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ABSTRACT

Jobs disappear, jobs are created, work changes, in a geographically uneven way.
Some places cope better with adverse events that threaten its labour force into
unemployment. Some places end up having better jobs. Why? Labour dynamics
are particular of each place, influenced by a myriad of local factors, such as the
type of jobs in each city. But jobs do not stand alone. Workers interact with
and influence each other within and across firms. This ends up reflecting in the
structure of labour of each city, region, or country. At each point in time, the
structure sets the opportunities and boundaries for labour dynamics to unravel.

This doctoral thesis investigates the way jobs relate to each other - relatedness
- and how it shapes the evolving geography of jobs. Several bodies of literature
- Evolutionary Economic Geography (EEG), Labour Economics, Urban Scaling,
Innovation Studies, Regional Policy - come together to better understand how
relatedness shapes labour dynamics in different spatial contexts.

First, using employment data of six industrialized countries, we find that bigger
cities have more than proportionally higher levels of relatedness between
jobs, than smaller cities - relatedness self-reinforces as cities grow. Second,
relatedness promotes job diversification and prevents exit of job specializations
in USA cities - “magnet effects” - in three distinct ways: agglomeration of jobs
that are complementary, and/or similar, and/or synergic. Third, the impacts of
automation spread through the structure of relatedness - “diffusion effects”.
More concretely, being complementary, but not similar, to local high-risk-jobs
increases employment grow of a job in a USA city. Finally, policy can explore
the potential of relatedness effects to reach desired outcomes. For instance,
by stimulating the structure of relatedness around highly specialized jobs,
which tend to be denser in innovative sectors. Accordingly, we found EU policy
business incentives to innovation to have increased job quality in Portuguese
firms.

These findings may help design policy instruments that neutralize the negative
effects of automation, while promoting the positive impacts. For instance,
identifying which jobs in which cities might be at higher risk, given jobs’ technical
feasibility of automation, but also how high-risk-jobs spread automation impacts
to other jobs in each city. Workers will be in greater need of social support and
training programs especially where their similarities to high-risk-jobs in the city
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out rule the complementarities. Moreover, place-based policy instruments can
target the above-mentioned relatedness effects to foster employment with
job quality in lagging regions. | hope this thesis inspires future policy-science
collaboration to nurture a future with good jobs for all.

Keywords:

Labour dynamics, jobs, cities, relatedness, agglomeration, automation, policy,
innovation, job-quality.
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1. MOTIVATION

Jobs move, jobs change. And some places end up having better jobs than other
places. There were times when a doctor would also be the assisting nurse,
and driver to patients’ homes. Nowadays, a doctor alone can hardly treat a
single patient. Instead, together with other specialized workers in an hospital,
doctors can treat patients more promptly and efficiently than ever. But not
everywhere. Hospitals of large cities tend to offer better working conditions than
in countryside, with better salaries and cutting-edge technology, attracting the
best doctors. Conversely, cheaper labour in developing countries has attracted
medical equipment suppliers to move factories there, destroying manufacturing
jobs in their homeland. Those jobs might now return home, but to be executed
by modern robots instead. What determines the evolving geography of jobs?

New technologies have always pushed the evolution of work. They create
new types of jobs, but they can also make existing jobs obsolete. At early
20th century, farms employed 40% of USA labour force. Few decades later,
mechanization brought farms’ employment share down to 2% and expanded
the services sector (Autor, 2015). More recently, new digital technologies, such
as Artificial Intelligence and Modern Robotics, change the nature of work again.
Recent studies have tried to assess the impacts of automation on jobs. Yet,
their results diverge radically, from 47% of USA jobs at risk of automation (Frey
& Osborne, 2013) to 9% in OECD countries (Arntz, Gregory, & Zierahn, 2016),
among many other estimations (Berriman et al., 2017;Manyika et al., 2017). A
common caveat is to assess risk solely based on which tasks/jobs are suitable to
automation (Brynjolfsson, Mitchell, & Rock, 2018). However, two workers from
different cities with the same type of job may have different risk of automation
(Nedelkoska and Quintini, 2018).

If we want to understand labour dynamics under automation, we cannot look
at jobs in isolation. The way jobs are related to each other - relatedness - also
condition labour dynamics. Organizing work into jobs implies that workers are
brought together to create value for the firm, the client, the state, etc. Together,
jobs form complex input-output chains, specialized labour pools, vibrant
economic niches, i.e., a labour system. The performance of each job affects
neighbouring ones, ultimately shaping the local structure of jobs. This has been
acknowledged by the recent literature of Evolutionary Economic Geography
(EEG) that has investigated the effects of relatedness on labour dynamics in
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regions (Boschma, 2017). Empirical studies show that regions tend to diversify
into new job specializations (Alabdulkareem et al., 2018; Muneepeerakul, Lobo,
Shutters, Goméz-Liévano, & Qubbaj, 2013) that are related to pre-existing ones.
And besides favouring entry, relatedness also seems to prevent the exit of
existing job specializations.

However, there are still a number of gaps that still need to be investigated in the
relatedness literature in connection to labour dynamics. This thesis addresses
four of them

Which cities have higher levels of relatedness? The Urban Scaling literature
has shown that large human agglomerations, such as big cities, show
disproportionally higher concentration of economic activities, levels of labour
division, and economic complexity (Bettencourt, 2013; Hidalgo, C., Klinger,
Barabasi, & Hausmann, 2007), than smaller ones. They also show economic
growth (Frenken, Van Oort, & Verburg, 2007; Hidalgo, C. et al., 2007), employment
levels, wages, local prices, and workers’ welfare (Beaudry, Green, & Sand, 2012;
Delgado, Porter, & Stern, 2014; Moretti & Thulin, 2013). But it is still not clear how
relatedness scales with city size in terms of number of specializations.

What type(s) of relatedness matters for the entry/exit of jobs in cities?
Relatedness seems to affect local labour dynamics in many ways. For instance,
relatedness tends to act like a “magnet”, pulling capabilities together in a city,
region, or country (Hidalgo et al., 2018) - “magnet effects”. It does so in distinct
ways (Jacobs, 1969; Marshall, 1920; Porter, 1990). However, existing empirical
studies rarely specify which force(s) of agglomeration is being captured when
measuring relatedness. Different kinds of relatedness might show different
labour dynamics. By distinguishing different kinds of relatedness, we open the
black box of relatedness (Boschma, 2017; Tanner, 2014).

How will relatedness between jobs influence the impacts of automation on
employment in cities? As outlined before, highly disruptive technologies
reshuffle the demand for labour (Autor, 2015). Jobs get destroyed (e.g. taxi
drivers), changed (e.g., self-driving car mechanics), and newly created (e.g.,
drone managers, or augmented reality architects). The resulting impacts are
geographically uneven (Brynjolfsson et al., 2018; Nedelkoska & Quintini, 2018).
Yet, we still know little on how geography influences labour dynamics under
automation. For sure, it depends on the portfolio of jobs in each region: the
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more jobs are at risk in a city, the more a city will be negatively affected by
automation. But jobs do not stand alone. Jobs interact with each other, forming
relatedness ties that accommodate flows of knowledge, but also of impacts
between them - “diffusion effects”. For instance, the past Great Recession,
initially created by a financial shock in USA in 2007, ended up spreading to the
whole world economy. We have little to no knowledge on how the “diffusion
effects” of relatedness might condition the local impacts of automation.

How to incorporate relatedness in regional policy to foster job quality in
firms’ workforce? The EEG literature has provided crucial knowledge on what
determines the evolution of regional economies (Boschma, 2015). There are a
few studies that have recently incorporated relatedness in a smart specialization
policy framework to help policy define directions for future regional
diversification (Balland, Boschma, Crespo, & Rigby, 2019). However, it has not
yet been connected to job quality. Policy can make use of local labour dynamics
to reach desired outcomes in the labour force. For instance, specialized jobs
in innovative industries tend to have higher productivity and labour demand,
which gives them bargaining power for better working conditions (Clark, 2005;
Harter, Schmidt, & Keyes, 2004; Moretti & Thulin, 2013). Such jobs usually
have high employment multiplier effects (Moretti, 2012), i.e., high density of
relatedness in the local economy through which they benefit other jobs. This
begs the question how relatedness can be incorporated in regional policy to
enhance job quality in local firms.

2, RESEARCH QUESTIONS

This thesis aims to tackle these four research gaps, one by one, in four empirical
chapters. Doing so, this thesis contributes to our knowledge on how relatedness
affects labour dynamics and the evolution of work in regions, and how
relatedness can be integrated in regional policy framework to secure job quality
in regions. The main research question that bounds this doctoral research is
the following:

RQ: How does relatedness between jobs shape the geography of work?
Based on the four literature gaps discussed before, we address the main
research question in four specific research questions, each of them covered in
one empirical chapter.
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RQ1: Does relatedness scale with city size?

Chapter 2 addresses RQ1 and employs an exponential model that tests
whether city relatedness density (number of links in the network) scales with
city diversity (city size, i.e., number of job specializations), against the null
hypothesis of proportional grow. We use employment data at the city-job level
in 2013 for six countries (United States, Canada, Sweden, Portugal, Australia, and
Germany). We define a ‘Job Space’ which is a network representation of jobs in
which nodes represent job specializations of a city, and links show the degree
of relatedness between them, measured as geographical relatedness, following
Hidalgo et al. (2007). Our results indicate that relatedness grows superlinearly
with city diversity in all six countries. More concretely, the estimated scaling
exponents range from 1.17 in Swedish cities to 2.35 in USA cities. This means
that bigger cities have more than proportionally higher levels of relatedness
between existing job specializations than smaller cities.

RQ2: Which dimension(s) of relatedness drive the entry and exit of jobs in
cities?

Chapter 3 (RQ2) takes a dynamic and deeper approach into the “magnet effects”
of relatedness. It uses employment data (city-job, industry-job, and task-job
levels of analysis) from US BLS and O*NET (2005 to 2016) to unpack relatedness
into three orthogonal dimensions - complementarity, similarity, and synergy.
We transform the “Job Space” into a multi-layer network with three types of
links, one for each dimension of relatedness. Complementarity is measured
as how often two job specializations co-occur in the same input-output chain.
Similarity is measured as how much their tasks overlap. Local synergy is derived
from geographical relatedness. We test their impact on a job’s probability of
entering and exiting a city’s portfolio of job specializations. Relatedness shows
a positive effect on entry of new job specializations and a negative effect on
exit of existing job specializations for all three relatedness dimensions, yet in
different magnitudes. Local synergy shows far stronger coefficients.

RQ3: What is the impact of automation through relatedness on job growth

in cities?

Chapter 4 (RQ3) investigates which relatedness links accommodate the diffusion
of impacts from automation. Recent literature indicates that recently automated
jobs provide productivity gains to complementary neighbouring jobs, while
making it easier to automate similar jobs (Autor, 2015; Nedelkoska & Quintini,
2018). If so, the way jobs are related to each other in a city also determines
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automation impacts, besides a job's share of automatable tasks and a city's
particular portfolio of jobs. To test this, the “Job Space is extended once more.
This time, it accounts for different types of jobs, with regard to their technical
risk of automation (data from Atkinson (2017), BLS and O*NET, 2005 to 2016).
A simple transformation of a commonly used relatedness measure can capture
jobs'level of relatedness to high-risk-jobs in a city. This can also be computed for
specific types of relatedness, such as complementarity and similarity. Results
confirm the existence of “diffusion effects”. Being complementary to local high-
risk jobs, but not similar to them, seems to have increased employment at the
job-city level, between 2007 and 2016.

The final specific research question addresses the capacity of regional policy to,
indirectly, through the local structure of relatedness, foster job quality in firms’
workforce. It follows below:

RQ4: What is the impact of policy incentives for business through
relatedness on job quality?

Finally, Chapter 5 (RQ4) evaluates the capacity of innovation policy to increase
firms’ job quality, indirectly, by making use of the structure of relatedness in each
region. The policy instrument under analysis is EU business incentives aimed to
boost firms’ competitiveness. Most selected firms belong to innovative sectors.
They are expected to acquire the necessary resources that ensure the success
of the project and boost the firm’s future performance. This includes physical
and human capital, but also the formation/strengthening of specialized teams
and collaboration networks, Firms may need to hire highly specialized workers,
as well as their complementary workers, beyond the project duration. And must
offer attractive working conditions (specialized workers tend to have higher
labour demand). After the project, the firm can be expected to have improved its
levels of job quality. To Test this, we use Portuguese linked-employer-employee
data (2000 to 2009) and EU supported projects data and apply Counterfactual
Impact Evaluation methods (dynamic matching, difference-in-differences, and
block-randomized pretest-posttest design). We find significant positive impacts
on job quality. More concretely, three years after treatment, each treated firm
seems to have generated, on average, additional 5 standard-working-time jobs, 3
skilled jobs, 2 permanent-contract jobs, and 17.8% higher remuneration (+2.20€/
hour), in comparison with non-treated firms. This shows how the local structure
of capabilities in innovative sectors can be stimulated to boost employment
and job quality.
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3. OUTLINE OF THIS THESIS

This thesis combines different bodies of literatures (EEG, Labour Economics,
Innovation Studies, Urban Scaling, and Regional Policy) to provide empirical
evidence on how relatedness affects labour dynamics and shapes the geography
of work. Each of the four empirical chapters (Chapter 2 to Chapter 5) is an
independent scientific article, published or submitted for publication. Three of
them resulted from collaborative research, and one is single-authored. The full
references are mentioned in the footnotes below.

Chapter 2 investigates whether relatedness scales with city size in six countries
(United States, Canada, Sweden, Portugal, Australia, and Germany)'. Chapter
3 unpacks relatedness in three dimensions - similarity, complementarity, and
synergy, to test their impact on jobs' probability of entry and exit in a city’s
portfolio of job specializations? Chapter 4 provides empirical evidence on which
relatedness links accommodate the diffusion of impacts from automation in
US cities®. Chapter 5 evaluates the impacts of policy incentives to innovation in
Portuguese firms on the level of job quality*.

Finally, Chapter 6 concludes by summarizing the research contributions
presented in this thesis. It also discusses limitations and suggests new research
avenues that will deepen our knowledge on local labour dynamics. It will also
discuss policy implications of our findings, and how policy can use them to
support a sustainable transition of skills in the workforce towards good jobs
for all.

1 Shutters, S., Lobo, J., Muneepeerakul, R., Strumsky, D., Mellander, C., Brachert, M, Farinha, T., and
Bettencourt, L. (2018) Urban occupational structures as information networks: The effect on network
density of increasing number of occupations. PLoS ONE 13(5): e0196915. https://doi.org/10.1371/journal.
pone.0196915

2 Farinha, T., Balland, P.-A., Morrison, A., and Boschma, R. (2019) What drives the geography of jobs in the
US? Unpacking relatedness, Industry and Innovation, 26:9, 988-1022, DOI: 10.1080/13662716.2019.1591940

3 Farinha, T. (2020) “Impacts from automation diffuse locally: a novel approach to estimate jobs risk in
us cities”, Papers in Evolutionary Economic Geography, Section of Economic Geography, Utrecht University
4 Bondonio, D., Farinha, T., Mamede, R. (currently under review). “EU incentives to business increased

Job Quality in Portuguese Firms: Evidence from Linked Employer-Employee Data and Natural Experiment
Conditions of EU Cohesion Policy in Portugal”, Evaluation Review Special Issue, Sage Journals (manuscript
submitted and invited to revise and resubmit)
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1. INTRODUCTION

Urban economies are intricate webs of exchange, linking specialized production
units and manifesting divisions of labour and knowledge flows (Acemoglu et
al., 2012; Atalay et al., 2011; Balland and Rigby, 2017; Fujiwara and Aoyama,
2010; Hausmann and Hidalgo, 2011; Hidalgo and Hausmann, 2009). The
specific goods and services such units can provide, and how well they provide
them, are largely determined by the technologies, skills, and tacit knowledge
integrated in the process of value creation. The interconnections among these
technologies and skills form an economic structure - a structure that enables
some developmental pathways while foreclosing others. A city’s transition from
one type of economy to another must ultimately alter its current underlying
economic structure by breaking down some parts and building up others. Thus,
it is critical to develop a comprehensive understanding of the properties and
dynamics of the structures underlying urban economies.

The connections in an economic network represent acts of exchange involving
the flow of capital, the transportation of goods, the movement of people or,
importantly, the transmission of information (Bettencourt, 2014). It is the
exchange and flow of information, mediated by economic markets as well as
by other channels, that makes it possible to coordinate activities, generate
complementarities, and self-organize production and consumption (Hayek,
1945; Arrow, 1974). These lines of reasoning underpin the expectation that the
productivity of an economy (national or urban) should increase as its level of
connectivity among its constituent units increases. Under “network effects”
the value of a product or service is dependent on the number of others using it
implying increasing returns to network size (Shapiro and Varian, 1998), where
size is the number of individual users. A similar theme runs through other
networked processes. “Metcalfe’s Law” (Hendler and Golbeck, 2008), “Reed’s
Law” (Reed, 2001), and “Beckstrom’s Law" (Beckstrom, 2008; Wikipedia, 2015),
all posit that the utility or value of a network increases faster than linearly with
network size, where size is the number of noes in the network. The sharing,
matching, and learning mechanisms theorized as the underpinnings of urban
agglomeration economies also represent instances in which larger, and more
connected, networks of eco- nomic agents generate positive externalities
(Duranton and Puga, 2004).
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How can the structure of an urban economy be conceptualized and analysed?
The degree to which a city can change its economic structure is determined
in part by the city's current pool of technologies and skills (Grossman and
Helpman, 1993; Lucas, 1993; Morgan and Rosenberg, 1983; Stokey, 1988, 1991).
Because labour occupations are defined on the basis of skills and manipulation
of technologies (Lobo et al., 2014), the occupations prevalent in a city are a
directindicator of the city’s current skills and technological capabilities and are
thus almost ideal observational units with which to define the city's economic
structure. The structure of an urban economy can be thought of as a set of
occupations and the interconnections between those occupations. In other
words, the structure of an urban economy is manifested by its net- work of
occupations. Recent work has applied this network perspective to explore
how cities transform their economies by altering their occupational network
structure (Muneepeerakul et al., 2013; Shutters et al., 2015, 2016). As with any
network, a crucial feature of an urban occupational network is the nature and
density of the links, or interdependencies, between occupations.

The regularities exhibited by the relationship among the number and diversity
of occupations and population size in urban areas has long been studied by
urban economics, economic geography and regional science (Berry, 1968;
Christaller and Baskin, 1966; Dicken and Lloyd, 1990; Isard, 1956; Krugman,
1996; Losch, 1954; Mori et al., 2008) and have been recently revisited under a
complexity science perspective (Bettencourt et al., 2014; Pumain et al., 2011;
Youn et al., 2016). The common empirical thrust of all these investigations is
that larger urban areas (with respect to population or workforce size) sustain a
larger number of distinct occupations than smaller sized ones. Here we examine
how urban scale, measured as the number of distinct occupations, affects
the connectivity among these occupations. What we seek to elucidate here
is whether, in an information-rich milieu characterized by greater diversity of
skills, the likely intensity of interconnectivity among these occupations increases
systematically.

Availing ourselves of detailed urban occupational data for six well-established
urban systems - those of the United States, Canada, Sweden, Portugal, Australia,
and Germany, representing the most advanced production technologies - we
construct urban occupational networks. Across those six countries we then
compare the density (see definition in Materials & Methods) of a given city's
occupational network to its network size, where the network size is equal to
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the number of occupations or nodes in the network. These networks are con-
structed such that each node is a distinct occupation present in a given city
and the links between nodes reflect the degree to which two occupations are
interdependent (Muneepeerakul et al., 2013). The occupational networks we
construct are weighted networks, meaning that we do not merely indicate the
existence of a link between occupations, but quantify its intensity (i.e. weight).

The scaling relationship between urban occupations and urban size is of interest
not only because of the socioeconomic importance of urban economies.
Urban occupational networks are informational networks and their study
provides insights into how such networks behave as the number of distinct
nodes increases. It has become a common expectation from studying human
agglomerations that increasing the scale of such agglomerations (whether they
be hunter-gatherer groups, the first market economies, or modern cities) should
facilitate a division of labour and the generation of new knowledge through
the combination of existing ideas (Glaeser, 2011; Henrich, 2015; Jones and
Romer, 2010). Studying urban occupational networks grant us the opportunity
to quantify how the connectivity of an information network changes with the
scale of the network.

2, MODELING AND ESTIMATION FRAMEWORKS

The general advantages of connectivity in networked informational systems
are premised on the division and coordination of labour and knowledge
(Bettencourt, 2014). An urban occupational network reflects the division of labor
that defines a particular urban economy, and the links connecting occupations
reflect specific solutions to the coordination problem inherent in the production
of goods and services. Some of the connections among occupations are
necessary complementarities without which specialized occupations cannot
fulfil specific tasks. But other types of connections among occupations might
reflect interactions formed in order to realize new tasks or produce novel
goods or services. Economic innovation might result from the opportunities
presented by interactions among a growing set of occupations (Douglas, 2015).
Other apparent complementarities may result simply from a deeper division of
knowledge in larger networks across organizations and places.

How should one expect the density of connections in urban occupational
network to scale with the number of occupations? Suppose that urban
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occupation networks are indeed not sim- ply about satisfying infrastructural
needs or meeting input needs, but also about exchange of information and
integration of knowledge. The information flow in such a network can be
thought of as an irreversible exchange so that the generation and transportation
costs associated with connectivity can in turn be understood as dissipative in
nature—as itis transmitted and processed the information gets transformed—
and dependent on the intensity of the exchange. Even the most basic of social
information exchanges, that between two individuals talking, entails a cost:
the generation of information is not energy-free, nor is its transmission even
if by direct oral means. Assuming that there is a minimal cost (thermodynamic
and pecuniary) which must be borne to generate and transmit information,
the various process involved in such generation and transmission may have a
general expected cost per connection that is independent of the system size
(Bettencourt, 2014). Here “connection” refers to physical infrastructure through
which information is transmitted between two agents.

It can also be reasonably posited that the average connectivity cost per node
is proportional to the number of connections (representing information
infrastructure) and therefore to the size of the network. Considerations of
network economics and agglomeration economics lead to the expectation that
the productivity of any one activity (or occupation) should be proportional to
average socioeconomic connectivity (Hidalgo, 2015). Whether it gets cheaper
or more expensive to add a connection partly depends on technological
and regulatory considerations. But if the benefits of network connectivity
outdistance the cost of establishing connectivity, then increasing network scale
should lead to increasing connectivity with the increase being greater than
proportional.

We adopt power-law function to represent the relationship between the
generalized density of an urban occupational network D and the size of the
network measured by the number of distinct occupations N:

D,=aNf (1)

with a a prefactor capturing the effects of technology and institutional
arrangements on the relationship between network size and connectivity, and
the subscriptiidentifying time in a city. Note that D is the generalized definition
of network density, which applies to weighted net- works as well as unweighted
networks, and is defined further in the Methods section. The choice of a power-
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law function assumes that the effect on connectivity of increasing network size
is not additive but multiplicative which is to say that the increase in connectivity
is driven by the interaction of many factors observationally summarized in an
increase in network size (Coffey, 1979). The value of 3 can be estimated by
transforming Eq (1) into a liner equation and regressing the natural logarithm
of the measure of network connectivity on the logarithm of network size.

The value of the exponent 3 (an elasticity) determines how the connectivity of
an urban occupational network varies with network size. Are urban occupation
networks primarily about infrastructural and input complementarities or do
they also represent the flow of information leading to new economic niches?
If the former is the case, then the value of 3 should be approximately one,
while if the increase in connectivity is driven by the flow of information and the
greater scale-dependent opportunities available for creating new economic
opportunities then 3 should be greater than one.

3. RESULTS

Using employment data from six industrialized countries, we first created an
occupational net- work for every metropolitan area in each of those countries.
We then measured both the size and the density, or mean link weight, of
each occupational network. Our findings reveal, in all countries, a superlinear
relationship between the size of a city’s occupational network and the density
of that network (Fig 1), with the scaling exponent ranging from a high of 2.35
for U.S. cities to a low of 1.17 for Swedish cities (Table 1).

In all cases, the estimated scaling exponents are distinguishable from their
trivial values (e.g. B =1 or 0), in the absence of agglomeration effects, at 95%
level of confidence (Tables 1 and 2). In all cases the superlinear relationship
was significant (p < 0.00001), with R-square values ranging from 0.80 to 0.93.
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Fig 1. Network density versus network size. Among cities in the six countries studied,
the density of a city’s occupational network increases superlinearly with the network’s
size, measured as the number of unique occupations within the city. The exponent of a
power law function for each country is given as 3. Note that, for comparability, network
size has been normalized by maximum possible size.

Table 1. Regression results (model D=aNp where D= network density and
N = number of unique occupations).

Country (Year) No. Cities No. Occupations (N) Exponent () 95%C.l. R2 p
USA (2013) 370 812 2.35 +0.065 0.93 *
Canada (2011) 147 500 1.43 +0.083 0.89 *
Germany (2012) 141 700 1.61 +0.105 0.84 *
Australia (2016) 101 475 1.48 +0.149 0.80 *
Sweden (2013) 72 355 117 +0.116 0.85 *
Portugal (2013) 23 641 1.38 +0.223 0.89 *

*—less than 0.0001
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Table 2. Supplemental regression results (model D= aNpB where D= network
density and N = number of unique occupations). See Figs 3 and 4.

Country (Year) No. Cities No. Occupations (N) Exponent(B) 95%C.l. R2 p
USA (2013) 370 812 2.35 +0.065 0093 *
370 455 2.36 +0.072 0.92 *
370 107 2.69 +0.135 0.81 *
Germany (2012) 258 700 1.60 +0.105 0.78 *
141 700 1.61 +0.116 0.84 *
96 700 1.54 +0.260 0.59 *

*—less than 0.0001

These results are based on a p-test level of confidence based on the value
of the variance of the coefficient obtained by standard regression. Other
methods have been proposed to estimate this variance - and associated level
of confidence in measures of spatial sorting - based on null models of urns, for
a small number of different types. Note however that a random assignment
of types to locations of various sizes is different from this situation where
locations may be otherwise similar but display different type compositions. In
our case, statistical significance associated with the difference of exponents
from proportional scaling provides us with the appropriate test.

Further, we find that the standard deviation of link values also increases with
network size (Fig 2), albeit linearly.

2.0 5

15 °

Standard Deviation of Zeta

0.0 0.2 0.4 0.6 0.8
Mean of Zeta (Density)

Fig 2. Network density vs. standard deviation of zeta for U.S. metropolitan areas.
Increasing density (mean zeta) is correlated with increasing standard deviation of zeta
driven by the appearance of rare and highly interdependent pairs of occupations.
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Because each country disaggregates total employment into different numbers
of occupations, itis important to assess the impact of granularity of occupation
classifications on our results. We do this by isolating the effects of different
employment aggregation schemes within a single country. Here we use US
data, where employment data is aggregated at several different hierarchical
levels. While US employment data is typically tallied at the 6-digit occupational
code, we aggregated employment additionally at the 5-digit code level and
the 4-digit code level. We then recalculated the network size and density for
all US cities under these alter- native aggregation schemes. Results showed a
consistent super-linear relationship regardless of employment aggregation level
and showed no qualitative differences in scaling exponent (Fig 3).
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Fig 3. Occupational network size vs. density for U.S. cities at different employment
aggregation levels. When occupational network size is compared to its density, the
resulting scaling exponents differed little when 2013 U.S. employment is aggregated at
the 6-digit, 5-digit, or 4-digit occupation code. The number of distinct occupations in
each case are 812 (6-digit), 455 (5-digit), and 107 (4-digit). Note that, for comparability,
network size has been normalized by maximum possible size.

Finally, we examined how the relationship between a city's occupational
network size and density is affected by the way in which a city is spatially
defined. Each country has its own method of defining the spatial boundaries
of its metropolitan areas, and so it is prudent to understand how the method
of spatial demarcation affects our results. To isolate the effects of spatial
delineation methodology, we use employment data from Germany, which has
three alternative schemes for spatially defining its metropolitan areas. While
our initial analysis used an aggregation method that results in 141 German
metropolitan areas, we additionally analyzed employment data using two
other aggregation methods that result in 96 urban units and 258 urban units,
respectively. Keeping the German occupational classifications constant, we
recalculated network size and density using these alternative spatial definitions.
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Results revealed a consistent superlinear relationship regardless of how
metropolitan areas were defined, while showing no qualitative differences in
scaling exponent (Fig 4).
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Fig 4. Occupational network size vs. density for German cities at different spatial
aggregation levels. When the size of an occupational network is compared to its
density, the resulting scaling exponents differed little when German employment
is geographically aggregated into 258 LLMRs, 141 LMRs, or 96 SPRs. Note that, for
comparability, network size has been normalized by maximum possible size.

4. DISCUSSION

Superlinear scaling of network connectivity with network size

Most straightforwardly, the results presented here indicate that as the
number of distinct occupation present in an urban area increase, the linkages
among these occupations increase as well (on average). Obviously, some of
the connections among occupations result from complementarities as most
occupations do not produce end products or services by themselves. But
because the increase is greater than proportional, it is evidence that these
connections are not infrastructural in nature, as is the case with other types of
urban networks, nor is the formation of the linkages animated by economies
of scale (Bettencourt, 2013). The superlinear scaling exhibited by urban
occupational networks suggests instead increasing returns due to information
aggregation (Bettencourt, 2014).

The increase in network density is largely driven by two phenomena. The first
is the appearance of rare, but highly interdependent pairs of occupations in
larger networks. These highly specialized occupations tend to appear only
in larger cities, both in terms of population and network size, that are able
accommodate the prerequisite and complimentary occupations needed for
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these rare occupations. The second driver of increasing network density is
that the proportion of occupations with low or negative link values with other
occupations tend to decrease as a city's network size increases. This is likely due
to cities becoming more integrated, interdependent, and economically efficient
as they increase in size.

Differences among national urban occupational networks

The superlinear scaling of density versus size is exhibited by urban occupational
networks corresponding to urban systems of widely differing vintage, history,
socioeconomic development and technological capabilities. One can be
confident that the superlinearity is therefore not an artefact. Nevertheless, a
prominent feature of the result presented in Table 1 is the difference in scaling
exponents among national urban systems. One possible reason for the highest
scaling exponent occurring in the U.S. is that the U.S. occupational reporting
scheme has the highest granularity, recognizing 812 unique occupations, while
Germany recognizes 700, Canada 500, Australia 475, Sweden 355, and Portugal
641. However, results of our analysis on multiple aggregation levels of U.S. data
(Fig 3) revealed little difference in scaling exponent across various levels of
occupational aggregation. This suggests that differences in scaling exponent
between countries is likely due to factors other than simply the number of
unique occupations that each country recognizes (see Table 2 for full regression
details).

Another possible reason for the difference in scaling exponent among
countries is that there exists no standard method among countries for defining
metropolitan areas. Even within a given country there are typically multiple
hierarchical levels of spatial aggregation or alternative schemes of urban
delineation. Yet, our results using these three spatial aggregation methods for
Germany, presented in Fig 4, reveal little difference in scaling exponents. This
suggests that differences in scaling exponent between countries may not be
due simply to differences in how countries spatially define their metropolitan
areas (see Table 2 for full regression details).

Yet another possibility for differences among countries’ scaling exponents is
number and distribution of cities by size, where size is measured as the number
of total employees. While the U.S. has 23 cities with at least 1 million employees,
the smallest country in our study, Sweden, has only one. In addition, neither
Canada nor Sweden have cities that compare in magnitude to the largest
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U.S. cities. While Sweden'’s largest labour market has 1.3 million employees
(Stockholm), Germany'’s largest has 2.5 million (Berlin), and Canada'’s largest has
2.8 million (Toronto), the largest U.S. labour market has 8.3 million employees
(New York) and three other U.S. labour markets have 3 million or more. Thus,
the scaling exponent of the U.S. may be influenced by the incomparable size
and quantity of its largest cities.

5. MATERIALS AND METHODS

5.1. Data

Our analysis is based on employment statistics that aggregate the number of
workers in each occupation in each metropolitan area of an entire country. In
the current analysis, we use such datasets for six countries-the U.S., Canada,
Germany, Sweden, Australia, and Portugal. While there are nuances to the way
that each country defines its occupations, in general occupations are defined
based partly what work is performed and partly on the skills and training
needed to perform the work (Florida, 2012; Florida et al., 2008; Moretti, 2012).

The spatial units of analysis for the U.S. urban system are its Metropolitan
Statistical Areas (MSAs) for which employment data is compiled by the U.S.
Bureau of Labor Statistics (BLS). MSAs consist of a core county, or counties,
containing a city with a population of at least 50,000, plus adjacent counties
having a high degree of social and economic integration with the core as
measured through commuting ties. MSAs are unified labour markets and
encompass geographical areas of high economic cohesion (Glaeser et al., 1995;
US Census Bureau, 2015). The BLS included 380 MSAs in its 2013 employment
data. Of those eight were excluded because they are in Puerto Rico, which has a
unigue economic environment, and two were excluded because, although they
are treated as metropolitan areas by the BLS, they are classified as micropolitan
areas by the U.S. Census Bureau. Together the remaining 370 U.S. metropolitan
areas account for nearly 85% of U.S. population and over 90% of U.S. economic
output. We use data from the BLS's 2013 Occupational Employment Survey,
which includes the estimated number of people employed in each of 812 distinct
occupations for each MSA (US Bureau of Labor Statistics, 2014).

For the analysis of Canada’s urban system, the spatial units of analysis are
the 32 Census Metropolitan Areas, which have a population greater than
100,000, and the 115 Census Agglomerations, which have a population between
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10,000 and 100,000 (Statistics Canada, 2015). These 147 units are defined by a
high level of economic cohesion and are typically geographically contiguous.
Employment data was extracted from Canada’s 2011 National Household Survey
(NHS), which was compiled by Statistics Canada in conjunction with Canada's
quinquennial census. For each urban area, the survey collects the number of
workers employed in each of 500 occupations.

For Germany the units of analysis are 141 Labour Market Regions (LMRs) as
defined by Kosfeld and Werner (Kosfeld & Werner, 2012). LMRs consist of one
or more of the 402 German districts. LMRs are characterized as essentially
independent economic areas with close commuter links within the regional
labour markets. The analyse the effects of alternate spatial definitions of
metropolitan areas we apply two additional functional demarcations of regions
available in Germany. First, we use 258 Local Labour Market Regions (LLMRs)
delineated by the German Federal Government for use by business development
programs. Second, we make use of the 96 Spatial Planning Regions (SPR) used
by the Federal Government for regional planning. LLMRs and SPRs are also
based on accessibility and interdependence criteria such as the catchment areas
and commuting flows but capture different geospatial definitions. Employment
data is provided by the German Federal Employment Agency, which collects
information on all employees subject to German social insurance contributions
(including health, pension, long-term care, and unemployment insurance funds)
as reported by employers. German employment data come from year 2012 and
includes the number of workers in each of 700 occupations.

For Sweden the units of analysis are the 72 Functional Analysis Regions (FAs).
Swedish FAs are delineated by the Swedish Agency for Growth Policy Analysis
(Tillva“xtanalys) and consist of one or more of the country’s 290 municipalities
exhibiting a high level of commuting workers across municipal boundaries. Like
U.S. MSAs, this transboundary movement of labour is taken to indicate a high
level of economic cohesion (Roto and Claessen, 2012). Many Swedish FAs consist
of only one or two municipalities, especially in the northern part of the country
where population density is low, while the Stockholm FA - the largest - is an
agglomeration of 28 municipalities.

Employment data were extracted from Statistics Sweden'’s 2012 microdata,
which covers all individuals in the country’s Labour Force Survey and tabulates
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the number of employees in each of 355 occupations across the country’s
municipalities.

For Portugal we use 23 metropolitan areas defined by Nomenclature of Territorial
Units for Statistics level 3 (NUTS3). These areas are contiguous and stable
regions that reflect urban socio-economic and administrative geographical
unity. We exclude from the analysis two Atlantic archipelagos, the Autonomous
Regions of Acores and Madeira, due to their unique social-economic contexts.
NUTS3 correspond to Areas Metropolitanas e Comunidades Intermunicipais,
which are formed for regional planning purposes by the Portuguese Local Public
Administration, aggregating the 308 Portuguese municipalities according to
their geospatial interdependencies (labour mobility, urban economy and public
administration links, etc). We use metropolitan level employment data for 641
occupations provided by the 2012 Quadros de Pessoal, the Portuguese Linked-
Employer-Employee-Data. Quadros de Pessoal is collected annually by the
Portuguese Ministry of Employment and covers all establishments’ employees
subject to Portuguese social insurance contributions.

For Australia we use 101 Significant Urban Areas (SUA) as defined by the
Australian Bureau of Statistics’ Australian Statistical Geography Standard. These
units represent towns and cities with 10,000 or more residents in either a single
or a cluster of urban centres. The 2016 Australian census reports employment
for SUAs in each of 475 occupations using the most recent Australian and
New Zealand Standard Classification of Occupations (ANZSCO) at the 4-digit
occupation codes level.

5.2. Occupational interdependence

Two aggregate metrics are calculated for each city's occupational
interdependence network, the network’s size and its average connectivity (or
density). In these networks, nodes are occupations and the weight of a link
between any two nodes is a function of how often those two occupations are
co-located in the same city. All urban economies within a national system have
certain economic activities in common, namely those that address the needs of
individuals and households and that satisfy demands common across a society.
But what distinguishes urban economies from each other are those activities in
which each city specializes. In calculating the occupational interdependencies
that define an urban economic structure we focus on those occupations in which
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a city specializes, that is, those occupations that define a city's comparative
human capital advantage.

A city is specialized in an occupation if the proportion of the city’s labour force
engaged in that occupation is greater than the same proportion nationally. Thus,
specialization can be stated in terms of the widely-used location quotient (LQ),
which for occupation i in MSA m is defined as:

(oa)
i Xm,i

LO.. . = —~Ziimi/
Ui Ym Xm,i

LmXi¥mi  (2)

where x,  is the number of workers employed in occupation iin city m. City m is
specialized in occupation i if its location quotient LQ, ;> 1. Thus, for each country
in our study we derive an M x O specialization matrix where O is the number
of recognized occupations in a country, M is the number of metropolitan areas
in a country (for which employment data exists), and elementa,  =1ifLQ >
1 and 0 otherwise.

How can one infer from the presence of specialized occupations in an MSA
that their co- location is not merely accidental but indicative of interactions
through which complementarities are realized and information flows? We
employ conditional probability: specifically, in this context if the presence of
one specialized occupation in an MSA is statistically affected by the presence of
another specialized occupation, one would expect conditional probabilities to
differ from marginal ones. The co-location patterns of specialized occupations
among all cities to define the interdependence between any two occupations
iandj, ¢, as:

_ P(LQmi>1,LQm; >1)
 P(LQmi > 1)P(LQp; > 1)

Gij
(3)

where m, m’, and m” denote a randomly selected city [21]. This metric measures
how an MSA's specialization in one occupation may enhance or hinder its
specialization in another. The emphasis on “may” acknowledges that—as is
the case for many statistical analyses—with- out additional information or
experiments, our analysis cannot imply direct causality; at best, it identifies
structural relationships and points to potential places where one may search
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for such causality. Thus, z has the characteristic of being positive when two
occupations co-occur in a city more frequently than expected by chance, and
of being negative when they co-occur less frequently. Note that, because our
networks are undirected, the interdependence is symmetric so that {, = (. The
calculation of {is specific to each nation’s occupational classification system but
applies to every city within that nation.

We treat the occupational interdependencies to be the weights that link every
pair of occupations in an occupational interdependence network. Network
weights are a quantification of the intensity of the link between any two
nodes in a network. Weights could indicate the magnitude of flows between
nodes, the frequency of interaction, the strength of a relationship, etc. In our
occupational networks, weights quantify the intensity of co-occurrence for any
two occupations.

Because of heterogeneity among occupational relationships, occupations are
not uniformly distributed within a country’s occupational interdependence
network. Instead, a country’s net- work typically contains a denser core of highly
interdependent occupations and a periphery of occupations that tend to be
weakly or negatively interdependent with others. Two occupations i and j tend
to be, on average, close to each other in a country’s occupation network if (,J. is
positive and farther apart if {; is negative. Thus, occupations that appear closer
in a network also tend to co-exist within a given city more frequently.

Having specified an occupation network specific to each country, we can then
locate specific cities within a country’s network space. To understand what is
meant by a city's location in a network, it is important to note that no city in our
study has employees in every possible occupation. Instead, each city contains
a subset of all possible occupations and when this sub- set is mapped to nodes
within the full occupational network, it defines a subnetwork representative of
the city, which we equate here with the city’s location within the full network.

Note that for Germany, we used employment data at the aggregation level
of the 141 LMRs to calculate the country’s zeta values. Furthermore, while 10
MSAs are excluded from the US comparative analysis (8 because they were in
Puerto Rico, 2 because they are generally recognized as micropolitan statistical
areas), employment for those 10 were included in the basis for calculation
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US zeta values to ensure that interdependencies were based on the most
comprehensive data possible.

5.3. Density and size of urban occupational networks

Given these weighted occupational networks for metropolitan areas in our
countries of interest, we seek to determine the relationship between each
network’s average connectivity and its size. Here we equate a network’s average
connectivity with the network’s density. The traditional metric of network
density, which applies to unweighted networks, is simply the number of links
in a network divided by the number of possible links (Wasserman & Faust,
1994). Because our networks are weighted, we utilize a subsequently developed
generalized definition of network density, which is the sum of all weights divided
by the number of possible links (Guimei Liu et al., 2009; Tokuyama, 2008). Thus,
the density of a weighted network is synonymous with the average of all weights
in that network.

An unweighted and undirected network of N nodes can be represented as a
symmetric N x N matrix in which element a,, = a,,= 1 if and only if a link exists
between nodesjandj. Other-wise a,, = a,,= 0. Typically, an arbitrary threshold
of interaction strength between two nodes is used to determine the existence
of a link (e.g. a,= 1), and once determined, all links are thus equivalent. Such
networks are amenable to wider range of analytical tools and are typically
easier to analyse. However, in collapsing interaction strength to a binary
determination, important information regarding the network and the system
it governs is lost (Fagiolo et al., 2010). Thus, weighted networks exist as an
alternative representation of interaction systems in which the elements of the
network’s adjacency matrix may be other than 0 or 1. Instead, each element
holds a weight w, or a value representative of the strength of interaction. In an
undirected network weights are symmetric so thata, = a,, =w,,.

For a given city m, the generalized density D  of its occupational network can
be calculated as:

N
2
O = N = D) Z(’”

where N =the number of nodes (e.g., unique occupations) in city m and ¢, isthe
interdependence (e.g., weight) between occupations j and j, both of which must
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be presentin m. Because our occupational networks have an interdependence
value for every pair of occupations, they are complete networks (e.g. every node
is linked to every other node) and their density is therefore the mean z across
all links in a given city. Note that when equation 4 is applied to an unweighted
net- work, so that {,, =1 when a link exists between nodes iandjand {;,=0
when there is no link, D € [0, 1] and is simply the number of links present divided
by the number of links possible.

A noteworthy aspect of our networks is the existence of negative weights, which
is being increasingly addressed in analyses of networks (Everett & Borgatti,
2014, Labianca, 2014; Szell & Thurner, 2010). By permitting negative weights, we
incorporate into our analysis those instances where two occupations interact
negatively. That is, only one of the pair tends to exist in a city, suggesting a form
of competitive exclusion or similar interference.
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Urban occupational structures as information networks

41






CHAPTER 3

Contribution: Lead author in the conceptualization, data curation, analysis,
and writing

Coauthors: Pierre-Alexandre Balland, Andrea Morrison, and Ron Boschma
Published as: Teresa Farinha, Pierre-Alexandre Balland, Andrea Morrison &
Ron Boschma (2019) What drives the geography of jobs in the US? Unpacking
relatedness, Industry and Innovation, DOI: 10.1080/13662716.2019.1591940



1. INTRODUCTION

The 2008 crisis has led to unprecedented job losses and the destruction of
human capital in many regions worldwide. On top of that, technological change,
automation, and offshoring of jobs are leaving their marks (Autor, 2010; Mehta,
2014; Moretti, 2012; Rodriguez & A. Jayadev, 2010). Though such shocks and
global trends affect all regional economies, they tend to do so in varying degrees
(Shutters et al., 2015). This has initiated a recent interest of scholars to study
systematically the evolution of occupational structures in regions over time.

Muneepeerakul et al. (2013) was the first study assessing how relatedness
affects entry and exit of occupations in US metropolitan regions (see also
Brachert, 2016; Shutters et al., 2016). These studies follow a recent body of
literature on regional diversification that shows that regions tend to diversify
into new industries (Boschma et al., 2013; Essletzbichler, 2015; He et al., 2015;
Neffke et al., 2011) or new technologies (Kogler et al., 2013; Rigby, 2015) that
are closely related to their pre-existing capabilities. What these studies on
regional diversification have not unraveled so far are the mechanisms through
which industries, technologies or occupations may be related. In fact, there is
still little understanding of the sources of relatedness that impact on regional
diversification (Boschma, 2017; Tanner, 2014).

The main objective of this paper is to unpack the mechanisms through which
the entry and exit of jobs in cities take place. While previous papers looked
at the effect of geographical density only, we argue that co-location of jobs
tells little about the forces that make jobs co-occur in the same city: new local
jobs may be related to local jobs because they share similar skills, provide
complementary tasks, or both, or because they benefit from each other’s co-
location. We make a distinction between three mechanisms: (1) occupations can
be related because they incorporate a similar set of skills of high relevance for
each job; (2) occupations may be complementary in the process of producing a
good or service; and (3) occupations may jointly benefit from synergies in cities.
There is no study yet that has investigated the importance of each of these three
mechanisms in the evolution of the geography of jobs.

We use a network approach to unpack the relatedness concept into three
dimensions and develop a measure for each of them. We test the impact of each
relatedness dimension on the dynamics of the occupational structure of 389
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Metropolitan Statistical Areas in the US from 2005 to 2016, more specifically, on
the probability of occupations entering and exiting the employment structure
of cities. Our paper confirms the results found in other studies that cities enter
new jobs related to ones already existing in that cities, and exit jobs unrelated
to their jobs portfolio. Moreover, we found that all three relatedness dimensions
have a significant effect but they seem to prevent exit of jobs in cities more than
promoting entry of jobs in cities. Local synergy density shows the largest effect
on both entry and exit of jobs in cities.

The structure of the paper is as follows. In Section 2, we present the concept of
relatedness as developed in Evolutionary Economic Geography, and we explain
how we unpack relatedness into three dimensions. Section 3 presents the data,
our measures for each relatedness dimension, and the network representation of
the occupational structure. Section 4 presents the study on how job relatedness,
in its different dimensions, has influenced the entry and exit of occupational
specializations in US cities. Section 5 discusses the results and concludes.

2, REGIONAL DIVERSIFICATION IN JOBS: THREE
MECHANISMS

In Evolutionary Economic Geography, history is key to understand the economic
evolution of regions (Boschma & Frenken, 2006; Martin & Sunley, 2006). Past
structures set opportunities but also boundaries to future development. A large
body of empirical studies shows that diversification occurs in regions mainly by
making use of and recombining pre-existing regional capabilities: in other words,
it is subject to path-dependency (Boschma, 2017). Moreover, regions localized
in the dense parts of the ‘product space’ (i.e. having many products related to
each other) have also more diversification options and higher economic growth
rates (Frenken et al., 2007; Hidalgo et al., 2007; Hidalgo & Hausmann, 2009).

These studies tend to look at diversification in terms of new products (Hidalgo et
al., 2007), new industries (Neffke et al., 2011) or new technologies (e.g. Balland et
al., 2019; Kogler et al., 2013; Petralia et al., 2017; Rigby, 2015). However, industry,
product, and technology classifications capture some but not all capabilities
in regions (Kline & Moretti, 2013; Markusen, 2004). This point was made by
Thompson & Thompson (1985, 1987) who made a strong claim in favour of an
occupational functional approach to understand the changing spatial division
of labour in which advanced regions focus on high value-added activities and
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jobs (design, marketing, R&D) while off-shoring labour-intensive (and low-
skilled) jobs to places where labour costs are comparatively low (Barbour &
Markusen, 2007; Gereffi & Korzeniewicz, 1994; Markusen, 2001; Markusen &
Schrock, 2006; Renski et al., 2007). This growing separation of functions within
the same industry implies that regions with similar industrial specialisations can
reflect very different underlying capabilities in terms of knowledge and skills
(Markusen et al., 2008). Technology classifications do not cover all capabilities
in regions either because they tend to capture scientific and technical skills.
Shifting away from industries and technologies to jobs reveal what regions
do with their skills, as opposed to what regions make as the outcome of their
activity (Feser, 2003; Thompson, 1985). This change of perspective is important
as growth opportunities in knowledge-based economies are considered to
depend on the accumulation of human rather than physical capital (Moretti,
2012). And last but not least, an occupational approach can cover better service
industries than the industry/technology approach.

Muneepeerakul et al. (2013), Brachert (2016), and Shutters et al. (2016) were the
first to acknowledge the relevance of the occupational structure to analyse regional
evolution. These studies provide a network representation of the structure of
interdependent job classes in US cities, called occupational space. They show
that co-located occupational specializations can interact positively or negatively
with each other; and that the balance between these interactions determines
productivity, wealth, and possible development paths of urban economies. Hasan
et al., (2015) found that interdependencies between jobs (either as task overlap or
task coordination) tend to protect jobs. On the other hand, regarding the whole
job structure, they found that interdependence (ties between jobs) makes a job
vulnerable to the exit of other jobs in that job's cluster, decreasing its survival chance.

However, these studies on job diversification in cities have not looked at the
types of mechanisms through which related diversification unfolds. This
means we have to unpack the broad notion of relatedness, as advocated by
some scholars (Boschma, 2017; Breschi et al., 2003; Tanner, 2014). Inspired by
Duranton & Puga (2003), we distinguish between three mechanisms or channels
through which agglomeration externalities may be exploited, and we make an
explicit connection to job dynamics.

The first mechanism refers to similarity of skills between jobs. This applies when
a certain set of skills can be used to perform more than one type of task or
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job activity: job classes that have those skills are similar (but not identical) and
substitutable to a considerable degree. This has a close resemblance with the
notion of skill-relatedness introduced by Neffke & Henning (2013). The second
mechanism refers to complementarity of skills between jobs. Here, skills in
different job classes are required to produce a certain good or service within a
value chain, like a doctor and a nurse in a hospital provide complementary skills
to cureillnesses. In modern societies, as products/services complexity increases,
the amount of interdependent tasks increases within each value chain. We will
capture this skill complementarity by looking at the co-occurrence of job classes
in economic activities. The third mechanism is associated with local synergy effects
between different jobs when the co-location of two jobs (e.g. a businessperson
and a taxi driver) benefit each other, while not being similar or complementary in
skills with one another. These local synergies may arise due to common natural
endowments, demand-driven interdependencies of jobs, or amenities (Florida,
2012; Moretti, 2012). This latter dimension also covers local multipliers in which
high-skilled jobs provide benefits for low-skilled jobs (Kline & Moretti, 2013;
Moretti, 2013). We will capture local synergy by identifying the geographical co-
occurrence of job classes, after having it filtered from the other two dimensions.

There is no study yet that has investigated the importance of each of these three
mechanisms in the evolution of the geography of jobs. We examine which of
the mechanisms can explain best the entry of new jobs and the exit of existing
jobs in 389 US cities from 2005 to 2016.

3. OCCUPATIONAL DATA AND NETWORK ANALYSIS

3.1. Occupational data

The main source is employment data provided by the Bureau of Labor Statistics
of the U.S. Department of Labor (BLS)®. It contains several workers statistics,
such as total employment and mean hourly wage by job class (approximately
800 categories at the 6-digit level) by industry (NAICS) and by U.S. Metropolitan
Statistical Areas (MSA). The Standard Occupational Classification (SOC) System
groups similar jobs into job classes (OCC) based on the work performed,
skills, education, training, and credentials required to carry out specific work
tasks. Some OCC are found in just one or two industries, others in a large
number of industries. NAICS is a production-oriented classification that groups

5 publicly available at http://www.bls.gov/oes
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establishments into industries based on their prime activity. MSAs represent
unified labour markets (Muneepeerakul et al., 2013). Each MSA contains a core
urban area of at least 50.000 population in one or more core counties, including
adjacent counties with a high degree of social and economic integration with
the urban core. MSAs account for nearly 85% of U.S. population and 90% of U.S.
economic output (US Census Bureau, 2015).

To account for classification schemes revisions and assure a comparable multi-
year analysis, we use data from 2005 to 2016 and exclude from our analysis the
MSAs (eight MSA and five NECTA) and the OCCs that came into existence after
2005, and the “All Other” type of OCC which is not available in the O*NET data®.
After cleaning data, we end up with statistics on number of people employed
in each year-OCC-MSA (12 years, 733 OCC, and 389 MSA).

After that, we cross the BLS employment data with occupational content
classification from the Occupational Information Network (O*NET). O*NET provides
a detailed classification of occupational contents - occupational requirements
and worker attributes for each job class’. O*NET attributes to each job class the
correspondent workers' capabilities, according to the O*NET classification schemes.
After testing their typology and employment data distributions, we chose the
Intermediate Work Activities (IWA)? classification scheme that represents all skill
specifications needed to perform each job class®, and is, therefore, better suited to
compute our measure of job similarity. The result is a dataset with job requirement
weight for each OCC-Skills (same 733 OCC, 332 Work Activities).

Because many unified product value chains bring together different NAICS
classifications, we cross the BLS employment data with an industry classification
defined and made available by BLS, the Industry Sectoring Plan™. This industry

6 “All Other” titles represent job classes with a wide range of characteristics, which do not fitinto one
of the detailed O*NET-SOC occupations.

7 publicly available at https://www.onetonline.org

8 O*NET provides classification schemes for Work Activities at three levels of aggregation (41 Gen-

eralized Work Activities; 332 Intermediate Work Activities; and finally, 2070 Detailed Work Activities).
Intermediate Work Activities is the level of aggregation that provides us better network analysis conditions
(enough categories, and that are not too common and not too rare across job classes)

9 Here we refer to skills in its broad sense, equivalent to the concept of regional capabilities, com-
monly used in the evolutionary economic geography literature. It corresponds not to O*NET classification
schemes for skills (which refers to a much stricter sense of skills), but to O*NET definition of workers’
competencies (it includes classification schemes for skills in the stricter sense, knowledge, abilities, ex-
perience and training, etc.).

10  BLS aggregates NAICS (4 digit level) into the industry sectors, further used in BLS's employment
projections (https://www.bls.gov/emp/ep_data_input_output_matrix.htm)
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classification groups together the narrowly defined U.S. industry codes (NAICS)
that are related in terms of inter-industry linkages (input-output measures)
into industry sectors, or more simply referred as clusters. In other words, we
aggregate the BLS employment-OCC-NAICS data into an employment-OCC-
cluster dataset for the last year of the period under consideration (same 733
OCC, 179 industry clusters, for the year 2016)"". The result is an industry cluster’s
labour demand dataset, from which we compute our job complementarity
measure.

After cleaning and merging data, we compute the geographical measure of
relatedness (co-location-based measure), and our measures for complementarity
and similarity dimensions of relatedness. We obtain a bipartite dataframe with
three variables of relatedness for each possible pair of job classes in each year.
We use this data in the network analysis and further transform it into a new
dataset to be used in the regression analysis. For ease of interpretation, we will

use the terms “job class”, “city”, “industry”, and “skills” when referring to OCC,
MSAs, Industry Sectoring Plan categories, and Work Activities, respectively.

3.2. Unpacking relatedness

In line with the network-based framework of Hidalgo et al. (2007) and
Muneepeerakul et al. (2013), we build a network of job classes and relatedness
between them - the Job Space - to represent the U.S. labour market structure.
The Job Space will have three types of links based on three measures of
relatedness: a geographical, a complementarity and a similarity measure. From
those three measures of relatedness, we will deduce the fourth one for the local
synergies dimension of relatedness - the pairs of job classes that are poorly
complementary, poorly similar, but most frequently co-located, due to local
synergies.

Geographical relatedness of jobs
First, we identify job classes in which U.S. cities specialize in. We use the location
quotient (LQ) of job class j in city ¢, based on the number of employees (x)

(K| Due to classifications correspondence constrains, we exclude the “Private households” sector (not
available in BLS employment data) and further pull together a few industry sectors, ending up with 179
sectors instead of 186. More specifically, we aggregate into one the “Crop production”, “Animal produc-
tion and aquaculture”, “Forestry” (including “Support Activities for Forestry”), and “Fishing, hunting and
trapping”. We also aggregate into one the governmental sectors (which corresponds to the 2digits NAICS
92 - Public Administration).
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engaged in job class j, in city ¢, in relation with the total number of employees
engaged in job class j in the country:
£2)
Yj%Xej

Zc xc,j

Zchxc,j

LQc,j =

A LQ higher than one means that the proportion of the labour force engaged
in that job class is “overrepresented” in that city. As a result, we get a binary
jobs-cities matrix (NxM matrix). Then, we compute the geographical measure
of relatedness between each pair of job classes, based on their co-occurrences
as specializations in cities, for each year during the 2005-2013 period. More
concretely, we use a conditional-probability-based measure developed by
Van Eck & Waltman (2009) and reformulated by (Steijn, 2018). This results
in a symmetric NxN job classes matrix, in which each cell (j, j) contains the
geographical measure of relatedness (GeoRel) between job class i and job class
Jj, i.e., the probability of a city c being specialized in job class i given that it is also
specialized in job class j, as follows:

GeoRel (Cij, Si, Sj, T) = Cij / (m * ((Si/T) * Sj / (T - Si) + (Sj/T) * (Si/(T - 5j)))

where Cij, Si, and §j are, respectively, the number of co-occurrences of i and
Jj, the number of occurrences of job class i and the number of occurrences
of job class j, as occupational specializations in cities. T is the sum of all cities
occupational specializations, and m is the total number of co-occurrences. The
geographical measure of relatedness indicates the probability of two job classes
being together in the same city. GeoRel is lower bounded by zero (job classes i
andj are never together as specializations in same city) but not upper bounded.
A GeoRel higher than 1 means that two job classes co-locate in the same city
more often than by chance.

Although commonly used as an outcome-based measure of relatedness, co-
location of job classes does not inform us about the type(s) of relatedness
between two jobs. In order to empirically unpack the dimensions of relatedness
for each pair of job classes, we create other two measures of relatedness: jobs
similarity and jobs complementarity.

50



Jobs similarity

Based on BLS job classes and O*NET's Work Activities classification scheme, we
compute jobs similarity as the frequency of co-occurrences of jobs classes in
work activities classes. More specifically, in line with Hasan et al (2015), we first
construct a 1xW vector for each job class, with W being the number of O*NET
IWA categories, and join them to form a binary jobs-IWA matrix (NxW matrix).
Then, we apply conditional probabilities for computing jobs similarity measure
of relatedness (equivalent to the GeoRel equation, the jobs co-location measure,
but based on the jobs-IWA matrix instead). In result, we get a symmetric NxN job
classes matrix in which each cell (i, j) contains the skills similarity between job
classesiandj. In other words, skills similarity represents, therefore, job classes’
co-occurrences in IWA as the main occupational destination of such skills (e.g.,
Work Activity w is a highly required skill, more than average in regional labour
markets, for both job class a and b).

Jobs complementarity

Based on industry clusters’ labour demand, we compute complementarity by
looking at which pairs of job classes are jointly required in the same value chain(s).
We determine how often two job classes co-occur in the same industry cluster.
We first compute each industry cluster’s LQ in each job class, i.e., each cluster
employment shares in each job class, compared to the average employment
shares of all clusters (same LQ equation we used for jobs co-location measure,
but based on the jobs-cluster matrix). Then, we apply conditional probabilities
for measuring jobs complementarity (equivalent to GeoRel equation but based
on the jobs-cluster matrix). So, we construct a symmetric NxN job classes matrix
in which each cell (j, j) contains the jobs complementarity index between job
classesiandj.

Jobs local synergies

From the three measures of geographical relatedness, complementarity and
similarity, we can derive the local synergies dimension of relatedness. Pure
geographical relatedness confounds the different forces that make jobs co-occur
in the same city. Indeed, jobs may co-locate for reasons of complementarity
or similarity, so we cannot tell for sure if local synergies do operate or not.
However, local synergies are notoriously difficult to identify. They refer to strong
agglomerative forces, but not of the complementarity and the similarity kind.
Because some pairs of complementary and/or similar job classes may also
have a tendency to co-locate, we need to control for that. We argue that if
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two job classes have high geographical relatedness but low skills similarity and
low industry complementarity, we assume these two job classes show local
synergies. So, we deduce the presence of local synergies by identifying pairs
of job classes that are most probable to co-locate in cities but do neither show
a high degree of jobs complementary nor high jobs similarity.

Figure 1 presents the top 50 pairs of related job classes, that is, the 50 highest
links of relatedness between occupational specializations in US cities. Some
pairs of jobs, such as “roof bolters mining” and “mine cutting and channeling
machine operators”, show to be highly related simultaneously due to similarity,
complementarity, and co-location. Other pairs of jobs are highly related mainly
due to sharing similar skills, as is the case of “lawyers” and “paralegals and
legal assistants”, while pairs of jobs like “political scientists” and “industrial-
organizational psychologists” are related due to local synergies.

Farm LabQr Cgntractors
Manicurisf
Agricult gngineers

Funeral Service M@gnag

Roofb mining
Mine cutting and chaf

=

g machine operators

Arbitrators, medigtorg, and conciliators

Figure 1. Top 50 Pairs of Related Job Classes

3.3. The Job Space - a descriptive analysis

We use the three relatedness measures of geographical relatedness,
complementarity, and similarity across jobs to build the Job Space. It is a
network-based representation of the regional occupational structure in which
each node stands for a job class, and links between nodes represent jobs’
relatedness. Because the three relatedness measures may overlap for each pair
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of job classes (e.g. pairs of job classes may be simultaneously complementary
and similar), we graphically illustrate the Job Space in three distinct layers.
Figure 2 shows the Job Space in 2016. A first layer shows job classes (nodes)
and geographical relatedness between them (links). In the second layer, we keep
the position of the nodes from the first layer (for comparability purposes) and
show jobs similarity links instead. We repeat this procedure for the third layer
showing jobs complementarity. We use the Minimum spanning tree network
representation algorithm in order to offer a visualization in which all job classes
are included and the network is connected with the minimum links possible,
i.e., N-1 links.

Geographical relatedness Similarity Complementarity

Figure 2. The Job Spacein Three Layers. Geographical relatedness Similarity Complementarity

4. RELATEDNESS DIMENSIONS AND THE RENEWAL
OF THE JOB-SPACE

Once the job-space is built, we use econometric tools in order to analyse how
jobs relatedness affects the renewal of the employment structure of US cities
and, in particular, how different dimensions of jobs relatedness (similarity,
complementarity, or local synergies) may differently affect that evolution.
Starting from 2005, we track yearly changes in the employment structure of
each city until 2016 and applying linear probability models to estimate how jobs
relatedness affects the entry and exit of job classes in US cities.

41. Variables and descriptives

We first construct two dummy variables, Entry and Exit. Entry is conventionally
computed as equal to one if a job class did not belong to the occupational
specialization portfolio of city cin time t-1, and enters in time t. And Exit is equal
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to one if a job class did belong to the occupational specialization portfolio of
city c in time t-1, but exits in time t:

Entry.;. = 1LifLQ.;r > 1land LQ.; ;-1 < 1
Exit,;r = LifLQ.;¢ <1and LQg;p—1 > 1

LQ ranks cities level of specialization in relation to the average level of
specialization of all regions in a year. This means that the position in the ranking
of a city may vary from one year to another, not due to changes in that city’s
level of specialization but to changes in other cities’ level of specialization that
affect the average level of specialization of an economy. So, a job class could
change from being a city specialization t-1 but not anymore in t, just because
the ranking of specialization of that job class increased overall in the average
economy, not because the share of employees in that city decreased. To exclude
such “false” changes in computing Entry and Exit, we made a slight adjustment
to the LQ in t'2. We track the evolution of an occupational specialization in the
city in relation to the pre-existing structure of the city, from t-1 to t, independent
of the evolution of the economy’s average specialization level, which we fix at
t-1 when computing LQ in t, as follows:

Entrycie = 1,if LQcite-1 > 1and LQcjr—1-1 < 1

Exite;e = 1ifLQciee—1 < 1and LQcjr—16-1 > 1

which translates into:

i) PR e L
X
EntTyClt Zz Xc,i 1 and ZL c,i <1
(Zc Cl)t (Zcx“)t—l
ZCleCl > lec,l
() (z55)
=t = |t—1
.x . x .
Exit,;, = 1,if LiXei <1land Li Yo >1
™ ( Zcxc,i )t—l ( Zcxc,i )t—l
ZcZixc,i ZcZixc,i

We must account for other variables that may influence Entry and Exit of cities’
occupational specializations. In our econometric analysis, we use three-way-
fixed effects models, with fixed effects for job classes (Gj), cities (6)), and years

12 Forrobustness purposes, we also computed Entry and Exitin its traditional form and run the same
models in our analysis. The econometric results are very similar, with coefficients changing only slightly
and keeping its statistical and economic significance.
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(a), accounting for unobservable and invariant specific economic context. In
addition, we use six control variables. Because a bigger and/or more diversified
city is more prone to attract new jobs, we compute, for each city in each year, its
total employment (log) (City total employment) and its number of occupational
specializations (City diversity). To account for short-term employment growth
(especially for years during the crisis), we compute yearly employment growth
for cities (City employment growth) and for job classes (Job employment growth).
Moreover, given global employment trends - like jobs involving many skills
having higher labour demand (Moretti, 2012) - we also account for labour
demand in each job class. We compute the total employment for each job
class (Job total employment) and the number of cities in which a job class is
an occupational specialization (Job ubiquity), as a measure of how common/
systemic each job class is. As a proxy for the level of complexity a job class in
terms of education, trainign and experience, we also construct an interaction
term between the rarity of a job class in cities (1/ Job ubiquity) and the number
of job specializations a city has (City diversity).

Following Hidalgo et al. (2007) and Boschma (2015), we compute geographical
relatedness density (GeoRelatedness Density) for each job class jin city cin time
t, which represents the relatedness of a new job class specialization to the set of
job classes the city is already specialized in, in a given year. This density measure
is derived from the relatedness of job class j to all other job classes i in which
the city is specialized in, divided by the sum of relatedness of job class j to all
other job classes i in country at time t:

iccizj GeoRel; ;
GeoRelatedness Density; .. = Licoit) 22 100
’ Ziij GeORelj'i

Likewise, we compute density measures for similarity and for complementarity
for each job class j in city c. Similarity Density represents the relatedness of a new
job class specialization to the set of job classes the city is already specialized
in, in terms of having similar skills. Complementarity Density represents the
relatedness of a new job class specialization to the set of job classes the city is
already specialized in, in terms of having complementary skills within the same
industry cluster(s).

As explained before, we consider two jobs related in terms of local synergy
when they are frequently co-located as city specializations, but showing low
complementary and similarity. To calculate Local Synergies Density, we first
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regress GeoRelatedness Density on Similarity Density and Complementarity Density,
using a three way fixed effects model, as follows:

GeoRelatedness Density; ., 1 =
= p,Similarity Density;.._, + f,Complementarity Density; . +0; + 8.+ a; + €,

We then save the residuals of the regression, g for computing our Local

. t!
Synergies Density measure. It represents the relatedness of a new occupational
specialization to the set of job classes the city is already specialized in, not in
terms of having similar skills or complementary skills with existing job classes,

but in terms of sharing the same location.

The panel data includes 11 years (from 2006 to 2016) and 733 job classes in
389 MSA. All our independent variables are lagged by one period (t-1), to avoid
potential endogeneity problems. All our relatedness density variables are
centred around the mean for purposes of coefficients’ interpretation. Table 1
below shows some descriptive statistics.

Table 1. Descriptive statistics

Statistic N Mean St. Dev. Min Max
Entry 2,372,990 0.1 0.2 0 1

Exit 763,517 0.2 0.4 0 1
Geo-Relatedness Density 3,136,507 22.6 9.7 1.0 100.0
Complementarity Density 3,136,507 24.4 12.2 0.0 99.8
Similarity Density 3,136,507 24.3 9.7 0.0 93.3
Local Synergies Density 3,136,507 0.0 2.2 -26.2 80.4

City total employment 3,136,507 271,105.4 508,783.7 6,900 6,367,200
Job total employment 3,136,507 143,874.5 339,269.6 30 4,041,050
City employment growth 3,136,507 0.01 0.1 -0.5 2.3

Job employment growth 3,136,507 0.04 0.4 -1.0 25.0

City diversification 3,136,507 312.5 128.9 50 654

Job ubiquity 3,136,507 165.8 128.1 1 389

*Number of observations = 733 OCC * 389 MSA * 11 years (from 2006 to 2016)

Table 2 presents the correlations between our four measures of relatedness
density, including the interaction term between complementarity density and
similarity density.
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Table 2. Correlation between Measures of Relatedness Density

Relatedness Geo- Complemen- Similarity Local Complem.

Density Relatedness tarity Density Density Synergies D.*

Variables Density Density  Similarity
D

Geo-Relatedness 1,00 0.71 0.83 0.22 0.79

Density

Complementarity 1,00 0.76 0.00 0.92

Density

Similarity Density 1,00 -0.00 0.90

Local Synergies 1,00 -0.00

Density

Complem.D. * 1,00

Similarity D

4.2, Entry and Exit Models - Only Geographical Relatedness measure

In the first econometric model, we simply regress Entry of a new occupational
specialization in a city on geographical relatedness density (plus controls and
fixed effects), as follows:

Entry; .. = B1GeoRelatedness Density; ., +
+ B, In(City Total Emp.)..—1 + B3 In(Job Total Emp.);, 4 +
+ B4 City Emp. Growth,;_1+ BsJob Emp.Growth;,_, +
+ BeCity Diversification.._, + B,Job Ubiquity;,_4 +
+ BgCity Div./ Job Ubiquity,jr—1+60; + 8. + ar + & ¢

with, 6, 6 and a being fixed effects, respectively for job classes, cities, and years
(€is the error term). In the second model, we simply repeat the first model, but
for Exit of an occupational specialization in a city instead:

Exitj ., = B;GeoRelatedness Density; .. 1 +
+ B2 In(City Total Emp.)..—1 + B3 In(Job Total Emp.);, 4+
+ B4 City Emp. Growth, 1+ BsJob Emp. Growth;,_ +
+ BeCity Diversification.._, + B;Job Ubiquity;._4 +

+ fgCity Div./ Job Ubiquityclj,t_ﬁ 0; + 6. tap+ &t
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Table 3. Entry and Exit Models - Only Geographical Measure of Relatedness

Dependent variable (2006 - 2016):

Entry (=1) Exit (=1)
(1) (2)
Geo. Relatedness Density 0.015"* -0.024™
(0.0001) (0.0002)
City Total Emp. (In) 0.080" -0.134"
(0.004) (0.011)
Job Total Emp. (In) 0.004™** -0.078"*
(0.001) (0.004)
City Emp. Growth -0.004 0.040™
(0.003) (0.009)
Job Emp. Growth -0.002"* -0.008
(0.0004) (0.005)
City Diversification -0.001™" 0.001™
(0.00002) (0.0001)
Job Ubiquity -0.0002"* 0.0003"*
(0.00001) (0.00004)
City Div. / Job Ubiquity -0.00000" 0.00000*
(0.000) (0.00000)
City fixed effects Yes Yes
Job class fixed effects Yes Yes
Year fixed effects Yes Yes
Observations 2,372,990 763,517
R? 0.075 0.068
Adjusted R? 0.074 0.067

Note: The dependent variable entry (exit) equals one if a city c gains (loses) a relative
occupational advantage in a given job class jin year t, and equals zero otherwise. All the
independent variables are mean-centred and lagged by one year. Period under analysis
ranges from 2005 to 2016 (t-1 = [2005 - 2015]). Coefficients are statistically significant
at the "p<0.1, * p<0.05, ** p<0.01, *** p<0.001 level. Standard errors in parentheses.

The results presented in Table 3 show a statistically and economically
significant impact of geographical relatedness density on both Entry and Exit.
It shows a positive coefficient of 0.015 in the entry model, meaning that when
GeoRelatednes Density increases by 10 percentage points, the probability of entry
of a new job specialization in the city increases by 15%. Regarding Exit, the
results show a negative impact of relatedness on the probability of a job class
exiting a city’'s portfolio of occupational specializations. When GeoRelatednes
Density increases by 10 percentage points, the probability of exit of a job class
in the city decreases by 24%. Although almost all our control variables show
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to be statistically significant, the interaction term representing job complexity
(City Div. / Job Ubiquity) seems to be economically insignificant, in both Entry
and Exit models.

The results so far are in line with the recent literature showing that relatedness
seems to play a role in the renewal of the employment structure of US cities,
at least when referring to geographical relatedness alone. But given the
different reasons for job classes to co-occur, or put differently, given the
different dimensions of relatedness that can be at work in the city, we still lack
understanding of which dimensions influence the evolution of the employment
structure in cities? To test this, instead of geographical relatedness density,
we include our density measures for similarity, complementarity and local
synergies.

4.3. Entry and Exit Models - All Dimensions of Relatedness

We start by regressing Entry and Exit on each of the three dimensions of
relatedness density one at a time. Then, we include them all together, plus
an interaction term between Similarity Density and Complementarity Density, to
account for pairs of jobs that are simultaneously similar and complementary.
The complete models for Entry and Exit are as follows:

Entry; .. = p1Complementarity Density; ., 1+ f,Similarity Density; ., 1 +
+ fBs3Local Synergies Densityj_clt_l +
+ B, Similarity Density * Complementarity Density; ;1 +
+ Bs In(City Total Emp.)c—1 + Bs In(Job Total Emp.); 1 +
+ B, City Emp. Growth,_1+ BgJob Emp. Growth;,_, +
+ BoCity Diversificationclt_1 + B1oJob Ubiquityj,t_l +

+ By, City Div./ Job Ubiquity, ji1+0; + 6. + a; + & ¢

59



Exitj .. = p,Complementarity Density; ...+ B,Similarity Density;j .., +
+ B3Local Synergies Density; .1 +
+ B, Similarity Density * Complementarity Density; ., +
+ Bs In(City Total Emp.)c._1 + BgIn(Job Total Emp.);._1 +
+ B, City Emp.Growth,,_,+ BgJob Emp. Growth,_, +
+ ByCity Diversification.._, + ByoJob Ubiquity;,_, +

+ (1,1 City Div./ Job Ubiquitycrj,t_l—k 0; + 6. ta+ et

The results in Tables 4 and 5 show that each dimension of relatedness density,
either alone or jointly, has a significant effect on the probability that a city
specializes in a new job class or loses an existing job class. The stronger effect on
Entry comes from Local Synergies Density, where an increase of 10% is associated
with a 13% increase in the probability of entry. Its effect seems to be even
stronger for Exit, with a decrease of 20% on exit probability when Local Synergies
Density increases by 10%.
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Table 4. Entry Models - All Dimensions of Relatedness Density

Dependent variable:

Entry (=1) | 2006 - 2016

(1 (2) (3) (4)
Complementarity Density ~ 0.003"** 0.003™"
(0.00002) (0.00003)
Similarity Density 0.004™* 0.002™**
(0.00004) (0.00005)
Local Synergies Density 0.011™* 0.013™
(0.0001) (0.00071)
City Total Emp. (In) 0.032™ 0.034™" 0.053"" 0.082™
(0.004) (0.004) (0.004) (0.004)
Job Total Emp. (In) 0.007™ 0.007™ 0.005™* 0.004™*
(0.001) (0.001) (0.001) (0.001)
City Emp. Growth 0.002 0.001 -0.001 -0.005"
(0.003) (0.003) (0.003) (0.003)
Job Emp. Growth 0.003"** 0.003** -0.001 -0.002"*
(0.0004) (0.0004) (0.0004) (0.0004)
City Diversification -0.0002*** -0.0003** -0.001™ -0.001™
(0.00002) (0.00002) (0.00002) (0.00002)
Job Ubiquity 0.0003™* 0.0003"** -0.00003*  -0.0002"**
(0.00001) (0.00001) (0.00001) (0.00001)
Complementarity Density 0.00001™
* Similarity Density
(0.00000)
City Div. / Job Ubiquity -0.00000"* -0.00000"* -0.00000""* -0.00000™**
(0.000) (0.000) (0.000) (0.000)
City fixed effects Yes Yes Yes Yes
Job class fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Observations 2,372,990 2,372,990 2,372,990 2,372,990
R2 0.069 0.066 0.069 0.078
Adjusted R? 0.068 0.065 0.068 0.077

Note: The dependent variable entry equals one if a city c gains a new relative occupational

advantage in a given job class jin year t, and equals zero otherwise. All the independent
variables are mean-centred and lagged by one year. Period under analysis ranges from
2005 to 2016 (t-1 = [2005 - 2015]). Coefficients are statistically significant at the "p<0.1, *
p<0.05, ** p<0.01, *** p<0.001 level. Standard errors in parentheses.
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Table 5. Exit Models - All Dimensions of Relatedness Density

Dependent variable:

Exit (=1) | 2006 - 2016

(1) (2) (3) (4)
Complementarity Density -0.005** -0.005*
(0.0007) (0.0001)
Similarity Density -0.007™ -0.005™
(0.0001) (0.0001)
Local Synergies Density -0.014" -0.019"
(0.0003) (0.0003)
City Total Emp. (In) -0.065"" -0.074™" -0.089"™ -0.130™"
(0.011) (0.011) (0.011) (0.011)
Job Total Emp. (In) -0.056™" -0.058™" -0.071™ -0.072"*
(0.004) (0.004) (0.004) (0.004)
City Emp. Growth 0.013 0.016* 0.025"* 0.037**
(0.009) (0.009) (0.009) (0.009)
Job Emp. Growth -0.028"* -0.028™* -0.016™ -0.011™
(0.005) (0.005) (0.005) (0.005)
City Diversification -0.0004™*  -0.0003""  0.0003"" 0.001™*
(0.00005) (0.00005) (0.0001) (0.0007)
Job Ubiquity -0.001** -0.001™* -0.0003™  0.0001*
(0.00004) (0.00004) (0.00004) (0.00004)
Complementarity Density 0.0001"
* Similarity Density
(0.00000)
City Div. / Job Ubiquity 0.00000"*  0.00000™*  0.00000"*  0.00000"*"
(0.00000) (0.00000) (0.00000) (0.00000)
City fixed effects Yes Yes Yes Yes
Job class fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Observations 763,517 763,517 763,517 763,517
R? 0.065 0.061 0.060 0.073
Adjusted R? 0.064 0.060 0.058 0.072

Finally, in table 6 below, we repeat the complete models but with standardized
variables of relatedness density instead (scaled versions of our previous
relatedness density variables), in order to jointly test their explanatory power on
Entry and Exit and compare coefficients. We find that an increase of 1 standard
deviation in Local Synergies Density increases the probability of entry of a new
job class in the city’s portfolio of job specializations by 14%, and decreases the
probability of exit by 22%. An increase of 1 standard deviation in Complementarity
Density increases the probability of entry of a new job specialization by 3%, and
decreases the probability of exit by 6.5%. And when Similarity Density increases
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1 standard deviation, the probability of entry increases by nearly 3% and exit
probability decreases by 4.6%. The only finding not in line with expectation is the
effect of the combination of complementarity and similarity: it shows a negative
effect on entry and a positive effect on exit, although the effects are not sizable.

Table 6. Entry and Exit Models - All Dimensions of Relatedness Density (scaled)

Dependent variable (2006 - 2016):

Entry (=1) Exit (=1)
(1) (2)
Complementarity Density (sc) 0.037* -0.066™"
(0.0003) (0.001)
Similarity Density (sc) 0.024"* -0.046™"
(0.0004) (0.001)
Local Synergies Density (sc) 0.137 -0.214**
(0.001) (0.002)
City Total Emp. (In) 0.089™* -0.136™"
(0.004) (0.011)
Job Total Emp. (In) 0.004™ -0.0717*
(0.001) (0.004)
City Emp. Growth -0.006™ 0.039""
(0.003) (0.009)
Job Emp. Growth -0.002* -0.008"
(0.0004) (0.005)
City Diversification -0.001 0.002***
(0.00002) (0.00071)
Job Ubiquity -0.0004™* 0.001™"
(0.00001) (0.00004)
Complem. Density (sc) * -0.001™ 0.009™*
Similarity Density (sc)
(0.0002) (0.0005)
City fixed effects Yes Yes
Job fixed effects Yes Yes
Year fixed effects Yes Yes
Observations 2,372,990 763,517
R? 0.076 0.073
Adjusted R? 0.076 0.071

Note: The dependent variable entry (exit) equals one if a city c gains (loses) a new relative
occupational advantage in a given job class j in year t, and equals zero otherwise. All
the independent variables are mean-centred, and lagged by one year. Additionally,
relatedness density variables are scaled by their sd, for comparison purposes (scaled
variables denoted by “sc”. Period under analysis ranges from 2005 to 2016 (t-1 = [2005
- 2015]). Coefficients are statistically significant at the "p<0.1, * p<0.05, ** p<0.01, ***
p<0.001 level. Standard errors in parentheses.
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5. CONCLUDING REMARKS

While many studies have looked at regional diversification into new products
(Hidalgo et al., 2007), new industries (Neffke et al., 2011) or new technologies
(Kogler et al., 2013; Rigby, 2015), this paper has taken an occupational-network
approach examining the evolution of job portfolio’s in US cities. The paper
replicates the result found in other studies on the evolution of occupational
structures in cities (Brachert, 2016; Muneepeerakul et al., 2013; Shutters et al.,
2016) that cities enter new jobs related to existing ones in cities, and exit existing
jobs unrelated to their job portfolio’s. What is new about this paper is that we
have unpacked three mechanisms through which the entry and exit of jobs in
cities takes place. While previous papers looked at the effect of geographical
relatedness only, we unravel three mechanisms through which the effect of
geographical relatedness might work because co-location of jobs does not tell us
much about the forces that make jobs co-occur in the same city: new local jobs
may be related to existing local jobs because they share similar skills or provide
complementary tasks, or both, or because they benefit from being co-located.

First, we constructed a job space that represents a network of interdependent
job classes that includes the three dimensions through which jobs may be related
to each other. In doing do, we can unravel links between pairs of jobs in terms
of being similar, being complementary, being both similar and complementary,
or in terms of sharing local synergies. Second, we investigated the importance
of each of these three job relatedness dimensions for the evolution of jobs in
389 US cities for the period 2005-2016. For this purpose, we introduced a new
methodological approach to distinguish between the three relatedness effects.

The main finding is that all three relatedness dimensions (similarity,
complementarity and local synergies) increase the chances of entry of a new
job in a city on the one hand, and decrease the probability of disappearance
of an existing job in a city on the other hand. Moreover, we found the negative
effect of relatedness on exits of jobs to be stronger than the positive effect of
relatedness on entry of jobs: all three relatedness dimensions seem to prevent
exit of jobs in cities more than promoting entry of jobs in cities. The local synergy
density effect shows the largest effect on both entry and exit: this outcome
suggests that the stronger local synergies across job classes are, the greater
the effect on diversification and the harder to dislocate existing job classes. The
complementarity density effect reflects the tendency of an increasing division
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of labour in cities which brings higher levels of interdependence between job
specializations (Shutters et al., 2018) where each worker’s productivity depends
on whether or not she has access to co-workers with specialized skills and know-
how that complement her own (Neffke, 2017). The similarity density effect
found is in line with the tendency of firms and people to cluster geographically
to benefit from a pool of labour with related skills (Neffke & Henning, 2013).
Similarity seems to prevent exit and promote entry of jobs in cities, but not in
combination with complementarity.

Although this paper provides an important step to unpack relatedness, it is still
far from comprehensive (Boschma, 2017). First, while we have started to unravel
the geographical density effect (controlling for similarity and complementarity),
there is a need to investigate what the local synergies dimension consists of.
Second, we need more studies in other countries to shed more systematic light
on the importance of the different relatedness dimensions. Third, the three
dimensions of relatedness density might play different roles depending on the
level of knowledge complexity of activities (Balland & Rigby, 2017) and should be
employed and tested in studies on regional diversification into new products,
industries or technologies, besides new jobs. Finally, we have to make an effort
to include institutions in this framework, because regional diversification might
also be affected by institutional requirements that different jobs, industries or
technologies have in common (Boschma & Capone, 2015).
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1. INTRODUCTION

The first quantitative study on “How Susceptible Are Jobs to Computerisation” (Frey &
Osborne, 2013) put the world in jitters by estimating that 47% of US jobs were at risk
of automation in the next few decades. It also sparked strong critics and, since then,
many more studies have been added to the Future of Work literature, for different
countries, levels of analysis, in less and more conservative approaches, including
extensive regional comparative studies (Arntz et al., 2017; Bechichi, Grundke et al.,
2018; Brynjolfsson et al., 2018; Lund et al., 2019; Manyika et al., 2017; Nedelkoska &
Quintini, 2018; Roux, 2018). And yet, rather than converging, their estimations vary
profoundly in numbers and forms of disruption (Winick, 2018).

A common caveat in these studies is that they only consider the technical feasibility
of automating a task against the share of non-automatable tasks within a job (or
within the portfolio of jobs in a city or country). But two workers with the same
type of jobs (job-class) in different cities might have a different risk of having their
jobs automated, given the local specificities that shape the diffusion of technology
(Bessen et al., 2019; Brynjolfsson et al., 2018). Two main effects occur. First, once
it starts automating jobs in a city, a new technology can more easily adapt to
automate similar neighbouring jobs (Bechichi et al., 2018; Manyika et al., 2017;
Nedelkoska et al., 2018). Second, besides substituting jobs, new technologies may
also complement jobs, raising their productivity and labour demand (Autor, 2015).
For instance, Al procedures may more efficiently assist health professionals with
medical records and diagnosis. Here too, impacts seem to diffuse locally, this time
positive, to where more complementary jobs can collaborate with new robots.

This, how local capabilities are related to each other, and how it affects their
evolution, has been robustly investigated in the Evolutionary Economic
Geography (EEG) literature (Boschma & Frenken, 2006; Hidalgo et al., 2018). For
instance, relatedness between jobs seems to favour employment growth and job
diversification in a city, preventing the exit and facilitating the entry of new job
specializations (Alabdulkareem et al., 2018; Muneepeerakul et al., 2013; Neffke
et al., 2018). This “magnet” effect seems particularly strong for the relatedness
dimension of local synergies (specialized amenities and knowledge spillovers), but
also for complementarities (input-output relationships) and similarities between
jobs (Farinha et al., 2019). However, no study has shown how relatedness might,
in particular, support the spread of automation impacts from one job to another,
i.e., the "diffusion” effects of relatedness (Jun et al., 2019; Morrison et al., 2013).
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This paper aims to address this gap in both literatures, the Future of Work and the
EEG. It goes beyond the technical risk of automation to investigate the relatedness
links through which impacts diffuse from automatable jobs to neighbouring jobs
in a city, putting them in higher jeopardy or safety. Two pathways were found,
similarity to high-risk jobs and complementarity to high-risk jobs. | test their
impact on employment growth within job classes in US cities, from 2007 to 2016.

The structure of the paper is as follows. Section 2 presents the determinants of
technology adoption and the role of local network dynamics. Section 3 describes
the data, and Section 4 presents the results. Finally, Section 5 discusses the
findings in this paper and implications for policy.

2, WHAT DETERMINES A JOB'S RISK OF AUTOMATION?

2.1. Technical feasibility

The execution of each task requires a certain set of skills, some of which offering
better applications of technology than others (Autor et al., 2003; Brynjolfsson
et al., 2018). This shapes the technical feasibility of automating tasks within a
job. The ones that rely the most on automatable tasks are at higher technical
risk of becoming automated (Frey & Osborne, 2013).

From Robotics to Artificial Intelligence (Al) and beyond, the new technologies
evolve rapidly, and so its bottlenecks (Autor, 2014; Perrault et al., 2019). Initially
confined to codified knowledge, computer algorithms could only automate
routine and manual tasks, usually associated with low skills (Acemoglu & Autor,
2011; Autor & Dorn, 2013; Autor et al., 2003). Later on, it could also take over
cognitive and non-standardized tasks, collaborate with other robots (M2M), even
“learn” through experience and surpass humans in image and speech recognition
(Brynjolfsson & Mitchell, 2017; Klinger et al., 2018; McAfee & Brynjolfsson, 2016).
Now, complex cognitive tasks are easy for robots, which can transform all sorts of
problems into prediction ones, drastically reshaping labour in both manufacturing
and services (Agrawal et al., 2018; Decker et al., 2017). Conversely, tasks such as
gardening, caring for others, negotiating, usually require tacit skills of creativity,
social and emotional intelligence, and cognitive flexibility'3, which are very difficult
to codify in whatever form of language or require greater amounts of computation

13 Certain skills have low demand if isolated, yet high if combined with other skills (e.g., offer surplus
of STEM skills in academia versus shortage in policy, where they require social skills too (Benzell et al.,
2019; Xue & Larson, 2015).
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(Bradberry, 2017; J. Davies, 2019; Decker et al., 2017; WEF, 2016; World Bank, 2019).
In sum, what the new technologies can and cannot automate at each point in
time' shapes the future demand for labour.

However, although a necessary condition, technical feasibility is not sufficient to
generate adoption of a new technology. Firms, institutions, and society at general,
take time to adopt technology (Brynjolfsson, Rock, & Syverson, 2017), in some
places more than others (Bresnahan & Greenstein, 1996). That is why, for instance,
cashiers in the busy city of New York can be expected to get automated sooner
than cashiers in the winery region of Napa Valley. In other words, geography
conditions the diffusion of technology and, therefore, the impacts of automation.

2.2. Local feasibility

A myriad of local idiosyncrasies conditions the reach of Al, its relative costs
to labour, and ultimately firms' choice for Al adoption (Craglia et al., 2018;
Nedelkoska & Quintini, 2018). When a new technology has the potential to
increase total factors productivity and profits, firms evaluate the relative costs of
Al versus labour, considering all the reorganization necessary to accommodate
the new technology (Brynjolfsson et al., 2018). For instance, in implementation,
maintenance, training, and displacement, which highly depend on the bargaining
power of labour unions and regulations on dismissal and working conditions
(Harris & Krueger, 2015; Kochan, 2016; Nedelkoska & Quintini, 2018; Wisskirchen
etal., 2017). Also, Al is “fed” by big data, and data access is heavily conditioned
by technical and legal issues (ownership, cybersecurity, etc.).

In sum, from technical feasibility to actual automation of tasks, the firm must also
assure the local feasibility (economic, legal, etc.) of a new technology (Manyika
etal., 2017). Depending on the specific local context, some firms and institutions
(governments, universities, etc.) are more prepared to adjust than others. In
result, new technologies diffuse quicker in some cities and slower in others, as
each place has its own portfolio of capabilities (workers, firms, institutions, etc.)
and intricate web of interactions and connectivity between them (relatedness).

We can only account for this by analysing the local structure of capabilities, which
has been extensively investigated in the Evolutionary Economic Geography

14 Initially bounded by Polanyi’'s paradox i.e., the fact that “we know more than we can tell” (Polanyi,
1966), now the most natural to humans seems to be the most difficult for robots (Moravec, 1988)
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(EEG) literature. For cities, regions, and countries, at several levels of analysis,
being industries, products, jobs, or knowledge (Boschma & Frenken, 2006;
Hidalgo et al., 2018), relatedness has robustly shown to affect both individual
performance and the evolution of the local structure. Particularly, relatedness
between jobs seems to favour employment growth and job diversification in a
city (Alabdulkareem et al., 2018; Farinha et al., 2019; Muneepeerakul et al., 2013;
Neffke et al., 2018; Shutters et al., 2018).

Moreover, these “magnet effects” of relatedness - also referred as forces of
agglomeration (Marshall, 1920) - may operate in three distinct ways. Local
capabilities may co-locate because they share similar skills (forming labour
market pools), complementary skills (input-output chains), or local synergies
(specialized amenities and knowledge spillovers). Each of these three dimensions
of relatedness has its own way of pulling capabilities together, with local synergy
showing a particularly strong “magnet effect” in US cities (Farinha et al., 2019).
And, although orthogonal to each other, they may occur in simultaneous. For
instance, both similarity and complementarity make the relationship between
lawyers and paralegals.

But relatedness might have an additional role, still poorly investigated, yet
particularly relevant under technological transitions or any serious threat to
labour systems. Relatedness seems to channel the spread of impacts between
local capabilities - “diffusion effects”. For instance, the Great Recession of 2008
was much caused by cascading impacts beyond the initial real estate bubble.
Negative impacts diffused mainly through complementarities to products
and services for which the final demand was contracting the most (Dolfmanm
et al., 2018; Goodman & Mance, 2011). For instance, through input-output
linkages in the car industry, from manufacturing to insurance. While jobs of
low recessionary risk (e.g., doctors and nurses) could anchor the labour demand
of their complementary jobs (e.g., medical equipment technicians)'.

Also, the relatedness links through which impacts diffuse in a city differ from
one type of event to another. In the case of disruptive technologies, rather
than massively contracting the labour demand, they reshuffle the allocation
of production factors (Acemoglu & Restrepo, 2019). Two main effects weight

15 See Appendix 2 for how relatedness to jobs of high recessionary risk may have affected all other
jobs in US cities.

71



against each other in firm's choices between capital and labour (Acemoglu &
Restrepo, 2019; Lordan & Neumark, 2018) - displacement costs and productivity
gains.

Displacement costs

Firms choose to automate tasks where the alternative choice of labour would be
more expensive (Feng & Graetz, 2015). As low skill jobs usually display low labour
cost-benefit ratio (especially in the initial development states of the technology),
they might have less probability of being substituted by modern service robots
than its technical feasibility would tell (Decker et al., 2017).

But technology gets cheaper the more it gets implemented by firms and diffuses
in the local economy, as later adopters benefit and learn from the pioneers’
adoption process (Manyika et al., 2017). And it diffuses quicker (shorter period
from technical feasibility to actual implementation) the more similar tasks are
available to the technology, within and across firms in the city. In other words, the
more similarities exist between the jobs being automated and their neighbouring
jobs, the easier to adapt the new technology to automate the latter too.

In result, automation tends to concentrate among jobs that share a similar set of
automatable skills, despite having routine or non-routine, standard or cognitive
tasks (Nedelkoska et al., 2018). Workers at the core of such labour pools face
longer adaptation paths towards non-automatable jobs and higher probability
of unemployment (Alabdulkareem et al., 2018). Conversely, similarities to low-
risk jobs might facilitate labour flows to less automatable jobs.

Productivity gains

Automation has the power not only to substitute human labour, but also
to augment it, wherever human-computer collaboration can be exploited
(Brynjolfsson et al., 2018; Licklider, 1960; Sankar, 2012). In many jobs, only
particular tasks can be rendered by robots in higher quality, in which human-
computer collaboration may by far overcome the results of Al alone. For instance,
certain delicate medical operations might be better performed by robots than
humans, assisting the surgeon in its overall job, but hardly substituting all her/
his tasks.

Technology also transforms and creates tasks within jobs. Al models and
algorithms are not always interpretable or explainable, which creates new
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possibilities for their coordination with humans (Autor, 2014; Lin, 2011). Also, Al
may create new tasks meant exclusively for robots, thus, definitely not substituting
labour, possibly expanding it. For instance, the human capacity to land on Mars,
or to dive towards the bottom of the Mariana Trench, is limited compared to a
robot (Decker et al., 2017) and considerably eases the work of scientists. Finally, Al
gradually leaves well-defined environments (like factories) and enables workers
with no skills in information technology to control new robots and Al systems
(Decker et al., 2017). A recent study (Merritt, 2018) found that Al have not only
substituted but also changed traditional office jobs in Mexico.

In result, new technologies tend to bring higher productivity, earnings, and
labour demand for the jobs that are complementary to recently automated
ones (Autor, 2015; Decker et al., 2017; Griliches, 1969; Kremer, 1993). Accordingly,
studies (Bessen et al., 2020; Dahlin, 2019; Graetz & Michaels, 2018) have found
a positive impact of modern robots in labour productivity growth'.

In sum, the demand for labour tends to increase in jobs complemented, and not
substituted, by the new technologies, initiating adjustments in the labour supply
and adaptation of the workforce (Bessen et al., 2019). Moreover, each city has
its own portfolio of jobs and structure of similarities and complementarities
between them, making technology to spread unevenly, like water choosing the
best path to penetrate the soil. In each city, as a result of those two opposite
effects, displacement costs and productivity gains, automation impacts diffuse
through the existing structure of relatedness, “selecting” which workers
lose their jobs to automation and which workers benefit from it in terms of
productivity gains and labour demand.

For each worker in each city, this means that, besides the technical risk of automating
her/his job, the overall risk also depends on how similar or complementary she/he
is to co-workers in that city, given their risk to automation. At the end, the stronger
complementarities, and weaker similarities, a job has with neighbouring high-
risk jobs, the better it is expected to perform in terms of productivity and labour
demand". The opposite would rather increase chances of unemployment.

16 Also, a stronger positive impact for high skill jobs. This is expected in certain industries like manu-
facturing, where capital tends to be more complementary to high skills (Acemoglu et al., 2020; Griliches,
1969). While in personal care, for instance, low skill jobs tend to have low automation risk (Atkinson, 2017;
Nedelkoska & Quintini, 2018).

17 Or conversely, being similar, and not complementary, to low-risk jobs would also have a positive
impact.
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Therefore, in this paper, | test the following two hypotheses. Employment growth
is (H7) higher for job-classes that are more complementary to neighbouring
high-risk jobs (high technical risk of automation), and (H2) lower for job-classes
that are more similar to neighbouring high-risk jobs.

3. EMPLOYMENT DATA

In order to test HT and H2, first, | need to identify which jobs have high technical
risk of automation. Second, the similarities and complementarities between jobs
in each city. Third, an employment performance indicator, and relevant control
variables. This requires a considerable amount of data from distinct sources
that is uniquely available for the USA, as follows.

The Bureau of Labour Statistics (BLS) provides yearly employment statistics
for around 800 detailed job-classes (7digit OCC), within 22 job families (2digit
OCC), 400 industries (NAICS), and 400 Metropolitan Statistical Areas (MSA),
which represent unified labour systems (US Census Bureau, 2020). Also, the
Industry Sectoring Plan (ISP) cluster classification, which unifies product value
chains based on inter-industry linkages. This paper uses employment data at
the OCC-MSA and OCC-NAICS levels of analysis, the latter which | aggregate into
an OCC-ISP dataset.

The Occupational Information Network (O*NET) provides extensively detailed
data on the work scope of each job-class. This paper uses two variables. The
Intermediate Work Activities (IWA) describes how much each task is required
in each job-class (% of importance), in an optimal level of analysis that allows
network computation while providing enough detail to reveal the underlying
skills in each task. The Job Zone captures the level of required skills for each
job-class (low=1, high=5). It covers academic degree, experience, on-the-job
training, and certifications.

Finally, | use Atkinson (2017)'s index of automation risk (high=1, low=5)",
provided by the Information Technology and Innovation Foundation (ITIF). It
estimates the technical risk of automation in each job-class by combining BLS
employment data'™ with experts evaluation on the possibility of a job being

18  E.g., cashiers and credit analysts have high risk, while actors, dentists, firefighters, hairdressers
have low risk.
19  Data series for 2014-2024, available in https://data.bls.gov/projections/occupationProj
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radically altered by new technologies given its work scope (Atkinson, 2017).
It directly covers all job-classes, aligns well with BLS employment projections
(which also accounts for technological change) and, as expected, is weakly
correlated with educational background (=-0.4), since recent developments of
Al can substitute high-skill jobs too.

Since OCC and MSA classification schemes had major revisions before 2005
and after 2016, | restrict the period of analysis within those years. Also, | drop
the OCCs and MSAs created/ceased during that period, and the “All Other”
type of classes without match in O*NET data. The final data includes 733 OCC,
389 MSA, 179 ISP, 332 IWA, 5 Job Zones, 5 ITIF Automation Risk categories, and
12 years. For ease of interpretation, from here on, | will refer to those as “job”,
“city”, “cluster”, “task”, “JobSkills”, and “JobAutRisk”, respectively. And the three
datasets of OCC-MSA, OCC-ISP, and OCC- IWA, as “job-city”, “job-cluster”, and
“job-task” datasets. Next, | transform the data to build the variables of interest,
as presented in the next subsections.

3.1. The Job Space Under Automation

In order to capture the structure of jobs in cities, scholars have built network
representations of the workforce (Alabdulkareem et al., 2018; Farinha et al., 2019;
Muneepeerakul et al., 2013; Neffke et al., 2018; Shutters et al., 2018)%°. In this
paper, such network should also show which jobs are similar or complementary
to other existing jobs of high (or low) technical risk of automation.

Therefore, | build a network representation of the USA workforce under
automation, where nodes are job-classes, links are the level of relatedness
between them, with two types of links for the relevant dimensions of relatedness
(complementarity and similarity), and three types of nodes for technical risk
of automation (high, medium, or low). This way, although the network is not
directed (relatedness matrices are symmetric), from the perspective of each
node (source node), both its links and the destination of its links (target node)?'
are captured as having high, medium, or low technical risk of automation.

20 Recent applications of network visualization tools have resulted in remarkable online interactive
platforms for exploring skills, professions, country and city profiles. To name a few, the Observatory of
Economic Complexity (https://oec.world), the Data USA (https://datausa.io/), and the Skillscape (http://
skillscape.mit.edu).

21 Each link, directed or undirected, connects two nodes, commonly referred as the source node and
the target node.
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Figure 1 below allows the visualization of this network - Job Space Under
Automation. The nodes’ shapes represent the three levels of technical risk
of automation. And their colours, their job families. Finally, links' colours are
dimensions of relatedness (when two job-classes are simultaneously similar
and complementary to each other, the stronger is displayed).

A Low AutRisk
@ Median AutRisk
B High AutRisk

—  Complementarity
—  Similarity

X

>
> Social Service @®  Food Preparation and Serving &\>
©® Legal @ Cleaning and Maintenance
@® Management @  Education @  Personal Services
@ Business and Finance @®  Arts, Design, Sports, Media @ Sales
©  Computer and Mathematics @  Healthcare Specialists @ Administrative @® Maintenance
Architects and Engineers @  Healthcare Support @® Farming @ Production
Scientific Protective Service @ Construction @  Transportation

Figure 1. The Job Space Under Automation

For instance, farm inspectors (see examples in Figure 2 below) have low technical
risk of becoming automated. Moreover, they are similar and also, although
less, complementary to farm sorters, which have high automation risk. Thus,
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according to the literature discussed above, while farm inspectors can benefit
with the automatization of colleague sorters, the latter can use its similarities
to the former to adapt skills and become agricultural inspectors, which is
expected to be in high demand in the near future. A different example, taxi
drivers and bus drivers are not particularly complementary, they rather share
similar tasks (that require navigation skills, etc.). Although the former has high
risk of automation, bus drivers require some other skills that are bottlenecks
of Al (associated with social trust and safety), making them less susceptible to
automation. Yet, in cities where automated cars are already well established,
the technology can more easily expand to automate bus drivers too.

Figure 2. Examples (“zoom in” sections of the Job Space Under Automaton)

At the city level, the Job Space Under Automation assumes the same network
structure of nodes and links, but only displaying the nodes that are job
specializations of that city in a given year (nodes’ colour turn grey if that job
is not a specialization of the city). Moreover, for a comparison between cities,
one can build a multi-layer network, choosing layers of the Job Space Under
Automation for specific cities, years, or relatedness dimensions.

Figure 3 below allows a separate visualization of complementarities and
similarities (which shows when two nodes are simultaneously similar and
complementary), for both Boston and for Napa Valley, in 2016. Boston shows
multiple job specializations in Education, Health Care, and Sciences (left side of
the network), but also in Management, Finance, and Computer jobs (centre of the
network). Whereas Napa Valley is much less diversified, with job specializations
revolving around the wine industry (right side of the network), including food
engineering, restaurants, and leisure. Such different job portfolios between
Boston and Napa Valley must translate into different diffusion paths for the
impacts of automation. For example, credit analysts (also in Figure 2 above) is a
specialization of Boston but not of Napa Valley. Therefore, effects of automating
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credit analysts should reflect on credit analysts’ employment levels, but also
on jobs related to them, such as credit authorizers, which are more strongly
represented in Boston than in Napa Valley.

m m
L3 L3
L] L ]
° °
{ . B ol s ]
i’ » > * 'V/> > i’ » > % : [
o '.' s ° Y :\- ot
Vi ol it Se s
S
*” ,0¢8 :.o \. e ,048 f)"c f.
o b b ° ° 2D b °
e ° e F o °
°® :.\}:’ ;I' { ‘\‘ oo’ : - :'ﬁ oo ¥ .‘ oo :
- ° PN = > 13 o f. °
.o ° I.I ° ..K L]
f L] @ IS .. e L] @ IS

Figure 4. Network layers - complementarities and similarities in Napa Valley, 2016

3.2, Relatedness to high-risk-jobs

From the Job Space under Automation of US cities, | “extract” the variables
of interest for testing hypothesis H7 and H2, as the level of relatedness of
each job (source node) in each city to other existing jobs (target nodes) that
have high technical risk of automation. It is computed for both similarities
and complementarities, as they are expected to have opposite effects on
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employment growth. It follows a sequence of computation phases, described
below.

Phase 1 computes each city’s portfolio of job specializations that have high risk
of automation, based on ITIF's index of jobs' automation risk (Atkinson, 2017).
First, | transform the BLS data on the number of workers at the job-city level,
into a CxP matrix, where C is the number of cities, and P is the number of job-
classes. Second, | compute the commonly used location quotient (LQ) for each
cell (¢,i) of the matrix, as follows:
(552)
Zj Xe,i

LQ,; = —=—~
QC'L Zcxc,i
Zc Zj Xe,i

LQ_,describes how much specialized a city cis in job /, in relation to the national
employment levels of that job i. If higher than one, the job i is “over-represented”
in city c (otherwise “sub-represented”). Third, | transform the above into a
binary matrix, where =1 means the job i is “overrepresented” in city c and has
JobAutRisk=1 (=0 otherwise).

Phase 2 computes the matrices for similarity and complementarity dimensions
of relatedness (as in Farinha et al., 2019). First, | use O*NET data on tasks to build
a 1xW vector for each job i, where W is the number of task classes (as in Hasan
etal.,, 2015). Second, | join them to form a job-task matrix, WxP. Third, | compute
a location quotient for tasks in jobs, LQ,,, in each cell (w,/), and transform it
into binary, where =1 means the task w is of crucial importance for job i (=0
otherwise). Forth, | build a symmetric PxP matrix, in which each cell (j, j) contains
similarity between jobs i and j, measured as the probability that a specific task
is crucial for job i given that is also crucial for job j (co-occurrences measure,
as in Eck & Waltman, 2009). Finally, | repeat Phase 2 steps for Complementarity,
this time departing from the job-cluster data, to measure how often two jobs
are jointly required in the same value chain. Similarity and Complementarity are
lower bounded by zero (no task/cluster is relevant for job i and j) and upper
bounded by one (all tasks/clusters that are relevant in job j are also relevant in
job j, and vice versa).

Phase 3 computes the final variables for relatedness density of each job in each
city considering only the target nodes that have high risk of automation. For
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this, | combine the two PxP relatedness matrices from Phase 1 and 2 (Similarity
and Complementarity) into two PxC relatedness density matrices (as in Balland
et al., 2019) as follows:

Yixj jec jobautrisk;=1 Relatedness, ;

RelatednessToHighRisk; . = * 100

Yixj Relatedness; ;

In result, the Similarity density matrix contains, in each cell (i,j), similarity density
of job i to all other jobs j that exist in the city and have high technical risk of
automation (note how a job in a city can have a low relatedness density to
high-risk-jobs even having an overall high relatedness density, in which case, its
relatedness to existing jobs would concern mostly medium and low risk jobs).
The Complementarity density matrix contains complementarity values instead.
Finally, | transform these matrices into the following two relatedness variables:

(i) Similarity of a job to neighbouring high-risk jobs (SimilarToHighRisk)
(i) Complementarity of a job to neighbouring high-risk jobs
(ComplementaryToHighRisk)

4. IMPACT OF AUTOMATION ON EMPLOYMENT
GROWTH IN US CITIES

41. Variables and descriptives

Although impossible to pin-point its start, the first wave of automation under
the current technological transition has obviously arrived and has been affecting
jobs at speeding rates in the last few years (Brynjolfsson & McAfee, 2014; Rao &
Verweij, 2018). Therefore, the local net impacts from automation (replacement
needs and job losses, higher productivity and labour demand, transformations
within the job) must reflect on employment growth at the job-city level. This
is, of course, controling for other factors that affect this performance indicator
under the same period. Such as the past Great Recession, which heavily
affected employment from 2008 to 2014, when it finally reached pre-crisis levels
(Dolfmanm et al., 2018; NBER, 2010).

Therefore, in order to test how relatedness to high-risk-jobs have recently
affected local employment performance, while “jumping” the past recessionary
shock, the dependent variable in this analysis is employment growth of a job
in a city from 2007 to 2016 (Growth/.,c). The independent variables of interest
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(SimilarToHighRisk and ComplementaryToHighRisk) are in levels of 2007. And the
control variables include factors and trends since 2005, as follows below.

As previously discussed, relatedness between jobs seems to promote
employment growth and diversification in cities (Farinha et al., 2019;
Muneepeerakul et al., 2013; Shutters et al., 2018). Therefore, although this paper
focus on the “diffusion” effects of relatedness, the “magnet” effects should still
be controlled for. Accordingly, | compute the geographical relatedness of a job
to all job specializations of a city in 2007 (GeoRelated). As an overall measure of
relatedness, it combines all dimensions of relatedness that bring jobs together
in a city (Farinha et al., 2019).

City size (CitySize) and job size (JobSize) in terms of employment levels are also
included, in log levels of 2007, as both are expected to affect employment growth
(Chen et al., 2019; Frank et al., 2018). Moreover, | control for the local dominance
of a job in a city, with a dummy variable =1 if job / was a job specialization of
city ¢ in 2007, and 0 otherwise (RCA). | also account for major labour demand
trends prior to 2007 that might have conditioned the effects from both the
Great Recession and automation in subsequent years. More concretely, | add
employment growth from 2005 to 2007 at the city level (CityEmpTrend), at the job
level (JobEmpTrend), and, for local trends, at the job-city level (EmpTrend). Also,
the Great Recession had its own diffusion dynamics, particularly strong between
2008 and 2010, with some jobs in certain cities recovering quicker than others,
thus affecting the geography of jobs in the US (Beyers, 2013) beyond the impacts
of automation. Therefore, | control for a job's local resilience capacity during
the worse years of the crisis, i.e., between 2007 and 2010, using two variables.
Employment growth (EmpResilienceGR) accounts for the capacity to maintain
employment levels regardless of ongoing adaptation and structural changes.
And geographical relatedness growth (StructuralResilienceGR), as the Great
Recession may also have affected a job's level of relatedness in a city, which
has been shown to strenghten its future capacity grow in terms of employment
(Muneepeerakul et al., 2013).
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Finally, | control for specific characteristics of jobs that are associated with
current labour demand trends (in 2007 levels). First, automation impacts
are, of course, and to a certain extent, conditioned by the technical risk of
automating tasks within a job (JobAutRisk). Second, there seems to be a non-
linear (U-shaped) relationship between level of skills within a job (JobSkills) and
automation impacts, commonly referred as skills polarization (Autor & Dorn,
2013; Goos et al.,, 2014; Jaimovich and Siu, 2012). Third, jobs that reply the most
on complex skills currently show an increasing demand for labour (Davies &
Maré, 2019; Moretti, 2012). Therefore, | add jobs' complexity (JobComplexity),
computed with the method of reflexions (Hidalgo & Hausmann, 2009) adapted
to jobs in cities (Farinha et al., 2019), where a highly complex job tends to be
found in few cities (low Job ubiquity) that are very diverse (high City diversity).
The final data includes 733 job-classes in 389 cities. Table 1 below presents
variable’s descriptive statistics.

As expected, JobAutRisk is positively yet weakly correlated with employment
growth at the job-class level, possibly due to local dynamics that also affect
technology adoption and employment levels, as this paper aims to demonstrate
(see correlation matrix in Appendix 1).

4.2. Job-City employment growth under automation
In this section, | test the hypothesis H7 and H2 by regressing Growth, on
SimilarToHighRisk and ComplementaryToHighRisk, plus controls, as follows:

Growth; . = piSimilarToHighRisk; . + f,ComplementaryToHighRisk; . +
+ BsGeoRelDen; . + B,RCA; . + BsEmpTrend; . +
+ BeEmpResilienceGR; . + B;StructuralResilienceGR; . +
+ BgIn(JobSize) j + PoJobEmpTrend; + f1oJobComplexity; +
+ B11dyJobSkills2 j+ B1,dy]obSkills3 j+ B13dyJobSkills4 i+ B14dy]obSkills5; +
+ Bi1sdyJobAutRisk2 ; + B, cdyJobAutRisk3; + B1;dyJobAutRisk4; + BigdyJobAutRisk5; +
+8, + ¢
where ¢ is the error term, and § fixed effects for cities, which comprises all
invariant factors that characterise each city economic context. In such model
specification, observable variables at the city level, such as cities’ 2007

employment levels (CitySize) and growth trends (CityGrowth), are controlled for
as fixed effects, rather than as independent variables. Whereas observable
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variables at the job level (JobAutRisk, JobSkills, JobComplexity, etc) are independent
variables, so to allow its isolated analysis. Alternative model specifications are
presented in Appendix 3. Finally, the categorical variables JobAutRisk and JobSkills
are included as dummies (from 2 to 5), in reference to JobAutRisk=1 (high-risk)
and JobSkills=1 (low-skills), respectively.

Table 2 below presents the results for the econometric analysis in four model
specifications. Model (1) contains only control variables, all of them statistically
significant, except the dummies dyJobSkills5 and JobAutRisk2. Together with the
other dummies, they seem to confirm the current trend of skills polarization
referred above (U-shaped relationship between skills level and employment
under automation). More concretely, while the coefficients for the JobAutRisk
dummies (in relation to high-risk-jobs) show somewhat linear effects on
employment growth (starting from no significant differences between high
and medium-high risk, to major differences between high and low risk), the
coefficients for JobSkills (in relation to low-skills) are non-linear, with negative
and stronger coefficients for medium-skills. Also, note how the national and
local employment trends before the recession (JobEmpTrend and EmpTrend), and
the local growth and structural change during recession (EmpResilienceGR and
GeoRelResilienceGR) do not exclude each other in terms of statistical significance.
Their strong coefficients seem to confirm distinct growth dynamics between
national and local, before and during the Great Recession. Finally, geographical
relatedness (GeoRel) is statistically significant in all five models. Independently
of which variables of interest enter the model, “magnet” effects keep relevant
along with “diffusion” effects of relatedness. Models (2) and (3) add the variables
of interest, one at time. Model (4) adds them together. Model (5) has scaled
variables of interest instead, for comparison of coefficients.
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In the main Model (4), SimilarToHighRisk shows a statistically significant
and negative coefficient (-0.014), which seems to confirm that, when the
similarity of a job to local high-risk jobs increases by, say, 10 percentage
points, its local employment growth decreases (-14%). And the reverse for
ComplementaryToHighRisk, which shows a statistically significant, positive, and
even stronger coefficient (0.034), thus, increasing employment (34%). This is
independent of having low or high technical risk of automation, as dummies for
JobAutRisk are included. An illustrative example taken from the data, surgeons
(JobAutRisk=5) were less SimilarToHighRisk and more ComplementaryToHighRisk in
New York than in Portland in 2007. In line with the above results, surgeons had
greater employment growth in New York (0.25) than in Portland, where it even
decreased (-0.75), perhaps due to less replacement needs. In Model (5), we see
that effects of productivity gains seem to be more than three times stronger
than substitution effects.

Moreover, SimilarToHighRisk and ComplementaryToHighRisk show to be weaker
or even loosing statistical significance when including one and not the other
(Models 2 and 3). This is also expected, since these two diffusers of impacts
have opposite effects on employment and yet may occur in simultaneous
between two jobs for which the automation impacts are mixed. For instance,
paralegals (number 7 of previous Figure 1) are complementary and similar to the
high-risk job of law examiners (8). Therefore, when Al automates tasks within
the latter job, the former may have its productivity increased while becoming
easier to automate too. Finally, note how the variables of interest seem to affect
employment at the job-city level even when controlling for RCA and city fixed
effects (i.e., beyond cities specific portfolio of job specializations, commonly
used in previous studies to extrapolate jobs' risk to cities' risk of automation).
Which seems to confirm that, indeed, the “diffusion” effects of relatedness
should be accounted for when estimating impacts from automation, both for
jobs and for cities.

4.3. Robustness analysis

Some methodological considerations were taken when building the main model
(4). For instance, regarding the chosen index of technical risk of automation
(JobAutRisk). Although from Frey & Osborne (2013) to Atkinson and ITIF (2017)
many indexes have been built, criticised, and improved, they keep somewhat
redundant in its essence, i.e., based on experts’ opinion on the bottlenecks
and technical potential of Al. As this paper goes on step further to capture
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local diffusion of impacts, results should be robust to which index of technical
risk it departs from. Accordingly, robustness checks using alternative indexes
for JobAutRisk are strongly aligned with the main results. See Appendix 4 for
robustness analysis with Frey & Osborne (2013)’s index.

| run additional robustness analysis for alternative model specifications
regarding fixed effects (Appendix 3), period of analysis (Appendix 2, where
| further add the particular “diffusion” effects of the Great Recession, i.e.,
relatedness to jobs of high-recession-risk), and stratified results for different
skill levels and automation risk (Appendix 5). All these robustness exercises
confirm the main analysis in this paper. In particular, the negative effects of
SimilarToHighRisk become even stronger within low-skill and high-risk groups (as
discussed before, skills of high risk tend to concentrate in labour pools of low-
skills jobs, leaving them not only with longer adaptation paths towards low-risk
skills, but also more susceptible to diffusion of technology through similarities).
The positive effects of ComplementaryToHighRisk also become stronger, but for
high-skills and low-risk instead (lower concentration of similarities to high-risk-
jobs, thus negative effects spread less, and positive ones spread more given
higher potential for human-computer-collaboration).

Still, as discussed before, labour pools with high concentration of low skills (or
high skills) may contain some heterogeneity regarding automation risk. And jobs’
levels of relatedness to high-risk jobs also differ among cities, as each city has its
own structure of jobs. For instance, taxi drivers in Napa Valley and taxi drivers
in Boston must have different adaptation paths towards less automatable skills
(as for paralegals, or credit analysists, or any other job-class). This means that,
based on the technical risk of automation and the local relatedness to high-risk
jobs, opportunities can be found to prevent job losses and increase productivity
of each job-class in each city.

5. CONCLUDING REMARKS

In this paper, | empirically investigate how impacts from automation spread
between jobs in US cities. The results show that job losses/gains can be
exacerbated by the local employment structure, beyond what jobs’ technical
risk of automation alone would determine. More concretely, controlling for the
latter, a job in a city seems to show (i) higher employment growth when having
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more complementarities to local high-risk jobs, and (ii) lower employment
growth when having more similarities to local high-risk jobs.

The results agree with existing case studies and theory explaining how
automation can benefit jobs that are complementary, and not similar, to
neighbouring high-risk jobs (Autor, 2015). Moreover, it confirms that, under
major economic events, impacts may spread unevenly between cities, as some
existing relatedness links are more prone to transmit effects than others. Thus,
beyond how much related to local capabilities, it matters to which type of local
capabilities one is related to.

This paper also opens new research avenues that need further investigation.
First, diffusion effects should be incorporated and tested in a new automation
risk index that goes beyond technical risk. As each city has its own labour
structure, such would result in place-based rankings. Second, to which extent
the results hold for different economic contexts, such as developing countries,
and for more granular levels of analysis. Other levels of analysis, such as job-
industry-city, firm level, or case studies, can more directly capture technology
adoption in firms and reveal specific industrial dynamics. A third avenue of
research regards the interaction with other strong events that have distinct
diffusion mechanisms, as they might either exacerbate or smooth the diffusion
of impacts from automation. For instance, the current global health pandemic,
Covid19, is pushing many jobs to adopt new digital technologies while destroying
the ones that cannot go online (Lu, 2020), including jobs of low automation risk,
such as hairdressers, dentists, etc. Forth, this paper asks for a new theoretical
formulation of how labour systems evolve under technological change.

Finally, we might be able to prevent great damage from automation by
redesigning jobs and reengineering business processes to meet symbiotic
relationships between technology and labour (Brynjolfsson & McAfee, 2014;
Brynjolfsson et al., 2018; Rio-Chanona et al., 2019; Nedelkoska & Quintini, 2018).
As shown in this paper, such “right” linkages would be local complementarities
to high-risk-jobs, whereas the “harmful” linkages would be local similarities to
high-risk-jobs. Therefore, for cities with a large labour pool of high-risk skills,
jobs outside that labour pool that collaborate with jobs within it will likely
benefit from automation. But workers within are in greater jeopardy (than in
cities where such labour pool is smaller) and urge to adapt skills and/or find a
symbiotic relationship with the new technologies. Regional policies can use the
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linkages between local capabilities (Balland et al., 2019) to neutralise negative
effects and promote the spread of positive ones. Especially needed where
similarities to high-risk-jobs out rule complementarities to high-risk-jobs. As a
demonstration, based on the results of this paper, | provide a novel (and very
preliminary) index of automation that accounts for the local diffusion of impacts
in each US city (available in tfarinha.wixsite.com/tfarinha).
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Diffusion effects of the great recession
The current technological revolution has been operating at least since the

90s, i.e., substituting
last recessionary shoc

human tasks per robots before, during, and after the
k (Acemoglu & Restrepo, 2017). More recently, the Great

Recession started spreading in the economy and labour markets in 2008 (Xue
& Larson, 2015), pushed by the American financial shock of 2007. It massively
destroyed jobs until 2010 (the worse year of the crisis) and only in 2014 the
economy seemed to have returned to pre-crisis employment levels. These two
(totally different) events are contemporary to each other during the period
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2008-2014, and their spreading effects might have overlapped each other?2,
For instance, between 2007-2010, cashiers and chief executives experienced
similar employment decrease while having opposite technical risk, JobAutRisk=1
and JobAutRisk=5 respectively. Or, cashiers and court clerks have the same high
automation risk (#1) and yet they performed opposite in terms of employment
growth distribution (cashiers grew at -6%, court clerks at 16%). Accordingly, the
correlation between national employment growth during the past recession
(2007 to 2010) and the Automation Risk is rather low (0.11).

Model (1) in Table 8 below repeats the analysis in main model except that
employment growth between 2007 and 2010 (EmpResilienceGR) is now the
dependent variable (Cappelli et al., 2018). Results show that, under the Great
Recession, the recessionary employment dynamics seem to have outperformed
the effects of automation. Not only the “diffusion” effects of automation loose
strenght, SimilarToHighRisk coefficient even becomes positive. Moreover,
while jobs of low JobAutRisk seem to have been less harmed, in medium-risk
employment growth was worse than in high-risk. This is expected as some
jobs of high automation risk have rigid labour demand, which seems to rule
employment growth during a major recession. Model (2), in same table,
repeats the analysis, while adding the particular “diffusion” effects of the
Great Recession, i.e., similarity and complementarity to jobs most harmed,
in terms of employment, under the recession (SimilarToHighRiskGR and
ComplementaryToHighRiskGR). Again, results seem to confirm how the “diffusion”
effects identified in the main model seem to be specific of the current wave
of automation, and less effective under the past Great Recession, when the
recession’s “diffusion” effects must have outcome the automation ones (being
similar or complementary to jobs more severely affected by the recession had
negative impacts on employment under the past recession).

22 Thepastrecession might have intensified a change of skills in the workforce (Schumpeterian creative
destruction process), with automation selectively helping the recovery of industries better aligned with
the skills of the future and labour saving through substitution per automated solutions (Autor, 2015). Or it
might have delayed the technological transition (Charles et al., 2016) where, for instance, the automation
negative effects on manufacturing would have appeared earlier without the large and temporary increases
in housing demand pre-crisis.
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Table 4. Models for city-job employment growth under the Great Recession

Dependent variable:

EmpGrowth 2007-2010 (%)

(1) (2)
SimilarToHighRisk 0.005" -0.002
(0.002) (0.002)
ComplementaryToHighRisk 0.016™" 0.012"
(0.001) (0.007)
SimilarToHighRiskGR -0.013™
(0.001)
ComplementaryToHighRiskGR -0.009"*
(0.0071)
GeoRelated 0.019"* 0.019™*
(0.001) (0.007)
RCA -0.219" -0.214™
(0.004) (0.004)
EmpTrend -0.149"* -0.149™
(0.003) (0.003)
GeoRelatedTrend 0.302"*" 0.296™"
(0.033) (0.033)
In(JobSize) 0.015"" 0.011™*
(0.002) (0.002)
JobEmpTrend 0.601"* 0.596™"
(0.020) (0.020)
JobComplexity 0.002*** 0.002*
(0.0002) (0.0002)
dyJobSkills2 -0.032™ -0.029***
(0.007) (0.007)
dyJobSkills3 0.019™ -0.001
(0.008) (0.008)
dyJobSkills4 0.065"* 0.031**
(0.009) (0.009)
dyJobSkills5 0.117 0.068™
(0.010) (0.010)
dyJobAutRisk2 -0.029™* -0.011
(0.007) (0.007)
dyJobAutRisk3 -0.021" -0.006
(0.008) (0.008)
dyJobAutRisk4 0.046™" 0.044™
(0.008) (0.008)
dyJobAutRisk5 0.058"* 0.054*
(0.009) (0.009)
Observations 122,429 122,429
R2 0.091 0.094
Adjusted R? 0.088 0.091

Residual Std. Error

0.582 (df = 122023)

0.581 (df = 122021)

Note: “p<0.1; **p<0.05; **p<0.01
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APPENDIX 3

Alternative model specifications regarding fixed effects

For robustness analysis, | test alternative model specifications regarding fixed
effects. In model (1) of Table 9 below, | run a one-way fixed effects for jobs. Since
local economy dynamics affecting employment are vast, observable variables
at the city level must be added. But they are also usually highly correlated,
which can compromise the analysis if joinlty added to the model. Therefore, |
include only CitySize (In) and CitySizeGrowth as regressors, as these are not highly
correlated to each other, and are highly correlated to other city characteristics
left out (such as city complexity, etc.). In model (2) of the same table, | run the
a two-way-fixed effects version, for cities and for jobs. In result, all invariant
specific variables for cities and for jobs become NA in the model (“the matrix
is either rank-deficient or indefinite” compromising the analysis), and we loose
further varibility (and statistical significance of SimilarToHighRisk) yet an increase
in the R2. Finally, in model (3), | test the model specification of no fixed effects,
adding all previous variables together in the regression. Results seem to indicate
the importance of city fixed effects, which are mostly unobservable, while
keeping the variables of interest at the job-city and job level.

Table 5. Models with alternative model specification regarding fixed effects

Dependent variable:
EmpGrowth 2007-2016 (%)

(1 (2) (3)
SimilarToHighAR -0.013™* 0.003 -0.021
(0.003) (0.004) (0.002)
ComplementaryToHighAR 0.015™** 0.019™ 0.040™"
(0.003) (0.003) (0.002)
GeoRelated 0.077** 0.242* 0.074**
(0.005) (0.008) (0.005)
RCA -0.175" -0.204 -0.169™*
(0.004) (0.004) (0.005)
EmpTrend -0.125"* -0.127* -0.108"*
(0.004) (0.004) (0.004)
EmpResilienceGR 0.485™" 0.473™" 0.535™"
(0.004) (0.003) (0.004)
GeoRelResilienceGR 0.084™ 0.136™" 0.252"**
(0.027) (0.052) (0.027)
In(CitySize) -0.002 -0.004
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Table 5. Models with alternative model specification regarding fixed effects
(Continued)

Dependent variable:
EmpGrowth 2007-2016 (%)
1 (2) (3)
(0.003) (0.003)
CitySizeGrowth 1.025™ 0.981™"
(0.052) (0.055)
In(JobSize) 0.032™
(0.002)
JobEmpTrend 0.916""
(0.025)
JobComplexity -0.0001
(0.0003)
dyJobsSkills2 -0.075""
(0.009)
dyJobSkills3 -0.062*
(0.010)
dyJobSkills4 -0.039"™*
(0.011)
dyJobSkills5 0.003
(0.012)
dyJobAutRisk2 0.015"
(0.009)
dyJobAutRisk3 0.071"
(0.010)
dyJobAutRisk4 0.149™*
(0.010)
dyJobAutRisk5 0.172™"
(0.011)
Constant -0.310™"
(0.047)
Observations 122,356 122,356 122,356
R2 0.329 0.360 0.239
Adjusted R? 0.325 0.354 0.238
Residual Std. Error 0.691 (df = 121614) 0.676 (df = 121228) 0.734 (df = 122335)

Note: "p<0.1; *"p<0.05; **p<0.01
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APPENDIX 4

Alternative index for technical risk of automation - Frey and Osborne (2013)
Table 4 below shows the results for the alternative analysis using the
Frey & Osborne (2013) index for professions’ technical risk of automation
(JobAutRiskF&O), transformed into five dummies (equivalent to JobAutRisk
categories from high to low risk, i.e. from 1 to 5). The results are strongly aligned
with the main results in this paper. Both indexes capture the technical feasibility
to automate tasks within jobs and arrive at similar rankings for professions’
automation risk. More importantly, as this paper aims to demonstrate, both
indexes are insufficient to evaluate the overall impacts from automation, as
it further depends on local spread of impacts, which can be captured by jobs’
levels of relatedness to local high-risk-jobs.

Table 6. Models with F&O index (alternative index of jobs’ technical risk of
automation)

Dependent variable: Job-City Employment Growth 2007-

2016 (%)
(1) (2) (3) 4)
SimilarToHighRisk -0.014™* -0.019™
(0.002) (0.002)
ComplementaryToHighRisk 0.006™" 0.011™*
(0.001) (0.002)
GeoRelated 0.019"™* 0.019"" 0.019"* 0.019"*
(0.001) (0.001) (0.001) (0.001)
RCA -0.180™ -0.180"" -0.181™ -0.181*
(0.005) (0.005) (0.005) (0.005)
EmpTrend -0.113™ -0.114™ -0.113** -0.114™
(0.004) (0.004) (0.004) (0.004)
EmpResilienceGR 0.524* 0.524* 0.524* 0.524*
(0.004) (0.004) (0.004) (0.004)
StructuralResilienceGR 0.747™* 0.737"" 0.754"" 0.746™"
(0.045) (0.045) (0.045) (0.045)
In(JobSize) 0.028* 0.031™* 0.027* 0.029"*
(0.002) (0.002) (0.002) (0.002)
JobEmpTrend 0.987"" 0.983™ 0.989™ 0.987"
(0.026) (0.026) (0.026) (0.026)
JobComplexity 0.003** 0.003"** 0.002™** 0.003™*
(0.0003) (0.0003) (0.0003) (0.0003)
dyJobsSkills2 -0.077" -0.080"" -0.078™* -0.085""
(0.009) (0.009) (0.009) (0.009)



Table 6. Models with F&O index (alternative index of jobs’ technical risk of

automation) (Continued)

Dependent variable: Job-City Employment Growth 2007-

2016 (%)
(1) (2) (3) (4)
dyJobsSkills3 -0.031** -0.030™* -0.033*** -0.035***
(0.010) (0.010) (0.010) (0.010)
dyJobSkills4 -0.023* -0.022* -0.026" -0.028"
(0.011) (0.011) (0.011) (0.011)
dyJobsSkills5 0.020 0.017 0.020 0.016
(0.013) (0.013) (0.013) (0.013)
dyJobAutRiskF&02 0.063*** 0.054"** 0.069*** 0.063**
(0.009) (0.010) (0.010) (0.010)
dyJobAutRiskF&03 0.084*** 0.067"* 0.092"** 0.076"**
(0.010) (0.010) (0.010) (0.010)
dyJobAutRiskF&04 0.120"** 0.101** 0.129"* 0.112**
(0.010) (0.010) (0.010) (0.010)
dyJobAutRiskF&05 0.174* 0.151"** 0.183"* 0.161"**
(0.011) (0.011) (0.011) (0.011)
Observations 116,876 116,876 116,876 116,876
R 0.270 0.270 0.270 0.271
Adjusted R? 0.267 0.268 0.268 0.268
Residual Std. Error 0.708 0.708 0.708 0.708

(df=116471) (df =116470) (df=116470) (df =116469)

Note: *p<0.1; **p<0.05; **p<0.01
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APPENDIX 5

Results for stratified dependent variable

| repeat the analysis of the main model (relatedness variables are scaled to
allow comparison), for alternative dependent variables. More specifically, the
dependant variable is EmpGrowth 2007-2016 (%) for the specific groups: high-
skills, low-skills, high-risk, and low-risk jobs (JobAutRisk)

Table 7. Results for stratified data

Dependent variable:
EmpGrowth 2007-2016 (%)
HighSkilljobs LowSkilljobs HighRiskjobs LowRiskjobs

(1 (2) (3) 4)
SimilarToHighAR -0.0M -0.025"" -0.012™ 0.008
(0.008) (0.004) (0.003) (0.007)
ComplementaryToHighAR 0.087*** 0.039"** 0.028"* 0.052***
(0.006) (0.003) (0.003) (0.004)
GeoRelated 0.190"* 0.233™" 0.210™" 0.180""
(0.014) (0.012) (0.013) (0.011)
RCA -0.226™ -0.166™" -0.164™ -0.224™
(0.008) (0.007) (0.007) (0.007)
EmpTrend -0.106™* -0.115™* -0.103** -0.113™
(0.007) (0.006) (0.006) (0.006)
EmpResilienceGR 0.574™" 0.466™" 0.468™" 0.559""*
(0.006) (0.006) (0.006) (0.005)
GeoRelResilienceGR 0.332™ 0.587"" 0.336™" 0.908™*
(0.076) (0.070) (0.067) (0.067)
log(JobSize) 0.050™" 0.010"" 0.027* 0.038™"
(0.004) (0.004) (0.003) (0.004)
JobEmpTrend 1161 0.370"* 1.234™ 0.614™"
(0.040) (0.041) (0.046) (0.036)
JobComplexity 0.005™" -0.003™ 0.0005 0.004*
(0.0005) (0.0005) (0.0005) (0.0004)
JobSkills2 -0.096™" -0.069™" -0.160™"
(0.009) (0.010) (0.031)
JobSkills3 -0.051"* -0.169"*
(0.012) (0.030)
JobSkills4 -0.046™" -0.126™"
(0.016) (0.031)
JobSkills5 0.075™" -0177 -0.096™"
(0.009) (0.034) (0.032)
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Table 7. Results for stratified data (Continued)

Dependent variable:

EmpGrowth 2007-2016 (%)

HighSkilljobs LowSkilljobs HighRiskjJobs LowRisk]jobs

(1) (2) (3) 4)
JobAutRisk2 -0.063 0.059™* 0.013
(0.045) (0.010) (0.008)
JobAutRisk3 0.041 0.074
(0.044) (0.011)
JobAutRisk4 0.179™ 0.135"
(0.044) (0.012)
JobAutRisk5 0.161™* 1.102" 0.034
(0.044) (0.030) (0.007)
Observations 41,103 47,339 41,899 57,954
R2 0.293 0.265 0.260 0.268
Adjusted R? 0.286 0.259 0.252 0.262
Residual Std. Error 0.745 0.698 0.670 0.752
(df=40699) (df =46935) (df =41495) (df = 57550)

Note: *p<0.1; **p<0.05; **p<0.01
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1. INTRODUCTION

Public support to business investments, especially for Small and Medium Sized
firms (SMEs), is a key mechanism through which the EU promotes socioeconomic
convergence among European regions. Under the current programming
period (2014-2020), the European Commission has allocated around 20% of
the European Regional Development Fund (ERDF) - €57 billion - to supporting
SME investments in competitiveness, research and innovation, the low-carbon
economy and information and communication technologies?. The total amount
of funds dedicated to these domains has been increasing over the years, as
regional policy shifts away from investment in hard infrastructure towards
business support and innovation (European Commission, 2014).

Job quality - skilled, safe, fairly remunerated, work-life balanced jobs?* - has
been shown to increase worker motivation, customer loyalty, and productivity,
to lower absenteeism and turnover rates. (Harter et al., 2004; Warr, 1999), and
to spur improvements in organizational performance and profitability (Boxall
& MacKy, 2009; Kaufman, 2010). A number of studies (Clark, 2005; Green, 2006,
2008; Olsen et al., 2010) have shown that work intensity and work stress has
increased in several countries and regions during the 1990s and 2000s, with
deleterious consequences for individual well-being and social inclusion. Thus,
as cited in many EU strategic documents since the Lisbon Agenda in 2000
(European Commission, 2008)%, the creation of quality jobs is a necessary
condition for the economic convergence of disadvantaged regions.

Moreover, as we enter a new technological paradigm with Artificial Intelligence
and other highly disruptive new technologies, local labour systems must undergo
a renewal of skills in the workforce in order to keep workers employed and
cope with deep transformations in the workplace. So far, the new technologies
seem to have increased unemployment more than job productivity (Acemoglu
& Restrepo, 2019), and aggravated job polarization in terms of skills content
in professions (Brynjolfsson & McAfee, 2014). Job polarization is associated

23 http://ec.europa.eu/regional_policy/en/policy/themes/sme-competitiveness/

24 OECD Job Quality framework (www.oecd.org/statistics/job-quality.htm)

25 Theincreased emphasis on job quality is not exclusive to the EU. Several international organisations
advocate the implementation of policy action to address the deleterious impacts of low quality employ-
ment on individual well-being and social inclusion (International Labour Organization, 2014; World Bank,
2013).
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with higher income inequality and also lower quality of jobs, as lower skills are
dominant in the workforce and usually low paying and more precarious jobs.

All these findings and current challenges help to explain the growing concern
with job quality as an important policy outcome to be considered. According to
the International Labour Organization (2014) and the World Bank (2013), public
policies can influence the quality of work and employment in several ways. By
establishing and enforcing labor market regulations, governments can affect
payments, entitlements, working conditions, and job security. Governments
can also exert influence on social dialogue, enhancing the chances of achieving
higher work standards through collective bargaining and agreements between
trade unions and employers' representatives. Public policy interventions can
also foster job quality at the firm level, either through employment subsidies,
or through enterprise support mechanisms. Moreover, business support policy
schemes may generate a demand-side complement of education and training
policies aimed at increasing the supply of skilled labor and firm productivity.

In sum, improving job opportunities in disadvantaged regions, both quantitatively
and qualitatively, is a main expected impact of regional policies (Bartik, 2012) and
one of the main policy goals of the EU Cohesion Policy. Even when not directly
established as the objective of a business support scheme?®, job quality is both a
“pby-product” and a “mean to the end"” of boosting regional firms’ competitiveness,
innovation, etc. Conversely, failure to create good quality jobs is expected to
jeopardize the development prospects of less-developed regions. On one hand,
the expansion of low quality jobs increases the risk of outsourcing production to
areas with lower wages. On the other, the limited availability of high-quality jobs
fosters the outflow of human capital to the more advanced regions.

Therefore, providing EU policy makers with reliable empirical evidence on the job-
quality impact of enterprise support programs implemented as cohesion policy
tools assumes crucial importance. Especially considering that policy institutions
worldwide are currently redirecting efforts to guide the transition of skills in
the workforce towards a future with quality jobs for everyone (OECD, 2018), the
capacity to evaluate its impact on job quality gets more relevant than ever.

26 Thenature and complexity of the outcome variable itself, job quality, makes it hard to tackle directly
in policy intervention at the firm level. Thus, more often set as a policy goal rather than a direct program
objective.
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But producing such empirical evidence, however, is not an easy task for a number
of reasons. First, measuring job quality outcomes requires the rare availability of
linked employer-employee microdata merged with complete program activity data.
Second, the existence of unobserved additional sources of public support generates
potentially serious treatment measurement errors and firms often self-select into
the program with no sources of exogenous treatment exclusions (making it hard to
control for unobservable differences between the treatment and the comparison
group). Finally, it is often difficult to determine the exact place in time in which the
treatment occurs and the period in which to measure the observable outcomes
related to the supported investment. Due to such difficulties, to the best of our
knowledge, no reliable empirical evidence has yet been produced on the job quality
impact of enterprise support programs in the EU.

This paper aims at filling the gap in the literature by providing reliable
counterfactual impact estimates on the following job-quality outcomes:
number of jobs with standard working hours?’; number of jobs with high skill
requirements?; number of jobs with permanent contracts; and level of hourly
remuneration?®. The paper is organized as follows.

Section 2 provides a brief survey of the related literature. Section 3 describes in
greater detail the policy mechanisms under analysis, the data and some descriptive
statistics. Section 4 discusses the identification problem and our preferred
estimation model. Section 5 presents the main results and section 6 the sensitivity
analysis. Section 7 concludes, discussing the policy implications of our study.

2. PREVIOUS LITERATURE

The literature on impact evaluation of public subsidies in employment growth
at the firm-level, is rather diverse, regarding both the geographical and time
scopes, and the empirical modelling strategies used in the analysis. Even if
considering solely and specifically EU cohesion policy tools.

Forinstance, Bia & Mattei (2012) applied a generalized propensity score matching
adjusting for differences in a set of observed pre-treatment variables to assess

27  Thestandard number of working hours, considered to allow worker’s work-life balance, is 40 hours
per week.

28 Jobthatrequires academic degree of bachelor or higher, or high level of experience.

29  Median of worker's hourly remuneration in the firm.
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the employment impact of financial aid attributed to enterprises located in
the Italian region of Piedmont in the early 2000s. Bondonio and Greenbaum
(2006 and 2014) implemented a parametric conditional difference-in-differences
model to estimate the employment impact of EU funded business incentives
in northern and central Italy during the late 1990s and early 2000s. Bronzini &
de Blasio (2006) also adopted a difference-in-differences framework to analyze
the effect of similar policies on firms located in southern Italian regions during
the same period.

Bernini & Pellegrini (2011) used a combination of matching methods with
difference-in-differences, to extend the analysis of EU-supported Italian policies
to the mid-2000s, while Cerqua & Pellegrini (2014) focused on Sothern-
Italian regions to reassess the same enterprise support mechanism analyzed
in Bronzini & de Blasio (2006) and Bernini & Pellegrini (2011) by means of a
regression discontinuity design. On the same data, Bondonio and Martini (2019)
enlarged the scope of the analysis to all Italian regions and used matching
estimators and a discontinuity approach (using non-subsidized applicant firms
as a control group), in combination with a difference-in-difference scheme.

In the UK, Criscuolo et al. (2012) studied the effects of the Regional Selective
Assistance program from the mid-1980s to the mid-2000s, using a combination
of instrumental variables and firm-level fixed-effects. In Finland, Koski & Pajarinen
(2013) studied the effect of investment support and other subsidies granted to
SMEs during the 2000s, applying both an instrumental variable approach and
difference-in-differences. Bondonio and Martini (2012) investigated the combined
effects of multiple sources of support to SMEs in Northern Italy with a multiple-
treatment propensity score matching approach combined with a difference-in-
difference scheme.

The findings of the aforementioned studies converge to the conclusion that
direct support to firm-investments had some positive impact on employment
growth at the firm level. And yet, no empirical investigation in such literature
is offered to shed light on the possible impacts of the policy interventions on
changes in the job quality of the supported firms.

In part because, although an important expected outcome and main policy
goal in business incentive programs, their central objectives are usually firm
performance outcomes, such as general employment, investments, sales, etc. Thus,
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longitudinal outcome variables regarding job quality need to be merged to the
complete program activity data. Which leads to a second major reason, i.e., the rare
availability of proper data (including controls for unobserved variables and clear
time cuts and location of the treatment and observable outcomes). In this paper,
we were able to gather such research conditions, and contribute to this literature
with empirical evidence on the impact of policy interventions on job quality.

Our analysis focuses on the direct firm-level support schemes offered by a large
Operational Program (the “Program for the Modernization of the Economy”, or
POE/PRIME) implemented in Portugal over the 2000s and co-funded by the ERDF
(Third Community Support Framework). We merged the program activity data
from POE/PRIME with the linked employer-employee data collected yearly by the
Portuguese Ministry of Employment and Social Solidarity on a compulsory basis.
The resulting unique database offers adequate impact identification conditions
to investigate the effects of firm-support interventions co-funded by the EU on
job quality because of the following three reasons.

First, the POE/PRIME program has been a very prominent EU cohesion policy
intervention, with a total budget of nearly €8.3 billion, financed in approximately
equal parts by private and public sources (about 70% of the latter came from
the ERDF). The POE/PRIME's direct support to firms accounts for nearly % of
the total public funds of the program and it was implemented through several
policy schemes that represented by far the most prominent source of public
aid (in terms of both the amount of funds and number of beneficiaries) for
the Portuguese firms in the 2000-6 programming period. These circumstances
ensure a large external validity to the analysis and avoid the treatment
contamination issues that would derive from the concurring presence of other
unobserved policy interventions.

Second, the linked employer-employee administrative data used in the analysis
are virtually free of the many attrition bias and measurement error limitations
that plague the firm-level balance sheet data that are very often used in the
evaluation of firm-support programs.

Third, in our analysis we exploit a unique period of the POE/PRIME program
implementation that occurred within the years 2003-6, in which the operational
rules for assigning the support deviated from the customary practice in
Portugal. Within such period, the program was administered through a series of
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different calls for applications in which the cut-offs in the rankings of applicants
were based on exogenous application scores that did not correlate with any
of the pre-treatment trends of the job-quality outcomes of the firms. This
circumstance yields a natural experiment scenario in which the cut-offs in the
application scores determine a pseudo-experimental treatment assignment
process that enhance the impact identification conditions of the analysis.

Our preferred estimation strategy is aimed to fully exploit these desirable
natural experiment conditions of the 2003-6 waves of calls for applications
of the program. This is done by means of a dynamic exact matching model,
combined with a difference-in-differences scheme, that is adopted separately
for each of the successive yearly cohorts of applicant firms. This estimation
approach mimics the features of a pre-test-post-test block-randomization
design in a dynamic context and itis preferred to a mere difference in difference
design because of the small sample size of applicant firms, within each wave of
calls for applications, that could generate some remaining unbalancing in crucial
observable controls between treated and non-treated applicants.

Compared to a one-dimensional matching based on a propensity score (PS), our
exact matching model is preferable because the observable control variables
capture a small number of crucial firm characteristics that can have an equally-
relevant impact on the future determinations of the job-quality outcomes. In
these circumstances, as well established in the literature (Ho et al., 2007; King
etal., 2011), PS matching would entail some admissible degree of mismatching
on single controls that may lead to some bias in the impact estimates. Finally,
compared to standard (static) matching approaches, our dynamic specification
avoids reliance on control variables that are fixed at an initial point in time for
all subsequent annual cohorts of treatments, enabling the analysis to estimate
more reliably the counterfactual trend of all treated firms.

3. POE/PRIME PROGRAM, DATA AND DESCRIPTIVE
STATISTICS

The POE/PRIME3® program (the main Operational Program of the Third
Community Support Framework in Portugal) that we exploit in our analysis is a

30 The Program was originally called POE (Operational Program for the Economy) and was lately re-
named PRIME (Program for the Modernisation of the Economy).
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large and comprehensive policy intervention that was co-funded by EU funds
in the programming period 2000-6. The program had a budget of nearly 8.3
billion €, financed in approximately equal parts by private and public sources
(about 70% of the latter came from the ERDF).

The POE/PRIME's direct support to firms included several schemes targeting
specific types of investment and/or types of firm. These schemes differed
somehow in technical-administrative aspects such as the minimum size
and type of admissible investment®'. In practice, however, all POE/PRIME
firm-level support schemes were subjected to similar sets of program
application rules and all shared the same overall policy goals of enhancing the
competitiveness of Portuguese SMEs by means of investments in innovation and
internationalization. These circumstances greatly diminish the policy relevance
of estimating heterogeneous impacts based on the different types of program
schemes and are conducive to pooling together the program activity data for the
sake of improving the statistical efficiency and external validity of the analysis.

Even though the POE/PRIME was not the only firm support program in Portugal
during the period under analysis, it was by far the most relevant one, both in
terms of public funds and number of beneficiaries. Less than 1% of the firms
supported under these schemes received some kind of direct support from
other programs. This scenario virtually eliminates the treatment contamination
threats that may derive from the concurring presence of other unobserved
public subsidies.

The POE/PRIME direct support schemes were administered through a process
that sorted the applicants into a treated and a non-treated group based on an
application score described in greater detail in the next section of the paper. The
presence of such non-treated applicants enables us to compare beneficiaries
with non-treated firms that shared the same desire to invest. This is crucial to
control for many important unobservable characteristics of the firms such as
the position in their investment cycle, risk aversion, and management style.

The POE/PRIME program activity data at our disposal cover all the investment
projects submitted by the applicant firms, with information on: application

31 Schemes supporting investments in physical capital, however, were by far predominant, representing
nearly 90% of the projects and 80% of the funds, while the remaining types of admissible investments
were related mostly to R&D activities, IPR and energy efficiency.
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date, total value of the investment project, the amount of the program support
and the timing in which the supported investment took place (if applicable).
This information allows us to sort the beneficiaries into different cohorts
based on the exact dates of their application and investment project, virtually
eliminating all the measurement errors that would arise when instead no data
were available to determine the correct moment in which to measure the job-
quality outcomes and the pre-intervention control variables.

The linked-employer-employee-data (LEED) used in the analysis stem from an
administrative database maintained by the Portuguese Ministry of Employment
and Social Solidarity. This database includes information related to both the
characteristics of firms (total employment, industry classification, geographic
location, legal status, ownership, number of plants, etc.) and their employees
(sex, date of birth, educational background, professional category, type of
contract, etc.). All information included in the LEED database is compulsorily
submitted on a yearly basis by each and every firm operating in Portugal. For this
reason, the database is virtually free of the many attrition bias and measurement
error limitations that plague the employment information extracted from the
balance sheet databases (e.g. the Bureau Van Dick's Amadeus) often used in
the evaluation of firm-support programs.

Using the firms’ National Tax Code as the common firm-identifier, we merged the
LEED data with the POE/PRIME program activity data. Although the POE/PRIME
program was active between 2000 and 2009, the focus of our analysis is on the
years 2003-6 because of two reasons. First, for such period we can exploit the
favourable natural experiment conditions that we describe in the next section.
Second, for the 2003-6 years, we had the possibility to measure, both in the
LEED and the program activity data, an adequate three-year observation period
before and after each of the yearly cohorts of treatments.

During the 2003-6 period, a total of 1,493 firms applied for the program
incentives (Table 1). Of these firms, 634 were excluded from the program
incentives, based on cut-offs in the rankings of the application score, while
the remaining 859 applicants were treated by the program. Sorted by year of
application, 21% (315 out of 1,493) of these firms applied in the 2003, 11% and
8% of the firms in the years 2004 and 2005, respectively, while 60% of the firms
applied in the year 2006.
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Table 1 - Number of treated and non-treated applicant firms by year of application (t)

Year (t) Treated applicants Non-treated applicants Total
2003 187 128 315
2004 58 104 162
2005 99 27 126
2006 515 375 890
Total 859 634 1,493

The descriptive statistics of the pre-post treatment trends of the job quality
outcomes of the applicant firms are summarized in Table 2. These figures (pooled
across the four different yearly cohorts of applicants) compare the changes of
the outcome variables of the treated and non-treated applicants from one-year
(t-1) before the application to three years (t+3) after the application. The 859
treated applicants that we consider in the analysis show a positive pre-post
treatment change that ranges from +2.9 jobs per firm for standard working
hours conditions and skilled occupations to +2.3 jobs for occupations with
permanent contracts; while their change for the average hourly remuneration
is about +2 euro. In contrast, for the non-treated applicants the changes for
the same periods show a negative variation (-1.7 jobs) for the occupations with
standard working hours and a zero or near-zero variation for the jobs with
permanent contracts, skilled occupations, and average hourly remuneration.

Table 2 - Average change (per firm) of the outcome variables between the pre (t-1)
and post (t+3) application times

AY (t+3) -(t-1)

Outcome variable Y Treated applicants Non treated applicants
Jobs with standard working hours (1=1 job) +2.9 -1.7
Skilled jobs (1=1 job) +2.9 0.0
Jobs with permanent contracts (1=1 job) +2.3 -0.3
Average hourly remuneration (1= 1 €) +2.0 0.3

4. EMPIRICAL STRATEGY

Our empirical strategy is designed to exploit the presence of the different
multiple consecutive calls for applications under which the POE/PRIME program
was administered. In these calls, applicants were ranked based on an application
score, and the treatment assignment was determined by cut-off points in the
ranking of the application scores.
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During the lifetime of POE/PRIME, the operational rules for assigning the application
score varied along the different calls for applications. In our period of observation,
2003-6, the score was based solely on two factors: a) an indicator that measures
the present value (in percentage of the total investment value) of the sum of the
projected taxable profits, the additional labor costs and the interests paid to
financial institutions for the part of the investment not covered by the program
funds; b) an indicator of financial autonomy, in terms of the ratio between the firm's
equity and its total assets, intended to capture the projected risk of failure of the
firm. The latter worked as an exclusion criterion: projects submitted by firms’ whose
ratio of financial autonomy was below a certain threshold (which varied between
20% and 25% across all calls) were not considered for further analysis.??

These operational rules that were in place in the 2003-6 period were established
in 2002 by the recently elected center-right government led by José Manuel
Barroso®? in an effort to simplify the treatment assignment procedure and
reduce the administrative costs and application burdens. The Barroso
Government's rules sharply deviated from the previous treatment-assignment
procedures, that were based on multiple criteria and assigned a high weight to
some qualitative features of the submitted projects, such as the contribution
of the project to national and regional development goals also in terms of
innovation intensity, export orientation, and quality of jobs to be generated by
the projects. These multiple-criteria rules were gradually re-established after
200534, when a new government took office.

The 2003-6 period is ideal for the analysis also because during those years,
likewise in other phases of the POE/PRIME program, all the information on
the investment project submitted by the applicant firms were predominantly
prepared by external consultants®. The application packages prepared by the
consultants included figures that were determined by exploiting all the degrees
of discretion allowed by the program bookkeeping rules in order to increase the
likelihood of success in receiving the support. Thus, the resulting application
scores were significantly affected by such degrees of discretion used by the

32  The relevant pieces of legislation are Portaria n.° 865-A/2002 (published on the 22" of July) and
Portaria n.° 879-A/2002 (published on the 25" of July).

33  Two year later, by the end of 2004, Barroso became President of the European Commission.

34  Therelevant pieces of legislation are Portaria n.° 88-D/2006 (published on the 24t of January) and
Portaria n.° 130-A/2006 (published on the 14t of February).

35 In many cases, consulting firms were also the main sources of information for the firms on the
availability of the support and on the advantages to apply for it (see Augusto Mateus & Associados, 2005).

1111



external consultants, further weakening any endogeneity of the treatment
assignment process with regard to the pre-application trends of the job quality
outcomes of the application firms.

For these reasons, during the 2003-6 period, the cut-offs of the application scores that
established the treatment status of the applicants did not sort out the firms based
on characteristics that correlate with their pre-application trends of the job-quality
outcomes. This is evident from the summary statistics of Table 3 that compares the
pre-application trends of the job quality variables (pooled across the four different
yearly waves of call for applications) between the treated and non-treated applicant
firms. For all the job-quality outcomes, the difference between treated- and non-
treated- applicants is quite small and not statistically significant. Moreover, for
three of the four outcomes (jobs with standard working hours, permanent contract
occupations and the average hourly remuneration) such slim difference is in favor of
the non-treated applicants rather than the treated applicants, while the latter group
is the one that display the most positive variation in the job-quality outcomes in the
post-application periods, as highlighted in Table 2.

Table 3 - Pre-treatment trends of the job-quality outcome variables - average
change (per firm) between the (t-3) and (t-1): Treated firms vs. non-treated
applicants

AY [(t-1) -(t-3)]

Outcome variable Y Treated Non treated D (a)-(b) sd t-stat
applicants (a) applicants (b)

Jobs with standard working hours +1.85 +2.41 -0.56 0.43-1.28

(1=1 job)

Skilled jobs (1=1 job) +1.61 +1.29 +0.32 0.35 0.91

Jobs with permanent contracts (1=1 +1.27 +1.78 -0.510.42-1.21

job)

Average hourly remuneration (1=1€) +2.70 +3.36 -0.640.39-1.68

The exogenous treatment-assignment process of the POE/PRIME program in the
2003-6 period could be exploited in the analysis by means of a mere pre-post control
group design, in terms of a dynamic difference-in-differences estimator separately
applied to each consecutive yearly cohort of treated- and non-treated applicant firms.
In the case of the POE/PRIME program, however, the number of applicants in each
yearly wave of calls for applications is not large enough to guarantee that the pseudo-
randomization conditions, deriving from the cut-offs in the exogenous application
scores, achieve a full balancing of some crucial observable characteristics that may
expose the firms to possible heterogeneous future influences that may differently
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affect the post-treatment job-quality outcomes (such as: industrial sector, size class,
regional location, age of the firm, pre-application employment growth-trend and
pre-application job-quality level). Indeed, the accidental clustering of these crucial
observable characteristics in one of the two groups (within each yearly cohort) could
expose the firms to different external dynamics that if left uncontrolled for, may pose
a threat to the validity of the parallel trend assumption.

Such unbalancing is similar to the issue that would arise from using small sample
sizes in actual randomized experiments. For example, Kernan et al., (1999) show
that even with pure random assignment the probability that the treatment
and control group will differ significantly along some important dimensions
becomes very relevant with sample sizes smaller than 200 units.*® In such small-
sample experiments, it is well established in the literature (see for example the
review by Bruhn and McKenzie, 2008) that one viable solution for preventing
unbalancing is to adopt a block-randomization design based on the major
confounding factors that may affect the outcome variable of the analysis.

For these reasons, in order to best explore the presence of the multiple yearly
waves of applicants in the context of these natural experiment conditions, we mimic
a pre-test-post-test block-randomization design in terms of a dynamic matching
estimator combined with a DD scheme. This is implemented by comparing the
pre-post application job quality outcome change of the treated and non-treated
applicants that are selected by means of an exact matching procedure implemented
separately within each yearly round of calls for applications. Our estimation
procedure yields a separate impact (in terms of Average treatment effect on the
treated -ATT) for each cell of identical firms within each cohort of yearly calls for
applications. The different cell-specific ATTs are then successively aggregated into
local impact estimates at the level of the yearly calls for applications. The global
ATTs of interest are then finally estimated through aggregating these local impact
estimates across the different yearly cohorts of calls. Such an estimator is quite a
novelty in evaluating firm-level supportinterventions, with a similar approach being
implemented, to the best of our knowledge, only in Bondonio & Martini (2012)%.

36 Kernan et al. (1999) show that when considering a binary covariate present in 30 percent of the
sample, the probability that the treatment and control groups will differ by more than 10 percent is 38%
with a sample size of 50 units, 27% with 100 units, 9% with 200 units, and 2% with 400 units.

37 Dynamic statistical matching for successive cohorts of treated units, however, is a well-established
estimation model in the field of evaluating active labour market policies (Sianesi, 2004) and it has also been
recently adopted in the context of evaluating disaster relief assistance programs (Bondonio & Greenbaum,
2018).
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Compared to standard (static) matching approaches, the dynamic feature of our
model avoids reliance on control variables that are fixed at an initial point in time
for all subsequent annual cohorts of treatments. Rather, the matching process
separately pinpoints with high accuracy the specific pre-treatment periods for
each cohort of treated firms.

Exact matching is preferable to a one-dimensional matching based on a single
propensity score (PS) variable because a good part of our covariates are
categorical by nature (i.e. firms' industrial sector, regional location), while others
represent risk-factors for selection bias mainly across discrete intervals (e.g. the
pre-application size class of the firms and the distinction between relatively new
firms versus incumbent firms at the time of application).

Moreover, each of these covariates can have an equally relevant potential impact
on the future determinations of the outcome variable. In these circumstances, as
also discussed elsewhere in the literature (e.g., Ho et al., 2007; King et al., 2011), a
one-dimensional matching based on a PS variable can disguise some admissible
degree of mismatching on single covariates.3® Such mismatching can lead to
severe bias on the impact estimates, and for this reason it is recommended (Ho
et al., 2007) that absolute constraints are placed in the matching procedures
to guarantee the perfect balancing of the covariates with the highest rank of
importance for the future determination of the outcome variable.

Because of these considerations, the relatively small number of our equally-
important covariates is conducive to adopting an exact matching stratification
of the applicants. Such a procedure guarantees both a limited loss of external
validity (with only a limited number of treated applicants outside the common
support) and the avoidance of any hidden residual degree of unbalance on some
single covariates that could be conducive to selection bias in the impact estimates.

In detail, the estimation procedure of our dynamic exact-matching DD model
can be summarized as follows:

38 Thisis because the balancing property of the propensity score (PS) is satisfied when for the single
covariates non-statistically significant differences are detectable between the treated and comparison
units, conditional to similar (PS). However, hidden behind the non-statistically significance there could
be unbalancing of single covariates that might induce large selection bias in the impact estimates if such
covariates are of high rank of importance for the future determination of the outcome variable.
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(ii) All firms contained in the POE/PRIME-LEED database are sorted into
applicants and non-applicant groups. The applicant group is further
divided into successive cohorts (p) of applicants based on their year
of application.

(iii) To fully explore the natural experiment conditions involved in program
procedures, the non-applicant firms are dropped from the analysis.

(iv) Within each cohort (p) of applicants, we coarsen the relevant covariates
(X) into a number of discrete categories. These categories represent
the distinct firm-level characteristics that in the years before the period
of observation of our analysis are shown in the Portuguese LEED
database to correlate with different levels of the job-quality outcomes
that we consider in the analysis:

(@) Industrial sector (coarsened into: low- and medium-low-
tech manufacturing industries; high- and medium-high-tech
manufacturing industries; construction; trade; accommodation
and food service activities; knowledge-intensive market services);

(b) Pre-application firm size: 1-4 employees; 5-9; 10-19; 20-49; 50-99;
100-250;

(c) Age of the firm at the time of the application: 1-4 years of age; 5
years or more;

(d) Region: Norte; Algarve; Centro; Lisboa; Alentejo; Acores; Madeira;
Inter-regional®’;

(e) Pre-application growth-trend of employment [in terms of
employment change between (t-3) and (t-1), with t being the
application year]: workforce increase; constant; decrease; firm
not in existence at t-3;

(f) Thefirms’ pre-application level of the job-quality outcome (Y) used
in the analysis is coarsened into two categories: one below and
one above the average of the firms within the same sector and
size class.

(v) Separately for each cohort (p) of applicants sharing the same
application year, we match the treated with the non-treated applicants
with the same exact values of the coarsened controls (X). The result
of this matching procedure is a number of cells (c) with identical
categories of the controls (X).

39 The listed regions correspond to the Portuguese NUTS 2 administrative units. The Inter-regional
category is applied to all firms that do not sell the majority of their products and services on a regional
market.

115



(vi) Local ATTs for each cell (c) of identical treated and non-treated matched
applicants sharing a same application year (p) are estimated through
the following DD estimator:

o0 =E[Y,-Y, | T=1,X pl-E[Y°, -Y°, | T=0, X, pl.

(vii) Average ATTs for each cohort (p) of treated applicants sharing a same
application year are estimated as the following weighted averages of
the local t*° :

o = ZF[TDDPC *Wp.|, with weights Wp, = ZN;;C computed as the number
of treated firms in cell (c) over the total number of treated firms
in cohort (p)?°.

(viii) Global ATTs, across all yearly cohorts of applicants are estimated as the
weighted average of tDDp, with weights proportional to the number
of treated firms in each cohort (p).

5. RESULTS

The impact estimates from our preferred estimation model described above
are summarized in Table 4.

Table 4 - ATT estimates with Exact Matching on treated and non-treated applicants

Outcome variable (Y) N. of treated N. of non- ATT  sd
firms treated firms

Jobs with standard working hours (1=1 job) 386 308 49** 1,65

Skilled jobs (1=1 job) 385 320 29** 1.41

Permanent Jobs (1=1 job) 389 311 2.0* 1.57

Avg. remuneration per hour (1= 1 €) 387 290 2.2*%* 1.05

** = Statistically significant at 5% level.
* = Statistically significant at 10% level.

The results from Table 4 indicate that the POE/PRIME program co-funded by
EU structural funds generated a growth in the number of jobs with standard
working hours that is higher than the counterfactual trend of no public support

40 Because rigorous internal validity calls for separately considering the different yearly cohort of
treatments and due to the absence of reliable existing evidence available on the job-quality impact of EU
funded programs, the main focus of the analysis is maintained on estimating ATTs parameters. Estimat-
ing heterogeneous impacts based on different characteristics of the treated firms, instead, would lead
to an insufficiently large number of treated applicant firms within each cohort of calls for applications.
Moreover, in the case of the POE/PRIME program, no clear theory of change can be highlighted to predict
different impacts in terms of job-quality outcomes based on the limited heterogeneity of the admissible
beneficiaries across the different program schemes.
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by an average of 4.9 additional jobs per firm. Such a positive program impact on
job quality indicators is confirmed also for the number of skilled and permanent
jobs (with an estimated growth impact of +2.9 skilled jobs and +2.0 permanent
jobs per firm, compared to the counterfactual trend of no public support), and
for the change in the average pay per hour [with an estimated growth impact
of +2.20€ per hour (+17.8%)*' compared to the counterfactual trend of no public
support]. Given that the average value of the support assigned to each treated
firm included in the analysis is about 78,720€, these impact estimates yield
the following cost of the subsidies per each additional job generated by the
program: 16,065€ for the jobs with standard working hours; 27,145€ for the
skilled jobs; and 39,360€ for the permanent jobs.

6. SENSITIVITY ANALYSIS

Our preferred estimation model maximizes the controlling of selection bias
in the impact estimates by excluding from the comparison group the firms
that did not apply for the program incentives. This exclusion is vital to fully
explore the desirable natural experiment conditions arising from the program
treatment assignment procedures and to achieve the balancing of the important
unobservable covariates captured by the decision to apply for the program (e.g.
the firms' positions in their investment cycles, risk aversion, and management
style).

Excluding non-applicant firms from the potential composition of the comparison
groups, however, comes at a cost of modestly: i) decreasing the statistical
efficiency and external validity of the impact estimates (due to the exclusion of
some treated applicants that are outside the common support); ii) reducing the
possibility of achieving a stricter balancing of the observable covariates. The
latter point is due to the fact that the sample size of the comparison groups
formed by the non-treated applicants is smaller than that of the comparison
groups drawn from the general population of non-treated firms. For this reason,
a matching procedure based on non-treated applicants has to use coarser
categorizations of some observable covariates (e.g. size class and age of the
firms) than a matching that uses the general population of non-treated firms.

41 The average per-hour remuneration in the treated firms was about 17.80€.
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Because of such possible limitations i) and ii), we tested the robustness of our
results by replicating the analysis with three additional estimation models that
enlarge the composition of the comparison group to include the non-applicant
firms as well. These models are the following: a) The same preferred estimation
procedure replicated on an enlarged comparison group that also includes all the
non-applicant firms; b) A Propensity Score Matching - PSM - (radius) procedure
based on the same categorical covariates of the preferred estimation model, but
applied to the enlarged comparison group; ¢) A PSM (radius) procedure applied
to the enlarged comparison group, but with continuous functional forms for
the following control variables: firm size (number of employees); firm age (in
years); pre-intervention growth trend (employment change); pre-intervention
level of the outcome variable.

Table 5 - Results from the sensitivity analysis - Comparison of ATT estimates from
different estimation models

Output variable Y Exact PSM-categorical PSM continuous
matching (All  controls (All controls (All
firms) a) firms) b) firms) c)

Jobs with standard working hours 5.9 *** 5.8 *** 5.0 ***

(1=1 job)

(sd) (0.62) (0.14) (0.15)

Skilled jobs (1=1 job) 4. *** 3.9 *¥% 4.4 ***

(sd) (0.50) (0.13) (0.13)

Permanent jobs (1= 1 job) 4.3 *kk 4.1 ***k 3.2 *%%*

(sd) (0.49) (0.13) (0.13)

Avg. remuneration per hour (1= 1 €) 1.8*** 0.0 0.0

(sd) (0.44) (0.03) (0.03)

**% = Statistically significant at 1% level.
** = Statistically significant at 5% level.
* = Statistically significant at 10% level.

The results from these three additional estimation models, summarized
in Table 5, show a low volatility of the impact estimates across the different
methodological options (with the only exception of the two PSM impact
estimates on average hourly remuneration), confirming an overall adequate
robustness for our findings.
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7. CONCLUDING REMARKS AND POLICY
IMPLICATIONS

In this paper we exploited the availability of linked employer-employee data
and the presence of desirable natural experiment conditions offered by a large
program co-funded by the European Regional Development Fund in Portugal
(the POE/PRIME program) to estimate the impact of firm investment support
policies on a number of job quality outcomes. To the best of our knowledge, this
is the first paper providing robust empirical evidence regarding the impact of
EU-funded enterprise support policies on job-quality outcomes at the firm level.

The linked employer-employee data (LEED) that we use in the analysis, merged
with the activity data from the POE/PRIME program, offer ideal impact
identification conditions for the following reasons. First, our LEED data come
from administrative records that are free of the many attrition bias and
measurement error limitations that plague the firm-level balance sheet data
commonly used in counterfactual evaluation of firm level support programs.
Second, the POE/PRIME program activity data ensure an adequate external
validity for the results and limit the treatment contamination issues deriving
from the concurring presence of other policy interventions. This is because
the POE/PRIME program is a very prominent EU cohesion policy intervention,
with a total budget of nearly €8.3 billion (and direct support to firms that
represented nearly 3% of the program'’s total public funds) and it was by far the
most prominent source of support for Portuguese firms during our period of
observation.

The natural experiment conditions that we exploit in the analysis arise from the
exogeneity of the application scores that determined the treatment status of the
firms in a particular period of the program implementation (i.e. the years 2003-
6). These conditions ensure the possibility of avoiding the selection bias issues
that are commonly encountered in impact evaluation studies of enterprise
support programs when no exogenous treatment exclusions are in place.

We exploit these favorable impact identification conditions by means of a
preferred estimation model that mimics a block-randomized pre-test-post-test
design in the form of an exact matching procedure, combined with a difference-
in-differences scheme that is adopted separately for each of the successive
cohorts of applicant firms. The robustness of the estimates from this preferred
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model is thoroughly tested by means of a wide sensitivity analysis in terms
of using a different comparison group (the universe of all non-treated firms,
instead of non-treated applicant firms) and using an alternative matching
procedure (propensity score versus exact matching).

Our results indicate that the POE/PRIME program has generated positive
impacts on job quality outcomes, compared to a counterfactual scenario of
no public support, with each treated firm creating on average 4.9 additional
standard-working-time jobs, 2.9 skilled jobs, and 2.0 permanent contract jobs.
We also estimate that these job-quality gains were coupled by positive impacts
on the average per-hour remuneration of the treated firms (+2.20€, equal to
+17.8%). In terms of cost per unit of impact, these results highlight that about
16,100€ of public subsidies are needed to generate each additional job with
standard working hours, while this cost is about 27,100€ for the skilled jobs; and
about 39,400€ for the permanent jobs. In the existing literature on business
incentive programs in Europe, the cost-per-job figures related to general
employment outcomes tend to be within a range of 6,300€ -77,500€ (Bondonio
& Greenbaum, 2006, 2014; Bondonio & Martini, 2012, 2019; Cerqua & Pellegrini,
2014; Criscuolo et al., 2012). In this regard, our results indicate that for the
case of the POE/PRIME program, EU funded enterprise support interventions
generated favourable job-quality outcomes at a cost (per unit of impact) that
remains in lines with that attributable to general employment gains.

Although the scope of the analysis recommends some caution in extracting
strong policy conclusions at the European level, our findings bear adequate
external validity and have some noticeable implications that should be
considered. First, they highlight the fact that increasing job quality is a policy
goal that can be pursued, at a reasonable cost, by means of EU industrial policies
in the form of enterprise support interventions (even if job-quality outcomes
were not an explicit goal of these policies). Thus, our results indicate that
industrial policies can have noticeable impacts on job-quality outcomes in the
same vein as labor market regulations, social dialogue, and active labor market
policies that were traditionally be regarded as the main instruments to achieve
desirable job-quality outcomes (International Labour Organization, 2014; World
Bank, 2013).

Second, our results implicates that the regional policies that attempt to increase
the endowment of human capital through individual-based policies, as opposed
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to place-based ones (Barca et al., 2012) - as is often the case with education and
training policies - can be successfully complemented with policy instruments
that aim to expand the demand for high quality labour. Such demand expansion
can derive from policy interventions aimed at supporting firm-level investment
projects that may increase the stock of more innovative and sophisticated
production procedures and organizational schemes.

These considerations are of particular relevance in the present times in which
an increasing pressure is placed on the EU Cohesion Policy to effectively foster
the creation of decent job opportunities in the less developed regions that have
to deal with enduring high unemployment rates and slow economic growth.
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CHAPTER 6

Conclusion




1. OVERVIEW AND RESEARCH CONTRIBUTIONS

We care about jobs. Their quantity and quality - productive, safe, fairly
remunerated, life-work balanced - mirrors an economy’ capacity to use
available human capital in the creation of value for all. But jobs move, and jobs
change, in a geographically uneven way. Long ago, employment expanded in the
manufacturing sector, while draining from agriculture. More recently, Artificial
Intelligence and Modern Robotics affect labour in many economic activities,
including services. In the evolution of work, some places lose more employment
than other places due to automation, recessionary shocks, or other adverse
events. Some places end up having better jobs than others. Why? Despite a
growing interest of scholars and policy makers, this remains poorly understood.

We know that the particular portfolio of jobs in each region conditions the
geography of jobs (Moretti, 2012). But not alone. The way jobs relate to each
other - relatedness - also shapes their evolution. For instance, regions tend
to diversify into new job specializations that are highly related to previously
existing ones (Alabdulkareem et al., 2018; Muneepeerakul et al., 2013; Hidalgo
et al., 2018). Relatedness also seems to prevent the exit of job specializations
in a region, conditioning its capacity to cope with adverse events (Boschma,
2015). Finally, policy makers often make use of local capabilities to reach desired
outcomes (Balland et al., 2019; Fagerberg & Verspagen, 2009).

This thesis aims to further advance our knowledge on how relatedness
determines the labour dynamics that operate in each region, continuously
shaping the geography of work. Several related bodies of literature -
Evolutionary Economic Geography (EEG), Labour Economics, Urban Scaling,
Innovation Studies, Regional Policy - offered valuable and robust foundations
| could build on. The contributions presented in this thesis are bounded by the
following research question:

RQ: How does relatedness between jobs shape the geography of work?

This is the main research question that bounds the research work in this thesis.
It unfolds in four specific ones. They are listed below:

124



RQ1: Does relatedness scale with city size?

RQ2: Which dimension(s) of relatedness drive the entry and exit of jobs in
cities?

RQ3: What is the impact of automation through relatedness on job growth

in cities?

RQ4: What is the impact of policy incentives for business through
relatedness on job quality?

The first two (RQ7 and RQ2) focus on how relatedness “pulls” capabilities together
in a region - “magnet effects. RQ3 addresses how impacts from automation, may
spread in the labour system through the structure of relatedness between jobs
- “diffusion effects”. RQ4 refers to how relatedness can be incorporated in the
implementation of regional policy to boost job quality in local firms’ workforce.
These four research questions are addressed one by one in each empirical
chapter of this thesis.

1.1. On the “magnet effects"” of relatedness

Multiple studies have recently shown how relatedness attracts new capabilities
while preventing the exit of existing ones (Hidalgo et al., 2018) - “magnet effects”.
If new capabilities in a city tend to be related with previously existing ones,
how much does relatedness grow with diversity? In Chapter 2 (RQ7), we use
employment data at the city-job level from six industrialized countries (United
States, Canada, Sweden, Portugal, Australia, and Germany). First, we create a
network representation for each urban labour system (as in Muneepeerakul et
al., 2013). In this network, the “Job Space” (also referred as occupational space),
nodes are job specializations of a city, and links depict relatedness between
them, measured as geographical relatedness (as in Hidalgo et al., 2007). We
modelled the growth of relatedness between jobs in a city as a superlinear
function of city size (number of job specializations), as follows:

D,=aNf,B>1 (1)

where D is network relatedness density, i denotes time in a particular city, a
captures the effects of technology and institutional arrangements, N is the
number of job specializations, and the exponent S is an elasticity parameter
for how much the network relatedness varies with network size. We test this
exponential model, where network density scales with network size, against
the null hypothesis of proportional grow.
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Relatedness scales with city size. Our results indicate that relatedness grows
superlinearly with city diversity in all six countries. The estimated scaling
exponents range from 1.17 in Swedish cities to 2.35 in USA cities. This means
that bigger cities have a higher share in job specializations that have higher
levels of relatedness to neighboring jobs in the local economy.

Relatedness self-reinforces as a city grows. By confirming model (1), showing a 8
consistently higher than one, our empirical results indicate that, rather than a
proportional increase in infrastructural and input complementarities (where
B would equal one), additional links are formed. This implies that relatedness
tends to self-reinforce itself as the city grows, creating more than proportional
economic diversification opportunities for bigger cities.

In Chapter 3 (RQ2), we use employment data (city-job, industry-job, and task-
job levels of analysis) from US BLS and O*NET (2005 to 2016). As before, nodes
are job specializations and links measure the level of relatedness between
them. But now, the network has three types of links, one for each dimension
of relatedness. This network is displayed as a multi-layer network, with one layer
for each relatedness dimension. Complementarity measures how often two job
specializations co-occur in the same input-output chain. Similarity measures
their overlap in the same tasks. And synergy is measured by regressing
geographical relatedness on local complementarity and similarity, and saving
the residuals as local synergies. We estimated three-way fixed effects regression
models to capture the “magnet effects” of each relatedness dimension.

Relatedness drives diversification in three distinct ways. Our results confirm that
relatedness significantly favours entry of new job specializations in a city, while
preventing exit of existing ones. But it does so in different magnitudes. Synergy
shows far stronger “magnet effects”, while the effect of similarity is just slightly
higher than the effect of complementarity.

Relatedness in three dimensions. Three forces of agglomeration seem to
bring firms together in a city (Marshall, 1920): access to specialized suppliers
(complementarities along input-output chains), labour pools (similarity of
knowledge and skills), and knowledge spillovers that form economically vibrant
ecosystems (Jacobs, 1969). In order to compare the “magnet effects” for each
dimension of relatedness, we unpack it as follows:
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GeoRelatedness; ; = pySimilarity; ; + p,Complementarity; ; + Synergy; ; 2)

where GeoRelatedness is the widely used geographical measure of (total)
relatedness between job specializations i and j. B, and B, correspond,
respectively, to the shares of similarity and complementarity links that imply
collocation (i.e., local similarity and complementary). This equation (2) is an
identity model, assuming that synergy links are due to pure geographical
collocation that does not result from similarity or complementarity. The
resulting statistical distribution for each relatedness density shows that local
synergy grows with complementarity and similarity, but not linearly. The very
few job specializations that have high local synergies tend to have medium
levels of local complementarities, and medium-high levels of local similarities.

Measuring local synergies between local capabilities. Geographical collocation
of economic capabilities has become widely used to measure relatedness.
However, it is a “black box"” kind of measure. It captures how often two
capabilities collocate in a region, thus, the geographical result of all “magnet
effects” of relatedness combined. Some authors use alternative measures,
often without identifying which dimension(s) of relatedness is being captured,
and/or not covering the remaining ones. Moreover, the idiosyncratic nature
of relatedness within vibrant economic niches, local synergies, makes them
particularly difficult to measure directly. On the other hand, synergies are
intrinsically local, as well as the links in geographical relatedness. Thus, the
third dimension of relatedness can be measured indirectly. We did so, in Chapter
3, as follows:

Synergy; ; = GeoRelatedness; ; — (ﬁlSimilarityi,]- +ﬁzComplementarityi,]-) 3)

For network visualization purposes, we solve (3) by isolating high GeoRelatedness
links that have low Similarity and low Complementarity. Whereas for the main
analysis, we measure Synergy as a residual from regressing geographical
relatedness density at the job-city level on complementarities and similarities
(with resulting high R-square of 0.88).

1.2. On the "diffusion effects” of relatedness

Chapter 4 (RQ3) extended the Job Space once more, this time to account for
different types of jobs specializations (nodes) with regard to their technical risk
of automation (Atkinson, 2017). Although this Job Space Under Automation is not
a directed network, from the perspective of each node (source node), both its
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links and the destination of its links (target node) matter, having high technical
risk of automation or not. The paper uses data from Atkinson (2017), BLS and
O*NET, 2005 to 2016, to regress job employment growth in cities between 2007
and 2016 on complementarities to high-risk jobs and similarities to high-risk
jobs.

Impacts from automation diffuse locally. Results confirm that relatedness
promotes the diffusion of impacts from automation between professions.
High complementary to high-risk jobs, and low similarity to high-risk jobs,
tend to increase employment in jobs in US cities. It confirms recent literature
suggesting that the demand for labour increases in jobs complemented, and
not substituted, by the new technologies (Autor, 2015; Bessen et al., 2019). The
process from technical potential to actual adoption of technology seems to
depend on a myriad of local factors. They affect the displacement costs and
productivity gains that weight against each other in each firm’s choices between
capital and labour (Acemoglu & Restrepo, 2019; Lordan & Neumark, 2018). But at
the end, displacement costs seem to be conditioned by proximity to similar jobs
that are already getting automated. The more similar nearby jobs, the easier,
and cheaper, to adapt the technology to automate those jobs too (Nedelkoska
& Quintini, 2018). While the transference of productivity gains must be higher
where more jobs collaborate with potentially automatable jobs (Brynjolfsson &
Mitchell, 2017). Thus, solely considering the composition of tasks within jobs is
not enough to determine jobs' risk of automation. The structure of similarities
and complementarities between automatable and non-automatable jobs in
each city must also be accounted for.

“Diffusion effects” of relatedness are context dependent. In addition, the results
have, at least, two theoretical-conceptual implications. First, it confirms the
existence of “diffusion effects” of relatedness found in previous studies for
other levels of analysis (Foster-McGregor & Pdschl, 2016; Jun et al., 2019;
Morrison, 2008; Morrison et al., 2013). Second, diffusion effects depend on
characteristics of the source and target nodes (each link connects two nodes,
target and source).

Measuring jobs network risk of automation. The diffusion of impacts from
automation does not seem to spread homogeneously to all neighbouring local
capabilities. Rather, it selects diffusion targets among neighbouring jobs. Jobs
that become automated seem to spread automation risk to neighbouring similar
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jobs and provide productivity gains to complementary jobs. This means that,
in order to capture “diffusion effects” of relatedness, we need a new measure
that accounts for the links of each job (source node), but also for the risk level
of neighbouring jobs (target nodes) and the kind of relatedness they have. A
simple transformation of a widely used measure can serve this purpose. More
concretely, this paper introduces a new filter (whether jobs have high technical
risk of automation or not) to measure relatedness density at the job-city level,
as follows:
Zi;tj,jec,Riskj=high Relatedness; ;

RelatednessToHighRisk; . = S Relatedness. . * 100
1#] L) (4)

where RelatednessToHighRisk measures, for each job i in city ¢, the share of links
to neighboring jobs (j # i that predominate in city ¢) that are at high risk, over the
total relatedness of job i. Equation (4) can be adapted to any type of relatedness
link, or other adverse events. For instance, under automation, in line with the
empirical results in the paper, similarities and complementarities seem to be
particularly relevant, yet with opposite impacts. Moreover, based on (4), the
paper adapts Atkinson (2017)'s technical risk of automation to build a novel
(preliminary) index for US cities, that accounts for network risk (available in
tfarinha.wixsite.com/tfarinha).

1.3. On how innovation policy can boost job quality

In Chapter 5 (RQ4), we use Portuguese linked-employer-employee data (2000
to 2009) and data on EU supported projects. The paper combines distinct
Counterfactual Impact Evaluation methods to adjust to the specificities of
the evaluation case and includes a valid control group (dynamic matching,
difference-in-differences, and block-randomized pretest-posttest design).
We quantify the impact of business policy incentives (co-funded by European
Regional Development Fund) on Portuguese firms’ job quality in four dimensions:
security, work-life balance, compensation, and specialization level.

Innovation policy incentives can boost job quality. Our results show positive
impacts for all four job quality variables. More concretely, after treatment, in
comparison with the control group of no treatment, each treated firm seems to
have generated an average of 5 additional standard-working-time jobs, 3 skilled
jobs, 2 permanent-contract jobs, and 17.8% higher remuneration (+2.20€/hour).
This confirms the importance of geography in such policy intervention for job
quality. Policy business incentives to innovation do not directly target job quality
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outcomes, and yet it affects them, as a by-product of the success of innovation
projects in treated firms (beyond the project’s implementation period). This is,
in great part, because highly specialized jobs tend to have a particularly dense
web of relatedness links and multiplier effects within and across local firms
(Moretti, 2012). This can be stimulated by such policy instruments.

Policy as an actor of change. The results in this paper confirm that the high
density of relatedness within innovative sectors can be stimulated to boost
employment and job quality in local firms, and ultimately in the regional labour
force. This means that policy intervention can interact with (and/or creates)
labour dynamics, driving the evolution and geography of work.

2, LIMITATIONS AND FUTURE RESEARCH

The recent and rich topic of relatedness still has much to be investigated
(Boschma 2017). The contributions presented in this thesis advance our
knowledge regarding relatedness between jobs and how it shapes the evolution
of work and its geography. As any research, this study is not without limitations.
I will highlight and discuss a number of relevant aspects that | did not cover,
followed by suggestions for further research.

We do not directly observe the formation of relatedness links in cities. In Chapter
2, we interpret our results (relatedness grows superlinearly with diversity of
jobs in a city) based on theoretical assumptions that require stronger empirical
support. Relying on existing literature, we assume that a proportional increase
would simply correspond to a higher division of labour within input-output
chains. Whereas a more than proportional increase (superlinear) indicates that
additional relatedness links are being formed, outside input-output chains, by
other types of relatedness than complementarities. But Chapter 2 does not
directly observe the formation of new links, nor does it show which type of
relatedness they represent. The collection of primary data and empirics at the
firm level could bring clarity to this, distinguishing and comparing the different
types relatedness links that are formed in the firm/cluster/city by new hires.

Local synergy needs further investigation. Chapter 3 measures local synergy,
similarity and complementarity in one single paper. Synergy accounts for
interdependencies and flows of knowledge (Jacobs, 1969; Marshall, 1920)
between local capabilities in vibrant economic niches. Data wise, this is very
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difficult to capture directly, and our indirect measure can only retain stronger
links (e.g., paralegals often use taxi services to gather relevant information
and urgent errands, or tailors and athletes, etc.). As a residual measure,
it fails to capture local synergy between two jobs that is weaker than their
complementarity and similarity. Also, it does not distinguish specific institutional
arrangements or natural resources that make certain jobs often co-occur in
cities. We also do not know how much the results are specific to North America.
And, as few countries have the required data to replicate the method in this
paper, alternative measures of local synergy are needed. New case studies
and qualitative studies can show what comprises local synergy and which
instrumental variables could represent it at a meso or macro level.

We do not know if local synergy holds as the main driver of city diversification for
other levels of analysis. Existing literature suggests that local synergies would
have even stronger “magnet effects” within innovative industries, given a higher
concentration of specialized jobs (Moretti, 2012). Can the relative magnitudes of
the three dimensions of relatedness change according to the type of industry?
Would local synergies be weaker as a driver of diversification in less developed
regions? Both a static and a dynamic approach could shed light into this. For
instance, studying how local synergies overlap with specialized economic
activities. Or repeating the analysis in Chapter 3 yet filtering by type of city, from
low to high levels of economic complexity. This also opens another question.
Would the results still hold, for instance, at the product level? In other words,
are new product specializations mostly synergic with existing ones? Or mostly
similar, or complementary? The method in this paper can be applied to products
for sure.

I do not directly observe the diffusion of impacts from automation between
workers, in Chapter 4. Empirics at more granular levels of analysis (case studies),
or for different countries (such as developing countries) can reveal specific
industrial dynamics not captured here. For instance, the impact of automation
on reshoring (Foster-McGregor, Nomaler, & Verspagen, 2019), e.g., factories
brought “back home”, substituting offshored jobs by robots in homeland
(Belfiore, 2016; De Backer, Menon, Desnoyers-James, & Moussiegt, 2016; Ernst,
Merola, & Samaan, 2018; Hallward-Driemeier & Nayyar, 2019).

Crossed diffusion effects from distinct events. More investigation is needed to
understand how effects from distinct economic events might interact with each
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other, when they occur simultaneously. In robustness analysis, the interaction
of the Great Recession with automation was analysed. But technological
transitions unravel in long time spans, and meanwhile, interact with other
adverse events. For instance, soon we might have enough data to investigate
whether the current Covid19 health pandemic accelerated automation. Or if it
rather added new diffusion effects, contrary to the automation ones.

Theoretical formulation of diffusion effects. The findings in Chapter 4 ask for a
theoretical formulation on how relatedness shapes labour dynamics under
automation. When a fully new technology enters the city to automate a certain
type of job (job0), the transmission of impacts to other jobs (job7) is not a
homogeneous dissipation of impacts (rather selecting which neighbouring jobs
will be job1, and subsequently job2, job3, etc.). At the end, each job has an overall
risk of automation that is determined by both individual and systemic risks.
This could be investigated by adapting Network Epidemics Modelling (Barabasi,
2016) to the diffusion of impacts from automation between job specializations in
each local labour system (city, region, or country). Also, Agent Based Modelling
could be applied to forecast the net result of workers individual choices under
automation (training programs, job mobility, etc.), given the specificities of each
place (capabilities, magnet and diffusion effects of relatedness, institutional
arrangements, etc.).

Connectivity between cities. While we focus on relatedness within cities, we do
not cover relatedness between them. And certainly, relatedness also conditions
global labour flows and other labour dynamics between different places. This
is also an expanding research avenue in the EEG literature (Boschma et al.,
2009; Henning, 2020; Timmermans and Boschma, 2014), that can inspire
further research regarding labour flows and the evolving geography of work.
For instance, the “magnet effects” could be further explored in light of migration
trends. Whereas the “diffusion effects” could be investigated regarding the
impacts of automation in global value chains.

The role of institutions. Laws, culture, taxes, labour unions, and also policy
intervention shape labour dynamics in each particular place. Chapters 2 to 4
do not cover this directly, rather assuming that institutions get represented in
the local structure of jobs, and are reflected in net employment growth within
job classes in a city. For instance, digital technologies might increase institutions’
demand for law and big data specialists, and will create new laws that protect

132



individual data. But some cities may have very different institutional settings,
that affect labour dynamics in particular ways. For instance, social capital has
been shown to promote industry diversification in EU regions (Cortinovis, Xiao,
Boschma, & van Oort, 2017). Also, relatedness between product specializations
seem to affect regional diversification in different magnitudes in different
varieties of capitalism (Boschma & Capone, 2015). Such forms of institutional
settings certainly affect labour dynamics in cities. The replication of such studies,
regarding relatedness between jobs, or case studies and qualitative studies,
might advance our understanding of the role of institutions in local labour
dynamics. Chapter 5 addresses policy intervention. It assumes the interaction
of relatedness with the policy instrument under analysis. However, it does not
observe it. Surveys and firm case studies can shed light on which particular
relatedness links are stimulated (formed or strengthened) by business policy
incentives to innovation.

New dimensions of job quality. As the new digital technologies alter the nature
of work, the concept of job quality is also changing. For instance, specialized
skills that are easily programable with new digital technologies will no longer
increase productivity and labour demand when firms decide to automate
those skills. This means that the job quality dimension of productive jobs is no
longer well proxied by workers' academic degree or years of experience. Future
policy evaluation, regarding job quality outcomes, should adapt accordingly,
for instance by using firm’s share in specialized jobs that have low risk of
automation, or firms' investment in training in non-automatable skills. And we
need to test the impacts of policy business incentives to innovation on these
new variables for job quality.

3. POLICY IMPLICATIONS

The future workforce will be mostly based on skills that are the bottlenecks of
the new digital technologies, such as creativity, social and emotional intelligence,
and cognitive flexibility. The local labour systems that can renew themselves
towards a workforce that rely on those skills, will succeed, otherwise face high
unemployment levels. Which means that the workforce must adapt at a quicker
pace than the automation of tasks, in order to keep employment levels. This can
also generate labour demand for skills that can assist a sustainable transition,
such as research and management skills. Certainly, the final outcomes of
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automation depend on how the transition process unravels and what we can
do about it (Frank et al., 2019).

While technical feasibility determines the potential for automation, local factors
and labour dynamics will determine how, when, and where new technologies get
adopted (Brynjolfsson et al., 2017). Scholars are asked to deepen our knowledge
on labour dynamics and harness policy with new analytical tools (OECD-NAEC,
2019) to foster employment resilience in economies more negatively affected.
Our findings in this thesis might help identify which jobs in which cities might
be at greater risk of automation, and where relatedness might promote greater
labour productivity, and other dimensions of job quality, and thus, higher labour
demand.

For instance, for more effective social protection to displaced workers and
supporting training programs, policy makers need to be able to estimate local
impacts from automation and identify most affected jobs and cities. Chapter 4
provides insights in how to map the diffusion of automation impacts between
job specializations and use it to neutralise negative effects. Automation impacts
seem to diffuse through the existing structure of relatedness between jobs
in a region - “diffusion effects” of relatedness under automation - as follows.
More automatable jobs tend to locally diffuse automation risks through
similarities, and automation benefits through complementarities. Conversely,
local similarity to less automatable jobs would provide a job with easier
adaptation path towards non automatable skills. This means that policy
intervention will be required especially where similarities to high-risk-jobs
surpass complementarities to high-risk-jobs. This also points to the need of
a two-folded strategy: help workers acquire non-automatable skills (minimize
automation risks), while promoting work collaboration with Al solutions, to
increase their productivity and labour demand (maximize automation benefits).

But policy can also stimulate the local effects of relatedness that affect labour
dynamics, in a way that leads to a quicker renewal of skills in the local labour
force and promote high-quality job employment. For instance, according to our
results in Chapter 5, EU policy incentives to firms’ innovation projects have an
important by-product - job quality, as measured by the increase of specialized
jobs and improved working conditions in local firms. This confirms that policy
can play an active role in the renewal of the workforce.
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However, there is still no theory of change identifying the chain of effects from
the implementation of policy business incentives to outcomes in job quality of
local firms. This is crucial to support the design of policy instruments (Weiss,
1995) where job quality is a central policy goal, and the effects of relatedness
on labour dynamics are efficiently explored. This is of crucial relevance under
the current wave of automation, as it may severely affect employment and job
quality in many regions.

The empirical findings in Chapters 2 and 3 can contribute to this. Besides
diffusion effects, relatedness also affects labour dynamics through “magnet
effects”. Relatedness has extensively been shown to favour the entry of new
job specializations that are highly related with existing ones in the city, while
also preventing exit of existing job specializations. Chapter 3 further shows that
relatedness pulls jobs together in a city in three distinct ways: jobs might be
attracted because they are complementary to existing ones, and/or similar, and/
or synergic to them. The latter dimension of relatedness, local synergy, showed
particularly strong “magnet effects”. Moreover, results in Chapter 2 show that
bigger cities have more than proportionally higher levels of relatedness, in
comparison with smaller cities. This seems to indicate that relatedness, and its
effects in labour dynamics, reinforces itself as cities grow in diversity.

This might, in part, explain the increasing economic divergence between
regions in the USA, for instance (Moretti, 2012). Regions with less relatedness
density, especially of the local synergy kind, have less capacity for future job
diversification and less job quality. Chapter 5 shows that policy can help lagging
regions by stimulating the structure of relatedness around specialized jobs
in innovative sectors. Which would also help lagging regions to reach higher
resilience capacity to undergo a necessary transition to non-automatable skills
and keep the labour force employed.

The research contributions presented in this thesis support the claim that
relatedness between jobs shapes the constantly evolving geography of work.
It does so in several ways, resulting in magnet and diffusion effects. The
percolation of impacts from automation is also conditioned by the local structure
of relatedness. The effectiveness of policy intervention is also bounded by
relatedness linkages. We join scholars and policy makers defending that policy
can, to a certain extent, guide the transition of skills in regional labour systems.
It will depend on how well we understand how policy instruments interact
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with existing labour dynamics. How the structure of relatedness in each place
bounds the diffusion of knowledge and impacts from automation, attracting
new jobs, and accelerating automation in other jobs. | hope this thesis inspires
future policy-science collaboration to advance our knowledge and nurture a
digital future with good jobs for all.
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NEDERLANDSE SAMENVATTING

Banen verdwijnen, banen worden gecreéerd, en banen veranderen op een
geografisch ongelijkmatige manier. De arbeidsdynamiek is specifiek voor elke
plaats. Dit proefschrift onderzoekt de manier waarop banen zich tot elkaar
verhouden - gerelateerdheid - en hoe het de evolutie in de geografie van
banen beinvlioedt. Ten eerste stellen we aan de hand van gegevens over de
werkgelegenheid in meerdere landen vast dat grotere steden een meer dan
proportioneel hogere dichtheid van gerelateerdheid tussen banen hebben.
Ten tweede heeft gerelateerdheid de diversificatie van de arbeidsmarkt in
steden in de Verenigde Staten bevorderd, waardoor banen in steden worden
samengebracht die complementair, gelijksoortig en/of synergetisch aan elkaar
zijn - “magneeteffecten”. Ten derde verspreiden de effecten van automatisering
zich via gerelateerdheid: de werkgelegenheidsgroei is groter voor banen die
complementair maar niet gelijksoortig zijn aan lokale banen met een hoog
risico op automatisering - “diffusie-effecten”. Ten slotte tonen we in een
evaluatie van effecten van prikkels vanuit EU beleid in Portugese bedrijven
aan dat beleid de kwaliteit van banen kan verbeteren door de dichte structuur
van gerelateerdheid in innovatieve sectoren te stimuleren. Deze bevindingen
helpen bij het ontwerpen van beleidsinstrumenten die de lokale verspreiding
van negatieve effecten van automatisering neutraliseren en tegelijkertijd de
positieve effecten bevorderen.
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Jobs disappear, jobs are created, and jobs change, in a
geographically uneven way. Labour dynamics are particular
to each place. Within each unique set of jobs in a city, workers
influence each other in several ways. This doctoral thesis investigates
the way jobs relate to each other — relatedness — and how it shapes
the evolving geography of jobs. Our findings help design policy
instruments that neutralize the local diffusion of negative impacts
from automation, while promoting the positive ones.
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