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a b s t r a c t 

Evidence abounds that agglomeration patterns have changed over time, but little is known about changes in 

the underlying determinants of agglomeration. We analyze 44 years of coagglomeration patterns of U.S. manu- 

facturing industries and show that over time, input-output linkages and labor market pooling have become less 

important determinants of industry agglomeration, while knowledge spillovers have become more important. We 

show that trade and technology shocks are strongly associated with the decline in labor market pooling and the 

increase in knowledge spillovers. The downward trend in input-output linkages is associated with an increase in 

trade competition but not with a decrease in the transportation costs of goods. 
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. Introduction 

Economies of agglomeration are key in understanding the spatial

istribution of economic activities ( Ellison and Glaeser, 1999; Duran-

on and Overman, 2005 ). A well-established literature documents large

hanges in agglomeration patterns (see for example Glaeser, 2011;

oretti, 2012 ) but pays limited attention to the changing role of

gglomeration determinants that may explain these patterns ( Ellison

t al., 2010; Moretti, 2012; Combes and Gobillon, 2015; Storper,

018 ). 4 

A natural starting point from which to study changes in agglom-

ration determinants is the classification by Marshall (1890) into la-
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nd knowledge spillovers. 
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hanges over time (see e.g., Jacobs et al., 2013; Behrens, 2016; Hanlon

nd Miscio, 2017; Aleksandrova et al., 2020 ). Notable exceptions are

aggio et al. (2017) ; Diodato et al. (2018) and Faggio et al. (2020) , as

hese studies show that there is strong heterogeneity in the intensity

f the agglomeration determinants between industries. Of particular in-

erest here is the finding by Faggio et al. (2017) that technology and

kill-intensive industries value knowledge spillovers more, while labor

arket pooling and input-output linkages are more relevant for low-

killed technology-extensive industries. 5 

Industries have become more technology and skill-intensive, which

as likely changed their agglomeration determinants. Hence, we think

hat analyzing the heterogeneity between industries over time may be

mportant in understanding the changing role of agglomeration de-

erminants. Industry agglomeration changes through the growth, clo-

ure, opening and relocation of establishments. These establishment

ynamics have likely been influenced by developments in trade com-

etition, technological progress and transportation costs of goods (see

loom et al., 2016; Brynjolfsson and Hitt, 2000 and Glaeser and

ohlhase, 2004 ); and these factors are also associated with an increase

n technology and skill intensity. 

In this paper, we study the dynamic nature of agglomeration

conomies. We assess the changes of Marshall’s agglomeration determi-

ants over time and document how these changes are related to changes

n trade competition, technological change, and transportation costs.

ur analysis consists of three steps. First, we exploit panel data to ex-

lain manufacturing agglomeration by proxies for labor market pool-

ng and input-output linkages, as well as an improved proxy for knowl-

dge spillovers. Second, we identify changes in sources of agglomeration

conomies over time by estimating year-by-year regressions. Third, we

xplore industry-year heterogeneity and test to what extent these three

hannels of economic change can be associated with changes in agglom-

ration determinants. 

We invest considerable effort in digitizing hard-copy data in order

o build a unique, balanced panel dataset with consistent geographical

nits and industries that covers relevant aspects of coagglomeration, oc-

upations, input-output linkages and patented knowledge for the years

or which data are available, i.e. , 1970, 1977, 1989, and then for ev-

ry 5 years until 2014. Our main analyses focus on coagglomeration in

etropolitan Statistical Areas (MSA) of the U.S., as these areas approx-

mately represent functional urban areas. 6 

Each of the three steps introduces innovative measures and pro-

uces novel insights. In the first step, we regress coagglomeration on

roxies for Marshall’s determinants of agglomeration. We build on

llison et al. (2010) by defining coagglomeration and proxies for la-

or market pooling and input-output linkages. For knowledge spillovers,

e improve on Ellison et al. ’s (2010) measure by focusing on the co-

ccurrence of technologies employed in patented inventions rather than

he patent citations between industries. We show that our so-called tech-

ological relatedness measure outperforms patent citations in explain-

ng coagglomeration. Following Faggio et al. (2017) , we control for the

imultaneous dependencies of industry pairs on nonmanufacturing in-

uts that may be correlated with coagglomeration. 
5 They relate this outcome to the ‘nursery city hypothesis’ introduced by 

uranton and Puga (2001) . The nursery city hypothesis implies that firms first 

earn about their ideal production process by making prototypes. They then 

enefit from being located in diverse places. Once firms have found their ideal 

rocess, firms switch to mass production and relocate to specialized cities where 

roduction costs are lower. Faggio et al. (2017) hypothesize that industries in 

he early developmental phase of the industry life cycle coagglomerate because 

f knowledge spillovers; then, when industries become more mature and stan- 

ardize their production process, they coagglomerate to take advantage of a 

ommon labor pool and input-output linkages. 
6 We show that similar results hold at the county level, which cover the entire 
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2 
The preferred specification shows that labor market pooling is the

ost important determinant of agglomeration between 1970 to 2014.

n increase of one standard deviation in the extent to which two in-

ustries can share workers is associated with an increase of 0.195 of a

tandard deviation in the extent to which these two industries are coag-

lomerated in the same MSA. The impacts of knowledge spillovers and

nput-output linkages are comparable in magnitude, as an increase of

ne standard deviation in the respective proxies leads to an increase in

oagglomeration of 0.104 and 0.090, respectively. 

In the second step, we investigate the dynamics in agglomeration

eterminants. We estimate year-specific regressions of coagglomeration

n Marshall’s sources of agglomeration economies. We find that knowl-

dge spillovers have become more important, as since 1970 the co-

fficient on knowledge spillovers has almost doubled. This is strong

upport for the large stream of literature that suggests that the shar-

ng of ideas is the reason that geographical proximity is still impor-

ant despite the developments in transportation and communication

echnologies. 7 On the other hand, we find a clear downward trend

n the importance of labor market pooling and input-output linkages,

hich decreased by approximately 45% and 90% , respectively. Hence,

he large changes in agglomeration patterns that are documented in the

iterature may have been caused by drastic changes in agglomeration

eterminants. 

In a third step, we explore why the determinants of industry agglom-

ration have changed over time and are different between industries.

e estimate industry-year-specific coefficients for each of the agglom-

ration determinants and project these coefficients on proxies for three

ajor economic trends that have considerably altered the composition

f manufacturing industries. These trends are increased trade compe-

ition from low-wage countries, routine-biased technological change,

nd a large decrease in the transportation costs of goods ( Glaeser and

ohlhase, 2004; Autor et al., 2013; 2015 ). 8 We then test whether trade,

echnology, and transportation shocks are associated with changes in

he determinants of industry agglomeration. The results from the third

tep show that more intense trade competition is associated negatively

ith labor market pooling and positively with knowledge spillovers.

urthermore, the routine employment share of an industry is associated

ositively with labor market pooling, while it is associated negatively

ith knowledge spillovers. For example, a standard deviation increase

n routine employment share and trade competition is associated with

n increase of approximately 100% and 40% of the median coefficient

n labor market pooling, respectively. Hence, the effects are sizable.

 likely interpretation is that increased trade competition and tech-

ological progress have led to more knowledge-intensive and flexible

ndustrial production processes, both through investments in surviving

stablishments and the closure of the least competitive establishments

see Brynjolfsson and Hitt, 2000; Bloom et al., 2016 ). As a result, the

emand for standardized routine tasks, and therefore access to a ‘com-

on’ labor pool, has decreased, while knowledge spillovers related to

ew (production) technologies have become more important. This inter-

retation is in line with the results on high-technology/high-education

ndustries found by Faggio et al. (2017) . 
7 This evidence is in line with suggestions made by, among others, Gaspar and 

laeser (1998) ; Storper and Venables (2004) ; McCann (2008) ; Glaeser (2011) ; 

oretti (2012) ; Michaels et al. (2019) and Balland et al. (2020) , who pro- 

ide evidence that communication technologies complement face-to-face con- 

act and that knowledge-intensive interactive activities increasingly concentrate 

n space. 
8 Regarding proxies for trade competition and technological progress, we 

losely follow Autor et al. (2013) and Autor et al. (2015) . We measure trade 

hrough import competition from low-wage countries, and we measure tech- 

ological progress by the share of workers with routine task-intensive jobs. 

or transportation costs, we follow Glaeser and Kohlhase (2004) by calculat- 

ng iceberg-like transportation costs for goods. 



M.P.A. Steijn, H.R.A. Koster and F.G. Van Oort Journal of Urban Economics xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: YJUEC [m5GeSdc; May 10, 2022;13:33 ] 

 

s  

e  

i  

t  

c  

p  

o  

w  

e

 

l  

c  

e  

g  

m  

s  

g  

t  

t  

d  

k  

e  

D  

i  

F  

t

 

d  

M  

t  

i  

c  

s  

V  

G  

c  

d

 

p  

t  

B  

w  

a  

q  

a  

i

 

O  

t  

o  

h  

M  

m  

r  

w  

i  

a  

 

a  

t  

h  

f  

p  

l  

m  

r  

p  

t  

p  

o  

s  

c  

c  

c  

t  

t  

w  

2  

2  

t  

l  

s  

c  

k  

K  

o  

t  

t  

i

 

d  

o  

r

2

 

i  

o  

i  

t  

a

2

 

t  

a

  

w  

𝑡  

e  

𝑚  

i  

e  

i  

c

9 This does not mean that transportation costs do not matter, because the 

wages of skilled workers have strongly increased in the last decades ( e.g., due to 

technological progress Autor, 2019 ). This suggests that the transportation costs 

of people have likely increased as their value of time has increased ( Glaeser and 

Kohlhase, 2004; Koster and Koster, 2015 ). 
10 Note that equation (1) implies that if both industries are not present in an 

area, this leads to positive coagglomeration values. We think this makes sense, as 

the industries then do not locate where the other is not present. As a robustness 

check, when calculating the coagglomeration index, we also removed areas in 

which both industries are not present, which led to very similar results. These 

results are available upon request. 
Interestingly, we find that the transportation costs of goods are not

trongly associated with input-output linkages. However, we do find

vidence that more intense trade competition is negatively related to

nput-output linkages. A standard deviation increase in trade competi-

ion is associated with a decrease of approximately 50% of the median

oefficient on input-output linkages. An extended analysis provides sup-

ort for the idea that local input-linkages are replaced by input-linkages

riginating in low-wage countries. In contrast to Faggio et al. (2017) ,

e do not find evidence that the decline in input-output linkages can be

xplained by industries becoming more technology and skill-intensive. 

Related literature. We contribute in several ways to the existing

iterature. First, most of the previous studies on coagglomeration are

ross-sectional, while we use panel data ( Ellison et al., 2010; Faggio

t al., 2017; 2020 ). This approach enables us to make improvements re-

arding identification by including industry-by-year fixed effects, which

atters for the results. Second, we improve on the proxy for knowledge

pillovers by using a measure based on the co-occurrence of technolo-

ies mentioned in patents instead of patent citations. Third, compared

o Diodato et al. (2018) who also analyze dynamics in coagglomera-

ion patterns, we use more fine-grained data at the three-digit (SIC) in-

ustry level, as well as at the MSA level, and we include a proxy for

nowledge spillovers. Fourth, in terms of investigating industrial het-

rogeneity in coagglomeration, we improve on Faggio et al. (2017) and

iodato et al. (2018) by explicitly explaining industry heterogene-

ty in a multivariate setting. This is similar to the approach used in

aggio et al. (2020) , but we use more detailed data and also exploit

emporal variation. 

We think the paper relates to the broader literature regarding un-

erstanding changes in location patterns of (manufacturing) industries.

ost notably, there is a large stream of literature that suggests that

he increased demand for geographical proximity is due to an increas-

ng importance of knowledge spillovers. Despite large improvements in

ommunication and transportation technologies, knowledge spillovers

till require face-to-face contact ( Gaspar and Glaeser, 1998; Storper and

enables, 2004; Rodríguez-Pose and Crescenzi, 2008; McCann, 2008;

laeser, 2011 ). The findings of the second step indeed confirm that lo-

alized knowledge spillovers have become more important in the last

ecades. 

Contradictory predictions exist in the literature on labor market

ooling. According to Moretti (2012) , labor market pooling is expected

o be on the rise due to the increase in skill levels of the workforce.

y contrast, the results of Faggio et al. (2017) suggest that a shift to-

ards more high-technology/high-education industries would lead to

 decreasing importance of labor market pooling because the labor re-

uired is less standardized. Our results are in line with the latter study,

s labor market pooling is becoming a less prominent determinant of

ndustry agglomeration. 

Contradictory predictions also exist regarding input-output linkages.

n the one hand, Glaeser and Kohlhase (2004) suggest that because

he transportation costs of goods have been greatly reduced, input-

utput linkages are currently likely to be less relevant. On the other

and, McCann and Fingleton (1996) , Duranton and Storper (2008) and

cCann (2008) argue that input-output linkages may have become

ore relevant as more competitive knowledge-intensive industries have

equired more frequent deliveries and more face-to-face interaction,

hich has led to higher coordination costs. Our results suggest that

nput-output linkages have become less important, although we cannot

ttribute this outcome to the reduction in transportation costs of goods.

The third step of is the analysis is related to the large stream of liter-

ture that aims to understand why and how the spatial organization of

he economy changes. Recall that in this step, we project industry-year

eterogeneity in regard to the agglomeration determinants on proxies

or important economic trends related to trade, technology and trans-

ortation costs of goods. For example, the reduction of trade barriers al-

owed for more intense trade competition from low-wage countries and

eant that low-skilled work has been offshored. Further, the computer
3 
evolution brought about fundamental changes in manufacturing. Entire

roduction processes and value chains were reinvented to fully exploit

he possibilities of the computer ( Brynjolfsson and Hitt, 2000 ). In the

rocess, computerized machinery took over much of the performance

f routine tasks but raised the productivity of workers who perform ab-

tract tasks, in particular those involving complex communication and

oordination ( Autor et al., 2003; Deming, 2017 ). As a result, both trade

ompetition and technological progress have led to the downsizing and

losure of establishments that were more low-skill labor intensive, low

echnology, and more likely to produce standardized products, while

he surviving establishments have increased their investments in R&D,

orkers’ skills, and capital ( Brynjolfsson and Hitt, 2000; Bernard et al.,

006; Holmes and Stevens, 2014; Bloom et al., 2016; Pierce and Schott,

016 ). This change in the composition of establishments within indus-

ries has altered colocation patterns and now particularly represents the

ocation choices of knowledge and skill-intensive establishments. More

pecifically, we find that an increase in import competition and a de-

rease in the routine employment share are associated with stronger

nowledge spillovers and weaker labor market pooling. Glaeser and

ohlhase (2004) demonstrate that over time, the transportation costs

f goods have strongly decreased, which may have also incentivized es-

ablishments to change locations. However, we find little evidence that

he decline in the transportation costs of goods can explain the decreas-

ng trend in input-output linkages. 9 

The rest of the paper is organized as follows. In Section 2 , we intro-

uce the econometric framework, followed by a discussion of the vari-

us datasets used in the analyses in Section 3 . We report and discuss the

esults in Section 4 , and we conclude the paper in Section 5 . 

. Empirical framework 

This section outlines the econometric framework. We first focus on

dentifying the impact of Marshall’s sources of agglomeration economies

n coagglomeration patterns. Second, we aim to study changes over time

n agglomeration determinants. Third, we project industry-year-level es-

imates of agglomeration determinants on proxies for trade, technology

nd transport costs of goods. 

.1. Step 1: Determinants of industry agglomeration 

We aim to analyze the factors that impact coagglomeration of indus-

ries over time. Following Ellison and Glaeser (1997) , the coagglomer-

tion  𝑖𝑗𝑡 of industries 𝑖 and 𝑗 in year 𝑡 is as follows: 

 𝑖𝑗𝑡 = 

∑𝑀 

𝑚 =1 ( 𝑠 𝑖𝑚𝑡 − 𝑥 𝑚𝑡 )( 𝑠 𝑗𝑚𝑡 − 𝑥 𝑚𝑡 ) 

1 − 

∑𝑀 

𝑚 =1 𝑥 
2 
𝑚𝑡 

, (1)

here 𝑠 𝑖𝑚𝑡 is the share of industry’s 𝑖 employment in location 𝑚 in year

 . More specifically, 𝑠 𝑖𝑚𝑡 = 𝐸 𝑖𝑚𝑡 ∕ 
(∑𝑀 

𝑚 =1 𝐸 𝑖𝑚𝑡 

)
, where 𝐸 𝑖𝑚𝑡 captures the

mployment of industry 𝑖 in location 𝑚 . Further, 𝑥 𝑚𝑡 is the size of location

 in year 𝑡 , which is measured by the employment share of the location

n the total employment of the nation. Our main results are based on

stimates from 1970 to 2014 at the MSA level, of which there are 363

n our data; however, we will also show results at the county level, which

overs the entire U.S. 10 
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Following the literature, we construct proxies for labor pooling,

amely,  𝑖𝑗𝑡 and for input-output linkages, namely,  𝑖𝑗𝑡 ; we also

onstruct an alternative proxy for knowledge spillovers, which we re-

er to as technological relatedness, i.e. ,   𝑖𝑗𝑡 . Regarding labor market

ooling, firms can be located near firms that employ workers with sim-

lar skills and expertise. There are three benefits to this common la-

or pool. First, employing or laying off workers in the face of fluctu-

ting demand becomes easier ( Krugman, 1991 ); second, the matches

etween available job positions and workers improve ( Helsley and

trange, 1990 ); third, workers will invest more in acquiring industry-

pecific skills ( Rotemberg and Saloner, 2000 ). On the other hand, labor

arket pooling also increases the risk of losing workers to competitors,

.e., so-called labor poaching, which gives firms less incentive to coag-

lomerate ( Matouschek and Robert-Nicoud, 2005; Combes and Duran-

on, 2006 ). With respect to input-output linkages, industries can coag-

lomerate with upstream industries or downstream industries to save

n the costs of transporting inputs or outputs, respectively. Finally, the

olocation of firms that employ similar technologies can lead to useful

deas ‘spilling over’ from one firm to another. 

We address the potential correlation of unobservables with our vari-

bles of interest in multiple ways. First, following Faggio et al. (2017) ,

e include dissimilarity indices, namely,  𝑖𝑗𝑡,𝑘 , to capture the shared

ependence on various inputs, 𝑘 = 1 , … , 7 . 11 Second, we improve on the

revious literature by controlling for the overall tendency of a three-

igit industry to coagglomerate with other industries in a specific year.

ore specifically, we include industry 𝑖 ×year and industry 𝑗 ×year fixed

ffects. Our baseline specification is given by the following: 

 𝑖𝑗𝑡 = 𝛼 𝑖𝑗𝑡 + 𝛽 𝑖𝑗𝑡 + 𝛾  𝑖𝑗𝑡 + 

7 ∑
𝑘 =1 

𝜁𝑘  𝑖𝑗𝑡,𝑘 + 𝜆𝑖𝑡 + 𝜆𝑗𝑡 + 𝜖𝑖𝑗𝑡 , (2)

here 𝛼, 𝛽, and 𝛾 are the main parameters of interest; 𝜁𝑘 and ∀𝑘 are

dditional parameters; 𝜆𝑖𝑡 and 𝜆𝑗𝑡 are industry 𝑖 -by-year and industry

-by-year fixed effects, respectively; and 𝜖𝑖𝑗𝑡 is an error term. 12 

Furthermore, we test for the presence of omitted variable bias by es-

imating bias-adjusted coefficients, following Oster (2019) . She shows

hat the effects of the inclusion of observable control variables that lead

o changes in 𝑅 

2 and coefficient movements can be used to calculate

he bias due to unobserved omitted variables. This process relies on two

arameters, namely, 𝑅 

2 
max , which is the 𝑅 

2 from the hypothetical regres-

ions of the dependent variables on all observables and unobservables,

nd 𝛿, which depicts the relative degree of selection on observed and

nobserved variables. Note that 𝑅 

2 
max is very unlikely to be 1 in most

mpirical applications due to measurement error in the dependent vari-

ble. Following Oster (2019) , we set 𝛿 to 1 and 𝑅 

2 
max to 1.3 times the 𝑅 

2 

f the baseline regression with controls and industry-year fixed effects

see equation (2) ). 

Reverse causation may be another potential concern in equation (2) .

ore specifically, while firms in industries with strong Marshallian links

ay choose to locate together, conversely, firms that are located close

ogether may also forge Marshallian links. 13 To mitigate this issue we

ollow Ellison et al. (2010) by instrumenting the Marshallian agglomera-
11 Faggio et al. (2017) argue that these are the most obvious candidates for 

mitted variables, as other unobserved location characteristics need to have a 

ery particular structure, which implies that industry agglomeration is corre- 

ated to both coagglomeration and the strength of the linkages between sec- 

ors measured by labor market pooling, input-output sharing and knowledge 

pillovers. 
12 We also considered exploiting temporal variation in coagglomeration by in- 

luding industry fixed effects. However, there is too little meaningful variation 

o obtain reasonably precise coefficients. 
13 Note that Faggio et al. (2017) argue that coagglomeration that leads to pro- 

uctive links should be considered as agglomeration economies. For example, if 

wo firms forge an input-output link after they have coagglomerated, then this 

s also a form of input-output sharing. Similar examples can be given for labor 

arket pooling and knowledge spillovers. Hence, it is questionable whether re- 

e  

2  

v

r

d

s

d

c

d

l

m

a

4 
ion variables with proxies based on areas where one industry is present

ut the other is (virtually) not present, and vice versa . Even in indus-

ry pairs with high coagglomeration values, there will typically be some

stablishments that are not located near establishments in the other in-

ustry. By focusing on establishments in industry 𝑖 that are not near

stablishments in industry 𝑗, their labor hiring decisions and knowledge

pillovers are less likely to be driven by joint omitted factors or by the

nfluence of proximity to the other industry; hence, coagglomeration

oes not affect labor market pooling or knowledge spillovers 14 

.2. Step 2: Changes in agglomeration determinants 

To identify changes in the determinants of industry agglomeration

ver time, we estimate a similar specification as that explained in (2) ,

ut we add year-specific coefficients for each of the agglomeration de-

erminants as follows: 

 𝑖𝑗𝑡 = 𝛼𝑡  𝑖𝑗𝑡 + 𝛽𝑡  𝑖𝑗𝑡 + 𝛾𝑡   𝑖𝑗𝑡 + 

7 ∑
𝑘 =1 

𝜁𝑡,𝑘  𝑖𝑗𝑡,𝑘 + 𝜆𝑖𝑡 + 𝜆𝑗𝑡 + 𝜖𝑖𝑗𝑡 , (3)

here 𝛼𝑡 , 𝛽𝑡 , and 𝛾𝑡 are year-specific coefficients. 

.3. Step 3: Exploring industry-level and temporal heterogeneity 

We expect that there is considerable heterogeneity in the agglomer-

tion forces across industries, as shown by Faggio et al. (2017) ; Diodato

t al. (2018) and Faggio et al. (2020) . Hence, changes in the economy

riven by developments in the (i) trade competition, (ii) technological

rogress, and (iii) transportation costs of goods likely influenced the im-

ortance of the determinants of industry agglomeration, which in turn

ltered coagglomeration patterns. 

Trade competition is associated with the displacement of millions of

orkers within U.S. manufacturing industries in the last decades, even

hough the value added has kept increasing ( Pierce and Schott, 2016 ).

hus, industries have become more technology and skill intensive,

ave focused more on niche products, and have invested more in

&D. These shifts happened because of (i) trade-induced technologi-

al changes within the surviving establishments, as well as (ii) a reduc-

ion in the employment and survival probability of more labor inten-

ive low-technology establishments. Such changes in the composition

f establishments within industries likely altered colocation patterns

nd now particularly represents the location choices of knowledge and

kill-intensive establishments ( Bernard et al., 2006; Holmes and Stevens,

014; Pierce and Schott, 2016; Bloom et al., 2016 ). Following the liter-

ture, we construct a measure – import penetration – that is based on

he exposure of an industry to imports from low-wage countries in year

 . 

Technological changes, particularly those related to the computer

evolution, have likely fueled changes in agglomeration determinants

see Glaeser, 2011; Moretti, 2012 ). Computers excel at performing so-

alled routine tasks and have thus replaced the often middle-skilled

orkers who perform these tasks. On the other hand, high-skilled work-

rs are complemented by technological progress ( Brynjolfsson and Hitt,

000; Autor et al., 2003 ). 15 In particular, the demand for workers who
erse causation is really an issue that should be tackled. Fortunately, the OLS 

esults are not fundamentally different from the IV results. 
14 Ellison et al. (2010) also mitigate reverse causality concerns by employing 

ata from the United Kingdom to calculate Marshallian proxies in the U.K. to in- 

trument for the corresponding U.S. variables. Apart from the limited historical 

ata availability for the U.K., we consider the ‘spatial’ instruments to be more 

onvincing, as similar reverse causation issues cannot be ruled out in the U.K. 

ata. 
15 Note that technological progress is routine-biased rather than skill-biased; 

ow-skilled workers, who generally perform manual tasks, fared better than 

iddle-skilled workers during such progress, which is a phenomenon known 

s job polarization ( Goos et al., 2009; Autor and Dorn, 2013 ). 
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erform interactive tasks increased ( Autor et al., 2003; Deming, 2017;

alland et al., 2020 ). As these jobs rely on face-to-face contact, the de-

and for geographical proximity increases ( Storper and Venables, 2004;

cCann, 2008; Glaeser, 2011 ). Furthermore, technological progress al-

owed establishments to vertically disintegrate, relocate and outsource

arts of their activities, thereby leading to fundamental changes in the

istribution of the remaining establishments, which led to changes in

oagglomeration patterns ( Brynjolfsson and Hitt, 2000; Duranton and

uga, 2005; Glaeser and Ponzetto, 2007; Balland et al., 2020 ). As a

roxy for exposure to technology, we therefore take the share of rou-

ine employment in a sector, following Autor et al. (2015) . 

Marshall (1890) already noted that geographical proximity implies

eductions in transportation costs. Glaeser and Kohlhase (2004) show

ow the transportation costs of goods have decreased sharply in the last

ecades, which could be another reason for changes in agglomeration

eterminants. Following Glaeser and Kohlhase (2004) , we proxy for the

ransportation costs of goods by the share of expenditure in each sector

pent on transportation. 

We apply a two-step estimation approach, similar to

aggio et al. (2020) , to explain the observed variation in agglom-

ration determinants by trade competition, technological progress and

ransportation costs. First, we estimate a specification that is very simi-

ar to the baseline regression in (2) but contains industry -year-specific

oefficients for each of the agglomeration determinants: 

 𝑖𝑗𝑡 = 𝛼𝑖𝑡  𝑖𝑗𝑡 + 𝛽𝑖𝑡  𝑖𝑗𝑡 + 𝛾𝑖𝑡   𝑖𝑗𝑡 + 

7 ∑
𝑘 =1 

𝜁𝑖𝑡,𝑘  𝑖𝑗𝑡,𝑘 + 𝜆𝑖𝑡 + 𝜆𝑗𝑡 + 𝜖𝑖𝑗𝑡 . (4)

quation (4) yields an estimated coefficient for each Marshallian force

or each industry in each year. 

Second, we regress �̂�𝑖𝑡 , 𝛽𝑖𝑡 , and �̂�𝑖𝑡 of industry 𝑖 in time period 𝑡 on

he three industry-level variables, thus capturing trade, technology, and

ransportation costs  𝑖𝑡 while controlling for time fixed effects 𝜇𝑡 : 

 ̂𝛼𝑖𝑡 , 𝛽𝑖𝑡 , ̂𝛾𝑖𝑡 } = 

3 ∑
𝓁=1 

𝜂𝓁  𝑖𝑡, 𝓁 + 𝜇𝑡 + 𝜉𝑖𝑡 , (5)

here 𝜂𝓁 and ∀𝓁 are parameters to be estimated, 𝜇𝑡 are year fixed effects

nd 𝜉𝑖𝑡 is an error term. 

We mitigate concerns related to omitted variable bias by estimating

ster -style bias-adjusted coefficients by adding variables on average es-

ablishment size and the capital-labor ratio. Given that these variables

ould be considered as proxy controls, the results should be interpreted

s lower bounds ( Angrist and Pischke, 2008 ). 

One may be concerned that reverse causality is also an issue

ere. Agglomeration determinants are potentially correlated with lo-

al economic conditions that affect the demand for imports from

ow-wage countries. To instrument for import penetration, we follow

utor et al. (2015) by calculating import penetration in other high-

age countries. 16 The predicted part of import penetration due to trade

hocks in all of these countries is likely due to a rising comparative ad-

antage of low-wage countries and/or a decrease in trade costs rather

han import demand changes due to local conditions. 

Furthermore, the investment in technology may be dependent on

he size the local labor pool, which makes it easier to employ or replace

orkers when necessary. Also, when firms are coagglomerated because

f knowledge spillovers, the availability of new tacit knowledge is likely

o encourage firms not to standardize but rather to continuously rein-

ent production processes (see Duranton and Puga, 2001; Faggio et al.,

017 ). For the routine employment share, we construct spatial instru-

ents as described previously, i.e. , by focusing on areas where an indus-

ry does not coagglomerate to make use of a common labor pool, buyer-
16 Autor et al. (2015) use data from Australia, Denmark, Finland, Germany, 

apan, New Zealand, Spain and Switzerland. We use data from the U.N. Com- 

rade database for the same countries, but we also include France and the 

etherlands, which is to be explained later in more detail. 

e

i
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5 
upplier relations, and knowledge spillovers. 17 In these MSAs, the share

f routine employment is unlikely to be influenced by these agglomera-

ion determinants. 

Finally, the share of transportation expenditure may be influenced

y the extent to which an industry coagglomerates with buyers or sup-

liers, because stronger coagglomeration leads to shorter distances and

herefore less transport expenditures. Transportation expenditure as a

hare of total expenditure is dependent on not only transportation ex-

enditure but also other expenditures. The latter are unlikely to be in-

uenced by agglomeration determinants. We capture other expenditures

y the mean value of a ton. Although using the mean value of a ton as

n instrument for the share of transport expenditures addresses reverse

ausality, this approach may lead to omitted variable bias, as a higher

alue of a ton is likely correlated with more knowledge/skill intensive

roducts, which may not be fully captured by our trade and technology

easures. Therefore, we also add the value of a ton in 1970 as a control

ariable. 

To obtain standard errors, and to address the issue that �̂�𝑖𝑡 , 𝛽𝑖𝑡 , and

̂𝑖𝑡 are estimated parameters, we bootstrap this two-step estimation pro-

edure by randomly selecting industry 𝑖𝑗 − 𝑗𝑖 pairs. 

. Data and descriptives 

This section discusses the construction of the data. We discuss our

roxies for agglomeration sources, in particular, with respect to our al-

ernative proxy for knowledge spillovers, namely, technological related-

ess. We further gather data related to industry-level proxies for trade

ompetition, technology exposure, and transportation costs of goods.

e close this section by reporting descriptive statistics in Section 3.3 . 

.1. Determinants of industry agglomeration 

Coagglomeration. We calculate industry-pair-specific coagglomera-

ion measures using County Business Patterns (CBP) gathered by the U.S.

ensus Bureau; these data are available online from 1986 onwards. Raw

ata from before 1987 were kindly provided by Duranton et al. (2014) .

e construct a balanced panel dataset of consistent counties and in-

ustries using 3-digit SIC ’87 classifications, which is discussed in more

etail in Appendix A.1. 

Labor market pooling. We use the National Industrial-Occupation

mployment Matrix (NIOEM) published by the Bureau of Labor Statis-

ics (BLS). These data are digitally available online from 1989 onwards

or manufacturing employment. Data for 1970 and 1978 are obtained

rom hard-copy reports by the BLS (1981) using optical character recog-

ition (OCR). We then manually checked the digitized data to avoid er-

ors. We built a composite job classification, in which job occupations

re consistent over time (see Appendix A.2.1 for further details). In line

ith the previous literature, we then calculate the correlation in the

hare of employees across occupations between each industry pair. 

Input-output linkages. For the construction of input-output link-

ges, we employ the use tables of the U.S. Bureau of Economic Anal-

sis (BEA), as well as their concordance tables. We define 𝐼𝑛𝑝𝑢𝑡 𝑖 ← 𝑗 

s the share of industry 𝑖 ’s inputs that come from industry 𝑗, while

𝑢𝑡𝑝𝑢𝑡 𝑖 →𝑗 is defined as the share of output sold to industry 𝑗 by industry

 . 18 We then define input-output linkages between industry 𝑖 and 𝑗 as

 𝑖𝑗 = max ( 𝐼𝑛𝑝𝑢𝑡 𝑖 ← 𝑗 , 𝑂𝑢𝑡𝑝𝑢𝑡 𝑖 →𝑗 ) . 
In contrast to previous work, we do not combine  𝑖𝑗 and  𝑗𝑖 into

 single measure as these are directional variables and are therefore

elevant for estimating industry-year-specific coefficients later on. 
17 More specifically, we estimate the impact of agglomeration determinants for 

ach MSA 𝑚 separately . We then calculate the routine employment share of each 

ndustry in the 50 MSAs where �̂�𝑖𝑚𝑡 , 𝛽𝑖𝑚𝑡 , and ̂𝛾𝑖𝑚𝑡 are the smallest. 
18 Similar to Ellison et al. (2010) , we calculate these shares relative to all sup- 

liers and customers, some of whom may be outside manufacturing; see Ap- 

endix for more details. 
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output linkages, as suggested by Duranton and Storper (2008) , and via labor 

market pooling, as shown by Serafinelli (2019) . We also looked at the concor- 

dance table between technologies and industries of Goldschlag et al. (2020) used 

by Diodato et al. (2018) . This crosswalk is based on keyword analysis in 

both technology and industry classifications. We found that for 1994, the 

correlation between technological relatedness following the concordance of 
Knowledge spillovers. With respect to knowledge spillovers, we

how results using the patent citation measure, which follows the ex-

sting literature, but we prefer the results based on a novel measure,

amely, technological relatedness. Patent citations are used as a proxy

or knowledge spillovers by linking technology classes to industries and

hen calculating the share of citations to each industry by patents of

ach industry. However, not all technologies, and therefore not all in-

ustrial knowledge, mentioned in cited patents are actually used in the

iting patent. For example, in our sample, there are some patents that

ite up to 1,500 other patents. Hence, it is likely that a large share of

he technological knowledge of these cited industries is irrelevant for

he described invention. 

Furthermore, the share of patent citations of industry 𝑖 compared to

hat of industry 𝑗 only normalizes the results in terms of patents for the

ize of industry 𝑖 and not for the size of industry 𝑗. This turns out to mat-

er substantially. The correlation between the total number of patents

f industry 𝑗 and the share of patent citations received from industry

 is 0.72. The industry with the most patents, i.e., SIC356 (general in-

ustrial machinery and equipment), is one of the most important cited

ndustries for approximately 65% of all the industries. As a result, the

heer size of industry SIC356 seems to suggest knowledge spillovers be-

ween industries that intuitively do not make much sense. We elaborate

n this issue in Appendix A.2.3. 

Instead, we prefer to link technologies in patent documents to indus-

ries and then focus on the co-occurrence of industries in each patent.

ote that a single patent can mention more than one technology class.

e do so by estimating a network-based probability measure, known as

elatedness, that normalizes for the size of both industry 𝑖 and industry

(see Hidalgo et al., 2018 ). 19 Following Steijn (2021) , we define tech-

ological relatedness , namely,   𝑖𝑗𝑡 , between industry 𝑖 and industry 𝑗

n year 𝑡 as follows: 

  𝑖𝑗𝑡 = 

 𝑖𝑗𝑡 ( 

 𝑖𝑡 ∑𝑁 
𝑛 =1  𝑛𝑡 

 𝑗𝑡 

( 
∑𝑁 

𝑛 =1  𝑛𝑡 )−  𝑖𝑡 
+ 

 𝑗𝑡 ∑𝑁 
𝑛 =1  𝑛𝑡 

 𝑖𝑡 

( 
∑𝑁 

𝑛 =1  𝑛𝑡 )−  𝑗𝑡 

) ∑𝑁 
𝑛 =1  𝑛𝑡 
2 

, 𝑖 ≠ 𝑗, 

(6) 

here  𝑖𝑗𝑡 is the number of co-occurrences on patents between industry

 and industry 𝑗 in year 𝑡 , i.e., a count of the number of times that in-

ustries 𝑖 and 𝑗 are associated with the same patent.  𝑖𝑡 and  𝑗𝑡 are the

umber of co-occurrences involving industry 𝑖 and industry 𝑗 in 𝑡 , re-

pectively, and 𝑛 = 1 , … , 𝑁 refer to industries. The rationale behind the

easure is to divide the observed number of co-occurrences on patents

etween two industries by the expected number os co-occurrences if

ll the occurrences of industries would have been assigned to patents

andomly. Hence,   𝑖𝑗𝑡 = 1 indicates that exactly the same amount of

o-occurrences has been observed as could be expected from a random

istribution. 

To calculate   𝑖𝑗𝑡 , we then need to link technologies listed

n patents to industries. We employ the concordance table by

err (2008) between the technology classification by the United States

atent and Trademark Office (USPTO) and the SIC classification. This

oncordance is based on a limited time period between 1990 and 1993

uring which the Canadian Patent Office recorded both the technology

lasses involved in the invention on the patent and the industry class

f the patenting firm (see Silverman, 2002; Kerr, 2008 ). Data on tech-

ology classes per patent is obtained from the USPTO (see Marco et al.,

015 ). 20 
19 An argument in favor of using patent citations is that a citation captures an 

ctual spillover. However, Jaffe et al. (2000) surveyed inventors and found that 

nly 18% of the citations could be considered as an actual knowledge spillover, 

hich is defined as stemming from direct contact between inventors or from 

ttending a product demonstration. 
20 We caution that no patent-based measure can capture the full extent of 

nowledge spillovers and that part of the knowledge spillovers operate via input- 

K

T

t

1

K

m

t

s

6 
Dissimilarity measures. Faggio et al. (2017) argue that two indus-

ries might be coagglomerated because both depend on an input that

s unevenly distributed over space, such as transportation infrastruc-

ure ( e.g., ports) or natural resources. As a result, the two industries end

p coagglomerating not because of Marshallian linkages but because of

hese location endowments. We follow their approach in addressing this

ssue by measuring how similar two industries are in their dependency

n inputs from agriculture; mining; water; energy; transportation; fi-

ance, insurance, and real estate (FIRE); and other services. We refer to

ppendix A.2.4 for details. 

Spatial instruments. We develop spatial instruments for labor mar-

et pooling and knowledge spillovers following Ellison et al. (2010) to

ddress the reverse causality concerns between coagglomeration and

gglomeration determinants. 21 Using the CBP, we identify MSAs where

ndustry 𝑖 is present but industry 𝑗 is (virtually) absent, and vice versa .

hen, we calculate the correlation in labor share per occupation of in-

ustry 𝑖 in the former MSAs with that of industry 𝑗 in the latter MSAs

y employing the IPUMS census samples by Ruggles et al. (2018) . We

se the combined 1970 1% metro fm1 and 1970 1% metro fm2 samples

or 1970, the 1980 5% sample for 1977, the 1990 5% state sample for

989 and 1994, the 2000 5% sample for 1999 and 2004, the 2009 ACS

yr sample for 2009, and the 2014 ACS 5yr sample for 2014. We use

he location of inventors from Petralia et al. (2016) for 1965 to 1975

nd from Hall et al. (2001) for more recent years to construct a spatial

nstrument for technological relatedness. 

For each industry 𝑖 , Ellison et al. (2010) selected the 25 MSAs for

hich industry 𝑗 is the least present but industry 𝑖 is strongly present.

e choose to increase the number of MSAs from 25 to 50, as the IPUMS

ample size in 1970 is smaller than that of the 1990 data used in

llison et al. (2010) . Recall that there are a total of 363 MSAs in the

ata. 

.2. Trade, technology, and transportation costs 

Thus far, we have discussed the data used to estimate the impact

f agglomeration determinants on coagglomeration. In the third step of

he analysis, we further aim to explore how these agglomeration deter-

inants are related to proxies for trade, technology, and transportation

osts. 

Trade. The effects of trade on establishments, and therefore coag-

lomeration patterns, are thought to result from import competition

rom low-wage countries ( Bernard et al., 2006; Bloom et al., 2016 ).

ernard et al. (2006) define these trade partners as countries that, across

he entire time period, have a GDP per capita that is less than 5% of the

DP per capita in the U.S.; however, they also consider thresholds of

0% and 15% . We choose to use this last threshold as, due to our long

ample period, China would fall out of the sample in 2014 if the other

hresholds are used. Data on GDP per capita are obtained from the World

ank, and the full list of low-wage countries is shown in Appendix. 

We deviate slightly from Autor et al. (2013, 2015) as our data

re at the industry-level. We follow the value share approach of
err (2008) , and thus respectively of Goldschlag et al. (2020) , is only 0.36. 

his low correlation coefficient does not give us enough confidence to use 

he Goldschlag et al. (2020) concordance, as 1994 is closest to the 1990–

993 reference years of the concordance by Kerr (2008) , which means that 

err (2008) should be the most accurate. 
21 Ellison et al. (2010) used material input trailers to construct spatial instru- 

ents for input linkages. These data are unfortunately unavailable to us. On 

he other hand, Ellison et al. (2010) did not have data with which to construct 

patial instruments for knowledge spillovers. 
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Table 1 

Descriptive statistics. 

Statistic Mean St. Dev. Min Max 

Coagglomeration 0.0001 0.007 –0.021 0.031 

Labor market pooling 0.289 0.229 0.008 0.954 

Input-output linkages 0.006 0.018 0.000 0.129 

Technological relatedness 1.764 4.160 0.106 36.225 

Patent citations 0.007 0.012 0.00001 0.066 

Note: The number of observations is 155,680. 
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Table 2 

Descriptive statistics - Second stage. 

Statistic Mean St. Dev. Min Median Max 

Import penetration 0.181 0.231 0.00001 0.074 0.917 

Routine employment share 0.212 0.134 0.066 0.165 0.673 

Transportation costs 0.048 0.046 0.001 0.038 0.285 

Notes: We report the independent variables here. The number of observations 

is 1120. 
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ernard et al. (2006) and Bloom et al. (2016) by calculating the im-

ort penetration, namely,  𝑖𝑡 , for industry 𝑖 in year 𝑡 as the share

f imports 𝑀 𝑖𝑡 from low-wage countries present in the total amount of

mports in this industry; i.e. ,  𝑖𝑡 = 𝑀 

Low-wage countries 
𝑖𝑡 

∕ 𝑀 

World 
𝑖𝑡 

.

rade data and concordance tables are obtained from the U.N. Comtrade

atabase. 

This measure simplifies import penetration as it ignores nation-

lly produced and consumed goods. Another popular measure is the

hare of low-wage imports in ‘apparent consumption’, which is de-

ned as the total of imports plus domestic production minus ex-

orts ( Bloom et al., 2016 ). By employing the NBER-CES manufactur-

ng database by Bartelsman and Gray (1996) , we will show that similar

esults hold using this measure. However, we do not prefer this mea-

ure as it has limitations and incomplete industrial coverage (see Ap-

endix A.3.1). 

Technology. We follow Autor and Dorn (2013) and Autor et al.

2013, 2015) in defining technological progress as the decreasing share

f workers performing routine tasks. To this end, we use the IPUMS cen-

us samples created by Ruggles et al. (2018) . 22 The exact definition of

outine task intensity is given in Appendix A.3.2. 

Transport costs of goods. To obtain a proxy for the transport costs

f goods, we employ the BEA’s use tables to calculate the share spent on

ransportation sectors (SIC41-47) of the total use value of an industry 𝑖

n year 𝑡 . Note that the total use ( i.e., demand) value of an industry is

qual to the total make ( i.e., supply) value. We correct for the underes-

imation of transport expenditure due to stronger use of private trucks

n earlier time periods by employing the Commodity Flow Survey (CFS)

see Appendix A.3.3 for details). 

.3. Descriptive statistics 

Determinants of industry agglomeration. Before we report de-

criptives, please note that the data contain some outliers, which are

ue to measurement errors and extreme values. The latter are a result of

.g., strong dependencies in input-output linkages, or in the case of coag-

lomeration, they are due to extremely small industries. For instance, in-

ustry SIC237 (fur goods) had approximately 5,000 employees in 1970

ut only 40 in 2014, which results in extreme coagglomeration values

n the latter year. 

In what follows, we cap outliers for all variables to limit the dispro-

ortionate impact of a few industries by setting values below the 1 st 

ercentile and above the 99 th percentile to the 1 st percentile and 99 th 

ercentile, respectively. 

Table 1 reports the descriptive statistics of the main variables, while

istograms of the variables, as well as the developments over time, are

eported in Appendix A.4. By construction, the mean of the coagglom-

ration index is close to zero. The negative minimum value on labor

arket pooling reveals that some industries, such as SIC241 (logging)

nd SIC372 (aircraft and parts), have a negative correlation in employ-

ent shares per occupation, while industries SIC233 (women’s, misses’,

nd juniors’ outerwear) and SIC231 (men’s and boys’ suits, coats, and
22 We use the same IPUMS census samples as those used for the spatial instru- 

ents. 

t  

a  

b  

c

7 
vercoats) use virtually the same type of workers and therefore have a

orrelation value close to 1. The maximum value on technological re-

atedness indicates that technologies associated with SIC391 (jewelry,

ilverware, and plated ware) and SIC344 (secondary smelting and re-

ning of nonferrous) are 36 times more likely to co-occur on a patent

ompared to a random assignment of technologies to patents. The max-

mum value on patent citations indicates that 6 . 6% of the citations by

atents that are associated, for example, with SIC201 (meat products)

lso cite patents that are associated with SIC356 (general industrial ma-

hinery and equipment). The dissimilarity indices are measured as one

alf of the absolute difference in the share of inputs between industry

 and industry 𝑗. For example, a maximum of 0.341 for the mining dis-

imilarity index indicates that there is an absolute difference of 68.2%

n the share of inputs received from sectors related to mining between

IC201 (meat products) and SIC291 (petroleum refining). 

Figure A2 in Appendix A.4 shows that both the mean of coagglomer-

tion and each of the agglomeration determinants are relatively stable

ver time. Note that the mean of the coagglomeration index per time

eriod in Fig. A2 is not indicative of changes in overall coagglomera-

ion patterns as it is close to zero by construction. The correlation be-

ween the coagglomeration values in 1970 and 2014 is only 0.51, which

trongly suggests that coagglomeration patterns have changed consid-

rably. Furthermore, the variance has decreased by 60% since 1970. As

aggio et al. (2017) show that low-technology industries have more ex-

reme coagglomeration values ( i.e. a larger variance), this outcome is

n line with industries becoming more technology-intensive over time.

ote that the correlation between the values of 1970 and 2014 for la-

or market pooling, input-output linkages, and knowledge spillovers are

.80, 0.62, and 0.98, respectively. 

Trade, technology, and transportation costs. Table 2 gives the de-

criptive statistics of our proxies for trade, technology, and transporta-

ion costs. To limit the effect of outliers, we again cap the outliers. As

e have 140 industries and 8 time periods, the number of observations

s 1,120. 

The mean of import penetration tells us that between 1970 and

014, on average, 18 . 1% of the total imports in an industry originate

rom low-wage countries. SIC376 (guided missiles and space vehicles

nd parts) experiences the lowest (capped) import penetration at 0 . 1% ,

hile the maximum of 91 . 7% is found in, i.a. , SIC302 (rubber and plas-

ics footwear). 

The mean routine employment share indicates that, on average,

1 . 2% of the employees have routine task-intensive jobs, which are sus-

eptible to automation. The lowest shares are found in high-technology

ectors such as SIC357 (computer and office equipment), while high val-

es are found in sectors such as SIC231-239 (apparel and other textile

roducts). 

We show that, on average, 4 . 8% of all expenditures is spent on trans-

ortation and related services. The industries with the lowest expendi-

ure share produce relatively expensive products ( e.g. , SIC372 (aircraft

nd parts)). In contrast, SIC327 (concrete, gypsum, and plaster prod-

cts) spends relatively the most on transportation. 

Because of possible interdependence between trade, technology, and

ransportation costs, we check the correlation between our measures

nd find this value to be rather small. The Pearson correlation is 0.33

etween trade and technology, −0 . 22 between trade and transportation

osts, and −0 . 13 between technology and transportation costs. 
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Fig. 1. Median values of economic developments over time. 
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24 
Fig. 1 plots the median value over time for each of the variables.

s expected, the median import penetration rises over time, while the

hare of workers with routine tasks and the share of expenditure on

ransportation decreases over time. 23 

Our data provide several indications of structural changes in estab-

ishments within industries and their locations that drive changes in co-

gglomeration patterns. When comparing total employment per indus-

ry and MSA between 1970 and 2014, the correlation is only 0.58, which

s in line with the low correlation found in the coagglomeration measure

etween 1970 and 2014. This suggests that large changes did indeed oc-

ur in the industry composition both within and between cities. 

Furthermore, in the data used for robustness checks, we find that the

ean average establishment size across industries in 1970 is approxi-

ately 186 workers, while that in 2014 is reduced to 77 workers; at the

ame time, the R&D expenditure per employee increased from approxi-

ately 3,282 to 13,659 (in 1987 dollars). This is in line with the liter-

ture; Brynjolfsson and Hitt (2000) ; Bernard et al. (2006) ; Holmes and

tevens (2014) ; Bloom et al. (2016) and Pierce and Schott (2016) show

hat larger establishments are more likely to engage in low-skilled stan-

ardized production processes and more likely to close down due to

rade competition and technological change, while surviving establish-

ents become more knowledge and skill intensive. 

. Results 

.1. Step 1: Determinants of industry agglomeration 

The first step in the analysis is to replicate the results by

llison et al. (2010) , Faggio et al. (2017) and Diodato et al. (2018) for

ur data. All the variables have been standardized to have a mean of

ero and a standard deviation of one. As 𝑐𝑜𝑎𝑔𝑔 𝑖𝑗 and 𝑐𝑜𝑎𝑔𝑔 𝑗𝑖 are identi-

al, we cluster the standard errors at the industry pair ( 𝑖𝑗 − 𝑗𝑖 ) by year

evel. We present the results in Table 3 . 

In Column (1), we estimate a naive specification where we only con-

rol for year fixed effects. We find that all proxies have a considerable

ositive effect on coagglomeration. For example, we find that, on av-

rage, a standard deviation increase in labor market pooling increases

oagglomeration by 0.114 standard deviations. In contrast to the results

f Ellison et al. (2010) , which are based on 1987, we find a reverse order

f importance for our pooled 1970–2014 data; i.e. , knowledge spillovers,

s proxied by technological relatedness, is the most important determi-
23 We double-checked the values in 1999 for transportation costs, as the values 

re somewhat higher than those in the preceding years, but we did not observe 

ny peculiarities. Note that we have added year fixed effects to our regressions 

o mitigate average year-based measurement issues. 
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ant of industry agglomeration, followed by labor market pooling and

nput-output linkages. 24 

Column (2) adds dissimilarity measures, which is in line with

aggio et al. (2017) . The results do not materially change, which sug-

ests that either omitted variable bias is not a main issue or that having

imilar input requirements outside manufacturing is not a strong reason

o coagglomerate. 

In Column (3), we present our preferred specification, in which in-

ustry 𝑖 ×year and industry 𝑗×year fixed effects are included to control

or the overall tendency of an industry to coagglomerate. The estimated

oefficient on labor market pooling is significantly larger compared to

hose found in previous specifications. Here, a standard deviation in-

rease in labor market pooling leads to an increase in coagglomeration

f 0.195 of a standard deviation, which is almost twice as large as the

ne found in the previous specification. The coefficient on input-output

inkages is essentially unaffected. By contrast, the coefficient on tech-

ological relatedness is approximately two-thirds the size of that found

n the previous specifications. These results strongly suggest that it is

mportant to control for unobservables at the industry-year level. 

In Column (4), we use patent citations instead of technological re-

atedness as a proxy for knowledge spillovers. The coefficient on patent

itations is less than half of that on technological relatedness shown in

olumn (3). 25 When including both proxies for knowledge spillovers in

olumn (5), the coefficient on patent citations is close to zero, while the

oefficient on technological relatedness remains virtually unchanged.

ence, the technological relatedness measure strongly outperforms that

f patent citations in explaining coagglomeration. 

Column (6) presents the results when input linkages and output link-

ges are included separately. Output linkages appear to be a significantly

tronger determinant of agglomeration than input linkages, while the

oefficients on labor market pooling and technological relatedness are

irtually unchanged. 

In Column (7), we present the omitted variable bias-adjusted esti-

ates, following Oster (2019) . Reassuringly, the coefficients are not

aterially influenced when using this alternative estimation procedure.

nsurprisingly, the standard errors are higher, as this methodology is

ess efficient than OLS. 

The instrumental variable regression results are reported in Column

8) of Table 3 . The agglomeration determinants are instrumented by
We show results by year in Table in Appendix. In 1989, which is the closest 

o 1987, i.e. , the year used in Ellison et al. (2010) , we find that labor market 

ooling is the most important agglomeration force, followed by input-output 

inkages and knowledge spillovers. 
25 Note that Ellison et al. (2010) do not use industry fixed effects and only find 

ignificant positive effects for patent citations using univariate regressions in 

heir 1987 sample. 
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Table 3 

Baseline results. (Dependent variable: coagglomeration of industries 𝑖 and 𝑗) . 

Naive + Dissimilarity + Industry × Patent Tech. rel & Separate input Bias- 2SLS 

specification measures year f.e. citations pat. cit. & output adjusted specification 

(1) (2) (3) (4) (5) (6) (7) (8) 

Labor market pooling 0.114 ∗∗∗ 0.109 ∗∗∗ 0.195 ∗∗∗ 0.236 ∗∗∗ 0.195 ∗∗∗ 0.190 ∗∗∗ 0.148 ∗∗∗ 0.294 ∗∗∗ 

(0.008) (0.008) (0.013) (0.013) (0.013) (0.013) (0.026) ( 0.006 ) 

Input-output linkages 0.077 ∗∗∗ 0.076 ∗∗∗ 0.077 ∗∗∗ 0.090 ∗∗∗ 0.077 ∗∗∗ 0.073 ∗∗∗ 0.061 ∗∗∗ 

(0.009) (0.009) (0.009) (0.009) (0.009) (0.011) (0.003) 

Technological relatedness 0.161 ∗∗∗ 0.159 ∗∗∗ 0.104 ∗∗∗ 0.103 ∗∗∗ 0.099 ∗∗∗ 0.081 ∗∗∗ 0.069 ∗∗∗ 

(0.015) (0.015) (0.016) (0.016) (0.016) (0.025) ( 0.003 ) 

Patent citations 0.051 ∗∗∗ 0.002 

(0.014) (0.013) 

Input linkages 0.048 ∗∗∗ 

(0.006) 

Output linkages 0.063 ∗∗∗ 

(0.007) 

Dissimilarity measures No Yes Yes Yes Yes Yes Yes Yes 

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 

Industry 𝑖 × year fixed effects No No Yes Yes Yes Yes Yes Yes 

Industry 𝑗 × year fixed effects No No Yes Yes Yes Yes Yes Yes 

Observations 155,680 155,680 155,680 155,680 155,680 155,680 155,680 155,680 

R 2 0.067 0.07 0.116 0.11 0.116 0.116 

R 2 max 0.151 

𝛿 1 

Kleibergen-Paap F -statistic 2632.19 

Notes : Standard errors are clustered at the industry 𝑖𝑗 − 𝑗𝑖 level and in parentheses. Instrumented variables are indicated in bold; ∗ ∗ ∗ 𝑝 < . 01 , 
∗ ∗ 𝑝 < . 5 , ∗ 𝑝 < . 10 . 

Table 4 

First stage results (step 1). 

Dependent 

variable: 

Labor market Technological 

pooling relatedness 

(1) (2) 

Labor market pooling 0.718 ∗∗∗ 0.010 ∗∗∗ 

(spatial instrument) (0.010) (0.002) 

Input-output linkages 0.064 ∗∗∗ - 0.001 

(0.005) (0.001) 

Technological relatedness 0.129 ∗∗∗ 0.983 ∗∗∗ 

(spatial instrument) (0.008) (0.003) 

Dissimilarity measures Yes Yes 

Industry 𝑖 × year fixed effects Yes Yes 

Industry 𝑗 × year fixed effects Yes Yes 

Observations 155,680 155,680 

R 2 0.758 0.982 

Notes : Standard errors are clustered at the industry 𝑖𝑗 − 𝑗𝑖 
level and in parentheses; ∗ ∗ ∗ 𝑝 < . 01 , ∗ ∗ 𝑝 < . 5 , ∗ 𝑝 < . 10 . 
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26 Note that the suggestion by Moretti (2012) that labor market pooling has 

become more important is based on the “thickness ” of the labor market, while 

coagglomeration analyses look at the importance of each force through the rel- 

ative shares of industries within cities. Hence, coagglomeration in a small MSA 

counts the same as that in a large MSA. Therefore, the results herein cannot 

be interpreted as implying that larger labor markets do not matter more than 

smaller ones; rather, they suggest that labor market pooling has become a less 

important determinant of coagglomeration. Furthermore, the decreasing impor- 

tance of labor market pooling may not be contradictory to the results of Diodato 

et al. (2018) , as a close inspection of Figure 6 in their work reveals the possibil- 

ity of a decrease in labor market pooling since 1970; however, the presence of 

large standard errors prevents definite conclusions. 
alues taken from areas where the latter industry is either not or hardly

resent. Recall that we do not have access to data with which to con-

truct an instrument for input-output linkages; therefore, we only in-

trument for labor market pooling and knowledge spillovers. The first

tage results are reported in Table 4 . The coefficient on the spatial

nstrument of labor market pooling shown in Column (1) shows that

 standard deviation increase in the instrument is associated with a

.718 standard deviation increase in labor market pooling. Regarding

he spatial instrument for technological relatedness shown in Column

2), the effect is almost equal to one. By looking at the Kleibergen-

aap F -statistic in Table 3 , we can confirm that the instruments are

trong. 

Going back to the second-stage results in Column (8) of Table 3 , we

nd a significantly higher coefficient for labor market pooling, which is

n line with Ellison et al. (2010) . By contrast, the coefficient on techno-

ogical relatedness is somewhat lower. 

.2. Step 2: Changes in agglomeration determinants 

Thus far, we have estimated the average of the coefficients between

970 and 2014. However, we are particularly interested in how the

eterminants of agglomeration have changed over time. Therefore, we
9 
stimate year-specific coefficients for each agglomeration determinant.

he estimated coefficients for each Marshallian determinant are plot-

ed over time in Fig. 2 , while the full regression results are shown in

ppendix B.2. 

The graphs show a clear and more or less steady decline in labor mar-

et pooling and input-output linkages as determinants of agglomeration,

hereas knowledge spillovers are shown to be relatively stable until

994 and then significantly increase. This positive trend in knowledge

pillovers is strong evidence that firms aim to increase their geograph-

cal proximity to share ideas, despite improvements in communication

echnologies (see Rodríguez-Pose and Crescenzi, 2008; McCann, 2008;

laeser, 2011; Moretti, 2012; Balland et al., 2020 ). 

The decrease in labor market pooling is surprising as it is not in

ine with Moretti (2012) and Diodato et al. (2018) . 26 By contrast, our

esults are in line with Faggio et al. (2017) , who suggest that a shift

owards more high-technology/high-education industries will lead to

ot only a decrease in labor market pooling and input-output linkages

ut also an increase in knowledge spillovers because production is less

tandardized. However, Section 4.4 will show that the decrease in input-

utput linkages cannot be explained by the increase in technology and

kill intensity. 

.3. Robustness of Step 1 and 2 

Constant definition of agglomeration determinants. Our results

re robust regarding several different specifications. A concern may be



M.P.A. Steijn, H.R.A. Koster and F.G. Van Oort Journal of Urban Economics xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: YJUEC [m5GeSdc; May 10, 2022;13:33 ] 

Fig. 2. Estimated coefficient per agglomeration determinant over time Note: The shaded areas indicate 95% confidence bands. 
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Table 5 

Descriptive statistics - Second stage. 

Statistic Mean Median St.Dev. Min Max 

�̂� 0.157 0.111 0.281 −0 . 476 1.199 

𝛽 0.066 0.034 0.129 −0 . 180 0.575 

�̂� 0.255 0.095 0.570 −0 . 946 2.624 

Notes : We report the estimated dependent variables here. �̂�, 𝛽, and �̂� are 

the coefficients obtained in the first stage on, respectively, labor market 

pooling, input-output linkages, and technological relatedness. The number 

of observations is 1120. 
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hat the trends in the Marshallian proxies found are driven by changes

n the measurement quality of the proxies over time. 

To test whether this alternative explanation is important, in Ap-

endix B.1.1, we hold all variables, except coagglomeration, constant

t their 1994 values and reproduce the main regressions. We choose

994, as this year is in the middle of our time period and the origi-

al data from 1994 use SIC 87 classifications, which reduces the risk of

oncordance errors. 

These tests show similar results over time, which indicates that the

esults are not driven by changes in variable definitions or the exact

easurement of independent variables. 27 

Industry-pair fixed effects. We also consider the inclusion of

ndustry-pair fixed effects. Including these effects implies that we solely

ely on temporal variation in coagglomeration and agglomeration deter-

inants to identify the effects of interest. However, industry-pair fixed

ffects also amplify measurement error in the agglomeration measures,

s there is clearly more measurement error in the variables within indus-

ry pairs than in those between industry pairs. Hence, our estimates are

xpected to be biased towards zero. 

We report the results with industry-pair fixed effects in Ap-

endix B.1.2. The inclusion of these fixed effects captures most of the

ariation, as suggested by the 𝑅 

2 of over 0.7. Nonetheless, labor market

ooling is positive and significant in both columns, whereas the effects

f the other agglomeration forces are positive but statistically insignifi-

ant. The coefficients on the time trends have the expected sign but are

ot statistically significant. Hence, despite the presence of large standard

rrors, the coefficients seem to confirm the findings with industry-by-

ear fixed effects. 

Coagglomeration at the county level. In Appendix, we show that

imilar results hold at a more refined geographical level. More specifi-

ally, we calculate the coagglomeration index at the county level instead

f at the MSA level, which leads to very comparable results. 

Weighted regressions. The baseline results present the results for

he average industry pair. However, industries vary greatly in size. In

ppendix B.1.4, we reproduce the main results using weighted regres-

ions in which we weight observations by the log of employees, number

f establishments, and value added. Because the results would be en-

irely driven by a few very large industries, we take the log instead of

eighting by the levels of industry size. We find that the weighted re-

ults are not statistically significantly different from those of the baseline

egressions. 

Two-way clustering of standard errors. In Appendix B.1.5, we re-

roduce the main results using two-way clustering by industry 𝑖 and

ndustry 𝑗 instead of clustering at the industry pair ( 𝑖𝑗 - 𝑗𝑖 ) level. Unsur-

risingly, these results show the same coefficients but standard errors
27 We obtain similar results when using 1970 or 2014 instead of 1994. 
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10 
hat are considerably larger than those seen in the main results. Still, all

he coefficients remain statistically significant. 

Dealing with outliers. In the baseline results, we have capped the

alues of the dependent and independent variables to the 1 st percentile

r the 99 th percentile. This threshold is obviously somewhat arbitrary.

n Appendix, we show that the results are largely robust when extreme

bservations are dropped and different thresholds are chosen. 

.4. Step 3: Exploring industry-level and temporal heterogeneity 

In this section, we explore industry-year-level heterogeneity and in-

estigate whether our measures for trade, technology, and transporta-

ion costs are associated with the (trends in the) importance of agglom-

ration determinants. In the first step, we obtain industry-year specific-

oefficients for each of the determinants of agglomeration (see Eq. (4) ).

able 5 reports the descriptive statistics of the industry-year-specific co-

fficients, and Fig. 3 shows histograms. As described previously, we limit

he effect of outliers by capping these to the 1 st percentile or the 99 th 

ercentile. As we have 140 industries and 8 time periods, the number

f observations is 1,120. 

Recall that the variables in the first step are standardized to have a

ean value of 0 and a standard deviation of 1. As such, the mean value

f the coefficient on labor market pooling �̂� indicates that an increase

f one standard deviation in the extent to which labor can be pooled

s associated with an increase in coagglomeration of 0.157 of a stan-

ard deviation. The means of the other coefficients, i.e. , input-output

inkages 𝛽 and technological relatedness �̂�, also show that on average,

ndustries have a positive appreciation for the respective agglomeration

eterminants. Still, 23 . 6% , 27 . 1% , and 30 . 4% of the values of �̂�, 𝛽, and

̂ , respectively, are negative, although only very few of these estimates

re statistically significant. We find some negative and significant labor

arket pooling effects for relatively skilled industries, such as SIC366

communications equipment), where labor poaching may be a concern.

Each of the industry-year-specific coefficients is regressed on proxies

or trade, technology, and transportation costs (see Eq. (5) ). For each of
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Fig. 3. Histograms of the estimated coefficients obtained in the first step. 

Table 6 

Trade, technology, and transportation costs results. 

Labor market pooling Input-output linkages Technological relatedness 

Dependent variable: �̂� 𝛽 �̂�

OLS Bias-adj. 2SLS OLS Bias-adj. 2SLS OLS Bias-adj. 2SLS 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Import penetration –0.042 ∗∗∗ –0.057 ∗∗∗ –0.051 ∗∗∗ –0.019 ∗∗∗ –0.008 –0.017 ∗ 0.022 ∗ 0.049 ∗∗ 0.023 

(0.008) (0.009) ( 0.014 ) (0.007) (0.009) ( 0.010 ) (0.013) (0.021) ( 0.021 ) 

Routine employment share 0.105 ∗∗∗ 0.142 ∗∗∗ 0.128 ∗∗∗ –0.002 0.009 –0.001 –0.049 ∗∗∗ –0.090 –0.053 ∗∗ 

(0.014) (0.020) ( 0.016 ) (0.009) (0.008) ( 0.011 ) (0.016) (0.118) ( 0.021 ) 

Transportation costs –0.001 –0.001 0.013 

(0.008) (0.009) ( 0.014 ) 

Value of a ton in 1970 (log) 0.004 

(0.004) 

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Extra controls No Yes No No Yes No No Yes No 

Observations 1120 1120 1120 1120 1120 1120 1120 1120 1120 

R 2 0.133 0.045 0.028 

R 2 max 0.172 0.059 0.036 

𝛿 1 1 1 

Kleibergen-Paap F -statistic 112.73 16.15 118.24 

Notes : independent variables are standardized to have a mean value of 0 and a standard deviation of 1. Standard errors are bootstrapped. 

Instrumented variables are indicated in bold. Extra controls consist of the natural logarithm of the average establishment size and the 

capital labor ratio. A dummy variable is added to indicate missing data in the CFS on the instrumental variable value of a ton for 

industries belonging to SIC27 but its coefficient is not reported in the table; ∗ ∗ ∗ 𝑝 < 0 . 01 , ∗ ∗ 𝑝 < 0 . 5 , ∗ 𝑝 < 0 . 10 . 
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28 We compare a regression without controls to a regression with additional 

controls, i.e. , the natural logarithm of the average establishment size and the 

capital-labor ratio, to observe movements in coefficient size and 𝑅 

2 , while the 

𝑅 

2 
max is estimated to be 0.172. Recall that these extra controls can be seen as 

proxy controls since they are partly capturing omitted variables but also partly 

capturing the effect of trade and technological progress (see Angrist and Pis- 

chke, 2008 ). This procedure is therefore expected to provide a lower bound of 

the true effects of the variables of interest. 
he coefficients on Marshall’s agglomeration determinants, Table 6 re-

orts the estimates from an OLS regression, bias-adjusted estimates, and

stimates relying on instrumental variables. The independent variables

re again standardized to have a mean of 0 and a standard deviation of

, whereas the dependent variables are taken as they are since these are

erived from regressions with standardized variables. Standard errors

re obtained through bootstrapping. 

Column (1) reports the OLS results for the coefficient on labor market

ooling ( ̂𝛼); an increase of a standard deviation in import penetration is

ssociated with a decrease of 0.042 in the size of the coefficient on labor

arket pooling. As the median coefficient on labor market pooling is

.111, a standard deviation increase in import penetration is associated

ith a decrease in labor market pooling of approximately 38% of the

edian. A standard deviation increase in routine employment share is

ssociated with an increase of 0.105, which is almost equal to 100%
f the median coefficient on labor market pooling. Hence, the effects

re sizable and suggest that industries facing little trade competition

nd those with highly routinized job tasks benefit more from a common

abor market pool. The reduction in the number of routine task-intensive

obs due to technological progress and the rise in import penetration

omplement each other and can explain the decreasing trend in labor

arket pooling. 

Column (2) presents the results of the same specification with the

nclusion of the omitted variable bias-adjusted approach proposed by
11 
ster (2019) . 28 The results confirm those shown in the previous column.

olumn (3) presents the 2SLS results. For import penetration, we use

he import penetration of other high-wage countries as an instrument,

hile we use the routine employment share calculated for areas in which

ndustries do not coagglomerate to make use of a common labor pool as

n instrument for the routine employment share. The first-stage results

how plausible signs and are reported in Appendix B.3.6; they are also

ery similar to those shown in Column (1). 

Column (4) of Table 6 focuses on input-output linkages. It shows

hat import penetration is negatively and significantly associated with

nput-output linkages. A standard deviation increase in trade competi-

ion is associated with a considerable decrease of 56% of the median

oefficient on input-output linkages. The coefficient on routine employ-

ent share is close to zero and highly statistically insignificant. Perhaps

ore surprisingly, this also holds for the coefficient on transportation
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osts of goods. 29 In Column (5), we add extra controls and estimate bias-

djusted coefficients, following Oster (2019) . In this specification, none

f the coefficients are statistically significant; however, they are also not

ignificantly different from the OLS results given in the previous column.

The 2SLS results are reported in Column (6); we use the same instru-

ents as those used before for trade and technology. For transportation

osts, we use the natural logarithm of the average value of a ton as an

nstrument. We control for the value of a ton in 1970, which mitigates

he issue of omitted variable bias, as the value of a ton also captures the

omplexity of a product. The coefficient on transportation cost is larger

nd positive when instrumented but is not statistically significantly dif-

erent from the one given in the OLS results. 

Hence, the results unequivocally suggest that the ‘pure’ transporta-

ion costs of goods are not a relevant factor in coagglomerating with

uppliers or customers, which is contradictory to the expectations of

laeser and Kohlhase (2004) and Diodato et al. (2018) . However, total

rade costs consist of much more than only the ‘physical’ transportation

osts of goods ( Glaeser and Kohlhase, 2004 ). For instance, McCann and

ingleton (1996) and Duranton and Storper (2008) show that face-to-

ace contact and coordination are also important in sustaining input-

utput linkages. 

By contrast, we show that import penetration reduces the demand

or input-output linkages. We provide suggestive evidence in Appendix

hat localized input linkages are replaced by input linkages with low-

age countries, as trade competition for input negatively affects input

inkages while it is positively associated with output linkages (although

he coefficients are imprecise). 

The decline in input-output linkages cannot be explained by indus-

ries becoming more technology and skill intensive (see Faggio et al.,

017 ), as other industry characteristics closely related to industry skill

nd technology levels are unrelated to input-output linkages (see Ap-

endix B.3.1). 

Column (7) in Table 6 explores whether the importance of knowl-

dge spillovers can be linked to changes in trade and technology. Im-

ort penetration is positively associated with the intensity of knowledge

pillovers. According to Column (7) the effect is approximately 23% of

he median coefficient on technological relatedness (which is equal to

.095). By contrast, the routine employment share shows a negative as-

ociation of approximately 52% of the median coefficient. This suggests

hat the increases in import penetration and ongoing computerization

hat have led to more innovative skill technology-intensive manufac-

uring establishments have also raised the need to coagglomerate in

roximity to establishments that use similar technologies. This is likely

ue to the increased relevance of new ideas in the production process

nd the need to meet face-to-face to exchange ideas (see Holmes and

tevens, 2014; Storper and Venables, 2004 ). Column (8), which displays

ias-adjusted results, shows stronger but not significantly different co-

fficients. The 2SLS results in Column (9) show very similar results as

hose found in the bias-adjusted estimates. 

All in all, the results presented in this section indicate a complemen-

ary impact of increasing import competition and decreasing routiniza-

ion of labor tasks on labor market pooling and knowledge spillovers.

hile input-output linkages seem unaffected by the decrease in the pure

ransportation costs of goods, the increase in import competition does

eem to have a negative effect. 

.5. Robustness of Step 3 

In Appendix B.3.1, we further investigate the robustness of the re-

ults by showing (i) the effects of the transportation costs of goods on

abor market pooling and knowledge spillovers, (ii) the effects of the
29 One may argue that by controlling for the dissimilarity variable capturing 

ransport inputs in the first stage, the coefficient of transport costs may be re- 

uced. Thus, we have estimated regressions in which we excluded the transport 

issimilarity measure in the first stage, which led to nearly identical results. 

s  

c  

a  

o  

k  

12 
ontrol variables ( i.e. , average establishment size and the capital-labor

atio) used in the bias-adjusted estimation procedure, and (iii) the effects

f increased R&D expenditure and skill intensity (following Bloom et al.,

016 and Pierce and Schott, 2016 ), which are closely associated to trade

ompetition and technological progress. The results show that the main

esults are robust to these specifications. We further find evidence that

he decreasing importance of labor market pooling and the increasing

mportance of knowledge spillovers are both likely related to the rise

f the high technology/high education firms, as R&D expenditures are

trongly associated with labor market pooling and knowledge spillovers.

y contrast, none of the additional industry characteristics capturing

echnology and skill levels are statistically significantly associated with

nput-output linkages. 

Further, in the main results in Table 6 , we attach equal

eight to each industry-by-year observation. By contrast, Faggio

t al. (2020) weight each observation by the inverse of the standard de-

iation of the coefficient obtained in the first step. The results reported

n Appendix B.3.2 are largely similar. 

In Appendix B.3.3, we employ an alternative measure of import pen-

tration, namely, the imports from low-wage countries divided over the

o-called apparent consumption in the U.S. The apparent consumption

s equal to domestic production minus exports plus imports. The results

re not significantly different from our main results shown in Table 6 .

his demonstrates that there is no issue in using the value share mea-

ure, for which more data and instruments are available. 

Appendix B.3.4 shows similar effects if we estimate everything in

ne step instead of using our proposed two-stage approach (recall the

qs. (4) and (5) ); the signs on the coefficients all point in the same

irection, with only minor differences in significance levels and effect

izes. 

Finally, in Appendix B.3.5, we further explore the results on input-

utput linkages when (i) using the value of a ton as a proxy for trans-

ortation costs instead of as an instrument, (ii) using the import penetra-

ion within sectors from which inputs are obtained instead of the import

enetration within each sector itself, and (iii) calculating separate coef-

cients for input linkages and output linkages using these variables as

eparate dependent variables in the second step. The results are simi-

ar to the main results and provide further evidence that the decrease in

ransportation costs of goods is not a relevant factor in explaining input-

utput linkages. By contrast, import competition within both producing

ndustries and supplying industries influences input linkages. 

. Conclusion 

In the last 50 years, the economy has undergone large and funda-

ental changes due to more intense trade competition, technological

rogress, and reductions in the transportation costs of goods. There

s abundant evidence that these developments have resulted in large

hanges in agglomeration patterns . In this paper, we assess changes in ag-

lomeration determinants over time and explore whether industry-year-

evel heterogeneity can be explained by changes in trade competition,

echnological progress and reductions in transport costs. 

Using an alternative proxy for knowledge spillovers, we find that

etween 1970 and 2014, knowledge spillovers became more important.

his is strong evidence that geographical proximity is becoming more

elevant for exchanging ideas, despite the presence of strong improve-

ents in communication technologies. On the other hand, we find that

abor market pooling and input-output linkages have become less im-

ortant agglomeration determinants. 

Furthermore, we show that trade competition and technological

rogress are strongly related to labor market pooling and knowledge

pillovers. These results suggest that the computer revolution and trade

ompetition, which led to less standardized, less vertically integrated

nd more knowledge-intensive establishments, altered the composition

f industries and therefore the relevance of labor market pooling and

nowledge spillovers in explaining agglomeration. Maybe surprisingly,
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e do not find that the transportation costs of goods are associated with

nput-output linkages. On the other hand, we do find a negative effect

f increasing trade competition. We present suggestive evidence that

his outcome is likely due to the import substitution of local inputs in

nput-output linkages. 

Our study opens up avenues for further research. First, future stud-

es could look more closely into the heterogeneity of the agglomeration

enefits of establishments within industries, related to e.g. , the skill and

apital-intensity of the establishments. Second, we note that the current

ramework overlooks the effects of agglomeration size; this is because

he coagglomeration index is a relative measure. 30 Third, the two-step

ethodology introduced to explain changes in the determinants of ag-

lomeration could be expanded to include various other industrial or

egional characteristics. Fourth, a more obvious step forward would be

o include measures of knowledge spillovers in the services industry. Fi-

ally, we note that Duranton and Puga (2004) distinguish between shar-

ng, matching, and learning, rather than use Marshall’s categorization.

hile Duranton and Puga’s categorization may be conceptually more

ntuitive, to date, it has not been possible to develop meaningful empir-

cal metrics for this categorization approach. Thus, future research could

im to find meaningful proxies for sharing, matching, and learning. 

upplementary material 

The National Industry-Occupation Employment Matrix gives the

hare of workers per job occupation in each industry. These matrices

re essential in calculating a proxy for the extent to which industries can

hare workers in coagglomeration studies focussed on the U.S.A.. such

s ‘The Dynamics of Industry Agglomeration: Evidence from 44 years

f Coagglomeration Patterns’. However, the Bureau of Labor Statistics

BLS) only has the data since around 1989 online. But the original 1981

eport of the BLS with the data for 1970, 1978 and a projection for

990 was available in printed form and was scanned and put online by

RASER, see here. By using Optical Character Recognition (OCR) and

atascraping techniques in R, among others the R package ‘Tabulizer’,

 managed to gather the data in this document. Note that I manually

orrected wrongly recognized characters, which were relatively easy to

nd as totals should add up to 100%. This dataset was used for the labor

arket pooling measure in the years 1970/1971 and 1977/1978. Please

ite the paper when using the data. 

Supplementary material associated with this article can be found, in

he online version, at doi: 10.1016/j.jue.2022.103456 . 
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