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Mysteries of the trade? Skill-specific local agglomeration
economies
Martin Anderssona and Johan P. Larssonb

ABSTRACT
Do workers benefit from proximity to other workers with similar skill sets? This question dates back at least to Alfred
Marshall. We use occupation groups to proxy skill sets and show that the answer likely depends on geographical
levels, as well on regional hierarchy. Using longitudinal Swedish data, we document robust evidence consistent with
highly localized spillovers at the level of sub-city districts between individuals in similar occupations. We further
demonstrate less distance-sensitive benefits of working in districts and regions, characterized by high overall density
(of employees in other occupations). We find no evidence of benefits from overall density outside Sweden’s three
main metropolitan areas.
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INTRODUCTION

Alfred Marshall’s narrative, wherein ‘the mysteries of the
trade become no mysteries’ through knowledge ‘in the
air’ may well be among the most exhausted quotes in the
regional sciences (Marshall, 1920). Yet, it has often
come to represent knowledge spillovers in general, rather
than learning among workers with similar skills that Mar-
shall had in mind when he spoke of the benefits ‘people
following the same skilled trade get from near neighbor-
hood to one another’. Even though the skills involved
may have changed, as well as what constitutes ‘near neigh-
borhood’, Marshall identified a mechanism that remains
underexplored in the empirical literature on agglomeration
economies.

Following Marshall’s idea that benefits of local density
are stimulated by workers with similar skills, we investigate
the relationship between wage gains and close proximity to
workers with similar occupations.We provide new empiri-
cal evidence on these issues by analysing how

agglomeration gains within metropolitan areas depend
on a combination of proximity and skill similarities, as evi-
denced by occupational domains. More specifically, we ask
whether working in sub-city districts with a high density
of workers with similar occupations boosts wages.

Skills do constitute a central perspective in the recent
literature through growing evidence of a ‘skill bias’ in
agglomeration economies. A large body of evidence
suggests that the nature of agglomeration gains has shifted
towards a greater emphasis on contexts in which knowl-
edge, technology and interactions between workers as
well as firms are important (Glaeser & Kohlhase, 2003).
This shift has imprinted the specialization patterns of
cities in several ways, with notable effects on the types of
activities and skills that benefit from being located in
agglomerations.

One stream of the literature shows that ‘economies of
density’ primarily pertain to knowledge-intensive workers
and tasks intensive in interaction (Andersson et al., 2014;
Bacolod et al., 2009; Glaeser & Resseger, 2010). Another
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stream studies patterns of specialization across cities and
finds that they are increasingly specialized by function,
where headquarter functions and other skill-intensive ser-
vices cluster in large cities and production in smaller cities
(Duranton & Puga, 2005). Studies of the long-run devel-
opment of the occupational structure of cities in the Uni-
ted States further show that the employment share of
occupations associated with interactivity has increased at
a faster pace in metropolitan areas compared with other
places (Michaels et al., 2019). Baum-Snow et al. (2018)
find that a significant share of the increase in urban
wage inequality between skilled and unskilled workers is
explained by a skill bias in agglomeration economies.
Their analysis further points to the growing importance
of knowledge spillovers as a source of agglomeration econ-
omies as this mechanism appears to explain a large part of
the overall relationship between city size and wages. Taken
together, these developments constitute part of a broader
transformation wherein skill-biased technological change
(Autor et al., 2003) and the development of global value
chains imply that the comparative advantages of many
advanced countries have shifted towards activities and
functions performed by skilled workers who benefit from
agglomeration economies (Baldwin, 2016; Cheshire
et al., 2014).

Despite evident changes in the nature of agglomeration
economies, significant gaps remain in our knowledge of
the mechanisms of their operation. While knowledge spil-
lovers appear to be a more important source of agglomera-
tion economies in recent times, there is limited evidence
on how such spillovers are distributed within cities, and
if they depend on similarities in occupation, industry or
technology. Regarding spatial scales and attenuation, for
instance, Parr (2002) argues that external economies can-
not be fully understood or expressed outside of their spatial
setting, but it is not fully explored what that exact setting
is. We add to the analyses of these questions by using geo-
coded worker-level panel data to assess, first, the spatial
distribution of spillover effects within cities and, second,
whether spillover effects are contingent on skill simi-
larities, as evidenced by workers’ occupational belonging.

Background and motivation
The main questions that we set out to assess are whether
we observe evidence of agglomeration gains between
workers with similar skills, as evidenced by similar occu-
pation, and to what extent such agglomeration gains
require close proximity. These questions relate to two
main strands of the literature: (1) on the geography and
attenuation of agglomeration economies; and (2) on the
role of economic proximity (or relatedness) in facilitating
spillover effects between firms as well as workers. A
main idea in the first set of studies is that geographical
proximity between firms and people facilitates productivity
gains through agglomeration economies. The studies
depart from this insight and analyse how the strength of
agglomeration economies attenuates with distance.
Empirical studies in this vein typically find that agglom-
eration effects operate at different spatial scales. The

evidence is consistent with agglomeration effects operating
at small spatial scales inside cities, confined to sub-city dis-
tricts or neighbourhoods (Andersson et al., 2019; Arzaghi
& Henderson, 2008; Larsson, 2014; Lavoratori & Castel-
lani, 2021; Rosenthal & Strange, 2003, 2008). This type of
localized agglomeration effect is typically assumed to
reflect knowledge spillovers, since they are more likely
than other mechanisms to require close proximity and
thus prone to operate at finer spatial scales (Arzaghi &
Henderson, 2008; Rosenthal & Strange, 2020).1

The second strand of the literature to which our paper
relates analyses the role of economic proximity (or related-
ness) and highlights that geographical proximity is not
enough to generate productive spillovers. Instead, it is a
combination of geographical proximity and some form
of economic proximity with regard to similarity in knowl-
edge bases, skills, technology or industry that drives pro-
ductive spillovers (Boschma, 2005; Frenken et al., 2007;
Hidalgo et al., 2018).2 Conceptually, this line of argument
is based on several different schools of thought. One is the
role of absorptive capacity for the efficient transmission of
knowledge (Cohen & Levinthal, 1990). Another is the so-
called ‘French school of proximity’ that emphasizes various
dimensions of proximity (Carrincazeaux et al., 2008; Gilly
& Torre, 2000; Torre & Rallet, 2005). There is also a lit-
erature based on the idea that the balance between cogni-
tive proximity and distance matters for spillovers and
learning (Boschma, 2005; Nooteboom, 2000). Just as Wil-
liamson (1985, pp. 18–19) claimed that ‘transaction costs
are the economic equivalent of friction in physical sys-
tems’, economic proximity (or relatedness) between
knowledge or technology domains is claimed to reduce
frictions in the transmission of knowledge, information
and ideas. A sizeable body of evidence supports this
claim. For instance, analyses of human capital spillovers
as well as spillover effects associated with large plant open-
ings point to stronger spillover effects in the presence of
geographical and economic proximity between firms as
well as between workers (Greenstone et al., 2010; Moretti,
2004). There is also evidence that a variety of related
industries in a region boosts employment growth (Frenken
et al., 2007; Wixe & Andersson, 2017), and that related-
ness between technologies and skills boosts the develop-
ment of new specializations in cities and regions
(Boschma et al., 2015; Neffke et al., 2011; Rigby, 2015;
Xiao et al., 2018). Empirical analyses have employed var-
ious strategies to assess economic proximity and related-
ness, including input–output linkages between industries,
degree of sharing of workers and skills, sharing of technol-
ogy as well as similarities as evidenced by industry classifi-
cation systems (e.g., Moretti, 2004; Neffke & Henning,
2013).

Combining perspectives from these two literatures
leads to two conjectures about likely mechanisms that
explain how agglomeration gains depend on distance as
well as skill similarities. First, knowledge spillovers are
likely to operate at small spatial scales, such as city neigh-
bourhoods or city districts. Second, effective knowledge
spillovers require not only close geographical proximity,
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but also economic proximity (or relatedness). This implies
that sub-city ‘clusters’ of related activities, that is, places
where economic agents experience both economic and
physical proximity, should be hotbeds for productive
knowledge spillovers. Since knowledge spillovers consti-
tute a main micro-foundation of agglomeration economies
(Duranton & Puga, 2004), we expect firms and workers
who operate near related activities to be more productive
on average. This is the proposition that we aim to test in
this paper. We contribute with an empirical analysis
using geocoded panel data that allow us to account for
small spatial scales, and to account for the role of economic
proximity and skill similarity. Thereby, we provide novel
empirical evidence of relevance to both types of the
literatures.

Contribution
The literature on the geography and attenuation of
agglomeration effects and the literature on the role of
economic proximity have so far developed in parallel
(Andersson et al., 2019). The attenuation literature has
focused on empirically assessing the distance decay of
agglomeration effects as well as of human capital spillovers
(e.g., Andersson et al., 2016; Arzaghi &Henderson, 2008;
Rosenthal & Strange, 2008) with little attention paid to
the influence of various forms of economic proximity.
The literature on economic proximity and relatedness,
on the other hand, has not paid sufficient attention to
the scale at which agglomeration effects operate and typi-
cally use whole regions or cities as their spatial level of
analysis (e.g., Frenken et al., 2007; Neffke et al., 2011;
Rigby, 2015). Agglomeration effects operating at small
spatial scales may then be under identified. Some recent
papers use detailed geographical data and assess the rela-
tive roles of industry specialization and industry diversity
on the productivity of firms and establishments at different
spatial scales (e.g., Andersson et al., 2019; Lavoratori &
Castellani, 2021). One finding from this burgeoning lit-
erature is that spillovers channelled through industry
specialization appear to be more bounded in space than
effects of industry diversity. This paper adds to these
recent analyses in five main ways:

. We analyse the issue at the level of the individual. The
bulk of existing empirical analyses has either used
industry-region or firm-level data and focused on out-
comes such as employment growth, productivity, aver-
age wages and birth of new establishments. For
example, Andersson et al. (2019) employ firm-level
data and study the effect of sub-city industry clusters
and find that significant effects on total factor pro-
ductivity of firms in close proximity to other firms in
the same industry. In this paper, we employ matched
employer–employee data to assess if employees in
sub-city clusters of workers with related jobs are more
productive, as evidenced by wage gains. Even though
individual workers are key ‘agents’ in the context of spil-
lovers, few analyses in this vein have employed individ-
ual employee-level data to assess either the geography

of agglomeration effects or the influence of economic
proximity or relatedness.3

. Wemake use of finely geocoded data and an exogenous
partition of cities based on a grid of 1 × 1 km squares.
The detailed geocoding allows us to ‘unpack’ cities
and identify spillover effects that operate at the level
of sub-city districts, and we also assess the extent of
attenuation by incorporating spatially lagged effects
through the grid.

. We assess the role of economic proximity by analysing
whether estimates of spillover effects from close geo-
graphical proximity to other workers are conditional
on skill similarities, as evidenced by occupational
domains. Rather than focusing on industry belonging,
we follow Marshall’s (1920) original narrative of skilled
trades and focus on the tasks that workers perform.
Similar occupational domains imply that workers,
although employed in different industries and organiz-
ations, perform similar tasks and functions. Occu-
pational similarity thus bodes for cognitive proximity
between workers that can facilitate the potential for
productive spillovers (cf. Nooteboom, 2000). For indi-
vidual workers, the occupation may be thought of as a
representation of the functional orientation of tasks
and constitutes a relevant context for acquiring experi-
ences and skills. The literature on ‘occupational com-
munities’ in organizations links problems in
communication and misunderstandings between
workers with different functions, such as engineers,
technicians and assemblers, within one and the same
firm precisely to the fact that they have different work
contexts and situated experiences (e.g., Bechky, 2003).
The source of such communication problems is thus
claimed to be related to the specialization inherent in
performing their task, which implies that they develop
different types of experiences and perspectives. This
illustrates the role of the functional orientation of
work experience for the potential for productive spil-
lovers. For example, it is easy to imagine that managers
and marketing professionals can learn, copy behaviours
from each other, or exchange information and experi-
ences on issues of workforce management and market-
ing strategies, although they work in different types of
firms and/or different types of industries. Likewise, a
software engineer in a small software development ser-
vice firm may productively interact and exchange
experiences and information with software engineers
who develop software in a car manufacturing company
(see Desrochers & Leppälä, 2011, for more examples
and discussions along these lines). There is also empiri-
cal evidence suggesting that relevant human capital
appears to be occupation specific, rather than industry
or firm specific (Gathmann & Schönberg, 2010; Kam-
bourov & Manovskii, 2009). Such results indicate that
human capital in the form of a worker’s experiences and
skills in an occupation is transferable across firms and
industries as long as they keep performing similar
tasks. If occupational experiences and skills are transfer-
able across firms and industries, then it should also be
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possible for knowledge, ideas and information to spill
over between workers within similar occupational
domains.

. We exploit the richness of the data to assess the effects
for different types of workers. A large empirical litera-
ture documents that the influence of agglomeration
characteristics is heterogenous and industry dependent
(Faggio et al., 2017; Groot et al., 2016) as well as the
type of job and worker (Andersson et al., 2014;
Autor, 2019; Bacolod et al., 2009). A consistent finding
in the previous literature analysing skill biases in
regional data is that agglomeration gains are driven by
high-tech and more knowledge-intensive industries.
The latter literature shows strong agglomeration effects
for highly educated workers and workers with job tasks
associated with social interactions, problem-solving and
creativity. In this paper, we analyse these questions in
an intra-city analysis of individual workers by estimat-
ing our models for workers in different industries and
with different types of jobs.

. Skill biases in agglomeration economies and knowledge
spillovers are typically associated with primarily larger
urban areas, cities or metropolitan areas. The baseline
in our empirical analysis is therefore Sweden’s three lar-
gest cities, that is, Stockholm, Gothenburg andMalmo.
However, some analyses find that there are differences
between high- and low-density regions in terms of the
role of agglomeration (Groot et al., 2016; Marrocu
et al., 2013). Moreover, recent contributions have
argued that the empirical research is too focused on
large urban areas and that policy prescriptions typically
focus on ways of making ‘large cities bigger’ (Rodri-
guez-Pose & Storper, 2020). For this reason, we also
estimate our models for areas outside the main urban
regions in Sweden, which allow us to assess if the spatial
distribution of spillovers and the role of skill similarity
differs between urban areas and less dense regions.

In summary, the previous literature supports that
knowledge spillovers are bounded by both proximity and
domain specificity, although the extents remain empirical
questions. Our main contribution to the literature is a
detailed worker-level analysis of the role of occupation
similarity in facilitating spillover effects, together with an
analysis of the attenuation of such spillovers with distance.
Does occupation similarity facilitate spillovers and do such
spillover effects accrue to the neighbourhood level within
cities or can we observe them over larger areas?

Empirical analysis and summary of the main
findings
Our empirical analysis employs geocoded matched
employer–employee data on workers in Swedish cities
from 2002 to 2013. We estimate Mincerian wage
equations to assess whether working in a city district
with many other workers in similar occupations boosts
wages for various sets of skilled individuals. We include
individual fixed effects (FE) and a rich set of control vari-
ables. All models include two types of variables reflecting

the external environment, measured at three different
spatial scales. For each worker, we measure the local den-
sity of same-occupation workers and also include another
variable measuring density of all other workers. Both vari-
ables are measured in terms of the number of workers out-
side their own workplace, the size and skill composition of
which we also control for. Both types of variables are com-
puted at three spatial levels: (1) the within-city district (1 ×
1 km square); (2) first-order neighbours, that is, eight
neighbour squares; and (3) the labour market region.
Hence, we assess whether evidence of effects operates at
different scales, and thereby if it attenuates across different
levels. To test the argument that the role of agglomeration
effects matters more for knowledge- and interaction-
intensive occupations (Andersson et al., 2014; Bacolod
et al., 2009), we run separate models for different types
of occupations and industries.

Our results are consistent with agglomeration benefits
associated with working in a district with a high density of
workers with the same occupation. We further uncover
some evidence of working in environments of high overall
density. This estimated effect is not as strong at the local
level, but less distance sensitive and it generally spans
entire labour markets. In non-metropolitan areas, we
find weak effects at best of this overall density effect.
The results are in line with the existence of a skill bias,
since the evidence primarily supports district-level
agglomeration gains for highly skilled individuals who
work in city districts dense in similar skills, although sup-
ported by dense surroundings.

DATA

Matched employer–employee panel data
We employ geocoded matched employee–employer panel
for Sweden spanning 12 years (2002–13). The data are
register data (maintained by Statistics Sweden) covering
the population of workers in Sweden in both manufactur-
ing and services industries. Employees are assigned to their
work establishment in November each year. Plants are in
turn assigned to a firm. While the location of a firm can
be difficult to determine because a firm may have several
establishments (or plants) located in different regions or
districts within cities, each establishment has a unique
location and industry affiliation.

Though the data span all sectors of the economy, we
exclude all public sector employees and workers in the
agriculture and mining industries.4 This isolates workers
whose wage formation is determined by market outcomes
and workers in sectors whose locations are not directly
linked to natural resources. We also focus on workers in
the age interval 20–64 and exclude the self-employed.
Moreover, we only include workers for whom information
on occupation is available.

To measure skill similarity, we employ three-digit
occupational codes based on the International Standard
Classification of Occupations (ISCO-88), although we
also present the results using two- and four-digit group-
ings to test the sensitivity of our results to the level of
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classification employed. This implies that we make use of
112 occupational bins at the three-digit level to identify
workers who have occupations that have similar skills,
that is, occupational bins are used as a proxy for skills.
One motivation for using ISCO-88 occupational group-
ings to discuss skills is that the definition of ISCO-88
groups is based on two dimensions of the skill concept:
(1) skill level, which is based on the range and complexity
of the tasks involved; and (2) skill specialization, which is
based on the type of knowledge applied, tools and equip-
ment used, materials worked on, or with, and the nature of
the goods and services produced. The International
Labour Organization (ILO) claims that:

the focus in ISCO-88 is on the skills required to carry out

the tasks and duties of an occupation and not on whether

a worker in a particular occupation is more or less skilled

than another worker in the same or other occupations.5

Against this backdrop, we argue that having the same
three-digit occupational bin in ISCO-88 should capture
relevant aspects of skill similarity between workers.

The data inform about several characteristics of each
employee and their employer. For employees we have
information such as education length, sex, age and wage
income. At the level of establishments, we have infor-
mation on location, total number of employees as well as
sector affiliation. For firms we have balance sheet infor-
mation, including book value of physical capital assets.

Geocoding: 1 × 1 km squares
Each establishment is associated with a geocoded cell in a
country-wide grid of 1 × 1 km squares. We refer to these
squares as city-districts. The geocoding is exogenous
because the size as well as the position of the squares are
independent of underlying economic activity. Many stan-
dard geographical delineations are directly dependent on
economic activity, resulting in a built-in endogeneity
risk, which we avoid. The squares further reflect a granular
spatial scale consistent with the growing literature on
attenuation, which shows that there are relevant external-
ity effects that operate at small spatial scales (Andersson
et al., 2019; Arzaghi & Henderson, 2008; Rosenthal &
Strange, 2008).

The underlying ‘true’ scale of agglomeration effects
could of course cover several squares.6 By construction of
the grid, each district, d, has eight first-order neighbours
(Figure 1). In the analysis, variation at the sub-regional
scale is captured at the levels of districts and of first-
order neighbours. By including districts as well as first-
order neighbours, we test for the attenuation of effects at
a fine spatial scale. The regressions also include regional-
level measures, which in turn are discounted for any
employment in each worker’s district, d, and neighbouring
districts, n(d ).

We run our baseline models for all workers in Sweden’s
main metropolitan areas, that is, Stockholm, Gothenburg
andMalmo, and focus the analysis on districts with at least
100 employees outside their own work establishment. We

impose this cut-off in part for integrity reasons7 and in part
to ensure that minor events do not impact our results. We
note that all results presented are insensitive to estimating
the results without the cut-off. With these restrictions, our
main dataset contains about 1.8 million metropolitan
employees observed over a total of 10. 2 million individual
years.

MODEL AND ESTIMATION

Baseline model
Our baseline model is a basic type of Mincerian wage
equation. We use the model in (1) to estimate the influ-
ence that agglomeration variables at different spatial scales
have on the wages of individual workers:

lnwi,o,d,t =g1 lnOC samedistricto,d,t + g2 lnOC same
neighbors
o,n d( ),t

+ g3 lnOC same
region
o,r,t + d1 lnOC otherdistricto,d,t

+ d2 lnOC other
neighbors
o,n d( ),t + d3 lnOC other

region
o,r,t

+ s1HCdistrict
d,t + s2HC

neighbors
n d( ),t + X ′b+ uo,i,t

+ rt + li + 1i,o,d,t

(1)

where wi,o,d ,t is the wage of worker i with occupation o
working in district d in year t; and X is a vector of worker-
and employer-level control variables. For individual
workers it includes age, age squared and a dummy equal
to 1 if the worker has a long university education (three
or more years). At the level of the work establishment,
we include the log of the number of employees of the
establishment as well as a dummy for the main two-digit
industry (NACE) in which the establishment is classified.
We also include the fraction of workers with a university
degree and the fraction of employees at the workplace

Figure 1. Squares and neighbours.
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who have the same three-digit occupation as worker i.
These variables are intended to control for the overall
level of human capital in at the workplace and also the
extent of occupation specialization, which reflects pro-
ductive opportunities at the workplace. At the firm level,
we include the log of the book value of physical capital
assets. We also include industry-year effects to account
for industry-specifics shocks over time as well as a
dummy which is 1 if the worker moved districts of
employment between t and t – 1.

In addition, the model includes occupation-specific
effects (uo,i,t) based on the worker’s three-digit occupation
(ISCO-88) in year t, year-specific effects common to all
workers (rt) as well as time-invariant worker heterogeneity
(li). The worker-level FE wipe out any time-invariant
heterogeneity at the level of workers, such as innate abil-
ities. For workers who do not move between workplaces
or districts, they also wipe out time-invariant character-
istics of districts and workplaces. The FE imply that a
change in district employment can come about in two
ways: (1) the worker moves their place of work from one
district to another, or (2) there is a change in employment
in the district where a worker is employed. In the
regressions we include a dummy for individuals who
move between districts between two years.

Our variables of main interest capture effects of proxi-
mity to workers outside their own work establishment. A
main goal is to assess if the benefits of close geographical
proximity to other workers are conditional on skill simi-
larities, as evidenced by occupational domains. To this
end, we develop two different agglomeration measures
defined at three contiguous spatial scales. The first variable
is OC samedistricto,d ,t , which measures the number of employ-
ees working in the same district and in the same three-
digit occupation as worker i. Formally:

OC samedistricto,d ,t = EMPo,d ,t − L firmi,o,d ,t (2)

where EMPo,d ,t is the number of employees in district d
with occupation o in year t; and L firmi,o,d ,t is the number
of workers with occupation o in their own place of work.
This is the local density of workers with the same three-
digit occupation as a worker in a district (1 km2 square)
and is intended to reflect the potential for productive spil-
lovers between workers in different organizations, but
active within a similar occupational domain.8 Note that
this measure is different for two workers who work in
the same district if they have different occupations,
because the local density of workers with different occu-
pations is typically different within one and the same dis-
trict. The measure can also be different for two workers
who work in the same district and have the same occu-
pation, provided that they work in firms of different size.
The reason for this is that the measure captures the density
of workers outside the firm in which a worker is employed.

We also develop an equivalent measure but defined at
the level of neighbour districts (Figure 1):

OC same
neighbors

o,n(d),t = EMPo,n(d),t (3)

where EMPo,n(d),t refers to the sum of the number of
employees with occupation o in the eight neighbour
squares of district d, n(d). By including both measures as
separate variables, we analyse the attenuation of agglom-
eration effects pertaining to occupational domains. For
example, if close proximity is central, g1 would dominate
g2. Finally, we also include a measure at the regional level:

OC same
region
o,r,t = EMPo,r,t − EMPo,d ,t − EMPo,n(d),t (4)

The model also includes measures of the employment den-
sity of employees in occupations other than o at each
spatial level. At the level of districts, the number of
employees with other occupations outside their own estab-
lishment is given by the total number of other-occupation
workers outside their own workplace:

OC otherdistricto,d ,t = EMPd ,t − L firmi,d ,t

− (EMPo,d ,t + L firmi,o,d ,t) (5)

where EMPd ,t is the total number of employees in district
d. The same variable at the level of first-order neighbours n
(d ) is given by:

OC other
neighbors

o,n(d),t = EMPn(d),t − EMPo,n(d),t (6)

If productive spillovers are contingent on occupational
domains, we expect that the estimated influence of
OC samedistricto,d ,t dominates that of OC otherdistricto,d ,t . If instead
it is the overall density that is important, we expect the
opposite pattern. The corresponding regional level
measure is given by:

OC other
region
o,r,t = EMPr,t − EMPd ,t − EMPn(d),t

− (EMPo,r,t + EMPo,d ,t + EMPo,n(d),t)

(7)

We further include the fraction of the total number of
employees with a long university education (three or
more years) at the district and neighbouring districts,
respectively. Several empirical analyses of human capital
spillovers at the regional level document that local density
of educated workers influences worker wages as well as the
productivity of plants (Rauch, 1993; Moretti 2004).
Therefore, we include the human capital in districts,
HCdistrict

d ,t , and neighbour districts, HC
neighbors

n(d),t , as control
variables. These are defined as follows:

HCdistrict
d ,t = EMPedu

d ,t

EMPd ,t
(8a)

HC
neighbors

n(d),t = EMPedu
n(d),t

EMPn(d),t
(8b)

where EMPedu
d ,t and EMPedu

n(d),t are the total number of
employees with a long university education in district d
and in the eight neighbours of the same district, n(d ),
respectively.

All variables are summarized in the descriptive Table
A1 in the supplemental data online.
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Estimates for subgroups of workers
After estimating our model for all workers, we exploit the
richness of the data to explore the results for different sub-
groups of workers. A large empirical literature documents
that the influence of agglomeration characteristics is het-
erogenous and industry dependent (Faggio et al., 2017;
Groot et al., 2016) as well as the type of job and worker
(Andersson et al., 2014; Autor, 2019; Bacolod et al.,
2009).

We estimate our models for two different subgroup-
ings of workers. First, we run models for workers by
broad industry classifications. We separate between
workers employed in manufacturing and low- and high-
end services. Low-end services comprise basic services
such as wholesale and retail trade, whereas high-end ser-
vices include knowledge-intensive services, such as
research and development (R&D), management consul-
tancy and a wide range of business services.

Second, we run separate models for workers with
different types of occupations, irrespective of their industry
belonging. Like Andersson et al. (2014), we make use of a
job-task classification scheme developed by Becker et al.
(2013), which reports the fraction of non-routine job
tasks associated by each ISCO-88 occupation. The classi-
fication is based on a German work survey, which reports
answers to 81 questions regarding workplace tool use by
occupation. Tools are codified according to whether or
not the use of a tool indicates non-routine tasks. The
classification in Becker et al. is similar to that of Autor
et al. (2003) and Spitz-Oener (2006) in that occupations
are linked to the involved share of routine versus non-rou-
tine tasks.9 We use these data to estimate models for
workers with occupations involving high (50% or more)
and low (less than 50%) fractions of non-routine tasks,
respectively. The literature on the skill-bias in agglomera-
tion economies suggests that local agglomeration should
matter more for knowledge-intensive industries and edu-
cated workers, as well as for workers with jobs with higher
fractions of non-routine job tasks.

RESULTS

Metropolitan regions
Baseline results
The results from our baseline model in equation (1) are
presented in Table 1. We begin by estimating the model
for all workers with all variables included (column 1).
We then estimate the model with district-level variables
only (column 2), then with first-order neighbours (3),
then with regional-level variables (4). Column (5) presents
the complete model estimated with ordinary least squares
(OLS) model in levels (without the individual-level FE,
li) for reference.

Looking first at the FE model with all variables
included (column 1), it is clear that close proximity to
the same occupation is significant and positive. There is
also a positive effect of same-occupation workers at the
levels of neighbours and of the wider region, although

the point estimate at the level of neighbours is negligible.
The fully specified model with FE in column (1) informs
that the doubling of local density of same-occupation
workers is associated with a wage increase of 0.5%. This
is a lower point estimate compared with those pertaining
to the regional-level variables, but for a variable with
much higher underlying variability. A ‘doubling of the
density’ at the level of city districts actually means some-
thing in practice, while ‘doubling city density’ is only a
meaningful statement in a cross-section. As may be
gauged from Table A1 in the supplemental data online,
a 1 SD (standard deviation) increase in the number of
same-occupation workers in the ‘average’ district will
increase that occupation’s local density by almost 200%,
and a 1 within-SD represents more than a doubling. For
first-degree neighbouring district variables, the ratios of
SDs to averages are further magnified. These figures
should be compared with the region-level variables
where the SDs are a fraction of the averages. The results
are consistent with economically significant localized spil-
lover effects between workers with similar occupational
domains. The variable tracking same-occupation workers
in first-order neighbouring squares is positive and statisti-
cally different from zero, but of modest economic signifi-
cance. Looking at columns 2–4 in Table A1, we also see
that the main results are insensitive to specifications with
each level included separately. Note in particular how
the highly local effect of density of workers with the
same occupation is not picked up at the level of neighbours
when the district level is excluded (see column 3).

There is also a positive statistical association of being
close to workers in other occupations, although the esti-
mated point elasticity is smaller. The density of workers
with other occupations also has lower variability, which
means that it takes more significant relative changes in
the local economy to accomplish a percentage change in
density that leave footprints in workers’ wages. The den-
sity of workers with other occupations can be interpreted
as reflecting the overall density of the district. Our results
show that overall density does matter, but that the density
of workers with similar occupations has a stronger effect.

When we compare these results with the OLS model
in column (5) we can conclude that there is a good deal
of selection in the results without FE. In principle, all
OLS coefficients are higher across the board. We take
this as an indication that estimating the effects of agglom-
eration economies without accounting for sorting will lead
to bloated coefficients (Combes et al., 2008; Ahlin et al.,
2018). Nevertheless, the OLS results clearly show that
wages are substantially higher for workers who work in
clusters dense in own-occupation workers.

Turning to the control variables, we see that the esti-
mated influence of the share of workers with a long univer-
sity education (three or more years), net of controlling for
the worker’s own education, the share of employees in
their own workplace with a university degree, and our
full range of density variables, is negative. All FE coeffi-
cients are of modest economic importance, probably
owing to the slow-moving nature of this ratio. Note that
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we do not include this control at the level of regions since
we would simply lack ample variation across only three
regions. The worker- and firm-level control variables

behave as expected. Becoming older and attaining a long
university education is associated with an increase in
wage. An increase in the size of the establishment in

Table 1. Influence of the density of workers with the same and other occupations on the wage income of workers inside
metropolitan regions.

(1) (2) (3) (4) (5)

District, (ln) density of workers with the same two-digit

occupation

0.004**

(0.000)

0.005**

(0.000)

0.012**

(0.000)

Neighbours, (ln) density of workers with the same two-

digit occupation

0.000**

(0.000)

0.000**

(0.000)

0.001**

(0.000)

Region, (ln) density of workers with same two-digit

occupation

0.011**

(0.001)

0.013**

(0.001)

0.018**

(0.001)

District, (ln) density of workers with other occupations 0.002**

(0.000)

0.001**

(0.000)

0.002**

(0.000)

Neighbours, (ln) density of workers with other

occupations

−0.001*
(0.000)

0.002**

(0.000)

−0.002**
(0.000)

Region, (ln) number of workers with other occupations 0.022**

(0.003)

0.016**

(0.003)

0.020**

(0.001)

District share university educated −0.035**
(0.003)

−0.034**
(0.003)

−0.022**
(0.003)

−0.015**
(0.003)

−0.030**
(0.002)

Share university educated (neighbours) −0.018**
(0.004)

−0.021**
(0.004)

−0.016**
(0.004)

−0.003
(0.004)

−0.044**
(0.002)

Age 0.058**

(0.020)

0.058**

(0.020)

0.058**

(0.020)

0.058**

(0.020)

0.052**

(0.000)

Age squared −0.001**
(0.000)

−0.001**
(0.000)

−0.001**
(0.000)

−0.001**
(0.000)

−0.001**
(0.000)

University education 0.276**

(0.003)

0.277**

(0.003)

0.277**

(0.003)

0.277**

(0.003)

0.046**

(0.001)

Employer (ln) size 0.009**

(0.000)

0.009**

(0.000)

0.009**

(0.000)

0.009**

(0.000)

0.014**

(0.000)

Firm share university educated 0.110**

(0.002)

0.110**

(0.002)

0.111**

(0.002)

0.112**

(0.002)

0.216**

(0.001)

Firm share same occupation 0.060**

(0.001)

0.060**

(0.001)

0.062**

(0.001)

0.063**

(0.001)

0.068**

(0.001)

Capital (ln) 0.005**

(0.000)

0.005**

(0.000)

0.005**

(0.000)

0.005**

(0.000)

0.012**

(0.000)

Mover −0.016**
(0.000)

−0.016**
(0.000)

−0.016**
(0.000)

−0.016**
(0.000)

−0.044**
(0.001)

Constant 6.214**

(0.684)

6.566**

(0.683)

6.560**

(0.683)

6.297**

(0.686)

6.759**

(0.058)

Number of observations 10,174,640 10,174,640 10,174,640 10,174,640 10,174,640

R2 (within) 0.136 0.136 0.136 0.136 0.369

Number of individuals 1,828,578 1,828,578 1,828,578 1,828,578 1,828,578

Year FE Yes Yes Yes Yes Yes

Occupation FE Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes

Year × Industry FE Yes Yes Yes Yes Yes

Notes: Reported are the results from an estimation of the model in equation (1) with different specifications. Model 1 includes all variables. Model 2 only
includes the district level, model 3 only the neighbourhood level and model 4 only the region level as regards our variables of main interest. As a reference,
model 5 estimates the full model within levels/ordinary least squares (OLS). In models 1–4, all parameters are estimated with a panel estimator with
worker-level fixed effects (FE). The underlying data are employees in districts (1 km2 squares) with at least 100 employees within any of Sweden’s
main metropolitan regions, that is, Stockholm, Gothenburg or Malmo local labour market regions. Robust standard errors reported in parentheses.
**p<0.01, *p<0.05.
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which a worker is employed as well as an increase in the
capital stock of the firm is also associated with wage
increases. The share of workers in the firm having the
same three-digit occupation as the worker in question is
also positive, suggesting that more occupation-specialized
organizations are more productive on average.

Taken together, the baseline results suggest that it is
the local density of same-occupation workers at the district
level (1 × 1 km squares) that appear to be associated with
largest effects. Consistent with Marshall’s original idea,
they provide support for the idea that productive spillover
effects that boost workers’ productivity are facilitated by
close proximity as well as skill similarities, as measured
by occupational domains. The results also provide an
economic rationale for the tendency of similar activities
to cluster at the level of districts in cities, beyond simi-
larities in bid–rent curves, because such clustering appears
to bring productivity advantages.

Differences by industry and type of occupation
Table 2 turns to the industry- and occupation-disaggre-
gated results. Columns (1) to (3) report the results for
workers employed in manufacturing and low- and high-
end services, respectively. Columns (4) and (5) show the
respective results for occupations characterized by low
(less than 50%) and high (50% or more) fractions of
non-routine job tasks.

At the district level, the estimated influence of the den-
sity of same-occupation workers on wage remains positive
across subgroups in all specifications. Doubling the num-
ber of workers with similar occupations is associated with
an increase in the wage income of local workers of 0.3–
0.4%, with the slightly higher point estimate coming
from workers performing non-routine work tasks.
Workers across the board thus appear to benefit from
proximity to workers with similar occupations. A location
in a sub-city cluster of workers with related occupations
thus bring benefits to workers in different industries and
different type of jobs.

Looking at the level of first-order neighbours, the
estimated coefficients are generally small. This is consist-
ent with highly localized agglomeration gains, confined
to small spatial scales within cities. Working in regions
dense in same-occupation workers is positively associated
with wages in manufacturing and occupations rich in
routine work tasks. The estimate is positive but of mod-
est magnitude also in low-end services. However, for
high-end services and workers with a high fraction of
non-routine work tasks it is insignificant. For these sub-
groups, it seems to be mostly the district level that mat-
ters, as far as occupation clusters are concerned. This
result may reflect that such activities are more dependent
on knowledge spillovers, and if such spillovers operate at
small spatial scales, then the wider region matters little.
For routine work, manufacturing and overall services, on
the other hand, knowledge spillovers may be less impor-
tant. At the regional level, it is possible that many
workers in similar occupations reflect other types of
specialization effects, such as input suppliers and the

local availability of subsidiary services, that is, effects
that operate at wider spatial scales than knowledge
spillovers.

The coefficient associated with density of other-
occupation workers at the level of districts is positive
for all subgroups except for manufacturing, but of neg-
ligible size in low-end services. We also observe esti-
mates close to zero coming from neighbouring
districts. At the level of the wider region, the number
of other-occupation workers is statistically significant
and positive for all groups but for manufacturing. It
is also the case that the estimated elasticity is substan-
tially higher for non-routine workers compared with
routine workers. These results resonate with the idea
that it is primarily non-routine occupations that may
draw on local diversity and exploit cross-fertilizations
between different types of economic activities (Duran-
ton & Puga, 2001; Feldman & Audretsch, 1999).
The fact that the influence of other-occupation workers
appears to operate at all three spatial levels (with the
exception of manufacturing) also suggests that the
value of diversity in agglomeration economies may be
less distance sensitive than occupation-specific spil-
lovers. The control variables have a similar estimated
influence as in Table 1.

Sensitivity of results to the level of occupational
classification
An issue in any analysis that use classification schemes of
occupations, industries or products concerns the appro-
priate level of the classification system. For example,
this is a well-known problem in the literature on the
relative role of industry specialization and diversity, in
which a common issue has been that results at different
levels of industry aggregation are varied (Beaudry &
Schiffauerova, 2009; Groot et al., 2016). Previous litera-
ture has advised against high levels of industry aggrega-
tion, in particular when measuring specialization (e.g.,
Kemeny & Storper, 2015). In our empirical context,
one concern is whether the occupational bins provide
enough granularity at the occupation level to estimate
distinct occupational spaces, and also if our main results
are sensitive to the level of aggregation. Our choice of
the three-digit level for the baseline results was
made based on a combination of issues related to the
granularity and distinctiveness of individual occupational
bins.

However, it is impossible to determine a priori the ‘cor-
rect’ level of aggregation. To test if our main results are
sensitive to the level of aggregation of occupational group-
ings, Table 3 presents results based on two- and four-digit
levels of the ISCO-88 occupation grouping for the five
subgroups in Table 2. This allows us to test whether our
baseline results across subgroups hold if we employ more
and less detailed groupings, respectively.

It is clear that the main results regarding the estimated
influence of the density of same-occupation workers at the
level of districts holds at both two- and four-digit levels.
The only exception is that at the broad level of
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Table 2. Influence of density of workers with the same and other occupations on the natural logarithm of wage income – panel
fixed effects (FE) estimates for workers inside metropolitan regions.

(1)
Manufacturing

(2)
Low-end
services

(3)
High-end
services

(4)
Routine
skills

(5)
Non-routine

skills

District, (ln) density of workers with the

same two-digit occupation

0.003**

(0.000)

0.003**

(0.000)

0.003**

(0.001)

0.003**

(0.000)

0.004**

(0.000)

Neighbours, (ln) density of workers with

the same two-digit occupation

0.000

(0.000)

0.000**

(0.000)

0.000**

(0.000)

0.001**

(0.000)

0.000**

(0.000)

Region, (ln) density of workers with same

two-digit occupation

0.015**

(0.002)

0.004*

(0.002)

0.002

(0.003)

0.013**

(0.002)

0.002

(0.002)

District, (ln) density of workers with other

occupations

−0.000
(0.001)

0.002**

(0.001)

0.005**

(0.001)

0.001*

(0.001)

0.002**

(0.001)

Neighbours, (ln) density of workers with

other occupations

0.002*

(0.001)

0.001

(0.000)

0.002*

(0.001)

−0.001**
(0.000)

0.001**

(0.000)

Region, (ln) number of workers with

other occupations

−0.007
(0.007)

0.036**

(0.004)

0.028**

(0.006)

0.016**

(0.005)

0.031**

(0.003)

District share university educated −0.009
(0.009)

−0.031**
(0.005)

−0.011
(0.008)

−0.035**
(0.005)

−0.042**
(0.004)

Share university educated (neighbours) 0.003

(0.007)

−0.018**
(0.006)

−0.015
(0.008)

−0.002
(0.006)

−0.024**
(0.005)

Age 0.098

(0.081)

0.035

(0.020)

0.156**

(0.037)

0.050*

(0.019)

0.107**

(0.010)

Age squared −0.000**
(0.000)

−0.001**
(0.000)

−0.001**
(0.000)

−0.000**
(0.000)

−0.001**
(0.000)

University education 0.219**

(0.010)

0.206**

(0.004)

0.317**

(0.007)

0.143**

(0.004)

0.277**

(0.005)

Employer (ln) size 0.010**

(0.001)

0.013**

(0.000)

0.008**

(0.001)

0.010**

(0.001)

0.007**

(0.000)

Firm share university educated 0.049**

(0.006)

0.096**

(0.003)

0.072**

(0.003)

0.085**

(0.004)

0.081**

(0.002)

Firm share same occupation 0.084**

(0.003)

0.057**

(0.001)

0.039**

(0.002)

0.066**

(0.001)

0.040**

(0.001)

Capital (ln) 0.002**

(0.000)

0.004**

(0.000)

0.006**

(0.000)

0.004**

(0.000)

0.005**

(0.000)

Mover 0.000

(0.001)

−0.018**
(0.001)

−0.004**
(0.001)

−0.028**
(0.001)

−0.002**
(0.001)

Constant 4.241

(3.051)

6.738**

(0.666)

3.031*

(1.247)

6.203**

(0.634)

4.654**

(0.358)

Number of observations 2,086,287 5,934,156 2,268,019 4,801,037 5,487,425

R2 (within) 0.114 0.111 0.123 0.081 0.138

Number of individuals 401,135 1,296,506 581,908 1,101,795 1,005,504

Year FE Yes Yes Yes Yes Yes

Occupation FE Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes

Year × Industry FE Yes Yes Yes Yes Yes

Notes: Reported are the results from estimating equation (1) for five different groups of workers. Models (1) to (3) present the results for workers based on
the industry affiliation of the establishment at which they are employed. Models (4) and (5) present the results for workers based on the fraction non-
routine tasks associated with their occupation. Routine is composed of workers with occupations involving job tasks of which fewer than 50% are classi-
fied as non-routine. Non-routine are workers with occupations involving job tasks of which 50% or more are classified as non-routine. The underlying data
are employees in districts (1 km2 squares) with at least 100 employees within any of Sweden’s main metropolitan regions, that is, Stockholm, Gothenburg
or Malmo. Robust standard errors reported in parentheses.
**p<0.01, *p<0.05.
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aggregation, that is, two-digit, the density of same-occu-
pation workers is statistically insignificant in manufactur-
ing industries. As before, the density of other-occupation
workers at the level of districts within cities is also statisti-
cally significant and positive, again except for
manufacturing.

At the two-digit level, the estimated influences of
neighbour- and region-level density of both same- and
other-occupation workers are similar compared with
Table 2. For the four-digit level, the main difference com-
pared with Table 2 is that the number of same-occupation
workers at the level of the wider region is negative and

significant, although the effect size of the is negligible.
We conclude that our baseline results concerning the
influence on close proximity to workers in cities are not
sensitive to the level of aggregation of occupational codes.

Other robustness tests: diversity indexes and
cut-offs
We have also undertaken two additional tests of the
robustness of the baseline results presented in Tables 1
and 2. First, with reference to the established literature
on industrial specialization and diversity, we have run
our main models with the inclusion of a diversity index

Table 3. Sensitivity analysis replicating the baseline model (Table 2) using three- and four-digit occupation classifications.

(1)
Manufacturing

(2)
Low-end
services

(3)
High-end
services

(4)
Routine
skills

(5)
Non-routine

skills

Two-digit results

District, (ln) density of workers with the

same two-digit occupation

0.001

(0.000)

0.003**

(0.000)

0.004**

(0.001)

0.002**

(0.000)

0.004**

(0.000)

Neighbours, (ln) density of workers with

the same two-digit occupation

−0.000
(0.000)

−0.000
(0.000)

0.000*

(0.000)

0.000

(0.000)

0.000*

(0.000)

Region, (ln) density of workers with same

two-digit occupation

0.037**

(0.003)

0.012**

(0.003)

0.004

(0.005)

0.017**

(0.003)

0.023**

(0.003)

District, (ln) density of workers with other

occupations

0.002

(0.001)

0.002**

(0.001)

0.004**

(0.001)

0.002**

(0.001)

0.003**

(0.001)

Neighbours, (ln) density of workers with

other occupations

0.002**

(0.001)

0.001

(0.000)

0.002*

(0.001)

−0.002**
(0.000)

0.001*

(0.000)

Region, (ln) number of workers with

other occupations

−0.029**
(0.008)

0.028**

(0.004)

0.026**

(0.007)

0.012*

(0.005)

0.008

(0.004)

Number of observations 2,086,315 5,934,153 2,267,998 4,801,089 5,487,377

R2 (within) 0.113 0.110 0.122 0.080 0.137

Number of individuals 401,141 1,296,521 581,901 1,101,789 1,005,511

Four-digit results

District, (ln) density of workers with the

same two-digit occupation, ln

0.003**

(0.000)

0.002**

(0.000)

0.003**

(0.001)

0.002**

(0.000)

0.003**

(0.000)

Neighbours, (ln) density of workers with

the same two-digit occupation

0.000

(0.000)

−0.000
(0.000)

−0.001**
(0.000)

0.001**

(0.000)

−0.001**
(0.000)

Region, (ln) density of workers with same

two-digit occupation

0.004**

(0.001)

−0.003*
(0.001)

0.003

(0.002)

0.003*

(0.001)

−0.001
(0.001)

District, (ln) density of workers with other

occupations

−0.001
(0.001)

0.002**

(0.001)

0.005**

(0.001)

0.002**

(0.001)

0.004**

(0.001)

Neighbours, (ln) density of workers with

other occupations

0.002**

(0.001)

0.001*

(0.000)

0.003**

(0.001)

−0.001**
(0.000)

0.002**

(0.000)

Region, (ln) number of workers with

other occupations

−0.009
(0.008)

0.043**

(0.003)

0.028**

(0.005)

0.025**

(0.005)

0.034**

(0.003)

Number of observations 1,796,949 5,365,205 2,031,203 4,312,051 4,881,306

R2 (within) 0.099 0.102 0.117 0.076 0.126

Number of individuals 367,960 1,235,481 544,524 1,030,944 946,236

Notes: Reported are the results from estimating equation (1) using more precise occupation groups, at the three- and four-digit levels, respectively. The
regressions are otherwise estimated using the same variables as in Table 2. Other coefficients behave similarly to those of Table 2 and are omitted for
brevity. All other variables (identical to those of Table 2) are omitted for brevity.
**p<0.01, *p<0.05.
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Table 4. Influence of the density of workers with the same and other occupations on the natural logarithm of wage income –

panel fixed effects (FE) estimates for workers outside metropolitan regions.

(1)
Manufacturing

(2)
Low-end
services

(3)
High-end
services

(4)
Routine
skills

(5)
Non-routine

skills

District, (ln) density of workers with the

same two-digit occupation

0.000

(0.000)

0.001**

(0.000)

0.001

(0.001)

0.001**

(0.000)

0.002**

(0.000)

Neighbours, (ln) density of workers with

the same two-digit occupation

0.000*

(0.000)

0.000*

(0.000)

0.001*

(0.000)

0.000*

(0.000)

0.000**

(0.000)

Region, (ln) density of workers with same

two-digit occupation

−0.000
(0.001)

0.001

(0.001)

0.004

(0.002)

0.001

(0.001)

−0.000
(0.001)

District, (ln) density of workers with other

occupations

−0.001*
(0.001)

−0.003**
(0.001)

−0.003*
(0.001)

−0.002**
(0.001)

−0.004**
(0.001)

Neighbours, (ln) density of workers with

other occupations

−0.001
(0.001)

−0.001
(0.001)

0.000

(0.001)

−0.004**
(0.001)

−0.000
(0.001)

Region, (ln) number of workers with

other occupations

0.005*

(0.002)

0.001

(0.002)

−0.006
(0.004)

0.001

(0.001)

0.003

(0.002)

District share university educated 0.031**

(0.008)

−0.035**
(0.006)

−0.024*
(0.011)

−0.038**
(0.006)

−0.019**
(0.006)

Share university educated (neighbours) 0.006

(0.008)

−0.002
(0.007)

−0.031*
(0.016)

0.003

(0.007)

−0.008
(0.008)

Age 0.029*

(0.012)

0.060

(0.044)

0.036**

(0.002)

0.059**

(0.017)

−0.166**
(0.040)

Age squared −0.000**
(0.000)

−0.000**
(0.000)

−0.001**
(0.000)

−0.000**
(0.000)

−0.001**
(0.000)

University education 0.282**

(0.011)

0.190**

(0.006)

0.260**

(0.013)

0.123**

(0.006)

0.273**

(0.009)

Employer (ln) size 0.023**

(0.001)

0.011**

(0.001)

0.016**

(0.001)

0.018**

(0.001)

0.010**

(0.001)

Firm share university educated 0.059**

(0.007)

0.047**

(0.004)

0.041**

(0.005)

0.049**

(0.005)

0.044**

(0.003)

Firm share same occupation 0.083**

(0.002)

0.050**

(0.001)

0.042**

(0.003)

0.071**

(0.001)

0.031**

(0.002)

Capital (ln) 0.002**

(0.000)

0.004**

(0.000)

0.002**

(0.000)

0.004**

(0.000)

0.004**

(0.000)

Mover −0.019**
(0.001)

−0.027**
(0.001)

−0.005**
(0.001)

−0.036**
(0.001)

−0.002**
(0.001)

Constant 7.151**

(0.443)

6.258**

(1.518)

7.290**

(0.187)

6.195**

(0.576)

15.035**

(1.505)

Number of observations 2,794,559 4,178,763 1,009,431 5,112,818 2,869,935

R2 (within) 0.114 0.107 0.102 0.091 0.144

Number of individuals 524,350 929,993 286,337 1,067,614 591,735

Year FE Yes Yes Yes Yes Yes

Occupation FE Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes

Year × Industry FE Yes Yes Yes Yes Yes

Notes: Reported are the results from estimating equation (1) for five different groups of workers. Models (1) to (3) present the results for workers based on
the industry affiliation of the establishment at which they are employed. Models (4) and (5) present the results for workers based on the fraction non-
routine tasks associated with their occupation. Routine is composed of workers with occupations involving job tasks of which fewer than 50% are classi-
fied as non-routine. Non-routine are workers with occupations involving job tasks of which 50% or more are classified as non-routine. The underlying data
are employees in districts (1 km2 squares) with at least 100 employees outside any of Sweden’s main metropolitan regions, that is, Stockholm, Gothen-
burg or Malmo. Robust standard errors reported in parentheses.
**p<0.01, *p<0.05.
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based on occupations.10 The idea behind this is to test
whether the density of other-occupation workers reflects
density or if it is rather diversity that matters along the
idea of Jacobs (1969). Second, we also test whether the
main results are sensitive to the use of cut-offs. As
explained in the data section, the empirical analysis is
based on city districts (1 × 1 km squares) with at least
100 employees. To make sure that the main results are
not dependent on this cut-off, we have also estimated
the main models with no cut-offs at all. The results
from these two additional tests of robustness are available
from the authors upon request; they show that neither the
inclusion of occupational diversity indexes nor changing
cut-offs impact the main results.

Outside metropolitan regions
Our focus on metropolitan regions stems from the argu-
ment that skill bias in agglomeration economies primarily
pertains to larger urban areas and cities. As argued in the
introduction, there are several reasons to assess the esti-
mated influence of the agglomeration variables on workers
employed in districts outside large cities, which in a Swed-
ish context implies outside the country’s three main metro-
politan regions (Stockholm, Gothenburg and Malmo).

Table 4 replicates the industry- and occupation-disag-
gregated results for workers in districts outside their main
metropolitan regions. By comparing these results with
those obtained for metropolitan regions (Table 2), we
can gain an indication about whether any influence from
our district-level variables is concentrated in metropolitan
regions, or if our results support that these effects may be
present in smaller regions as well.

Two things stand out in Table 4. First, the point esti-
mates are low in almost every case. Second, and perhaps
most notably, outside metropolitan regions we fail to
find evidence pointing to the benefits of being close to
other-occupation workers, irrespective of spatial level.
Indeed, the estimated coefficient is often negative (with
a possible exception for a small region effect in manufac-
turing). The findings are consistent with the finding that
specialization is typically relatively more important in
less dense regions than it is in dense city regions (cf.
Groot et al., 2016), but it seems the majority share of
any effects found in this paper is driven by metropolitan
regions.

CONCLUSIONS

This paper has empirically analysed agglomeration gains
between workers with similar skills, as evidenced by similar
occupation, and assessed to what extent such agglomera-
tion gains require close proximity. Based on a combination
of the literature on attenuation of knowledge spillovers and
the role of skills similarities in facilitating such spillovers,
we developed two conjectures. First, knowledge spillovers
are likely to operate at small spatial scales, such as city
neighbourhoods or city districts. Second, effective knowl-
edge spillovers require not only close geographical proxi-
mity, but also economic proximity (or relatedness).

Drawing on Marshall’s idea of similar ‘skilled trades’ we
tested whether workers who operate near other workers
with similar occupations within a city receive a pro-
ductivity boost, as evidenced by higher wages.

Our main finding is that there is a robust and quanti-
tatively important relationship between a worker’s wage
and the local density of workers in similar occupations in
other firms. We also document evidence of an overall den-
sity effect, as evidenced by positive feedbacks between
workers in other occupations and wages. We find only
weak effects of overall density effects outside of the metro-
politan areas. Our empirical context thus favours the argu-
ment that close spatial proximity and economic proximity
(or relatedness) constitute fertile grounds for agglomera-
tion effects. At the same time, such ‘sub-city clusters’ of
workers with similar occupations appear to receive an
extra boost by being in an overall dense and diversified
city environment, up to and including the level of the
full region. Although our empirical analysis cannot ident-
ify or discriminate between mechanisms, the overall results
are consistent with the idea that close physical proximity
within cities combined with skill similarity provide fertile
grounds for knowledge spillovers that leave a footprint in
workers’ wages.

Policy-wise the results of this paper link up to recent
arguments that local governments have great power to
control agglomeration effects, because they seem to oper-
ate largely within the confines of cities (cf. Rosenthal &
Strange, 2020). At this point, the evidence is mounting
that agglomeration effects operate at small spatial scales,
meaning that land-use planning policies within cities
have potentially large influences on economic performance
as they set the conditions for the sub-city organization of
land and office space (Osman, 2020; Pan et al., 2021). By
influencing the location pattern of firms within cities, such
policies also influence the potential for various type of
agglomeration externalities. For example, the employment
density of districts in cities is directly related to the struc-
ture of buildings and transportation networks. Our analy-
sis further points to the importance that land-use planning
policy in cities is informed by the empirical literature on
the attenuation, and nature, of agglomeration effects.
The results do not imply that local policy should ‘select’
locations of firms and industries to try to create within-
city clusters. However, they do provide one motivation
for city planners to facilitate self-organized clusters at
the sub-city level. Sound policy should allow a high density
of, for example, office space where the market can bear it,
and facilitate access to such clusters for workers through-
out a city, for example, by investments in transportation
networks.11

Our study is not free from limitations. We stress that
the external validity of these results must be closely
assessed in future research, but we maintain that the stat-
istical association, as well as the meaningfulness of its size,
in and of themselves are interesting inputs into further
enquiry. The possibility that skill-biased clustering consti-
tutes an important source of agglomeration gains is intri-
guing, but we are yet unable to demonstrate the
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underlying mechanisms. Moreover, there is certainly more
work to be done before our results can be regarded as cau-
sal. Credible instrumentation and natural experiments are
likely needed for that. It is possible that our results could
be driven by time-variant unobservables at the level of
cities or districts within cities that attract workers with
similar occupations and at the same time increase wages.
Future work could do more to try to address such identi-
fication challenges up front and pay greater attention to
underlying mechanisms. The mysteries of the trade remain
mysteries, perhaps, but Marshall’s narrative stands strong.

There are at least two other areas of future research.
First, our approach to occupation clustering could be
cross-fertilized with studies of the labour force as vehicles
for spillovers. Recent analyses on Swedish data show that
mobility of workers does influence productivity of firms
and that relatedness plays a central role in the patterns
and consequences of job mobility (Falck et al., 2020;
Kekezi, 2020). Against this backdrop, further analyses of
these issues could explore the extent to which the effects
identified in this paper could be explained by local patterns
of inter-firm labour mobility and how such mobility relates
to skill similarities.

Second, future studies should delve deeper into the
actual meaning and interpretation of ‘skills’ and what
type of similarity actually benefits from ‘near neighbor-
hood’. Detailed case studies and survey-based research of
conscious and unconscious learning, network-building
and motivation (including drive and ‘grit’) derived from
working close to other people who are in some sense ‘simi-
lar’ would be welcomed in our view. Further, while we do
maintain that occupation bins are an empirically feasible
proxy, skill similarities can probably be conceptually better
assessed through some more exact measure of the tasks
involved in specific occupations. Future work could
explore alternative ways to assess skill similarities, perhaps
by drawing on established methods in the literature on
relatedness, such as Neffke et al. (2017).
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NOTES

1. In addition to knowledge spillovers (or learning), the
forces of agglomeration economies also include sharing
and matching (e.g., Duranton & Puga, 2004). Sharing
of resources, such as a wide variety of input suppliers
that can support many different production industries,
typically extend across rather large distances. Matching
effects on labour markets are generally assumed to operate
within commuting areas, which in turn often involve com-
muting time-distances of around one hour (Johansson
et al., 2002). Empirical analyses also confirm that knowl-
edge spillovers appear to be more local than effects arising
from sharing labour and inputs (Ellison et al., 2010).

2. The idea that effective knowledge spillovers require
relatedness may be perceived of as being in contrast to
Jane Jacobs’ notion of cross-industry spillovers (Jacobs,
1969), as well as work on the diversity for so-called recom-
binant innovation (e.g., Frenken et al., 2012). First, our
focus on similarities in skills does not imply that cross-
industry spillovers are irrelevant as workers with similar
occupations may work in different industries. Second,
the work on recombinant innovation emphasizes that var-
iety is important for more radical innovations, while com-
binations of more similar technologies or ideas are more
prone to generate less radical innovation. Our work does
not focus on innovation. Instead, we focus on productivity.
3. One exception is Larsson (2014) who uses geocoded
employer–employee panel data to assess agglomeration
effects at different spatial scales in Sweden. The present
study further contributes with an analysis of skill simi-
larities, linking up with Marshall’s (1920) original
assertion.
4. Excluded workers are only excluded from the
regressions; they counted towards the density measures
and other right-hand-side variables.
5. See https://www.ilo.org/public/english/bureau/stat/
isco/isco88/index.htm.
6. The issue of geographical borders arises in any empiri-
cal context of agglomeration economies. In principle there
is a trade-off. Larger geographical units alleviate issues of
overlap across borders, but are at the same time not suit-
able to identify externalities operating at small spatial
scales. Small geographical units are preferable to
identify externality effects at small scales, but could bring
questions about possible overlaps. Given the purpose of
this paper, we choose to use small spatial scales (1 × 1
km squares), but also use neighbours and the level of the
wider city.
7. We are not allowed to extract data in cases where there
is a risk that individual firms or persons may be identified.
8. At the level of districts, the uniform 1 km2 square grid
implies that the number of employees in a district, as well
as in neighbours, is an exact measure of employment den-
sity per km2.
9. Becker et al. (2013) classify answers in a German quali-
fication and career survey for 1998/99, undertaken by the
German Federal Institute for Vocational Training and the
research institute of the German Federal Labour Agency.
The survey tracks the usage of 81 different tools in a multi-
tude of occupations. Different tools are classified according
to their relation to non-routine tasks (non-repetitive work
methods). The different tasks are then mapped to ISCO-
88 standardized occupations. For each occupation, the
degree of non-routine tasks is then computed as the ratio
between the average number of non-routine tasks in the
occupation and the maximum number in any occupation,
and the numbers are then standardized so that the fraction
of non-routine tasks in an occupation varies between 0 and 1.
10. We employed an inverted Herfindahl index, follow-
ing Martin et al. (2011).
11. Recent evaluations of city cluster programmes show
that cluster policy, such as business support, tax breaks,
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place-branding and network-building elements, appears to
have limited effects. An analysis of the so-called Tech-
City programme in London by Nathan (2020) shows pre-
cisely that the cluster policy had at best weak effects and
that the growth of the firms had to do with processes
that started long before the policy was in place. What
we mean here is policy that facilitates the emergence of
self-organized clustering rather than cluster policy that
directly aims to ‘create’ or ‘manage’ clusters.
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