
iz
ed

m
ea
n

C
PS

La
bo

r
su
ita

bi
lit
y

M
SA

s
qu

al
ity

of
th
e
lo
ca
ll
ab

or
po

ol
re
la
tiv

e
to

th
e
in
du

st
ria

ls
tr
uc

tu
re
,s

ee
Eq

ua
tio

n
(5
)

19
90

St
an

da
rd
iz
ed

m
ea
n

C
PS

So
ci
al

sk
ill
s

M
SA

s
sh
ar
e
of

so
ci
al

sk
ill
s
(O

N
ET

de
fin

iti
on

)
in

em
pl
oy

m
en
t

19
90

St
an

da
rd
iz
ed

sh
ar
e

C
PS

m
at
ch
ed

to
O
N
ET

R
ou

tin
e
ta
sk
s

M
SA

s
ra
tio

of
ro
ut
in
e
ta
sk

im
po

rt
an

ce
ve
rs
us

no
n-
ro
ut
in
e
im

po
rt
an

ce
.
D
efi

ne
d
as

in
A
ce
m
og
lu

an
d
A
ut
or

(2
01
1)

19
90

St
an

da
rd
iz
ed

ra
tio

C
PS

m
at
ch
ed

to
D
O
T

C
om

pu
te
r
us
e

M
SA

s
av
er
ag
e
im

po
rt
an

ce
of

co
m
pu

te
r
us
e
as

de
fin

ed
in

Se
ct
io
n
4

19
90

St
an

da
rd
iz
ed

sc
or
e

C
PS

m
at
ch
ed

to
O
N
ET

H
ig
h-
sk
ill
ed

M
SA

s
sh
ar
e
of

w
or
ke
rs

w
ith

at
le
as
t
a
ba

ch
el
or

de
gr
ee

19
90

St
an

da
rd
iz
ed

sh
ar
e

C
en

su
s
D
ec
en

ni
al

D
at
ab

as
e

R
en
t

M
SA

s
m
ea
n
re
nt

19
90

St
an

da
rd
iz
ed

re
nt

C
en

su
s
D
ec
en

ni
al

D
at
ab

as
e

Ja
nu

ar
y
te
m
pe

ra
tu
re

Av
er
ag
e
St
at
e
Ja

nu
ar
y
te
m
pe

ra
tu
re

19
90

St
an

da
rd
iz
ed

te
m
pe

ra
tu
re

C
en

su
s

Ju
ly

te
m
pe

ra
tu
re

Av
er
ag
e
St
at
e
Ju

ly
te
m
pe

ra
tu
re

19
90

St
an

da
rd
iz
ed

te
m
pe

ra
tu
re

C
en

su
s

R
eg
io
na

ld
um

m
ie
s

M
SA

s
lo
ca
tio

n
du

m
m
y,

de
fin

ed
as

in
th
e
C
en

su
s
R
eg
io
na

lD
iv
isi
on

D
um

m
y
va
ria

bl
es

C
en

su
s
R
eg
io
na

lD
iv
isi
on

Sk
ill

-c
on

ne
ct
iv
ity

M
SA

s
av
er
ag
e
co
nn

ec
tiv

ity
of

O
N
ET

Sk
ill
s,

se
e
Eq

ua
tio

n
(2
)

19
90

St
an

da
rd
iz
ed

m
ea
n

C
PS

m
at
ch
ed

to
O
N
ET

C
o-
ag
gl
om

er
at
io
n

M
SA

s
av
er
ag
e
co
-a
gg
lo
m
er
at
io
n
of

ta
sk

em
pl
oy
m
en
t,
se
e
Eq

ua
tio

n
(7
)

19
90

St
an

da
rd
iz
ed

m
ea
n

C
PS

m
at
ch
ed

to
O
N
ET

H
H
I

M
SA

s
sc
or
e
on

th
e
in
ve
rs
e
H
irs

ch
m
an

-H
efi

nd
ah

li
nd

ex
,s

ee
Eq

ua
tio

n
(8
)

19
90

St
an

da
rd
iz
ed

sc
or
e

C
PS

m
at
ch
ed

to
O
N
ET

37



Table 9. Summary statistics

Raw variables Standardized

Mean St. dev. Min Max Mean St. dev. Min Max
Employment 1990-2009 0.18 0.17 -0.13 0.79 0.00 1.00 -1.85 3.60
Employment 12.46 0.97 10.77 15.26 0.00 1.00 -1.74 2.89
Connectivity 0.10 0.96 -1.69 2.76 0.00 1.00 -1.87 2.77
Industrial specialization 3.24 0.76 1.62 5.14 0.00 1.00 -2.09 2.90
Labor suitability 0.41 0.08 0.23 5.14 0.00 1.00 -2.29 1.75
Social skills 13.02 0.30 12.11 5.14 0.00 1.00 -4.17 3.14
Computer use 1.81 0.11 1.41 0.54 0.00 1.00 -2.50 3.24
Share high skilled 20.21 5.65 10.20 13.88 0.00 1.00 -1.78 4.02
Rent -0.08 0.94 -0.99 2.09 0.00 1.00 -0.99 4.92
January temperature 33.05 12.55 5.60 42.84 0.00 1.00 -1.65 2.72
July temperature 75.13 5.15 66.00 4.92 0.00 1.00 -1.79 1.34
North-east 0.12 0.33 0.00 1.00
Midwest 0.25 0.43 0.00 1.00
South 0.41 0.49 0.00 1.00
West 0.23 0.42 0.00 1.00
Note: n=168 cities. All variables are measured in 1990. Vari-
ables are measured as described in Table 8 in the appendix.
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Table 11. Regression results of using task group combinations

Information Work Mental
input output processes

Work output -0.049
[0.043]

Mental process 0.065 0.047
[0.054] [0.046]

Interacting with others 0.032 0.035 -0.083
[0.038] [0.039] [0.054]

Note: Regressions include initial employment share (1990), employment in both task
groups separately and the control variables as well. Only the interaction term between
employment in two task groups is presented. For instance, the cell Information input
- Work output shows the coefficient of the interaction term of employment in informa-
tion input and employment in work output tasks (both in 1990 while the regression
furthermore includes the initial employment, the employment shares in information
input and work output in 1990 and the control variables). Robust standard errors
are in parentheses. The coefficients are insignificant.
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Figure 1. Database construction
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Figure 2. Employment of four broad task groups over time
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We employ occupational information to divide employment across four task groups. Lines represent the
trend in the national employment share of the broad task groups. The development is normalized to the
employment share in 1990. The actual employment share in 1990 is in brackets. Definition changes in the

CPS cause the discontinuity in 2001. The definition of cities is not affected as we employ county
information. Results are robust to different time periods.
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Figure 3. Division of tasks across city sizes (1990)
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We employ occupational information to divide employment of each city across four task groups. Lines
represent the relative importance of these four task groups in small, medium and large cities. The

employment share of tasks is normalized to zero at the employment share in small cities. Small cities are
defined to have less than 250,000 employees, medium cities between 250,000 and 1,000,000 employees and

large cities more than 1,000,000 employees.

43



Figure 4. Task connectivity and change in employment share
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Dots represent the 41 tasks. The correlation between task connectivity and changes in employment
shares is equal to 0.75 (0.00) and significant at the 1 percent level. The task connectivity measure is
calculated following Equation (2). The values are standardized with a mean of zero and a standard

deviation of one. The correlations differ by task group. For the information input tasks the correlation is
0.66 (0.23), for mental process tasks 0.11 (0.77), for work output tasks 0.83 (0.01) and for interacting

with others tasks -0.02 (0.95).
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